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Preface 

The successful completion of the Human Genome Project marked a milestone for 
genomics research (1). Likewise, new microarray technologies have become widely 
available providing simple and elegant ways of rapidly delivering vast amounts of 
biological data. Moreover, three major, multi-country projects have been launched 
in the past few years to improve the understanding of genomic diversity: The 
International HapMap Project (2), the 1000 Genomes Project (3), and the 
Encyclopedia of DNA Elements (ENCODE) project (4). All of the data of these 
projects have been made publicly available to the scientific community (Box 1, (5)). 
However, generating and storing vast amounts of biological data only makes sense 
if data are creatively used for further research to produce novel insights into 
biological mechanisms (6). Bioinformatics is an interdisciplinary field to address this 
growing need. Hence, bioinformatics has been one of the most dynamically 
evolving fields of science in the past few years. The Wikipedia encyclopedia 
describes bioinformatics as an interdisciplinary field that ‘develops’ and ‘applies’ 
methods and software tools for understanding biological data. It combines 
computer science, statistics, mathematics, and engineering to analyze biological 
data. Bioinformatics is an umbrella term for both (i) methodological studies that 
‘develop’ novel algorithms, software packages, or analysis pipelines, and (ii) 
biological studies that ‘apply’ those tools as part of their methodology (7). 

Genetic epidemiology studies the role of genetic factors in health and 
disease in families and/or populations (8). It was defined by Morton as “a science 
which deals with the etiology, distribution, and control of disease in groups of 
relatives and with inherited causes of disease in populations” (9). The vast 
availability of biological data as well as handiness of modern bioinformatics-based 
methods have yielded rapid advances in discovering genetic variants underlying 
different human diseases or traits, so-called genomic association mapping (10, 11).  

Unlike rare Mendelian disorders, common complex diseases or traits, such 
as ischemic heart disease, hypertension, or serum levels of inflammatory markers, 
are controlled by the complex interplay between multiple genetic and 
environmental factors (11). For that reason gene mapping of complex traits or 
diseases had been largely disappointing in the past. Genomic association mapping is 
now a systematic approach aiming to find genetic variants that are associated with 
the trait or disease of interest. Thanks to inexpensive availability of microarray data 
and also thanks to accessibility of bioinformatics pipelines for data analysis, 
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genomic mapping of complex traits or common diseases has become very 
successful in recent years (11).  

Genomic association mapping consists of a number of classic steps as 
described in Figure 1. First we should check if the trait or disease of interest is 
appropriate for genomic mapping. This can be done by a typical heritability study, 
that is investigating the proportion of variation in a trait that is due to genetic 
differences between individuals. If there is evidence of heritability, the trait is 
(partially) controlled by genetic factors and genomic association mapping is a logical 
next step (12). 

Once it has been established that the trait of interest is heritable, we should 
attempt to identify genetic variants that are significantly associated with the trait. 
Although a number of different methodologies can be used, the experimental 
design of the genome-wide association study (GWAS) has been very successful and 
played a key role in genomic association mapping during the past few years (11). 
GWAS analysis is typically aimed at detecting genetic variants associated with 
common complex traits or diseases without prior hypothesis of functionality.  

 

1990 Human Genome Project was launched 

2001 Draft of Human Genome Project was published 

2002 International HapMap Project was launched 

2003 Human Genome Project was completed 

2003 International HapMap Project first major public data released 

2003 ENCODE project was launched  

2007 Pilot phase of the ENCODE project was finished 

2008 1000 Genomes Project was launched 

2010 International HapMap Project latest public data released  

2010 Phase 1 of 1000 Genomes Project was completed 

2012 ENCODE project initial results were published 

2014 Phase 3 of 1000 Genomes Project data released 

Box 1 Timeline of key events of major projects facilitating genomic association 
mapping.
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only if there is evidence of heritability of the phenotype. 
Heritability studies investigate to what extent differences in 
the phenotype between people can be explained by genetic 
factors. If the phenotype has a moderate to high heritability, 
genomic association mapping is worth trying.

R
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GWAS, a genome-wide examination of genetic variants in 
different individuals, has become a standard way of identifying 
genetic variants that are associated with the phenotype of 
interest. Performing a GWAS analysis (or a meta-analysis of 
GWASs) can be the most promising part of genomic 
association mapping, as it may yield a number of significantly 
associated genetic variants.

Q
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W
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S GWAS results are always stored in large data files comprising 
millions of lines of data. Such a large data file is prone to 
different types of errors, which should definitely not be 
overlooked. However, quality control of such large datasets 
requires well-designed pipelines and software tools.
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Pleiotropy occurs when one genetic locus is associated with 
multiple traits. Pleiotropy analysis is a new approach aimed at 
identifying such multiple associations. It can be done on 
individual level data, or more efficiently, on GWAS results 
summary statistics.

Even a robust GWAS association cannot necessarily be 
interpreted as causal. Mendelian randomization is a new 
approach aimed at improving causal inference. It investigates 
the causality between a biomarker or trait and the outcome of 
interest using genetic variants for the trait as instrumental 
variable. It can be done on individual level data, or more 
efficiently, on GWAS results summary statistics.

Several post-GWAS analysis methods are available, but there 
is no consensus on the best approach. More importantly, each 
individual method only covers a certain domain and is usually 
reported separately. However, parallel application of these 
standalone methods may not provide optimal added value. 
Here we try to assemble a pipeline of sequential 
bioinformatics-based approaches that integrates individual 
post-GWAS methods and offers a comprehensive solution for 
post-GWAS analysis of GWAS findings.

Figure 1 Flow diagram of sequential bioinformatics-based genetic 
epidemiological approaches for genomic association mapping. GWAS indicates 
genome-wide association study; and QC, quality control.
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GWAS analysis is always done on millions of single-nucleotide 
polymorphisms (SNPs) per individual for thousands of individuals, and the 
statistical analyses may differ by genotyping array, imputation platform (13) data 
management pipeline, analysis design, and GWAS software package (14–16). The 
output of such sophisticated analysis is usually stored in large data files with 
millions of lines of data. Such a large data file may contain different kinds of (minor 
or major) errors, which should be carefully identified and fixed.  

Once GWAS analysis is done and its quality is stringently checked and 
possible errors are fixed, we will have a list of significantly associated genetic 
variants, which merely flag the associated genomic loci (17). Hence, extra steps of 
genomic association mapping are inevitable to translate those GWAS findings to 
biological knowledge, so-called post-GWAS analyses (18). There is a great variety of 
post-GWAS methods for following up GWAS results. These methods can be 
broadly categorized into two major groups: (i) dry lab (in silico) approaches, which 
are based on reanalyzing (publicly) available biomedical datasets in order to unravel 
functional mechanisms underlying GWAS signals (6), such as functional network 
analysis, and (ii) wet lab (in vitro or in vivo) approaches, which are based on classic 
laboratory methods of working on cell lines, animals models, or human samples. 
Obviously, dry lab (in silico) approaches are faster, easier, and cheaper compared to 
wet lab approaches and hence should be tried first. The findings of dry lab studies 
can subsequently be backed up by further wet lab experiments (18). 

Scope of the thesis 

In this thesis we sought to work on bioinformatics-based genetic epidemiological 
approaches for genomic association mapping, with emphasis on human quantitative 
traits and their contribution to complex diseases. This thesis had two principal aims 
as indicated in Figure 2 and Table 1:  

(i) To ‘develop’ new bioinformatics-based tools (software packages and/or 
analysis pipelines) supporting appropriate analysis of high-throughput 
biological data for genomic association mapping. 

(ii) To ‘apply’ bioinformatics-based tools on biological data to gain knowledge 
of underlying mechanisms controlling complex traits or diseases.  

Considering aim ii, and as a running example of a typical human complex 
trait, we worked on serum levels of C-reactive protein (CRP). CRP is a marker of 
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systemic inflammation and its levels, like other complex traits, are controlled by a 
variety of environmental and genetic factors. So far, a number of environmental 
and genetic factors are recognized to influence CRP levels. However, the extent to 
which these factors account for the total variation in CRP levels, and more 
importantly, the exact mechanisms that underlie the regulation of CRP levels are 
still unknown (19). The heritability of CRP is estimated to range from 10% to 65% 
(20–23) and GWAS analyses have successfully identified several genetic variants 
associated with serum levels of CRP (24–26). However, although those GWASs 
have included tens of thousands of individuals, the explained variance in CRP levels 
by all identified variants is not more than five percent (26). Likewise, although CRP 
levels are already associated with many diseases or outcomes (27–33), its causal 
contribution to the pathophysiology of those diseases remains highly controversial 
(34–36), warranting investigation of the underlying mechanisms that control serum 
levels of CRP.  

Applying analysis 
tools on high-

throughput 
biomedical data

Developing tools 
for analysis of 

high-throughput 
biomedical data

Data 
cleaning and 

quality 
control

Bioinformatics Biomedical Sciences

Generating high-
throughput 

biomedical data

Figure 2 Bioinformatics is an umbrella term for either methodological studies 
that ‘develop’ new tools, or biomedical studies that ‘apply’ those tools in order to 
gain knowledge. The two red circles indicate the two principal aims of the 
current thesis.
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Outline of the thesis 

This thesis is organized in four distinct parts and includes eight chapters (including 
this general introduction). The next six chapters address the typical sequential 
bioinformatics-based genetic epidemiological approaches for genomic association 
mapping (Figure 1). The final chapter provides a general discussion on the results 
and implications of this dissertation.  

Part 1 | How to check if the phenotype is appropriate for genomic 
association mapping 

In Chapter 2, we sought to identify the 
proportion of variation in serum levels of CRP 
that is explained by genetic factors. To conduct a 
heritability analysis, we used data from TwinsUK, 
a well-known adult twin registry (37). By 
including the data of CRP levels on more than 
6,000 twins, our study was one of the largest 
heritability studies of CRP. Furthermore, and for 
the first time, we used longitudinal follow-up 
measurements of CRP levels. Taking advantage 
of multiple within-subject CRP measurements 
over time, we were able to estimate the 
(in)stability of the effects of genetic and 
environmental factors with advancing age. 

Part 2 | How to perform a GWAS analysis 

In Chapter 3, we sought to provide an 
appropriate solution for GWAS analysis of those 
biomarkers whose measurement assays are 
restricted by the problem of limit of detection 
(LOD). Although several GWAS software 
packages are already available (14–16), GWAS 
analysis of those biomarkers with the problem of 
LOD is poorly addressed. Here we provide a 
statistical solution as well as a software package 
for GWAS analysis of such biomarkers 
accounting for LOD. 

Table 1 List of chapters 
of this thesis, indicating 
whether they ‘develop’ or 
‘apply’ bioinformatics-
based approaches for 
genomic association 
mapping. 

C
hapters 

T
o ‘develop’ 

 bioinform
atics-based approaches 

T
o ‘apply’ 

 bioinform
atics-based approaches 

Chapter 2  √ 

Chapter 3  √ √ 

Chapter 4  √  

Chapter 5   √ 

Chapter 6   √ 

Chapter 7 √ √ 
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In Chapter 4, we sought to provide an appropriate solution for quality control 
(QC) of GWAS result files. GWAS results are prone to different types of errors, 
which should be detected and fixed. Here we provide a QC pipeline as well as a 
software package for stringent quality control of GWAS result output files. 

Part 3 | How to follow up GWAS results: post-GWAS analyses  

In Chapter 5, we sought to investigate the pleiotropic genetic loci among CRP and 
lipids. Considering the previously known link between the biology of CRP and 
lipids (31, 38–41), we followed up the GWAS results of large meta-GWASs on 
serum levels of CRP (26) and lipids (42). We applied a new method and software 
package that combines the summary statistics of those meta-GWASs aiming to find 
pleiotropic genetic loci among two phenotypes. 

In Chapter 6, we sought to investigate the causality between CRP and somatic and 
psychiatric complex outcomes. To this end, we again followed up the results of the 
large scale meta-GWAS on serum levels of CRP (26) and used them to investigate 
GWAS results of 32 complex outcomes. To perform efficient Mendelian 
randomization (MR) analyses, we applied a new method and software package that 
combines the summary statistics of those meta-GWASs aiming to test the causality 
between CRP and those outcomes (43). 

In Chapter 7, we sought to build an integrated pipeline of sequential 
bioinformatics-based approaches that can be used for a systematic follow-up of 
GWAS results of any human trait or disease. Then we applied our pipeline to the 
GWAS results of the aforementioned large-scale meta-GWAS on serum levels of 
CRP (26). In this chapter, we provide the details of our in-house developed pipeline 
along with this example application, which illustrates how GWAS results of any 
trait or disease can be followed up and translated to biological knowledge.  

Part 4 | Bioinformatics of genomic association mapping: an A to Z walk-
through 

Finally, Chapter 8 is devoted to a general discussion of the previous chapters by 
providing an A to Z walk-through of classic steps of genomic association mapping. 
In this chapter, we summarize and discuss the main findings of the dissertation, as 
well as elaborate on implications and prospects for further research. 
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