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Chapter 9
Discussion and future perspectives
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Methods for genome-wide association analyses have generally emphasised brute force over sophistication:
including more variants and using larger samples sizes in order to identify more and more genetic variants
associated with a complex trait. However, more sophisticated analysis of genome-wide data could also help
in improving the statistical power to detect those variants. In this thesis we developed strategies to improve
the quality of the methodology of genome-wide association analysis. We set out to develop and apply novel
tools to obtain more and higher-quality results from genome-wide data. We approached this problem from
four perspectives:
1. Better quality control (QC) of genome-wide and epigenome-wide association studies (GWAS and
EWAS) data by developing software tools (Chapters 2 and 3)
2. Use of survival analysis in GWAS by developing new methods and tools (Chapter 4 and 8)
3. Estimation of SNP-based heritability, and the extent to which it is explained by known genetic
variants, by application of software tools (Chapters 5, 6, 7 and 8)
4. Better imputation and analysis of genome-wide data by applying novel methods (Chapter 7 and 8)
The Importance of Quality Control
The first step towards obtaining better results is to ensure the quality of the data you already have. Without
QC, errors will propagate through the analysis pipeline, influencing results at every step. Although GWAS
and EWAS have become familiar methods, they are still complex, multistep analyses with multiple
occasions for introducing errors. In this respect, the size of an (epi-)genome-wide analysis is a downside: the
sheer number of results, most of which are insignificant and therefore not meaningful, can hide systematic
errors. That is why automated QC is essential: only a computer can evaluate the entire dataset, and do so
consistently and thoroughly within a reasonable time-frame 1,2. For this reason we developed the software
packages QCGWAS and QCEWAS (Chapters 2 and 3).
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Another advantage of our automated quality-control software is that it allows you to compare data from
multiple sources, since nowadays most GWAS/EWAS studies are meta-analyses that combine many GWAS/
EWAS results from different centres. Before the meta-analysis, it is particularly important to run a QC, to
ensure that datasets from different sources are actually comparable. If one centre accidentally used an
incorrect unit or transformation of the phenotype (for example if they forgot to convert the lipid concentration
from milligram/decilitre to millimol/liter, or to log-transform the C-reactive protein levels before analysis),
the resulting summary statistics will systematically differ from that of other centres 3. However, the overall
distribution of the effect sizes does reflect the scale of the phenotype, so an error in the phenotype can be
detected by comparing the range of effect sizes (preferably filtered for high quality, to exclude unreliable
results) between results files 1,2. Note that studies with larger sample sizes, and hence more power, will yield
more accurate effect estimations and thus present a distribution of effect sizes that will be visibly tighter.
This is not a sign of incomparable phenotypes; it is the expected outcome. To help distinguish the effect of
increased power from real deviations in phenotype scale, both QCGWAS and QCEWAS will sort the results
on sample size when plotting the graph comparing the effect-size distribution.
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As a third feature, QCGWAS and QCEWAS can remove bad entries and standardize the formatting of the
output files, facilitating the meta-analysis. They also check the distribution of quality parameters, like
Hardy-Weinberg equilibrium p-values and call rates, to see if these make sense. If they do not, this may
indicate a formatting error, and columns may have been switched. Another sanity check is comparing the
reported p-value with a p-value calculated from the effect size and standard error. These sometimes do not
correspond, either because of formatting, rounding or due to an apparent bug in the analysis software 1,2.
Fourthly, QCGWAS checks marker alleles and allele frequencies against a reference file. Although, ideally
speaking, all studies in a meta-analysis should use the same version of the human genome assembly and
dbSNP release for imputation, this is not always the case 3. There are sometimes differences between SNPs
of different builds (not the least in their strand orientation) and the allele check ensures that the correct
alleles are compared with one another. In case of ambiguous SNPs (SNPs with either A/T or C/G as alleles,
which will be mirrored on the opposite strand, making it impossible to determine the strand orientation),
QCGWAS will compare the allele frequencies of ambiguous SNPs with a reference, and can correct those
that are obviously inverted. Other ambiguous SNPs can be excluded. Fortunately, the wide-spread adoption
of the 1000 Genomes reference panel, which standardizes the strand used for all variants, should reduce
the need for this 4.
The most importantly QC step is to check the results for p-value inflation via QQ plots and calculating a
genomic control lambda value 3,5. In brief: because the vast majority of genetic markers are not expected
to be associated with the phenotype in question, their p-values should follow an uniform distribution. Both
the lambda and the QQ plot show how well the p-values actually follow this distribution. A handful of SNPs
being more significant than the distribution is expected: these presumably are the truly associated markers,
and therefore their p-values do not follow an uniform distribution. However, if large proportions of the
dataset are more significant than expected, it indicates a modelling error. This is called p-value inflation, or
oversignificance, and can originate from various sources, such as non-independent samples, technical bias
or uncorrected population stratification 3. Insufficient QC can in extreme cases even lead to spurious results
being published. A well-known case is the study by Sebastiani and colleagues, which was retracted after
receiving severe criticism for, amongst other things, genotyping cases and controls on different platforms.
The retraction attributed the positive findings to technical issues and inadequate quality control rather than
true associations 6,7.
Finally, we attempted to make the QC procedures user-friendly, and wrote an extensive documentation, so
that the packages are usable even by people with only a cursory understanding of R and QC.
However, there are also a few issues with both packages, QCGWAS in particular. The first is that they assume
a continuous phenotype, meaning that the result estimates take the form of an effect size and standard
error. In case of analysis of dichotomous phenotypes, which usually report odds ratios and confidence
intervals, these will need to be transformed to a continuously distributed effect size in order to be processed
by QCGWAS. This is easily accomplished by natural-log transformation, but we intend to automate this in
future versions of the software.
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Secondly, the packages do not automatically correct problems (besides removing bad data); and offer no
options for doing so. This was a design choice, intended to keep the packages simple and easy to use, and
to avoid inadvertent corrections. However, this means that when a problem is encountered, the users either
need to correct it themselves, or have to report it to the original analyst. One suggestion, made by Prins 8,
was to include a positive-control option if available for the trait under study. QCGWAS could compare the
results of the GWAS file under QC to previous results reported for example on the GWAS catalog website 9
or from previous (consistent and replicated) candidate gene association studies. This would serve as a quick
consistency check and may detect a multitude of problems.
Another suggestion by Prins 8, was to improve the strand-alignment checking of ambiguous SNPs. He
suggested to check the alignment of such a SNP by comparing the results to nearby, non-ambiguous SNPs
that are in LD. This is a worthwhile suggestion, but as said before, made less urgent by the wide-spread
adoption of the 1000 Genomes reference panel 4 for imputation
However, the 1000 Genomes reference panel forms the fourth and most important issue for the current
version of QCGWAS: the package was designed for HapMap-imputed GWASs, which means that it
automatically rejects non-SNP markers. GWAS using 1000 Genomes imputed data also contain insertions
and deletions, which are thus excluded by default. An updated version of QCGWAS is needed to fix this
deficiency, but that leads to a further problem. Whereas HapMap-based results files typically contain 2.5
to 3 million variants and take between 5 and 15 minutes and between 2 and 3 GB of RAM to run a QC on;
1000 Genomes based results contain upwards of 8-30 million variants, taking over 40 minutes and 20 GB
of RAM on a 64-bit PC. This is a consequence of the core R program: it handles large datasets by loading
them into the memory in their entirety. The R language is also a scripting language, and therefore executes
code more slowly than a programming language. However, it is possible to incorporate code written in the
C++ programming language into R, and use parallel computing techniques 10, to speed up the package. In
addition, there are R packages available that improve the memory usage for big datasets 11,12.
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In conclusion, automated QC of GWAS and EWAS results files saves time both during the QC itself and by
finding errors before they become a problem. It may even detect errors that would otherwise have gone
unnoticed and reduced the quality of the research results. The QCGWAS and QCEWAS packages provide
an easy-to-use method to run an automated and thorough QC. QCGWAS has been successfully applied by
other researchers 13,14. For future versions of the packages, we intend to incorporate the simpler handling
of case-control results and, for QCGWAS, data generated using more recent genome references. QCEWAS is
already capable of processing the latest methylation array (Illumina MethylationEPIC BeadChip) assaying
850,000 methylation sites, but it will benefit from faster processing and optimized memory usage. Finally,
we will consider adding options that compare the reported effect sizes with those expected from earlier
GWAS or EWAS, and more sophisticated strand checking through LD.
The Use of Survival Analysis in Genome-Wide Association Studies
Survival analysis is the name given to a category of statistical tests that deal with “censored data”. As the
name implies, the typical use of survival analysis is to determine whether factor X influences the survival
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time of patients with condition Y. However, survival analysis can be used for any time-to-event value: not
just survival but also, for example, patient recovery or the onset of menopause. The difficulty with such
phenotypes is that the starting or ending point of the time-to-event, or both, may be unknown. For example:
we may not know when the disease started; only when it was diagnosed. Similarly, if the patient survived
for the entire duration of the study, the end point is unknown. In such a case, we cannot simply use the
end date of the study as the end point - the patient may have survived for many years after. This type of
problem is known as censored data - the actual value is not known, but the interval in which it lies is. In the
first example, the actual point lies somewhere before the date at which the disease was diagnosed, while in
the second one the actual point is after the termination of the study. The benefits of using survival analysis
for appropriate phenotypes in genome-wide analyses are straightforward: it allows for more accurate
modelling of the phenotype, while at the same time conserving the sample size 15-17.In Chapter 8 we
used survival analysis on a genome-wide level in order to associate genetic variants with age of initiation of
cannabis use. Our analysis found one significant SNP and three significant genes, none of which had been
identified by an earlier case-control analysis by the same consortium 18. This suggests that the age of onset
is affected by different factors than cannabis usage. However, this inference is only tentative as we were
unable to replicate our findings, presumably due to an underpowered replication stage.
A previous analysis in the same cohort had already investigated genetic effects on cannabis usage, as a
dichotomous phenotype 18. However, a survival analysis generally offers more statistical power than a
logistic model 19, presumably because it is a more accurate model of the phenotype. Strictly speaking,
though, these two models analyse different phenotypes: a case-control analysis investigates the difference
between those with and without the event at the end of the study, while a survival analysis investigates the
time to the event. A case-control analysis also assumes that a control individual (e.g. a person who did not
use cannabis) will never experience the event, while in fact he/she might do so after the end of the study.
With survival analysis, the data of control individuals are treated as censored, allowing for the event to take
place after the end of the study. This, however, relates to an often-overlooked caveat of survival analysis,
namely that all unaffected subjects are treated similarly. In reality, these unaffected subjects may consist of
two distinct groups: those that haven’t experienced the event yet, and those that will never experience the
event. In a traditional survival analysis involving a terminal disease, this is obviously not an issue. However,
in our analysis it is conceivable that there exists a qualitative difference between those that will never use
cannabis, and those that started using it later in life (i.e. after the data were collected). There is a way to
address this problem by combining a logistic and survival analysis (the cure survival model), but the added
computational burden makes this unsuitable for genome-wide analyses 20. Thus, survival analysis is a viable
method for GWAS analyses.
Another application of survival analysis is for biomarkers that are measured with an assay that has a limit of
detection (LOD). Such data may also be regarded as censored data 17. We developed the R package lodGWAS
to run a GWAS analysis for biomarkers with a LOD using survival analysis (Chapter 4). Although methods
exists to deal with measurements outside of LOD 21,22, these generally involve either excluding samples
outside of detection limit, or replacing them with a constant value (e.g. the actual LOD) 23. Measurements
outside of LOD are inaccurate, but not invalid (i.e. they still indicate whether the effect is large or small, just
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not how large or small). Removing these values, or replacing them with another inaccurate value, causes
a loss of information, in particular when a substantial portion of the samples fall outside of LOD. However,
as mentioned above, values outside of LOD can be viewed as censored data: the actual value is unknown
but it falls within a known interval. Hence, they can be analysed using survival analysis 17. This results in
more accurate modelling of the data while conserving the sample size, and can be used for any variable
subject to LOD 15-17. Furthermore the above-mentioned caveat of the two distinct types of censored data in
survival analysis does not apply, as we know that all samples have a real value for this biomarker. As such,
our package lodGWAS is a valuable addition to the available GWAS tools.
Methods to Estimate Heritability: Genetic Risk Scores, Polygenic Risk Scores and
GREML-GCTA
Heritability is defined as the proportion of phenotypic variation that is due to genetics. In genetic
epidemiology, often only the additive component of the total heritability is taken into account. This is
called the “narrow-sense heritability” as opposed to the “broad-sense heritability”, which also includes nonadditive components such as dominance 24. In this thesis, we employed three methods to determine the
part of the heritability that can be explained by genetic markers. Each method estimates a different subset
of the total heritability. The methods are genetic risk scores (Chapter 5), polygenic risk scores (Chapters 7
and 8) and genomic restricted maximum likelihood (GREML, Chapters 5 and 6).
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Genetic risk scores (GRS) are calculated using significantly associated genetic markers known from previous
GWASs 25,26. A GRS could be described as (an estimate of) the combined genetic effect on that trait, but
including only genes that are genome-wide significantly associated. A polygenic risk score (PRS) is a GRS
that also includes less-significant genetic markers. The hypothesis of a PRS is that truly associated genetic
markers are still hidden in the noise, but have not been detected due to limited power. A PRS on a trait
could be described as the combined genetic effect of all genes that may be associated. Finally, the GREMLmethod from the Genome-wide Complex Trait Analysis (GCTA) software package does not look at the effect
of individual SNPs, but instead uses genotyped or imputed genetic markers to calculate relatedness (i.e.
the genetic similarity) between unrelated individuals, and then correlates the genetic similarity with
phenotypic similarity 27,28. It tests the hypothesis that individuals who are genetically more closely related
will also be phenotypically more similar. As the genetic relationship matrix is calculated from the genotyped
SNPs on a DNA array, which typically does not contain rare variants, this method estimates the combined
genetic effect of all common SNPs (common as opposed to rare variants), hence it is called common SNP
heritability. This common SNP heritability can be taken as an upper bound of the amount of heritability that
can be explained by the markers detectable through a GWAS 27,29.
Comparing the results of GRS, PRS and GREML-GCTA shows how much heritability has been accounted for,
and how much is still to be found. In Chapter 5, we used GRS and GREML-GCTA to estimate the known and
missing heritability of 32 complex traits in the Lifelines Cohort Study. As in earlier studies 27,29, we found
that GRS accounted for only a fraction of the total common SNP heritability. This suggests that there are
many common variants that are not (yet) identified by GWAS studies. This may be a consequence of the
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restrictive nature of a GRS: only significant or replicated markers are included. Even large meta-analyses
have only a limited power to detect less common variants, or those with small effect sizes. Based on this
hypothesis, a polygenic risk score (PRS) analysis has been suggested, where the risk scores include a larger
number of SNPs meeting increasingly more lenient significance thresholds. If a PRS accounts for a greater
part of the total heritability than a GRS, this suggests that true associations are still hidden among the
suggestive SNPs.
There are, however, two caveats to the heritability measured by the above methods. Firstly, all three methods
model only the additive genetic effect (narrow-sense heritability) 28,30, so dominance or interactions between
markers are not well modelled. Nevertheless, it has been argued that non-additive effects are less relevant
in individuals that are not closely related 24. Furthermore, previous studies of complex traits have found
no significant effects of dominance or interaction 28,31. This is confirmed by our own findings in chapter 5,
where, using the same method as Zhu et al. 28, we found no significant dominance effects in the Lifelines
cohort for any of the 32 complex traits analysed.
A second caveat is that all three methods rely on SNPs that are either assayed directly by a genotyping chip
(which contain mostly, if not exclusively, common variants), or that are in linkage disequilibrium (LD) with
such variants. The introduction of newer reference panels allows for the imputation of rarer SNPs, which
has made this less of an issue for GRS and PRS, but the SNPs in Chapter 5 were all derived from the older
HapMap reference. This applies particularly to GREML-GCTA, which only looks at common SNPs. Therefore,
even when disregarding dominance, interaction and gene-gene effects, common SNP heritability is not the
same as total heritability.
When estimating the heritability of height and BMI in the Lifelines Cohort Study (Chapter 5), the
common SNP heritability accounted for 49% and 25%, respectively, of the phenotypic variability. While
an improvement over earlier findings by Yang et al. 32, whom reported 42% and 16%, respectively, these
values still fall short of the heritability estimates reported by twin and family studies (80-90% for height,
42-80% for BMI). However, the same group recently adapted their GREML method to handle (imputed data
based on) whole-genome sequencing data, including rare as well as common markers 33. They called this
method linkage-disequilibrium and minor-allele-frequency stratified GREML, or GREML-LDMS. Application
to height and BMI yielded heritability estimates of 56% and 27%, respectively, suggesting that there are
indeed undetected low frequent genetic variants contributing to the heritability. On the other hand, they
argue that family-based studies may overestimate the total heritability as a result of shared environmental
effects, and that, therefore, the heritability gap is very small. This also implies that the majority of the
missing heritability is likely accounted for by rare SNPs, rather than dominance or interaction effects.
Similarly, Zaitlen et al. 31, using a method that combines closely and distantly related samples, reported
lower heritability for multiple complex phenotypes than traditional structural equation modelling in familybased studies. They also concluded that overestimation due to shared environment is responsible for (part
of) the gap between common SNP heritability and family-based heritability estimates. The remainder is
therefore more likely to be due to low frequency SNPs.
As a side note, we confirmed that the standard error of the heritability estimate of GREML-GCTA is strongly
linked to sample size, being roughly equal to 300 divided by the sample size. As our EGCUT dataset in
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Chapter 6, in which we estimated common SNP heritabilities for neuroticism and its underlying facets
using GREML-GCTA, contained just over 3200 samples with phenotypes, this should result in a standard
error of 9%. However, even in cohorts consisting of “unrelated” samples, GREML-GCTA still removes 1520% of the samples due to close genetic similarity. As such, and given that the final heritability estimates
generally ranged between 5-20%, the starting sample size of 3200 samples was underpowered.
In conclusion, these methods contribute to our understanding of the genetic mechanisms behind complex
traits, showing us where the remaining part of the heritability is likely to be found.
Genome Reference Panels: the 1000 Genomes Project
In both Chapters 7 and 8, we described a meta-analysis of GWASs using a new, larger genomic reference
panel derived from the 1000 Genomes Project 4,34,35 for imputation. The benefits of using this panel have
been briefly discussed in Chapter 7, but deserve more attention. The first, and most obvious, benefit is that
the 1000 Genomes Project was based on sequencing the DNA of individuals rather than genotyping them
and therefore includes more genetic markers. Particularly the imputation of rare variants is important, as
rare SNPs likely account for a substantial part of the gap between heritability found in family-based studies,
and heritability reported by GREML-GCTA (see above). In addition, more individuals were sequenced
allowing for more accurate phasing of alleles.
Secondly, the 1000 Genomes Project included more ethnic groups than the previous HapMap reference
panel. As allele frequencies vary between ethnicities, variants that are rare in one group may be common
in another. Thus, more ethnic diversity allows for better characterization and phasing of these variants. In
addition, the greater genetic diversity in African samples results in a larger number of haplotypes, making
rare variants easier to impute 35.
A few caveats should be mentioned, though. Firstly, the ability to accurately capture structural variation still
remains limited. Secondly, increasing the number of variants also adds to the multiple testing burden 35.
Thirdly, from our experience (not discussed in the papers above), accurate imputation of rare variants still
requires a sufficiently high-resolution DNA chip as a starting point. For example the Illumina CytoSNP chip
used in Lifelines and TRAILS contained only 250,000 SNPs and produced usable GWAS results for only 8
million SNPs in our analyses, a number that coincides with the number of common SNPs in the final build
of 1000 Genomes. In other words, we could not impute the rare SNPs of the 1000 Genomes build because
of the limited resolution of our DNA chip.
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In conclusion, the 1000 Genomes reference allows for more accurate imputation of the genome than
previous references and hence higher power to detect new genetic variants for complex traits.
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Future Perspectives
The recent boom in GWAS analyses has yielded a wealth of data, but also presents us with two further
challenges. The first is that, despite the advances discussed in Chapter 5 and in the section on ‘Methods
to Estimate Heritability: Genetic Risk Scores, Polygenic Risk Scores and GREML-GCTA’ above, a substantial
chunk of the heritability of complex traits is still missing. Our challenge is how to find the remainder.
The second challenge is to turn the data already collected into biological insight and clinically relevant
applications.
What we have not found: missing heritability
As discussed above, there is reason to believe that most of the missing heritability is “hiding rather
than missing” 29 and resides in rare variants 33. This means that it can be found with the current tools, if
enough statistical power and a sufficiently high-resolution genome imputation are available. Both of these
requirements are well understood by the scientific community, and addressing them is an ongoing effort.
The most straightforward method to increase power is by increasing the sample size. A common way to do
this is by organizing a consortium of existing cohorts, and combining their results into a meta-analysis (as
was done in Chapters 7 and 8). As the number of cohorts with data available on a specific phenotype is
limited, the need for greater sample sizes may lead to consortia with a similar scope to join forces as well,
for example the CARDIoGRAM and C4D consortia. Another way to increase sample size is by using electronic
health records to supplement phenotype data 36.
The use of high-resolution genome references is also discussed above. Chapter 7 demonstrates the
benefits of using the 1000 Genomes Reference over the older HapMap reference. However, the 1000
Genomes Reference will be superseded itself by the Haplotype Reference Consortium project 37. Imputation
using the data of the Haplotype Reference Consortium, which includes the 1000 Genomes dataset, has
already been successfully applied in GWAS 38-40. In time, the cost of sequencing an entire genome may fall
to a point where it becomes a feasible alternative to imputation. However, currently the combination of a
high-resolution SNP array and imputation against a large reference dataset of fully sequenced genomes
yields more statistical power for the same price 33. Alternatively, one can sequence only the coding parts of
the genome (the exome), which detects genetic variants that may directly alter the protein structure. This is
a cheaper alternative than whole-genome sequencing, although it will not detect any variants outside the
exome, such as those that are involved in gene regulation.
However, we do want to caution that, in our experience, a high-resolution genome reference is less effective
if the initial genotyping has been carried out on a low-resolution DNA chip. This is not necessarily a problem,
but it does limit the value of the newer genome references for cohorts that carried out their genotyping with
older SNP arrays.
In addition to increasing genome resolution, it may also be worthwhile to look at marker types that are
ignored in conventional GWAS. One of the restrictions of conventional GWAS software is that it is designed
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for biallelic markers. However, there are various polyallelic markers known, most importantly copy number
variants (CNV). CNV have already been associated with several traits 41,42, but, as yet CNV analyses are
conducted separately from a standard GWAS. For GWAS to become truly comprehensive, it would need to
incorporate these markers as well. Another often ignored part of the genome are the X- and Y-chromosomes.
Part of this lies in the difference between allosomal and autosomal markers: the former have only one
instance of a marker per male person. Imputation and GWAS software were initially not suitable for these
chromosomes, as they expect two alleles per marker. Furthermore, statistical power is much lower (in
particular for the Y chromosome, which is only present in men), which renders these analyses of little value
unless sample sizes are very large.
What we have found: integration & big data
Besides finding the missing heritability, the main future challenge of genetic epidemiology is how to
best utilize the data that are already collected. One obvious application is that of personalized predictive
genomics. Unfortunately, the results discussed in Chapter 5 suggest that we cannot accurately predict
complex traits yet. This is likely to remain a problem until we have made greater progress in eliminating
the missing heritability.
Another important follow-up step is to focus on function, i.e., determining which genes in associated
loci are responsible for the association with complex traits, and simultaneously the mechanisms through
which these genes affect these traits. As the effects of a single marker are tiny, current methodological
developments favour looking at the data as a whole rather than at single markers. For example, these days
many GWAS are followed up by some form of gene-based or pathway analysis (as in Chapters 7 and 8). In
a gene-based analysis SNPs are grouped based on their genes, followed by testing whether certain genes
are enriched for significant and suggestive markers. A pathway analysis works similarly, but tests biological
pathways for enrichment of genes.
The next step is to go beyond the genome-wide data and look at downstream markers to determine how
genetic variants influence the phenotype. A genetic variant that was significant in GWAS is not likely to be
the actual cause. Most likely, it is simply in LD with the causal variant. However even the location of the
causal variant does not necessarily identify the responsible gene: it may be in a regulatory rather than
coding region, which can affect genes some distance away.
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Solving this puzzle, and bringing the genotype and phenotype closer, will require integrating genomic,
epigenomic and transcriptomic data, and possibly even intermediate outcomes such as proteomics and
metabolite levels 43. As an example, in Chapter 7 of this thesis, we combined genetic and expression
data to test if the significant markers from the GWAS are also associated with the expression of nearby
genes. This method is known as expression quantitative trait loci (eQTL) analysis. The same methodology
can be applied to methylation (mQTL), protein and even metabolite levels. However, this leads to another
challenge: the availability of such data. Methylation and expression levels are tissue-specific. As such, they
are usually only measured in a relatively small number of samples for the specific tissues of interest. Most
larger databases of eQTL and mQTL data are based on whole blood. This makes it harder to find a suitable
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cohort with the right tissue to run eQTL or mQTL analysis in. Also, few studies attempt to test every possible
eQTL available to them, as it is time consuming and adds hugely to the multiple-testing burden. However,
such QTL data might still be valuable to a researcher who is interested in a specific region or marker, and
therefore doesn’t face this multiple-testing burden. It would be very beneficial if existing cohorts that
combined genetic with expression and/or methylation data would run a full eQTL/mQTL analysis and make
the results available to the public. This allows outside researchers to look up their own GWAS results for
eQTL and mQTL. A good example of this would be the GTEx Consortium, which was founded for this purpose
and has made eQTL data of multiple tissues available 44.
The above, however, leads to a further problem: the increasing size of the datasets and results files. It is
already infeasible to run a GWAS on a desktop PC; a computer cluster is required to analyse a dataset
imputed with 1000 Genomes data within a reasonable time-frame. In order to deal with future massive
datasets, the field of genetic epidemiology will likely have to employ the methods used by commercial
companies working with big data. A commonly used method is the open source platform Hadoop to store
and manage data. It functions by splitting the dataset into small chunks and moving the process to the
data rather than the other way round. A similar issue is faced by biobanks: for a variety of reasons (privacy,
data protection, network load) it is undesirable that researchers simply download the entire dataset from
their server, and run the analysis on their own computer. The solution is for the biobank to set up their own
computer environment which the researcher can access from a distance to run his analysis locally. This
allows for the data (and hence the patient privacy) to be protected and reduces the network load. However,
it also requires an investment of time and money to create this environment and maintain it. As scientific
methods are constantly being updated, the environment needs to be flexible enough that a researcher can
run non-standard tools. The data itself also need to be accessible and well-documented.
As an alternative to dealing with the ever-increasing file- and sample-size requirements, various software
tools are under development that bypass the need for individual-level genome-wide data by using (meta-)
GWAS summary statistics. For example, the LD score regression methods 45,46 combines the results of a
GWAS with the LD score (the amount of genetic variation that is tagged by an individual marker) to calculate
the heritability of a single trait, or the genetic correlation between two traits (that is: the proportion of
variance the two traits share due to genetic causes). If two traits are genetically highly correlated, it could be
worthwhile to combine the available data for these traits in a multivariate analysis to improve power and
find more (shared) genes for both traits.
LD can also be employed to detect secondary variants in GWAS summary statistics 47. A secondary variant is a
genome-wide significant marker that is not in (strong) LD with another significant marker and whose effect
is therefore (in part) independent of that marker. More recently, it has been proposed to use haplotypes
rather than LD 48, which should aid in the identification of multiple causal variants within the same LD block.
These secondary variants could then be treated in a similar way as the primary variants, i.e., help identify the
underlying causal gene and when added to genetic risk scores explain more of the phenotypic variation.
Another useful tool that makes use of GWAS summary statistics is the R package TwoSampleMR, which
was developed for Mendelian Randomization (MR) analyses. This approach uses genetic variants in
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observational epidemiology to make causal inferences about modifiable risk factors for disease and healthrelated outcomes. The main rationale in Mendelian randomization is that, if a risk factor or biomarker is
causally related to a disease outcome, a genetic variant or GRS that is known to be associated with the
biomarker should have a similar relation to the outcome as the supposedly causal marker itself. The
developers of TwoSampleMR also set up a website MRBase.org ,where researchers can run MR analysis
using their own GWAS summary statistics and/or published GWAS results 49. This allows researchers to test
the causal effects of biomarkers such as CRP on disease outcomes through using the GWAS-identified SNPs
as instrumental variables 50. Other promising methods exist that impute expression levels based on GWAS
summary statistics, bypassing the need to collect expression data, in order to analyse the relation between
gene expression and the phenotype of interest 51-53.
In conclusion, methods using GWAS summary statistics will become increasingly popular to integrate data
from different sources in order to unravel the aetiology of complex diseases.

Conclusion
The purpose of this thesis was to develop and apply novel ways to obtain more and higher-quality results
from genome-wide association data. We approached this from four different angles: QC of GWAS and EWAS
results, use of survival analysis in GWAS, estimation of common-SNP heritability of complex traits, and
the use of a more detailed reference genome for imputation. As such, the current thesis has attempted
to contribute to genome-wide association analyses by altering the balance between brute force and
sophistication in favour of the latter.
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