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10.

Propositions belonging to the

GENETIC AND ENVIRONMENTAL DETERMINANTS
OF CARDIOMETABOLIC HEALTH

Metabolic alterations are already present in persons without diabetes mellitus
and their detection can serve to better understand biological mechanisms of the
disease as well as to identify persons at risk. (this thesis)

Sleep-associated cardiovascular risk is influenced by obesity and sleep apnea.
(this thesis)

The underlying biological mechanisms of short- and long-sleep-associated
cardiovascular risk are different. (this thesis)

Individuals with a high genetic risk of cardiovascular disease may still benefit from
a healthier lifestyle. (this thesis)

The focus of metabolomic studies has shifted from cataloguing chemical
structures to finding biological stories. (Baker, Nat Methods, 2011)

Mendelian randomization studies may prevent unnecessary clinical trials.
(Ference, JAMA, 2017)

It is important to understand which ‘at-risk' individuals are most likely to progress
to overt disease. (Wang et al., Nat Med, 2011)

Comprehensive integration of multidimensional omics data can effectively capture
a holistic view of pathogenic mechanisms. (Arneson, Front Cardiovasc Med, 2017)

The key to success is to never stop learning: “The more | live, the more | learn. The
more | learn, the more | realize, the less | know." (Michel Legrand, 1954)

When performing research, always follow the data: “A man should look for what
is, and not for what he thinks should be." (Albert Einstein, 1879-1955)
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General introduction and thesis outline

INTRODUCTION

The science of medicine is one of the oldest areas of science and has been proven
to be very successful. Because of better hygiene, improved treatment options and
vaccinations, numerous early deaths have been prevented, thereby greatly increasing
our overall survival. As a consequence, our life expectancy has greatly increased.
However, because of this increased life expectancy, the world's population is ageing
and virtually every country experiences a growth in the proportion of older individuals
in their population. In line, the prevalence of age-related diseases has greatly increased
and is expected to increase as the population keeps on aging®. Although improved
cardiovascular risk management (serum cholesterol, blood pressure, smoking, diet) has
reduced early deaths due to cardiovascular disease (CVD), CVD remains the leading
cause of death of older adults in many developed as well as developing countries
and accounted for a total of 17.9 million deaths in 2015% 3. Moreover, a steep increase is
seen in the prevalence of type 2 diabetes mellitus. The global prevalence of diabetes
mellitus has risen from 108 million individuals (4.7%) in 1980 to 422 million individuals
(8.5%) in 20144 Diabetes is one of the major causes for cardiovascular diseases, stroke
and kidney failure. Cardiometabolic health and cardiometabolic diseases are terms
to describe cardiovascular and metabolic diseases, such as type 2 diabetes mellitus
and the metabolic syndrome. Given the public health significance of understanding
cardiometabolic diseases, research focusing on a better understanding of causal
determinants is of importance.

Obesity is a key risk factor for cardiometabolic diseases. In a few decades, the prevalence
of obesity has doubled and this number is expected to further increase. Obesity is just
one of the many causes that may lead to cardiometabolic disorders. Many other factors,
including age, sex, hormonal-, genetic- and environmental factors jointly determine the
individual risk of developing cardiometabolic disorders®. For example, non-modifiable
factors such as family history and ethnicity all determine metabolic health. Next to
these non-modifiable risk factors, modifiable factors such as smoking, physical activity
and nutrition all have their own effect on metabolic health as well. Moreover, nearly
all diseases result from a complex interaction between an individual's genetic make-
up and the environmental factors that one is exposed to. Given the public health
significance of understanding cardiometabolic diseases, research focusing on a better
understanding of causal determinants is pivotal. Moreover, a better understanding of
the interrelations of these risk factors may improve research focused on preventive and
treatment strategies for cardiometabolic disorders. Therefore, the aim of this thesis is
to study the interplay of non-modifiable (genetic) risk and modifiable lifestyle factors
(e.g. sleep, nutrition, physical activity) on cardiometabolic health. In this thesis, several
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Chapter 1

possible and established risk factors for cardiometabolic disorders will be studied
and the causal effects of these factors will be explored. This thesis thereby aims to
contribute to a better understanding of determinants of cardiometabolic health in order
to decrease the burden of cardiometabolic disorders and age-related diseases on the
patient and the society.

Figure 1. The causal pie model: Component causes A-E add up to the sufficient causes I-lIl. Every
sufficient cause consists of different component causes. If and only if all the component causes
that constitute the causal pie of a sufficient cause are present, does the sufficient cause exist
and does the outcome occur. Hence, the effect of a component cause depends on the presence
of its complementary component causes, that is, its complementary set. |, I, and Il can be
sufficient causes for the same outcome, or for different outcomes, in which case the outcomes
are correlated through the component causes. Adapted from Wensink (2014)°.

Epidemiology and the causal pie model

The study of epidemiology is mainly focussed on determining causes of specific health
outcomes and diseases in defined populations. Epidemiology is the cornerstone of
public health and is important in shaping policy decisions and evidence-based practices.
This field is aimed at identifying risk factors for disease and targets for preventive or
curative healthcare. In order to have a better grasp of the idea of causality, the ‘causal pie
model' of Rothman is a general model widely used in epidemiology®. To cite Rothman:
‘the lights at home shine because they each have a light bulb, there is wire to the light
bulbs, the switches are on, there is a power grid, and there is a power source. Take
any of these factors away, and there is no light: The system contains 500% causality,
for all five factors are 100% causative for the shining of the light. There is no limit to
the sum of causes for some outcome". In Figure 1, the causal pie model of Rothman
is depicted. In this model, a sufficient cause is a constellation of component causes.
The combination of these component causes reflects the causal pie, which leads to a
specific outcome. Each component cause can be part of more than one causal pie. In
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order for the outcome to occur, all the components that make up the causal pie have to
be present. Therefore, the effect of a component cause depends on the presence of the
other component causes, which are called complementary component causes. In the
case of cardiometabolic health, a sufficient cause can be something as the occurrence
of a cardiovascular event. Several component causes make up the causal pie for this
outcome, for example, presence of obesity and a high cholesterol level. Moreover, these
component causes can be part of other causal pies, such as one for type 2 diabetes
mellitus onset (e.g. obesity). In the light of the causal pie model, it is of interest to study
which component causes make up a causal pie for a specific cardiometabolic health
related outcome.

Lifestyle factors

Lifestyle is @ major contributor to risk for the development of cardiometabolic diseases.
Besides smoking, the most well-known and established risk factors for cardiometabolic
disease are excess caloric intake due to overeating, and a lack of physical activity® As
a result of this disbalance between the intake of energy and the expenditure of energy,
we eventually will gain weights & During the past decade, sleep has emerged as another
lifestyle factor that may contribute to the risk of cardiometabolic disease onset. Sleep is
an essential homeostatistically regulated state in which there is decreased activity and
alertness?. Sleep, or a sleep-like state, is observed across different animal species® . Despite
extensive studies, the exact mechanistic aspects of sleep are not very well understood. Even
less well understood is the association of different aspects of sleep with cardiometabolic
health. In several studies, it has been observed that both short and long total sleep duration
were associated with a higher risk of obesity, insulin resistance, and diabetes mellitus 4.
However, other studies reported only short sleep duration and not long sleep duration to be
associated with a higher risk of obesity and metabolic syndrome 6, Therefore, further study
in the field of sleep and cardiometabolic diseases is warranted. Furthermore, insights in the
potential biological mechanisms linking disturbances in habitual sleep and cardiometabolic
outcomes are warranted to promote further research in prevention and treatment strategies
in individuals with disturbed sleep patterns.

Thyroid hormone metabolism

Next to lifestyle factors and genetic predisposition, it is increasingly recognized that
endocrine disorders affect cardiometabolic health. Among these are (subclinical)
hypothyroidism and hyperthyroidism, which are characterised by a deficit or excess of
thyroid hormones. Thyroid hormones act on nearly every cell in the body and thereby
exert a wide range of functions. The concentration of thyroid hormones in the circulation
is tightly regulated by the hypothalamic pituitary-thyroid axis. Thyrotropin-releasing
hormone, secreted by the hypothalamus, regulates synthesis and release of thyroid-
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stimulating hormone (TSH) from the pituitary gland, which stimulates the production and
secretion of the thyroid hormones by the thyroid gland. Via a classical feedback loop,
thyroid hormones inhibit the production of hypothalamic thyrotropin-releasing hormone
and pituitary TSH. In target tissues, type 1 and 2 deiodinases convert the prohormone
thyroxine into the active hormone triiodothyronine, while type 3 deiodinase converts
thyroxine into inactive reverse triiodothyronine® 8, Increasing evidence suggests the
existence of an association between thyroid function and cardiometabolic diseases,
including atrial and ventricular arrhythmias, atherosclerotic vascular disease, dyslipidemia,
and heart failure. In addition, several studies have reported that subclinical hypothyroidism
is related to insulin resistance and type 2 diabetes mellitus®. However, evidence regarding
the causal effect of thyroid hormones on cardiometabolic diseases is lacking.

Genetic epidemiology

The field of genetic epidemiology focusses on the role of genetic factors, and the interplay
with environmental factors, in determining health and disease status in populations.
Genetic epidemiology thereby seeks to derive a statistical and quantitative analysis on
how genetics work in large populations. Genome-wide association studies have been
performed to discover genetic variations, single nucleotide polymorphisms (SNPs), without
a predefined hypothesis, that are associated with disease traits. A considerable part of the
risk of cardiometabolic diseases has a genetic basis. In relation to cardiometabolic disease
and human longevity, the top associated SNPs are in the APOE gene. Candidate gene
studies and GWAS found that genetic variation in APOE is robustly associated with multiple
cardiometabolic diseases and age-related phenotypes? 2. Apolipoprotein E (ApoE) is an
apolipoprotein that plays an important role in triglyceride and cholesterol metabolism.
Especially the ApoE g4 isoform has been associated with mortality, Alzheimer's disease
and cardiovascular disease, as compared to the ‘neutral’ ApoE €3 isoform??. There are,
however, large differences in the deleterious effects of the ApoE &4 isoform between
ancestries and populations. One explanation may be the differences in environmental
and lifestyle factors between these populations. Nearly all diseases result from a complex
interaction between an individual's genetic make-up and the environmental factors
that one is exposed to. However, differences in the response to a certain environmental
factor may occur in the presence of different genotypes. As a result, some individuals
may possess a low risk for developing a certain disease though the exposure to an
environmental factor, while other may be more vulnerable. An example of a so called
gene-environment interaction, is the higher incidence of skin cancer among fair-skinned
individuals as compared to darker skinned individuals as a result to sunlight exposure.
In short, two different genotypes respond to an environmental factor in a different way.
In relation to the causal pie model, it can therefore be stated that the size of a specific
component is not fixed and can differ based on the presence of other component causes.
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In the case of a gene-environment interaction, for example, the size of a component
(e.g. genetic) can alter based on the presence of a certain environmental factor thereby
more rapidly filling the causal pie. In this respect, poor nutrition and physical inactivity
are two important lifestyle factors that have been associated with increased risks for
Alzheimer's disease and cardiometabolic diseases. It has been hypothesized, that these
lifestyle factors may interact with genetic variation in the APOE gene thereby altering the
risk for disease onset. Therefore, studies focussing on genetic variation in APOE and the
interaction with lifestyle factors on the risk of cardiometabolic diseases are of importance.

Causal inference and Mendelian Randomization

In general, the study of epidemiology is viewed as a collection of statistical tools used to
elucidate associations of exposures to health and disease outcomes. However, a deeper
understanding of this science is that of discovering of causal relationships between
exposures and outcomes. Therefore, a key term is causal inference. An association or
correlation between two variables may be necessary, but is not sufficient for causal
inference, notably that one variable causes the other. If a causal variable can be identified and
controlled, the disease outcome can be avoided. One method used to ascertain causality
of observational associations, free of confounding and reverse causality, is Mendelian
randomization 2 24(Figure 2). Mendelian randomization is based on Mendel's second law,
the law of independent assortment, which states that germline genetic variation is subject
to the random allocation of alleles at conception. This method uses genetic variants,
SNPs, as instrumental variable for the exposure of interest?. This instrumental variable
is associated with the exposure, but not with the outcome of interest, except through its
association with the exposure. Since the association between the genetic variants and the
clinical outcome of interest are generally independent of environmental or behavioural
factors, these SNPs can be used to avoid possible confounding or reverse causality and
thereby enable to study the causal effect of an exposure of interest on an outcome.

» Confounder (U) \
/ \

/ \
// \\
K/ \4
Genotype (G) ———— > Exposure (X) ——— > Disease (Y)
4\\ /l

~— N

Figure 2. The design of Mendelian randomization: the genotype is associated with the exposure,
the genotype is independent of confounders and the genotype is associated with the outcome,
but only through the exposure of interest.
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OUTLINE OF THIS THESIS

In this thesis, we will focus on the interplay between non-modifiable factors
(genetics) and modifiable lifestyle factors (e.g. sleep, nutrition, physical activity)
with cardiometabolic health. In Chapter 2, we aimed to identify early metabolic
biomarkers that associate with insulin resistance in non-diabetic individuals and to
what extend those biomarkers were associated with diabetes mellitus. This study
has been performed in the Leiden Longevity Study, a study of long-lived families of
Caucasian origin and the findings were validated in the Netherlands Epidemiology of
Obesity (NEO) study. The NEO study is a population-based cohort study in overweight
and obese middle-aged individuals from the Leiden region in The Netherlands. Next,
we will focus on lifestyle factors. Since sleep is an important lifestyle factor in regard
to cardiometabolic health, the following three chapters will be focused around sleep.
The first two studies of this section have been performed in the NEO study. First, we
will address the association between sleep duration and sleep quality with blood
lipid levels and hepatic lipid content in Chapter 3.1. In Chapter 3.2, the focus will be
on sleep duration and sleep quality with insulin resistance. From this chapter on, we
will also focus on the genetic aspects of cardiometabolic health, since this study will
also include a part that assesses the association between genetically determined
sleep duration and insulin resistance. Chapter 3.3 will focus on the identification
of novel lipid loci if we take into account interaction with sleep duration in a large
multi-ancestry analysis. This study is part of the CHARGE consortium. The Cohorts
for Heart and Aging Research in Genomic Epidemiology (CHARGE) Consortium was
formed to facilitate genome-wide association study meta-analyses and replication
opportunities among multiple large and well-phenotyped longitudinal cohort studies.
We will move from sleep duration to food intake and physical activity in Chapter 4.1.
This chapter is a review in which we discuss the effect of physical activity, oily fish
intake and omega-3 fatty acid intake on the risk of diseases associated with genetic
variation in the APOE gene. Next, we will study whether the risk of cardiovascular
disease indeed may be modified by physical activity and food intake in a large cohort
study. This is done in Chapter 4.2, in which we will describe the associations between
genetic variation in APOE and lifestyle factors in the UK Biobank. The UK Biobank is a
large long-term biobank study with deep genetic, physical and health data collected
on ~500,000 individuals in the United Kingdom. In this study, we aimed to investigate
the presence of a gene-lifestyle interaction in relation to coronary artery disease
incidence. The final two chapters of this thesis, Chapters 5.1 and 5.2, will focus on
the association between alterations in hormone metabolism and cardiometabolic
health. Specifically, we will assess the association between genetically determined
thyroid hormone levels and the risk of type 2 diabetes and measures of glucose
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homeostasis using Mendelian Randomization in Chapter 5.1. In Chapter 5.2, the
causal of effect of thyroid hormone status on diabetes mellitus and the effect of BMI
will be studied. This study will be performed in the UK Biobank. In the last part of
this thesis (Chapter 6), the study findings together with their implications for future
research are discussed.
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ABSTRACT

Several plasma metabolites have been associated with insulin resistance and type 2
diabetes mellitus. We aimed to identify plasma metabolites associated with different
indices of early disturbances in glucose metabolism and insulin sensitivity. This
cross-sectional study was conducted in a subsample of the Leiden Longevity Study
comprising individuals without a history of diabetes mellitus (n = 233) with a mean
age of 63.3 + 6.7 years of which 48.1% were men. We tested for associations of fasting
glucose, fasting insulin, HOMA-IR, Matsuda Index, Insulinogenic Index and glycated
hemoglobin with metabolites (Swedish Metabolomics Platform) using linear regression
analysis adjusted for age, sex and BMI. Results were validated internally using an
independent metabolomics platform (Biocrates platform) and replicated externally
in the independent Netherlands Epidemiology of Obesity (NEO) study (Metabolon
platform) (n = 545, mean age of 55.8 * 6.0 years of which 48.6% were men). Moreover, in
the NEO study, we replicated our analyses in individuals with diabetes mellitus (cases:
n = 36; controls = 561). Out of the 34 metabolites, a total of 12 plasma metabolites were
associated with different indices of disturbances in glucose metabolism and insulin
sensitivity in individuals without diabetes mellitus. These findings were validated using
a different metabolomics platform as well as in an independent cohort of non-diabetics.
Moreover, tyrosine, alanine, valine, tryptophan and alpha-ketoglutaric acid levels were
higher in individuals with diabetes mellitus. We found several plasma metabolites that
are associated with early disturbances in glucose metabolism and insulin sensitivity
of which five were also higher in individuals with diabetes mellitus.



Metabolomics analyses reveal metabolites impacting early glucose disturbances

INTRODUCTION

Over the past decades, the incidence of type 2 diabetes mellitus (T2D) has increased,
partly due to the ever increasing prevalence of obesity *2 T2D is preceded by several
disturbances in glucose metabolism, which can be recognized in the pre-disease
state. A novel approach that is being increasingly used to gain additional insight in the
disturbances in glucose metabolism before the development of T2D is high-throughput
metabolomics. Metabolomics offers the possibility to comprehensively measure a broad
range of metabolites in tissues and biological fluids. Multiple observational and causal
association studies revealed metabolites such as phospholipids, triacylglycerols, ketone
bodies, sphingomyelins, acyl-carnitines and organic acids to be linked to future risk of
T2D onset 3%,

To recognize early stages of T2D one needs increased understanding of the mechanisms
contributing to disturbances in glucose metabolism and insulin resistance among
individuals without T2D. To quantify early disturbances in glucose metabolism, several
indices have been developed based on an oral glucose tolerance test or based on
fasting/postprandial plasma and insulin levels. For example, the homeostatic model
assessments can be used to quantify insulin resistance (HOMA-IR) based on fasting
glucose and insulin levels 7. If both fasting and post-prandial measures are available,
indices such as the Matsuda Index or Insulinogenic index can be used to assess insulin
resistance and B-cell function respectively®. The Matsuda Index reflects both hepatic
and peripheral tissue insulin sensitivity and is therefore considered to be an index of
whole-body insulin sensitivity*# . These and other indices all reflect different yet partly
overlapping aspects of glucose tolerance and insulin sensitivity that play a role in T2D
onset.

In this study, we investigated which metabolites measured by a GC-MS assay are
associated with early indices of disturbances in glucose metabolism and insulin
sensitivity in individuals that do not use glucose lowering drugs and do not have a
history of diabetes mellitus. To this end, we performed association analyses of plasma
metabolites with fasting glucose, fasting insulin, the insulinogenic index, two indices
of insulin resistance (HOMA-IR and Matsuda) and HbA1c. Subsequently, we replicated
the significant findings internally using a different metabolomics platform as well as in
an independent cohort in both non-diabetics and individuals with diabetes mellitus.
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METHODS

Study design of the Leiden Longevity Study

The main analyses for the present study were embedded in the Leiden Longevity
Study, which aims to investigate biomarkers associated with familial longevity and
healthy ageing. A more detailed description of the study design and recruitment
strategy has been described elsewhere 8. In short, between 2003 and 2006, a total of
421 long-lived families were recruited, without selection based on health condition
or demographics. Families were included when at least two long-lived siblings were
still alive and fulfilled the age criteria of being at least 89 years for men and 91 years
for women. Of these long-lived families, we also recruited 1,671 of their offspring
and 744 partners thereof as controls resembling the general Dutch population at
middle age.

For the present study, we used fasting and postprandial blood samples collected
between 2006 and 2008 from a subpopulation (N = 280) of the Leiden Longevity
Study who lived in close approximation (<45 min by car) from the research center, as
described previously . Glucose tolerance was assessed according to a 2-hour oral
glucose tolerance test, conducted with a standard loading dose of 75g of glucose per
300mL of water and venous blood samples were drawn at time points of 0, 30, 60,
and 120 minutes after glucose loading. We excluded participants that used glucose
lowering drugs, had a history of diabetes mellitus, who were not fasted before taking
glucose tolerance test, had no fasting glucose orinsulin measures, or had incomplete/
unreliable postprandial data. In the present study, we therefore included a total of 233
participants.

The Leiden Longevity Study was approved by the medical ethics committee of the
Leiden University Medical Center. All participants provided written informed consent.

Measures of insulin resistance

Fasting plasma glucose concentrations and glycated hemoglobin levels were
determined by enzymatic and colorimetric methods (Roche Modular Analytics P800,
Roche Diagnostics, Mannheim, Germany; CV < 5%) and serum insulin concentrations
were determined by an immunometric method (Siemens Immulite 2500, Siemens
Healthcare Diagnostics, Breda, The Netherlands; CV < 5%). Allanalyses were performed
in the central clinical chemical laboratory of the Leiden University Medical Center.
Fasting glucose and insulin levels were used to calculate the Homeostatic Model
Assessment of Insulin Resistance (HOMA-IR) index as a marker for hepatic insulin
resistance. The HOMA-IR was calculated using (fasting insulin " fasting glucose) / 22.5.
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The Insulinogenic Index was calculated as (insulin concentration - fasting insulin

30min

concentration) / (glucose concentration - fasting glucose concentration) and the

30min

Matsuda Index as 1000 / (squared root (fasting glucose * fasting insulin) * (average
glucose " average insulin))s.

Metabolomic profiling

Metabolomic profiling has been performed in three separate analytical batches
analysed on three different days, of which the first batch consisted of cases with
different levels of metabolic syndrome score as described previously?. The samples
of the other participants were separated based on the gender of the participants,
resulting in a batch of only women (Batch 2) or only men (Batch 3). These three
batches were used for the analyses in this study. Fasting plasma samples from the
participants were thawed on ice; 630 uL of extraction mixture (H,O:methanol (1.9,
v/Vv)) was added to 70 L of plasma. Extraction of the metabolites from the sample
was then carried out using a MM301 vibration Mill (Retsch GmbH & Co. KG, Haan,
Germany) at a frequency of 30 Hz for 2 min. Samples were stored on ice for 2 hours
to allow protein precipitation, after which they were centrifuged at a relative central
force of 18,000 for 10 min at 4°C. An aliquot (200 pL) of the resulting supernatant was
transferred to a glass vial and evaporated to dryness at room temperature in a miVac
QUATTRO concentrator (Genevac LTD, Ipswich, UK). Gas chromatography-mass
spectrometry (GC-MS) (Batch 1, 2 and 3) analyses was performed after metabolite
derivatization as described before 2.

Non-processed files from GC-MS were exported in NetCDF format to a MATLAB-based
in-house script where all data pre-treatment procedures such as baseline correction,
chromatogram alignment, and peak deconvolution were performed. Metabolite
identification, was implemented within the script and was based on the retention index
(R values and MS spectra from the in-house mass spectra library established by the
Swedish Metabolomics Centre (Umed, Sweden) and consisting of 585 compounds (Level
1identification according to the Metabolomics Standards Initiative 22). However, since the
library covers a wide range of compound classes, and includes a significant number of
compounds present in samples from other species than humans (for example plants,
bacteria, etc.), as expected, not all metabolites present in the library could be identified
in our samples. In the three analytical batches, respectively 105, 48 and 57 compounds
were identified, with 34 compounds present in all three batches. In order to strengthen
our findings, in calculations we only included those metabolites that were confidently
measured in all three batches.
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Internal validation

For internal validation, we used metabolomic data measured in the Leiden Longevity
Study using the commercially available AbsolutelDQ p180 (Biocrates Life Sciences, AG,
Innsbruck, Austria) mass spectrometry (MS)-based assay kit. Fasting plasma samples
were collected from study participants and were stored at -80 "C. A different (unique)
aliquot of the sample was used, thus avoiding potential bias caused by introducing a
freeze/thaw step when using the same sample for discovery and validation. In this study,
we included only those metabolites that overlapped with those that were identified
using the GC-MS approach as being significantly associated with indices of disturbances
in glucose metabolism and insulin sensitivity after correction for multiple testing, note
that only 5 out of the 12 significant metabolites were also present on the Biocrates
AbsolutelDQ p180 kit, namely: phenylalanine, proline, tryptophan, tyrosine and valine.

External validation

For external replication, we used data from the independent Netherlands Epidemiology
of Obesity (NEO) study, which had no overlap with the LLS study in regard of study
participants. A detailed description of the NEO study design and rationale has been
provided elsewhere 2. We included participants with available data on the same
indices of glucose metabolism (e.g. fasting glucose and insulin, HOMA-IR, Matsuda
Index, Insulinogenic Index and glycated hemoglobin) as available in the LLS and an
LC-MS and GC-MS based metabolic profile (Metabolon, Inc.), who were fasted and
drank a complete liquid mixed meal (n= 545). Moreover, we assessed the associations
in participants with diabetes mellitus (cases: n = 36; controls = 561). Presence of diabetes
mellitus was defined as the usage of glucose lowering medication and/or having a
history of diabetes mellitus and/or having fasting glucose levels of 27.0 mmol/L.

Metabolomic profiling was performed using ultrahigh-performance liquid-phase
chromatography and gas chromatography separation, coupled with tandem mass
spectrometry at Metabolon, Inc. using established procedures (12). Fasting plasma
samples were collected from study participants and were stored at -80 “C. Here, we
only analyzed the identified metabolites in the LLS association study (those metabolites
that were significant after correction for multiple testing) and did not include all of the
metabolites measured using this platform.

Statistical analyses

All analyses were performed using the R statistical environment?4. Before analyses, we
removed those observations that could be considered outliers based on biological
plausible reference values for these measurements. To gain insight in the interrelations
of the metabolites included in the present study, we estimated a correlation network
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using Pearson correlations for the 34 scaled metabolites measured using the GC-MS
approach in the LLS study. The Pearson correlations for each batch were obtained
separately and we took the average correlation of these batches taking into account the
number of individuals included in each batch. The qgraph package®, using an absolute
weight of edges of >0.5 to be shown, was used to obtain the plot.

We conducted univariate analyses on the metabolites using linear regression analysis
adjusted for age, sex and body mass index. All measures of glucose metabolism
were log-transformed, independent of normality of the variables in order to improve
comparability among the measurements. Peak areas (GC-MS) and metabolite
concentrations (Biocrates LC-MS platform) were log-transformed and subsequently
standardized using scaling to approach a standard normal distribution (mean = 0, s.d.
= 1). Hence, results can be interpreted as the difference in standard deviation per unit
increase in measured index. Because of the applied distribution of the individuals in
the different batches rather than random allocation, proper correction for batch effect
was not possible. Instead, we conducted all univariate analyses separately for the
different batches; derived effect estimates were subsequently meta-analysed using a
fixed-effect model, assuming a similar direction of effect among batches, by using the
rmeta package?®. Meta-analysis was only performed for those metabolites that were
measured in all three batches, which resulted in a total of 34 metabolites. To correct
for multiple testing, we calculated the number of independent metabolites based on
the methodology described by Li et al. , and corrected our threshold for statistical
significance accordingly. We obtained a total of 24 independent metabolites and used
a p-value of 0.05/24 (~0.0021) as a threshold for significance. Analyses were visualized
using the ggplot2 package %.

For internal validation, we repeated our analyses using significant metabolites from our
discovery analyses. Of these metabolites, only five metabolites were overlapping with
the Biocrates AbsolutelDQ p180 kit. We performed the same analyses using the same
statistics and covariables as in the discovery analyses, however, we used a p-value of
<0.05 as level of statistical significance. For external replication, analyses were repeated
with the metabolites that were identified in the LLS study and could also be measured
by the GC-MS Metabolon platform, comprising twelve metabolites present in the
NEO study and Metabolon data. We used the same statistical methods as described
previously, however, since we tested hypothesis generated in the discovery phase, we
considered a two-sided p-value of <0.05 as statistically significant.
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RESULTS

Population characteristics

A total of 233 participants were included in the main study with a mean age of 63.3 + 6.7
years of which 48.1% were men. The population characteristics of this study are shown in
Table 1, separately for each batch and combined for all batches. Characteristics of the study
population are presented as means with accompanying standard deviations for normally
distributed variables, median with interquartile range for non-normal distributed variables
and number with percentages for proportional variables. Participants in Batch 3 used slightly
more antihypertensive and lipid lowering medication as compared to the other batches.

Network analysis of metabolites

In order to have a better understanding of the interrelations of metabolites in this study,
we calculated and visualized the correlations between the different metabolites. In
Figure 1, a correlation network is shown of the primary metabolite set tested in the
LLS study comprising 34 metabolites. Several amino acids were correlated, such as
tryptophan, tyrosine, phenylalanine and valine. The strongest correlations were observed
between fatty acids, such as myristic acid, dodecanoic acid and octadecanoic acid.

SA: Salicylic acid

LA: Lactic acid

AK: Alpha ketoglutaric acid
CA: Citric acid

C18.H34: Octadecenoic acid
EA: Eicosatetraenoic acid
MA: Myristic acid

HA: Hexadecanoic acid

PA: Palmitoleic acid
C18.H36: Octadecanoic acid
Ala: Alanine

Cys: Cysteine

Asn: Asparagine

Lys: Lysine

Cst: Cystine

Gly: Glycine

Orn: Ornithine

GlIn: Glutamine

Val: Valine

Thr: Threonine

Pro: Proline

Trp: Tryptophan

Tyr: Tyrosine

Phe: Phenylalanine

Cre: Creatinine

U: Urea

PGA: Pyroglutamic acid
UA: Uric acid

Cam: Campesterol

Chl: Cholesterol

AG: 1.5-anhydro-d-glucitol
POP: 1-palmitoyl-sn-glycero-3-phosphocholine

Figure 1.Correlation network estimated using Pearson correlations. Each node represents one
metabolite. The edges indicate the strength of the correlation. For this plot, only edges with an
absolute weight of >0.5 are shown.
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Associations between different indices of glucose metabolism with the metabolomic profile
We first tested for association of the 34 single metabolites that were measured in all three
batches with six variables of glucose metabolism and insulin sensitivity in the Leiden
Longevity Study adjusted for age, sex and BMI. Twelve metabolites were identified to
be associated (p-value < 0.05/24) with markers of glucose metabolism, as shown in
Figure 2 and Online Supplementary Table 1. Tyrosine, hexadecanoic acid, lysine and
alpha-ketoglutaric acid levels were associated with fasting glucose concentrations.
Levels of alanine, tyrosine, valine, phenylalanine, tryptophan, proline and uric acid were
positively associated with fasting insulin and HOMA-IR and negatively associated with
the Matsuda index. Alpha-ketoglutaric acid was positively associated with HOMA-IR
and negatively with the Matsuda Index, however, not with fasting insulin. Moreover,
lysine levels were positively associated with HOMA-IR, however, not with fasting insulin
concentrations or the Matsuda Index. Levels of hexadecanoic acid, myristic acid and
octadecanoic acid were associated with Insulinogenic Index. None of these metabolites
were associated with either fasting insulin, HOMA-IR or the Matsuda Index. However,
hexadecanoic acid levels positively associated with fasting glucose concentrations.
Finally, glycated hemoglobin was not associated with any of the metabolites.

Internal validation of main results

Next, we validated the significant observations using the Biocrates platform in order
for us to test the robustness of these findings when using a different metabolomics
platform. Note that only 5 out of the 12 significant metabolites overlapped with the
Biocrates platform (phenylalanine, proline, tryptophan, tyrosine and valine). In Online
Supplementary Table 2, effect estimates for the association of measures of glucose
metabolism with these metabolites are shown. Effect estimates pointed in the same
direction and were similar to those observed using the Swedish Metabolomics Platform.
For fasting glucose, only tyrosine was present in the Biocrates platform and we were
able to validate this result. Proline, tryptophan, tyrosine and valine were positively
associated with fasting insulin, HOMA-IR and negatively with the Matsuda Index, thereby
validating the previous results. Phenylalanine negatively associated with the Matsuda
Index, however, not with fasting insulin and the HOMA-IR, thereby only validating the
result for the Matsuda Index. The metabolites that associated with the Insulinogenic
Index were not present in the Biocrates platform and therefore, we did not validate
these findings. Moreover, for glycated hemoglobin we did not identify any significant
associations and therefore we did not validate any finding.
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Table 1. Characteristics of study population stratified by batches and combined.

Batch 1

(N=82)
Age in years, mean (SD) 63.2(6.2)
Men, N (%) 39 (47.6)
BMIin kg/m2, mean (SD) 26.3(4.9)
Body fat %, mean (SD) 31.3(0.4)
Fasting glucose in mmol/L, mean (SD) 5.2(07)
Fasting insulin in mU/L, median (IQR) 7.0 (4.0-11.8)
HOMA-IR, median (IQR) 1.6 (0.8-27)
Insulinogenic Index, median (IQR) 0.6 (0.4-1.1)
Matsuda Index, median (IQR) 24.6 (12.7-45.3)
HbA1c in %, mean (SD) 51(0.4)
ASAT in U/L, median (IQR) 221(7.2)
ALAT in U/L, median (IQR) 16.0 (13.0-19.8)

GGT in U/L, median (IQR)

CRP in mg/dL, median (IQR)

Total cholesterol in mmol/L, mean (SD)
HDL-cholesterolin mmol/L, mean (SD)
LDL-cholesterolin mmol/L, mean (SD)
Triglycerides in mmol/L, mean (SD)
Hypertension, N (%)

Statin use, N (%)

22.0 (15.0-35.0)
1.2 (0.7-2.5)
53(11)
15(0.4)
3.2(0.9)
15(0.8)

20 (24.4)

7 (8,50

Abbreviations: BMI, Body Mass Index; ALAT, alanine transaminase; ASAT, aspartate transaminase;
GGT, gamma-glutamyltransferase; HbA1c, glycated haemoglobin; HDL, high-density lipoprotein;
HOMA-IR, Homeostatic Model Assessment of Insulin Resistance; hsCRP, high-sensitivity
C-reactive protein; IQR, interquartile range; LDL, low-density lipoprotein; N, number of

participants; SD, standard deviation.
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Batch 2 Batch 3 Combined (N=233)
(N=78) (N=73)
615 (7.0) 65.4 (6.4) 63.3(6.7)
0(0.0) 73 (100.0) 112 (48.1)
259 (3.2) 26.9 (3.0) 26.5(3.8)
35.6 (6.5) 26.3(5.6) 31.2(8.3)
5(0.4) 51(0.5) 51(0.5)
6.0 (4.0-9.0) 7.0 (4.0-10.0) 6.0 (4.0-10.0)
1.2 (0.9-2.0) 15(1.0-2.2) 15 (0.9-2.2)
0.8 (0.5-1.2) 0.7 (0.4-1.2) 0.7 (0.4-1.1)

26.9 (18.7-42.7)
51(0.4)
22.5(8.6)
15.0 (12.0-19.8)
18.0 (13.0-24.8)
11(0.7-1.9)
5.6 (1.0)

17 (0.5)
33(09)
1.3(0.5)

19 (24.4)

10 (12.8)

25.1(17.4-357)
5.0(0.5)
215 (4.6)
17.0 (15.0-21.0)
20.0 (21.0-40.0)
1.0 (0.6-2.0)
51 (1.0)
1.4 (0.4)
3.1(0.9)
1.3(0.5)
25 (34.2)
10 (13.7)

26.3 (17.1-41.2)
51(0.4)
221(7.0)

16.0 (13.0-20.0)

22.0 (15.0-33.0)

11(0.6-2.3)
53(1.0)
15(0.4)
3.2(0.9)
1.4 (0.6)
64 (27.5)
27 (11.6)
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Figure 2. Associations of plasma metabolites with measures of glucose metabolism. Analyses
can be interpreted as the difference in metabolite level in standard deviation in relation to unit
increase of the exposure. The difference in exposure (in standard deviation) is presented on the
x-axis; the -log(p-value) of the comparison is presented on the y-axis. Metabolites that were
labelled in the figures were those that remained significant after correction for multiple testing
(p < 2.1e-3); compounds with a p-value < 0.05 are presented as solid black dots.
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External validation of main results in individuals with and without diabetes mellitus

We validated our results for the identified metabolites in an independent subset of
the NEO cohort in individuals without diagnosis of diabetes mellitus that did not use
glucose lowering medication using the same indices of glucose metabolism and insulin
sensitivity. As can be seen in Table 2 and Table 3, tyrosine, hexadecanoic acid and
alpha-ketoglutaric acid were positively associated with levels of fasting glucose, thereby
replicating the associations as observed in the LLS study, except for lysine. Levels of
tyrosine, alanine, valine and phenylalanine were positively associated with fasting insulin
and HOMA-IR levels in both the LLS and the NEO study. Additionaly, alpha-ketoglutaric
acid significantly associated with HOMA-IR. However, proline, tryptophan (fasting insulin
and HOMA-IR) and uric acid (HOMA-IR) did not associate in the NEO study. Tyrosine,
alanine, valine, phenylalanine, alpha-ketoglutaric acid, hexadecanoic acid and uric
acid were negatively associated with the Matsuda Index, similar as in the LLS study.
However, tryptophan was not associated with the Matsuda Index in the NEO study.
None of the metabolites that associated with the Insulinogenic Index in the LLS study
were replicated in the NEO study.

In addition, we studied which of the twelve metabolites associated with diabetes
mellitus (cases = 36; controls = 561). As compared to individuals without diabetes
mellitus, individuals with diabetes mellitus had higher levels of tyrosine, alanine, valine,
tryptophan and alpha-ketoglutaric acid (Table 3).
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Table 2. Associations of blood metabolites with measures of glucose metabolism in NEO using
Metabolon.

Fasting glucose Fasting insulin

Beta SE P-value Beta SE P-value
Tyrosine 129 0.34 <0.001 0.26 0.07 <0.001
Lysine -0.45 0.36 0.211
Alanine 0.36 0.07 <0.001
Valine 014 0.06 0.025
Proline 0.14 0.07 0.054
Phenylalanine 0.30 0.07 <0.001
Tryptophan 013 0.07 0.079
Hexadecanoic acid 0.84 0.36 0.021
Alpha-ketoglutaric acid 138 0.35 <0.001

Muyristic acid
Octadecanoic acid

Uric acid

Data presented as beta's with accompanying standard errors (SE) and p-values. Results can be
interpreted as the difference in metabolite level in standard deviation in relation to unit increase
of the glycemic trait. Analyses are adjusted for age, sex and body mass index.

36



Metabolomics analyses reveal metabolites impacting early glucose disturbances

HOMA-IR Matsuda Index Insulinogenic Index
Beta SE P-value Beta SE P-value Beta SE P-value
0.27 0.07 <0.001 -0.26 0.08 0.001
-0.11 0.07 0.122
0.37 0.07 <0.001 -0.48 0.08 <0.001
015 0.06 0.015 -0.22 0.07 0.002
011 0.07 0.092 -0.09 0.08 0.239
0.27 0.07 <0.001 -0.35 0.08 <0.001
0.11 0.07 0.111 -0.12 0.08 0.118
-0.07 0.05 0.123
0.45 0.07 <0.001 -0.54 0.08 <0.001
-0.04 0.05 0431
-0.04 0.05 0.354
0.09 0.06 0.148 -0.16 0.07 0.027
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Table 3. Associations of blood metabolites with measures of glucose metabolism in NEO using
Metabolon.

Diabetes Mellitus

Beta Se P-value
Tyrosine 1,93 (1,58 - 2,28) <0,001
Lysine 1,31 (0,06 - 1,66) 0,134
Alanine 1,59 (1,24 - 1,94) 0,010
Valine 1,94 (1,59 - 2,29) <0,001
Proline 1,30 (0,94 - 1,65) 0,150
Phenylalanine 1,35 (1,00 - 1,70) 0,097
Tryptophan 1,47 (1,12 - 1,82 0,033
Hexadecanoic acid 0,98 (0,63 -133) 0,902
Alpha-ketoglutaric acid 171 (1,36 - 2,06) 0,003
Muyristic acid 1,16 (0,81 -1,51) 0,409
Octadecanoic acid 0,84 (0,48 - 1,19) 0,319
Uric acid 1,14 (0,78 - 1,49) 0,476

Data presented as odd ratio’s (OR) with accompanying 95% confidence interval (95%Cl) and
p-values. Analyses are adjusted for age, sex and body mass index
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DISCUSSION

We identified twelve metabolites to be associated with different indices of glucose
metabolism and insulin sensitivity, in individuals without diabetes mellitus from the
general population. These results were largely validated and externally replicated in an
independent cohort. Moreover, five of the twelve metabolites (tyrosine, alanine, valine,
tryptophan and alpha-ketoglutaric acid) were associated with diabetes mellitus. These
results indicate that specific early alterations in the metabolic profile are already present
in individuals without diabetes mellitus and these findings may therefore improve the
understanding of mechanisms involved in diabetes mellitus etiology.

To date, several amino acids, sugar metabolites, and lipids have been associated with
T2D risk in observational studies and causality has been investigated using Mendelian
Randomization 33:22:3°, The present study replicates these observational findings in
participants without diabetes mellitus, indicating that alterations in plasma metabolites
levels in relation to perturbed glucose metabolism are already present in the non-
diabetic population. For example, alanine, valine, tyrosine and phenylalanine have been
consistently associated with the risk of developing type 2 diabetes mellitus in different
studies®. A better understanding of the molecular mechanisms by which amino acids may
impact insulin resistance may aid the identification of novel targets for future diabetes
therapies. One of these pathways is via mitochondrial metabolism and the exocytosis
of insulin granules. Next to ATP, the main factor in insulin secretion, other factors such
as nucleotides, amino acids, enzymes or transporters and alanine aminotransferase
have been identified to mediate insulin secretion. Alanine, our strongest association, has
previously been described to directly affect B-cell function and insulin secretion®. In
line, in this study we observed these metabolites to be associated with insulin sensitivity
in individuals without diabetes mellitus, as well as in individuals with diabetes mellitus.

Some of the identified associations can be explained by correlations between the
metabolites. For example, tyrosine, valine and phenylalanine were correlated which were
also observed together in the analyses addressing the association with fasting insulin,
HOMA-IR and the Matsuda Index. However, alpha-ketoglutaric acid was not correlated
with any of the other metabolites and may therefore reflect an independent pathway
that may contribute to disturbances in glucose metabolism and insulin sensitivity. For
example, alpha-ketoglutaric acid is a key intermediate in the citric acid cycle and is
important foramino acid formation and the urea cycle. Alpha-ketoglutaric acid may be a
marker of protein degradation and gluconeogenesis. Hepatic glutamate dehydrogenase
catalyzes the reversible oxidative deamination of glutamate to a-ketoglutarate and
ammonia, bridging amino acid-to-glucose pathways. In the current study, we observed
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higher levels of alpha-ketoglutaric acid to be associated with higher fasting glucose and
HOMA-IR and a lower Matsuda Index in two independent cohorts of individuals without
diabetes mellitus. Moreover, this metabolite was higher in individuals with diabetes
mellitus. Since alpha-ketoglutaric acid was not associated with glycated hemoglobin,
but only with measures of short-term insulin sensitivity, this metabolite may be more
reflective of short-term glucose control instead of long-term glucose control.

A broad range of studies assessed the association between several lipid classes and
type 2 diabetes mellitus33. Of these classes, for example, plasma phospholipids,
triglycerides and sphingolipids were found to be associated with insulin resistance and
type 2 diabetes mellitus onset 33, In individuals with impaired fasting glucose and type
2 diabetes mellitus, higher levels of several saturated acids (e.g. palmitic and stearic)
have been observed 3t Our results are in agreement with these findings as we have
identified palmitic (hexadecanoic acid) acid to be associated with higher fasting glucose
levels.

We observed distinct metabolites to be associated with different measures of glucose
metabolism. Of interest is that the metabolites that were associated with fasting insulin
and HOMA-IR, which are based on fasting measures of glucose metabolism, were the
same metabolites that associated with the Matsuda Index, which also takes into account
postprandial measures of glucose metabolism. Since the metabolites that we found to
be associated with fasting insulin, HOMA-IR and Matsuda Index were mainly overlapping,
these measures may reflect similar biological pathways in the development of type
2 diabetes mellitus. Interestingly, only saturated fatty acids were associated with the
Insulinogenic Index in the LLS, which is specific for f-cell function. We did not observe
any association between glycated hemoglobin and any of the investigated metabolites.
Glycated hemoglobin is the only index that we included that is able to assess glucose
metabolism over a longer time period. Since none of the metabolites associated with
glycated hemoglobin, the present observations may be more reflective of short-term
insulin resistance and non-pathological, merely normal physiology.

The main strength of this study is the internal and external validation of our results in
an independent cohort. The same associations were observed, thereby strengthening
our results. The participants in the Leiden Longevity Study received a glucose drink and
the participants of the NEO study received a mixed meal as a challenge, emphasizing
the robustness of the observed associations. However, some limitations of our study
have to be acknowledged. Because of the selection of individuals in the three batches
(no random selection), we were not able to harmonize for batch effects using statistical
techniques. Instead, we performed the analyses separately for the three batches using
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standardized metabolite data (mean = 0, s.d. = 1) and performed subsequent meta-
analyses to combine the results. As a consequence, we minimized potential bias caused
by the batch effects. In this study, we only observed higher levels of the identified
metabolites to be associated with higher insulin resistance. High metabolite levels that
are associated with lower insulin resistance might (1) have a smaller effect size that
would require larger sample sizes, and (2) may only be measured on different platforms.
Moreover, due to the observational nature of the study, we could not establish causality
and address how the observed metabolites can affect insulin resistance or how insulin
resistance may affect the metabolic profile, this will require dedicated prospective
studies in the future.

Taken together, in a population of individuals without diabetes mellitus, we observed
distinct metabolomic profiles to be associated with different measures of glucose
metabolism. In total, we identified 12 metabolites to be associated with indices of glucose
metabolism in individuals without diabetes mellitus. Most of these findings could be
internally validated and externally replicated. Moreover, five of these metabolites
associated with prevalent diabetes mellitus. Our results may improve the understanding
of the mechanisms involved in disease etiology and thereby may contribute to improved
diagnostics of the early metabolic disturbances preceding type 2 diabetes mellitus.
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ABSTRACT

Short and long sleep duration and poor sleep quality may affect serum and hepatic
lipid content, but available evidence is inconsistent. Therefore, we aimed to investigate
the associations between sleep duration and quality with serum and hepatic lipid
content in a large population-based cohort of middle-aged individuals. The present
cross-sectional study was embedded in the Netherlands Epidemiology of Obesity
(NEO) study and consisted of 4,260 participants (mean age: 55 years, proportion men:
46%) not using lipid-lowering agents. Self-reported sleep duration and quality were
assessed using the Pittsburgh Sleep Quality Index questionnaire (PSQIl). Outcomes of
this study were fasting lipid profile (total cholesterol, LDL-cholesterol, HDL-cholesterol,
triglycerides), postprandial triglyceride (response) levels, and hepatic triglyceride
content as measured with magnetic resonance spectroscopy. We performed
multivariable linear regression analyses, adjusted for confounders, and additionally
for measures that link to adiposity (e.g., BMI, sleep apnea). We observed that relative
to the group with median sleep duration (=7.0 hours of sleep), the group with shortest
sleep (=5.0 hours of sleep) had 1.5 fold higher hepatic triglyceride content (95%
confidence interval (CI): 1.0;2.2). The group with PSQI score 210 had a 1.1 (95%Cl: 1.0;1.2)
fold higher serum triglyceride level compared with the group with PSQI <5. However,
these associations disappeared after adjustment for BMI and sleep apnea. Therefore,
we concluded that previously observed associations between shorter sleep duration
and poorer sleep quality with an adverse lipid profile, may be explained by BMI and
sleep apnea, rather than by a direct effect of sleep on the lipid profile.
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INTRODUCTION

Cardiovascular disease (CVD) is one of the leading causes of death worldwide and is
responsible for 177 million deaths in 2015 Several lifestyle factors have been associated
with a deleterious CVD risk profile and a higher risk of cardiovascular mortality, for
example smoking and alcohol intake? Multiple epidemiological studies, have shown
that sleep duration is another important risk factor for the development of CVD3 ™,
However, in some studies both extremes (long and short sleep duration) are associated
with an increased risk of CVD?4, while in other studies only short sleep duration or long
sleep duration has been associated with an increased risk of CVD and with CVD risk
factors (notably obesity and metabolic syndrome)s3,

Besides sleep duration, poor sleep quality has also been associated with an increased
risk of metabolic syndrome+ 5, yet not in all studies*. Several factors could contribute
to the discrepant findings regarding the associations between sleep duration and sleep
quality with cardiovascular risk factors. Body mass index (BMI) and sleep apnea are
associated with alterations in sleep and with high circulating lipids and incidence of
coronary heart disease® 7. In the study of Petrov et al. (2013) poor sleep quality was
associated with a poor lipid profile, however, after adjustment for covariates including
BMI and obstructive sleep apnea (OSA) risk, this association disappeared™. Importantly,
previous studies generally adjusted for BMI, however, most studies did not adjust for
sleep apneas®3, Therefore, the question remains to what extent the previously described
associations between sleep duration and sleep quality with CVD were confounded by
BMI and also OSA. Moreover, both BMI and OSA are risk factors for non-alcoholic liver
disease (NAFLD)®2°, which is a risk factor for myocardial dysfunction®. To the best of
our knowledge hepatic triglyceride content (HTGC) has not been studied in relation to
sleep duration and/or sleep quality.

Based on previous studies, we hypothesized that both short and long sleep duration
and poor sleep quality are associated with an adverse serum and hepatic lipid profile.
However, we hypothesize that after adjustment for BMI and the risk of sleep apnea, these
associations may decrease. In the present study we aim to assess these associations
in a large population-based cohort of middle-aged adults from the Netherlands,
considering all important confounding factors (including BMI and sleep apnea).
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METHODS

Study design and study population

The present study is a cross-sectional analysis of baseline measurements of the
Netherlands Epidemiology of Obesity (NEO) study, a cohort of 6,671 individuals with an
oversampling of individuals with overweight or obesity. Between September 2008 and
September 2012, men and women aged between 45 and 65 years with a self-reported
body mass index (BMI) of 27 kg/m? or higher living in the greater area of Leiden were
invited to participate in the NEO study. In addition, all inhabitants aged between 45
and 65 years from one municipality (Leiderdorp) were invited irrespective of their BMI,
allowing for a reference distribution of BMI. Baseline data were collected at the NEO
study center of the Leiden University Medical Center (LUMC). Prior to the NEO study visit,
participants completed a questionnaire about demographic and clinical information
and fasted for at least 10 hours. Participants came to the research site in the morning
to undergo several baseline measurements including anthropometric measurements
and fasting and postprandial blood sampling. At the study site, a screening form was
completed by all participants asking about anything that might create a health risk
or interfere with MRI imaging (most notably metallic devices, claustrophobia, and a
body circumference of more than 1.70 m). Of the participants who were eligible for MRI,
approximately 35% of the total study population were randomly selected to undergo
direct assessment of VAT. A medication inventory was performed to collect data on
medication use during the month preceding the visit to the study center. More detailed
information on the study design and data collection was described elsewhere®. This
study was approved by the medical ethics committee of the Leiden University Medical
Center (LUMC) (and the NEO board) and all participants gave written informed consent.
As demonstrated in Figure 1, we excluded participants with missing data on the PSQI
questionnaire (N=1,402). The PSQI questionnaire was only added to the baseline
questionnaire after July 2009 and therefore participants entering the study before this
date have missing data on this questionnaire. Moreover, we excluded participants who
used lipid lowering drugs (N=791), had missing baseline characteristics (N=118), missing
data of the Berlin questionnaire (N=53), were not in a fasting state during the hospital visit
(N=19), or missed data on serum triglycerides (N=27) or cholesterol (N=1). We additionally
excluded participants who drank >40 g alcohol per day (N=344) from the analyses on
hepatic triglyceride content (HTGC). For the analyses on postprandial triglyceride levels,
we excluded participants with missing or incomplete postprandial serum triglyceride
concentrations (N=221) or who had no or incomplete liquid meal intake (N=2).
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6,671

No sleep data: 1,402 ]

J/_LLJ

Use of lipid lowering drugs: 791
Missing baseline characteristics: 118
No Berlin questionnaire data: 53

Not in fasting state: 19

Missing data on serum measures: 28

>40 g alcohol per day: 344
No hepatic triglyceride content
measurement: 2,644

Missing or incomplete postprandial
measures: 221
Incomplete liquid meal intake: 2

4,037 1,272

Figure 1. Flowchart of participant inclusion
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Sleep characteristics

To assess habitual sleep duration and quality, we used the Pittsburgh sleep quality index
(PSQNZ, which is a self-rated questionnaire to retrospectively measure sleep parameters
over a one month time interval. Total sleep duration was derived from the question “On
an average day, how much sleep do you get?”. To obtain a classification of short and
long total sleep duration, we calculated the age- and sex- adjusted residuals with linear
regression analysis for total sleep duration with age and sex and determined subgroups
on the basis of these residuals. We used the 5" lowest percentile of the age- and sex-
adjusted residuals to define shortest sleep, the 5 till 20" percentile to define short
sleep, the 20" till 80" to define medium sleep, the 8ot till 95™ to define long sleep and
the g5t till 100" percentile to define longest sleep. Sleep quality was assessed using the
total score of the PSQI questionnaire. The questionnaire consists of seven components
of which an overall score can be calculated. The global score ranges from 0 to 21, in
which a higher score indicates a poorer sleep quality®. For sleep quality, we formed
three sleep quality groups, in which we used the good sleep quality group (PSQI total
score <5) as a reference group in linear regression analyses. The poor sleep quality
group was defined by a PSQI total score between 5 and 10, and worst sleep quality as
PSQI total score 210.
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Serum lipid profile and hepatic triglyceride content

After an overnight fast of at least 10 h, fasting blood samples were taken at the study
center. Within 5 min after the first blood sample was taken, participants drank a liquid
mixed meal (400 mL) with an energy content of 600 kcal, with 16% of energy derived
(En%) from protein, 50 En% from carbohydrates and 34 En% from fat. Postprandial blood
samples were taken 30 and 150 minutes after ingestion of the meal. Serum triglyceride
concentrations were determined at the 3 time points. Serum total cholesterol and
triglyceride concentrations were determined by enzymatic colorimetric methods (Roche
Modular Analytics P800, Roche Diagnostics, Mannheim, Germany; CV < 5%) and HDL-
cholesterol with homogenous HDLc method, 3 generation (Roche Modular Analytics
P800, Roche Diagnostics, Mannheim, Germany; CV < 5%). Low-density lipoprotein (LDL)
cholesterol concentration was estimated using Friedewald's formula4. All measures
were performed in the central clinical chemistry laboratory of the Leiden University
Medical Center. The area under the curve (AUC) for postprandial serum triglyceride
levels was calculated using the Trapezoid Rule as (15 * fasting concentration + 75 *
concentration, . +60 " concentration, )/ 150%. Hepatic *H magnetic resonance (MR)
spectra were obtained in a random subset of 1,207 participants with data on habitual
sleep. In short, an 8-mL voxel was positioned in the right lobe of the liver. A point-resolved
spectroscopy sequence was used to acquire spectroscopic data during continuous
breathing with automated shimming. Spectra were obtained with and without water
suppression. Spectral data were fitted by using Java-based MR user interface software
((IMRUI, version 3.0; developed by A. van den Boogaart, Katholieke Universiteit Leuven,
Leuven, Belgium)®. Mean line widths of the spectra were calculated. The resonances
that were fitted and used for calculation of the triglycerides were methylene (peak at
13 ppm, [CH,1) and methyl (peak at 0.9 ppm, CH,). The HTGC relative to water was
calculated with the following formula: (signal amplitude of methylene + methyl)/(signal
amplitude of water) x 100.

Covariates

A semi-quantitative food frequency questionnaire (FFQ)?” questionnaire was used to
assess energy intake. Energy intake was estimated from the FFQ with the 2011 version
of the Dutch food composition table (NEVO-2011). Participants reported the frequency
and duration of their physical activity in leisure time using the Short Questionnaire to
Assess Health-enhancing physical activity (SQUASH)?, which was expressed in hours
per week of metabolic equivalents (MET-h/week). Body weight was measured at the
study center without shoes and one kilogram (kg) was subtracted to correct for the
weight of clothing. BMI was calculated by dividing the weight in kilograms by the height
in meters squared. The risk for the presence of obstructive sleep apnea syndrome was
assessed using the Berlin questionnaire®. This questionnaire consists of 10 questions
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that form three categories (snoring (category 1), daytime somnolence (category 2) and
hypertension and BMI (category 3)) related to the likelihood of the presence of sleep
apnea. Individuals can be classified as either having a high (2 or more categories with a
positive score) or low likelihood of sleep apnea (only 1 or no categories with a positive
score) .

Statistical Analysis

Because individuals with a BMI of 27 kg/m? or higher were oversampled in the NEO study
population, adjustments were made to correctly represent associations in the general
population3°32 This was done by weighting individuals towards to the BMI distribution
of participants from the Leiderdorp municipality, whose BMI distribution was similar
to the BMI distribution of the general Dutch population®. Consequently, all presented
results are based on weighted analyses and apply to a population-based study without
oversampling of participants with a BMI of 27 kg/m? or higher. Characteristics of the
study population were expressed as mean (with standard deviation, SD) for normally
distributed measures, median with inter-quartile ranges for non-normally distributed
measures, and proportions for categorical variables. We performed all statistical
analyses using Stata version 12.1 (Stata, College Station, Texas, USA) software.

Not normally distributed outcomes were log transformed to approximate a normal
distribution (notably serum triglycerides, HTGC and AUC of serum triglycerides).
However, in order to present the results with a similar interpretation, we log transformed
normally distributed outcomes (notably serum HDL-cholesterol, LDL-cholesterol,
total cholesterol) as well. We performed linear regression analyses using the medium
sleep category (characterized by 20™ till 80" percentile of sleep duration residuals) as
reference group. The subsequent beta regression coefficients were back-transformed
and expressed as a ratio with accompanying 95% confidence interval (95% CI), which
can be interpreted as the relative change in outcome compared to the reference group.
The initial model for linear regression analyses was adjusted for age and sex (Model 1).
In addition to age and sex, we adjusted in Model 2 for ethnicity (white/other), education
level (high/other), smoking (never/former/current), alcohol consumption, energy intake,
physical activity and sleep medication (yes/no). In Model 3 we additionally adjusted
for BMI and sleep apnea. In the analyses for sleep quality we did not adjust for sleep
medication in Models 2 and 3, as this is a component of the PSQI total score.

55




Chapter 3.1

RESULTS

Characteristics of the study population

In total, after exclusion of non-eligible participants, this study comprised 4,260
participants with a mean age of 55 (SD 6.0) years, of whom 46% were men. As
compared with the medium sleep group (40%), there were more men in both the
shortest (45%) and the longest (51%) sleep group (Table 1). Less individuals had higher
education in both the shortest sleep group (39%) and the longest sleep group (36%)
than in the medium sleep group (51%). More participants used sleep medication in
the shortest (14%) and longest sleep group (7%) as compared with the medium sleep
group (4%). HTGC was higher both in the shortest sleep group (6% [2.5;10.5]) and in
the longest sleep group (4% [2.0;7.4]) than the medium sleep group (2%, [1.2;5.1]). All
other studied characteristics were similar between the groups.

Associations between sleep duration and fasted and postprandial lipids

In the analyses adjusted for age and sex (Model 1), shortest sleep duration was
associated with a 1.52 (95%Cl: 1.04-2.24) fold higher HTGC as compared with the
medium sleep group (Figure 2 and Online Supplementary Table 1). This association
persisted after adjustment for potential confounding factors (Model 2). However,
the association between shortest sleep and higher HTGC disappeared after we
additionally adjusted for BMI and sleep apnea in Model 3 (ratio of 1.00 (95%Cl: 0.68-
1.45). There were no associations between short and long sleep duration and total
cholesterol, LDL-cholesterol, HDL-cholesterol, triglycerides or AUC of triglycerides.

Associations between sleep quality and fasting and postprandial lipids

A poor sleep quality (PSQI total score 5-10; Figure 3 and Online Supplementary
Table 2) was associated with 1.07 (95%Cl: 1.01;1.13) fold increased serum triglyceride
level in the analyses (age and sex adjusted) as compared with good sleep quality
(PSQI score <5). Adjustment for potential confounding factors (Model 2) did not
materially change the results (ratio 1.06 (95%Cl: 1.00;1.11)), but when we additionally
adjusted for BMI and sleep apnea (Model 3), the association between poor sleep
quality and serum triglycerides disappeared (ratio 1.04 (95%Cl: 0.99;1.09). Poor
sleep quality was associated with a 1.24 (95% Cl: 1.04:1.49) fold increased HTGC
as compared with good sleep quality in Model 1, which persisted in Model 2 (ratio
1.21 (95%Cl: 1.01;1.45)). However, after additional adjustment for BMI and sleep
apnea (Model 3) the association disappeared (ratio 1.08 (95%Cl: 0.91;1.27)). Worst
sleep quality (PSQI = 10) was associated with a 1.10 (95% Cl: 1.02;1.18) fold increased
fasting serum triglyceride level as compared with good sleep quality in Model 1.
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This association persisted in Model 2 (ratio 1.08 (95%Cl: 1.00;1.16), but the association
disappeared in Model 3 (ratio 1.01 (95%Cl: 0.99;1.09). There were no associations

between sleep quality and total cholesterol, LDL-cholesterol, HDL-cholesterol or

AUC of triglycerides.

Table 1. Characteristics of participants in the Netherlands Epidemiology of Obesity study, stratified

by sleep duration (N=4,260)

3.1

Sleep duration Shortest ~ Short Medium  Long Longest
0-5% 5-20% 20-80%  80-95%  95-100%
Age (years) 57 (5) 57 (5) 55 (6) 54 (6) 57 (6)
Sex (% men) 45 47 40 41 51
BMI (kg/m2) 27 (5) 26 (5) 26 (4) 26 (4) 26 (5)
Ethnicity (% white) 90 93 96 96 93
Education (% high) 39 43 51 48 36
Smoking (% current) 19 14 16 17 19
Sleep medication (%) 14 9 4 5 7
Alcohol consumption (g/day) 12(322) 10(322) 10(321)  9(221) 9(0;21)
Physical activity (MET-h/week) 25(12,44) 30(16,47) 30(17,50) 32(16;52) 30 (15,51)
Sleep duration (h/day) 5(45) 6 (6:6) 7 (7:8) 8(8:8) 9(9:9)
PSQl (total score) 11(9:13)  7(510) 4(3:6) 3(24) 3(25)
Sleep apnea (%) 33 26 16 16 22
Fasting total cholesterol (mmol/L) 6 (1) 6 (1) 6 (1) 6 (1) 6 (1)
Fasting LDL-cholesterol (mmol/L) 4 (1) 4 (1) 4(1) 4 (1) 4 (1)
Fasting HDL-cholesterol (mmol/L)  2(1) 2(1) 2(1) 2(0) 2(0)
Fasting triglycerides (mmol/L) 1(1;2) 1(1,2) 1(1;1) 1(1,2) 1(1;1)
Triglycerides 30 min (mmol/L) 1(1,2) 1(1,2) 1(1,2) 1(1,2) 1(1,2)
Triglycerides 120 min (mmol/L) 2(13) 2(1;2) 2(12) 2(12) 2(12)
AUC Triglycerides* 48 (28;77) 48(26;73) 46 (26,66) 46 (27,68) 44 (26;68)
Hepatic triglyceride content (%) 6 (3:11) 3(2,6) 2(15) 2 (1,6) 4(2;8)

Abbreviations: AUC, area under the curve; BMI, body mass index; HDL, high-density lipoprotein;
kJ, kilojoule; LDL, low-density lipoprotein; MET, metabolic equivalents of task; NEO, Netherlands
Epidemiology of Obesity; PSQI, Pittsburgh Sleep Questionnaire Index. Results were based
on analyses weighted towards the BMI distribution of the general Dutch population. Data
presented as mean * standard deviation (SD); proportion (%); median (25"-75" percentile). *,

N=4,037; ", N=1,272.
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Figure 2. Associations between sleep duration and A) TC, B) LDL-cholesterol, C) HDL-cholesterol, D) TG,
E) AUC of TG and F) hepatic triglyceride content (HTGC). The medium sleep duration group is used as
reference category in linear regression analyses. Results are presented as ratios with accompanying
95% confidence intervals, linear regression coefficients of the log transformed outcomes were back
transformed in order to present ratios. The ratio reflects the relative change to provide an indication
of the fold change of the outcome as compared to the reference category. Results were based on
analyses weighted towards the BMI distribution of the general Dutch population. Model 1: adjusted for
age and sex; Model 2: adjusted for age, sex, ethnicity, education level, smoking, alcoholintake, caloric
intake and physical activity; Model 3: adjusted for Model 2 + sleep apnea and BMI. Abbreviations:
AUC, area under the curve; Cl, confidence interval; HDL, high-density lipoprotein; HTGC, hepatic
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Figure 3. Associations between sleep quality and A) TC, B) LDL-cholesterol, C) HDL-cholesterol, D)
TG, E) AUC of TG and F) HTGC. The good sleep quality group is used as reference category in
linear regression analyses. Results are presented as ratios with accompanying 95% confidence
intervals, linear regression coefficients of the log transformed outcomes were back transformed
in order to present ratios. The ratio reflects the relative change to provide an indication of the fold
change of the outcome as compared to the reference category. Results were based on analyses
weighted towards the BMI distribution of the general Dutch population. Model 1: adjusted for age
and sex; Model 2: adjusted for age, sex, ethnicity, education level, smoking, alcoholintake, caloric
intake and physical activity; Model 3: adjusted for Model 2 + sleep apnea and BMI. AUC, area
under the curve; Cl, confidence interval; HDL, high-density lipoprotein; HTGC, hepatic triglyceride
content; LDL, low-density lipoprotein; Ref, reference category.
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DISCUSSION

The present study aimed to address the associations between sleep duration and
quality with hepatic triglyceride content (HTGC) and serum lipid levels in a cohort of
4,260 middle-aged individuals. When analyses were adjusted for age and sex, we
observed an association between shortest sleep duration with higher HTGC. Moreover,
poor sleep quality was associated with higher fasting serum triglyceride levels and
higher HTGC than good sleep quality. However, all observed associations disappeared
after additional adjustment for BMI and sleep apnea.

In previous research it has been shown that both short and long sleep duration, or
only short or long sleep duration were associated with cardiovascular risk and
cardiovascular risk factors3 . We hypothesized that these discrepant findings could
be explained by differences in the considered confounding factors, which includes the
adjustment for the confounding factors BMI and sleep apnea™® . In agreement, in our
study, when adjusted for age and sex, short sleep duration was associated with higher
serum triglyceride levels. When we additionally adjusted for ethnicity, education level,
smoking, alcohol intake, caloric intake and physical activity, this association remained..
However, this association disappeared after additional adjustment for BMI and sleep
apnea. Similar, we observed an association between poor sleep quality and higher
serum triglyceride levels and HTGC after adjustment for classical confounders, however,
again these associations disappeared after additional adjustment for BMI and sleep
apnea. In agreement, in a cohort study comprising 503 adults, it has been observed that
there was no association between poor sleep quality and lipid profile after adjustment
for covariates including BMI and sleep apnea risk™.

In contrast to our findings, a study of Anujuo et al33 did not observe an association
between short sleep duration and higher triglyceride levels in neither of their analyses
(adjusted for only age and sex, or other confounding factors including BMI) in a
population consisting of 2,146 participants of Dutch origin. One of the explanations for
these discrepant findings could be the different cut-off point used for determining short
sleep duration, which was <7 hours based on the small number of individuals with very
short sleep duration. Therefore, the group defined as “short sleep” might not be sleeping
sufficiently short to observe clinical relevant associations with lipid levels.

Questions regarding the direction of the observed associations remain to be elucidated.
In this study we considered BMI and sleep apnea as potential confounding factors,
suggesting that BMI and sleep apnea are a common cause of alterations in sleep and
in lipid metabolism. Alternatively, sleep duration might have a causal effect on BMI and
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sleep apnea meaning that BMI and sleep apnea may mediate the association between
sleep and cardiovascular risk factors. In this case the observed associations between
sleep duration/quality and serum and hepatic lipid profile in the present study may be
underestimated.

There are several biological pathways that could link sleep duration and quality to CVD.
For example, a short sleep duration might have an adverse effect on cardiovascular
health via increased cortisol levels and/or inflammatory mediators through higher
sympathetic nervous system activity®. In addition, a genome-wide association study
on total sleep duration suggests that there is also a shared genetic component between
insomnia symptoms and a higher BMI, waist circumference and insulin resistance,
which have all been associated with a higher risk of developing CVD3%. Moreover, a
shorter sleep duration has been associated with altered levels of leptin and ghrelin
and a higher craving for carbohydrate-rich foods3® 3. These are possible mechanisms
via which alteration in sleep could lead to obesity and obesity-related disorders. Both
obesity and sleep apnea are shown to be associated with high circulating lipids and a
higher incidence of coronary heart disease® . Moreover, obesity is a risk factor for non-
alcoholic liver disease (NAFLD)®. It was shown that a higher HTGC was associated with
a higher risk of myocardial dysfunction, as characterized by a lower diastolic function in
the NEO study population, however, only in obese individuals®. Also, it was shown that
obstructive sleep apnea (OSA) is prevalent in 60% of NAFLD patients, and that OSA may
contribute to progression of NAFLD@ 20, OSA is thought to exert an effect via different
mechanisms (e.g. inflammation, oxidative stress and intermittent hypoxia)”” and can be
treated with continuous positive airway pressure (CPAP)3®. This supports our hypothesis
that sleep apnea and BMI affect the relation between short sleep duration and poor
sleep quality with CVD. Our findings support the idea of weight loss and sleep apnea
screening in individuals with short sleep duration and poor sleep quality in order to
contribute to prevention of cardiovascular disease onset. Nevertheless, the individual
contributions of sleep, sleep quality, circadian rhythm, and other lifestyle adaptations
and their interrelations are complex and difficult to assess separately and at least require
prospective analyses in large populations.

A strength of this study is the use of residuals as a determinant for sleep duration. By
using the residuals we obtained a classification of sleep duration which is independent of
age and sex. One of the other strengths of this study is the extensive phenotyping of the
NEO study which enables us to correct for a broad range of possible confounding factors
(e.g. ethnicity, physical activity and risk of sleep apnea). Moreover, previous studies used
different questionnaires to assess sleep duration and sleep quality, which may result in
inconclusive results. Therefore, we have used the PSQI questionnaire, which is a widely
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used and validated too to assess sleep disturbances 3°. However, the present study
also has some limitations. First, inherent to the observational cross-sectional design,
whereby we are not able to exclude reverse causation or residual confounding in this
study. Second, we used subjective sleep questionnaires to assess sleep duration and
sleep quality and the risk of sleep apnea. Self-reported data is subject to recall bias,
whereby participants may either under- or over-report their sleep duration and their
quality of sleep. There may be a measurement error which results in non-differential
misclassification for the exposure. However, the Pittsburgh sleep quality index was
shown to be a reliable and validated tool to assess sleep dysfunction 3. Moreover,
although the risk of sleep apnea is self-reported using the Berlin questionnaire, this
tool has also been validated in several populations and showed the highest specificity
to detect mild and severe OSA in patients from sleep clinics, as compared to other OSA
screening questionnaires4.

In conclusion, we observed that shorter sleep duration and poorer sleep quality were
associated with an adverse lipid profile. However, all observed associations disappeared
after additional adjustment for BMI and sleep apnea, indicating that BMI and risk of
sleep apnea, likely confound previously observed associations and should therefore
be considered in future studies.
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ABSTRACT

Evidence whether habitual sleep duration and sleep quality are associated with insulin
resistance is inconsistent. Therefore, we aimed to investigate the associations between
different measures of habitual sleep with glycemic traits by cross-sectional as well
as Mendelian Randomization analyses. Using a cross-sectional study design in 4,672
middle-aged (45-65 years; 48% men) non-diabetic participants of the Netherlands
Epidemiology of Obesity (NEO) study, we assessed the associations of sleep duration
and sleep quality with glycemic traits using multivariable linear regression models
adjusted for demographics, anthropometrics and lifestyle factors. Genetic variants
for total, short and long sleep duration were used as instrumental variables in two-
sample Mendelian Randomization analyses using summary-level data of genome wide
association studies on glycemic traits in individuals without diabetes in a cohort of
European ancestry (MAGIC; n=58,074). Compared with medium sleepers (median 7.0
hours of sleep per night), the shortest sleepers (median 5.0 hours of sleep per night)
had 14.5% (95% confidence interval (Cl): 2.0-28.6%) higher fasting insulin level and 16.3%
(95% ClI: 2.7-31.7%) higher HOMA-B. Bad sleep quality as compared with good sleep
quality was associated with higher insulin resistance (e.g., 14.3% (95% Cl: 4.7-24.9%)
higher HOMA-IR). All these associations disappeared after adjustment for BMI and
the risk of sleep apnea. Mendelian Randomization analyses did not indicate a causal
association between total, short or long sleep duration and glycemic traits. Therefore,
we conclude that measures of habitual sleep duration and sleep quality as applied in
our study are unlikely to causally associate with insulin resistance.
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INTRODUCTION

During the past decades obesity and conditions that reflect disturbances in metabolism
have increased! Multiple studies assessed the association between measures of
habitual sleep and metabolic diseases. In several studies, it has been observed that
both short and long total sleep duration were associated with a higher risk of obesity,
insulin resistance, diabetes mellitus and a higher body weight?® However, other studies
reported only short sleep duration and not long sleep duration to be associated with a
higher risk of obesity and metabolic syndrome 9. As total sleep duration has decreased
over the past decades®, studies in this area are of increasing importance.

Several factors could contribute to the discrepancy in the observed associations
between sleep duration and insulin resistance. For example, most studies investigated
only short sleep duration 2%, or short sleep duration under artificial circumstances? 3,
which might not resemble habitual short sleep duration. Another explanation might
be adjustments for confounding factors. Body mass index (BMI) is known on one hand
to be one of the largest risk factors for insulin resistance and diabetes while on the
other hand it is associated with shorter sleep duration®. In a study in adolescents,
an association between shorter sleep duration and insulin resistance was observed,
however, this association disappeared after adjustment for BMI¥. Although related to
BMI, another potential confounding factor is the presence of obstructive sleep apnea
(OSA). The presence of OSA was demonstrated to be associated with a higher risk of
insulin resistance and diabetes®*®. However, most of the previous performed studies did
not adjust for OSA# e.10.19-21

The question remains to what extent the previously described associations between
sleep duration with insulin resistance were confounded by BMI and OSA. Besides sleep
duration, poor sleep quality is associated with higher presence of obesity, metabolic
syndrome and diabetes?*23. However, studies examining poor sleep quality have mainly
been performed in patients with diabetess 2324 If assessed in non-diabetic individuals,
artificially altered sleep quality was studied by e.g. suppressing slow-wave sleep??, which
does not resemble habitual poor sleep quality. Moreover, methods to assess sleep
quality differed between studies. For example, some studies used only a single question
about difficulty of initiating or maintaining sleep?®, while others used the Pittsburgh Sleep
Quality Index (PSQI) questionnaire or other questionnaires® . These different methods
to assess sleep quality complicate comparability among these studies.
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Based on earlier studies we hypothesized that both short sleep duration and bad
sleep quality are associated with higher insulin resistance, but this association is likely
dependent on anthropometric traits like BMI and the risk of sleep apnea. We aimed to
examine this hypothesis in a middle-aged non-diabetic population embedded in the
Netherlands Epidemiology of Obesity (NEO) study?®. Furthermore, we extended this
study with a two-sample Mendelian Randomization (MR) analysis to provide evidence
whether the association between sleep duration and insulin resistance is causal using
data of the Meta-Analyses of Glucose and Insulin-Related Traits Consortium (MAGIC).
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METHODS

Study design and study population

The Netherlands Epidemiology of Obesity (NEO) study is a population-based cohort
study. Participants were recruited from September 2008 until September 2012, resulting
in a cohort of 6,671 individuals with an oversampling of individuals with overweight or
obesity. Men and women aged between 45 and 65 years with a self-reported body mass
index (BMI) of 27 kg/m? or higher living in the greater area of Leiden were eligible to
participate in the NEO study. In addition, all inhabitants aged between 45 and 65 years
from one municipality (Leiderdorp) were invited irrespective of their BMI, allowing for a
reference distribution of BMI. Baseline data were collected at the NEO study center of
the Leiden University Medical Center (LUMC). Prior to the NEO study visit, participants
completed a questionnaire about demographic and clinical information and fasted for at
least 10 hours. Participants came to the research site in the morning to undergo several
baseline measurements including anthropometric measurements and blood sampling.
The participants drank a liquid mixed meal where after postprandial blood sampling was
performed. All medication used in the month preceding the visit to the study center was
recorded by research nurses. More detailed information on the study design and data
collection was described elsewhere 28 The NEO study was approved by the medical
ethics committee of the LUMC and all participants gave written informed consent.

In the present study, we excluded participants with missing data on the PSQI
questionnaire (N=1,402), which was collected in participants enrolled in NEO after July
2009. Moreover, we excluded participants that used glucose lowering medication
(N=263), had a medical history of diabetes mellitus (N=77), had missing baseline
characteristics (N=132), had missing glucose or insulin concentrations (N=48), had
missing data on the Berlin questionnaire (N=57) or were not fasted (N=20). In the analyses
with the postprandial measures, we additionally excluded participants with incomplete
or no liquid mealintake (N=8) and participants with either missing postprandial glucose
(N=153) or postprandial insulin concentrations (N=78).

Sleep characteristics

To assess habitual sleep duration and sleep quality, we used data collected with the
PSQI 29, which is a self-rated questionnaire, to retrospectively measure sleep parameters
over a one month time period. Total sleep duration was derived from the question “On
an average night, how much sleep do you get?". To obtain a classification of short and
long total sleep duration, we calculated the age- and sex- adjusted residuals with linear
regression analysis for total sleep duration and determined subgroups on the basis of
these residuals. We used the 5" lowest percentile to define shortest sleep, the 51 till
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20" percentile to define short sleep, the 20" till 80" to define medium sleep, the 8o
till 95 to define long sleep and the g5™ till 100" percentile to define longest sleep of
the adjusted residuals. Sleep quality was assessed using the total score of the PSQI
questionnaire. The questionnaire consists of seven components based on which an
overall score can be calculated ranging from 0 to 21, in which a higher score indicates
a poorer sleep quality 2. In the sleep quality analyses, the good sleep quality group
(PSQI total score <5) was used as a reference group in linear regression analyses with
two groups with either a PSQI total score of >5 or 210, the latter in order to investigate a
more extreme disturbed habitual sleep.

Glycemic traits

After an overnight fast of at least 10 hours, fasting blood samples were taken at the
study center. Within 5 minutes after the first blood sample was taken, participants
drank a liquid mixed meal. This meal (400 mL) contained 600 kcal, with 16% of energy
derived (En%) from protein, 50% En% from carbohydrates and 34 En% from fat. Two
postprandial blood samples were taken at 30 and 150 minutes after ingestion of the
mixed meal. Serum and plasma was collected during each of the three blood draws
and concentrations of glucose and insulin were determined. Fasting plasma glucose
concentrations were determined by enzymatic and colorimetric methods (Roche
Modular Analytics P800, Roche Diagnostics, Mannheim, Germany; CV < 5%) and serum
insulin concentrations were determined by an immunometric method (Siemens
Immulite 2500, Siemens Healthcare Diagnostics, Breda, The Netherlands; CV < 5%).
All analyses were performed in the central clinical chemistry laboratory of the Leiden
University Medical Center. Fasting glucose and insulin levels were used to calculate the
Homeostatic Model Assessment of Insulin Resistance (HOMA-IR) index as a marker for
hepatic insulin resistance. The HOMA-IR was calculated using (fasting insulin * fasting
glucose) / 22.5. HOMA of B-cell function (HOMA-B) was used as a marker that indicates
basal insulin release, and calculated as 20 " (fasting insulin / fasting glucose) - 3.5 3°3,
The area under the curve (AUC) for postprandial overall glucose and insulin levels was
calculated using the Trapezoid Rule as (15 " fasting concentration + 75 * concentration
+ 60 " concentration )/ 150 %,

150min

3omin

Covariates

Level of education was reported in 10 categories according to the Dutch education
system and grouped into high versus low education 2. A semi-quantitative food frequency
questionnaire (FFQ) 3 questionnaire was used to assess daily total energy intake. Energy
intake was estimated from the FFQ with the 2011 version of the Dutch food composition
table (NEVO-2011). Participants reported the frequency and duration of their physical
activity in leisure time using the Short Questionnaire to Assess Health-enhancing
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physical activity (SQUASH) 34, which was expressed in hours per week of metabolic
equivalents (MET-h/week). Body weight was measured without shoes and one kilogram
(kg) was subtracted to correct for the weight of clothing. BMI was calculated by dividing
the weight in kilograms by the height in meters squared. The Berlin questionnaire was
used to assess the risk for the presence of obstructive sleep apnea syndrome 3, This
questionnaire consists of 10 questions that form three categories (snoring (category 1),
daytime somnolence (category 2) and hypertension and BMI (category 3)) related to the
likelihood of the presence of sleep apnea. Individuals can be classified as either having
a high (2 or more categories with a positive score) or low likelihood of the presence of
sleep apnea (only 1 or no categories with a positive score).

Statistical Analysis

Because individuals with a BMI of 27 kg/m? or higher were oversampled in the NEO study,
adjustments were made to correctly represent associations in the general population 3°.
This was done by weighting individuals towards the BMI distribution of participants from
the Leiderdorp municipality ¥, whose BMI distribution was similar to the BMI distribution
of the general Dutch population. All presented results are based on weighted analyses
3, Consequently, the results apply to a population-based study without oversampling of
participants with a BMI of 27 kg/m? or higher. We performed all statistical analyses of the
NEO cohort using Stata version 12.1 (Stata, College Station, Texas, USA).

Baseline characteristics were expressed as means (with standard deviation, SD) for
normally distributed measures, median with inter-quartile ranges for non-normally
distributed measures, and proportions for categorical variables. Not normally distributed
outcomes were log-transformed to approximate a normal distribution (notably fasting
insulin, HOMA-IR, HOMA-, AUC insulin). In order to present the results with a similar
interpretation, normally distributed outcomes (notably fasting glucose and AUC
glucose) were log-transformed as well. Linear regression analyses using the medium
sleep category (characterized by 20™ till 80™ percentile of sleep duration residuals)
as reference group were performed. The subsequent beta regression coefficients are
expressed as percentages with accompanying 95% confidence interval (95% CI), which
can be interpreted as the percentage change in outcome with respect to the reference
group. The initial model in linear regression analyses was adjusted for age and sex
(Model 1). In addition to age and sex, we adjusted in Model 2 for ethnicity (white/other),
education level (high/other), smoking (never/former/current), alcohol consumption
(g/day), energy intake (kJ/day), physical activity (MET/h/week) and sleep medication
(yes/no). In Model 3 we additionally adjusted for sleep apnea (high risk/low risk) and
BMI (kg/m3). In the analyses for sleep quality we did not adjust for sleep medication in
Model 2 and Model 3, as this is a component of the PSQI total score.
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Mendelian Randomization analysis

For the MR analysis, we selected 78 single nucleotide polymorphisms (SNPs) that
have been shown to associate with self-reported total sleep duration (p-value < 5e)
as genetic instruments from the largest genome-wide association study (GWAS; source:
UK Biobank, 446,118 unrelated European-ancestry individuals 3). Moreover, we selected
27 SNPs associated with short sleep duration (<7 hours; n = 106,192 cases) and 8 SNPs
associated with long sleep duration (29 hours; n = 34,184 cases) relative to 7-8 hours of
sleep duration (n = 305,742) .

Summary statistics data of GWAS on glycaemic traits were used as outcomes in a
two-sample MR approach. We used data from MAGIC, which comprised of a meta-
analysis of European ancestry studies that investigated genetic variants associated with
glycemic traits. For fasting glucose and fasting insulin, we used the GWAS of Manning
et al. (2012)*° which included a total of 58,074 and 51,570 individuals without diabetes
mellitus, respectively. In addition, we used HOMA-IR and HOMA-B as measures of
insulin resistance (n = 46,186) “.

For the two-sample MR analyses, we used similar methodology as have been described
previously 42 In short, we combined effects of the individual genetic instruments using the
inverse variance weighted (IV\W) approach as our main analysis method with MRCIEU/
TwoSampleMR package in R 3. The resulting estimate (presented with accompanying
95% Cl) can be interpreted as a weighted mean effect of genetically determined increase
in total sleep duration (per hour) and a higher risk for short or long sleep duration on our
study outcomes. In order to formally test for potential pleiotropic effects of the genetic
variants, in which the genetic variants have pleiotropic effects that influence glycemic
traits via alternative pathways, we conducted MR-Egger regression as sensitivity analysis
44, We furthermore conducted weighted median estimator (WME) analyses; similarity
between the IVW and WME effect estimates are indicative of robustness of the results 4.
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RESULTS

Baseline characteristics

In the present study we included a total of 4,672 participants with a mean age of 56
(SD 6.0) years, of whom 48% was men. In Table 1 the population characteristics are
presented for the study population, stratified by the sleep duration groups. As compared
with the medium sleep group (sleep duration = 7 h/day), participants in the shortest
sleep group (sleep duration = 5 h/day) were more of non-white ancestry (96% vs. 90%),
had a lower education (50% high vs. 39% high), higher BMI (26 vs. 27 kg/m?), smoked
more (16% vs. 18%), were less physically active (31 vs. 25 MET/h/week), used more sleep
medication (4% vs. 14%), had a higher PSQI total score (4 vs. 11) and had a higher risk of
having sleep apnea (17% vs. 35%). In the shortest sleep group fasting insulin, HOMA-3
and AUC of insulin were higher than in the medium sleep group. As compared with the
medium group, the longest sleep duration group consisted of more men (42% vs. 53%),
more current smokers (16% vs. 20%), less high-educated participants (50% vs. 36%), more
frequent use of sleep medication (4% vs. 7%) and more participants with a higher risk of
having sleep apnea (17% vs. 24%) as compared with the medium sleep group. All other
characteristics were similar between the groups.

Sleep duration and glycemic traits

In the analyses adjusted for age and sex (Model 1), shortest sleep was associated with a
17.9% (95%Cl: 4.8;32.5%) higher fasting insulin, a 18.4% (95%Cl: 3.9;34.9%) higher HOMA-IR,
a 18.8% (95%Cl: 4.9:34.7%) higher HOMA- and a 17.5% (95%Cl: 7.9,28.0%) higher AUC for
insulin as compared with the medium sleep group (Figure 1 and Online Supplementary
Table 1). When we adjusted for potential confounding factors (Model 2), shortest sleep
duration was associated with a 14.5% (95%Cl: 2.0,28.6%) higher fasting insulin, a 14.9%
(95%Cl: 1.0;30.7%) higher HOMA-IR, a 16.3% (95%Cl: 2.7;31.7%) higher HOMA- and a 14.5%
(95%Cl: 4.9:24.9%) higher AUC of insulin. However, the associations between shortest
sleep duration and HOMA-IR attenuated when analyses were adjusted for considered
potential confounding factors (Model 2). When we additionally adjusted for BMI and risk
of sleep apnea (Model 3) the other associations observed for shortest sleep duration
disappeared. However, in Model 3, longest sleep was associated with a -16.3% (95%Cl:
-20.6;-0.4%) lower HOMA-IR as compared with the medium sleep duration group. The
same attenuation of associations was observed when we adjusted separately for either
BMI or the risk of sleep apnea (Online Supplementary Table 1: Model 3 and 4).
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Table 1. Characteristics of participants in the Netherlands Epidemiology of Obesity studly, stratified
by sleep duration (N=4,672).

Sleep duration Shortest Short Medium Long Longest
0-5% 5-20% 20-80% 80-95% 95-100%
Age (years) 57 (5] 58 [5] 55 (6] 54 (6] 58 6]
Sex (% men) 45 49 42 43 53
BMI (kg/m3) 27 (5] 26 [4] 26 (4] 26 [4] 26 [5]
Ethnicity (% white) Q0 94 Q6 06 94
Education (% high) 39 41 50 48 36
Smoking (%scurrent) 18 14 16 16 20
Sleep medication (%) 14 10 4 5 7
Alcohol consumption (g/day) 12 [3;22] 11 [3;22] 10 [3;21] g [2;21] 11 [1;23]

Physical activity (MET/h/week) 25 [12;44] 30 16,501  31l17:51] 32 [15,52] 30 [16;49]

Sleep duration (h/day) 5451 6 16,61 7 (7.8 818:8] 9lg9l
PSQl (total score) 11 [9:13] 7 1591 413:6] 314l 315l
Sleep apnea (%) 35 25 17 17 24
Fasting glucose (mmol/L) 6 [1l 6 [2] 6 [1l 6 [1] 6 [2]
Fasting insulin (mmol/L) 9 [6:14] 8 [6;12] 7 15:11] 7 15:11] 7 l4:12]
HOMA-IR 2 [1,4] 2 [1:3] 213 21,3 213
HOMA-B 28118421 26118401 24016371 25115361  251013:37]
AUC Glucose” 61l 6 (1] 6 [1l 6 1l 6 [1l
AUC Insulin# 47 134,621 411305571 38129531 38130541  41[26:61]

Abbreviations: AUC, area under the curve; BMI, body mass index; HOMA-[3, Homeostatic Model
of Assessment B-cell function; HOMA-IR, Homeostatic Model of Assessment Insulin Resistance;
kJ, kilojoule; MET, metabolic equivalents of task; NEO, Netherlands Epidemiology of Obesity;
PSQl, Pittsburgh Sleep Questionnaire Index. Results were based on analyses weighted towards
the BMI distribution of the general Dutch population. Data presented as mean #* standard
deviation (SD); proportion (%); median (25"-75" percentile). *, N=4,511; # N=4,586.
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Figure 1. Associations between sleep duration and A) fasting glucose, B) fasting insulin, C) HOMA-IR,
D) HOMA-B, E) AUC of glucose and F) AUC of insulin. Results were based on analyses weighted
towards the BMI distribution of the general Dutch population (N=4,672), and were derived
from regression coefficients with 95% confidence intervals from linear regression analyses and
expressed as percentage change in outcome measure, as compared with the medium sleep
duration group as reference category. Model 1: adjusted for age and sex; Model 2: adjusted for
age, sex, ethnicity, education level, smoking, alcohol intake, caloric intake and physical activity;
Model 3: adjusted for Model 2 + risk of sleep apnea and BMI. Abbreviations: AUC, area under the
curve; Cl, confidence interval; HOMA-IR, Homeostatic Model of Insulin Resistance; HOMA-,
Homeostatic Model of 3 cell function; Ref, reference category. N=4,511 for the analyses with AUC
Glucose and N=4,586 for the analyses with AUC Insulin.
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Sleep quality and glycemic traits

The associations between sleep quality and glycemic traits are visualized in Figure 2
and Online Supplementary Table 2. We did find evidence for an association between
poor sleep quality, as defined by a PSQl score of >5 and a 6.5% (95%Cl: 0.0;13.5%) higher
HOMA- 3 in Model 1 as compared with the good sleep quality group (PSQI score <5).
However, when we adjusted for potential confounding factors in Model 2, this association
disappeared (percentage change 5.1% (95%Cl: -1.1-11.8%). In the age and sex adjusted
analyses (Model 1), a PSQl score 210 was associated with a 16.9% (95%Cl; 7.6,27.1%) higher
fasting insulin, a 17.3% (95%Cl; 7.0;28.5%) higher HOMA-IR, a 18.6% (95%Cl: 8.4;29.7%) higher
HOMA-B and a 7.7% (95%Cl: 0.7;15.2%) higher AUC of insulin as compared with the good
sleep quality group. When we additionally adjusted for potential confounding factors
in Model 2, we observed a 14.1% (95%Cl: 5.3;23.7%) higher fasting insulin, a 14.3% (95%Cl:
4.7,24.9%) higher HOMA-IR, and a 15.7% (95%Cl: 6.0;26.4%) higher HOMA- in the group
with a PSQl total score of 210 as compared with the good sleep quality group. However,
all associations attenuated when we additionally adjusted for BMI and the risk of sleep
apnea. These associations attenuated in a similar manner when we adjusted the model
for only BMI or the risk of sleep apnea (Online Supplementary Table 2: Model 3 and 4).

Genetically-determined habitual sleep duration and glycemic traits

In order to assess whether the association observed between sleep duration and
glycemic traits (Model 1 and 2) is causal, we performed an MR study. We found no
evidence for an association between genetically determined total sleep duration,
short sleep duration and long sleep duration with glycemic traits using IV\W-analyses
(Table 2 and Online Supplementary Table 3). The WME analyses were consistent
with these results (Online Supplementary Table 3). However, we did find evidence
for an association between total sleep duration and a higher HOMA- B (IV\¥/-estimate:
0.08 [95%Cl: 0.01;0.014]). The estimate from WME analysis was consistent and MR-
Egger did not indicate the presence of directional pleiotropy in this analysis (Online
Supplementary Table 3).
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Figure 2. Associations between sleep quality and A) fasting glucose, B) fasting insulin, C) HOMA-IR,
D) HOMA-B, E) AUC of glucose and F) AUC of insulin. Results were based on analyses weighted
towards the BMI distribution of the general Dutch population (N=4,672), and were derived from
regression coefficients with 95% confidence intervals from linear regression analyses, using either
a group with a PSQI total score of >5 or 210, and expressed as percentage change in outcome
measure, as compared with the good sleep group as reference category. Model 1: adjusted for
age and sex; Model 2: adjusted for age, sex, ethnicity, education level, smoking, alcohol intake,
caloric intake and physical activity; Model 3: adjusted for Model 2 + risk of sleep apnea and BMI.
Abbreviations: AUC, area under the curve; Cl, confidence interval; HOMA-IR, Homeostatic Model
of Insulin Resistance; HOMA-, Homeostatic Model of 8 cell function; Ref, reference category.
N=4,511 for the analyses with AUC Glucose and N=4,586 for the analyses with AUC Insulin.
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Table 2. Inverse-variance weighted estimates for sleep duration on glycemic traits.

Total sleep Short sleep Long sleep
duration duration duration

SNPs Estimate [95%Cll  SNPs  Estimate [95%Cll  SNPs  Estimate [95%Cl]

Fasting glucose 45 -0.03 [-0.11,0.06] 20 -0.09 [-0.19,0.01] 5 -0.05 [-0.24;0.13]
Fasting Insulin 45 0.01[-0.04,0.071 20 -0.01[-011,008] 5 -0.06 [-0.36,0.23]
HOMA-IR 53 0.07 [-0.01,015] 20 0.04[-0.08,015] 5 -0.011-0.47,0.45]
HOMA-B 53 0.08 [0.01,0.14] 20 0.09 [-0.01,0.10] 5 0.09 [-0.26;0.45]

Data presented as odd ratios (type 2 diabetes) or beta coefficients with 95% confidence interval
per standard deviation increase in exposure.
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DISCUSSION

In the present study, we performed a cross-sectional analysis in a middle-aged
population of 4,519 non-diabetic participants to determine the associations between
habitual sleep duration and sleep quality with glycemic traits. When analyses were
adjusted for age and sex, shortest sleep duration was associated with higher fasting
insulin, higher HOMA-IR, higher HOMA-B and higher AUC of insulin. Poorer sleep
quality was associated with higher fasting insulin, higher HOMA-IR, higher HOMA-{3
and higher AUC of insulin. However, all these associations disappeared after additional
adjustment for BMI and the risk of sleep apnea. Furthermore, in the MR analyses, we,
overall, did not observe associations between genetically-determined total, short and
long sleep duration and glycemic traits. Of interest, we found some evidence that longer
genetically-determined sleep duration was associated with a higher HOMA-.

Previous studies showed that both short and long sleep duration, or only short sleep
duration were associated with a higher risk of obesity, body weight, insulin resistance,
and diabetes mellitus 2% ¢ We hypothesized that these differences in findings may
be explained by confounding factors such as BMI and sleep apnea. In agreement, in
the age- and sex-adjusted analyses we observed associations between shorter sleep
duration and higher insulin resistance which disappeared when we additionally adjusted
for BMI and the presence of sleep apnea. Our findings are in agreement with a study
of Javaheri et al. who also observed an association between short sleep duration and
insulin resistance, which disappeared after adjustment for obesity 7. In line, our MR study,
genetically-determined sleep duration was, in general, not associated with glycemic
traits, indicating that there is no direct effect of sleep on glycemic traits. However, it
has been observed that there is a shared genetic component between sleep and
anthropometrics 6. Moreover, adiposity has been shown to be causally associated with
an increased risk of diabetes and altered glycemic traits 5. Therefore, we hypothesize
that excess adiposity is a common cause for alterations in habitual sleep and insulin
resistance, instead of being in the causal path of this association.

An alternative explanation for these observations is that BMI/risk of sleep apnea is in
the causal pathway between shorter sleep duration and increased insulin resistance. It
was shown that sleep restriction reduces leptin levels and enhances ghrelin levels and
thereby increases cravings for carbohydrate-rich foods which may result in weight gain
47, Another mechanism that links short sleep duration with insulin resistance might be
via obstructive sleep apnea (OSA). It was demonstrated that patients with OSA showed
increased insulin resistance compared with controls without OSA, independent of
obesity 48 These might indicate that, although obesity is known to effect insulin resistance
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5. OSA may have an independent additional effect on insulin resistance possibly via
nocturnal hypoxemia 4. A GWAS of Lane et al. on total sleep duration suggested that
there is a shared genetic component between sleep duration and energy metabolism
4 which demonstrates that the genetic background of an individual may also interfere
with altered sleep duration and energy metabolism.

One of the strengths of this study is the use of residuals to determine the sleep duration.
As no clear cut-off for short and long sleep exists in literature, using residuals is a good
way to harmonize grouping of sleep duration among studies. Moreover, heterogeneity
of future meta-analyses and systematic reviews might benefit from using this
methodology. Another strength of this study is the extensive phenotyping of the NEO
study. This enables us to correct for a broad range of possible confounding factors, such
as ethnicity, physical activity, BMI, and risk of sleep apnea. In addition, we have used the
PSQI questionnaire, which is a widely used validated tool to assess sleep disturbances.
Alimitation of the present study is the cross-sectional design, therefore, we are not able
to exclude reverse causation or residual confounding in this study. Another limitation
of this study is the use of subjective sleep questionnaires to assess sleep duration,
sleep quality and the risk of sleep apnea. One of the drawbacks of self-reported data is
the fact that this data is subject to recall bias. Moreover, there may be a measurement
error resulting in non-differential misclassification for the exposure. Therefore, the use
of a sleep diary may improve reliability of the measures of habitual sleep. However, the
PSQIl questionnaire has been shown to be a reliable and validated tool to assess sleep
dysfunction and the Berlin questionnaire, used to assess the risk of sleep apnea, has
been shown to be validated to detect mild and severe OSA in several populations 55,
The MR study has the advantage of being a highly efficient method that allows for usage
of large sample sizes, however, although we used the largest GWAS to date, we cannot
rule out the use of weak instruments. The 78 loci used in the current study explained
0.69% of the variance in sleep duration. Moreover, the amount of genetic instruments
that were present in this current study, especially for long sleep duration, was minimal.
Finally, the identification of the genetic variants as well as the MR study were both
performed in cohorts of European ancestry, which hampers the generalizability to non-
European populations.

In summary, shorter sleep duration and poorer sleep quality were associated with higher
insulin resistance, but these associations were dependent on BMI and the risk of sleep
apnea. Both BMI and the risk of sleep apnea thereby likely explain previous observed
associations between adverse habitual sleep and an increased risk of insulin resistance,
suggesting that these factors should therefore be considered in future studies.
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ABSTRACT

Both short and long sleep are associated with an adverse lipid profile, likely through
different biological pathways. To provide new insights in the biology of sleep-associated
adverse lipid profile, we conducted multi-ancestry genome-wide sleep-SNP interaction
analyses on three lipid traits (HDL-c, LDL-c and triglycerides). In the total study sample
(discovery + replication) of 126,926 individuals from 5 different ancestry groups, when
considering either long or short total sleep time interactions in joint analyses, we
identified 49 novel lipid loci, and 10 additional novel lipid loci in a restricted sample
of European-ancestry cohorts. In addition, we identified new gene-sleep interactions
for known lipid loci such as LPL and PCSK9. The novel gene-sleep interactions had a
modest explained variance in lipid levels: most notable, gene-short-sleep interactions
explained 4.25% of the variance in triglyceride concentration. Collectively, these
findings contribute to our understanding of the biological mechanisms involved in
sleep-associated adverse lipid profiles.
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INTRODUCTION

Dyslipidemia is defined as abnormalities in one or more types of lipids, such as
high blood LDL-cholesterol (LDL-c) and triglyceride (TG) concentrations and a low
HDL-cholesterol (HDL-c) concentration. High LDL-c and TG are well-established
modifiable causal risk factors for cardiovascular disease3, and therefore are a
primary focus for preventive and therapeutic interventions. Over 300 genetic loci
have been identified to be associated with blood lipid concentrations+*°. Recent
studies showed that only 12.3% of the total variance in lipid concentration is explained
by common single nucleotide polymorphisms (SNPs), suggesting additional lipid
loci could be uncovered *. Some of the unexplained heritability may be due to the
presence of gene-environment and gene-gene interactions. Recently, high levels of
physical activity were shown to modify the effects of four genetic loci on lipid levels®,
an additional 18 novel lipid loci were identified when considering interactions with
high alcohol consumption®, and 13 novel lipid loci were identified when considering
interaction with smoking status®, suggesting that behavioral factors may interact
with genetic loci to influence lipid levels.

Sleep is increasingly recognized as a fundamental behavior that influences a wide range
of physiological processes®. A large volume of epidemiological research implicates
disturbed sleep in the pathogenesis of atherosclerosis®®, and specifically, both a long
and short sleep duration are associated with an adverse blood lipid profile®26, However,
it is unknown whether sleep duration modifies genetic risk factors for adverse blood
lipid profiles. We hypothesize that short and long habitual sleep duration may modify
genetic associations with blood lipid levels. The identification of SNPs involved in such
interactions will facilitate our understanding of the biological background of sleep-
associated adverse lipid profiles.

We investigated gene-sleep duration interaction effects on blood lipid levels as part
of the Gene-Lifestyle Interactions Working Group within the Cohorts for Heart and
Aging Research in Genomic Epidemiology (CHARGE) Consortium?”28, To permit the
detection of both such sleep-duration-SNP interactions and lipid-SNP associations
accounting for total sleep duration, a 2 degree of freedom (2df) test that jointly
tests the SNP-main and SNP-interaction effect was applied®. Given that there are
differences among ancestry groups in sleep behaviours and lipid levels, analysis
of data from cohorts of varying ancestries may facilitate the discovery of robust
interactions between genetic loci and sleep traits. We focused on short total sleep
time (STST, defined as the lower 20% of age- and sex-adjusted sleep duration
residuals) and long total sleep time (LTST, defined as the upper 20% of age- and
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sex-adjusted sleep duration residuals) as exposures compared to the remaining
individuals in the study population, given that each extreme sleep trait has been
associated with multiple metabolic and health outcomes?-26:3934 \W/ithin the present
study, we report multi-ancestry sleep-by-SNP interaction analyses for blood lipid
levels that successfully identified several novel loci for blood lipid traits.

92



Multi-ancestry sleep-by-SNP interaction analysis

METHODS

Details regarding motivation and methodology of this and other projects of the CHARGE
Gene-Lifestyle Interactions Working Group are available elsewhere®.

Participants

Analyses were performed locally by the different participating studies. Discovery and
replication analyses comprised men and women between the age of 18 and 80 years,
and were conducted separately for the different contributing (self-defined) ancestry
groups, including: European, African, Asian, Hispanic, and Brazilian (discovery analysis
only). Descriptions of the different participating studies are described in detail in the Online
Supplementary Materials, and study-specific characteristics (sizes, trait distribution and
data preparation) are presented in Online Supplementary Tables 1-6. Every effort was made
to include as many studies as possible. The present work was approved by the Institutional
Review Board of Washington University in St. Louis and complies with all relevant ethical
regulations. Each participating study obtained written informed consent from all participants
and received approval from the appropriate local institutional review boards.

Lipid traits

We conducted all analyses on the following lipid traits: HDL-c, LDL-c, and TG. TG and
LDL-c concentrations were measured in samples from individuals who had fasted for
at least 8 hours. LDL-c could be either directly assayed or derived using the Friedewald
equations® (the latter being restricted to those with TG < 400 mg/dL). We furthermore
corrected LDL-c 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 practice). If LDL-c was directly assayed, the concentration of
LDL-c was corrected by dividing the LDL-c concentration by 0.7. If LDL-c was derived
using the Friedewald equation, we first divided the concentration of total cholesterol
by 0.8 before LDL-c was calculated by the Friedewald equation. Due to the skewed
distribution of HDL-c and TG, we In-transformed the concentration prior to the analyses;
no transformation for LDL-c was required. When an individual cohort measured the lipid
traits during multiple visits, the visit with the largest available sample and concurrent
availability of the sleep questions was selected.

Nocturnal total sleep time

Contributing cohorts collected information on the habitual sleep duration using
either a single question such as “on an average night, how long do you sleep?” or as
part of a standardized sleep questionnaire (e.g., the Pittsburgh Sleep Quality Index
questionnaire¥). For the present project, we defined both STST and LTST. For the
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present project, we defined both STST and LTST. To harmonize the sleep duration
data across cohorts from different countries, cultures and participants with different
physical characteristics, in whom sleep duration was assessed using various questions,
we defined STST and LTST using cohort- specific residuals, adjusting for age and sex.
An exception was for AGES and HANDLS cohorts, we used a cohort-specific definition
due to limited response categories in relationship to the available question on sleep
duration. Instead, we defined STST or LTST based on expert input. Exposure to STST was
defined as the lowest 20% of the sex- and age-adjusted sleep-time residuals (coded
as “1"). Exposure to LTST was defined as the highest 20% of the sex- and age-adjusted
sleep-time residuals (coded as “1"). For both sleep-time definitions, we considered the
remaining 80% of the population as being unexposed to either STST or LTST (coded
as "0".

Genotype Data

Genotyping was performed by each participating study locally using genotyping arrays
from either Illumina (San Diego, CA, USA) or Affymetrix (Santa Clara, CA, USA). Each
study conducted imputation using various software programs and with local cleaning
thresholds for call rates (usually > 98%) and Hardy-Weinberg equilibrium (usually
p-value <1e%). The cosmopolitan reference panel from the 1000 Genomes Project Phase
I Integrated Release Version 3 Haplotypes (2010-11 data freeze, 2012-03-14 haplotypes)
was specified for imputation. Only SNPs on the autosomal chromosomes with a minor
allele frequency of at least 0.01 were considered in the analyses. Specific details of
each participating study's genotyping platform and imputation software are described
(Online Supplementary Tables 3 and 6).

Stage 1 Analysis (discovery phase)

The discovery phase of the present project included 21 cohorts contributing data from
28 study/ancestry groups, and included up to 62,457 participants of EUR, AFR, ASN,
HISP and BR ancestry (Online Supplementary Tables 1-3). All cohorts ran statistical
models according to a standardized analysis protocol. The main model for this project
examined the SNP-main effect and the multiplicative interaction term between the SNP
and either LTST or STST:

E(V) =B, +B.E+B,SNP+B__E"SNP+BC
In which E is the sleep exposure variable (LTST/STST) and C are the (study-specific)
covariates, which was similar to what we have done in previous studies 42 In addition,

we examined the SNP-main effect (without incorporating LTST/STST) and the SNP-main
effect stratified by the exposure:
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E(Y)= B, + B, SNP+B.C

All models were performed for each lipid trait and separately for the different ancestry
groups. Consequently, per ancestry group, we requested a total of 7 GWA analyses
per lipid trait. All models were adjusted for age, sex, field center (if required), and
the first principal components to correct for population stratification. The number of
principal components included in the model was chosen according to cohort-specific
preferences (ranging from 0 to 10). All studies were asked to provide the effect estimates
(SNP-main and -interaction effect) with accompanying robust estimates of the standard
error for all requested models. A robust estimate of the covariance between the main
and interaction effects was also provided. To obtain robust estimates of covariance
matrices and standard errors, studies with unrelated participants used R packages
such as either sandwich3® 39 or ProbABEL“. Studies including related individuals used
either generalized estimating equations (R package geepack#) or linear mixed models
(GenABEL%, MMAP, or R package sandwich3® 39). Sample code provided to studies
to generate these data has been previously published (see Online Supplementary
Materials 3).

Upon completion of the analyses by local institution, all summary data were stored
centrally for further processing and meta-analyses. We performed estimative quality
control (QC) using the R-based package EasyQC#* (www.genepi-regensburg.de/easyqc)

at the study level (examining the results of each study individually), and subsequently at
the ancestry level (after combining all ancestry-specific cohorts using meta-analyses).
Study-level QC consisted of excluding all SNPs with MAF < 0.01, harmonization of alleles,
comparison of allele frequencies with ancestry-appropriate 1000 Genomes reference
data, and harmonization of all SNPids to a standardized nomenclature according to
chromosome and position. Ancestry-level QC included the compilation of summary
statistics on all effect estimates, standard errors and p-values across studies to identify
potential outliers, and production of SE-N and QQ plots to identify analytical problems
(such as improper trait transformations)#.

Prior to the ancestry-specific meta-analyses, we excluded the following SNPs from
the cohort-level data files: all SNPs with an imputation quality < 0.5, and all SNPs with a
minor allele count in the exposed group (LTST or STST equals “1") x imputation quality
of less than 20. SNPs in the European-ancestry and multi-ancestry analyses had to be
present in at least 3 cohorts and 5000 participants. Due to the limited sample size of the
non-European ancestries (either discovery or replication), we did not take into account
this filter in those ancestry-level meta-analyses.
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Meta-analyses were conducted for all models using the inverse variance-weighted
fixed effects method as implemented in METAL* (http://genome.sph.umich.edu/wiki/

METAL). We evaluated both a 1 degree (1df) of freedom test of interaction effect and a
2 degree of freedom (2df) joint test of main and interaction effects, following previously
published methods?. A 1df Wald test was used to evaluate the 1df interaction, as well as
the main effect in models without an interaction term. A 2df Chi-squared test was used
to jointly test the effects of both the variant and the variant x LTST/STST interaction?®.
Meta-analyses were conducted within each ancestry separately. Multi-ancestry meta-
analyses were conducted on all ancestry-specific meta-analyses. Genomic control
correction was applied on all cohorts incorporated in the ancestry-level meta-analyses
as well as on the final meta-analyses for the publication. From this effort, we selected
all SNPs associated with any of the lipid traits with p < 5x107 for replication in the Stage
2 analysis. This cut-off was selected to minimize false-negative results.

Stage 2 Analysis (replication phase)

AlLSNPs selected in Stage 1 for replication were evaluated in the interaction modelin up to
18 cohorts contributing data from 20 study groups totalling up to 64,469 individuals (Online
Supplementary Tables 4-6). As we had a limited number of individuals from non-European
ancestry in the replication analyses, we did not consider an the non-European ancestries
separately and only focussed on a European-ancestry and multi-ancestry analysis.

Study- and ancestry-level QC was carried out as in stage 1. In contrast to stage 1, no
additional filters were included for the number of studies or individuals contributing data
to stage 2 meta-analyses, as these filters were implemented to reduce the probability
of false positives, and were less relevant in stage 2. Stage 2 SNPs were evaluated in all
ancestry groups and for all traits, no matter what specific meta-analysis met the p-value
threshold in the stage 1 analysis. We did not apply genomic control to any of the Stage
2 analyses given the expectation of association.

An additional meta-analysis was performed combining the Stage 1 and 2 meta-analyses.
SNPs (irrespective of being known or novel) were considered to be replicated when
Stage 1 p-values <5x107, Stage 2 p-value <0.05 with a similar direction of effect as
in the discovery meta-analysis, and Stage 1+2 p-value <5x10%. Replicated SNPs were
subsequently used in different bioinformatics tools for further processing. In addition, 1
df p-values (SNP-sleep interaction effect only) of the lead SNPs of both the replicated
known and novel genetic loci were calculated to explore whether genetic variant were
specifically driven by SNP-main or SNP-interaction effects. Based on the total number
of lead SNPs across all analyses, we performed correction using the false-discovery
rate to quantify statistical significance .
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Bioinformatics

Replicated SNPs were first processed using the online tool FUMA# to identify
independent lead SNPs and to perform gene mapping. From the SNP that has a P, ,
< 5x108, we determined lead SNPs that were independent from each other at R? <
0.1 using the 1000G Phase 3 EUR as a reference panel population. Independent lead
SNPs with a physical distance >1 mB from a known locus were considered as novel.
Regional plots of the novel loci from the European- and multi-ancestry meta-analyses
were made using the online LocusZoom tool 4. The explained variance of the newly
identified genetic independent variants was calculated based on the summary statistics
of the combined analysis of Stage 1 and 2 using the R-based VarExp package, which
has been previously validated to provide similar results to individual participant data
5, This package calculates the variance explained on the basis of the combined (joint)
SNP-main and SNP-interaction effect. Differential expression analyses of the lead SNPs
in the newly identified genetic loci was performed using GTEx (https.//gtexportal.org/
home/) 5+ %2,

Look-ups of novel loci in publicly available databases
Newly identified genetic loci for the three lipid traits were further explored in the GWAS

catalogue (https:/www.ebiac.uk/gwas/) to investigate the role of the newly identified
mapped genes in other traits. Furthermore, we extracted the lead SNPs from the novel
genetic loci from publically available GWAS data from the UK Biobank (http:/www.
nealelab.is/uk-biobank/) for different questionnaire-based sleep phenotypes, notably

‘daytime snoozing/sleeping (narcolepsy)’, “getting up in the morning”, “morning/
evening person (chronotype)’, “nap during the day’, “sleep duration’, “sleeplessness/
insomnia’, and “snoring”. Analyses on these phenotypes were generally done using
continuous outcomes; the variable "sleep duration” was expressed in hours of total
sleep per day. GWAS in the UK Biobank were done in European-ancestry individuals
only (N up to 337,074). We furthermore extracted the newly identified lead SNPs from
the GWAS analyses done on accelerometer-based sleep variables, which was done
in European-ancestry individuals from the UK Biobank (N = 85,670) %. In addition, we
extracted the newly identified lead SNPs from publically available summary-statistics
data on coronary artery disease of the CARDIOGRAMplusC4D consortium, which
included 60,801 cases of coronary artery disease and 123,504 controls 4.
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RESULTS

Study population

Discovery analyses were performed in up to 62,457 individuals (40,041 European-
ancestry, 14,908 African-ancestry, 4,460 Hispanic-ancestry, 2,379 Asian-ancestry, and
669 Brazilian/mixed-ancestry individuals) from 21 studies spanning 5 different ancestry
groups (Online Supplementary Tables 1-3). Of the total discovery analysis, 13,046
(20.9%) individuals were classified as short sleepers and 12,317 (19.7%) individuals as
long sleepers. Replication analyses were performed in up to 64,469 individuals (47,612
European-ancestry, 12,578 Hispanic-ancestry, 3,133 Asian-ancestry, and 1,146 African-
ancestry individuals) from 19 studies spanning 4 different ancestry groups (Online
Supplementary Tables 4-6). Of the total replication analysis, 12,052 (20.1%) individuals
were classified as short sleepers and 12,834 (19.9%) individuals as long sleepers.

Identification of novel loci for lipid traits when considering potential interaction with long
or short total sleep time

An overview of the multi-ancestry analyses process for both STST and LTST is presented
in Figure 1. QQ plots of the combined multi-ancestry and European meta-analysis of
the discovery and replication analysis are presented in Online Supplementary Figures
1and 2. Lambda values ranged between 1.023 and 1.055 (trans-ancestry meta-analysis)
before the second genomic control and were all 1 after second genomic control
correction. In the combined discovery and replication meta-analyses comprising all
contributing ancestry groups, we found that many SNPs replicated for the lipid traits
P

Jjoint

in replication < 0.05 with similar directions of effect as in the discovery analyses
and P, in combined discovery and replication analysis < 5x10°%). Notably, we replicated

2.395 and 2,576 SNPs for HDL-c, 2,012 and 2,074 SNPs for LDL-c, and 2,643 and 2,734
SNPs for TG in the joint model with LTST and STST respectively.

Most of the replicated SNPs were mapped to known loci (Online Supplementary Tables
7 and 8). \We looked at the 427 known lipid SNPs (Online Supplementary Table 9), but
these did not reveal significant 1df interactions with either LTST or STST. In addition,
we identified lead SNPs mapping to novel regions when considering the joint model
with potential interaction for either STST or LTST (>1 Mb distance from known locus).
Ultimately, in the multi-ancestry analysis, we identified 14 novel loci for HDL-c, 12 novel
loci for LDL-c, and 23 novel loci for TG (R?< 0.1; Figure 2). Of these, 7 loci for HDL-c, 4 loci for
LDL-c and 7 loci for TG were identified after considering an interaction with LTST (Online
Supplementary Table 10). Furthermore, 7 loci for HDL-c, 8 loci for LDL-c and 16 loci for
TG were identified when considering an interaction with STST (Online Supplementary
Table 11). Importantly, none of the novel loci for the three lipid traits identified through
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LTST were identified in the analyses with STST, and vice versa. Furthermore, the novel
lipid loci were specific to a single lipid trait. Regional plots of the newly identified loci
from the multi-ancestry analyses are presented in Online Supplementary Figures 3-8.
Some of the novel SNPs identified through modelling a short or long sleep duration
interaction (1 df) also showed suggestive evidence of association with lipid levels in
the joint model (2 df test). However, this pattern suggested a main effect that appeared
once sleep duration was adjusted for rather than an effect due to an interaction between
sleep and the novel SNPs (Online Supplementary Table 10-11).

Using the R-based VarExp package®°, we calculated the explained variance based on
the summary statistics of the combined discovery and replication analysis. Collectively,
novel lead SNPs identified with LTST explained 0.97% of the total HDL-c variation, 0.13%
of the total LDL-c variation, and 1.51% of the total TG variation. In addition, novel lead
SNPs identified with STST explained 1.00% of the total HDL-c variation, 0.38% of the total
LDL-c variation, and 4.25% of the total TG variation.

In the analyses restricted to European-ancestry individuals (overview Online
Supplementary Figure 9), we identified 10 additional novel loci (7 novel loci with
LTST and 3 novel loci with STST, Online Supplementary Figure 10), which were not
identified in the multi-ancestry analyses. Of these, we identified 4 loci for HDL-c, 2 loci
for LDL-c, and 1 locus for TG with LTST (Online Supplementary Table 12). In addition, we
identified 1 locus for HDL-c and 2 for TG with STST (Online Supplementary Table 13).
Again, we observed no overlapping findings between the two sleep exposures and the
three lipid traits. Regional plots of the identified novel loci were presented in Online
Supplementary Figures 11-15.

Sleep x SNP interactions in identified novel and known lipid loci in the combined sample
of discovery and replication studies

Based on a total of 402 lead SNPs in known and novel regions for both exposures and
the three lipid traits that were identified using the joint test in the combined sample of
discovery and replication studies, we subsequently explored the extent the effects were
driven by 1df interaction with the sleep exposure trait being tested?e. We corrected the
1df interaction p-value for multiple testing using the false-discovery rate 47 considering
all 402 lead SNPs for the present investigation, which was equivalent in our study to a
1df interaction p-value <5x10% Overall, in the multi-ancestry meta-analyses, the novel
lipid loci show clearly stronger interaction with either LTST or STST than the loci defined
as known (Figure 3). The majority of the newly identified lead variants were generally
common, with minor allele frequencies (MAF) mostly > 0.2, and SNP x sleep interaction
effects were not specifically identified in lower frequency SNPs (e.g., MAF<0.05).
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Figure 1. Project overview and SNP selection in the multi-ancestry analyses. Project overview
of the multi-ancestry analyses of how the new lipid loci were identified in the present project.
Replicated variants had to have a PJ. <5X107instage 1, PJ. < 0.05 with similar direction of effect
in stage 2, and P, <5x10°® in the combined stage 1 + 2.
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Figure 2. Circular -log(p-value) plots of the multi-ancestry sleep-SNP interactions analyses for the
three lipid traits. Plot visualizes the -log(p,,,.) for HDL-c, LDL-c and TG per chromosome. In red
(inner circle) are the -log(p-value) plots for the analyses taking into account potential interaction
with short total sleep time. In blue (outer circle) are the -log(p-value plots for the analyses taking
into account potentialinteraction with long total sleep time. Loci defined as novel and replicated
are labeled. Replicated variants had to have a P, < 5x107 in stage 1, P, < 0.05 in stage 2, and
Pt <5X107 in the combined stage 1 + 2. Labeled gene names in red were identified in the STST
analysis; Labeled gene names in blue were identified in the LTST analysis. All -log(p, ;. > 30
were truncated to 30 for visualization purposes only. The unlabeled regions with P < 5x10°®

were in known loci. Figure prepared using the R package circlizess,
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Out of the 7 novel HDL-c loci identified in the joint model with LTST, 6 had a 1df interaction
p-value,, < 0.05, notably lead SNPs mapped to ATP6ViH, ARTN2, ATP6V0A4, KIAA0195,
MIR331, and MIR4280. Based on exposure-stratified analyses in the meta-analysis of the
discovery cohorts, we further explored the effect sizes per exposure group. The lead SNPs
that showed significant sleep x SNP interaction also showed effect estimates that modestly
differed between LTST exposure groups (Online Supplementary Table 14). Interestingly,
two lead SNPs near known HDL-c loci showed a 1df interaction p-value_, < 0.05, including
SNPs near CETP and LIPC (Online Supplementary Table 7). Out of the 7 novel HDL-c loci
identified in the joint model with STST, we found 6 loci with a 1df interaction p-value,,, <
0.05, notably lead SNPs mapped to S1000A6, SMARCAL1, RGMA, EPHB1, FHIT and CLEC2D.
Again, their effect estimates differed between the exposure groups in the discovery multi-
ancestry meta-analysis (Online Supplementary Table 15; Figure 4). Some lead SNPs near
known HDL-c loci showed evidence of a 1df interaction with STST (e.g., MADD and LPL,
p-value,, < 0.05).

For all four novel lead SNPs associated with LDL-c when considering LTST, we observed a
1df interaction p-value_, < 0.05; hotably, lead SNPs mapped to IGFBP7-AS1, FOXD2, NR5A2
and BOC. One locus that mapped within a 1 Mb physical distance from known LDL-c locus
(PCSK9) showed 1df interaction with LTST (Online Supplementary Table 7). Similarly, all
8 independent novel lead SNPs associated with LDL-c when considering STST, had a
1df interaction p-value,, <0.05; notably, lead SNPs mapped to MAGI2, METRNL, VATIL,
FUT10, SNX29, ZNF827, GPRC5C and KLHL31. In addition, of the known LDL-c loci, lead
SNPs mapped within a physical distance of 1 Mb of APOB and SLC22A1 showed a 1df

interaction p-value_ ., < 0.05 (Online Supplementary Table 8). For both analyses, we

FDR
observed that effect estimates differed between the LTST and STST exposure groups in

the multi-ancestry discovery analysis (Online Supplementary Table 14 and 15; Figure 4).

All 7 independent novel lead SNPs associated with TG when considering LTST, had a 1df
interaction p-value__, <0.05; notably, lead SNPs mapped to RNU5F-1, SULT2A1, MIR4790,
PDE3A, SLC35F3, ADAMTS17 and OSBPL10. In addition, we found some evidence for long
sleep-SNP interaction in lead SNPs near known TG loci, including lead SNPs near AKR1C4
and NAT2 (Online Supplementary Table 7). Of the 16 novel lead SNPs associated with
TG when considering STST, we observed 12 lead SNPs with a 1df interaction p-value
<5x10*(p-value,, < 0.05), including lead SNPs mapped to LINC0140, METRNL, AC092635.1,
MICAL3, MIR548M, MYOQB, YPEL5, LINC01289, TMEM132B, ACSM2B, AC097499.1 and RP4-
660H19.1. In addition, we observed some lead SNPs within 1 Mb physical distance from
known TG loci, such as MMP3 and NECTIN2 (Online Supplementary Table 8). For both
LTST and STST analyses, we again observed differing effects dependent on the exposure
group in the discovery meta-analyses (Online Supplementary Table 14 and 15; Figure 4).
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Look-ups and bioinformatics analyses

Based on the lead SNPs mapped to novel loci, we conducted a look-up in GWAS
summary statistics data on different questionnaire-based sleep phenotypes from up
to 337,074 European-ancestry individuals of the UK Biobank (Online Supplementary
Table 15). \Xe only observed the TG-identified rs7924896 (METTL15) to be associated
with snoring (p-value = 1e) after correction for a total of 343 explored SNP-sleep
associations (7 sleep phenotypes x 49 genes; 10 SNPs were unavailable; threshold for
significance = 1.46e). Furthermore, we did not observe that any of the newly identified
SNPs was associated with accelerometer-based sleep traits (Online Supplementary
Table 17). In general, we did not find substantial evidence that the identified novel
lead SNPs were associated with coronary artery disease in the CARGIoOGRAMplusC4D
consortium (Online Supplementary Table 18).

Newly identified lipid loci were further explored in the GWAS catalogue (Online
Supplementary Table 19). Several of the mapped genes of our novel lead SNPs have
previously been identified with multiple other traits, such as body mass index (FHIT,
KLH31, ADAMTS17, MAGI2), mental health (FHIT [autism/schizophrenia, depressionl,
SNX13 [cognition]), gamma-glutamyltransferase (ZNF827, MICAL3), and inflammatory
processes (ZNF827, NR5A2).

We additionally investigated differential expression of the novel lead SNPs using data
from multiple tissues from the GTEx consortium 5* 52 (Online Supplementary Table 20).
Lead SNPs were frequently associated with mRNA expression levels of the mapped
gene and with trans-eQTLs. For example, rs429921 (mapped to VATIL) was associated
with differential mMRNA expression levels of CLEC3A and WWOX, which are located more
upstream on chromosome 16 (Online Supplementary Figure 6). rs3826692 (mapped to
MYOgB) was specifically associated with differential expression of the nearby USE1 gene.
Identified SNPs were frequently associated with differential expression in the arteries.
For example, rs6501801 (KIAA0195) was associated with differential expression in arteries
at different locations. Several of the other identified SNPs showed differential expression
in multiple tissues, including the gastrointestinal tract, (subcutaneous/visceral) adipose
tissue, brain, heart, muscle, lung, liver, nervous system, skin, spleen, testis, thyroid and
whole blood.
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DISCUSSION

We investigated SNP-sleep interactions in a large, multi-ancestry, meta-analysis of
blood lipid levels. Given the growing evidence that sleep influences metabolism 562,
at least in part through effects on gene expression, we hypothesized that short/long
habitual sleep duration may modify the effects of genetic loci on lipid levels. In a total
study population of 126,926 individuals from 5 different ancestry groups, we identified
49 novellipid loci when considering either long or short total sleep time in the analyses.
An additional 10 novel lipid loci were identified in analyses in Europeans only. Of the
newly identified loci, most loci at least in part were driven by differing effects in short/
long sleepers compared to the rest of the study population. Multiple of the novel genes
identified by our efforts have been previously identified in relation to adiposity, hepatic
function, inflammation or psychosocial traits, collectively contributing to potential
biological mechanisms involved in sleep-associated adverse lipid profile.

In addition to the over 300 genetic loci that already have been identified in relation
to blood lipid concentrations in different efforts 4%°, we identified 49 additional loci
associated with either HDL-c, LDL-c or TG in our multi-ancestry analysis. While for
some of the novel SNPs had no neighboring SNPs in high LD (e.g., rs7799249; mapped
to ATP6V0A4), our applied filters (e.g., imputation quality > 0.5) would suggest that the
chance of invalidity of the findings is negligible. Furthermore, in the case of rs7799249,
no SNPs in high LD are known in individuals from different ancestries . Considering
the novel TG loci identified by considering interactions with total sleep duration explain
an additional 4.25% and 1.51% of the total variation in TG concentrations, for STST and
LTST, respectively. While the additionally explained variance for LDL-c (0.38% and 0.13%)
and HDL-c (1.00% and 0.97%) was low/modest, the novel lead SNPs identified include
genes known to be associated with adiposity, inflammatory disorders, cognition, and
liver function, thus identifying pathways by which sleep disturbances may influence
lipid biology.

Across multiple populations, both short and long sleep duration have been associated
with cardiovascular disease and diabetes %4 There are numerous likely mechanisms for
these associations. Experimental sleep loss results in inflammation, cellular stress in
brain and peripheral tissues, and altered expression of genes associated with oxidative
stress %66, The impact of long sleep on metabolism is less well understood than the
effect of short sleep, and multiple of the associations seem to overlap with short
sleep as well. Long sleep duration is associated with decreased energy expenditure,
increased sedentary time, depressed mood, and obesity-related factors associated
with inflammation and a pro-thrombotic state 7, as well as with higher C-reactive
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protein and interleukin-6 concentrations . However, studies that adjusted for multiple
confounders, including obesity, depression, and physical activity, showed that long sleep
remained a significant predictor of adverse cardiovascular outcomes 49, Therefore,
the adverse effects of long sleep also may partly reflect altered sleep-wake rhythms
and chronodisruption resulting from misalignment between the internal biological
clock with timing of sleep and other behaviours that track with sleep, such as timing of
food intake, activity, and light exposure 7. Altered sleep-wake and circadian rhythms
influence glucocorticoid signalling and autonomic nervous system excitation patterns
across the day %9, which can influence the phase of gene expression. These inputs
appear to be particularly relevant for genes controlling lipid biosynthesis, absorption
and degradation, many of which are rhythmically regulated and under circadian control
7t Moreover, the molecular circadian clock acts as a rate limiting step in cholesterol
and bile synthesis, supporting the potential importance of circadian disruption in lipid
biology 72. Collectively, these data suggest different biological mechanisms involved in
short and long sleep-associated adverse lipid profiles.

Consistent with different hypothesized physiological effects of short and long sleep,
we observed no overlap in the novel loci that were identified by modelling interactions
with short or long sleep duration. Novel lipid loci that were identified after considering
STST include FHIT, MAGI2 and KLH3, which have been previously associated with
body mass index (BMI) 7379, Interestingly, although not genome-wide significant,
variation in MAGI2 has been associated with sleep duration &, however, we did not
find evidence for an association with rs10244093 in MAGI2 with any sleep phenotype in
the UK Biobank sample. Variants in MICAL3 and ZNF827, that were also identified after
considering STST, have been associated with serum liver enzymes gamma-glutamyl
transferase measurement and/or aspartate aminotransferase levels & 8, which have
been implicated in cardiometabolic disturbances 3% and associated with prolonged
work hours (which often results in short or irregular sleep) . Other loci identified through
interactions with STST were in genes previously associated with neurocognitive and
neuropsychiatric conditions, possibly reflecting associations mediated by heightened
levels of cortisol and sympathetic activity that frequently accompany short sleep.

In relation to LTST, the novel genes identified have been previously related to
inflammation-driven diseases of the intestine, blood pressure and blood count
measurements, including traits influenced by circadian rhythms 8 8. However, no
novelidentified lipid loci with LTST directly interacted with genes involved in the central
circadian clock (e.g., PER2, CRY2 and CLOCK) in the KEGG pathways database . The novel
loci NR5A2 and SLC35F3 have been associated with inflammation-driven diseases of the
intestine @92, Ulcerative colitis, an inflammatory bowel disease, has been associated with
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both longer sleep duration © and circadian disruption %, ARNT2, also identified viaa LTST
interaction, heterodimerizes with transcriptional factors implicated in homeostasis and
environmental stress responses ¢+ 9, A linkage association study has reported nominal
association of this gene with lipids in a Caribbean Hispanic population ¢,

We identified a number of additional genetic lead SNPs in the meta-analyses performed
in European-Americans only. For example, we identified rs3938236 mapped to SPRED1
to be associated with HDL-c after accounting for potential interaction with LTST.
Interestingly, this gene has been previously associated with hypersomnia in Caucasian
and Japanese populations #, but was not identified in our larger multi-ancestry analysis,
possibly due to cultural differences in sleep behaviours .

We additionally found evidence, amongst others, in the known lipid loci APOB, PCSK9
and LPL for interaction with either short or long sleep. Associations have been observed
previously between short sleep and ApoB concentrations, have been observed
previously ®. LPL expression has been shown to follows a diurnal rhythm in several
metabolic organs ¢ 1°°, and disturbing sleeping pattern by altered light exposure can
lower LPL activity, at least in brown adipose tissue ¢ Similar effects of sleep on hepatic
secretion of ApoB and PCSKg may be expected. Indeed, in humans PCSKg has a diurnal
rhythm synchronous with hepatic cholesterol synthesis *°*. Although the interaction
effects we observed were rather weak, the supporting evidence from the literature
suggests that sleep potentially modifies the effect of some of the well-known lipid
regulators that are also targets for therapeutic interventions.

Some of the novel lipid loci have been previously associated with traits related to
sleep. For example, MAGI2 and MYOgB &° have been suggestively associated with sleep
duration and quality, respectively. Genetic variation in TMEM132B has been associated
with excessive daytime sleepiness 2, and EPHB1 has been associated with self-
reported chronotype 3. These findings suggest some shared genetic component of
lipid regulation and sleep biology. However, with the exception of the METTL15-mapped
rs7924896 variant in relation to snoring, none of the lead SNPs mapped to the new lipid
loci were associated with any of the investigated sleep phenotypes in the UK Biobank
population, suggesting no or minimal shared component in sleep and lipid biology but
rather that sleep duration specifically modifies the effect of the variant on the lipid traits.

The present study was predominantly comprised of individuals of European ancestry,
despite our efforts to include as many studies of diverse ancestries as possible. For
this reason, additional efforts are required to specifically study gene-sleep interactions
in those of African, Asian and Hispanic ancestry once more data becomes available.
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In line, we identified several loci that were identified only in the European-ancestry
analysis, and not in the multi-ancestry analysis, suggestion that there might be ancestry-
specific effects. The multi-ancestry analysis highlighted the genetic regions that are
more likely to play a role in sleep-associated adverse lipid profiles across ancestries.
In addition, our study used questionnaire-based data on sleep duration. Although the
use of questionnaires likely increased measurement error and decreased statistical
power, questionnaire-based assessments of sleep duration have provided important
epidemiological data, including the identification of genetic variants for sleep traits
in genome-wide association studies®. Identified variants for sleep traits have been
recently successfully validated using accelerometer data 4, although the overall
genetic correlation with accelerometer-based sleep duration was shown to be low
53, Moreover, observational studies showed only a modest correlation between the
phenotypes 5, which suggest that each approach characterizes somewhat different
phenotypes. At this time, we did not have sufficient data to evaluate other measures
of sleep duration such as polysomnography or accelerometery; however, a more
comprehensive characterization and circadian traits likely will refine our understanding
of the interaction of these fundamental phenotypes and lipid biology.

In summary, the gene-sleep interaction efforts described in the present multi-ancestry
study identified many novel genetic loci associated with either HDL-c, LDL-c or
triglycerides levels. Multiple of the novel genetic loci were driven by interactions with
either short or long sleep duration, and were mapped to genes also associated with
adiposity, inflammatory or neuropsychiatric traits. Collectively, the results highlight the
interactions between extreme sleep-wake exposures and lipid biology.
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ABSTRACT

Candidate gene studies and genome-wide association studies found that genetic
variation in APOE is robustly associated with multiple age-related diseases and
longevity. Apolipoprotein E (ApoE) is an apolipoprotein that plays an important role in
triglyceride and cholesterol metabolism. In literature, especially the ApoE €4 isoform
has been associated with an increased risk of mortality and age-related diseases
such as Alzheimer's disease (AD), cardiovascular diseases (CVD) , as compared to
the ‘neutral' ApoE €3 isoform. There are, however, large differences in the deleterious
effects of the ApoE &4 isoform between ancestries and populations, which might be
explained by differences in environmental and lifestyle exposures. In this respect,
poor nutrition and physical inactivity are two important lifestyle factors that have been
associated with increased risks for AD and CVD. Therefore, in this narrative review we
discuss how omega-3 fatty acid intake and physical activity, may modify the impact
of ApoE €4 on AD and CVD risk.



The ApoE g4 isoform and environmental factors

INTRODUCTION

Genetic variation in APOE is robustly associated with human longevity*2. The APOE gene,
located on chromosome 19, consists of three different isoforms, notably ApoE €2 (Cys*?,
Cys®®), ApoE €3 (Cys™2, Arg®®) and ApoE g4 (Arg™, Arg®#), of which the ApoE €3 isoform
is generally considered the ‘neutral’ isoform3. With respect to longevity, the ApoE €2
isoform has been associated with an increased survival and with a more beneficial
lipid profile#s. In contrast, compared with ApoE €3 carriers, carriers of the ApoE €4
isoform have higher mean total serum cholesterol levels®. Moreover, previous research
indicated that the ApoE €4 isoform decreases the efficacy of cholesterol lowering statin
therapy” 8 ApoE €4 is an established risk factor for ageing and various age-related
diseases, such as multiple types of dementia (including Alzheimer's disease (AD)) and
cardiovascular disease (CVD)® ¢, In a study comprising individuals of European ancestry
(5,207 AD patients and 6,262 controls), ApoE €3/ €4 carriers had a 3.2-fold increased risk
and ApoE g4/ g4 carriers had a 14.9-fold increased risk to develop AD compared to ApoE
€3/e3 carriers®. Furthermore, in a meta-analysis of studies from different ancestries
(15,492 cases and 32,965 controls), it was shown that both ApoE €3/€4 carriers and
ApoE €4/ €4 carriers had a 1.4-fold higher risk to develop coronary artery disease’®. Most
interestingly, the increased risk of disease associated with ApoE €4 seems to be variable
between individuals of different ancestries with Kenyan or Nigerian ancestry individuals
having no harmful effects of ApoE €4 2 Strikingly, Nigerian ancestry individuals have
the highest frequency of the ApoE €4, but a relatively low incidence of AD®,

Possibly, the differences observed in risk conferred by ApoE genotype between
individuals of different ancestries could be attributable to environmental- and lifestyle-
factors. Therefore, for our biological understanding and to be eventually of added value
to public health, it is of interest to disentangle the mechanisms resulting in the lower
disease risk conferred by ApoE €4 in certain populations. Lifestyle factors vary between
populations, and are associated with increased risks of disease. Because of the broad
definition of lifestyle, we will only elaborate on nutritional intake and physical activity in
the context of ApoE and age-related disease. Therefore, the primary aim of this narrative
review is to discuss potential pathways that might attenuate the effects of the genetic
susceptibility for AD and CVD in ApoE g4 carriers. To the best of our knowledge, this is
the first narrative review to discuss the current (biological) evidence of APOE-lifestyle
interactions in the pathophysiology of age-related diseases. First, we will provide a
short overview of the ApoE protein, the different isoforms and their function. Next, we
will focus on how nutrition and physical activity could modify the effect of genetic
predisposition of individuals carrying the ApoE €4 risk allele.
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The ApoE protein and isoform prevalence

ApoE is a 299-residue protein, which is predominantly produced by hepatocytes,
macrophages and astrocytes* 5, Human ApoE comprises multiple amphipathic
a-helices and is known to contain a low-density lipoprotein receptor (LDLR) binding site
on the fourth helix*®. ApoE is a major apolipoprotein found in plasma and is presented
on chylomicron remnants, very low-density lipoproteins (VLDLs), intermediate-density
lipoproteins (IDL), and high-density lipoproteins (HDL) to mediate their receptor-
mediated uptake from the circulation. ApoE is also involved in VLDL assembly and
secretion by hepatocytes V. Moreover, ApoE is present in the central nervous system?® %
where it plays an important role in the transport of cholesterol and in cellular reparative
processes (e.g. neuronal repair),

Figure 1 provides a schematic overview of the role of ApoE in lipoprotein metabolism.
In the exogenous pathway, dietary triglycerides and cholesterol are absorbed by
enterocytes and are used for lipidation of ApoB48 to generate chylomicrons, which
enter the blood circulation via the lymphatic system. In the circulation, lipoprotein lipase
(LPL) on metabolically active tissues, hydrolyses triglycerides (TG) within these particles
to release free fatty acids that are taken up by these tissues (including the heart, skeletal
muscles, white adipose tissue and brown adipose tissue). As a consequence of LPL-
mediated lipolysis, smaller chylomicron remnant particles are formed, which become
enriched with ApoE that is acquired from HDL. Enrichment with ApoE abrogates the
lipolysis by LPL and mediates the subsequent uptake of the chylomicron remnants
by hepatocytes through receptor-mediated endocytosis via the LDLR, and the LDLR-
related protein (LRP)%. In addition to these high-affinity receptors, heparan sulfate
proteoglycans (HSPG) also play a role in the low affinity/high capacity binding and
internalization of chylomicron remnants.

In the endogenous pathway, VLDL particles are synthesized in the liver by lipidation
of ApoB100 with cholesterol and triglycerides, and serve to deliver endogenous fatty
acids as well as cholesterol towards peripheral tissues. After secretion from the liver
into the plasma, LPL hydrolyses VLDL similarly to chylomicrons, which results in the
formation of VLDL remnants. ApoE mediates the uptake of VLDL remnants (also termed
‘intermediate-density lipoproteins; IDL) via hepatic receptors and binding sites in a
similar fashion as to chylomicron remnants. VLDL remnants that escape uptake by the
liver are completely lipolysed by LPL to generate low-density lipoprotein (LDL) particles
that mainly carry cholesteryl esters. The main apolipoprotein in LDL is ApoB100, as all
other apolipoproteins including ApokE are lost during lipolysis. LDL particles are taken
up via recognition of ApoB100 through the LDLR on the liver and peripheral tissues (e.g.
adrenals, testes and ovaria), which need cholesterol for e.g. steroid hormone synthesis.
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Both the liver and intestines produce lipid-poor HDL particles containing ApoAl and
ApoAll in addition to ApoE. Through these apolipoproteins, HDL can induce the efflux
of cholesterol from peripheral tissues via ATP-Binding Cassette Transporter A1 (ABCA1)
and ATP-binding Cassette Transporter G1 (ABCG1) and transport the cholesterol to the
liver via Scavenger Receptor Class B Member 1 (SR-BI), after which cholesterol can
be converted into bile acids. Collectively, this pathway is called reverse cholesterol
transport (RCT)*. Alternatively, cholesterol from peripheral tissues can reach the liver
after transfer of cholesteryl esters from HDL to VLDL via the cholesteryl ester transfer
protein (CETP), with subsequent receptor-mediated uptake of remnants by the liver.

Table 1. ApoE isoforms and their properties

Isoform 2 3 4

Residue 112 Cysteine Cysteine Arginine

Residue 158 Cysteine Arginine Arginine

Overall frequency (mean %) 7 79 14

Plasma triglycerides (mmol/L)  Higher Normal Higher

Plasma cholesterol (mmol/L) Lower Normal Higher

ApoE stability Higher Normal Lower

Associated disorders Type Ill hyper- Normal Hyperchole-
lipoproteinaemia, sterolemia,
PVC, ASCVD CVD, AD

LDLR binding affinity (%) 1 100 100

Lipid binding ability Normal Normal Higher

Binding preference HDL HDL VLDL

Abbreviations: AD, Alzheimer's disease; ASCVD, atherosclerotic cardiovascular disease; CVD,
cardiovascular disease, HDL, high-density lipoprotein, PVC, peripheral vascular disease; VLDL,
very-low-density lipoprotein.

APOE isoforms and prevalence

Table 1 provides an overview of the different isoforms and their characteristics. The
frequencies of the different ApoE isoforms vary greatly between populations, but
ApoE €3 is most common in all (mean global frequency =79%) followed by the g4
isoform (=14%) and the g2 isoform (=7%)*+ 2. For example, ApoE €3 frequency ranges
from 54% in African Pygmies to 91% in Mayans?® #7, while ApoE &4 frequency ranges
from 5% in Sardinians to 41% in African Pygmies®. Importantly, among European
populations, ApoE €4 frequency is higher in northern European countries than in
Southern countries?® 2. Compared to ApoE €3 (normal plasma cholesterol levels3),
ApoE €4 is associated with altered plasma lipid levels and lipoprotein particle
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distributions as the resulting ApoE protein has altered binding affinity for either
lipoprotein particles or the low-density lipoprotein receptor (LDLR)¥®. The ApoE €4
isoform is associated with higher total cholesterol levels, higher LDL-cholesterol
levels and lower HDL-cholesterol levels?. ApoE €4 has a higher binding affinity for
larger TG-rich lipoproteins (such as VLDL and chylomicron remnants)? 2. The ApoE
g2 isoform displays about 1% of the binding affinity to the LDLR compared to ApoE
€3 and €43 Moreover, ApoE €2 carriers have a lower hepatic VLDL assembly and
VLDL uptake, resulting in diminished clearance from the blood and subsequent
type Il hyperlipoproteinemia3 33, In vitro studies have shown that ApoE €2 can
protect cells from oxidative stress induced cell death. Moreover, ApoE is important
in neural injury repair by initiating membrane repair by redistribution of lipids 34,
The molecular stability of ApoE is lower for ApoE €4 as compared to the €2 and
€3 isoform3. The structural differences of the ApoE isoforms result in different
susceptibility to proteolytic cleavage, by which neurotoxic fragments are formed.
Proteolytic cleavage is lowest for ApoE £234-35-38 and highest for ApoE €4, providing a
potential mechanism explaining the higher risk of AD in ApoE €4 carriers34. Moreover,
it was shown that HDL-induced recycling of ApoE e4-containing TG-rich lipoproteins
is strongly reduced in hepatocytes, resulting in increased intracellular cholesterol
levels?®. As ApoE €4 has a preference to bind VLDL and chylomicrons, this results
in an enhanced uptake of these particles by the hepatocytes thereby competing
with the uptake of LDL particles, resulting in increased LDL concentration?®. Since
this review focuses on strategies to alleviate the health risk associated with ApoE
€4, a detailed discussion of the ApoE g2 isoform is beyond the scope of this review.
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Figure 1. Schematic overview of lipoprotein metabolism. In the exogenous pathway, dietary
cholesterol and triglycerides (TG) are absorbed by the small intestine and incorporated into
chylomicrons within enterocytes. Via the lymphatic system, chylomicrons reach the circulation,
where their triglycerides are hydrolysed by lipoprotein lipase (LPL) present on metabolically
active tissues, to deliver exogenous fatty acids to these tissues®. This results in formation of
smaller remnant particles that are enriched with ApoE to mediate subsequent internalisation by
hepatocytes via the LDL receptor (LDLR), the LDLR-related protein (LRP), and heparan sulfate
proteoglycans (HSPG)% In the endogenous pathway, very-low-density lipoproteins (VLDL) are
assembled and secreted by the liver to deliver endogenous fatty acids towards metabolically
active tissues. Similar to chylomicrons, VLDL are lipolysed by LPL and their remnants can be
taken up by hepatocytes via ApoE. Alternatively, the particles can be further processed by LPL
to yield low-density lipoproteins (LDL) as lipolytic end product. LDL lacks ApoE and therefore
ApoB100 serves as a ligand to bind exclusively the LDLR. The free fatty acids (FFA) derived from
lipolysis are used in the peripheral tissues. High density lipoproteins (HDL) are synthesized as
discoidal precursors by the liver and small intestine. Also, surface remnants that are produced
during lipolysis of chylomicrons and VLDL can contribute to the HDL pool. HDL can acquire
cholesterol from peripheral tissues and transport the cholesterol back to the liver through the
direct pathway of reverse cholesterol transport (RCT) via scavenger receptor class B member
1 protein (SR-BI), which selectively takes up cholesteryl esters from HDL, after which liberated
cholesterol can be converted into bile acids and secreted into the feces®. Reverse cholesterol
transport can also occur through the indirect pathway, whereby cholesterol is transported via
CETP from HDL to VLDL and LDL. Compared to the ApoE €3 isoform, the ApoE €4 isoform
binds preferentially to VLDL particles and slows down lipolysis. This results in higher VLDL
concentrations and lower HDL concentrations?* 2,
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Effect modifiers of ApoE isoforms

Nutritional intake and physical activity have been hypothesized to modify the metabolic
effects of ApoE e4. Therefore, itis of interest to elaborate more on these effect modifiers
in relation to ApoE genotype.

Fatty acids and disease risk

A meta-analysis comprising 11 prospective cohort studies (371,965 participants from
general populations and 31,185 death events) showed that higher dietary intake and
higher circulating levels of n-3 long-chain polyunsaturated fatty acids were associated
with a lower risk for all-cause mortality4°. Notably, it was found that a 0.3 g daily increase
in dietary intake of n-3 long-chain polyunsaturated fatty acids (also called omega-3
fatty acids) was associated with 6% lower risk of all-cause mortality in the general
population. Furthermore, a 1% increase in circulating levels of the omega-3 fatty acids
eicosapentaenoic acid (EPA) and docosahexaenoic acid (DHA), were associated with a
20% and 21% risk reduction of all cause-mortality, respectively“. In addition, emerging
evidence suggests that dietary factors and cognitive function are related*; several
epidemiological studies showed that higher fish intake is associated with a lower
risk for cognitive decline and dementia during follow-up* 4. In more detail, a study
comprising 2,031 Norwegian individuals aged 70-74 years, recruited from the general
population, showed that fish intake was associated with a better cognitive function in
a dose-dependent manner, with 75 g fish a day as optimum#. Omega-3 fatty acids not
only exert a beneficial effect on cognition, but also influence cardiovascular risk in the
general population. Overall, omega-3 fatty acids are able to reduce CVD mortality by
37%% 4, However, the effects of omega-3 fatty acid intake on disease risk are conflicting
with studies indicating positive, null or negative effects#-5°. For example, no significant
difference in triglyceride concentration has been observed upon omega-3 fatty acids
supplementation in elderly+®. However, a linear correlation between higher doses of
omega-3 fatty acid intake and a triglyceride lowering effect has also been observed?.
Therefore, given this heterogeneity in research findings, there are yet no definite
conclusions on the role of omega-3 fatty acids in CVD and neurodegenerative disease.
Importantly, these studies did not take any specific ApoE isoform into account.

Fatty acids, disease risk and APOE genotype

In the following paragraph, we discuss potential effect modification of the association
between fatty acid intake and disease risk by APOE. Kariv-Inbal et al.* described that the
detrimental effects of the ApoE &4 isoform on AD risk could be reduced by a diet enriched
with fish oil (DHA) in ApoE e4-targeted replacement mice. Another study, conducted
in humans, determined the association between seafood and n-3 fatty acid intake and
cognitive decline in relation to the ApoE g4 isoformst. This longitudinal, community-
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based epidemiologic study in 915 elderly participants of Caucasian ancestry (recruited
from retirement communities in Illinois, USA), demonstrated that ApoE €4 carriers had
a slower decline in multiple cognitive domains with weekly seafood consumption and
moderate to high intake of n-3 fatty acids than €3 and €2 carriers consuming the same
amount of seafood after an average follow up of 4.9 + 2.5 yearss. Intake of vegetable
a-linolenic acid, which is used by the body to form long chain n-3 fatty acids, was
also associated with slower cognitive decline only in carriers of the ApoE g4 isoforms:,
These studies indicate that omega-3 fatty acids are beneficial in preventing cognitive
decline and suggest that individuals with the ApoE €4 isoform may especially benefit
from higher n-3 fatty acid consumption for the prevention of cognitive decline and AD.

The possible mechanisms of action of unsaturated fatty acids

It is of interest to elaborate more on how polyunsaturated 3-n fatty acids may be
beneficialin slowing AD and CVD development related to ApoE €4, and healthy aging in
general, which may be through multiple biological pathways. For example, in the brain,
omega-3 fatty acids are incorporated in phospholipids where they replace omega-6
fatty acids, which increases fluidity of membranes of neuronal cells® 53, This increased
fluidity allows for better signal transduction between the neuronal cells. Omega-3
fatty acids also improve neurotransmission by increasing receptor binding affinity and
increasing the number of receptors of ion channelss4, which therefore counteracts the
synaptic deficits associated with ApoE €4%.

Another biological mechanism might work via the ability of omega-3 fatty acids to lower
the synthesis of new VLDL particles and triglycerides from the livers®, as illustrated in
Figure 2A and 2B. ApoE g4 isoform carriers have a faster clearance of VLDL particles
compared to ApoE €3 carrierss’, which by competition for the hepatic clearance of
LDL raises LDL-cholesterol. We therefore hypothesize that omega-3 fatty acids could
possibly lower the synthesis of VLDL particles, whereby competition for hepatic uptake
between VLDL remnants and LDL is reduced, and the uptake of LDL particles by
the liver is increased. Subsequently, this might lead to lower serum LDL-cholesterol
concentrations to be of specific importance to ApoE €4 carriers.

The positive effects of polyunsaturated fatty acids may also be explained through
inflammatory pathways. In relation to ApoE €4, increased inflammation and oxidative
stress has been observed in cell lines, rodents and human volunteers®s®. It was
previously reported in animal studies that fish oil has beneficial effects on triglyceride
levels and inflammatory factors by downregulation of inflammatory genes and
upregulation of peroxisome proliferator-activated receptor-gamma (PPAR-y)%. The
PPARs belong to a nuclear receptor group that act as lipid-activated transcription
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factors. Increasing evidence suggests a protective role of PPAR-y signaling in
atherosclerosis by decreasing inflammatory cytokine production and mediating lipid
metabolism®® 61, Moreover, a placebo-controlled study in hyperlipidemic individuals
demonstrated that n-3 polyunsaturated fatty acids in combination with plant sterols
were able to reduce several inflammatory markers, such as C-reactive protein
(CRP), tumor necrosis factor-alpha (TNF-a), interleukin-6 (IL-6) and leukotriene B(4)
(LTB(4). In the same study, the overall CVD risk was reduced, suggesting that
higher n-3 polyunsaturated fatty acid intake works in a cardio-protective manner
possibly through reduced inflammation®,
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Figure 2. The effects of omega-3 fatty acid intake on the ApoE g4 isoform A) ApoE €4 has a higher
affinity for the LDLR receptor than LDL itself, and therefore binds preferentially to this receptor,
resulting in receptor-mediated endocytosis of VLDL instead of LDL. This preferential uptake of
VLDL results in higher levels of LDL in the plasma®. B) Unsaturated fatty acid intake decreases
VLDL assembly, resulting in a lower concentration of VLDL and thereby increases the uptake of
LDL and IDL by the liver, leading to lower LDL levelss®.

Physical activity and disease risk

It has been argued that a high level of aerobic exercise can attenuate the process of
aging by reducing amyloid plaque formation and increasing overall vascular health®,
Previous studies in healthy older adults demonstrated that high physical activity is
associated with a preservation of both cognitive function and hippocampal volume®+-e,
Moreover, cognitive function and amyloid plaque formation in elderly AD patients
benefits from daily exercise®.
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Physical activity, disease risk and APOE genotype

The following paragraph will focus on physical activity in relation to cognitive and
cardiovascular health with respect to ApoE €4. In cognitively healthy adults, a more
sedentary lifestyle was associated with higher amyloid deposition®®. Interestingly, this
finding was only observed in ApoE €4 carriers and not in carriers of the other ApoE
genotypes®® Moreover, in a study of 78 cognitive healthy older adults with 18 months
follow-up, high physical activity was associated with a slower decline in hippocampal
volume. Again, this effect was specifically observed only in ApoE g4 carriers®. In addition,
aerobic exercise was associated with a slower cognitive decline, and decreased risks
of various types of dementia, including AD, but specifically in ApoE €4 carriers’72.
In relation to cardiovascular health, it has been shown that age-related changes in
cholesterol and LDL-cholesterol were counteracted by life-long endurance exercise in
15 old trained healthy men as compared to 12 old untrained, 10 young trained and 12
young untrained men73. Compared to a group of mild-to-moderate physically active men
who maintained their physical exercise level, men that increased their exercise during
a 1-year follow-up had a more favorable lipid profile’. Furthermore, it was shown that
HDL-cholesterol levels increased directly after exercise training in 17 overweight men,
possibly through reduction in HDL protein catabolism”. However, these intervention
studies have been generally conducted in small samples and with short follow-up. In
a population-based cross-sectional study (N=1,708, aged 35-74 years), higher physical
activity was associated with higher HDL cholesterol and lower triglyceride levels in
specifically ApoE €4 carriers’®. However, these results have not been confirmed in a
subsequent study”’. These discrepancies require further research and might yield
insights in other mechanisms associated with physical activity.

The possible mechanisms of action of physical activity

One possible mechanistic explanation underlying the association between physical
activity and AD specifically in ApoE g4 carriers, is based on the finding that neuronal
ApoE €4 has an increased susceptibility for proteolytic cleavage compared to ApoE €33
3. In brain tissue samples of AD patients, fragments of the ApoE protein are present in
much higher concentrations as compared to those of controls®: 38, Physical exercise in
ApoE g4 carriers is able to reduce the neuronal level of ApoE €4 and thereby lower the
totalamount of ApoE €4 fragments in the brains of these individuals. Subsequently, the
risk of developing AD in these individuals might be reduced. However, this is merely a
hypothesis based on a small number of studies3® 38, Additional research is warranted to
disentangle the protective mechanism of physical exercise on ApoE €4 concentrations
in the brain.
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Based on previous studies, we are able to hypothesize the biological mechanism
through which physical activity might modify the detrimental effects of ApoE €4
carriership (visualized in Figure 3A and 3B). Exercise enhances the LPL-dependent flux
of triglyceride-derived fatty acids from chylomicrons and VLDL to myocytes, which
decreases the level of serum triglycerides®. As a consequence, excess surface lipids
are released from chylomicrons and VLDL as surface remnants that mainly contain
phospholipids and unesterified cholesterol. These surface remnants are precursors of
HDL that subsequently accept additional cholesterol from peripheral tissues, thereby
increasing total HDL cholesterol levels? 7. In this way, increased LPL activity may
decrease serum triglyceride levels in more physically active ApoE €4 carriers. Indeed,
it was shown that physical exercise decreases VLDL particle size, which is consistent
with hydrolysis of these particles by LPL®.
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Figure 3. The effects of physical activity on the ApoE €4 isoform. A) The ApoE g4 isoform binds
preferably to large lipoprotein particles, such as VLDL, due to higher lipid binding ability. The
increased binding to VLDL slows down lipolysis of these particles®> 2, B) Physical activity
enhances LPL activity. This increased activity enhances lipolysis of VLDL particles and thereby
decreases the VLDL concentration. Generation of more surface remnants increases the level of
HDL that can accept cholesterol from peripheral tissues® 78 79,
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FUTURE PERSPECTIVES

Due to advances in technology and availability of large datasets, multiple novel genetic
determinants of diseases are being identified. ApoE €4 carriership is the strongest
genetic risk factor for multiple age-related diseases, including diseases for which no
drug treatments are (currently) available. In the present narrative review, we described
several biological mechanisms on how unsaturated fatty acids and physical activity may
prevent or delay cognitive decline and CVD, and discuss how these effects extend to
and are possibly even stronger in carriers of the ApoE €4 risk allele.

On the one hand, the general public is becoming increasingly aware of the impact
of nutrition and physical activity on their health. However, on the other hand, current
consumption of omega-3 fatty acids is low due to modern agriculture and a Western
diet®* and a large part of modern society is now adapted to a sedentary lifestyle whereby
the largest proportion of adults does not even meet the proposed physical activity
guidelines®. In line, a higher incidence of cognitive decline, AD, and other age-related
diseases in relation to the Western diet is observed? %, This is especially of importance
when populations that still have a high prevalence of the ApoE €4 isoform (e.g., Nigerian
ancestry or Northern European countries) adapt to a more sedentary lifestyle, because
an even higher increase in CVD and AD may occur in these at-risk individuals®. In
agreement with this hypothesis, African populations that move to cities and reduce
their physical activity are much more susceptible to acquire CVD and AD than Western
populations 8. Therefore, it seems that individuals carrying the ApoE g4 isoform could
specifically benefit from increasing their physical activity and/or increasing their
omega-3 fatty acid intake.

In order to assess if an individual is a carrier of the ApoE €4 isoform, screening for
this genotype has to be implemented. However, screening of ApoE g4 carriers runs
into a vast amount of ethical, methodological, and economic aspects that need to
be addressed first in order to make the implementation of these models feasible as
well as cost effective. For example, important questions, such as the clinical meaning
and implications of such screening and which professional figures should manage
the implementation, are only some of many questions that have to be answered first.
However, there is an increasing body of evidence suggesting that lifestyle may influence
genetic susceptibility to several chronic diseases that may not be left unnoticed.
Therefore, in line with the evidence as discussed in this narrative review, next to focusing
on the general population to increase their omega-3 fatty acid intake and enhance their
physical activity, it may be valuable to specifically focus on at-risk individuals and/or
families that have a higher susceptibility to carry ApoE €4. An example of a at-risk group
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may be certain families with a high incidence of AD, in which a higher prevalence of
hypertension, pro-inflammatory markers and ApoE €4 genotype has been observed.
These factors may be early risk factors for AD in old age, as those have been observed
already at middle-age before the onset of AD¥. Specifically, increasing awareness
of physicians and general practitioners may lead them to stress the importance of
adhering to a healthier lifestyle in at-risk individuals. For example, in previous research,
it was demonstrated that lifestyle interventions to improve physical activity and/
or nutritional habits, even in older adults, seem promising®® 8. A 13-weeks lifestyle
program already induced metabolic health benefits, which might increase the positive
adaption of lifestyle changes in the general population as effects occurred relatively
fast®, These studies suggest that diminishing the occurrence of nhon-communicable
diseases associated with ApoE €4 via improving physical activity seems possible. Next
to increasing physical activity, we hypothesize that a diet rich in polyunsaturated fatty
acids will benefit ApoE €4 isoform carriers. For example, the Mediterranean diet is a
plant-based diet rich of unsaturated fatty acids and antioxidants. The Mediterranean
diet is characterized by a high content of olive oil, high intake of fruits and vegetables,
moderate-to-high fish and seafood consumption, low intake of dairy products, low meat
consumption and a regular intake of red wine®. The Mediterranean diet is associated
with a lower risk of AD and cognitive decline® 92 and has beneficial effects on overall
health®. In a randomized clinical trial in healthy elderly, Valls-Pedret et al®4 showed that
a Mediterranean diet supplemented with olive oil and mixed nuts was able to improve
cognitive function. The Mediterranean diet is rich in bioactive phytochemicals that are
known to have antioxidant and anti-inflammatory properties. For example, olive oil is
rich in phenolic compounds that may counteract oxidative stress processes in the brain
and thereby decrease neurodegeneration®,

There are still many questions remaining to be addressed in future research. For
example, it needs to be investigated whether short term or only prolonged physical
activity is beneficialin ApoE g4 carriers and at what age it can still restore the metabolic
consequences of ApoE g4. As only life-long high aerobic exercise exerts a protective
effect, the overall health benefits of increasing physical activity at high age might be lower
than those in younger individuals?3. In this review, we described the effects of unsaturated
fatty acids intake and physical activity separately. However, further research should also
warrant attention to the combined effect of these lifestyle factors to disentangle those
mechanisms. For example, a synergistic effect of these two lifestyle-factors on ApoE
e4-related disorders might exist, or one of the two might have a higher impact on these
outcomes. Not only omega-3 fatty acids, but also other macro- and micronutrients might
be of interest in relation to healthy aging in ApoE €4 carriers and the general population,
here further research is also warranted® 9. Moreover, this review only focused on two
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lifestyle-related factors. However, other lifestyle-factors (e.g. sleep), but also cultural-
and environmental factors and medication use may modify ApoE e4 related effects.
A recent trial in high-risk individuals investigating the effect of a multidomain lifestyle
intervention program on cognition in different APOE genotype subgroups did not show
specific beneficial effects on cognition in ApoE €4 carriers®®. However, sample size and
follow-up duration might have been limited. We acknowledge, however, that in general
it is very difficult for individuals to alter their lifestyle, and adherence to the intervention
might be an issue to longer follow-ups. Alternatively, medication has been suggested
to specifically target the mechanisms described in this review. For example, it has been
described that drugs like CETP inhibitors and APOC3 antisense may work through
similar pathways as described in this narrative review. The efficacy and safety of APOC3
antisense for the treatment of hypertriglyceridemia is currently being tested in phase
3 trials?”. CETP inhibitors, however, have not been able to demonstrate clinical benefit
and were found to have effects that are modest at best in phase 3 clinical trials®” <8, An
important area of future research comprises assessment of interactions between genes,
lifestyle and medication use. Especially in a medical world trying to de-prescribe, these
future studies focusing on lifestyle and its interactions may have considerable value.
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CONCLUDING REMARKS

In this review, we discussed lifestyle-related factors and their contribution to the effects
of genetic variation in the APOE gene on age-related diseases. This review provides an
overview of the current literature, however, some limitations should be mentioned. First,
because of the consistently growing body of evidence regarding this topic we may have
missed important results that could influence our conclusions. Moreover, the authors are
aware that the discussed epidemiological studies differ in their design and their study
population, which may therefore cause the results to not be directly comparable. For
example, there may be differences in the methods of administering omega-3 fatty acids
(EPA, DHA fish oil etc.) and in the amount of time exposed to physical activity (long-term,
high-intensity, low-intensity etc.). In addition, most studies included in this narrative
review did not take into account the effect of APOE genotype heterozygosity, which
have been found previously to be of importance® *°. However, studies addressing the
relation of APOE genotype heterozygosity with omega-3 fatty acid intake and physical
activity are scarce. Further research should consider this heterozygosity in relation to
lifestyle factors and disease risk.

Taken together, an increasing body of evidence suggests a protective role for omega-3
fatty acids and physical activity in carriers of the €4 allele. The risks associated with the
ApoE g4 isoform consist of several components that jointly contribute to disease onset.
By modifying the risk of the ApoE g4 isoform, disease burden associated with this risk
allele might be decreased in the general population. This information is of interest as
it now seems that the risks associated with the ApoE g4 isoform are modifiable which
may stimulate risk-reducing behaviors.
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ABSTRACT

Carriers of the APOE g4 genotype have an increased risk for developing coronary artery
disease (CAD), but there is preliminary evidence that lifestyle factors interact with APOE
genotype on CAD risk. Here, we assessed the interactions of physical activity, oily fish
intake and polyunsaturated fatty acid (PUFA) intake with APOE genotype on risk of
incident cardiovascular disease in a large population of middle-aged individuals. The
present study was embedded in the UK Biobank population and comprised 344,092
European participants (mean age: 56.5 years, 45.7% men) without a history of CAD.
Information regarding physical activity, oily fish intake and PUFA intake was collected
through questionnaires, and information on incident CAD through linkage with hospital
admission records. Analyses were performed using Cox proportional hazard models
adjusted for age and sex. A higher physical activity level and a higher intake of oily
fish were associated with a lower incidence of CAD. These associations were similar
across all APOE isoform groups (p-values for interaction > 0.05). A higher PUFA intake
was only associated with a lower CAD risk in APOE g4 carriers (hazard ratio: 0.76, 95%
confidence interval: 0.62 - 0.90), however, no statistically significant interaction was
observed (p-value, . = 0.137). While higher physical activity, fish intake and PUFA
intake all decreased the risk of CAD, no evidence for interaction of these lifestyle
factors with APOE genotype was observed in UK Biobank participants. Interventions
intended to reduce cardiovascular risk might therefore be similarly effective across
the APOE isoform carriers.



Apolipoprotein E genotype, lifestyle and coronary artery disease

INTRODUCTION

Despite the introduction of cholesterol-lowering medication and improved
revascularization treatments, coronary artery disease (CAD) is still one of the most
common causes of morbidity and mortality in the general population®. Much of the
research in this area is focused on disentangling the pathophysiology of CAD and on
the identification of novel targets for disease prevention. Large initiatives have been
undertaken to investigate the genetics of CAD pathogenesis?. Genetic variation in the
APOE gene has been widely recognized to increase the risk of CAD, which has also
been confirmed by genome-wide association studies? There is a standing notion that
interactions between lifestyle and genetics may affect the response to cholesterol
lowering medication and the susceptibility to CAD ».

In order to explore the biological mechanisms via which lifestyle may modify disease
traits, gene-environment interactions have been investigated®°. \We recently reviewed
the current evidence on the existence of APOE-lifestyle interactions in the development
of age-related diseases, including CAD, and argued that the beneficial effect of high
physical activity and a high intake of oily fish might be largest for APOE €4 carriers®.
A population-based cross-sectional survey performed in 1,708 randomly selected
participants aged 35 to 74 years, showed that a high intensity level of physical activity
was associated with an increase of high-density lipoprotein (HDL) cholesterol and a
decrease of triglyceride levels, specifically in APOE g4 carriers®2. Furthermore, It has
been hypothesized that specifically PUFA intake may have a beneficial effect in APOE
€4 carriers. Small-scale intervention studies indeed indicate that polyunsaturated fatty
acid (PUFA) intake and physical activity may have specific beneficial effects on CAD
(risk factors) in APOE g4 carriers®3, However, a study done in 136,701 high CAD risk
participants did not indicate that the APOE-lipid level association was modified by a
high omega-3 intake?.

Given these contrasting results, there is a need for large scale studies examining effect
modification of the APOE gene by lifestyle factors such as oily fish intake, PUFA and
physical activity on incident CAD. Recently, large studies like the UK Biobank cohort
that are well-powered and have data available on large numbers of incident CAD cases
have become available as a platform to address such research questions In the present
study, we assessed whether the association between APOE genotype and incident CAD
risk is modified by oily fish and PUFA intake and physical activity levels in middle-aged
individuals without a history of CAD from the UK Biobank cohort.
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METHODS

Study setting and population

The UK Biobank cohort is a prospective general population cohort. Baseline assessments
took place between 2006 and 2010 in 22 different assessment centers across the
United Kingdom ¥. A total of 502,628 participants between the age of 40 and 70 years
were recruited from the general population. Invitation letters were sent to eligible
adults registered to the National Health Services (NHS) and living within a 25 miles
distances from one of the study assessment centers. At the study assessment center,
participants completed a questionnaire through touchscreen that included topics as
sociodemographic characteristics, physical and mental health, lifestyle and habitual
food intake. All participants from the UK Biobank cohort provided written informed
consent, and the study was approved by the medical ethics committee. The project
was completed under project number 32292.

In the present study, genotyped European-ancestry participants without a history of
cardiovascular disease were followed till the development of the study outcome, death
or the end of the study period (March 31, 2017; N = 363,745). Participants with missing
data on questionnaire-based oily fish intake (N = 1,654) and physical activity frequency
per week (N = 16,432) were excluded from the study. In total, the present study was
conducted in 345,659 participants. Additionally, we performed analyses in a subsample
of the study population with data on polyunsaturated fatty acids (PUFA) intake (N =
52,478).

APOE genotyping

UK Biobank genotyping was conducted by Affymetrix using a bespoke BiLEVE Axium
array for approximately 50,000 participants; the remaining participants were genotyped
using the Affymetrix UK Biobank Axiom array. All genetic data were quality controlled
centrally by UK Biobank resources. More information on the genotyping processes
can be found online (https://www.ukbiobank.ac.uk). SNPs in APOE determining the
isoform (notably rs7412 and rs429358) were directly genotyped. Both genetic variants
were in Hardy-Weinberg equilibrium (p-value > 0.05). As a reference group, we used
participants who are homozygous for the APOE e3 allele (e3/e3 genotype). The APOE €4
group consisted of individuals with the genotype €3/€4 and €4/ 4. The APOE g2 group
consisted of individuals with the genotype €2/e3 and €2/e2. We excluded participants
with other (rarer) genotypes (e.g. €2/€4).
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Lifestyle exposures

Via touchscreen questionnaires, information on the frequency of oily fish intake and
physical activity per week was collected®. Via the same questionnaires, we determined
the number of days per week at which participants had more than 10 minutes of vigorous
physical activity*®, which was defined as “doing physical activity that made you sweat
or breathe hard". Groups for oily fish intake and physical activity were divided based on
whether individuals reported oily fish intake of at least once per week or were active
for at least one day per week. In order to assess whether there is a dose-response
relationship for oily fish intake and physical activity on a lower CAD incidence, we formed
groups based on whether individuals had oily fish intake or physical activity only once,
twice, or three or more times per week. As a reference group we used those individuals
who reported to not have any intake of oily fish or were not active for any day of the week.

In a subset of the population, the frequency of intake of 200 consumed food items
and drinks over the previous 24 hours was collected with a 24-hour dietary recall
questionnaire (25) based on which the average intake of macro- and micronutrients
was calculated. Information regarding polyunsaturated fatty acid (PUFA) intake was
obtained via this questionnaire. The groups for PUFA intake were based on the median
PUFA intake in which a higher than median PUFA intake was considered high and a
lower than the median intake was considered as low and used as a reference group in
our analyses.

Cardiovascular disease outcomes

Information on incident cardiovascular disease was collected through information from
the data provided by the NHS record systems. Diagnoses were coded according to
the International Classification of Diseases (ICD)¥. Here, the study outcome was CAD
which we defined as: angina pectoris (120), myocardial infarction (121), acute and chronic
ischemic heart disease (124 and 125) and stroke (163 and 164).

Covariates

Body Mass Index (BMI) was calculated by dividing the weight in kilograms by the height
in meters squared, which were measured objectively at the study center. Participants
were asked to remove shoes and heavy outer clothing before weighting. During the visit
of the assessment center, participants completed touchscreen questionnaires regarding
smoking status (never, previous or current), frequency of alcohol consumption, disease
status (e.g. diabetes mellitus) and medication usage (lipid lowering medication and
blood pressure lowering medication).
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Statistical analyses

Characteristics of the study population were examined at baseline and expressed as
means (standard deviations), medians (interquartile ranges; for non-normally distributed
variables only), and proportions.

We examined the association between physical activity, oily fish intake and PUFA intake
on incident CAD in a population without a history of CAD using cox proportional hazard
models adjusted for age and sex in R (version 3.6.1) using the survival package (version
2.44-1.1)*2 Results were visualized using the R-based packages ggplot2, survminer and
the metafor package®24. Participants were followed till the first CAD event, death or the
end of the study period (March 31, 2017), whichever came first. Results are presented
as the hazard ratios with the accompanying 95% confidence intervals. Since individuals
who are at high-risk for development of CAD may alter their lifestyle, in a sensitivity
analysis we excluded participants who used lipid lowering medication, blood pressure
lowering medication or had a clinical diagnosis of diabetes mellitus. In order to formally
test for an interaction, we added an interaction term between the APOE genotype and
the lifestyle factor to the model.
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RESULTS

Characteristics of the study population

A total of 345,659 white Caucasian participants were included in the present study. In
Table 1, the population characteristics for the study population are presented stratified
by APOE isoform. In general, study characteristics are comparable between subgroups.
However, statin use, total cholesterol levels and LDL-cholesterol are lower in individuals
with the APOE g2 genotype as compared to APOE €3 carriers and higher for APOE €4
carriers. In Supplementary Table 1, the population characteristics are presented when
stratified based on lifestyle factors. Individuals with a low fish intake are slightly younger
than those with a high fish intake. Moreover, individuals with a high physical activity
level are more often males, have a lower statin use, a lower use of blood pressure
lowering medication and have less diabetes as compared to individuals with a low
physical activity level.

Incident cardiovascular disease per APOE isoform

A total of 12,806 participants had an incident event of coronary artery disease (CAD)
during a median follow-up period of 8.11 years. Figure 1 depicts the event-free survival
probability per APOE isoform. The highest event-free survival probability was observed
in ApoE e2 carriers and the lowest probability in ApoE €4 carriers with accompanying
hazard ratios of 0.93 (95% confidence interval (Cl) 0.88 - 0.98) and 1.10 (95%Cl: 1.06 - 1.14).

Isoforms APOE-e2 — APOE-e3 — APCE-e4

e
o
=]

Event-free survival probability
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Figure 1. Cardiovascular disease-free survival per APOE isoform.

151




Chapter 4.2

Table 1. Baseline characteristics of the participants in the UK Biobank, stratified by APOE
genotype

APOE €2 APOE €3 APOE ¢4
N= 45,570 N= 207,909 N= 92,180
Demographics
Age in years, mean (SD) 56.5 (8.0) 56.4 (8.0) 56.3(8.0)
Sex, N (%¥male) 20,445 (44.9) 92,612 (44.5) 40,930 (44.4)
Lifestyle variables
BMI, mean (SD) 27347 27247) 271(4.7)
Smoking status, N (%current) 4,199 (9.2) 19,221 (9.2) 8,236 (8.9)
Oily fish intake in days per week, median (IQR) 2 [1-2] 2 [1-2] 2 [1-2]
10 minutes of vigorous PA in days per week, 1[0-3] 1[0-3] 1[0-3]
median (IQR)
Cardiovascular risk factors
Statin use, N (%yes) 4,613 (101) 29,120 (14.0) 15,394 (16.7)
Blood pressure lowering medicines use, N 8,039 (176) 37763(182) 16,823(18.3)
(%yes)
Diabetes, N (%yes) 1,955 (4.3) 8,613 (4.1) 3,492 (3.8)
Cholesterol in mmol/L, mean (SD) 5.4 (1.0) 58 (11) 5.9(1.2)
HDL-cholesterolin mmol/L, mean (SD) 15(0.4) 15(0.4) 1.4(0.4)
LDL-cholesterol in mmol/L, median (IQR) 32[27-371 36[30-421 37[32-423]
Triglycerides in mmol/L, median (IQR) 1511-231 14[10-21 15[11-22]

Abbreviations: BMI, body mass index; IQR, interquartile range; N, number; PA, physical activity;
SD, standard deviation.

Incident cardiovascular disease per lifestyle group

As shown in Figure 2, oily fish intake was associated with a lower incidence of CAD in
carriers of the g2 isoform (hazard ratio (HR): 0.78 [95% confidence interval (Cl): 0.66 -
0.91)]), in carriers of the £3 isoform (HR: 0.76 [95%Cl: 0.71 - 0.82]), and in carriers of the
g4 isoform (HR: 0.83 [95%Cl: 0.74 - 0.92]). Physical activity was associated with a lower
CAD incidence in APOE €2 carriers (HR: 0.81 [95%Cl: 0.73 = 0.89)), in APOE €3 carriers
(HR: 0.77 [95%Cl: 0.73 - 0.80]) as well as in ApoE €4 carriers (HR: 0.76 [95%Cl: 0.71 - 0.81]).
Here, we did not find evidence for an interaction with fish intake or physical activity
with APOE genotype on the incidence of CAD. A high PUFA intake was associated with
a lower incidence of CAD (HR: 0.76 [95%Cl: 0.62 — 0.901, only in €4 carriers, however no
interaction was observed (Figure 2). Moreover, no clear dose-response relationship
was observed for either fish intake or physical activity and CAD risk (Supplementary
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Figure 1). However, when the frequency of fish intake or physical activity is taken into
account, an interaction for once a week of physical activity in the group with ApoE €2
and ApoE €3 and an interaction for once a week of fish intake in the group with ApoE
€3 and ApoE €4 was observed (Supplementary Figure 1).

No. of No. of Incidence P for Hazard ratio
Cases Controls Rates interaction (95% Cl)
APOE e2
No fish intake 164 4462 445 Reference
Fish intake 1382 39562 425 P 0.755 0.78[0.66, 0.91]
No physical activity 654 16319 486 Reference
Physical activity 892 27705 3.91 —— 0.344 0.81[0.73, 0.89]
Low PUFA intake 98 3179 425 Reference
High PUFA intake 93 3243 395 —_— 0.978 0.91[0.65,1.17]
APOE e3
No fish intake 844 20378 5.00 Reference
Fish intake 6725 179962 454 = 0.76[0.71,0.81]
No physical activity 3288 73613 541 Reference
Physical activity 4281 126727 4.11 gl 0.77[0.73, 0.80]
Low PUFA intake 462 14321 443 Reference
High PUFA intake 452 15025 413 —— 0.90[0.78, 1.02]
APOE e4
No fish intake 380 9117 502 Reference
Fish intake 3311 79371 5.05 —a— 0.152 0.83[0.74,0.92]
No physical activity 1594 31680 6.06 Reference
Physical activity 2097 56809 4.48 i 0.616 0.76[0.71,0.81]
Low PUFA intake 250 6290 546 Reference
High PUFA intake 200 6296 437 — 0137 076 [0.62, 0.90]
T T T 1
05 075 1 125 15

Hazard ratio (95% Cl)

Figure 2. Hazard ratios for CAD incidence for fish intake, physical activity and polyunsaturated fatty
acid (PUFA) intake, stratified by APOE isoform.

As a sensitivity analysis, we excluded participants who used lipid-lowering medication,
blood pressure-lowering medication or with self-reported diabetes mellitus. Results
were comparable to those obtained in our previous analyses (Supplementary Figures
2and 3).
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DISCUSSION

In the present study, we assessed whether there is evidence for lifestyle-APOE
interactions on incident CAD in middle-aged individuals of the UK Biobank. Here,
we reported no evidence for interaction between fish intake, physical activity and
polyunsaturated fatty acid (PUFA) intake with APOE genotype on incident CAD in the
large European UK Biobank population. However, we showed that, independent of APOE
genotype, a higher intake of fish and a higher physical activity level both associated with
a lower CAD risk. A higher PUFA intake was only associated with a lower CAD risk in APOE
€4 carriers, however, no formal statistical interaction was observed.

ApoE €4 has a different binding affinity for lipoprotein particles or the LDL-receptor than
the otherisoforms?. ApoE €4 has a higher binding ability for triglyceride-rich lipoproteins,
such as chylomicron remnants and very-low-density-lipoprotein (VLDL) particles,
than for LDL particles?®. This results in a diminished clearance of LDL-cholesterol,
resulting in higher LDL-cholesterol levels as compared to carriers of APOE €2 and €3%.
We hypothesized that carriers of the €4 isoform may benefit differently from a higher
physical activity and a higher intake of oily fish, however, we did not find evidence
supporting this hypothesis. In the present study, for individuals with a high physical
activity level, the incidence rate for CAD was lower than for those with a low physical
activity level. These lower incidence rates were similar across the different APOE carrier
groups. Therefore, a higher physical activity is likely to be beneficial irrespective of APOE
genotype. Moreover, in our study the incidence rate of CAD decreased with a higher
oily fish intake, in carriers of all ApoE isoforms and was not higher in carriers of the €4
isoform. Interestingly, a higher intake of PUFA associated with a lower CAD incidence
only in APOE &4 carriers points towards a possible lifestyle-APOE interaction on incident
CAD. One possible explanation is that intake of PUFA may result in a lower concentration
of VLDL and thereby may increase the uptake of LDL by the liver, resulting in lower LDL
levels™. However, these observations likely have no clear benefit at a clinical level. Since
the group with information regarding PUFA intake was relatively small this may have
resulted in limited statistical power and, therefore, further research to investigate the
effect on a larger population level is warranted.

Although APOE-lifestyle interactions on cognitive function have been hypothesized as
well*, no significant interaction with cognitive function was observed in the UK Biobank
population previously®. The lack of a APOE-lifestyle interactions in this population
may be a reflection of some sort of selection bias where the current study population
includes in general more healthy APOE €4 carriers. Indeed, there is evidence of a ‘healthy
volunteer' bias in the UK Biobank sample®. Moreover, a genome-wide association
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study on habitual physical activity in the UK Biobank identified APOE to be one of the
strongest associations with physical activity®. The association was markedly stronger
among older participants, therefore it may be that the older APOE risk allele carriers are
particularly enriched for healthy lifestyle. One explanation could be that individuals with
a known familial history of dementia and cardiovascular disease purposefully increase
their physical activity levels and intake of oily fish. This bias may have resulted in an
underestimation of the effect of exercise and fish intake. Alternatively, participants of the
UK Biobank are still in good health or are slightly too young to show significant effects
of the APOE genotype on CAD incidence. Moreover, additional lifestyle interactions,
not covered in the present study, with APOE isoform may be possible. However, it
should be noted that recent large-scale genome-wide interaction efforts were not
able to identify interactions between physical activity, sleep duration, alcohol intake
or smoking on blood lipid levels, limiting the potential of APOE-lifestyle interactions in
the pathogenesis of CAD®°.

A strength of this study is that we used data from the UK Biobank and therefore, to
the best of our knowledge, this is the largest study to test for an interaction of lifestyle
factors and APOE on incident CAD. However, the current analyses have only been
performed in participants of Caucasian descent, thereby hampering the translation to
individuals with a different ancestry. This is of particular importance since variability
exists in APOE-related disease prevalence in different ancestry groups.

Based on our results, it is unlikely that there is a significant interaction between genetic
variation in APOE and various lifestyle factors on the development of incident CAD in a
population of middle-aged and older individuals free of CAD history. Therefore, it seems
likely that interventions intended to reduce cardiovascular risk via increased physical
activity and increased intake of oily fish will be equally effective in carriers of the APOE
€4 genotype as in the other APOE genotype carriers and may thus have considerable
health benefits irrespective of APOE isoform.
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Supplementary Table 1. Baseline characteristics of the participants in the UK Biobank, stratified

by lifestyle factors.

Low fish intake

N = 35344

Demographics

Age in years, mean (SD) 53.9(8.1)

Sex, N (%male) 16,581 (46.9)
Lifestyle variables

BMI, mean (SD) 276 (51)

Smoking status, N (%current)

Oily fish intake in days per week, median (IQR) olo-o0]

10 minutes of vigorous PA in days per week, median (IQR) 1[0 -3l
Cardiovascular risk factors

Statin use, N (%yes) 4,185 (11.8)

Blood pressure lowering medicines use, N (%yes) 5,709 (16.2)

Diabetes, N (%yes) 1,579 (4.5

Cholesterol in mmol/L, mean (SD) 56 (11)

HDL-cholesterol in mmol/L, median (IQR) 13011-16]

LDL-cholesterol in mmol/L, median (IQR) 35129 - 41l

Triglycerides in mmol/L, median (IQR) 16 [11-23]
Genotype

APOE €2, N (%yes) 4,626 (13.1)

APOE €3, N (%yes) 21,221 (60.0)

APOE €4, N (%yes) 9.497 (26.9)

Abbreviations: BMI, body mass index; IQR, interquartile range; N, number; PA, physical activity;

PUFA, polyunsaturated fatty acids; SD, standard deviation.
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High fish intake Low physical High physical  Low PUFA intake High PUFA
activity activity N = 24,600 intake
N = 310,313 N = 127146 N = 218,511 N = 25,309
56.7 (8.0) 57.2(7.8) 56.0 (8.2) 56.6 (8.0) 55.8 (8.2)
137,406 (44.3) 50,825 (40.0) 103,162 (47.2) 9,680 (39.3) 12,219 (48.3)
27.2 (4.6) 279 (5.2) 26.8 (4.3) 27.0 (4.6) 27.0 (4.7)
21-2] 21-2] 2l1-2] 21-2] 11-2]
1[o0-3l olo-ol 3[2-4] 210 -3l 2[0-3l
44,942 (14.5) 21,861 (17.2) 27,266 (12.5) 3,502 (14.2) 3.425 (13.5)
56,016 (18.3) 27,966 (22.0) 34,659 (15.9) 4,219 (17.2) 4,199 (16.6)
12,481 (4.0) 6,928 (5.4) 7132 (3.3) 943 (3.8) 061 (3.8)
58 (11) 5.8 (11) 5.8 (11) 58 (11) 57 (11
141.2-17] 1412 -17] 1412 -17] 15[12-17] 1412-17]
3.6 [3.0-4.2] 3.6 3.0 -4.2] 3.6 3.0 - 41l 3.63.0-42] 3.6 (3.0 - 41l
1510 -21] 15[11-22] 1410 -21] 14 [1.0 - 2.0] 1410 -21]
40,944 (13.2) 16,973 (13.3) 28,597 (13.1) 3,277 (13.3) 3,336 (13.2)
186,687 (60.2) 76,900 (60.5) 131,008 (60.0) 14,783 (60.1) 15,477 (61.2)
82,682 (26.6) 33,273 (26.2) 58,906 (27.0) 6,540 (26.6) 6,496 (25.7)
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No. of No. of Incidence or Hazard ratio
Cases Controls Rates interaction (95% CI)
APOE e2
No fish intake 164 4462 445 Reference
1x Fish infake 522 15141 419 —— 0.464 0.83[0.68,0.97]
2x Fish intake 582 16934 417 —a— 0978 0.77[063,0.90]
3 & > FishIntake 278 7487 452 —— 0.988 0.77[0.62,092]
No physical activity 654 16319 4.86 Reference
1x Physical activity 215 6497 4.02 P 0.023 0.86[0.72,0.99]
2x Physical activity 216 7055 373 e 0.790 0.78[0.66,0.90]
3 & > Physical activity 461 14153 396 —— 0912 0.81[0.71,0.90]
APOE &3
No fish intake 844 20378 5.00 Reference
1x Fish intake 2385 67695 428 —a— 0.77[0.71,0.83]
2x Fish intake 2902 77079 4.57 =
3 & > FishIntake 1438 35188 496 —-—
No physical activity 3288 73613 541
1x Physical activity 865 29038 363 =
2x Physical activity 1085 32385 407 i
3 & = Physical activity 2331 65304 4.34 Ll
APOE e4
No fish intake 380 9117 5.02 Reference
1x Fish intake 1218 29324 502 —— 0.027 0.90[0.80, 1.00]
2x Fish intake 1364 33839 488 - 0440 0.79[0.70, 0.88]
3 & > Fish Intake 729 16208 545 e 0.382 083[0.72,0.93]
No physical activity 1594 31680 6.06 Reference
1x Physical activity 454 12817 43 —a— 0.250 0.76[0.68,0.84]
2x Physical activity 557 14435 468 —-— 0.569 0.79[0.71,0.86]
3 & > Physical activity 1086 29557 445 = 0074 0.74[0.68, 0.80]
T T T 1
0.25 05 0.75 1 125

Hazard ratio (95% Cl)

Supplementary Figure 1. Hazard ratios for CAD incidence for categorized fish intake and physical
activity, stratified by APOE isoform.

No. of No. of Incidence P for Hazard ratio
Cases Controls Rates interaction (95% CI)
APOE e2
No fish intake 164 4462 4.45 Reference
Fish intake 770 30845 3.04 —a— 0.755 0.74[0.58, 0.89]
No physical activity 654 16319 486 Reference
Physical activity 542 22376 295 i 0.344 0.871[0.75,0.99]
Low PUFA intake 98 3179 425 Reference
High PUFA intake 58 2589 309 0.978 0.96 [0.60, 132]
APOE e3
No fish intake 844 20378 Reference
Fish intake ) 3569 136284 —=— 0.75[0.68, 0.82]
No physical activity 3288 73613 Reference
Physical activity 2505 90688 - 0.84[0.79, 0.90]
Low PUFA intake 462 14321 Reference
High PUFA intake 236 11649 — . 0.85[0.70, 1.01]
APOE e4
No fish intake 380 9117 5.02 Reference
Fishintake 1707 58882 352 — 0.152 0.83[0.71,0.95]
No physical activity 1594 31680 6.06 Reference
Physical activity 1187 43784 329 —a— 0.616 0.83[0.75,091]
Low PUFA intake 250 6290 546 Reference
High PUFA intake 109 4762 345 — 0.137 0.73[0.55,092]
T T T 1

05 075 1 125 15
Hazard ratio (95% Cl)

Supplementary Figure 2. Hazard ratios for CAD incidence for fish intake, physical activity and PUFA
intake, stratified by APOE isoform with exclusion of individuals that used lipid-lowering medication,
blood pressure-lowering medication or had a clinical diagnosis of diabetes mellitus.
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No. of No. of Incidence P for Hazard ratio
Cases Controls Rates interaction (95% ClI)

APOE e2

No fish intake 164 4462 445 Reference

1x Fish intake 303 12024 307 —_— 0.464 080067, 0.98]

2x Fish intake 327 13209 3.01 P 0.978 0.7210.56, 0.89]

3 & > Fish Intake 140 5612 3.05 —_— 0.988 0.68[0.50, 0.85]

No physical activity 654 16319 486 Reference

1x Physical activity 122 5243 283 —_— 0023 0.86[0.68, 1.03]

2x Physical activity 123 5648 266 - 0.790 0.80[0.63, 0.96]

3 & = Physical activity 297 11485 315 e 0912 091]0. 76 1.05]
APOE e3

No fish intake 844 20378 5.00 Reference

1x Fish intake 1361 53001 312 —a— 0.78[0.70, 0.86]

2x Fish intake 1505 57937 3.16 i 073[066,081]

3 & > Fish Intake 703 25346 338 —— 0 74 [O 65 0. 33]

No physical activity 3288 73613 5.41

1x Physical activity 504 22802 27 —a— 0. 77 [0 69, 0.85]

2x Physical activity 604 25203 292 —a— 0.80[0.73,0.88]

3 & > Physical activity 1397 51683 329 = 0.89[0.82,0.95]
APOE e4

No fish intake 380 9117 5.02 Reference

1x Fish intake 673 22714 359 e 0.027 090[076, 104

2x Fish infake 689 24916 336 —a—y 0.440 07710 65 0.89]

3 & > Fish Intake 345 11252 373 P 0.382 O 78 [O 64 0.92]

No physical activity 1594 31680 6.06

1x Physical activity 266 9920 326 —— 0.250 O 86 [O 73, 0.98]

2x Physical activity 306 10983 3.39 —— 0.569 0.86[0.74,0.97]

3 &> Physical activity 615 22881 326 —— 0074 0.80[0.71,0.89]

r T T 1
025 05 0.75 1 125

Hazard ratio (95% Cl)

Supplementary Figure 3. Hazard ratios for CAD incidence for categorized fish intake and physical
activity, stratified by APOE isoform with exclusion of individuals that used lipid-lowering medication,
blood pressure-lowering medication or had a clinical diagnosis of diabetes mellitus.
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ABSTRACT

Increasing evidence suggests an association between thyroid stimulating hormone
(TSH), free thyroxine (fT4) and deiodinases with insulin resistance and type 2 diabetes
mellitus (T2D). We examined whether TSH and fT4 levels and deiodinases are causally
associated with insulin resistance and T2D using Mendelian randomization (MR). We
selected twenty genetic variants for TSH level and four for fT4 level (identified in a
GWAS meta-analysis of European-ancestry cohorts) as instrumental variables for TSH
and fT4 level, respectively. We used summary data from genome-wide association
studies (GWAS) on the outcomes type 2 diabetes mellitus (T2D) (DIAGRAM; 12,171
cases, 56,862 controls) and glycemic traits in nondiabetics (MAGIC; N=46,186 for fasting
glucose and insulin and N=46,368 for HbA1c). To examine whether the associations
between TSH/fT4 levels and the glycemic traits are causal, we combined the effects
of the genetic instruments. Furthermore, we examined the associations between 16
variants in DIO1, DIO2, and DIO3 and T2D and glycemic traits. We found no evidence of
an association between the combined genetic instrumental variables for TSH and fT4
and the study outcomes. For example, we did not observe a genetically determined
association between high TSH level and T2D (Odds ratio: 0.91 per standard deviation
TSH increase; 95% confidence interval: 0.78;1.07). Selected genetic variants in DIO1 (e.g.,
rs7527713) were associated with measures of insulin resistance. We found no evidence
of a causal association between circulatory levels of TSH and fT4 with insulin resistance
and T2D, but found suggestive evidence that D/O1 affects glucose metabolism.
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INTRODUCTION

Due to the increased proportion of obesity* 2, and increased life expectancy3s, type 2
diabetes mellitus (T2D) is becoming a major public health challenge. Key mechanisms
involved in T2D are insulin resistance in muscle, adipose tissue and liver, and impaired
insulin secretion due to deterioration of pancreatic 3-cell function?. As recently described
by Peppa et al, there is increasing evidence for the existence of an association between
endocrine disorders, like disturbed thyroid function or (subclinical) hypothyroidism, and
altered glucose-insulin homeostasis®. For example, several studies have reported that
subclinical hypothyroidism is related to insulin resistance and T2D7:8,

The concentration of thyroid hormones in the circulation is regulated by the hypothalamic
pituitary thyroid (HPT) axis. Thyrotropin releasing hormone (TRH) secreted by the
hypothalamus regulates synthesis and release of TSH from the pituitary gland, which
stimulates the production and secretion of the thyroid hormones by the thyroid gland. Via
a classical feedback loop, thyroid hormones inhibit the production of hypothalamic TRH
and pituitary TSH. In target tissues, type 1 and 2 deiodinases convert the prohormone
thyroxine (T4) into the active hormone triiodothyronine (T3), while type 3 deiodinase
converts T4 into inactive reverse triiodothyronine (rT3)e %,

Previously, it has been shown that patients with subclinical hypothyroidism have lower
insulin sensitivity 7% In line, in euthyroid individuals, higher fT4 levels and/or lower
TSH levels have been associated with a higher insulin sensitivity* 2, and with a lower
risk of developing T2D®. Of the deiodinases, genetic variation in deiodinase 2 has been
associated with risk of T2D*, but results between studies as these are inconsistent’>.
These studies suggest thyroid hormone metabolism might exert an effect on insulin
sensitivity and T2D, but the biological mechanisms for these observations are largely
unclear. Causality of observational associations (e.g., low TSH in euthyroid individuals and
higher insulin sensitivity) cannot be ascertained because of unmeasured confounding
and/or reverse causality. In case of reverse causality, insulin resistance might suppress
thyroid function, and consequently lead to relatively higher TSH and lower fT4 levels.

One method used to ascertain causality of observational associations, free of
confounding and reverse causality, is Mendelian randomization (MR)®-%, This method
uses genetic variants as instrumental variables for the exposure of interest®*. The
levels of TSH and fT4 are, in part, genetically determined®, and several loci have been
identified in a large genome-wide association study (GWAS)%. To date, however, no
studies have investigated the relation between genetic variants associated with TSH
and fT4 concentration and measures of insulin resistance and T2D. On the other hand,
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genetic variation in DIO2 has been studied before in relation to T2D, but this needs to be
explored in more depth to confirm earlier results. With respect to the other deiodinases,
deiodinase 1 is highly expressed in liver tissue, an organ which is pivotal in glucose-
insulin homeostasis? and IGF-1 production®. Deiodinase 3 is an inactivation deiodinase
associated with rT3 concentration, and thus inhibits thyroid hormone action. However,
to the best of our knowledge, no studies have been performed on deiodinase 1and 3in
relation to insulin resistance and T2D. In addition to individual participant data, Mendelian
randomization studies can also be conducted using the summary statistics data of
previously conducted GWAS meta-analyses?. Within the present study, we aimed
to investigate whether there is evidence for a causal association between circulatory
TSH and fT4 levels and glycemic traits and T2D using Mendelian randomization.
Furthermore, to provide more insights in the role of thyroid function in target tissues in
the pathogenesis of T2D, we additionally tested genetic variants in deiodinase 1, 2, and
3 in relation to measures of insulin resistance and T2D.
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MATERIALS AND METHODS

Selection of Single Nucleotide Polymorphisms associated with TSH or fT4

For the present Mendelian randomization study, we selected the lead single nucleotide
polymorphisms (SNPs) for all genetic loci that have been shown to independently
associate with the levels of TSH or fT4 (p-value < 5e8) as genetic instrumental variables
for TSH and fT4 levels, respectively. These loci were extracted from a meta-analysis
of genome-wide association studies (GWAS) performed by Porcu et al. in individuals
of European ancestry?, which is the largest GWAS on TSH and fT4 level to date. This
meta-analysis identified twenty independent genetic variants associated with higher
serum TSH levelin 26,420 individuals and four independent genetic variants associated
with higher serum fT4 level in 17,520 individuals. In this meta-analysis, TSH and fT4
were standardized to approximate a normal distribution. The identified genetic variants
explained a total of 5.64% and 2.30% of total variation in TSH and fT4 serum concentration,
respectively. Within this GWAS analysis, all individuals with a TSH <0.4 and >4.0 mIU/L
were excluded.

Selection of Single Nucleotide Polymorphisms associated with deiodinases

Adapted from Panicker et al., we selected nine SNPs mapped in DIO1, three SNPs in DIO2
and four SNPs in DIO3, which cover 100%, 85% and 71%, respectively, of the common
HapMap-based variation in these genes (minor allele frequency >10%) with r2 greater
than 0.8%.

Data sources and outcome definition

In the present study, we used T2D and measures of insulin resistance as outcomes.
For this, we used publically available summary statistics datasets of two large GWAS
conducted by the DIAbetes, Genetics Replication and Meta-analysis (DIAGRAM)
consortium and the Meta-Analyses of Glucose and Insulin-related traits Consortium
(MAGIC). These datasets contain the summary level meta-analysis data of these GWAS,
comprising the per-allele beta estimates of the SNPs on the outcomes, accompanying
standard errors and the effect alleles. The data of the DIAGRAM consortium comprised
the stage | meta-analysis of 12 different cohort studies of European ancestry?, including
12,171 cases of T2D and 56,862 controls. T2D was defined based on a fasting glucose
>6.9 mmol/L, treatment with glucose-lowering agents and/or diagnosis by a general
practitioner or medical specialist. The used data of MAGIC comprised a meta-analysis
of 21 different cohort studies of European ancestry investigating genetic variants
associated with glycemic traits®. In total, 46,186 individuals without diabetes were
included in the meta-analysis. From the MAGIC consortium we used all glycemic traits,
i.e. fasting glucose and insulin, the homeostatic model assessment for insulin resistance
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(HOMA-IR) and pancreatic B-cell function (HOMA-B) as study outcomes. Within the
GWAS meta-analysis, fasting insulin, HOMA-IR and HOMA-B data were log transformed
to approximate a normal distribution. Additionally, we used data from a second GWAS
meta-analysis from MAGIC on HbA1c (N = 46,368)%. Furthermore, we used data from
MAGIC on fasting glucose and insulin that have been adjusted for body mass index
(BMI), as thyroid hormone is known to be associated with BMI3°. Potential mediation of
effects by BMI (e.g., effects of thyroid function on glucose metabolism through BMI) was
accounted for in this analysis, and the direct effect could be studied.

Statistical analyses

To limit bias from including weak genetic instrumental variables, i.e. those that explain
little of the variance in the exposure of interest, we calculated the F-statistic as a
measure of strength for each genetic instrument. In line with the existing literature, we
considered an F-statistic of 10 or more as being of sufficient strength3:. We then explored
whether any of the individual genetic instruments or genetic variants in the deiodinase
genes were associated with T2D or glycemic traits. For these analyses, we corrected
for multiple testing with Bonferroni based on the number of variants included in each
analysis (TSH: a = 0.05/20 = 0.0025; fT4: a = 0.05/4 = 0.0125; DIOs: a = 0.05/16 = 0.0031).

By performing summary level Mendelian randomization analyses, we aimed to
separately combine the twenty genetic instrumental variables for TSH level and the
four genetic instrumental variables for fT4 level to obtain a genetically determined
(causal) association between the TSH and fT4 levels on the study outcomes (notably
T2D, fasting glucose and insulin, HOMA-IR and HOMA-B, and HbA1c). The resulting
estimate can be interpreted as the change in outcome per unit increase in genetically
raised exposure of interest (e.g., change in log(odds) for T2D per standard deviation
increase in genetically raised TSH levels). Analogous to pooling estimates from
different studies in conventional meta-analysis using inverse-variance weighting (IV\W),
we weighted this combined estimate by the inverse of the variance of the per-allele
effect on the outcome (T2D or glycemic trait) for each genetic instrument. However,
the effect estimate retrieved from this analysis might be biased as some of the genetic
instrumental variables could be invalid because of pleiotropy. Biological pleiotropy is
a phenomenon where a genetic variant also influences other traits than the exposure
of interest of the study that influence the outcome of interest, which may therefore
bias the results of a Mendelian randomization study (e.g.. a genetic variant known to
influence TSH associates with T2D, but not solely through modifying TSH level). If these
pleiotropic effects across the genetic variants do not balance out, this might skew the
mean genetically determined estimate of the exposure on the outcome. Such bias is
formally called ‘directional pleiotropy’ To take into account potential bias in this study
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caused by directional pleiotropy, we conducted two sensitivity analyses, knowing MR-
Egger regression? and weighted median estimator analyses®. With MR-Egger analyses,
we were able to formally test for the presence of directional pleiotropy 32 These analyses
were repeated using summary-level statistics data of the GWAS analyses on fasting
glucose and insulin adjusted for body mass index. The unadjusted source codes for
these methods for R, as provided online by the authors32 33 were used for the calculations
of the combined effect of the individual genetic instrumental variables. For the combined
effect of the genetic instruments on the study outcomes, a two-sided p-value below
0.05 was considered statistically significant.
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RESULTS

Effect of individual genetic instruments for TSH or T4 levels on various study outcomes
Allindividual genetic instruments for both TSH and fT4 levels had an F-statistic above
10 (TSH: median 42.5; range 32.1 — 245.4; fT4: median 52.1; range 34.1 - 132.3), and were
therefore considered to be of sufficient strength to be used in the present study. The
associations between the individual genetic instruments for TSH levels and T2D and
the glycemic traits are presented in Figure 1.

Of the individual genetic instruments, we observed an association between rsg472138
in VEGFA and T2D (Online Supplementary Table 1), and between rs3813582 in MAF/
LOC440389 and HOMA-IR after correction for multiple testing. Within the analysis
adjusted for BMI, only rsg472138 in VEGFA was associated with fasting glucose after
correction for multiple testing (Figure 2). None of the individual genetic instruments for
fT4 were associated with any of the study outcomes (Online Supplementary Figure 1).

Combined effect of genetic instrumental variables for TSH and fT4 levels on the study
outcomes

When using inverse-variance weighted analyses to combine the effects on the
outcomes of the individual genetic instruments, we found no evidence that there was
an association between TSH level and the risk of T2D (Table 1 and Figure 3; odds ratio
= 0.01 per 1 standard deviation [SD] higher TSH, 95% confidence interval [Cl] = 0.78; 1.07).
Furthermore, again using inverse-variance weighted analyses, we found no evidence
that there was an association between TSH level and the other studied glycemic traits,
such as fasting glucose and insulin. The mean effect estimates remained similar with
MR-Egger regression and median weighted estimator analyses. Nevertheless, we found
some suggestive evidence using median weighted estimator analysis that there might
be an association between a higher TSH level and lower risk of T2D (B = -0.139 [95%
Cl:-0.301; 0.023]). We found no evidence, using MR-Egger regression analysis, that the
intercept deviated from zero, which indicates that we found no evidence that the effect
estimates were biased due to directional pleiotropy. In addition, similar results were
observed when we used the GWAS datasets on glycemic traits adjusted for BMI (results
not shown). Similarly, we did not find evidence for an association between a higher fT4
level and any of the study outcomes (Table 1 and Online Supplementary Figure 2).
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Figure 1. The effect for individual genetic instrumental variables for TSH levels and study outcomes.
Results are displayed as the additive beta estimates with 95% confidence intervals. The X-axis
presents the additive (per allele) effect for each of the individual genetic instrumental variables
and the study outcome. Full written name of gene indicates a significant association after
Bonferroni correction (p = 0.0025). The association between twenty genetic markers for TSH
levels and (A) type 2 diabetes mellitus in log(odds), (B) fasting glucose in mmol/L per unit,
(C) fasting log(insulin) in pmol/L, (D) logthomeostatic model assessment for beta cell function
(HOMA-B)) in %, (E) log(homeostatic model assessment for insulin resistance (HOMA-IR)) in %,
and (F) glycated hemoglobin (HbA1C) in %.
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Figure 2. The effect for individual genetic instrumental variables for TSH levels and BMI adjusted
fasting glucose and insulin. Results are displayed as the additive beta estimates with 95%
confidence intervals. The X-axis presents the additive (per allele) effect for each of the individual
genetic instrumental variable and the study outcome. Full written name of gene indicates a
significant association after Bonferroni correction (p = 0.0025). (A) BMI-adjusted fasting glucose
in mmol/L and (B) BMI-adjusted fasting log(insulin) in pmol/L.
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Figure 3. The combined effect of the individual genetic instrumental variables for TSH levels on
the study outcomes. Results of the individual genetic instruments for TSH levels displayed
as the causal effect on study outcome with 95% confidence interval per standard deviation
higher serum level of TSH. The solid line represents the regression line of the inverse-variance
weighted approach to combine the individual genetic instruments. The dashed line represents
the regression line of the MR-Egger regression analysis to combine the individual genetic
instruments. Data presented for (A) type 2 diabetes mellitus in loglodds), (B) fasting glucose in
mmol/L, (C) fasting log(insulin) in pmol/L, (D) logthomeostatic model assessment for beta cell
function (HOMA-B)) in %, (E) log(homeostatic model assessment for insulin resistance (HOMA-IR))
in %, and (F) glycated hemoglobin (HbA1c) in %.
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Effect of genetic variation in deiodinases and the study outcomes

After correction for multiple testing (Table 2), the genetic variants rs11206237, rs2268181
and rs7527713 mapped in DIO1 were significantly associated with fasting insulin (3
= -0.018 pmol/L [95%Cl = -0.029; -0.007]; B

additive

saditive = 0-019 pmol/L [95%Cl = 0.008; 0.030!;
B, aitve = ~0-018 pmol/L [95%Cl = -0.028; -0.008], respectively), and with HOMA-IR (
= -0.018 pmol/L [95%Cl = -0.029; -0.007];

additive
e = 0:020 pmol/L [95%Cl = 0.009; 0.031];

B e = ~0-019 [95%Cl = -0.029; -0.009], respectively). In addition, rs7527713 in DIO1 was
associated with HOMA-B (B_, ... = -0.014 [95%Cl = -0.023; -0.005]). None of the three
genetic variants in DIO2 and none of the four SNPs in DIO3 were significantly associated
with T2D or any of the glycemic traits.

Table 1. Mendelian randomization estimates

T2D Glucosein  Log(in- Log(HO- Log(HO- HbA1c in %
mellitusin  mmol/L sulin) in MA-IR) in % MA-B)in %
log(odds) pmol/L
TSH
VW -0.09 0.00 -0.01 -0.01 -0.01 0.01
(-0.25,0.07) (-0.03,0.03) (-0.04,0.02) (-0.04,0.02) (-0.04,0.01)  (-0.01,0.03)
MR Egger 0.00 -0.00 -0.00 -0.00 9.3X105 0.00
Intercept  (-0.04,0.04) (-0.01,0.01) (-0.01,0.00) (-0.01,0.01) (-0.01,0.01) (-0.00;0.01)
Estimate -0.11 0.02 0.00 0.01 -0.01 -0.01
(-0.47:024) (-0.06,0.10) (-0.10,0.10) (-0.08,0.10) (-0.08;0.06) (-0.08;0.07)
WME -0.14 -0.01 -0.01 -0.00 -0.01 0.00
(-0.30;0.02) (-0.04,0.03) (-0.05,0.03) (-0.04,0.04) (-0.04,0.025) (-0.03;0.03)
T4
VW 0.10 0.00 0.02 0.01 0.013 -0.01
(-0.07,0.27) (-0.04,0.05) (-0.02,0.05) (-0.03,0.05) (-0.02;0.04) (-0.04;0.03)
MR Egger 0.02 0.02 -0.01 -0.01 -0.01 -0.00
Intercept  (-0.04,0.07) (-0.02;0.05) (-0.04;0.02) (-0.03;0.02) (-0.04;0.01)  (-0.02;0.02)
Estimate  -0.04 -0.15 0.10 0.06 0.12 0.01
(-1.33;1.25) (-0.47,018) (-0.24,0.45) (-0.27,0.39) (-0.16;0.41) (-0.26,0.27)
WME 0.09 -0.02 0.02 0.02 0.01 -0.01

(-010,0.27) (-0.06,0.02) (-0.02,0.07) (-0.03;0.07) (-0.03,0.04)  (-0.04;0.03)

Abbreviations: HOMA-IR, homeostatic model assessment for insulin resistance; HOMA-B,
homeostatic modelassessment for pancreatic beta cell function; IVW, inverse-variance weighted;
WME, weighted median estimator. Data presented as beta coefficients with 95% confidence
interval per standard deviation higher serum level of thyroid stimulating hormone (TSH) or free
prohormone thyroxine (fT4).
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Table 2. The association between genetic variants for deiodinases and the study outcomes

T2D Glucose in  Log (insulin) Log Log HbA1c in %
mellitusin ~ mmol/L inpmol/L  (HOMA-IR) (HOMA-B)
loglodds) in % in %
DIO1
11206237 0.01 -0.00 -0.02 -0.02 -0.01 0.00
(-0.04;0.06) (-0.01,0.01) (-0.03-0.01) (-0.03;-0.01) (-0.02;-0.00) (-0.01;0.01)
11206244  0.00 -0.00 0.00 0.00 0.00 0.00
(-0.04;0.04) (-0.01,0.01) (-0.01,0.01) (-0.01;0.01) (-0.00;0.01)  (-0.01;0.01)
2235544 0.01 -0.00 0.00 0.00 0.00 -0.00
(-0.02;0.05) (-0.01;,0.00) (-0.00;0.01) (-0.01;,0.01) (-0.00;0.01)  (-0.01,0.01)
2268181 0.01 0.01 0.02 0.02 0.01 -0.00
(-0.04,0.06) (-0.01,0.02) (0.01,0.03)  (0.01,0.03)  (0.00;0.02) (-0.01,0.01)
2294511 0.01 0.00 -0.01 -0.01 -0.01 0.00
(-0.03,0.05) (-0.01,0.01) (-0.02;0.00) (-0.02;0.01) (-0.01;,0.00)  (-0.00;0.01)
2294512 0.03 -0.00 -0.00 -0.00 -0.00 -0.00
(-0.01,0.07) (-0.01,0.01) (-0.01,0.01) (-0.01,0.01) (-0.01;,0.01) (-0.01,0.01)
4926616 0.02 -0.00 0.01 0.01 0.01 -0.01
(-0.03,0.06) (-0.01,0.01) (-0.00;0.02) (-0.01,0.02) (-0.00;0.02) (-0.01,0.00)
731828 0.01 -0.00 -0.01 -0.01 -0.00 -0.00
(-0.03,0.04) (-0.01,0.00) (-0.01;0.00) (-0.01,0.00) (-0.01;0.01) (-0.01,0.01)
7527713 0.02 -0.00 -0.02 -0.02 -0.01 0.01
(-0.02;,0.07) (-0.01,0.01) (-0.03;-0.01) (-0.03;-0.01) (-0.02;-0.01) (-0.00;0.01)
DIO2
225011 0.00 -0.00 -0.00 -0.00 0.00 -0.00
(-0.03,0.04) (-0.01,0.01) (-0.01;,0.01) (-0.01,0.01) (-0.01;0.01) (-0.01,0.01)
225014 0.01 -0.00 0.00 0.00 0.00 -0.00
(-0.03,0.05) (-0.01,0.01) (-0.01,0.01) (-0.01,0.01) (-0.01;,0.01) (-0.01,0.00)
225015 0.01 0.00 0.00 0.00 -0.00 0.00
(-0.03,0.05 (-0.01,0.01) (-0.01;0.01) (-0.01,0.01) (-0.01,0.01) (-0.00;0.01)
DIO3
17716499 0.02 0.01 0.00 0.00 -0.00 0.00
(-0.03,0.07) (-0.00;0.01) (-0.01,0.01) (-0.01,0.01) (-0.01,0.01) (-0.01;0.01)
7150269 0.01 0.01 0.00 0.00 -0.00 0.00
(-0.03,0.05) (0.00,002) (-0.01,0.01) (-0.01,0.01) (-0.01,0.01) (-0.01,0.01)
8011440 0.01 -0.01 -0.00 -0.00 0.00 -0.00
(-0.03,0.06) (-0.02;0.00) (-0.01;0.01) (-0.01,0.01) (-0.01,0.01) (-0.01,0.01)
945006 0.05 0.00 -0.01 -0.01 -0.00 -0.01

(-0.04,014) (-0.01,0.02) (-0.03;0.01) (-0.02;0.01) (-0.02;0.01) (-0.02;0.01)

Abbreviations: HOMA-IR, homeostatic model assessment for insulin resistance; HOMA-B,
homeostatic model assessment for pancreatic beta cell function. Data presented as additive
beta coefficients with 95% confidence interval.
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DISCUSSION

In the present study we examined whether the previously described observational
associations between (subclinical) hypothyroidism, characterized by high TSH levels
and fT4 levels within the normal range, with measures of insulin resistance and
T2D7 ® are causal using Mendelian randomization analyses. Within this study, we
did not find evidence that the association between TSH and fT4 (as determined in
a population with TSH>0.4 mIU/L and TSH<4.0 mIU/L) with T2D and glycemic traits
(fasting glucose and insulin, HOMA-IR, HOMA-B, and HbA1c) is causal. However,
although effect sizes were relatively small, we found suggestive evidence of an
association between selected genetic variants in DIO1 with glycemic traits, but not
with T2D.

The lack of a genetically determined (causal) association between TSH/fT4 level and
measures of glucose metabolism suggests that the previously observed association
between subclinical hypothyroidism and insulin resistance might be explained by
reverse causality or residual confounding. In case of reverse causality, progression of
insulin resistance and T2D influences TSH and thyroid hormone levels3. In addition,
unmeasured or unknown factors not taken into account as confounding variables in the
observational studies might have affected the observed association between subclinical
hypothyroidism and insulin resistance.

In this study two genetic variants associated with TSH level showed a significant
association with the study outcomes after correction for multiple testing. The genetic
variant rs3813582 was significantly associated with HOMA-IR. This polymorphism is
a noncoding variant in an exonic region of the LOC440389/MAF gene, associated
with increased thyroid volume3s, a condition more frequently found in patients with
insulin resistance®. However, the allele that has been associated with higher TSH
concentration® was associated with lower insulin resistance in the data from the
MAGIC consortium. Gene expression of LOC440389/MAF was previously found higher
in thyroid tissue compared to skeletal muscle, which might suggest a more thyroid-
specific functionss. Further studies are required to gain more information about
this SNP and its potential effect on insulin resistance beyond the effects through
TSH. Moreover, we observed that rsg9472138 in VEGFA was associated with T2D and
fasting glucose after adjustment for BMI. VEGFA encodes a growth factor important
in angiogenesis, which is critical for thyroid function due to the high vascularization
of this organ for the continuous supply of iodine to synthesize thyroid hormones?¥.
Genetic variation in VEGFA has not been significantly related to T2D in GWAS studies.
Nevertheless, it might still be a novel genetic predictor for T2D. Previous work already
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suggested that VEGFA gene variants were associated with diabetic nephropathy?.
Based on our results, we hypothesize that this association is independent of TSH
level, and that VEGFA is involved in multiple biological pathways.

In the literature, there is evidence of an association between deiodinases and the onset
of insulin resistance. The most studied polymorphism in the deiodinases in relation to
insulin resistance and T2D is rs225014 in DIO2, which has a high allele frequency in various
ethnic groups . However, previous studies have shown contradictive results® 7. In this
study we assessed the role of deiodinases on insulin resistance and T2D using genetic
variants in the deiodinase genes that cover the gene as much as possible?®, \We observed
genetic variation in DIO1 to be significantly associated with fasting insulin, HOMA-IR and
HOMA-B. In the data from DIAGRAM and MAGIC, we did not find a significant association
between the previously described polymorphism in DIO2 and increased risk for T2D
and any of the glycemic traits in individuals of European ancestry. The discrepancy
in the results can be explained by the smaller sample size of the previous studies
and by the differences in ethnic background of the different cohorts examining the
relationship. However, we showed that there might be a minor effect of deiodinase 1
on insulin resistance. To the best of our knowledge, no data are yet available about this
mechanism, which will therefore require further studies. Speculatively, polymorphisms
in DIO1 are highly expressed in liver tissue® and have been associated with IGF-1 and
IGF-1 related endpoints, such as body height and skeletal muscle mass?. Skeletal
muscle is an important organ for insulin-stimulated glucose uptake and a lower relative
muscle mass was found to associate with insulin resistance. However, this hypothesis
should be explored in more detail in future studies.

Strengths of the present study include the large sample size of the used study
populations, and the use of summary statistics data which increases efficiency. A
limitation of our study was that the twenty independent loci associated with the level
of TSH only explained 5.64% of the total variation in TSH concentration, and for fT4 this
was only 2.30%%. Nevertheless, the F-statistics of all individual genetic instrumental
variables was above 10, which should greatly limit the likelihood of weak instrumental
variable bias®. Additional insights could be provided by the identification of additional
loci that are associated with TSH and fT4 concentration. However, the effect sizes of
these newly identified loci will probably be lower or they will have a smaller allele
frequency. In both cases the strength of the instrumental variables will be lower, and the
contribution of these genetic instrumental variables in the combined effect will be lower
as well. Another limitation is that the genetic contribution to TSH and fT4 concentration
was found to be different between men and women??, and (subclinical) hypothyroidism
is more frequent in women than in men#. As the datasets of the study outcomes were
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not available stratified by sex, we were not able to address the research questions
separately for men and women. Furthermore, as the genetic instrumental variables
as well as the summary statistics originated from population of European ancestry,
our results may not be generalized to populations of non-European ancestry. A last
limitation might be that the GWAS on TSH and fT4 was only performed in euthyroid
individuals. However, as the combined score of the twenty identified genetic variants
associated with TSH was also associated with a higher risk of having an extreme high
TSH level?, results might be also applicable for patients beyond the normal TSH range.

Taken together, the results in the present study indicate no causal association between
genetically determined circulatory TSH and fT4 levels and higher risk of T2D. This
conclusion was supported by the lack of significant association between genetically
determined circulatory TSH and fT4 with glycemic traits. Moreover, we did observe
an association between genetic variants in DIO1 and insulin resistance, which might
suggest that thyroid metabolism affects glucose metabolism in target tissues.
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ABSTRACT

Thyroid status is hypothesized to be causally related with the risk of diabetes mellitus
(DM), but previous results were conflicting possibly due to a complex interaction
between TSH, BMI and diabetes. In this study, we aimed to investigate the causal
association between thyroid status with DM and glucose homeostasis and to what
extent this association is dependent on BMI. This study was performed in British
participants from the UK Biobank population. Genetic variants for circulatory TSH
and fT4 levels and for BMI were used to calculate weighted genetic risk scores
(GRS). We assessed the associations between genetically-determined TSH and
fT4 and self-reported DM, and stratified the analyses by BMI. Similar analyses were
performed on fasting glucose and Hb1Ac as outcomes among individuals without
DM. The present study was performed in 401,773 British participants (mean age of 57.4
years (standard deviation 8.0) of which 45.9% were men), of which 19,773 individuals
classified themselves as DM cases. Genetically-determined TSH and fT4 levels were
not associated with risk of DM in the total UK Biobank population (odds ratio (OR)
0.96; 95% confidence interval (Cl) 0.92,1.01). However, we did observe an interaction
between genetically-determined TSH and BMI (p = 0.06) in their association with DM. In
individuals with a low genetically-determined BMI, genetically-determined higher TSH,
and not fT4, was associated with a lower risk for DM (OR 0.91; 95%Cl 0.85,0.98). A higher
genetically-determined TSH was associated with a lower level of fasting glucose and
glycated haemoglobin in the overall population and in the groups stratified based on
BMI. Genetically determined fT4 was not associated with fasting glucose or glycated
haemoglobin. We found evidence for a potential causal association between higher
circulatory TSH, but not fT4, and risk for DM. However, only in those with a lower BM],
suggesting protective effects of TSH only in low-risk populations.
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INTRODUCTION

Diabetes mellitus (DM) is a major public health challenge, mainly due to increased
prevalence of obesity*2. DM is a heterogeneous disease which is caused by different
mechanisms, notably, insulin resistance in muscle, adipose tissue, and liver, and
impaired pancreatic insulin secretionz.

Obesity is a major risk factor of DM development3. However, another potential risk
factor for DM development is thyroid status, defined by the combined levels of thyroid-
stimulating hormone (TSH) and free thyroxine (fT4)4. In observational studies, increasing
evidence suggests an association between circulating levels of TSH and fT4 with DM58,
However, not all studies support evidence for this association®.

Moreover, obesity is associated with higher levels of TSH, though the direction of
causation is still unclear®. Therefore, this complex relation between obesity, thyroid
status and DM further complicates studies on causal inference regarding associations
between thyroid status and DM. Not all confounder and causal factors are known and/
or measured in observational studies and thus it remains unclear whether, and to what
extent, thyroid status affects risk of developing DM and how obesity modifies this effect.
In a previous study, we used genetic instrument to ascertain causality for associations
of circulating levels of TSH and fT4 with DM, but did not find evidence for causality™.
However, our previous study suffered from some limitations related to the small sample
size and lack of (strong) genetic instruments, especially for fT4.

Now, with more than double the number of genetic instruments for TSH and more
than quadruple number of genetic variants for fT4 combined with the availability of
large sample size individual participant data in UK Biobank, we can readdress this
research question in a more rigorous manner. Moreover, in order to study the effect of
thyroid status on DM, possible effect modification by body mass index (BMI) should be
considered. We hypothesize that obesity has a catalysing effect on the development
of DM, especially type 2 diabetes, and could thereby overshadow more subtle causal
pathways. By stratification on genetically determined BMI, differential effects of thyroid
status on DM can be assessed.

Within the current study, we aimed to investigate the association between thyroid status
and glucose homeostasis and the risk of DM in British participants from the UK Biobank.
In addition, we stratified our analyses based on genetically-determined BMI in order
to test our hypothesis of a possible effect modification by obesity on the association
between thyroid status and DM and glucose homeostasis.
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METHODS

Study population

For the present study, we included all participants from the UK Biobank with imputed
genotype data and self-reported data on DM diagnosis. Between 2006 and 2011, men
and women aged 40 till 69 years living within a reasonable travelling distance of one
of the 22 assessment centres in the United Kingdom, were invited to participate in the
UK Biobank via a population-based register *2. During their visits to the assessment
centres, participants completed questionnaires using a touchscreen device regarding
current health and medical history. Body Mass Index (BMI) was established by dividing
the weight in kilograms by the height in metres squared. Participants were asked to
remove shoes and heavy clothing before weighing 3. The UK Biobank operates within
the terms of an Ethics and Governance Framework and all participants provided signed
written informed consent 1314,

Genotyping and genetic imputations

UK Biobank genotyping was conducted by Affymetrix using a bespoke BiLEVE Axium
array for approximately 50,000 participants; the remaining participants were genotyped
using the Affymetrix UK Biobank Axiom array. Quality control was centrally executed
by UK Biobank. More information on the genotyping processes can be found online
(https:./www.ukbiobank.ac.uk). Based on the genotyped SNPs, UK Biobank resources

performed centralized imputations on the autosomal SNPs using the UK10K haplotype
5, 1000 Genomes Phase 3 *¢, and Haplotype Reference Consortium (HRC) reference
panels . Autosomal SNPs were pre-phased using SHAPEIT3 and imputed using
IMPUTE4. In total, ~96 million SNPs were imputed. Related individuals were identified
by estimating kinship coefficients for all pairs of samples using only markers weakly
informative of ancestral background.

Selection of single nucleotide polymorphisms associated with TSH, fT4 and BMI

For this study, we selected genetic instruments from published genome-wide
association studies, in which the UK Biobank did not contribute. For thyroid status,
we selected the lead single nucleotide polymorphisms (SNPs) for all genetic loci that
have been shown to independently associate with the circulating levels of TSH (42 loci)
or fT4 (21 loci) (P < 5 x 107®) as genetic instrumental variables for TSH and fT4 levels,
respectively®®. To investigate the combined effect of the thyroid hormone associated risk
variants, we calculated a weighted genetic risk score (GRS) for circulating TSH or fT4. For
the TSH GRS, we excluded rs13100823 in IGF2BP2 as this locus has been associated with
type 2 diabetes mellitus®. For the fT4 GRS, we excluded rs11039355 in FNBP4 because of
its previous association with body height, body mass index and proinsulin®®. In addition,
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we calculated a weighted genetic risk score (GRS) for BMI, for which we selected the
lead SNPs for 97 BMI-associated loci *°. For the present study, we considered a low and
high genetically-determined BMI, which was defined on the basis of the median value
in the study population.

Outcome definition

To define cases with diabetes mellitus, the baseline self-reported interview data
collected in the full UK Biobank population was used. All participants reporting to have
diabetes mellitus. Moreover, the individuals were asked about the age of diagnosis
and whether they used insulin within the first year after diagnosis. Based on the age
of diagnosis and use of insulin, we subdivided the self-reported DM diagnosis to
homogenize the outcome population. These subdivisions were based on the median
age of diagnosis (low/high) and use of insulin (yes/no).

Statistical analysis
Characteristics of the study population were expressed as mean with standard deviation
for normally distributed measures, and proportions for categorical variables.

We performed multivariable logistic regression analyses to assess the association
between the GRSs and DM (subtypes) and linear regression analyses were performed for
the associations between the GRSs and the continuous variables glucose and glycated
haemoglobin (HbA1C) adjusted for age, sex and four principal components. The resulting
estimate is a weighted mean estimate and reflects a standard deviation increase of
genetically determined TSH or fT4 on an odds ratio or standard deviation increase of our
study outcome. All analyses were adjusted for age, sex and population stratification (first
four principal components). To investigate possible effect modification by BMI, our analyses
were additionally stratified based on the median of the GRS for BMI. We choose to use a
genetically-determined BMI instead of the observational data, in order to minimize the
possible effect of reverse causation, treatment and to studly life-long exposure to high BMI.
In order to formally test for interaction of the GRSs with BMI, we added an interaction term
between the thyroid GRS and BMI GRS in their association with DM to the regression models.

In addition, we performed exploratory analyses in which we homogenized the self-
reported DM phenotype by age of diagnosis and insulin use. For this, similar multivariable
logistic regression analyses were performed as before using a subset of the case groups.

All statistical analyses were performed using R statistical software version 3.5.3. Results

were reported as odds ratios (for dichotomous outcomes) or beta estimates (for glucose
and Hb1Ac) with 95% confidence intervals.
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RESULTS

Population characteristics

After excluding individuals lacking genetic information or those who were of non-
European ancestry, this study comprised 401,773 participants with a mean age of 57.4
years (standard deviation 8.0) of which 45.9% were men. A total of 19,773 individuals
(4.9%) reported a diagnosis of DM. The population characteristics of the study population
are shown in Table 1 for non-DM cases and DM cases. As compared to controls, DM
cases had a higher mean age (57.3 [8.0] versus 60.6 [6.9] years), were more often male
(54.1% versus 61.8%), had a higher mean BMI (27.2 [4.6] versus 31.5 [5.8] kg/m3), had a
higher fasting glucose (5.0 [0.8] versus 7.6 [3.4] mmol/L) and a higher HbA1c (35.1 [4.5]
versus 52.4 [13.71 %).

Table 1. Characteristics of study population.

No DM (n-389,122) DM (n=19,773)
Age at study visit in years 57.3(8.0) 60.6 (6.9)
Age at diagnosis in years - 50.3(14.7)
Sex, N (% male) 541 61.8
BMIin kg/m? 27.2(4.6) 315 (5.8)
Fasting glucose in mmol/L 5.0 (0.8) 7.6 (3.4)
HbA1c in % 35.1(4.5) 52.4 (137)

Data presented as mean with standard deviation or as stated otherwise. Abbreviations: BMI, body
mass index; DM, diabetes mellitus; N, number.

Genetically determined TSH and fT4 with DM

A genetically-determined higher TSH did not associate with DM in the overall group
(odds ratio (OR) 0.96; 95% confidence interval (Cl) 0.92,1.01) (Figure 1). In the subgroup
with a propensity for low BMI (GRS BMI lower than median), a higher GRS for TSH was
associated with a lower risk for DM (OR 0.91; 95%Cl 0.85,0.98) (Figure 1). However, no
associations between genetically-determined fT4 and DM were observed in the main
group (OR 0.96; 95%Cl 0.90,1.03) and in the group with low (OR 0.95; 95%Cl 0.84,1.05)
and high genetically-determined BMI (OR 0.99; 95%Cl 0.90,1.08). We did find suggestive
evidence for an interaction between the genetically-determined TSH and genetically-
determined BMI on DM (p-value for interaction: 0.06), however, we did not observe a
formal interaction for genetically-determined fT4 and genetically-determined BMI on
DM (p-value for interaction: 0.19).

192



TSH is associated with lower diabetes mellitus risk in individuals with low BMI

No. of No. of P for Odds ratio
Trait Control Cases Interaction (95% ClI)
TSH
Overall 467547 19773 — 0.96 [0.92, 1.01]
Low BMI 235690 7973 —. 0.91[0.85, 0.98]
0.06
High BMI 231857 11800 — 1.00 [0.94, 1.06]
T4
Overall 467547 19773 —y 0.96 [0.90, 1.03]
Low BMI 235690 7973 - 0.95[0.84, 1.05]
0.19
High BMI 231857 11800 —_— 0.99 [0.90, 1.08]
T T T 1
0.8 0.9 1 11

Odds ratio (95% Cl)

Figure 1. Associations between the GRS for TSH and T4 with diabetes mellitus in the overall
population and stratified by genetically-determined BMI.

Genetically determined TSH and T4 with fasting glucose and glycated haemoglobin

A higher genetically-determined TSH was associated with a lower level of fasting
glucose (beta -0.02; 95%Cl -0.03,-0.01) in individuals without DM (Table 2). Moreover,
a SD higher genetically-determined TSH was associated with lower fasting glucose
levels (beta -0.02 mmol/L; 95%Cl -0.03,-0.01)), in the group of individuals with a low
BMI as well as in the group of individuals with a high BMI (beta -0.02 mmol/L; 95%ClI
-0.00,-0.03)(Table 2). The results for the GRS of TSH on glycated haemoglobin showed
a similar trend, although with wider confidence intervals. Genetically determined fT4

was not associated with fasting glucose or glycated haemoglobin.

Table 2: Associations between the GRS for TSH and T4 with fasting glucose and HbA1c, stratified
by genetically-determined BMI.

Low BMI High BMI
TSH T4 TSH T4 TSH T4
Fasting -0.02 -0.00 -0.02 0.00 -0.02 -0.00
glucose (-0.03;-0.01) (-0.01,0.01) (-0.03;-0.01) (-0.01,0.02) (-0.03;-0.00) (-0.02;0.01)
HbA1c -0.03 0.02 -0.01 -0.00 -0.05 0.05
(-0.07,0.02)  (-0.05;0.09) (-0.07;0.06) (-0.10,0.10) (-0.11,0.01) (-0.04:0.15)

Data presented as SD increase in GRS per SD difference in outcome with accompanying 95%
confidence interval. A total of 467,547 individuals are included in the overall analyses, 231,857 in
the low BMI group and 235,690 in the high BMI group.
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Sensitivity analyses in DM subtypes

In sub-analyses of this study, we also explored the associations in DM subgroups based
on initiation of treatment with insulin (analogues) within the first year after diagnosis and
on the age at diagnosis. Here we did observe an association between a higher GRS
for TSH and a lower risk for DM diagnosed at a younger age for which patients did not
require insulin(analogues) within the first year for those with a low BMI (OR 0.87; 95%Cl
0.77, 0.98) (Figure 2).

No. of No. of Odds ratio
Trait Control Cases (95% Cl)
TSH
Low BMI
No insulin (analogues) first year — diagnosis younger age 241082 2581 —e— 0.87[0.77, 0.98]
Insulin (analogues) within year — diagnosis younger age 243123 540 —_—. 0.78[0.60, 1.01]
No insulin (analogues) first year - diagnosis older age 239890 3773 - 0.97 [0.88, 1.07]
Insulin (analogues) within year - diagnosis older age 243183 480 —_— 0.95[0.72, 1.26]
High BMI
No insulin (analogues) first year — diagnosis younger age 239105 4552 —-— 1.03[0.94, 1.13]
Insulin (analogues) within year - diagnosis younger age 243089 568 —_— 1.01[0.78, 1.30]
No insulin (analogues) first year - diagnosis older age 238419 5238 —a— 1.00[0.92, 1.09]
Insulin (analogues) within year — diagnosis older age 242996 661 — 0.96 [0.76, 1.22]
T4
Low BMI
No insulin (analogues) first year — diagnosis younger age 241082 2581 —— 0.88[0.73, 1.06]
Insulin (analogues) within year — diagnosis younger age 243123 540 —_— 1.20[0.80, 1.80]
No insulin (analogues) first year - diagnosis older age 239890 3773 —a— 0.97[0.83, 1.13]
Insulin (analogues) within year - diagnosis older age 243183 480 S 0.91 [0.59, 1.40]
High BMI
No insulin (analogues) first year — diagnosis younger age 239105 4552 — 0.91[0.79, 1.04]
Insulin (analogues) within year - diagnosis younger age 243089 568 —_—— 0.99 [0.67, 1.47]
No insulin (analogues) first year - diagnosis older age 238419 5238 . 1.05[0.91, 1.19]
Insulin (analogues) within year — diagnosis older age 242996 661 — 1.04[0.72, 1.50]
T T T T 1

0.5 0.75 1 125 15
Odds ratio (95% Cl)

Figure 2. Associations between the GRS for TSH and fT4 with subgroups of diabetes mellitus
stratified by genetically-determined BMI.

194



TSH is associated with lower diabetes mellitus risk in individuals with low BMI

DISCUSSION

In this study, we examined the associations between genetic-risk scores for circulating
TSH and T4 levels with DM and glucose homeostasis. In the total British UK Biobank
population, we did not find evidence for an association between genetically-determined
TSH or fT4 with DM. However, when stratified based on genetically-determined BMI,
higher genetically-determined TSH was associated with a lower risk of DM in the group
with a low genetically-determined BMI. Moreover, higher genetically-determined
TSH was associated with a lower fasting glucose level, in the overall group and those
stratified based on genetically-determined BMI. Though no associations were found
between genetically-determined fT4 and any of our study outcomes.

A strength of this study is the use of a large sample size with a large number of DM
cases, which allowed for stratified analyses based on genetically-determined BMI and
exploratory analyses on DM subgroups. By stratification on genetically determined BM],
the hypothesized catalysing role of obesity was taken out of the equation, revealing the
more subtle causal pathway of the HPT-axis on DM. Certain limitations of this study also
need to be addressed. The present study made use of self-reported touchscreen based
data, which might be prone to measurement error. As measurement error is likely to be
unrelated to the genetic factors (e.g., nondifferential misclassification) this likely resulted
in a reduced statistical power. Furthermore, because the genetic instrumental variables,
as well as the outcome data set, originated from populations of European ancestry, our
results may not be generalized to populations of non-European ancestry.

The findings of the current study add to previous research regarding the role of low
thyroid status and DM onset. Several observational human studies observed an
association of higher TSH level with a higher risk of DM®€, However, not all observational
studies showed an association between higher TSH and DM. De Vries et al. (2019) did
not observe a relation between plasma TSH levels within the normalrange and incident
DM in patients at high cardiovascular risk®. The lack of a causal association with TSH and
fT4 as observed in the overall study population of the current study may suggest that
previously observed associations of alterations in thyroid status and DM onset might
have resulted from reverse causality and/or residual confounding. One of the potential
interfering mechanisms could be central resistance to thyroid hormones commonly
seen coinciding with metabolic syndrome?. In addition, many other factors such as
auto-immune disorders, could cause residual confounding. Furthermore, these findings
confirm our previous observations of no association between circulating TSH and T4
and risk of DM at population level using two-sample Mendelian Randomization analyses
with fewer instruments in a smaller study population®,
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The main novel observation of the current study is the association of higher genetically
determined circulating TSH levels with a lower risk of DM in individuals with a lower
genetically-determined BMI. Two main routes of action can be hypothesized; either
a direct effect of TSH or an indirect route via a lower HPT-axis setpoint. For TSH to
have a direct effect on tissue function, TSH-receptors (TSHRs) are required. Various
extrathyroidal expression of TSH-receptors are described in literature, including in
orbital fibroblasts, adipose tissue, bone, skeletal muscle, thymus and kidney#2, TSH
could exert its protective effect against DM via adipose tissue. In mice and human
adipocytes expression of TSHR was demonstrated previously 2324, Adipocytes were also
shown to increase lipolysis in response to stimulation with TSH in vitro and in vivo 2324,
Furthermore, interaction with the insulin signaling pathway was demonstrated, leading
to an inhibition of PI3K resulting in lower rates of adipogenesis . Thus, higher levels of
TSH could potentially be protective against accumulation of adipose tissue and thereby
reduce the risk of DM. Alternatively, TSH could influence glucose homeostasis through
increasing insulin sensitivity and glucose uptake of skeletal muscle. In line, we described
a causal association between higher TSH levels and lower fasting glucose levels in this
study. Moon et al. (2016) have demonstrated a direct stimulatory effect of TSH on insulin
receptor substrate (ISR)-1 expression in muscle tissue and improved glucose tolerance®.
Another potential etiological pathway could be viaimmunomodulation. TSHR was shown
to be present in thymus tissue, and stimulation with TSH increased development and
differentiation of T-cells in both rodent and human thymal cell lines?. Hence, individuals
with higher circulating levels of TSH could be having a more diverse and effective
adaptive immune system. Having a diverse arsenal of T-cells prevents auto-immunity
and other sources of low-grade inflammation?®. As low-grade inflammation is a well-
established causal risk factor for developing DM, any factor targeting inflammatory
pathways could be a potential strategy for prevention of DM 2, Higher TSH levels could
be such an immunomodulating factor protecting against DM. Apart from direct effects
of TSH, an indirect effect of higher TSH via a different HPT-axis setpoint could also
explain our findings. As expected from the strong inverse relationship between TSH
and T4, virtually all genetic variants for higher TSH are associated with lower circulating
levels of fT4 in the original GWAS®. Therefore, our observation could be elaborated
to an association of higher TSH and lower T4, i.e. a lower HPT-axis setpoint, with a
lower risk of DM. Previously, thyroid status has been linked to multiple components of
glucose homeostasis. It has long been known that thyroid hormones induce hepatic
gluconeogenesis. Furthermore, thyroid hormones could affect insulin production and
secretion in the pancreass. Although thyroid hormones are required for maturation
of pancreatic B-cells, senescence is also accelerated by elevated levels of thyroid
hormones in these insulin producing cells .
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Here, we specifically studied the effects of circulatory TSH and fT4 on DM onset
and glucose homeostasis. However, target tissues customize intracellular thyroid
hormone levels to their current needs independently of circulating levels in the blood.
Deiodinases are key players in the modulation of the availability of thyroid hormones
in target tissues 34 In previous research of our group, we demonstrated that genetic
variation in DIO1 may affect glucose metabolism *. This may be more reflective of target
tissue levels of thyroid hormone than the circulating levels. We therefore propose
that future studies should focus on the role of deiodinases and availability of thyroid
hormones in target tissues on glucose homeostasis and the risk of DM.
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CONCLUSION

In this study, genetically-determined circulating TSH was associated with a lower risk of
DM in participants with low genetically-determined BMI. Moreover, a higher genetically-
determined TSH is associated with lower fasting glucose levels in participants without
DM, in the overall population and in individuals with both low and high genetically-
determined BMI. We did not find evidence for a causal association between higher
circulatory TSH or fT4 levels and any of our study outcomes. These findings may indicate
that TSH levels affect glucose homeostasis and that higher TSH levels might protect
against DM. Only finding these associations in subgroups at lower risk may indicate a
more subtle role of the HPT-axis in the aetiology of DM.
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GENERAL DISCUSSION

The aim of this thesis was to study the role and interplay of genetic and environmental
factors on cardiometabolic health. Hereby, we aimed to identify potential (causal)
biological mechanisms that are of interest as future targets for primary or secondary
preventive strategies for cardiometabolic diseases. The first part of this thesis focused on
the use of untargeted metabolites in relation to early disturbances in glucose metabolism
and insulin sensitivity in middle-aged individuals. The second part was aimed at
studying, and potentially identifying, targets that are important in the relations between
measures of habitual sleep with cardiometabolic health in the general population. In the
third part, we focused on the APOE gene and the effect of oily fish intake, physical activity
and polyunsaturated fatty acid intake on the onset of age-related diseases, especially
coronary artery disease. In the last part of this thesis, we investigated the potential causal
association of thyroid status with glucose homeostasis and type 2 diabetes mellitus.
In this section of this thesis, | will discuss and further interpret the results from these
different chapters. Moreover, the implications of the findings for future preventive and
treatment strategies to decrease the burden of cardiometabolic diseases are discussed.

Main findings

The increase in overall life expectancy has resulted in a larger proportion of older
individuals worldwide, which is projected to continue to increase!. Simultaneously, a
rapid rise of individuals with multiple age-related cardiometabolic diseases such as type
2 diabetes mellitus is observed? Therefore, there is an urgent need for the identification
of risk factors in an early stage of this condition. In Chapter 2, we studied, through
untargeted metabolomics, metabolites in relation to measures of insulin resistance in
non-diabetic individuals and we replicated the identified metabolites in an independent
cohort. We validated the metabolites by assessing their relationship with diabetes
mellitus. The findings from Chapter 2 of this thesis point towards biomarkers of early
insulin resistance that may predict type 2 diabetes onset. In particular, several amino
acids and saturated fatty acids may contribute to alterations in insulin sensitivity and
increased insulin resistance?. These findings are in line with previous studies that show
that several amino acids, sugar metabolites, and lipids have been associated with a
higher risk for diabetes mellitus*”. Especially, several (branched-chain) amino acids are
consistently associated with diabetes mellitus3s. Amino acids are essential for protein
metabolism and muscle proteins in particular serve as an energy store. When the body
is in the anabolic state, amino acids are added to the body's protein pool, while in the
catabolic state energy is provided by the breakdown of endogenous proteins to provide
the body with amino acids that are used for gluconeogenesis. This occurs when the
body is energy deprived as well as when there is an excess of dietary protein. Both in
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prediabetic and diabetic individuals, gluconeogenesis has mostly been observed to
be higher as compared to controls®. Alanine and glutamine are the most important
gluconeogenic precursors in the liver. Interestingly, genetic predisposition to type 2
diabetes is associated with increased levels of alanine and genetically-determined
higher levels of alanine are associated with an increased risk for type 2 diabetes, thereby
providing novel insights into promising causal paths to and from type 2 diabetes®.

Habitual sleep is increasingly considered as an important factor contributing to
cardiometabolic disease onset!®3, Previously, in epidemiological cohort studies, both
a short and long habitual sleep duration have been associated with risk factors for
an adverse cardiometabolic health, but likely via different biological mechanisms-3,
The findings as presented in Chapter 3.1 and 3.2 indicate an observational relationship
between habitual sleep duration and sleep quality with glucose metabolism and lipid
metabolism. We additionally described that specifically a shorter sleep duration and
a poorer sleep quality were associated with higher insulin resistance, higher fasting
triglyceride levels and a higher hepatic triglyceride content. However, we demonstrated
that it is not sleep duration or sleep quality per se, but rather BMI and associated
sleep apnea that drive these associations, since these associations disappeared
after adjustment for these factors. Moreover, an innovative research approach that is
increasingly used to help disentangle questions of causality - Mendelian Randomization
(MR) - was used to study these relations. We showed that using MR, no evidence for
a causal association between total, short or long sleep duration, glycemic traits and
type 2 diabetes was observed. Therefore, we conclude that previously observed
associations of shorter sleep duration and poorer sleep quality with an adverse glucose
metabolism and lipid profile, may be explained by BMI and sleep apnea, with no direct
effect of sleep duration and quality on glucose metabolism. In a previous study, that
assessed the causal association of total sleep duration with 22 prevalent diseases
from the Electronic Medical Records in the Parthers Biobank (n=16,033), associations
were observed with congestive heart failure, obesity, hypertension, restless legs
syndrome, and insomnia. While after adjustment for obesity, associations with total
sleep duration disappeared for hypertension and insomnia, these associations were
maintained for congestive heart failure and restless legs syndrome. Taken together,
findings suggest that sleep has no direct effect on energy metabolism and measures
of glucose metabolism (and type 2 diabetes), however, sleep may have a direct effect
on cardiovascular diseases. In line, another recent study showed that there is a causal
effect of short sleep duration on myocardial infarction®. In Chapter 3.3, we aimed to
elucidate the biology of sleep duration-associated cardiovascular risk through gene-
lifestyle interactions. We performed short- and long-sleep-SNP interaction analyses in
over 125,000 individuals in a large collaborative setting (notably within the Cohorts for
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Heart and Ageing Research in Genomics Epidemiology®¥) to obtain novel insights in
the biological background of sleep duration-associated adverse lipid profiles. A total
of 59 novel loci were identified in relation to lipid traits. These loci were previously
described in relation to adiposity, inflammation and neuropsychiatric traits. Importantly,
the novel lipid loci that we identified with short sleep duration were not identified with
long sleep duration, and vice versa. Our findings suggest that the biological mechanisms
that underlie the relation between short sleep and an adverse lipid profile are distinct
from those of long sleep and an adverse lipid profile.

Large initiatives have been performed to investigate the genetic contribution to CVD
pathogenesis *®. Genetic variation in the APOE gene has been widely recognized to
increase the risk of CVD, which has also been confirmed by genome-wide association
studies®®2°, Genetic variation in APOE is a well-established CVD risk factor; however,
in some individuals from a number of non-European ancestries (e.g., sub-Saharan),
this relationship is not observed®?? possibly due to cultural, environmental and
lifestyle differences. In Chapter 4.1, a hypothesis is proposed regarding potential effect
modification by oily fish intake and physical activity on the risk of cardiometabolic and
brain diseases associated with genetic variation in APOE. We hypothesized a higher
level of physical activity and a higher intake of oily fish to decrease the adverse health
effects associated with genetic variation in APOE, especially in carriers of the ApoE €4
isoform. This hypothesis was further tested in the largest study to date, embedded in the
population-based UK Biobank?, in Chapter 4.2. With a higher level of physical activity
and a higher intake of oily fish, we observed a lower incidence of coronary artery disease
(CAD) in all ApoE isoform groups. Our results indicate that not only carriers of the ApoE
€4 isoform may benefit from a higher intake of oily fish and a higher physical activity,
but that all individuals may benefit from a higher level of physical activity and a higher
oily fish intake in regard to CAD incidence. However, this study did not find support for
the previous hypothesis that lifestyle interactions are specifically present in individuals
carrying the ApoE €4 isoform. In line, another study that assessed potential interaction
with lifestyle factors and APOE in relation to cognition failed to prove the existence of
a gene-environment interaction?,

Several studies have observed associations between thyroid status and diabetes
mellitus, however causality remained unknown?, In Chapter 5.1, we focussed on
genetically-determined TSH and fT4 in relation to measures of glucose metabolism
and type 2 diabetes using MR. We showed that there is no causal association between
genetically-determined higher TSH and T4 with measures of glucose metabolism
and type 2 diabetes. However, we found some evidence for an association between
genetic variation in the DIO1 gene and measures of glucose metabolism. In Chapter 5.2,
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we examined whether the findings of Chapter 5.1 could be replicated using stronger
instruments in a large cohort study of the UK Biobank. Since diabetes mellitus is a
heterogeneous disease, which is often not taken into consideration, we took into
account different subtypes of diabetes mellitus. Moreover, we assessed the associations
in relation to genetically-determined BMI, since BMlI is the main risk factor for diabetes
mellitus onset. We observed that genetically-determined higher fT4 was associated
with diabetes mellitus only in those individuals who had a younger age at diagnosis
and did not use insulin or insulin analogues within the first year after diagnosis. When
we stratified based on genetically-determined BMI, a higher genetically-determined
TSH was associated with diabetes mellitus, however, only in the subgroup with a low
genetically-determined BMI. Taken together, these findings may indicate that a higher
fT4 level may protect from diabetes mellitus only at a younger age and that a higher
TSH level may protect from diabetes mellitus onset, however, only if individuals have
a lower BMI.

Conclusions and Future perspectives

In this thesis, we identified markers of early disturbances of glucose metabolism which
may reflect diabetes mellitus onset. The findings of Chapter 2 point to the possibility
of using biomarkers that are indicative of risk of future disease. Early identification of
individuals at high risk for diabetes is of importance for prevention, mainly because
routine screening misses many cases of prediabetes and early type 2 diabetes?®. These
developments point towards the usage of metabolomics in clinical practice. Since high-
throughput metabolomics is an easily assessable and relatively cheap method, it is
relevant to study the potential usage of this method in clinical practice since an increase
in usage of this method is expected. For example, several metabolites may be used in
strategies involved in risk stratification of subjects at increased risk of type 2 diabetes.
Moreover, the usage of metabolomics for insulin sensitivity and diabetes onset may
be implemented in risk stratification of patients with difficult glucose control. Whether
such markers provide accurate prognostic information for individuals without diabetes
mellitus is subject to further study.

Our findings from Chapter 3.1 and 3.2 suggest that a shorter sleep duration and a poorer
sleep quality are not associated with glucose metabolism and the lipid profile once
BMI and sleep apnea are taken into consideration and no causal association between
sleep duration, type 2 diabetes and glycemic traits is observed. In Chapter 3.3, we
demonstrated that we were able to identify additional lipid loci once we take into
account interaction with total sleep duration. The new identified loci mainly associated
with adiposity and psychological measures. These findings suggest that shifting the
focus to anthropometric and psychiatric factors that are related to adverse habitual
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sleep may improve risk management and treatment strategies in cardiometabolic
disease prevention. That being said, an adverse sleep profile may still be used as a risk
factor in risk stratification for cardiometabolic disease. Collectively, the findings of our
study provide insights in sleep-associated lipid biology that are of very high interest in
follow-up studies. In order to increase insights into sleep, further studies should also
consider the complexity of sleep. Habitual sleep is a reflection not only of sleep duration,
but also of factors such as chronotype and insomnia. In order to gain better insights in
the biology of sleep in relation to cardiometabolic health, studies should incorporate this
multidimensional nature of sleep in their researches. Moreover, metabolomics studies
are of interest in relation to sleep, since these methods are reflective of the metabolic
state of an individual. Additionally, in the studies as described in this thesis, we only
used self-reported measures of sleep. These measures may be vulnerable to biases
and therefore studies using more objective measures are warranted. One could think of
studies that use accelerometer-derived variables. As a final suggestion, future studies
could focus on several lifestyle factors in a jointly manner. Sleep is affected by many
factors, including food intake and physical activity, which should all be considered when
assessing sleep in relation to cardiometabolic health.

Despite the introduction of cholesterol lowering medication, cardiovascular disease
(CVD) is still one of the most common causes of morbidity and mortality in the general
population?. Much of the current research has been focused on disentangling the biology
of CVD pathogenesis and the identification of novel targets for disease prevention. The
findings from Chapter 4.1 and 4.2 of this thesis point toward a possible direct link of
physicalactivity, oily fish intake and polyunsaturated fatty acid intake with incident CVD
and CAD. While a higher physical activity, fish intake and PUFA intake both decreased the
risk of CAD, no evidence for a statistical environment-APOE interaction was observed.
Therefore, it seems unlikely that interventions intended to reduce cardiovascular risk
show different effects depending on APOE genotype. Importantly, we demonstrated
that individuals that are at a high genetic risk for CVD and CAD can still benefit from
a healthier lifestyle. Thus, the addition of lifestyle advice to existing treatment options
for cardiovascular disease and to prevention strategies should be further investigated.

In the last part of this thesis, we focussed on the association of thyroid status with
diabetes mellitus and insulin resistance. In Chapter 5.1, we demonstrated that there
is no evidence for a causal association between circulating TSH and fT4 with type 2
diabetes mellitus and glycemic traits. In Chapter 5.2, we provide evidence that in a larger
population a higher genetically-determined TSH is causally associated with diabetes
mellitus, however, only in participants with a genetically-determined low BMI. This may
imply that there still may be a causal association between thyroid status and diabetes,
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however, BMI may be a stronger risk factor for diabetes mellitus, thereby overruling
the potential protective effect of a higher TSH. Future studies should investigate this
hypothesis. Moreover, in the current study, we only assessed the effects of circulatory TSH
and fT4 on DM onset. Variations in circulating TSH and fT4 are thought to predominantly
reflect the sensitivity of the thyroid gland to feedforward stimulation and the sensitivity
of the pituitary gland to feedback inhibition. In contrast, deiodinases have a critical role
in the activation of thyroid hormones in target tissues®. In Chapter 5.1, we demonstrated
that genetic variation in DIO1 may affect glucose metabolism?®. This result may indicate
a role of reduced bioavailability of thyroid hormone in target tissues (such as liver) in
glucose metabolism. We therefore propose that future studies should focus on the role
of deiodinases and availability of thyroid hormones in target tissues on the risk of DM.

This thesis provides novelinsights in severalassociations that are potentially ofimportance
in cardiometabolic health. However, we should keep in mind that cardiometabolic
diseases are very complex and multiple pathways act together in order to maintain
cardiometabolic health. For example, another study demonstrated that sleep duration
tended to be positively associated with free thyroxine levels and negatively associated
with HbA1c and CRP3%*. Moreover, these findings showed that short-sleeping UK adults
are more likely to have obesity, a disease with many comorbidities. This extraordinary
level of complexity calls for more sophisticated approaches in order to deepen our
understanding of the mechanisms that underlie cardiometabolic health and disease.
For example, national mega-biobanks such as the UK Biobank, the Million Veteran
Program and the China Kadoorie Biobank offer a variety of possibilities to perform
research with genomic data in large well-phenotyped populations. In combination with
other omics approaches (e.g. metabolomics, proteomics), these studies may provide
valuable insights in cardiometabolic health. Identification of genetic determinants of
cardiometabolic health, assisted by reliable and cost-effective biomarkers, can help in
the further understanding of the individual risk differences in developing cardiometabolic
disease. Moreover, the tremendous amount of data that will be generated by these
studies asks for more complex modelling of data. Therefore, more advanced machine-
learning methods such as methods to perform advanced clustering and classification
may be of special interest in this era of big data. Because of the exponential increase
in data (complexity), the application of the more traditional bioinformatic tools may
become soon outdated. By using more advanced data modelling techniques, several
types of data (e.g. clinical and omics) may be analysed simultaneously. When these
methods are then used to predict individual risks for disease onset, this may be of value
in personalized medicine. In the future, these efforts may lead to a healthcare system
in which the risk for an individual (or group of individuals) for certain diseases can be
estimated more precisely. Then, future and preventive strategies may be implemented
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specifically tailored to an individual's genetic profile to more effectively prevent and treat
several cardiometabolic diseases. Eventually, by considering the multidimensionality of
cardiometabolic health and the adaptation of future preventive and curative strategies
based upon this complexity may add to a more effective prevention and treatment of
cardiometabolic disease.
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ENGLISH SUMMARY

As a consequence of increased ageing of the population, age-related diseases have
vastly increased. Cardiovascular disease is the leading cause of death. Moreover, a steep
increase in the prevalence of type 2 diabetes mellitus is observed worldwide. In addition
to obesity, being one of the main risk factors, there are multiple genetic and nongenetic
factors that jointly determine the risk of developing cardiometabolic diseases. Therefore,
it is important in research to focus on a better understanding of those factors that are
(causally) associated with cardiometabolic diseases. This thesis aims to study the
interplay between non-modifiable factors (genetics) and modifiable lifestyle factors
(e.g. sleep, nutrition, physical activity) with cardiometabolic and cardiovascular health.

In chapter 2, we aimed to identify plasma metabolites associated with different
indices of early disturbances in glucose metabolism and insulin sensitivity. In 233 non-
diabetic individuals from the Leiden Longevity Study, we tested whether we could
find associations between metabolites and measures of glucose metabolism and
insulin resistance. We repeated these analyses in another cohort (the Netherlands
Epidemiology of Obesity study) in individuals without diabetes to replicate our findings.
Next, we investigated the significant findings in individuals with diabetes mellitus to
validate these findings. We identified 12 metabolites to be associated with measures
of glucose metabolism. Moreover, five of these metabolites, tyrosine, alanine, valine,
tryptophan, and alpha-ketoglutaric acid levels, had a higher mean level in blood in
individuals with diabetes mellitus compared to individuals without diabetes mellitus.
These results may improve the understanding of the mechanisms involved in disease
etiology and thereby may contribute to improved diagnostics of the early metabolic
disturbances preceding diabetes mellitus.

In chapters 3.1, 3.2 and 3.3, we studied the association of sleep traits with cardiometabolic
outcomes. Itis known that both a short and long sleep duration and a poor sleep quality
may affect glucose metabolism as well as serum and hepatic lipid levels. Therefore,
we aimed to study the association between sleep duration and quality with serum and
hepatic lipid content in chapter 3.1, and with glucose metabolism and insulin sensitivity
in chapter 3.2. These studies were performed in the Netherlands Epidemiology of
Obesity study. Self-reported sleep duration and quality were assessed using the
Pittsburgh Sleep Quality Index questionnaire and outcomes were measures of the lipid
profile, hepatic triglyceride content and glycemic traits. Compared with participants
with medium sleep (7.0 hours of sleep per night), participants with the shortest sleep
(5.0 hours sleep per night) had higher levels of blood lipids and hepatic triglyceride
content, and higher insulin resistance. Bad sleep quality as compared with good sleep
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quality was associated with higher levels of triglycerides in the blood and higher insulin
resistance. However, when we adjusted our analyses for body mass index and the risk of
sleep apnea, all these associations disappeared. In addition, we performed a Mendelian
Randomization analysis to test for a potential causal relationship of sleep duration with
glucose metabolism and diabetes, and we did not find evidence these associations
were based on causality. Therefore, we concluded that previously observed cross-
sectional associations of shorter sleep duration and poorer sleep quality with an adverse
lipid profile and higher insulin resistance, may be explained by body mass index and the
risk of sleep apnea, rather than by a direct effect of sleep itself. Therefore, in chapter
3.3, we aimed to elucidate the biological pathways of an adverse lipid profile for both
short and long sleepers. We performed short- and long-sleep-SNP interaction analyses
in over 125,000 individuals in a large collaborative setting (participating in the gene-
lifestyle working group of the Cohorts for Heart and Ageing Research in Genomics
Epidemiology) to obtain novel insights in the biological background of sleep duration-
associated adverse lipid profiles. A total of 59 novel loci were identified in relation to lipid
traits and we identified sleep-interactions for known lipid loci-For short sleep, the loci
were previously described in relation to adiposity and inflammation and for long sleep
in relation to neuropsychiatric traits. These results contribute to our understanding of
the biological mechanisms that underlie sleep-associated adverse health outcomes.

Candidate gene studies and genome-wide association studies found that genetic
variation in APOE is robustly associated with multiple cardiometabolic diseases and age-
related phenotypes. However, large differences in the deleterious effects of this gene
occur. In chapter 4.1, we described how a higher intake of fish and polyunsaturated fatty
acids (e.g. omega-3 fatty acids) and a higher level of physical activity may be beneficial
in preventing cognitive decline and heart disease onset in carriers of the risk APOE g4
allele. In chapter 4.2, we tested this hypothesis in the large UK Biobank, and we aimed
to investigate the presence of a gene-environment interaction between physical activity,
fish intake and polyunsaturated fatty acid intake and APOE on incident cardiovascular
heart disease. In a population comprised of 344,092 European participants with no
history of cardiovascular disease at study inclusion, we observed that a higher level of
physical activity and a higher intake of oily fish was associated with a lower risk of new
onset cardiovascular disease. This association was similarly observed in both APOE
genotype carriers (risk and nonrisk). A higher intake of polyunsaturated fatty acids was
only associated with a lower risk of cardiovascular disease in carriers of the risk allele.
We did not find evidence for a formal gene-environment interaction on a multiplicative
scale on cardiovascular disease onset. These results indicate that a better lifestyle might
be similarly effective across all APOE isoform carriers in reducing new cardiovascular
disease onset.
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Increasing evidence suggests an association between levels of thyroid hormone and
insulin resistance, and diabetes mellitus. In chapters 5.1 and 5.2, we aimed to investigate
the potential causal association of thyroid hormone status with glucose metabolism and
diabetes mellitus. Genetic variants were used in Mendelian Randomization analyses
to assess these associations relatively free of residual confounding and/or reverse
causation. Genetically-determined thyroid hormone status was not associated with
glucose metabolism nor with diabetes mellitus in the study described in chapter
5.1. In chapter 5.2, we used a new study population and a more recent set of genetic
instruments. Similar as in chapter 5.1, thyroid hormone status was not associated with
diabetes mellitus. However, in a group with a genetically-determined lower body mass
index, higher thyroid stimulating hormone (TSH) level was causally associated with a
lower risk of diabetes mellitus. This indicates that there might be a causal association
between thyroid hormone status and diabetes mellitus, however, only in individuals with
a lower body mass index. These findings suggest a potential protective effect of TSH in
individuals with a low body mass index.

This thesis has provided novel insights in several associations that are potentially
important for cardiometabolic health. However, we should keep in mind that
cardiometabolic diseases are very complex and multiple pathways act together in order
to maintain cardiometabolic health. This extraordinary level of complexity calls for more
sophisticated approaches in order to deepen our understanding of the mechanisms that
underlie cardiometabolic health and disease. For example, by using more advanced
data modelling techniques, several types of data (e.g. clinical and omics) may be
analyzed simultaneously. When these methods are then used to predict individual risks
for disease onset, this may be of value in personalized medicine. In the future, these
efforts may lead to a healthcare system in which the risk for an individual (or group of
individuals) for certain diseases can be estimated more precisely. Eventually, preventive
strategies may be implemented, specifically tailored to an individual's genetic and/or
metabolomics profile to more effectively prevent and treat cardiometabolic diseases.
This may thereby result in a decrease of the burden of cardiometabolic disorders and
age-related diseases on the patient and the society as a whole.
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NEDERLANDSE SAMENVATTING

Als gevolg van de toenemende vergrijzing van de bevolking zijn leeftijdsgebonden
ziekten enorm toegenomen. Hart- en vaatziekten zijin momenteeleen van de belangrijkste
doodsoorzaken. Daarnaast wordt wereldwijd een sterke stijging van de prevalentie van
type 2 diabetes mellitus waargenomen. Naast obesitas, als een van de belangrijkste
risicofactoren, zijn er meerdere genetische en niet-genetische factoren die samen het
risico bepalen op het ontwikkelen van deze cardiometabole ziekten. Het is daarom van
belang om te focussen op een beter begrip van de factoren die (causaal) geassocieerd
zijn met cardiometabole ziekten. Dit proefschrift heeft tot doel het samenspel tussen
genetische factoren en leefstijlfactoren (bv. slaap, voeding, lichamelijke activiteit) met
cardiometabole en cardiovasculaire gezondheid te bestuderen.

In hoofdstuk 2 wilden we metabolieten identificeren die geassocieerd zijn met verschillende
indices van vroege verstoringen in het glucosemetabolisme en de insulinegevoeligheid.
Bij 233 niet-diabetici uit de Leiden Longevity Study hebben we getest of we verbanden
konden vinden tussen metabolieten en metingen van het glucosemetabolisme en
insulineresistentie. We herhaalden deze analyses in een ander cohort (de Nederlandse
epidemiologie van Obesitas - NEO - studie) om de gevonden metabolieten te repliceren.
Vervolgens testten we de gevonden associaties in mensen met diabetes mellitus. We
hebben 12 metabolieten geidentificeerd die geassocieerd waren met metingen van het
glucosemetabolisme. Bovendien waren de gemiddelde concentraties in het bloed van
vijf van deze metabolieten, tyrosine, alanine, valine, tryptofaan en alfaketoglutaarzuur, ook
hoger bij personen met diabetes mellitus in vergelijking tot personen zonder diabetes
mellitus. Deze resultaten kunnen het inzicht in de mechanismen die betrokken zijn bij de
ziekte-etiologie verbeteren en daardoor bijdragen aan een verbeterde diagnostiek van
de vroege metabole stoornissen die voorafgaan aan diabetes mellitus.

In de hoofdstukken 3.1, 3.2 en 3.3 hebben we de associatie van slaap met cardiometabole
uitkomsten bestudeerd. Het is bekend dat zowel een korte als een lange slaapduur en
een slechte slaapkwaliteit het glucosemetabolisme en de bloed- en levervetten niveaus
kunnen beinvloeden. Daarom wilden we het verband bestuderen tussen slaapduur en
slaapkwaliteit met bloed- en levervetten in hoofdstuk 3.1 en met glucosemetabolisme en
insulinegevoeligheid in hoofdstuk 3.2. Deze onderzoeken zijn uitgevoerd in het Nederlandse
epidemiologie van obesitasonderzoek. Zelf gerapporteerde slaapduur en slaapkwaliteit
werden verkregen met behulp van de Pittsburgh Sleep Quality Index-vragenlijst en de
uitkomsten waren metingen van het lipidenprofiel, hepatisch triglyceridengehalte en
glycemische eigenschappen. Vergeleken met gemiddelde slapers (7,0 uur slaap per
nacht), hadden de kortste slapers (5,0 uur slaap per nacht) hogere niveaus van bloedvetten,
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levervetten en insulineresistentie. Slechte slaapkwaliteit in vergelijking met goede
slaapkwaliteit was geassocieerd met hogere triglyceridenwaarden in het bloed en een
hogere insulineresistentie. Toen we in onze analyses echter rekening hielden met de body
mass index en het risico op slaapapneu verdwenen al deze associaties. Daarnaast hebben
we een Mendeliaanse randomisatie analyse uitgevoerd om de mogelijke causaliteit in de
relatie van slaapduur met glucosemetabolisme en diabetes te testen. We hebben geen
bewijs gevonden voor een oorzakelijk verband. Daarom concludeerden we dat eerder
waargenomen cross-sectionele associaties tussen een kortere slaapduur en een slechtere
slaapkwaliteit met een negatief lipidenprofiel en een hogere insulineresistentie kunnen
worden verklaard door de body mass index en het risico op slaapapneu, in plaats van
door een direct effect van slaap zelf. Vervolgens hebben we in hoofdstuk 3.3 getracht de
biologische routes die leiden tot hogere bloedvetten voor zowel korte als lange slapers op
te helderen. We hebben SNP-interactieanalyses uitgevoerd met korte en lange slaap in
meer dan 125.000 individuen in een grote samenwerkingsomgeving (met name binnen de
Cohorts for Heart and Aging Research in Genomics Epidemiology in de gen-omgevings
interactie werkgroep). Er werden in totaal 59 nieuwe loci geidentificeerd met betrekking tot
lipiden in het bloed en we identificeerden slaapinteracties voor bekende lipide loci. Voor korte
slaap werden de gevonden loci eerder beschreven in relatie tot adipositas en ontsteking
en voor lange slaap in verband gebracht met neuropsychiatrische eigenschappen. Deze
resultaten dragen bij aan ons begrip van de biologische mechanismen die ten grondslag
liggen aan slaapgerelateerde nadelige gezondheidsresultaten.

Kandidaat-genstudies en genetische associatiestudies hebben aangetoond dat
genetische variatie in het APOE-gen robuust wordt geassocieerd met meerdere
cardiometabole ziekten en leeftijdsgebonden fenotypen. Er zijn echter grote verschillen
in de schadelijke effecten van dit gen. In hoofdstuk 4.1 hebben we beschreven hoe een
hogere inname van vis en meervoudig onverzadigde vetzuren (bijv. omega-3-vetzuren)
en een hoger niveau van lichamelijke activiteit gunstig kunnen zijn bij het voorkomen
van cognitieve achteruitgang en het ontstaan van hartaandoeningen bij dragers van
het risico APOE e4-allel. In hoofdstuk 4.2 hebben we deze hypothese getest in de grote
Britse Biobank de “UK Biobank". Bovendien wilden we de aanwezigheid van een gen-
omgevingsinteractie van fysieke activiteit, visinname en meervoudig onverzadigde
vetzuurinname met APOE op hartaandoeningen onderzoeken. In een populatie van
344.092 Europese deelnemers zonder ziektegeschiedenis van hart- en vaatziekten op
het moment van deelname aan de studie, hebben we waargenomen dat een hoger
niveau van fysieke activiteit en een hogere inname van vette vis geassocieerd waren
met een lager risico op nieuw beginnende hart- en vaatziekten. Een hogere inname
van meervoudig onverzadigde vetzuren was alleen geassocieerd met een lager risico
op hart- en vaatziekten bij dragers van het risico-allel. We vonden geen bewijs voor
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een formele gen-omgevingsinteractie bij het ontstaan van hart- en vaatziekten. Deze
resultaten geven aan dat een betere levensstijl voor alle APOE-dragers even effectief
zou kunnen zijn bij het verminderen van het ontstaan van nieuwe hart- en vaatziekten.

Toenemend bewijs suggereert een verband tussen concentraties van schildklierhormoon
in het bloed met insulineresistentie en diabetes mellitus. In de hoofdstukken 5.1 en 5.2
wilden we het mogelijk oorzakelijk verband tussen de schildklierhormoonstatus, het
glucosemetabolisme en diabetes mellitus onderzoeken. Genetische varianten werden
gebruikt in Mendeliaanse randomisatie-analyses om deze associaties relatief vrij van
residuele verstoring en/of omgekeerde oorzakelijkheid te beoordelen. De genetisch
bepaalde schildklierhormoonstatus was niet geassocieerd met glucosemetabolisme
en evenmin met diabetes mellitus in hoofdstuk 5.1. In hoofdstuk 5.2 hebben we een
nieuwe onderzoekspopulatie en een recentere set van genetische instrumenten
gebruikt. Ook in deze studie was de schildklierhormoonstatus niet geassocieerd met
diabetes mellitus. In een groep met een genetisch lagere body mass index was een
hoger schildklierstimulerend hormoon (TSH) -niveau echter wel causaal geassocieerd
met een lager risico op diabetes mellitus. Dit geeft aan dat er mogelijk een causaal
verband bestaat tussen de schildklierhormoonstatus en diabetes mellitus, maar alleen
bij personen met een lagere body mass index. Deze bevindingen suggereren een
potentieel beschermend effect van TSH bij personen met een lage body mass index.

Dit proefschrift heeft nieuwe inzichten opgeleverd in verschillende associaties die
potentieel belangrijk zijn voor de cardiometabole gezondheid. We moeten er echter
rekening mee houden dat cardiometabole ziekten zeer complex zijn en dat meerdere
routes samenwerken om de cardiometabole gezondheid te behouden. Dit buitengewone
niveau van complexiteit vereist meer verfijnde benaderingen om ons inzicht in de
mechanismen die ten grondslag liggen aan cardiometabole gezondheid en ziekte te
verdiepen. Door bijvoorbeeld meer geavanceerde gegevensmodelleringstechnieken
te gebruiken, kunnen verschillende soorten gegevens (bijv. klinische en omics)
tegelijkertijd worden geanalyseerd. Wanneer deze methoden vervolgens worden
gebruikt om individuele risico's voor het begin van de ziekte te voorspellen, kan dit
van waarde zijn in gepersonaliseerde geneeskunde. Deze inspanningen kunnen in
de toekomst leiden tot een zorgstelsel waarin het risico voor een individu (of groep
individuen) voor bepaalde ziekten nauwkeuriger kan worden ingeschat. Uiteindelijk
kunnen preventieve strategieén worden geimplementeerd die specifiek zijn afgestemd
op het genetische en/of metabolietenprofiel van een individu om zo verschillende
cardiometabole ziekten effectiever te voorkomen en te behandelen. Dit kan daardoor
resulteren in een vermindering van het effect van cardiometabole aandoeningen en
leeftijdsgebonden ziekten bij de patiént en bij de samenleving als geheel.
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