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Chapter 1

Introduction
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The Genetics of Complex Traits

In the field of genetic epidemiology, a complex trait is defined as a trait with a heritable component that 
does not follow a Mendelian inheritance pattern. Complex traits are influenced by multiple and sometimes 
interacting genetic and/or environmental factors. This characteristic makes it hard, if not impossible, to 
disentangle the genetics behind complex traits with the traditional linkage-based approach of gene 
mapping, which studies the cosegregation of genetic markers and disease within family pedigrees.

Finding genes for complex traits only became feasible after the introduction of the genome-wide 
association study (GWAS). In short, a GWAS is a scan for thousands or even millions of genetic variants that 
are located all over the genome, to test whether they are associated with a phenotype of interest (where 
the phenotype can be anything from diabetes or body weight to educational level or median income). 
However, a GWAS does not actually scan the entire genome. Instead, it takes advantage of the principle 
of linkage disequilibrium (LD) to skim-read the genome, thus drastically reducing the number of tests 
(and the amount of computer time and memory) required to analyse the genome. LD is the phenomenon 
that, at population level, two genetic loci on the same chromosome are correlated with one another. When 
they are in close proximity, LD is likely to be stronger because the farther away they are from each other, 
the more likely it is that, at some point in the family tree, a genetic recombination occurred that severed 
the link between the loci 1. This means that a single genetic variant can be used to tag the surrounding 
region of DNA, as any other nearby variant is likely to be in LD with the tagging variant. Consequently, if 
a genetic variant that is associated with the trait is not genotyped itself, but is tagged by a nearby variant, 
the association with the trait will also emerge from this nearby tagging variant. It has been estimated that 
a selection of 450,000 human single nucleotide polymorphisms (SNPs, the most commonly used type of 
variant, which is a single-base-pair substitution) is sufficient to tag the majority of known common SNPs (> 
10,000,000) in the European population 2, where common means that the minor allele of the SNP has a 
frequency of at least 5%. 

GWASs only became feasible as a result of three scientific advances. Firstly, the Human Genome Project 3, 

4 provided a standard sequence of the human DNA. Secondly, the HapMap project 2 identified individual 
differences in this sequence through mapping common SNPs and determined the LD structure between 
those SNPs in 270 individuals from three ethnic populations, thus allowing us to determine which SNPs 
are most useful as tagging variants. These two developments culminated in the final necessary step: 
the manufacturing of dense genotyping SNP arrays that could rapidly and accurately (and relatively 
inexpensively) capture the large number of common variants in the entire genome. By combining these 
technologies with the use of large biobanks (that is, a data repository containing many biological samples 
for use in research), GWASs became possible 1.

More recently, a variation on the GWAS methodology was developed to study the relation between genome-
wide DNA methylation and complex traits. Methylation of CpG sites (CpG means a cytosine nucleotide 
that is followed by a guanine nucleotide) is the most commonly studied epigenetic mechanism. Unlike 
in GWAS, where a SNP can have only one of two possible outcomes, the methylation of a CpG site is a 



Introduction   |   9

1

continuous outcome indicating the proportion of cells for which the CpG site is methylated. Beyond that, 
the methodology of an epigenome-wide association study (EWAS) is similar to that of a GWAS. It uses 
array technology to determine methylation levels at known CpG sites throughout the genome (early arrays 
covered 27,000 sites, newer ones cover 450,000 or even 850,000 CpGs), which is then correlated with the 
phenotype of interest 5.

Development of the (Epi)Genome-Wide Association Study

The past decade has yielded an explosion of GWAS findings that shows no sign of stopping. Starting with 
two SNPs for the first GWAS on age-related macular degeneration in 2005 6, the number of SNP-trait 
association identified by GWAS nowadays increased to 33,811 (unique SNP-trait associations reported in 
2,866 publications in the GWAS catalog 7 as of 14/4/2017). Similar developments can be expected for the 
EWASs. However, this is still a relatively new field, albeit one with an exponentially growing output.

The first GWASs used relatively simple analytical methods, as these are easier to program and take up less 
computer time and resources. The large amount of both input and output involved in the average GWAS 
(~2.5 million SNPs for a HapMap imputed dataset, and >15 million SNPs for a 1000 Genomes imputed 
dataset 8, 9) also emphasises brute force over sophistication. Furthermore, there is the drive to analyse ever 
larger samples, as the increased statistical power will allow us to find variants with ever smaller genetic 
effect sizes. This drive has also led to a proliferation of meta-analyses of GWASs (meta-GWASs), which 
increase the statistical power by combining the GWAS results of multiple cohorts for a single outcome 10-13.

However, upscaling the sample is not the only option to find more associated genetic variants. New 
statistical methods and software tools open up more sophisticated avenues to analyse genome-wide data. 
As such it is important to carefully consider the various options in order to obtain more or better information 
from a genome-wide dataset.

Aims of the thesis

Hence, in this thesis, we sought to develop novel ways to obtain more and better-quality results from 
genome-wide data, and apply them. We approached this problem from several angles:

• The development of software tools for the quality control of GWAS and EWAS data
• The application of software tools to determine heritability explained by genetic variants
• The development of methods to employ survival analysis in GWAS
• The application of novel methods for imputation and analysis of genetic data

The individual chapters, and how they fit into the overall thesis, are listed in the below table.
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Chapters
Software tools Statistical methods     

Development               Application Development Application

2: QCGWAS √

3: QCEWAS √

4: lodGWAS √ √

5: Missing Heritability of Complex Traits √ √ √

6: Heritability of  Neuroticism √ √

7: Kidney Function √

8: Cannabis - age at first use √ √

Outline

Section A: Development of Software Tools for Analysis and Quality Control of GWAS and 
EWAS

The sheer size of the average GWAS results file makes a manual quality control (QC) impractical. However, 
there is always the potential for an analysis to contain errors (ranging from using a bad model or the wrong 
unit of measurement to issues of file formatting), so it is important to establish that the results data are 
valid, of high quality, and comparable between cohorts. This is particularly important in the context of meta-
analysis, where the researcher will combine data from multiple sources. Although other software packages 
for automated quality control of GWAS files existed, we felt that these were insufficiently thorough and 
not well-documented. We also wanted a software package that could prepare the files for meta-analysis. 
Therefore, we developed the software package QCGWAS, which automates the QC, generates a detailed log 
and various graphs to allow a thorough quality check, and can also compare the results of multiple files to 
check if they are compatible for a meta-analysis. This package is described in Chapter 2.

Similar problems existed for conducting a meta-analysis of EWAS. As far as we were aware, no tool was 
available for running a QC over and preparing EWAS files for meta-analysis. Therefore, using QCGWAS as 
a basis, we developed the software package QCEWAS to address this. QCEWAS is described in Chapter 3.

In Chapter 4, we present a software package to perform a genome-wide analysis of biomarkers with a 
limit-of-detection (LOD) restriction. The LOD is the level below (or above) which the assay of the biomarker 
cannot provide accurate results. Current GWAS methods did not adequately handle values outside of the 
LOD. To solve this problem, we developed the software package lodGWAS, which uses survival analysis 
techniques to accurately model these values in a GWAS analysis.
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Section B: Application of Software Tools and Novel Statistical Methods

For many complex traits there is a gap between the total heritability and the genetic variance explained 
by known genetic variants. This is known as the missing heritability problem 14. In recent years, many 
novel SNPs associations with complex traits have been identified by meta-analyses carried out in large 
consortia. In order to determine whether the missing heritability is decreasing, we replicated all known 
SNPs associated with 32 complex traits in five disease categories (anthropometric, cardiovascular & renal, 
metabolic, haematology & inflammation, and lung function) in the Lifelines Cohort Study (n≈13,300, 15, 

16). Subsequently, these SNPs were combined into a genetic risk score for each trait and used to determine 
the amount of heritability explained by the known genetic variants. To determine the remaining missing 
heritability, we did not rely on estimates of total heritability from family and twin studies, but employed 
a new software method, genomic-relatedness-matrix restricted maximum likelihood (GREML) in the 
genome-wide complex trait analysis (GCTA) software package, that uses GWAS data of unrelated individuals 
to estimate the proportion of variance of a trait that can be explained by all common SNPs (as opposed to 
known variants only) 17. By comparing this with the variance explained by the genetic risk score, we can 
determine how much of the common-SNP heritability is still missing. This is described in Chapter 5. In this 
chapter we also present a new method to control for overlap between discovery and replication samples. 
Our genetic risk scores are based on the results of large meta analyses, which sometimes included the 
Lifelines cohort. If Lifelines cohort data were used both for constructing the genetic risk score and validation 
of that score, this would cause the estimates of the variance explained by the genetic risk score to be inflated 
18. By “subtracting” the Lifelines effect from our genetic risk score, we were able to prevent this.

In Chapter 6, we use GREML to investigate how much of neuroticism’s heritability can be explained 
by common SNPs in an Estonian and a Dutch cohort. Neuroticism is a complex trait that is substantially 
heritable, but for which few genetic variants have yet been identified. With GREML, we could not only 
determine the common-SNP heritability of neuroticism, but also test whether the heritability differed 
between the Estonian and Dutch cohorts. Furthermore, we endeavoured to obtain more precise estimates 
of the common-SNP heritability than previous studies by using the same method to score neuroticism in 
both cohorts (as opposed to harmonizing scores of multiple methods between cohorts), looking at the 
subscales of neuroticism as well as the overall scale, using residual scores (corrected for the effect of other 
facet/domain scores), and investigating whether neuroticism as reported by a knowledgeable other person 
(a spouse, relative, or close friend) is more or less heritable than self-reported neuroticism.

In Chapter 7, we describe a meta-GWAS of the estimated glomerular filtration rate calculated from serum 
creatinine (eGFRcrea). Previous efforts for this phenotype identified 53 associated SNPs, but as with other 
complex traits, these SNPs account for only a fraction of the total heritability of eGFRcrea 11, 19-23. In addition, 
it only analysed SNPs imputed using the HapMap project reference panel 2. In this analysis, we used a newer 
reference panel, the 1000 Genomes Project, which is based on more samples, includes more variants, and 
provides better tagging, particularly of low-frequency variants 8. In addition, polygenic risk score analysis 
was performed to determine the maximal variance that can be explained by SNPs, by testing multiple 
genetic risk scores composed of SNPs meeting different significance thresholds 24. In this way, we hoped to 



12   |   Chapter 1 Introduction   |   13

1

determine whether there are additional genetic variants that explain part of the variance, but did not reach 
genome-wide significance in the GWAS due to limited statistical power to detect small effects.

In Chapter 8, we describe a meta-GWAS of the age of onset of cannabis usage. Cannabis usage is associated 
with a variety of adverse outcomes. This occurs more frequently with an early onset of cannabis use 25. Young 
onset of cannabis use is also associated with increased odds of abuse of other substances 26-29. However, 
previous studies into the heritability of age-of-initiation of cannabis use have yielded contradictory results. 
One possible explanation may be the different ways of expressing the phenotype. Does one analyse it as a 
continuous variable, or as an ordinal one (e.g. “young”, “middle aged”, “old”, “never”)? The problem with the 
first solution is that it cannot include never-users, while the latter assumes that never-users won’t become 
users afterwards. In this chapter we solve the problem of analysing it as a continuous variable by employing 
survival analysis. By treating the age of the never-user as a censored data point (i.e., at that point he or she 
was not a user) it can be accurately modelled in the analyses, which increases sample size and statistical 
power.
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