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The first aim of this thesis was to increase our understanding of the biology of 

cardiovascular disease risk factors, including lifestyle factors and heart rate (HR) 

traits as indicator of physical fitness. To this end, genome-wide association studies 

(GWASs) and downstream analyses were performed to identify potential causal 

variants and genes in order to gain novel insights in the underlying biology of 

these cardiovascular risk factors. The second aim was to study their etiological 

epidemiology in cardiovascular disease development, for which multiple 

approaches with unrelated key sources of potential bias were used. The first 

approach encompasses conventional epidemiologic study designs in the large 

prospective cohort of the UK Biobank, of which the key sources of bias include 

residual confounding, reverse causality and differential loss of follow-up1. The 

second approach included Mendelian randomization studies, which use genetic 

variants as proxies for a potentially modifiable risk factor2. Their random pattern 

of inheritance from parents to offspring and generally fixed status at birth reduces 

the effect of confounding and reversed causation that might hamper conventional 

epidemiologic analyses in prospective cohort studies3. However, Mendelian 

randomization studies have their own pitfalls and can suffer from weak-instrument 

bias, an unreliable biological association between the genetic variant and the 

exposure, or pleiotropy, a single genetic variant directly influencing multiple 

phenotypes. Triangulation of evidence from traditional epidemiological research 

and Mendelian randomization analyses, which have different sources of bias, can 

help to provide more reliable answers to the research questions of this thesis4.

Part I. Lifestyle: genetics and role in cardiovascular 
disease
In part I of this thesis, the role of two lifestyle risk factors in the development 

of cardiovascular disease is studied. One of these lifestyle risk factors includes 

the sedentary behaviors that are studied in chapter 2. Sedentary behaviors are 

highly prevalent as current estimates indicate that adults are sedentary during an 

average of eight hours per day in the Unites States5 and five to nine hours per 

day in the United Kingdom6,7. Previous observational studies have shown that 

prolonged time spent on sedentary behaviors is associated with increased risk of 

cardiovascular disease and all-cause mortality8, but few studies have focused on 

the association with coronary artery disease. The article in chapter 2 therefore 
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sought out to investigate the role of sedentary behaviors in coronary artery disease 

development. Leisure television watching, leisure computer use and driving 

were studied and leisure television watching was found to be associated with 

coronary artery disease in observational epidemiological analyses. The GWASs of 

leisure television watching, leisure computer use and driving behavior in 422,218 

individuals from the UK Biobank identified 145, 36 and 4 genetic loci associated 

with these sedentary behaviors, respectively. Downstream analyses revealed that 

the identified genetic architectures were mainly expressed in neurological tissue, 

were involved in various neurological processes, and significantly correlated 

with the genetics architecture of education. The Mendelian randomization 

analyses revealed a significant genetic association between television watching 

and coronary artery disease as well, which was independent of education in 

multivariable Mendelian randomization estimates. This study found no evidence 

for a significant association of computer use or driving with coronary artery disease. 

The concordant results of observational and genetic approaches strengthen the 

conclusion that the effect of sedentary behavior as proxied by television watching 

might be causally associated with coronary artery disease and support the 

rationale that interventions targeting television watching may reduce coronary 

artery disease risk. In fact, an increasing amount of countries includes reducing 

sedentary behaviors in their prevention guidelines and this has recently been 

included in the WHO guidelines as well9. Future studies on sedentary behaviors 

could further investigate the cause of apparent discrepancies in the association 

between different types of subjectively and objectively measured sedentary 

behaviors on disease outcomes10. In addition, the genetic variants identified in the 

current study could be used to assess the genetic association with a wide array of 

other cardiovascular diseases as well. In fact, a recent study found evidence for 

a potential causal link between television watching and diabetes mellitus type II 

using the identified variants11. Foremost, future studies should focus on how to 

effectively reduce these sedentary behaviors in the general population12.

In chapter 3, the genetics underlying caffeine intake and the association with 

coronary artery disease and type II diabetes is investigated. Caffeine consumption 

is highly prevalent and is one of the most commonly consumed dietary ingredients 

throughout the world13,14. Several observational epidemiological analyses have 

pointed towards beneficial effects of moderate caffeine intake through coffee 
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on cardiovascular disease15,16 and type II diabetes17,18 in either linear or U-shaped 

patterns in which moderate intake decreases the risk of disease development. 

However, other observational19 and genetic studies16,20 did not find evidence for 

such an association or found contrasting results21. These conflicting results have 

so far prevented caffeine consumption to be recommended in dietary guidelines 

and further research is necessary to assess potential beneficial effects22. The 

study in chapter 3 therefore assessed caffeine intake from coffee, tea, or both 

in the large prospective cohort of the UK Biobank. The observational analyses 

revealed a U-shaped pattern in the association between caffeine consumptions 

through coffee and tea with coronary artery disease and type II diabetes, in 

which moderate intake decreases the risk of disease development. However, 

this U-shaped pattern was not detected for combined caffeine consumption. 

This reversal paradox can potentially be explained by residual confounding from 

other substances in coffee or tea, which cancel each other out in the analyses of 

combined caffeine consumption. This would suggest that caffeine consumption 

does not associate with coronary artery disease and type II diabetes. Another 

argument for this statement comes from the observational analyses of caffeinated 

and decaffeinated coffee consumption, which showed concordant and similar 

effect sizes on coronary artery disease and type II diabetes. The GWASs of caffeine 

intake revealed a total of 77 genetic variants in 56 loci. The strongest signals from 

the GWASs implicated genes that are known for their role in caffeine metabolism, 

including the AHR, CYP1A1, and POR genes23. Other identified genes might 

contribute to interindividual differences in caffeine consumption through their 

involvement in the neurological response to caffeine, including the ADORA2A gene 

which influences an individuals’ sensitivity to caffeine effects on sleep24. Several 

new genes were implicated as well, including HORMAD1 and GOLPH3L, which 

warrant further research to gain insights in their role in caffeine metabolism. The 

two-sample Mendelian randomization analyses revealed no genetic association of 

caffeine intake from any source with coronary artery disease nor type II diabetes 

after taking into account potential pleiotropic effects. Both the observational and 

genetic epidemiological analyses do not find conclusive evidence for beneficial 

effects of caffeine consumption on health outcomes and this study therefore does 

not support possible recommendations of moderate caffeine intake in dietary 

guidelines for cardiovascular risk prevention22. The Mendelian randomization 

analyses should however be interpreted with caution as a linear effect was assumed. 

Non-linear Mendelian randomization analyses were not possible considering an 
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outcome cohort with individual level data on both caffeine intake was not at our 

disposal25. Future studies could use a non-linear approach to further study this 

association26. It would also be interesting to focus on other chemical compounds 

that might underlie the observed beneficial effects of moderate caffeine intake 

from coffee or tea. However, GWASs that focused on coffee mainly identify genes 

involved in caffeine metabolism27–29 and further insights in the effects of other 

chemical compounds in coffee and tea might therefore require in vitro and in vivo 

studies.

Part II. Heart rate in rest: genetics and role in 
cardiovascular disease
The second part of this thesis set out to study the role of resting HR measure-

ments in cardiovascular disease development. In chapter 4, the genetics 

underlying resting HR and its role in all-cause mortality and cardiovascular disease 

development is investigated. Previous observational epidemiological studies 

found evidence that higher resting HR increases risk of all-cause mortality and 

cardiovascular disease30,31. A previous Mendelian randomization study from our 

group showed that increased genetically predicted resting HR increases risk of 

all-cause mortality as well32, but a genetic association with cardiovascular disease 

was not found32 and subsequent studies even pointed towards a protective effect 

of genetically determined resting HR on atrial fibrillation and cardio-embolic 

stroke33,34. The study in chapter 4 therefore aimed to expand the amount of 

resting HR associated loci and assess the effect of genetically predicted resting 

HR on all-cause mortality and cardiovascular disease. A GWAS meta-analysis of 

100 cohorts in up to 835,465 individuals revealed 493 genetic variants in 352 loci 

to be associated with resting HR. A total of 670 candidate genes were prioritized 

to these genetic variants using four different strategies. Single-cell analyses 

showed that the genes were most strongly expressed in cardiomyocytes. Many 

of the strongest resting HR associated loci had already been identified in previous 

GWASs of specific electrocardiogram (ECG) intervals and exhibited the largest 

effects in accordance with their established ECG signature. For example, a genetic 

variant near SCN5A mainly affected the PR-interval35, TTN influenced the QRS-

complex36 and KCNH2 the ST-segment37,38. This demonstrates that a generic and 

easily obtainable phenotype as resting HR harbors information on a plethora of 
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more deeply phenotyped traits. In contrast to the previous article of our group32, 

this study finds no evidence for a genetic association between resting HR and all-

cause mortality. Sensitivity analyses pinpointed that the discrepancy arises from 

the use of a two-sample Mendelian randomization approach in the current study, 

which does not increase type I error risk when weak instruments are included 

in the analyses39. The two-sample Mendelian randomization analysis indicated 

that higher genetically predicted resting HR decreased risk of developing atrial 

fibrillation, which exhibited a non-linear negative exponential dose-response 

relationship. Higher genetically predicted resting HR also decreased ischemic 

and cardio-embolic stroke risk, which were mediated by pulse pressure and atrial 

fibrillation respectively. Increased pulse pressure is an established stroke risk 

factor and has previously been postulated to magnify at lower resting HR due to 

the increased likelihood of pressure wave reflections during prolonged systole40. 

However, further sensitivity analyses indicated that the association between the 

resting HR associated genetic variants and pulse pressure is unlikely mediated 

through resting HR entirely. It is therefore more likely that pleiotropic effects of 

the identified genetic variants on both resting HR and pulse pressure drive the 

current results, instead of true vertical pleiotropy in which the effect of the variants 

would increase pulse pressure and consequently increase ischemic stroke risk 

through mimicking pharmacological rate control. Although this study increases 

the understanding of resting HR in cardiovascular disease development, it does 

not directly identify new gene-regulatory networks at the center of resting HR 

biology. These observations are in line with the previously proposed omnigenetic 

model, which assumes interconnectedness of all gene-regulatory networks42. 

Consequently, all genes expressed in disease-relevant cells could have the ability 

to influence the function of core disease-related genes rather than being core 

disease-related genes themselves42. It is therefore unlikely that solely increasing 

the sample size of future GWASs will be the best approach to move forward our 

understanding of resting HR biology. Future studies on resting HR should focus on 

functional validation of the most likely candidate genes, more refined and detailed 

mapping of cell-specific regulatory networks and whole exome sequencing to 

identify lower frequency variants of larger effects as potential drug target. These 

larger effect sizes would also increase discriminative ability of polygenetic risk 

scores of resting HR43, which could be used to better predict associated diseases 

such as atrial fibrillation and stroke in the population.
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Chapter 5 studied how resting HR influences the association between HR variability, 

the fluctuation in the time intervals between adjacent heartbeats, and mortality 

risk in the general population. Lower HR variability has repeatedly been associated 

with higher risk of mortality in the general population44,45. However, HR variability 

is inversely associated with resting HR for mathematical46 as well as biological 

reasons47,48. Any association between HR variability and mortality is therefore 

difficult to disentangle from the association between resting HR and mortality31. The 

root mean square of successive differences (RMSSD) and the standard deviation 

of the normal-to-normal intervals (SDNN) were calculated to assess HR variability, 

considering these have previously been validated for the ultra-short term ECG 

recordings that were available in this study49. Observational analyses provided 

evidence for a significant association between RMSSD, SDNN and mortality in a 

population free from cardiovascular disease when correcting for basic covariates 

as age and sex, while this was not found when additionally taking into account their 

dependency on resting HR. The results of this study should be interpreted in the 

light of the two mechanisms that could underlie the inverse association between 

HR variability and resting HR. First, there is the mathematical explanation that 

arises from the non-linear relationship between resting HR and the RR-interval46. 

As result, the same amount of HR variability at lower resting HR will translate in 

higher proportional beat-to-beat differences in the RR-interval as the RR-intervals 

are longer46. A biological explanation is that short-term measurements of resting 

HR, RMSSD and SDNN all reflect cardiac parasympathetic activity, and that this 

shared factor might predict mortality47,48,50. The need for correction for resting HR 

from a biological point of view depends on whether increased parasympathetic 

activity increases HR variability and mean RR-interval duration separately or that 

the increased mean RR-interval also contributes to increased HR variability directly. 

The performed adjustments in the current chapter removes the mathematical bias, 

but might have removed meaningful physiological variance in HR variability as well. 

However, one could argue that measuring RMSSD and SDNN for predicting mortality 

in the general population is not worthwhile if all meaningful physiological variance 

is removed through correction with the simpler resting HR metric. This does not 

imply that the RMSSD and SDNN cannot have any added value compared to resting 

HR, in for example, patients with underlying cardiovascular disease status51. Future 

research could expand this work using longer ECG recordings, other HR variability 

metrics, diseased populations, and using genetic associations to triangulate 

evidence from multiple sources.
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Part III. Heart rate during and after exercise: 
genetics and role in cardiovascular disease
The third part of this thesis set out to investigate the role of the HR response to 

exercise in cardiovascular disease development. In chapter 6, the prognostic role 

of HR recovery on all-cause and coronary artery disease mortality is assessed. 

Parasympathetic reactivation is the strongest contributor to interindividual 

differences in HR recovery and this effect is the most pronounced in the first 30 

seconds after cessation of exercise52. The study in chapter 6 therefore evaluated 

the prognostic role of HR recovery on all-cause and coronary artery disease 

mortality at different time-intervals after cessation of exercise and found that HR 

recovery at earlier time intervals, i.e. 10 seconds after termination of exercise, 

is a superior predictor of outcome. These results emphasize the importance of 

measuring HR recovery closely after exercise cessation if used in risk prediction 

models or when self-monitoring heart rate in the growing market of wearables. It 

should be noted that this study does not provide evidence for causality of these 

associations, as unmeasured confounding or reversed causation over a relatively 

short follow-up length of six years might bias the results in this prospective cohort 

design. 

Chapter 7 aimed to study the mechanistic basis underlying the HR response to 

exercise, including HR recovery as well as HR increase, and to study their genetic 

association with mortality and cardiovascular disease outcomes. The GWASs 

identified 25 independent SNPs in 23 loci associated with HR increase or HR 

recovery. A total of 36 candidate causal genes were prioritized and these were 

mostly involved in the autonomic nervous system. One of the strongest loci is 

located near the SYT10 gene, which is involved in prolongation of neuronal life 

span53. Another strong locus was located near the ACHE gene, which encodes 

acetylcholinesterase to break down acetylcholine in the synaptic cleft of 

postganglionic parasympathetic nerves54. The in silico annotations also showed 

that the HR increase and HR recovery were mainly enriched for pathways related 

to neuron biology. Using genetic risk scores of HR increase and HR recovery at 

different time-intervals separately and combined, we found no evidence of a 

genetic relationship with mortality or cardiovascular diseases. Analogous to 

resting HR, the association between the HR response to exercise and mortality, 

as described in previous observational epidemiological studies, is more likely to 
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reflect confounding or reversed causation than a true causal association. A recent 

study combined the genetic variants identified in our study in chapter 7 with 

the genetic variants of another GWAS of HR increase and HR recovery in the UK 

Biobank and also found no evidence for an association with all-cause mortality 

and cardiovascular outcomes using a Mendelian randomization approach34. It 

should be noted that the identified genetic variants were all obtained using data 

of submaximal exercise tests, while HR recovery has been shown to be superior 

predictor of cardiovascular disease after maximum exercise55. Future studies 

could assess the genetic association between the HR response to exercise at 

maximal workloads and cardiovascular disease events to make the true absence 

of a potential causal link more likely. 

Chapter 8 concludes part III of this thesis by reviewing current knowledge of 

the genetics of the heart rate response to exercise, including twin, candidate 

gene, linkage and genome-wide association studies. The review provides an 

overview of the biology of all identified candidate genes and provides a graphical 

representations of their supposed mechanisms within in four biological categories, 

which included nervous system development, prolongation of neuronal life span, 

cardiac development and cardiac rhythm.

Future perspectives
Cardiovascular disease is still the leading cause of mortality worldwide56, but 

shifting healthcare towards prevention could help in reducing its large global 

burden57. A better understanding of the pathophysiological mechanisms leading 

to cardiovascular disease might help us in the endeavor to improve preventive 

and therapeutic strategies. This thesis contributes to the current body of evidence 

through identification of hundreds of loci associated with lifestyle and HR 

biology and increases our understanding of the genetic causes of interindividual 

differences of these potentially modifiable risk factors. In addition, this thesis 

provides novel insights in the possible causal associations between these risk 

factors and cardiovascular disease development.

This research would not have been possible without large scale projects 

and collaborations that resulted in the completion and increasingly detailed 

information on the human reference genomes58, the rise of large scale biobanks 
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and publicly available summary statistics of previous GWASs59. Future research will 

only be further facilitated as genome-wide sequencing becomes faster and more 

cost-efficient60. However, careful consideration of future directions is necessary 

to optimally use all the resources that are becoming more readily available. This 

thesis used SNP array data, which captures common genetic variants that occur 

in at least 0.5% in the population, in combination with data from imputation 

panels to cover larger parts of the genome. However, these common variants 

generally have small effect sizes and explain only a limited portion of the total 

estimated heritability. Several approaches can be used to increase our insights 

in the genetic of cardiovascular disease and risk factors in the future, including 

increasing the sample size to even larger populations, the study of whole-exome 

sequencing data61,62, expanding the reference genome with other ancestries 

and including more diverse ethnic groups63, the investigation of non-additive 

models64, and gene–gene65 and gene–lifestyle interactions66,67. As seen in chapter 
4 of this thesis, increasing the sample size of GWASs might not directly translate 

to the identification of core biological mechanisms underlying multifactorial risk 

factors. Under the assumption of an omnigenetic model, only a limited amount 

of associated loci in GWASs will pinpoint to core genes and increasing sample 

sizes might therefore even complicate identification of candidate causal genes42. 

Increasing the sample size will however be essential to increase the power for 

future whole-exome sequencing and interaction studies. This will ideally be 

facilitated by large international collaborations and availability of sequencing data 

to researchers around the world.

One of the key challenges is translating GWAS findings to clinically relevant 

information by pinpointing causal variants and genes. While linkage disequilibrium 

facilitates the initial identification of a locus, it increases the difficulty of finding the 

causal variant or variants. Increasing density of genetic data from SNP-arrays and 

reference panels63 or maximizing resolution by using whole exome sequencing 

data will facilitate the ability to capture and fine-map true causal variants of 

GWAS loci61. Another obstacle of translating GWAS findings to clinically relevant 

information rises from the fact that a large portion of GWAS loci do not overlap 

with protein-coding genes. This makes biological interpretation more challenging 

as non-coding regions have a broad range of functions through involvement in 

many genetic systems, including transcription factor binding sites (either enhancer, 

promotor or insulator), non-coding RNA (transfer-, ribosomal-, or regulatory 
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RNA), alternative splicing, DNA methylation, post-transcriptional processing and 

chromatin architecture68. There are already multiple resources that aid in our 

understanding of non-coding regions, including eQTL databases which increase 

our understanding of transcriptive function of GWAS loci69. Developments in 

single-cell RNA-sequencing will create new opportunities for mapping eQTLs 

across cell types and under different circumstances, such as immediately after 

cardiac events70. Future studies could also focus on epigenetic mechanisms 

of GWAS loci through publicly available databases of the ENCODE and the NIH 

Roadmap EpiGenome Projects71,72. Eventually, in-depth functional assessment will 

be necessary to study the exact underlying mechanisms of causal variants, using 

for example CRISPR-Cas9 to study the effect of genetic variants within in vitro or in 

vivo conditions within relevant cell types73,74.

The relevance of studying the genetics of cardiovascular risk factors is predicated 

on the existence of a causal relationship between the supposed cardiovascular 

risk factor and cardiovascular disease development itself. The fast-expanding field 

of population genetics has facilitated the study of potential causal relationship 

through the development of Mendelian randomization analyses, which use 

genetic variants to study the relationship between a risk factor and outcome3. 

The random allocation of genetic variants at birth and the lifelong exposure to 

the genetic variant’s effect on a supposed cardiovascular risk factor make the 

Mendelian randomization generally more robust to confounding and reversed 

causation than traditional epidemiological studies3. In this thesis, we explored the 

genetic association between lifestyle factors, HR traits and cardiovascular disease 

to validate evidence from observational epidemiological approaches and find that 

television watching and resting HR are associated with cardiovascular diseases, 

while this was not true for caffeine intake and the HR response to exercise. 

These findings increase mechanistic insights in disease development and help 

in the prioritization of potential drug targets and intervenable lifestyle factors 

to improve cardiovascular disease risk prevention. For example, targeting an 

individual’s sedentary behavior would be preferred over targeting their caffeine 

intake to decrease coronary artery disease risk. Mendelian randomization studies 

will especially be helpful when randomized controls would be unethical, as would 

be the case for a long term trials on sedentary behavior, or preceding expensive 

and laborious randomized controls. For example, the SOLID-TIMI 52 randomized 

control trial failed to show an effect of Lp-PLA2 inhibition on coronary artery 



Chapter 9

282

disease development75, which was simultaneously found in multiple Mendelian 

randomization studies using functional genetic variants of the PLA2 gene76,77.

Another future application of genetics lies in the application of polygenetic 

genetic risk scores in cardiovascular disease risk prediction. As of now, there 

is some evidence that genetic risk scores of coronary artery disease increase 

the stratification of individuals for coronary artery disease risk when added to 

traditional cardiovascular risk factors43. However, the net improvement was small 

and genetic risk scores are often limited in their discriminative ability due to the 

small effect sizes of the included genetic variants43. Future studies including data 

from whole exome sequencing, which includes rarer variants with larger effect 

sizes, might aid in improving their discriminative ability78. In addition, future work 

could assess whether genetic risk scores are beneficial at younger age when risk 

factors as type 2 diabetes or a high LDL-cholesterol have not yet been developed. 

Genetic risk scores of cardiovascular diseases could also be combined with 

cardiovascular disease risk factors, for example by predicting incidence atrial 

fibrillation using its own genetic risk score combined with that of associated 

cardiovascular risk factors, such as resting HR.

Genetic epidemiology could benefit from the fast developments in artificial 

intelligence as well. One of the main problems in biobank studies is the curse of 

dimensionality, which occurs when sample sizes becoming relatively small to the 

even higher abundance and complexity of frequently correlated endophenotypes 

and genetic data79. Artificial intelligence might help in solving this problem by 

analyzing these dimensions more effectively than traditional statistical methods 

at multiple steps in genetic association studies, such as pinpointing causal variants 

or genes79. For example, the predictive ability of combined annotation-dependent 

depletion approach scores for the deleteriousness of genetic variants was greatly 

increased when the same underlying input data was analyzed using a deep 

neural network80,81. In addition, several tools used artificial intelligence to boost 

accuracy of prediction tools for non-coding regions82,83. Artificial intelligence will 

also be essential in the field of cardiogenetics to automate otherwise laborious 

phenotype preparation of spatio-temporal data from ECG’s and medical images. 

For example, an automated machine-learning-based analysis pipeline was 

recently created to analyze structural and functional phenotypes of the heart and 

aorta from cardiovascular magnetic resonance images84. It will also be interesting 



Summary and discussion

283   

9

to see whether artificial intelligence could reveal higher-level diagnostic concepts 

embedded in spatio-temporal data which would otherwise remain undetected85. 

One could for example theorize that hypothesis-free testing of exercise ECG’s 

bolsters information not captured by the traditional definitions of HR dynamics 

that were used in this thesis, analogous to a study from our group which provided 

novel insights in the biology of cardiac electrophysiology by studying the ECG in 

rest without a priori assumptions on classic patterns of the ECG38.

The future implementation of precision medicine and polygenetic risk scores will 

require thorough ethical consideration before final implementation as it raises 

questions about privacy, informed consent, costs and social justice. Potential 

ethical issues include informing findings to family members and the potential 

negative psychological emotional impact or false reassurance of having a high or 

low polygenetic risk score for a disease, respectively86. This will require guidelines 

that resemble genetic counseling of monogenetic diseases86. Public health 

improvement due to screening of genetic risk scores needs follow-up after anomaly 

detection to ultimately improve the length and/or quality of people’s lives, but this 

will require clear agreements to keep an individual’s autonomy in this process86. 

On a national and preferably global level it will be essential to establish laws to 

protect individuals from the use of genetic information in the context of health 

insurance or the job market87. The potential ethical concerns should be addressed 

thoroughly and quickly as the field of genetics has the potential to transform 

medicine. Genetics and the insights it provides in biology and pathophysiology of 

cardiovascular disease and cardiovascular disease risk factors will be essential to 

ameliorate preventive and precision medicine in cardiology.
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