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Summary 
In the last decade, genome-wide association studies (GWASs) have become a prominent 
choice for investigating the genetic risk of human complex traits. Thanks to the increasing 
availability of large cohorts with genotype and phenotype data in the past 2-3 years, GWASs 
have led to the discovery of tens of thousands of genetic variants associated with thousands 
of traits1. Despite this success in identifying genetic risk loci for a variety of traits, it has 
remained challenging to translate genetic associations into actionable targets for 
understanding biological context and the development of effective treatments. This is mainly 
due to the presence of linkage disequilibrium (LD) in our genome, the large proportion of 
GWAS hits in non-coding regions and the polygenic nature of complex traits. The main goal 
of this thesis was to gain a better understanding of the biological context of GWAS findings 
for complex traits, by bridging the gap from genetic associations to biological interpretation. 

Functional annotation of GWAS risk loci requires an integration of multiple bioinformatic 
resources, which can be time-consuming and error-prone. To provide an automated platform 
for post-GWAS annotation in the community, I developed an easy-to-use web application, 
FUMA, to perform systematic functional annotations of GWAS summary statistics, using a 
variety of biological data resources (chapter 2). FUMA allows users to upload GWAS 
summary statistics and obtain a list of annotated results of all SNPs in the derived genomic 
risk loci. Multiple functional annotations are included in the current version of FUMA, such 
as CADD scores2, RegulomeDB scores3, open chromatin states4,5, eQTLs6 and Hi-C7 
information in multiple tissue types. FUMA prioritizes genes in risk loci using three gene 
mapping strategies: positional, eQTL and chromatin interaction mapping. Positional 
mapping assigns associated SNPs to genes based on physical distances, and can be 
customized by selecting only specific SNPs to be mapped, such as those that are located 
within coding or flanking regions. eQTL mapping links SNPs to genes based on regulatory 
effects as assessed by a significant association of SNPs with the expression of genes based 
on external resources, such as GTEx6. Chromatin interaction mapping links SNPs to genes 
by using annotations based on chromatin loops identified by Hi-C to determine potential 
functional interactions between SNPs in the GWAS loci with genes located within, or 
possibly outside the GWAS loci. Whereas eQTL mapping is often limited to cis-regulation 
with a maximum distance of 1Mb between SNPs and genes, chromatin interaction mapping 
can identify more distal regulatory functions. In FUMA, both eQTL and chromatin 
interaction mapping incorporate regulatory functions of SNPs in a tissue specific manner and 
provide an option to select specific tissue types. eQTL and chromatin interaction mapping 
facilitate the identification of potentially causal genes that are located outside of the GWAS 
loci, as opposed to the traditional positional mapping strategy where mapped genes are by 
definition at least partly located inside a locus. Apart from SNP annotations, FUMA also 
annotates prioritized genes (or any other list of genes obtained outside of FUMA) with 
functional information to investigate patterns of gene function across a set of genes, such as 



tissue specific expression profiles or enrichment of prioritized genes in biological pathways. 
In addition to the prioritization of genes from risk loci, FUMA provides cell type specificity 
analysis by integrating multiple single-cell RNA-sequencing (scRNA-seq) datasets with 
GWAS summary statistics, based on a 3-step workflow as proposed in chapter 3. The 
workflow is built on the basis of MAGMA gene-property analysis8 which tests for the 
relationship between genetic associations and quantitative gene-properties, in this case, cell 
type specific expression of genes. In this workflow, first, significantly associated cell types 
are identified per individual scRNA-seq dataset (step 1). Significant cell types are then 
conditioned on each other within a dataset to determine independent signals (step 2, ‘within 
dataset conditional analysis’). Subsequently, retained cell types from the second step are 
further evaluated to disentangle the relationship of associated cell types from distinct datasets 
(step 3, ‘cross datasets conditional analysis’). The cross dataset conditional analysis does not 
require direct integration of gene expression profiles, which overcomes challenges of batch 
effects and mismatch of cell type labels across datasets and takes advantage of the availability 
of multiple datasets at the same time. These systematic analyses incorporated in FUMA help 
users to interpret their GWAS results in biological context, and to generate hypotheses that 
can be tested in functional experiments. In addition, various interactive visualizations of 
results available in FUMA facilitate this interpretation and attract a broader audience in the 
field. 

In chapter 4, I aimed to gain insight into the underlying genetic causes of insomnia by 
performing the largest ever GWAS meta-analysis, and applying the post-GWAS annotations 
and prioritization of putative causal genes based on approaches proposed in chapters 2 and 
3. I meta-analyzed genotype data from two cohorts, the UK Biobank9 and 23andMe Inc., 
which together resulted in a sample size of over 2.3 million subjects. Insomnia was found to 
be one of the most polygenic traits10, meaning it is influenced by a relatively larger number 
of causal SNPs with smaller effect sizes. I identified 554 independent risk loci, which is more 
than twice the number of risk loci identified in the previous insomnia meta-analysis with 
~1.3 million subjects11. Due to the large number of independent risk loci identified in the 
current GWAS, mapping all genome-wide significant (GWS) SNPs to genes using FUMA 
resulted in a large number of candidate genes. It is expected that only a subset of these 
candidate genes are truly causal which are affected by variants that have a direct effect on 
insomnia, while other genes are implicated only due to SNPs that are in LD with true causal 
SNPs. Especially for loci with a relatively large LD block where genes are densely located, 
it remains challenging to distinguish causal genes from genes mapped without further 
evaluation of functional evidence linked from risk loci. However, we can hypothesize that 
genes with trait-associated coding SNPs may be more likely to be involved in disease risk 
than genes implicated by positional mapping without further functional evidence. Likewise, 
for genes mapped by eQTLs, the overlap of eQTLs with risk loci can be due to the overlap 
of LD blocks, while colocalized eQTLs are likely to share causal variants with insomnia. In 
addition to prioritizing genes based on the biological function of SNPs, statistical fine-
mapping may help identifying more likely causal SNPs (so-called ‘credible SNPs’) from a 



 

locus (details are discussed later in this chapter), which can reduce the number of SNPs to 
consider compared to using all significantly associated SNPs. To more stringently select and 
prioritize genes, I, therefore, first determined credible SNPs with the fine-mapping. I then 
used FUMA to map credible and GWS SNPs (if there was no credible SNPs in the loci) to 
potentially causal genes using positional, eQTL and chromatin interaction mapping. From 
each locus, I then prioritized only those genes that had deleterious coding SNPs or were 
mapped by colocalized eQTLs (high confidence (HC) genes). For loci that do not have HC 
genes, all other mapped genes (i.e., that were not mapped by deleterious coding or 
colocalized eQTLs) were considered low confidence (LC) genes. From the HC genes, I 
subsequently selected those genes that were the single gene implicated from a risk locus (HC-
1 genes). These genes were then used to further prioritize genes from other loci that mapped 
to multiple genes, based on their functional interactions (i.e., co-expression) with the HC-1 
genes. The underlying rationale of this approach was that true causal genes of insomnia are 
likely to be more closely functionally linked to each other than non-causal genes. This 
strategy resulted in the prioritization of 935 genes. I subsequently explored cell type 
specificity and shared functions of these prioritized genes. I identified associations with 
neurons in retrosplenial cortex, layer 5 of cortex, habenula, and basal ganglia (i.e., ventral 
pallidum, substantia nigra and ventral tegmental area) based on scRNA-seq datasets and 
enrichment in the gene-sets related to function of synapse and development of nervous 
system. The proposed approach using multi-loci information to prioritize putative causal 
genes from GWAS loci is most feasible for traits where GWAS results show a couple of 
hundred of risk loci. Given that a large number of traits are highly polygenic, like insomnia, 
and that sample sizes are currently increasing for most traits, our study may provide an 
example for other large-scale GWAS in the future. 

The GWAS for insomnia described above is one of the many GWASs that have been carried 
out in the past decade. The current availability of thousands of summary statistics for 
hundreds of human complex traits provides a valuable resource to study the genetics of 
complex traits in a broader scope, such as whether genetic associations are randomly 
distributed across the genome, whether pleiotropy is ubiquitous, or whether there are 
differences across traits in genetic architectures (e.g., the distribution of MAF and effect sizes 
as well as the number of causal SNPs) between traits. The aim of chapter 5 was to use the 
current availability of a large number of GWAS summary statistics from hundreds of traits 
and evaluate the extent of pleiotropy across the genome and variation in genetic architecture 
across a variety of traits. For this purpose, I curated 4,155 GWAS summary statistics and 
created a web-based database (GWAS ATLAS) that provides a central hub to search and 
explore the results of GWASs via interactive visualization. Well-powered GWASs for 558 
traits were systematically analyzed in the study. The results showed that more pleiotropic 
SNPs tend to locate within coding regions. I also observed that more pleiotropic SNPs and 
genes were less tissue specific. These results suggest that genes involved in a larger number 
of traits are likely to be active in multiple tissues. At the same time, the proportion of trait-
specific gene-sets was higher than gene-level pleiotropy implying that the combination of 



associated genes is unique to each trait. By estimating polygenicity (i.e., the proportion of 
causal SNPs) of traits, I found that major depressive disorder, educational attainment and 
insomnia were the most polygenic traits among those analysed and that the majority of the 
traits require more than 10 million subjects to explain 90% of the genetic variance based on 
GWS SNPs. The study in chapter 5 and the web-based database provide a comprehensive 
view of genetic associations across a variety of traits. 

 


