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The overarching aim of this thesis is to gain insight into the etiology and 
pathophysiology of cardiometabolic disease(s) by investigating potential 
(causal) risk factors and the interplay between genetic and environmental 
factors in cardiometabolic diseases. In this thesis, we employed cutting-edge 
statistical and epidemiological methodologies like clustered Mendelian 
Randomization (MR) and exploited multiple omics data (genomics and 
metabolomics) to unravel the mechanisms underlying the development of 
cardiometabolic diseases using established high-quality databases. In this 
chapter, I will summarize, interpret and discuss the findings from the 
different chapters of this thesis. In addition, limitations and future 
perspectives derived from those findings will be discussed to support 
progress for future prevention and treatment of cardiometabolic diseases. 
 
 
MAIN FINDINGS 
 
Insulin Sensitivity and Metabolomics 
 
Insulin resistance plays a critical role in the development of type 2 diabetes 
(T2D) [1, 2], and is a risk factor for cardiovascular disease [1, 3]. Multiple 
studies have investigated metabolomic profiles in relation to insulin 
resistance [4, 5]. However, few studies have focused on the physiological 
effects of different doses of exogeneous administered insulin on metabolomic 
measures in individuals without diabetes. In Chapter 2, we examined the 
response of metabolomic measures (e.g., lipoprotein sub-particles and amino 
acids) to different hyper-insulinemic levels under euglycemic conditions in 
non-diabetic individuals. We found that the majority of metabolomic 
measures were sensitive to insulin, and a large fraction of them were 
differentially insulin-sensitive. This indicates that metabolites are likely to be 
differentially affected by the degree of hyperinsulinemia, due to insulin 
resistance. In particular, branched-chain amino acids (BCAAs), showing the 
highest reduction following high-dose insulin infusion in comparison to low-
dose insulin infusion, were the most sensitive metabolomic measures to 
insulin in this study. Our results are in line with multiple studies showing 
elevated BCAAs in obese and insulin-resistant individuals [6-8]. In addition, 
multiple metabolomic measures observed as insulin-sensitive in this study 
have been described before to be associated with risk of development of 
cardiometabolic diseases. For instance, increased concentrations of BCAAs 
are associated with increased risk of coronary artery disease and T2D 
development [9, 10]. Especially, there is evidence from Mendelian 
randomization studies that the association between BCAAs and T2D is causal 
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[11]. As the majority of the studies focused on the pathophysiological effect 
of insulin resistance on metabolomic profiles, our study filled a gap by 
assessment of direct effects of hyperinsulinemia effect on metabolomic 
measures in individuals without diabetes.  
 
 
Pathophysiology of Type 2 Diabetes Mellitus 
 
Technological development of measuring techniques has made it possible to 
directly and indirectly quantify mitochondrial DNA more readily and 
affordably than ever before, which has led to wide availability of 
mitochondrial DNA related data [12]. As a result, an increasing number of 
epidemiological studies on the relationship between T2D and mitochondrial 
function have been published [13-15]. Most investigations have found an 
association between blood mitochondrial DNA copy number (mtDNA-CN) 
and T2D [16-19], but no study has investigated whether or not this 
association is potentially causal. In Chapter 3 of this thesis, we investigated 
the potential causal association between blood mtDNA-CN and T2D and 
body mass index (BMI) using bi-directional two-sample MR analyses. 
Overall, the results did not provide evidence for a causal association between 
blood mtDNA-CN and T2D and BMI in either direction, despite being 
studied in multiple very large study samples (e.g., UK Biobank). Additional 
analyses indicated that blood mtDNA-CN may not reflect mtDNA-CN in 
T2D related organs like muscle and liver, which could explain the lack of a 
potential causal association. The mtDNA-CN in blood, serving as an indirect 
indicator of hematopoiesis and immunological processes, may not reflect the 
mitochondrial function in muscle or adipose tissues [12]. Consequently, 
exploring mtDNA-CN in muscle and adipose tissue, which do reflect 
mitochondrial function in T2D-related tissues, may offer a more robust way 
for investigating its potential role as a risk factor for T2D. To the best of our 
knowledge, this study is the first and largest investigation on the potential 
causal association and its direction between blood mtDNA-CN and T2D. 
Although blood mtDNA-CN may not be a biomarker for T2D, it might be 
valuable for studying the pathophysiology of other diseases. For instance, 
mtDNA-CN was found to be associated with cardiovascular diseases [20], 
aging [21] and Parkinson’s disease [22], which might suggest its potential as 
a biomarker for elucidating the underlying pathological mechanisms of these 
diseases.  
 
Insulin-like growth factor-1 (IGF-1) as a risk factor of T2D has been studied 
for years, but the epidemiological findings of their association are 
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inconsistent. We hypothesized that there might be distinct mechanisms 
underlying the association of high levels of IGF-1 with disease. Some of these 
mechanisms may contribute to an increased risk of developing T2D, while 
others might have no association with T2D or could potentially decrease the 
risk of T2D development. We hypothesized that these mechanisms might 
interact and can cancel out the overall impact of high IGF-1 levels on T2D. In 
Chapter 4 of this thesis, we employed a novel method referred to as clustered 
MR, and identified six clusters of genetic variants representing IGF-1 levels, 
each of which showed a different association with T2D. Notably, three of 
those clusters suggested a positive causal effect of IGF-1 levels on T2D risk, 
while the remaining three clusters suggested a negative causal effect of IGF-
1 levels on T2D risk. This result indicates that high level of IGF-1 likely affects 
the development of T2D in a context-dependent manner, depending on the 
biological pathways that increase IGF-1 levels in the blood. Before 
investigation of the potential causal association between IGF-1 and T2D, we 
also performed multivariable-adjusted regression analyses and observed a J-
shape association between IGF-1 and T2D, with particularly low levels of 
IGF-1 being associated with an increased risk of developing T2D. Our 
observational findings are partly in line with several other studies showing a 
U-shape association between IGF-1 and T2D [23-25], but contrast with 
studies showing no evidence for this association [26, 27]. This difference in 
observational studies, to some extent, is in line with our finding in the 
clustered MR that the effect of high levels of IGF-1 on T2D is driven by 
different biological mechanism and that their association is context-
dependent. Our study provides a possible reason for the inconsistent 
observational findings of the association between IGF-1 and type 2 diabetes. 
Given the use of diverse cohorts consisting of heterogenous participants in 
investigating the association between IGF-1 and T2D, the fluctuating 
participant numbers contributing to either increased or decreased risk of T2D 
development possibly result in inconsistent observational findings 
concerning the association between IGF-1 and T2D. Understanding the role 
of IGF-1 in T2D can help us to become more aware of the heterogeneity 
between individuals and direct the development of personalized medicine 
like targeted therapy or lifestyle modification.  
 
 
Pathophysiology of Sleep-Associated Dyslipidemia 
 
Habitual sleep is becoming increasingly recognized as a risk factor 
contributing to the development of cardiometabolic diseases and associated 
traits (i.e., dyslipidemia) [28]. Given the poorly understood biomolecular 
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mechanisms underpinning the association between habitual sleep duration 
and dyslipidemia, Chapter 5 of this thesis examined the effect of genetic 
factors and habitual sleep duration on lipid traits including high-density 
lipoprotein cholesterol (HDL), low-density lipoprotein cholesterol (LDL) and 
triglycerides (TG). Through the analyses on approximately 732,564 
(predominantly European) individuals from multiple population groups 
across 55 cohorts, our study revealed that the associations of several genetic 
variants with lipids were modified by either long or short habitual sleep 
duration. Among the identified lead variants, some were found to be located 
within the ASPH gene which is known to modulate cardiovascular risk by 
interacting with aspartic and succinic acid [29]. Notably, some additionally 
identified variants were mapped to the SLC8A1 gene which has emerged as 
a therapeutic target for ischemic damage reduction following acute 
myocardial infarction [30, 31]. Despite the large sample size, especially in 
comparison with the previous effort [32], we only identified a relatively small 
number of genetic variants that were modified by differences in habitual 
sleep duration. Furthermore, most variants had low allele frequencies (i.e., 
below 1%). Therefore, sleep duration might not be the optimal phenotype to 
investigate the relationship between genetic variants and lipid levels as sleep 
is a highly multidimensional trait [33]. Nevertheless, this study offers novel 
insights into biological mechanism underlying the association between 
habitual sleep duration and lipid levels. Furthermore, the identified targets 
for treatment can provide novel insight into the prevention of atherosclerotic 
cardiovascular disease in individuals with disturbances in habitual sleep 
duration.  
 
 
A novel framework - Integration of Pharmacometrics and Epidemiology  
 
A novel methodological framework, PHARMACOM-EPI, was introduced in 
Chapter 6 of this thesis. This framework integrated pharmacometrics and 
epidemiology, which enabled the prediction of drug concentration at the 
time of occurrence of clinical outcomes (i.e., mortality). In early 2021, a 
warning issued by U.S. Food and Drug Administration on the antiseizure 
drug lamotrigine, which claims that lamotrigine has the potential to increase 
risk of arrhythmias and related sudden cardiac death. Our hypothesis is that 
the increase risk of arrhythmias and related sudden cardiac death results 
from drug toxicity. In Chapter 6, we applied the PHARMACOM-EPI 
framework to real-world data to investigate the association between plasma 
concentration of lamotrigine and the risk of death in older patients. The 
results showed that a toxic plasma concentration of lamotrigine was 
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associated with increased risk of all-cause and cardiovascular death in the 
older lamotrigine users, which supports our hypothesis. Our study is the first 
observational study using nationwide real-world data to predict plasma 
concentration to investigate the relationship between lamotrigine plasma 
concentrations and its related toxicity [34, 35]. This study introduced the 
PHARMACOM-EPI framework, which is capable of handling real-world 
data, thereby showcasing its potential applications in future research. By 
leveraging this methodology, observational data could be harnessed more 
effectively. Given ethical consideration and cost constrains, clinical trial data 
containing plasma concentration is not always available. This approach 
enables observational data to function as a valuable alternative under specific 
circumstances. When drug dosages are available in observational data, drug 
plasma concentrations can be predicted and applied in the pharmaco-
epidemiological studies or as better-defined confounders that usually 
ignored in the epidemiological studies. Simultaneously, this study highlights 
the importance of personalized medicine within distinct population groups 
(older and pediatric populations) especially when dealing with drugs 
characterized by narrow therapeutic windows.  
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Limitations and Future Perspective 

Most of the results described in this thesis were limited to mainly European 
ancestry populations, and the results in this thesis should therefore be 
interpreted with caution for populations of non-European backgrounds. 
Future studies within non-European populations are warranted for those 
findings. 
 
 
With the advent of new methods for estimation of causal effects, has two-
sample Mendelian Randomization become less important?  
 
Considering the limitations of conventional two-sample MR, more and more 
advanced methods have been developed to investigate the potential causal 
association between exposures and outcomes. Two-sample MR assumes that 
the exposure-outcome relation is linear. To address violations of this 
assumption, non-linear MR was put forward to investigate non-linear causal 
relationship between exposures and outcomes [36]. Two-step MR and 
multivariable MR was developed with the requirement to investigate the 
potential causal association between an exposure and an outcome with 
mediators [37, 38]. To address the pleiotropic effects limitation in two-sample 
MR, clustered MR was developed to explore different biological pathways 
between the exposure and outcome [39], especially in the case of large 
heterogeneity between the estimated causal effects of individual instruments 
on the study outcome. With the development of these advanced methods 
developed to estimate causal effects, does this mean that the conventional 
two-sample MR is no longer relevant? First of all, it is clear that all those 
advanced methods were developed based on the original principles of two-
sample MR. This indicates conventional MR is the pillar of all the advanced 
methods. Besides, it is more logical to first perform two-sample MR before 
moving to some advanced methods. For example, in Chapter 4, we used the 
clustered MR to investigate the association between IGF-1 and type 2 
diabetes. The rationale of using the advanced method, clustered MR, is that 
we observed heterogeneity of the estimated causal effects of instrumental 
variables in two-sample MR. Basic studies are always the foundation for 
more in-depth exploration. In summary, although two-sample MR analyses 
have their limitations, the role of this method in estimation of causal effect 
cannot be replaced. 
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Is habitual sleep duration as a lifestyle factor enough to capture the 
disturbance in lipid profiles?  
 
In Part III of this thesis, Chapter 5 focused on the effect of interaction 
between genetics and sleep duration on lipid traits in a large multiple-ethnic 
population. In this study, we solely examined the effect of sleep duration on 
lipids, and did not account for the complexity of sleep, which is a 
multidimensional trait that covers a wide spectrum of phenotypes including 
sleep duration, napping, insomnia, chronotype, etc. A significant amount of 
research has been focused on the effect of different sleep traits on 
cardiometabolic diseases. Some studies provided evidence that sleep 
duration [40, 41], napping [42-44], insomnia [45, 46] and chronotype [47, 48] 
were associated with risk of cardiometabolic diseases. MR analyses provided 
evidence that sleep duration, insomnia and daytime napping are causally 
associated with cardiometabolic diseases [42]. Although many studies have 
addressed the effect of sleep traits on cardiometabolic diseases, limited 
studies have taken into account the interaction between different sleep 
phenotypes [49-51]. These studies suggested that sleep duration is not the 
only sleep trait contributing to the risk of cardiometabolic diseases. In future 
studies, we may need to focus more on other sleep traits and on the 
combination of different sleep phenotypes affecting cardiometabolic diseases. 
In addition to sleep, it is also important to examine the effect on 
cardiometabolic diseases from other related lifestyle factors such as exercise, 
diet, and explore their potential interactions. 
 
 
Is medication use overlooked in epidemiological observational studies? 
Can we benefit from multi-disciplinary approaches to handle this 
confounder? 
 
One of the major challenges in epidemiological observational studies of 
cardiometabolic disease is medication use by the study participants. 
According to the paper published by Jungyeon, et.al., many epidemiological 
studies have not considered or given sufficient attention to medication use, 
which may have impacted the results leading to bias or wrong interpretation 
[52]. In this paper, etiological studies from high-ranked journals published 
between 2015 and 2019 focusing on blood pressure, glucose or lipid 
measurements were assessed. The results indicated that a large proportion of 
studies (47%) did not report information on medication use or only provided 
medication use for part of the variables affected (14%) [52]. One of the main 
reasons for not considering medication use is absence or insufficiency of data 



Discussion and Future Perspective 

 165 

7 

for medication use in the respective databases. To address this issue, we need 
to raise awareness about the importance of recording medication use during 
data collection. Chapter 6 in Part IV of this thesis introduced a novel 
framework integrating pharmacometrics and epidemiological disciplines to 
predict plasma concentrations based on dosages and then associated 
predicted drug concentration with clinical outcomes of interest. Given that 
the dosage information is accessible, Chapter 6 may provide the opportunity 
to address the issue of the lack of medication concentration data. Further 
efforts are required to determine how to deal with insufficient medication 
data and how to handle medication use in observational research.  
 
 
Does multi-omics pave the road toward achieving precision medicine? 
 
The findings presented in Chapter 4 of this thesis provide evidence for 
considerable individual heterogeneity, and Chapter 6 stressed the 
importance of personalized medicine especially for medication with a 
narrow therapeutic window. These observations provide arguments to 
further develop the discipline of precision medicine. According to US Food 
and Drug Administration (FDA), precision medicine is an approach to 
provide a precise strategy for prevention, diagnosis and treatment of disease 
taking into account people’s differences in genes, lifestyles and environments 
[53]. In the current thesis, genomics and metabolomics were used to identify 
genetic variants that were associated with cardiometabolic disease, and to 
unravel underlying biological pathways of cardiometabolic disease to 
increase our awareness of personalized medicine. However, neither 
genomics alone nor other single omics cannot capture the complex holistic 
biological processes underlying most diseases [54]. With the advancement of 
different omics techniques, high-throughput data in the disciplines of 
genomics, epigenomics, transcriptomics, proteomics, and metabolomics can 
now be relatively easily and cheaply obtained [55]. Integration of multiple 
omics data (which is called multi-omics) needs to be applied in future studies 
to provide a more comprehensive view of the etiology and pathophysiology 
of cardiometabolic diseases [56]. With the increasing availability of multi-
omics data and awareness of the importance of biological interconnections, 
network-based approaches are rapidly emerging as a promising method 
which represent biological systems as interconnected networks of bio-
molecules (including genes, proteins, metabolites, etc.) [57]. Employing 
network-based approaches for analyzing multi-omics data enables the 
integration of biochemical process which includes gene regulation of protein 
production, protein interaction with each other to carry out cellular functions 
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and the interconnectivity of metabolites across different metabolic pathways 
[58]. By comprehensive elucidation of disease pathophysiology, this 
approach has the potential to significantly advance both personalized 
prevention and treatment of diseases [59]. The realization of personalized or 
stratified medicine can be achieved through patient stratification or disease 
subtyping based on identified mechanisms and identification of risk factors 
for distinct populations.  
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