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ABSTRACT 

In the pursuit of understanding the biological mechanisms underlying complex 
diseases, this study presents a novel approach involving the use of quantitative 
trait loci (QTL) analysis to enhance the interpretation of findings from Genome-
Wide Association Studies (GWAS). Recognising the interpretational challenges 
posed by the numerous genetic variations with small individual effects identi-
fied by GWAS, we developed a compendium of uniformly processed human 
molecular QTLs. Our eQTL Catalogue comprises data from 74 distinct cell 
types and tissues and several environmental stimuli, with all 127 datasets pro-
cessed uniformly for optimal downstream analyses. Notably, the construction of 
this resource was enabled by our development of robust, open-source scientific 
pipelines, which play a crucial role not only in the generation of the eQTL 
Catalogue but also in facilitating the adoption of pipeline reusability and 
federated analysis approaches. In response to feedback on difficulties in QTL 
signal interpretation, we also generated QTL coverage plots for all independent 
genetic signals and related molecular traits. The eQTL Catalogue has proven 
invaluable in various research projects, aiding in the interpretation of GWAS 
findings and contributing to the understanding of the genetic basis of complex 
traits. Furthermore, the infrastructure supports quick re-analysis as new methods 
emerge, demonstrating the Catalogue's flexibility and adaptability in genomic 
research. 
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INTRODUCTION 

The holy grail of genomics research is to find the biological mechanisms that 
explain complex diseases so that they can be prevented or treated. Researchers 
have approached this extremely complex problem from several angles. One of 
the most widely-used and relatively successful approaches is GWAS. GWAS 
identifies genetic variants associated with complex traits (i.e. GWAS hits), such 
as diseases. However, there are usually many genetic variants associated with a 
trait, and these associations have small effects individually, which is hard to 
interpret. Hence, additional methods are necessary to explain these GWAS hits. 
One method is to find associations of genetic variants with expression levels of 
genes (i.e. QTL analysis) and compare these associations with GWAS hits (i.e. 
colocalisation analysis), under the assumption that the genetic variant affects the 
complex trait by regulating gene expression first. Simply put, genetic variants 
regulate expression of a gene, which results in the production of a certain 
protein, which in turn affects the complex trait. However, since the regulation of 
the genes happens differently in different biological contexts (i.e. cell types, 
tissues or conditions), if the colocalisation analysis is performed in the “wrong” 
context, it can be impossible to find the desired colocalisation signal. 

The main goal of this thesis is to share the best methods and lessons learned 
from building scientific procedures to tackle the problems faced in QTL 
analysis. Due to the complexity of QTL analysis, which requires a deep under-
standing of the subject, the thesis will first provide comprehensive background 
knowledge in the initial three chapters. This will be followed by an in-depth 
exploration of the technical aspects involved in developing scientific pipelines 
for conducting QTL analysis on vast amounts of data.  

In this dissertation, I will initially provide a brief overview of the funda-
mentals of molecular biology (Chapter 1), then proceed to describe the ap-
proaches and techniques used in order to interpret GWAS signals. This will 
encompass the differences between GWAS and QTL studies, colocalisation and 
fine-mapping techniques and will outline the key challenges encountered when 
utilising these approaches (Chapter 2). In Chapter 3, I will thoroughly explore 
the QTL analysis procedure, beginning with an overview of the entire workflow 
and its three main components: quantification, quality control and normali-
sation, and QTL mapping. The quantification section will discuss the workflow 
inputs, their categorisation as molecular traits and the methods used to trans-
form RNA sequencing (RNA-seq) data into numerical tabular data. This will be 
followed by an examination of quality control and normalisation. Finally, I will 
delve into the intricacies of the QTL mapping process and subsequent post-
processing stages. 

The creation of the eQTL Catalogue resource would have not been possible 
without the modern infrastructure of scientific pipelines. In Chapter 4, I will 
start by defining these infrastructures and tracing the evolution of pipelines, 
followed by a comprehensive discussion of the properties of computational 
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infrastructures and scientific pipelines. Furthermore, I will address the latest 
advancements in cloud computing and containerisation technologies, which 
have significantly contributed to the efficient execution and scalability of these 
pipelines. The chapter will conclude with an analysis of the current challenges 
in pipeline development and potential strategies for avoiding or overcoming 
these obstacles. 

In Chapter 5, I will provide a concise overview of the key aspects of Pub-
lication I and elaborate on noteworthy points that did not make it into the 
published work. These primarily involve the numerous decisions made during 
the development of the eQTL Catalogue workflow and the subsequent impact 
on the pipeline properties discussed in Chapter 4. Additionally, a subchapter has 
been included to shed light on the often-overlooked efforts and lessons learned 
throughout the pipeline development process. Similarly, Chapter 6 will discuss 
enhancing the interpretability of QTLs through visualisation, as detailed in 
Publication II. Following a brief introduction to the problem we aim to address, 
I will describe the visualisation, its construction and the primary challenges 
encountered during its development that were not included in the published 
work. 

Chapter 7 will highlight the impact of the eQTL Catalogue as a valuable 
resource for the scientific community. In this chapter, I will delve into its 
various applications in diverse scientific studies and how other researchers have 
utilised the catalogue. Additionally, I will emphasise the significance of having 
a robust infrastructure in place to facilitate the rapid execution of pipelines for 
new experiments. The dissertation will conclude with a discussion chapter, in 
which I will address the essential aspects of our work, its limitations and pro-
spective future developments for this valuable resource. 





 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Standing on the shoulders of giants 

Bernard of Chartres 
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1. BACKGROUND 

The field of genetics has made significant progress in understanding how traits 
are inherited and how they vary between individuals. At the core of this 
progress lies the Central Dogma of molecular biology. A fundamental under-
standing of gene structure and genetic variation is also essential for grasping the 
impact of genetics on the variation of complex traits. In this chapter, we will 
provide a brief introduction to the Central Dogma, followed by an exploration 
of gene structure and genetic variation. 

1.1. Central dogma of molecular biology 
The central dogma of molecular biology is a fundamental principle that descri-
bes the flow of genetic information within cells. It consists of two main pro-
cesses: RNA transcription and protein translation. Transcription is the process 
of creating RNA from a DNA segment, and translation is the process of creating 
a protein sequence from a transcribed RNA template. To summarise, the central 
dogma states that genetic information flows unidirectionally from DNA to RNA 
to protein (Figure 1) [1]. Although there are exceptions to this rule, such as 
RNA-dependent RNA synthesis and reverse transcription, the central dogma 
remains the cornerstone of molecular biology [2,3]. The importance of the 
central dogma is highlighted by the fact that it underpins the entire field of 
molecular biology and is essential for understanding the mechanisms of gene 
expression and regulation [4,5]. 
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Figure 1: Central Dogma of Molecular Biology: A DNA sequence called a gene is 
transcribed into mRNA. Then, the mRNA molecule leaves the nucleus of the cell and is 
translated into amino acids, which chain together to form a protein. The figure is created 
using the BioRender application (BioRender.com, 2023) 

1.2. Introduction to genetic variation  
The fundamental processes of life are encoded within genetic material known as 
the genome, which is composed of deoxyribonucleic acid (DNA) molecules. 
DNA consists of two complementary nucleotide strands, forming a double helix 
structure, with nucleotides containing one of four distinct nucleobases: adenine 
(A), thymine (T), guanine (G), and cytosine (C). These nucleobases, often simp-
ly referred to as bases, serve as primary constituents of DNA and ensure the 
complementary nature of the strands. Human cells are diploid, meaning that 
each chromosome has a duplicate that originates in either parent. In total, there 
are 23 pairs of chromosomes in every human cell: 22 pairs of autosomes and 
one pair of sex chromosomes. Because of the diploid nature, every genetic 
variation in a specific human genome can appear zero, one or two times, and 
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this is referred to as that individual's genotype. A single set of 23 human 
chromosomes encompasses approximately 3.2 billion AT and GC base pairs 
connected in sequences [6–8]. Decoding this information is essential for under-
standing the mechanisms of life and represents a significant challenge in human 
health research. 

Genetic variation refers to the differences in DNA sequences between indi-
viduals or populations [9]. Any two individuals are known to have ~99.5% 
identical DNA, whereas any human shares ~98.7% of the DNA with a chim-
panzee [10]. Although these differences in proportion may seem small, in abso-
lute numbers, there are more than 100 million genetic variants in humans, effec-
tively resulting in an infinite number of allele combinations. These genetic 
variants mainly consist of three types: single-nucleotide polymorphisms (SNPs), 
insertion-deletions polymorphisms (INDELs), and structural variants (SVs). A 
typical human genome differs from the reference human genome at 4.1–5.0 
million sites and more than 99.9% of this variation consists of SNPs and short 
INDELs. The remaining <0.01% consists mainly of 2,100 to 2,500 SVs, which in 
total affects more bases than the SNPs, around 20 million bases of sequence [11]. 

The genetic makeup of an individual plays a crucial role in determining their 
physical and physiological characteristics as well as their likelihood of deve-
loping certain diseases [12–14].  

1.2.1. Linkage disequilibrium 

Linkage disequilibrium (LD) is a term used in genetics to describe the non-
random association between alleles at different loci (i.e. in different regions in 
the DNA) in a population. The term “linkage” refers to the physical proximity 
of the loci on the same chromosome, while “disequilibrium” refers to the non-
random association of alleles at these loci (Figure 2). The reason for this is that 
the loci which are physically close together on the chromosome make it more 
likely that they will be inherited together as a unit, rather than being shuffled 
independently during meiosis1. As a result, certain combinations of alleles may 
be overrepresented or underrepresented in the population compared to what 
would be expected if the loci were independent. 

LD also has non-negligible implications for genetic association studies, as it 
can impact the power and accuracy of these studies. Specifically, LD makes it 
challenging to pinpoint the exact causal variant(s), as the association may be 
driven by a nearby causal variant that is in LD with the tested variant. This 
phenomenon is known as “genetic confounding” and can be partially addressed 
using statistical methods such as conditional analysis or fine-mapping, which 
aim to identify the true causal variant(s) underlying an association signal, 
although many technical challenges remain (Publication IV) [15,16]. 

                                                      
1 Meiosis: a type of cell division that results in four genetically diverse haploid daughter 
cells, each with half the number of chromosomes as the parent cell, which are used as 
gametes in sexual reproduction. 
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Figure 2: Example of LD and its effect on population structure. (A) Fragments of 10 
samples from a population. Only seven bases are shown in the example and there are 
only two sites where these fragments are different (i.e. genetic variants), in positions 4 
and 6 (in blue and red colours respectively). It can be observed that the “C” allele in 
position 4 and the “A” allele in position 6 are linked: when we observe the “C” allele in 
position 4 we usually observe the “A” allele in position 6; however, when we observe 
the “A” allele in position 6, we always observe “C” allele in position 4. (B) A simulated 
representation of LD between nine variants in a region. Dark red squares represent high 
correlation between two variants. (C) Example of LD between 300 genetic variants, 
calculated based on 450 samples on chromosome 22 within coordinates 10874444-
15394184. Intensity of red colour indicates higher correlation (i.e. a higher R2 value, a 
parameter used to measure LD, with values closer to 1 indicating stronger correlation). 
The visually observed red triangles formed are typical in this kind of visualisation, 
representing the variants in specific regions (i.e. LD blocks) that are in high LD with 
one another. Panel (A) is inspired by educational lecture slides by Aaron Quinlan [17] 
and panels (B) and (C) by Molecular Population Genetics by Matthew W. Hahn [9] 



23 

1.2.2. Genetics of population structure 

Understanding the genetic structure of human populations is essential for ad-
vancing knowledge in medical, forensic and anthropological sciences. A study 
by Novembre et al. [18] investigated the genetic structure of human populations 
using a sample of 3,000 European individuals. Researchers genotyped over half 
a million genetic variants to understand genetic variation in the European popu-
lation. Despite low genetic differentiation among Europeans, a strong correla-
tion was found between genetic and geographic distances. Consequently, a 
representation of Europe’s geographic map has been created from the genetic 
data using Principal Component Analysis (PCA). The study highlights the need 
to account for genetic structure when researching disease phenotypes in order to 
avoid false associations. Furthermore, the findings show that an individual's 
geographic origin can be accurately inferred using their DNA, often to within a 
few hundred kilometres. 

Access to large public human DNA databases, such as the 1000 Genomes 
Project [11], enables the use of PCA to determine the origins of samples with 
unknown provenance. This approach offers two key advantages: firstly, it pro-
vides an extra layer of quality control by comparing the reported and inferred 
population origins for any discrepancies; secondly, it helps account for genetic 
population structure in association analyses, preventing the identification of 
signals driven by population differences rather than the trait of interest. 

1.3. Introduction to gene structure 
A gene is a segment of DNA that contains the instructions for building a func-
tional product, such as a protein or an RNA molecule. Genes are the funda-
mental units of heredity; they determine many of an organism's traits and 
characteristics, including physical traits like eye colour [19] or height [20] as 
well as biochemical traits like enzyme activity [21] or hormone production [22]. 

Genes are located on chromosomes, which are long, coiled strands of DNA 
found in the nucleus of eukaryotic cells (Figure 1). Each gene is made up of a 
specific sequence of nucleotides, which are the building blocks of DNA. The 
order of nucleotides in a gene determines the order of the sequence of nucleo-
tides in an RNA molecule, which is later translated into amino acids in a 
protein. A combination of three nucleotides which code for an amino acid is 
called a codon, and each codon directs the cell to initiate the production of a 
protein chain (start codon), to append a distinct amino acid to the expanding 
protein chain, or to terminate the production of the protein chain (stop codon). 
There are 64 possible codons, which can code for 20 unique amino acids, whose 
combinations produce tens of thousands distinct proteins [23]. 

A single gene can be transcribed into multiple RNA molecules, which are 
known as transcripts, and these transcripts often produce the same protein. 
Almost every transcript consists of exons and introns, except a few single-exon 
genes [24]. Exons are the portions of the transcript that will remain in the 
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mature RNA (mRNA), whereas introns are removed by a mechanism called 
splicing during or after the transcription process is completed. Alternative 
splicing is a process that allows for the splicing together of various combi-
nations of exons in a pre-mRNA molecule, which can produce multiple mRNA 
molecules from a single gene (Figure 3). Alternative splicing is not a comple-
tely stochastic process, but rather is governed by regulatory proteins and 
frequently depends on genetic variations within or in close proximity to the 
transcribed gene [25]. This mechanism introduces significant variability into 
genetic processes, making them even more complex and challenging to com-
prehend than before. [26–28]. While it is commonly misconceived that exons 
exclusively represent protein-coding regions of the transcript, in reality, only a 
fraction of exons (less than 30% on average in humans) are translated into 
proteins. The remaining exons reside in untranslated regions (UTRs) or non-
coding RNA regions [29]. 

 
Figure 3: The function of alternative splicing in eukaryotic cell RNA processing: the 
gene on the DNA contains five exons. Once transcribed, the single-stranded pre-mRNA 
includes all exons and introns. Alternative splicing creates distinct mRNA versions: in 
the first transcript, exon 3 is omitted and the intron between exons 4 and 5 is retained, 
which resulted in the premature ending of the translation process, without protein 
production. In the second transcript, exon 3 is also excluded, while the third transcript 
undergoes constitutive (i.e. expected, non-alternative) splicing, where all exons are pre-
sent and all introns are removed. These do not comprise a complete set of possible alter-
native splicing events and can be widened to include events such as alternative 5` and 3` 
splice sites, mutually exclusive exons and others. Following splicing, the mRNA mole-
cule exits the nucleus of the cell, and if its sequence is suitable for translation, a protein 
is synthesised. The figure is created using the BioRender application (BioRender.com, 
2023) by adapting available templates (i.e. RNA Processing in Eukaryotes, https://app. 
biorender.com/biorender-templates) 





 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

If you don't know where you want to go, then it 
doesn't matter which path you take 

Lewis Carroll (Alice in Wonderland) 
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2. WHY DO WE CARE ABOUT MOLECULAR QTLS? 

Genome-wide association studies (GWAS) and quantitative trait loci (QTL) 
analyses are two commonly used techniques in genetics research.  

GWAS is a statistical method used to identify the genetic variants associated 
with a particular trait. The technique involves comparing the genomes of indi-
viduals with and without the trait of interest to identify the genetic differences 
that are more common in individuals with the trait. GWAS typically involves 
analysing millions of genetic variants across the genome, which can be time-
consuming and computationally intensive. Traits of interest in GWAS can vary 
widely from phenotypes, which can be identified at the macro level (i.e. non-
molecular phenotypes), such as height [20], body mass index [30,31], suscepti-
bility to a certain disease [14], or even human intelligence [32,33], and micro 
level, such as metabolites [34,35]. Manhattan plots are commonly used to 
visually represent GWAS results (Figure 4). 

 
Figure 4: Visual representations of GWAS. Manhattan plots display the p-values for a 
complete GWAS (complex trait A in this example) across the genome. Each dot on the 
graph represents the p-value of the association between the trait and tested genomic 
variant at particular locus along the genome (x-axis). The value on the y-axis represents 
the −log10 of the p-value (equivalent to the number of zeros after the decimal point plus 
one). The figure is created using the BioRender application (BioRender.com, 2023) by 
adapting available templates (i.e. Manhattan Plot for Genome-Wide Association Studies 
(GWAS), https://app.biorender.com/biorender-templates) 

Molecular Quantitative Trait Loci (molQTLs) are important in genetics 
because they help us to understand how genotypes relate to molecular pheno-
types, such as expression of certain genes. By finding the genomic regions that 
affect gene expression or other molecular phenotypes (see Chapter 3.1.2.), 
molQTLs give us useful information about the mechanisms behind various 
diseases and complex traits when integrated with GWAS summary statistics. 
The expression of a molecular trait across the three possible genotypes can be 
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compared using a box-plot, providing a visualisation for a single molecular 
QTL (will be explained in more detail in chapter 3, Figure 6C).  

Both GWAS and Quantitative Trait Loci (QTL) studies aim to identify the 
genetic variants associated with traits of interest. It is worth noting that the 
statistical models used in both GWAS and QTL analysis are identical (e.g. 
linear regression or linear mixed models). The key distinction between them lies 
in the fact that, in molQTL studies, the trait of interest can be located within the 
genome, allowing for the classification of associations as either -cis (from latin 
“on this side”) or -trans (from latin “on the other side”), depending on whether 
the tested variant and molecular trait are located on the physically close or 
distant genomic regions, respectively [36]. As a consequence, this distinction 
leads to varying methods for data preparation and processing. In this chapter, 
we will discuss QTLs and their connections to GWAS, highlighting the ways in 
which these genetic approaches can complement each other. 

2.1. GWAS – small effects waiting to be interpreted 
GWAS finds associations between genetic variants and the trait of interest. 
However, GWAS does not elucidate the underlying molecular mechanisms 
responsible for the associations observed (Figure 5A). Without understanding 
the molecular mechanisms, it is hard to intervene in the process of expression of 
a trait of interest. For example, a polygenic risk score (a weighted sum of gene-
tic variants usually derived from GWAS studies) for heart attack (i.e. myo-
cardial infarction) [37] allows us to calculate the relative risk of having one; 
without understanding the molecular mechanisms behind the associated genetic 
variants, however, it becomes difficult to intervene or prevent the disease. To 
gain insight into the molecular mechanisms underlying a particular disease, one 
potential approach is to conduct QTL analysis to identify the genetic variants 
that affect the regulation of specific genes and determine whether these variants 
are also associated with an increased risk of developing the disease (i.e. GWAS) 
(Figure 5B). This approach can shed light on the complex interplay between 
genetics and disease and may ultimately lead to the development of new 
interventions to prevent or treat the disease [38]. 
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Figure 5: Using molQTL to gain insight into the possible molecular mechanisms 
causing the complex trait. (A) Representation of two genetic variants associated with a 
complex trait (e.g. heart disease). (B) Integration of QTL data into GWAS summary 
statistics to understand whether the genetic variants associated with the complex trait 
are also associated with the expression of certain genes. (C) Representation of a genetic 
variant impacting gene expression, which, in turn, affects the production rate of a 
related protein, ultimately influencing the complex human trait. 

GWAS studies typically focus on common genetic variants that are present in a 
significant proportion of the population. More than 90% of GWAS hits are 
located in non-coding regions of the genome [39–42], such as regulatory 
regions that control the expression of nearby genes or regions that affect the 
three-dimensional structure of the genome [43]. Non-coding regions refer to 
regions of the genome that do not encode for proteins. Protein-coding regions 
(genes) make up only a small fraction (less than 2%) [44] of the entire genome 
[45]. When considering this property of GWAS in conjunction with the central 
dogma of molecular biology, it follows that a genetic variant can impact gene 
expression, which in turn affects the production rate of a related protein, 
ultimately influencing a human trait such as a disease (Figure 5C).  
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2.2. QTL – a very special form of GWAS 
QTL analysis identifies the genetic variants associated with the variation of 
molecular quantitative traits and involves multiple steps such as data collection, 
phenotype quantification, normalisation and association testing. In QTL ana-
lysis we study associations between genetic variants and measurable molecular 
traits such as gene expression levels, which are typically quantified by using a 
technique called RNA-seq (will be described in more detail in subchapter 3.1). 
Each detected association between a genetic variant and a molecular trait is 
termed a molQTL, often simply referred to as a QTL. Some of the commonly 
used QTLs have specific names: eQTL refers to a gene expression QTL, while 
sQTL denotes a splicing QTL. QTL analysis is similar to GWAS in a broader 
context, as both of these approaches find associations between genetic variants 
and some kind of measurable property (e.g. phenotype) by applying linear 
regression. Technically, we can take expression level of gene A and calculate 
associations with variants in the whole human genome, put the p-value signi-
ficance threshold at 5x10-8 (consensus genome-wide significance threshold, 
based on the assumption of having one million independent common variants) 
and call it a GWAS for gene A [46,47]. If we perform this process for all genes, 
we will ultimately be performing genome-wide QTL analysis. However, there 
are certain challenges and nuances to actually make it work. Firstly, the number 
of molecular phenotypes is often in the range of thousands (e.g. >20,000 for 
gene expression), and the number of common genetic variants in the range of 
millions (~10 million common variants in the European population, of which ~1 
million are approximately independent (not in LD) from one another), which 
makes conducting comprehensive genetic analyses a computationally de-
manding task [48]. Secondly, it is known that genetic variants usually affect the 
genes that are situated nearby and located on the same chromosome (i.e. -cis) 
[49,50]. Hence, it is reasonable to perform this association testing in closer 
proximity to the phenotype of interest instead of testing against all genetic 
variants in the genome [51]. This approach not only simplifies the compu-
tational complexity but also allows for more accurate adjustment of the signifi-
cance threshold, by using permutation approaches. Therefore, QTL analysis can 
be performed in -cis and -trans, representing associations in physically close or 
distant genomic regions, respectively (Figure 6).  
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Figure 6: QTL mapping and visualisation example of one cis-eQTL (gene expression 
QTL) signal and a possible scenario of the trans effects of the same genetic variant. (A) 
Coding of genotypes in three possible combinations (i.e. 0, 1 or 2). This number 
indicates the total number of alleles of a genetic variant in an individual's genome that is 
different from the allele in the reference human genome. (B) Representation of gene 
expression quantification. For instance, sample 1 (S1) has 15 reads overlapping with 
gene A. In reality, these raw counts are normalised after quantification (see chapter 3.2); 
however, here, raw counts are used to simplify process representation. (C) The genotype 
data from (A) and gene expression data from (B) are used to map cis-eQTLs. cis-eQTL 
is visualised as a boxplot where there are three possible values of genotype on the x-axis 
and the corresponding gene expression value for each sample in QTL study is on the y-
axis. In the current example, SNP X has an effect on the expression of gene A, and gene 
A codes for protein A. Both SNP X and gene A are located on chromosome 1 (Chr1). 
One good example of how trans-eQTLs can occur is when Protein A is a transcription 
factor (TF) protein and binds to the promoter region of gene B in another chromosome 
(e.g. Chr2), which in turn increases the expression of gene B and therefore also in-
creases the production of protein B [52]. Visualisations are inspired by Figure 13 in [53] 
and Figure 1 in [52]. 
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2.3. Using molQTLs to interpret GWAS hits 
Studies have demonstrated that a significant portion of GWAS variants coincide 
with expression QTLs [43,54], suggesting that many disease-linked variants 
function by regulating molecular traits [55–57]. When a genetic variant is linked 
to both the increased risk of a certain disease and the expression level of a 
particular gene, it is possible that the variant influences the disease through that 
gene. By combining GWAS summary data and eQTL data, it is possible to 
identify target genes of disease-risk variants that cannot be detected using the 
GWAS method alone [58]. Additionally, eQTL analysis enables the functional 
characterisation of trait-associated variants through identification and prioriti-
sation of the target genes in specific biological contexts, such as cell type and 
tissue. In Publication II, for instance, a colocalisation analysis between Vitamin 
D GWAS and eQTLs demonstrated that the GWAS variant alters Histidine 
Ammonia-Lyase (HAL) gene expression exclusively in the skin, rather than in 
any of the other 108 biological contexts examined. 

2.3.1. Colocalisation 

Colocalisation techniques are frequently used to examine whether the genetic 
variants associated with two distinct traits are consistent with a shared causal 
variant. These techniques involve comparing genetic associations from various 
datasets, such as GWAS and QTL studies, to determine the overlapping regions 
of genetic association. This approach can identify whether a single genetic 
variant is likely to be causal both for the trait and at the gene expression level, 
thus revealing the causal genes and regulatory mechanisms involved in complex 
diseases and traits. Previously, colocalisation methods have proven effective in 
detecting shared causal variants between molecular and disease traits within 
specific genomic regions [59–61]. COLOC is a popular colocalisation method 
that relies on summary statistics to estimate the odds of colocalisation by com-
paring five possible hypotheses (H0-H4) and calculates posterior probabilities 
(PP) for each hypothesis. Typically, the most interesting hypothesis in down-
stream analysis is H4, which states that associations with tested traits share one 
causal variant. Hence, if PP of H4 (PP4) is large, the data indicates that a single 
genetic variant causally affects both traits [62]. Nevertheless, a significant 
limitation of this method is its assumption that the region contains only one 
underlying causal variant per trait. Several novel ideas and tools have been 
proposed to overcome this limitation [61,63–65]. Chris Wallace's latest work 
proposes a more accurate colocalisation analysis method that allows for mul-
tiple causal variants. In this work, they adapted COLOC to utilise the Sum of 
Single Effects (SuSiE) framework [66], enabling multiple labelled comparisons 
in a genomic region and achieving higher accuracy compared to previous 
approaches, especially when more than one causal variant exists (Figure 7) [67].  
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Figure 7: Comparison of COLOC V3 [62] and COLOC V5 [67] at the HAL locus as-
sociated with plasma vitamin D level in the UK Biobank. Log Bayes factor (lbf) variab-
les represent the credible sets of the strongest associations. For example, lbf variable 1 
represents the credible set which contains the strongest QTL, and lbf variable 2 repre-
sents the second strongest, etc. (A) Scatter plot of −log10 p-values of associated variants 
from Vitamin D GWAS and HAL eQTL in skin [68]. A high colocalisation posterior 
probability between the Vitamin D GWAS and HAL gene QTLs (PP4 = 0.99) suggests a 
shared causal variant is responsible for both traits. (B) Scatter plot of −log10 p-values of 
associated variants from Vitamin D GWAS and AMDHD1 eQTL in skin. Colocalisation 
signal between Vitamin D GWAS and AMDHD1 gene QTLs is weak (PP4 = 0.001), 
suggesting that there are two independent causal variants responsible for the two traits. 
(C) Scatter plot of first lbf variables of Vitamin D and HAL eQTL credible sets. 
Colocalisation signal between Vitamin D GWAS and HAL gene eQTL is high (PP4 = 
0.99). (D) Scatter plot of first lbf variables of Vitamin D and AMDHD1 gene credible 
sets. Colocalisation posterior probability between Vitamin D GWAS and AMDHD1 
gene eQTLs is low (PP4 = 0), as can also be seen in (B) the most strongly associated 
credible sets are different. (E) Scatter plot of the second fine mapped eQTL signal for 
AMDHD1 and first lbf variable of Vitamin D. Colocalisation signal is strong (PP4 = 
0.99). The second strongest association for AMDHD1 colocalises with Vitamin D 
GWAS, but the strongest association does not. Hence, if we use COLOC V3, which 
assumes that the region contains only one underlying causal variant, we will miss the 
secondary colocalisation signal. 
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2.3.2. Fine-mapping 

Fine-mapping is a statistical technique commonly used in genetics to identify 
the causal variants underlying a genetic association signal [69]. The technique is 
particularly useful in GWAS and eQTL analyses, where the high correlation 
between neighbouring SNPs can hinder the identification of potential causal 
variants. Fine-mapping involves partitioning the genomic region around signi-
ficantly associated SNPs to independent regions and using various computa-
tional methods to infer which variants are most likely to be responsible for the 
association observed. One commonly used approach is based on LD patterns 
with the lead SNP, while Bayesian methods for fine mapping have become 
increasingly popular in recent years [70–74]. The result of fine-mapping is 
usually a minimal set of SNPs, known as a credible set, which capture the likely 
causal variant(s) with a certain probability (e.g. 95%).  

These Bayesian methods compute the posterior inclusion probabilities (PIP) 
for each SNP as causal in a model and order the variants in decreasing order of 
PIP values. The minimal set of SNPs in the given region that captures the 
probable causal variant(s), known as a credible set, is then determined based on 
a pre-specified coverage probability threshold, usually 95%. The ranked PIP 
values are summed until the cumulative probability exceeds the given threshold; 
the corresponding top variants are considered to form a credible set. For 
example, the Sum of Single Effects Model (SuSiE) is one such fine mapping 
model [66,75]. 

2.4. Challenges in integration of GWAS and molQTLs 
Despite the availability of tools for integrating molQTLs with GWAS to iden-
tify the molecular mechanisms underlying complex traits [62,63], the inte-
gration process remains nuanced. Firstly, QTLs are context-specific, resulting in 
varying levels of gene expression among different cell types, tissues and 
external stimuli, despite originating from the same DNA [76–79]. In contrast, 
GWAS is not context-specific, requiring the researcher to choose the appro-
priate QTL context for integration with GWAS. Secondly, the genetic variant's 
effect on a complex trait may not be attributed directly to gene expression or 
other molQTLs, but by different scenarios such as horizontal pleiotropy, linkage 
or reverse causality, making it challenging to identify or interpret the molecular 
mechanism responsible. These scenarios will be described in the next subsec-
tions. Finally, it is difficult to identify the precise molecular mechanism 
responsible for a complex trait due to the large number of potential molecular 
traits that could be involved. Despite these challenges, integration of GWAS 
and molQTLs can provide valuable insights into the genetic basis of complex 
traits. 
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2.4.1. Missing contexts (cell types, tissues, conditions) 

All cells in the human body contain the same DNA code; however, despite 
having the same DNA code, cells differentiate during human development into 
different cell types, such as muscle cells, nerve cells, and blood cells, each with 
a specific function and characteristic gene expression pattern [80–83]. 

Lately, due to advancements in single-cell RNA-seq techniques, the precise 
count of human cell types has emerged as a subject of debate, as the discovery 
of “new” cell types has occurred [84–86]. Regardless, it is established that the 
human body comprises a variety of cells and tissues, with each type fulfilling a 
unique purpose [87,88], primarily controlled by the expression of various genes 
[89–91].  

Gene regulation is the process by which cells control the expression of 
genes, which involves the activation or repression of specific genes at different 
stages of development or in response to environmental stimuli. Gene regulation 
is essential for the proper differentiation and function of different cell types and 
involves the interaction of multiple proteins, transcription factors and regulatory 
elements that can vary between cell types and tissues [92]. Gene regulation is a 
complex process; disruptions in this process can lead to various diseases, such 
as cancer and genetic disorders, underscoring the importance of understanding 
gene regulation in different cell types and tissues [93–95]. 

The selection of context for QTLs is crucial when integrating GWAS and 
molQTLs in order to identify the molecular mechanisms underlying complex 
traits. In order to achieve convincing colocalised signals, it is important to 
choose the most appropriate context, which can include cell type, tissue and 
other relevant conditions [79]. While some complex traits may have predictable 
contexts that are most suitable for integration; in many cases, the optimal 
context may not be obvious or the required QTL data may not be available. As 
an example, suppose we have GWAS summary statistics and we wish to detect 
colocalising QTL signals in order to identify target genes explaining the 
molecular mechanisms of the complex trait. Despite the availability of QTL 
summary statistics resources such as those from the Genotype-Tissue Expres-
sion project (GTEx) [51], eQTL Catalogue [96] and eQTLGen [48], it is still 
possible to overlook the QTLs that could explain the molecular mechanism 
underlying the GWAS trait if the corresponding QTL study in the relevant 
context is not available. In such cases, even though colocalisation tests can be 
performed with all available contexts, the lack of QTL data for the desired 
(potentially unknown) context can result in missed opportunities in identifying 
important molecular mechanisms. Furthermore, colocalisation can lead to false 
positive or deceptive outcomes when examined in an incorrect context. In such 
contexts, the causal molQTLs may be absent, resulting in the detected coloca-
lisations (albeit individually uncommon) being prone to false positives, such as 
when two independent causal variants are in linkage disequilibrium. A study by 
Mostazavi et al. [97] developed a model to systematically compare the GWAS 
and eQTL variants and suggests that even in QTL studies with large sample 
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sizes, the identified eQTLs tend to favour enhancers functioning in less 
restricted cell types or environmental settings that hold less significance for 
interpreting GWAS variants. 

2.4.2. Exploring effects of genetic variants on complex traits 

Colocalisation analysis is usually performed under the assumption (or hope) 
that a genetic variant affects a complex trait by altering gene expression (Figure 
8A). However, it is also possible for a genetic variant to be associated with both 
a complex trait and gene expression through alternative mechanisms, including 
horizontal pleiotropy, linkage and reverse causality [98].  
 

 
Figure 8: Different pathways of genetic variants affecting the complex trait. (A) Causa-
lity: when the genetic variant affects the expression of a gene, and the expression of a 
gene affects a complex trait. (B) Horizontal pleiotropy: genetic variant affects the gene 
expression and the complex trait independently. (C) Linkage: two genetic variants 
which are in high LD with the tested variant affect the gene expression and the complex 
trait independently. (D) Reverse causality: genetic variant affects the complex trait, and 
the complex trait affects the expression of the gene. This figure is inspired by Figure 7 
of Kaido Lepik’s doctoral thesis [98]. 

Horizontal pleiotropy refers to a situation where a genetic variant influences 
multiple traits that are not part of the same biological pathway. In other words, a 
single genetic variant affects multiple phenotypic traits independently of each 
other (Figure 8B). Indeed, this can result in the manifestation of a colocalisation 
signal in both GWAS and QTL studies; however, it does not necessarily imply 
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that the genetic variant influences the trait through the regulation of gene 
expression. Horizontal pleiotropy can be a confounding factor in colocalisation 
analysis and needs to be accounted for. Other statistical methods, such as 
Mendelian randomisation, can be used to try and account for horizontal pleio-
tropy [99,100] and assess the causal relationship between the genetic variants, 
gene expression and the complex traits [101–103]. 

Linkage disequilibrium can have implications for GWAS and molQTL 
analysis. For example, if an associated genetic variant in a GWAS is in LD with 
two other variants that independently affect the molecular trait and the complex 
trait, it may appear as though the original variant is affecting both the complex 
trait and the molecular trait (Figure 8C).  

Sometimes, it is possible that the link between a genetic variant and gene 
expression is due to the complex trait rather than the gene expression causing 
the trait. This can happen because the expression of certain genes in a relevant 
cell type might change when a complex disease occurs, leading to the 
assumption that the gene expression caused the disease when in fact it was a 
result thereof [104,105]. Although it is more relevant in trans QTL studies, and 
much rarer in cis-QTL studies [48,106], it is important to keep in mind the 
possibility of this scenario (Figure 8D, Figure 6).  

2.4.3. Challenges in defining the molecular mechanism  
(splicing vs. expression) 

The most commonly used QTLs are gene expression QTLs (eQTL). In the 
eQTL Catalogue, we have generated and shared QTLs for another four quanti-
tative traits (namely, exon expression, splice-junction usage, transcript usage 
and transcriptional event usage). However, QTL analysis can be performed for a 
wide range of molecular quantitative traits, including but not limited to histone 
modifications [107,108], chromatin accessibility [109,110], alternative poly-
adenylation [111,112], and DNA methylation [113]. Therefore, even if we 
identify the appropriate QTL context to colocalise with GWAS, it is still 
possible that the chosen quantitative trait may not be sufficient for explaining 
the underlying molecular mechanism. It is helpful to note that chromatin, 
histone and DNA methylation QTLs do not directly reveal the target gene. 
Identifying target genes (and thus potential mechanisms) from these colocali-
sations still requires the use of eQTLs or alternative methods. Additionally, it is 
known that different types of molQTLs are usually shared [96]. For example, a 
strong eQTL can also be manifested as a weak splicing QTL, or the other way 
around. This makes it even more difficult to pinpoint the precise sequence of 
events leading to the occurrence of a complex trait. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

I'm a greater believer in luck, and I find the harder 
I work the more I have of it 

Thomas Jefferson 
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3. QTL ANALYSIS 

QTL analysis (also referred as QTL mapping) involves two main inputs: geno-
type data and molecular trait data. While standard approaches have been deve-
loped for genotype data processing and imputation [114,115], a considerable 
amount of effort is needed to quantify molecular phenotype data. In the fol-
lowing subchapters, we will discuss the steps involved in quantification, quality 
control (QC) and normalisation of data as well as the methods used in QTL 
mapping and the interpretation of QTL signals (Figure 9). 
 

 
Figure 9: High-level representation of eQTL Catalogue workflow. First, the necessary 
data requests are made and permissions are acquired. Then, the genotype data are 
quality controlled and (if needed) imputed using the genimpute pipeline [115]. RNA-seq 
data are quantified with the rnaseq pipeline [116] and quality controlled and normalised 
with the qcnorm pipeline [117]. Then, the outputs of genimpute and qcnorm pipelines 
and harmonised metadata are gathered together and fed into the qtlmap pipeline [118] to 
perform association testing. The outputs of the qtlmap pipeline (i.e. association testing 
summary statistics) are made available via the eQTL Catalogue FTP server and an 
application programming interface (API). There are two optional downstream analysis 
pipelines, coverage_plot [119] to visualise and interpret molQTLs and colocalisation to 
perform a colocalisation [120] analysis with other association studies like GWAS. The 
steps in the workflow featuring a green background represent those for which a specific 
pipeline has been established. 

3.1. Quantification of molecular traits 
Comprehending the meaning of “molecular trait” can often be challenging as it 
encompasses any measurable entity at the molecular level. Nevertheless, in this 
thesis, the term “molecular trait” generally refers to a quantified measure of 
messenger RNA (mRNA) and its isoforms. Due to the intricate nature of RNA 
biology, there exist various means of assessing the abundance of mRNA 
products. Regardless, understanding the origin and form of a signal is crucial 
when quantifying any type of signal. Consequently, to measure molecular traits 
accurately, it is necessary to become acquainted with the RNA sequencing 
(RNA-seq) process that produces the data and the data itself. 
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3.1.1. RNA sequencing (RNA-seq) 

RNA-seq is a powerful tool for studying gene expression and the transcriptional 
landscape of biological systems. RNA-seq involves several key steps, beginning 
with mRNA extraction from a biological sample. The extracted mRNA is then 
processed to create a sequencing library, which involves converting the mRNA 
to complementary DNA (cDNA) using reverse transcription, fragmenting the 
cDNA into small fragments and adding adapters to the fragments [121]. Fol-
lowing library preparation, high-throughput sequencing technologies such as 
Illumina sequencing are employed to generate millions of short reads. Typi-
cally, these reads range from 50 to 500 base pairs in length and are aligned to a 
reference genome or transcriptome to determine the specific genomic position 
in which each read originated [36]. RNA-seq output is typically provided in 
either the FASTA or FASTQ file format. Fasta files contain a sequence header 
line, which begins with a “>” symbol, followed by the sequence data on the 
next line(s). Each header line represents a unique sequence, and multiple 
sequences can be stored in a single fasta file. FASTQ files also contain 
additional information about the quality of each base in the sequence, which is 
not present in FASTA files (Figure 10). In FASTQ files, each sequence is 
represented by four lines: the first line contains the sequence header, the second 
line contains the nucleotide sequence data, the third line contains a “+” symbol, 
and the fourth line contains the quality scores for each base in the sequence 
(Figure 10). To reduce disk space usage, FASTQ files are often compressed 
using gzip, resulting in a file extension of .fastq.gz. For RNA-seq libraries that 
have been sequenced using a paired-end protocol [122], FASTQ files are 
generated in pairs with file extensions that match the format _R1.fastq.gz and 
_R2.fastq.gz. 

 
Figure 10: Example of an RNA-seq read from FASTQ file. 

3.1.2. Defining molecular traits  

The quantification of RNA-seq data involves several steps, including read align-
ment to the reference genome, transcriptome assembly, and the determination of 
gene expression levels. Each of these steps has multiple algorithmic options, 
with researchers selecting the most appropriate tool based on their specific 
experimental design and research question. 

The ultimate outcome of quantifying molecular phenotypes is the list of 
examined phenotypes with the expression level metric given per each sample. 
An example of such an outcome is given in Table 1. 
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Table 1: An example of a quantification result in tabular numeric format. The identi-
fication of the molecular phenotype is given in the initial column, while all subsequent 
columns represent the corresponding quantity of the molecular trait in each sample. 

phenotype_id sample_1 sample_2 sample_3 sample_N 
ENSG00000223972 7 0 222 4 
ENSG00000227232 0 22 1 422 

 
While there is no clear consensus on which RNA-seq quantification method is 
optimal, the continued development of new tools and algorithms has led to 
improvements in the accuracy and reproducibility of RNA-seq measurements. 
Moreover, the increasing availability of public RNA-seq datasets and tools has 
facilitated the benchmarking and validation of RNA-seq quantification methods 
[123–126]. Despite ongoing debates, the quantification of RNA-seq data re-
mains a crucial method in molecular biology, enabling researchers to investigate 
gene expression, alternative splicing, and other RNA-based phenomena in a 
variety of biological contexts. 

In the eQTL Catalogue [96,127], as outlined in Publications I and II, five 
transcriptional phenotypes were quantified (Figure 11). The following sub-
chapters will examine the tools currently available for quantifying relevant 
molecular traits. Keeping the analysis context in mind is crucial, since all the 
decisions made are aimed at preparing the data for utilisation in QTL mapping.  
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Figure 11: Overview of the five molecular trait quantification methods used by the 
eQTL Catalogue. (A) Gene expression was quantified by counting the total number of 
reads overlapping annotated exons of the gene. In this example, the gene has 23 over-
lapped reads. (B) Exon expression was estimated by counting the number of reads over-
lapping each exon. In example, the first exon has three and the second exon has two 
overlapping reads. (C) Transcript usage was estimated with Salmon. In the example, the 
first transcript has 18 and the second transcript has five assigned reads. For better under-
standing, the total number of assigned reads to transcripts and exons is 23, exactly the 
same as the number of reads overlapping the gene. (D) Txrevise was used to estimate 
the expression levels of three types of transcriptional events (promoter usage, splicing 
and 3′ end usage). (E) Splice-junction usage was quantified with Leafcutter by counting 
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the reads that overlap with splice-junctions of two exons. Rectangles represent exons 
and the horizontal black lines connecting the rectangles represent introns. One row, 
which consists of exons and introns, represents a transcript of a gene. The small hori-
zontal non-black lines overlapping the exons represent the reads. The original figure is 
published in the Supplementary Figures of Publication II and has been adapted for in-
clusion in this thesis. 

3.1.2.1. Gene expression 

The expression of a gene is merely a representation of the quantity of mRNA 
molecules originating in that particular gene (Figure 11A). To measure gene 
expression, we initially align the short RNA-seq reads to the reference genome. 
The outcome of the read alignment process produces Binary Alignment Map 
(BAM) files that contain individual records indicating the genomic coordinates 
to which the alignment software assigns each read. These files can be further 
analysed through visualisation software, such as Integrative Genomics Viewer 
(IGV), which allows for exploration of the genomic regions to which the reads 
align (Figure 12). There are several tools for doing the RNA-seq read alignment 
[128], but the most popular ones are STAR [129] and HISAT2 [130]. To 
achieve fast alignment, STAR utilises suffix arrays. However, to function 
properly, it demands a considerable amount of random access memory (RAM) 
(~27 gigabytes). In contrast, HISAT2 utilises an indexing approach based on the 
Burrows-Wheeler transform and the Ferragina-Manzini index, which requires 
less memory. Benchmarking studies have shown that STAR and HISAT2 
perform to a similar accuracy, and correlation of raw count distributions are 
quite high (>99%) [128]. 

Once the RNA-seq reads have been aligned, they are then assigned to spe-
cific genes to determine the degree of overlap between each read and its corres-
ponding gene. Although it may seem like a simple task to count the reads that 
overlap with genes in a specific genomic position, it is actually quite chal-
lenging. First, there may be more than one gene located at a single position (i.e. 
multi-overlapping reads), including overlapping genes on the opposite strand of 
the DNA. Second, the reads could be mapped to multiple locations within the 
genome (i.e. multi-mapping reads), resulting in ambiguity regarding the gene 
they should be assigned to. In other words, the ambiguity around the origin of 
the read can make it difficult to accurately count the reads that overlap with 
specific genes. To address these challenges many software tools have been 
developed [123,131–133].  

Our decision to use HISAT2 instead of STAR is mainly motivated by com-
putational efficiency while maintaining mapping accuracy at a reasonable level 
[128]. When it comes to basic read counting, the majority of tools exhibit 
similar performance to featureCounts [128,134]. Another approach involves 
quantifying gene expression by aggregating transcript-level counts per million 
fragments (TPMs) from Salmon [133] or Kallisto [132]. While this method may 
offer potential accuracy advantages, it could diminish eQTL interpretability if 
the reads align to several genes. 
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Figure 12: A screenshot from IGV software. A BAM file is loaded to the IGV and 
shown together with human genome annotation. At the top of the image is a navigation 
pane showing the currently visible region of the genome. In this example, we are seeing 
the region 44,898,721-44,900,942 of chromosome 21, where we can explore two exons 
of ITGB2I gene. In the column positioned on the left, the titles of four tracks are shown. 
Read Coverage shows the histogram of the reads aligned with the corresponding posi-
tion. Splice Junctions showing the reads aligned with at least two exons. Sample1.bam 
shows the individual reads aligned with the corresponding positions. The last (bottom) 
track “Gene” shows the annotation in the selected region. When the reads are aligned 
with more than one exon (i.e. aligned with a splice-junction), a horizontal line connects 
them. 

3.1.2.2. Exon expression 

Not all the base pairs from gene start to end are used to produce proteins. Typi-
cally, a large portion of the gene consists of non-coding regions, such as introns, 
which will eventually be excluded via machinery called splicing [27,135]. The 
process of quantifying expressed exon counts is quite similar to gene expression 
quantification. First, the reads are aligned to the reference genome, and then the 
number of reads that overlap with the trait of interest (in this case, exons) is 
counted (Figure 11B). However, in order to account for each possible exon, it is 
necessary to flatten the gene model when the exon boundaries vary across 
different transcripts of the same gene. We utilised specialised software called 
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DEXSeq to create the exon annotation file from scratch [136]. Within this 
annotation, when there are two or more overlapping exons at a locus, they are 
separated at the intersection sites to create exonic parts (or as mentioned in the 
original DEXSeq article, counting bins). This approach allows for the counting 
of reads that overlap with a single “exon” in a specific locus, as the possibility 
of overlapping with multiple exons is eliminated (Figure 13). Sometimes, the 
size of the overlap is too small—only a couple of base pairs—which results in a 
very short exonic part. While these short exonic parts may lack biological 
significance, we find it acceptable to use them as a solution to the even more 
complex task of counting reads that overlap with multiple exons. 
 

 
Figure 13: Generation of exonic part annotation. When there are two overlapping 
annotated exons, they are separated at the intersection sites to create exonic parts. In the 
figure, Exon 1 and Exon 2 are overlapping; hence, in the new exon annotations, three 
exonic parts are created from these two exons. 

3.1.2.3. Transcript usage 

As previously noted, genes can be expressed in various isoforms known as tran-
scripts, which are produced through alternative splicing [28]. While multiple 
transcripts can arise from a single gene, they usually produce the same product, 
typically a protein. Quantifying transcript “expression” within the context of a 
single gene is slightly different from quantifying gene and exon expression 
(Figure 11C). Even though it is possible to measure the absolute expression of 
transcripts by counting overlapping reads, similar to the process for genes and 
exons, this may not be particularly insightful. This is because the total expres-
sion of a gene's transcripts will simply equal the expression of the gene itself. 
Instead, in the context of a gene being expressed, it is more informative to 
examine, which of its transcripts are used relatively more often than the others 
(i.e. usage). Thus, if we consider the gene expression level of a certain gene to 
be constant for a given sample, high usage of one transcript will lead to low 
usage of all other transcripts of that gene. Furthermore, examining this relative 
usage can help to gain new insights into different molecular mechanisms. 
Hence, in this context, the term “usage” is used for transcripts rather than 
“expression” to refer to the relative property of transcripts within a gene. 
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The advantage of transcript usage quantification is that it does not require 
precise base-to-base alignment of reads to the reference; rather, it is sufficient to 
identify possible locations of origin for the read. Multiple tools have been 
developed to benefit from this property, such as RSEM [137], Kallisto [132], 
Sailfish [138] and Salmon [133], and benchmarking experiments have 
compared these tools [126]. We decided to use Salmon for its speed and the 
ability to perform transcript quantification with various custom-made 
transcriptome annotations, as described in the Transcriptional Event Usage 
section below. Salmon is a quantification method for transcript abundance 
estimation in genomics research that first uses quasi-mapping [139] to map the 
reads to the transcriptome, then uses a dual-phase statistical inference procedure 
and sample-specific bias models to account for technical biases. It provides a 
probabilistic model of the sequencing experiment, which incorporates infor-
mation like the terms contributing to the conditional probability of drawing a 
fragment of a given transcript. It achieves the same order-of-magnitude benefits 
in speed as Sailfish and Kallisto but with greater accuracy [133]. These features 
make Salmon an efficient and accurate tool for transcript abundance estimation, 
particularly in transcript usage QTL mapping analysis, where the assignment of 
reads to the wrong transcripts may have important implications. 

3.1.2.4. Transcriptional event usage 

It is essential to assume that all expressed transcripts are included in the tran-
scriptome annotation for accurate quantification of transcription usage. If any 
expressed transcripts are missing from the reference transcriptome, it could 
result in the reads from those missing transcripts being wrongly assigned to 
other (non-missing) transcripts that are not expressed, leading to inaccurate 
quantification [140]. Unfortunately, most of the alternative promoter and 3ʹ end 
usage-related transcripts are missing from commonly used reference transcrip-
tomes [141,142]. MISO was created for performing an 'event-level' analysis that 
splits reference transcripts into individual events and then estimates the 
expression of each event using conventional transcript quantification techniques 
[143]. Nonetheless, MISO addresses only a portion of promoter events, speci-
fically alternative first exons, and the event annotations have not been revised in 
a considerable period of time. To address this, Alasoo et al. developed a 
complementary approach called “txrevise” to overcome limitations of MISO by 
stratifying reference transcript annotations into separate events, namely pro-
moter, splicing and 3' end events (Figure 11D) [79]. It has later been expanded 
to include the experimentally identified Cap Analysis of Gene Expression 
(CAGE) [144] promoters from the FANTOM5 project [145] into its annotations 
[146]. Practically, using txrevise is a simple process. Instead of using the 
reference transcriptome for transcript usage quantification, custom-made 
transcriptional event annotations are utilised as input to build a Salmon index, 
after which Salmon is used to quantify transcriptional event usage. 
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3.1.2.5. Splicing junction usage  

To investigate the associations between genetic variants and splicing events, it 
is necessary to first quantify these splicing events. Various tools have been 
developed for quantifying alternative splicing, including those that rely on 
transcript usage [132,138,147,148], exon inclusion levels [136] or transcriptio-
nal event usage (MISO, txrevise). However, all of these approaches are depen-
dent on transcript models, which may be inaccurate or incomplete [149]. 

To address this issue, we incorporated Leafcutter [150] into the eQTL Cata-
logue. This tool is specifically designed to detect removed introns by counting 
the reads that align to exon-exon junctions, rather than relying on pre-defined 
splicing events or transcript models (Figure 11E). If the molecular traits of 
interest are specific isoforms of a gene (i.e. transcript) or exons of an isoform, 
they can be easily classified as belonging to a particular gene. However, it is not 
always clear how to assign a splice junction event to a specific gene. To address 
this issue, the authors of Leafcutter proposed a useful method for grouping these 
junction usage events into phenotype groups, known as clusters, by assigning 
reads with the same exon-exon junction to the same cluster. In order to assign 
clusters (and all the splice junctions within it) to gene(s), we check whether the 
cluster shares at least one overlapping splice junction with the beginning or end 
of an annotated exon. Phenotype groups can be utilised in the permutation 
testing process (i.e. multiple testing adjustment) during QTL mapping. 

3.2. Quality control and normalisation 
Quality control (QC) is a critical step in any data analysis project as it ensures 
the accuracy and reliability of the results. Without proper QC, the data can be 
misleading, resulting in incorrect conclusions and wasted resources. The 
methods sections of Publications I and II and my master’s thesis [96,127,151] 
thoroughly explain all quality control related aspects. In summary, the QC 
procedures we utilised allowed us to recognise and eliminate problematic 
samples from the eQTL Catalogue. These procedures comprised several steps, 
including identifying outliers via principal component analysis (PCA) and 
multidimensional scaling (MDS) analysis; performing a Match BAM to VCF 
(MBV) analysis which checks for genotype concordance between RNA-seq 
BAM files and genotype VCFs and flags sample mixups and potential cross-
contamination; conducting gene expression analysis that accounted for sex-
specific differences; and eliminating specific gene categories (such as pseudo-
genes and short RNAs that are not reliably quantifiable with short-read RNA-
seq) or genes with exceptionally low expression levels. 

Normalisation is also a crucial step in QTL analysis as it reduces the effect 
of technical variations on the results, allowing for the more accurate and reliable 
identification of true biological variation. Failure to normalise the data properly 
can lead to false signals, especially false positives that are likely to be driven by 
outliers, which can compromise the interpretation of the results (Figure 14). 
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Additionally, normalising the data helps to ensure that the distribution of the 
quantified molecular trait residuals is close to normal, which is a requirement 
for linear regression used in QTL analysis. Inverse Normal Transformation 
(INT), which we apply in the normalisation step of all quantification methods, 
significantly reduces the impact of individual outlier samples that might be 
randomly correlated with a genetic variant. 

 

 
Figure 14: Before and after the normalisation process. The upper panel represents the 
raw counts of reads overlapping with the 1:86384801:86386915:clu_35484_+ splice-
junction in macrophages that are stimulated with interferon-gamma [152]. The middle 
panel “usage” is extracted by dividing the raw counts by the total number of the reads 
assigned to the corresponding group (e.g. clu_35484_+) for each sample. Then it can be 
normalised with inverse normal transformation, as shown in the lowest panel. 

3.3. Genotype data preparation 
Preparing the genotype data is a challenging task that requires careful attention. 
The need for genotype imputation may vary depending on the technology used 
to generate the genotype data. In the eQTL Catalogue project, the genotype 
imputation-related tasks (i.e. pipeline development and execution) were per-
formed by other members of the eQTL Catalogue team (See Chapter 5, Publi-
cation I). We did not perform imputation for studies that utilised Whole 
Genome Sequencing (WGS) technology but we did for studies that used array-
based genotyping. Irrespective of the genotyping method employed, a rigorous 
quality control procedure is applied to all genotypes. After applying several 
filters, including removing variants using the Hardy-Weinberg equilibrium  
P < 10-6, missingness > 0.05, and MAF < 0.01, we also removed samples that 
had more than 5% of their genotypes missing (Kerimov et al., 2021). After 
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imputation, we further excluded variants with an imputation quality score less 
than 0.4 from the imputed genotypes. These exclusions are implemented to 
decrease the likelihood of identifying spurious associations. 

3.4. QTL mapping 
In essence, QTL mapping involves identifying correlations between two data-
sets: the normalised and quality-controlled molecular trait matrix (quantified 
from RNA-seq data using a quantification pipeline) and the genotype data 
(Figure 6). The earlier subsections, 3.1 and 3.2, provide a comprehensive 
discussion on the molecular trait data and subsection 3.3 on the genotype data 
preparation. 

3.4.1. Covariate adjustment 

In our literature review, informed by the benchmark conducted by Zhou et al. 
[153], PCA surfaced as a more favourable method compared to other covariate 
adjustment techniques such as Surrogate Variable Analysis (SVA) [154], Proba-
bilistic Estimation of Expression Residuals (PEER) [155,156], and Hidden 
Covariates with Prior (HCP) [157]. Notably, PEER, which employs a Bayesian 
probabilistic model, initialises with the PCA solution, and the factors derived 
are almost identical to PCs, as evidenced in GTEx eQTL and sQTL data [153]. 
On the other hand, SVA involves a complex algorithmic iteration between 
reweighting features of the molecular phenotype matrix and performing PCA on 
the resultant matrix. HCP also bears resemblance to PCA, as it minimises a loss 
function akin to the minimum-reconstruction-error loss function of PCA, albeit 
through a more complex coordinate descent optimisation. These methods can be 
seen as extensions of PCA, but the complexity they introduce proved to be a 
burden rather than a benefit in our case. Significantly, both PEER and SVA 
demand substantially more resources to execute, given the extensive number of 
datasets (500+) we are handling. Unlike GTEx [51], which optimised factor 
numbers for PEER with two quantification methods, our study encompassed 
three additional quantification methods—making factor optimisation compu-
tationally expensive. Furthermore, PEER and HCP lack straightforward metho-
dologies for determining the optimum number of factors (K), often resorting to 
suboptimal strategies like maximising the number of discoveries to choose K, 
which would add computational burden on our pipeline. In light of these con-
siderations, we opted for a simpler approach, employing a small fixed number 
of PCs to adjust for major batch effects without over-correction. This approach, 
while being cost-effective in terms of computation, also removed the need for 
extra quality control steps that more complex methods like PEER would 
require, particularly when used for ratio-based quantification methods such as 
transcript usage and splice junction quantification, for which they were not 
initially designed. 
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3.4.2. Adjusting for multiple testing 

Our analysis necessitates a two-fold correction: firstly, for the number of 
variants in the -cis region of each gene, and secondly, for the overall number of 
genes under consideration. The fact that variants around a gene are not inde-
pendent due to linkage disequilibrium (LD), rendering traditional methods like 
the Bonferroni correction excessively stringent and thereby unsuitable for this 
context. An alternative approach, eigenMT [158] accounts for LD among 
variants by estimating the approximate number of independent tests performed. 
An additional complexity is that for transcript-level quantification methods, we 
should also explicitly account for the number of individual events tested per 
gene, which is tricky to do with methods such as eigenMT. To navigate these 
intricacies, we have chosen to employ permutation testing [159] to adjust both 
for the number of variants for each gene as well as the number of events tested 
per gene. This empirical permutation approach elegantly sidesteps the assump-
tions tied to other techniques while still providing robust correction. Following 
this, we apply a Benjamini-Hochberg False Discovery Rate (FDR) of 1% to 
adjust for the multiple testing across all tested genes. 

3.4.3. Difficulties in QTL mapping 

While the theoretical concepts of QTL mapping are firmly established [36], the 
current difficulty in conducting this analysis on a large scale lies in the acces-
sibility of the data and the technological framework required to handle diverse 
contextual QTL investigations uniformly. The primary aim of this thesis is to 
disseminate the best practices and knowledge gained from constructing scien-
tific pipelines to overcome the technical challenges encountered in QTL ana-
lysis. Although the major drawbacks of developing scientific pipelines were 
discovered during the creation of the QTL analysis pipeline, the insights 
garnered can be extended to any form of scientific analysis that entails handling 
extensive amounts of data. This thesis will comprehensively cover the funda-
mental principles of developing scientific pipelines in Chapter 4. 

3.5. Post-processing, sharing and interpretation of QTLs 
Studying QTL data in isolation is not typically effective for uncovering mole-
cular mechanisms related to complex traits. For a more comprehensive under-
standing, it is necessary to integrate these data with other information, such as 
signals from GWAS (Figure 5B). There are several ways to use QTLs for the 
interpretation of molecular mechanisms of a complex trait. A common approach 
involves fine-mapping variants to identify conditionally independent signals 
and performing colocalisation analysis with GWAS to identify potential candi-
date genes related to the complex trait. However, interpreting colocalisation 
results can still be challenging due to the presence of multiple correlated 
variants in the colocalised locus and potential horizontal pleiotropy. Moreover, 
the summary statistics alone do not provide a clear assessment of the magnitude 
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and direction of the genetic effect, the affected region within the gene, or the 
absolute expression of the affected transcript, especially for transcript-level and 
splicing associations. These ambiguities can often be resolved by examining 
RNA-seq read coverage and exon-level QTL visualisations together with the 
QTL of interest [127].    

Upon completion of QTL analysis, it is important to publicly share the 
summary statistics for others to use, although the size of the data and the effort 
required to prepare it for sharing are often underestimated. In the initial release 
of the eQTL Catalogue [96] the shared data size exceeded 15 terabytes, and we 
provided three solutions for researchers to access the generated summary 
statistics: downloading the entire dataset using FTP, fetching specific regions of 
the file using Tabix based on chromosome and positions of interest [160], or 
using an API to request specific types of data, such as associations for a specific 
gene in a specific cell type. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 

It is easy, like walking on the water 

Peter Vesterbacka 



53 

4. INFRASTRUCTURE AND SCIENTIFIC PIPELINE 
DEVELOPMENT 

Genetic sequencing has revolutionised the field of biology and medicine by 
providing detailed information about genes and their functions. The cost of the 
Human Genome Project was approximately USD 3 billion [6], and sequencing 
services were expensive. However, the cost of sequencing one human genome 
has significantly decreased over time. For instance, in 2007, it was estimated to 
cost around $1 million, while in 2014, it dropped to $1000 [161]. Nowadays, 
the cost of obtaining a human genome sequence is approximately $200-600 
[162,163]. It has been speculated that some of the large DNA sequencing 
technology companies are striving to reduce the cost of obtaining a genome 
sequence to as low as $100 per genome [164]. This downward trend in cost has 
led to a significant increase in the volume of data generated, effectively placing 
the field of genomics among the “big data” domains [165]. 

The processing of large datasets, especially in the realm of genomics 
research, can be a complex undertaking, as personal data are often confidential 
and the research process must adhere to strict guidelines on reproducibility, 
traceability and reliability. To address these challenges, scientific software 
pipelines have become crucial tools for processing, analysing and interpreting 
big data [166]. It is worth noting that in literature, the terms “pipeline” and 
“workflow” are often used interchangeably. However, in this thesis, I will pri-
marily use the term “pipeline” for consistency, referring to scientific software 
pipelines. In the following section, we will offer an overview of the significance 
of pipelines in scientific research. 

To comprehend the significance of pipelines in data analysis, it is essential to 
take a holistic view of the data analysis process. The process consists of three 
key elements: the data itself, the software that outlines how to process the data, 
and the computational infrastructure (i.e. computation power) required to 
carry out the software instructions on the given data (Figure 15). A pipeline 
essentially represents a software part of these three key elements. A modern 
pipeline ought to possess self-sufficiency when it comes to software (i.e. 
dependency isolation) and be capable of functioning on various computational 
infrastructures, which could encompass computational clouds, High Perfor-
mance Computing Clusters (HPC) or even individual computers (i.e. portabi-
lity). 
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Figure 15: Three key elements to run a scientific analysis with modern pipelines. Data, 
pipeline and computational infrastructure. 

To clarify the typical execution process of pipelines, it is helpful to introduce 
certain key elements of the system. A pipeline comprises several steps, where 
each step takes a set of data, applies a software program with specific para-
meters to the data and sends the resulting output (new data) to the subsequent 
step(s). Hereafter, each step will be referred to as a “process”, as it is respon-
sible for processing the given data, and the software program with predeter-
mined parameters for processing the data will be referred to as a “command". 
Essentially, a process is a blueprint for a pipeline step that outlines how to 
process the given data using the command and what output to expect to pass on 
to the next process. Once the data are available for processing, a new instance of 
the blueprint (process) is created with the data attached to it. This newly 
generated instance is referred to as a “task". The task is then submitted to a job 
scheduler (i.e. computational infrastructure) to be executed, where it becomes a 
job. The job waits until the necessary computational resources become available 
and are reserved for it. When the job execution is completed, the process ac-
cepts the expected output and passes it to the next process in the pipeline. Upon 
reaching the last process in the pipeline, the pipeline execution is considered 
complete for that particular data batch. Computational infrastructure is generally 
made up of numerous computational nodes, each with its own maximum 
capacity for computation (such as Central Processing Unit (CPU) and memory). 
Although the capacity of nodes in modern infrastructure can be significantly 
higher than that of typical personal computers, with hundreds of CPUs and 
Terabytes of memory, it is important to remember that they are always limited. 

It is worth noting that certain elements of this chapter have been previously 
addressed in my master's thesis [151]. Although the developed pipelines have 
since been refined, the core concepts and features in the pipeline development 
process have largely remained the same. The following subchapters provide a 
more in-depth explanation of these features, drawing from the viewpoint of a 
more experienced developer and incorporating updated literature reviews. 
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4.1. History of scientific pipelines 
Before the advent of pipeline frameworks, researchers typically relied on simple 
bash scripts or manual data processing methods. However, these approaches 
posed several challenges. For example, the use of bash scripts often made it 
difficult to share and reuse code, making it challenging for researchers to build 
on each other's work. Moreover, these methods frequently lacked the ability to 
perform parallel processing and were not easily scalable for large datasets. 
Additionally, these approaches often had issues with reproducibility, portability 
and reusability, as data processing steps were not standardised and data analysis 
was often performed in an ad-hoc manner. 

As the volume of scientific data grew, it became increasingly clear that a 
more robust approach was needed. This led to the development of scientific 
pipeline frameworks, which provide a standardised approach to data processing 
and analysis, enabling reproducibility and sharing of code. Moreover, these 
frameworks often have built-in support for parallel processing and scalability, 
enabling researchers to process large datasets more quickly and efficiently 
[167]. Additionally, these frameworks usually include tools for data visuali-
sation and quality control [166], enabling researchers to identify and trouble-
shoot issues in their data. Overall, the development of scientific pipeline 
frameworks has significantly improved the quality, speed and reproducibility of 
scientific research [168]. 

In the field of bioinformatics, there are several pipeline frameworks avail-
able with differences in design philosophies, technical issues and ease of use. 
To gain a better understanding of these frameworks, a review study classified 
existing pipelines based on three criteria: syntax, paradigm, and interaction 
[169]. The syntax of explicit frameworks follows the idea of tightly linking 
tasks together in a certain order, while implicit syntax frameworks calculate 
intermediate steps automatically. Implicit frameworks are descendants of Make 
[170], which was developed in the 1970s as an early domain-specific language 
(DSL). The design paradigm covers principles of frameworks bound to an 
existing code library instead of independent executables. The interaction para-
digm involves command-line-based pipeline frameworks and workbenches that 
provide users with a graphical user interface (GUI). The most popular work-
benches include Galaxy [171], Taverna [172], and commercial cloud-based 
software as a service (SaaS) workbenches, such as Illumina’s BaseSpace, 
SevenBridges [173], and DNANexus [174]. 

Each pipeline framework has its own benefits and drawbacks, and there is no 
strict formula for preferring one over another. A suitable framework can be 
selected based on individual preferences, such as coding skills, familiarity with 
the interface, and the size and complexity of the data being processed [175]. 
Ultimately, the choice of pipeline framework should depend on the specific 
needs of the user and the project at hand. 
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4.2. Computational infrastructure 
Given the nature of genomics data, which is typically large in size [165], the 
analysis of such data requires a significant amount of computational power to 
perform the necessary computations. Therefore, we require computing resources 
that are capable of handling large data sets generated by genomics experiments 
and capable of processing them in a reasonable amount of time and at a 
reasonable cost. These computing resources should be equipped with a high 
number of processor cores, ample memory and fast storage devices, such as 
solid-state drives (SSDs) and high-speed networks, to ensure that the data can 
be processed efficiently. Additionally, these resources should be scalable to 
meet the growing demands of the genomics research community as the volume 
of data being generated continues to increase [167]. This scalability is usually 
achieved by parallelising the execution of tasks, meaning that instead of 
executing one task which requires an unrealistic amount of computational re-
sources, the task is split into many smaller tasks and executed in parallel. High 
Performance Computing (HPC) clusters are used to run these parallel operations 
[176] and are designed to increase the speed and efficiency of scientific ana-
lyses. These clusters typically run on Linux-based operating systems and utilise 
job scheduling systems, also known as executors, to distribute and manage jobs 
across computing nodes. 

Cloud batch computing services have become increasingly popular because 
they eliminate the need for users to maintain the cluster, as the service providers 
take care of it. Additionally, the cost of storing large reference files used in 
bioinformatics analysis can be high, but some cloud services offer common 
storage for these files, allowing anyone to use them without incurring additional 
costs. Cloud services also provide private storage options to keep the raw data 
close to the computing power, which can reduce costs associated with trans-
ferring files. Moreover, some large-scale genomics projects have made their 
data available on the cloud, which eliminates the need for analysts to download 
large amounts of raw data to the local computer. Additionally, these services 
often offer different pricing options, including a “pay-as-you-go” approach, 
which means that users only pay for the services they use. 

There are also some disadvantages to cloud systems that discourage certain 
institutions from using them. The two main reasons are cost and data security 
concerns. Firstly, if an institution has a continuous demand for computational 
power, it is often more cost-effective in the long run to invest in an in-house 
HPC system [177]. Secondly, even though cloud service providers guarantee 
the safety of users' data, some research organisations prefer not to use these 
services due to potential security issues [178].  
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4.3. Modern scientific pipeline development 
In order to handle genomic data, scientists typically guide files through a 
sequence of defined steps known as a pipeline. For modern research projects to 
meet the expectations of the research community, these pipelines must possess 
certain features [179], which have been shaped gradually over time [166,180]. 
In the following subchapters, we will discuss these features in detail. While I 
have divided these features into distinct subtopics for the sake of clarity, many 
of them are interconnected, where inadequate support for one feature could 
significantly impact the proper functioning of the others. 

4.3.1. Reproducibility (replicability) 

Modern scientific pipelines are expected to support reproducibility, which 
means that processing the same dataset with the same set of parameters should 
produce consistent results regardless of location and computational environment 
[181,182]. This is necessary for verifying the results presented in publications, 
which is why major scientific journals now require researchers to publish their 
data and code [183,184]. Reproducibility is often discussed in terms of “pro-
venance” [185,186], which refers to the origins of input data, tools, results and 
intermediates in the pipeline. Replicating an experiment in a location and 
operator-agnostic manner is essential for modern science, particularly in the 
field of bioinformatics, where data accessibility and availability of tools and 
guidelines are crucial for reproducing study results [187]. Some studies also 
attempted to come up with rules of thumb to communicate ways for keeping the 
research reproducible [188] and promoting a reproducible research culture 
[189]. 

The careful handling of genomic data and privacy is critical as it can have 
severe consequences if misused. The field of genomics is relatively new and 
technological advancements have led to more frequent discoveries. To take into 
account the potential power of genomic data, data are usually categorised into 
two levels of access based on the donor's permission: open access data that is 
publicly available; and managed access data that requires special permission for 
use. Therefore, if an experiment involves managed access data, the corres-
ponding permissions must be obtained to reproduce the experiment. 

When attempting to reproduce an experiment, if the required data are already 
available, the biggest challenge is typically related to the technical aspects of 
the computational tools used. Typically, two common problems can arise: 

1. The software used in the original experiment may not be available or 
cannot be installed. A study of bioinformatics software published 
between 2000 and 2017 found that 26% of tools needed for replication 
were not accessible, 24% of accessible software failed to install, and 
49% were considered difficult to install [190]. The study also found that 
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publications with accessible and easy installation processes were more 
highly cited. 

2. Guidelines for using the software may not be available. In bioinfor-
matics, command-line tools are commonly used, which may generate 
different results based on the parameters provided. Therefore, infor-
mation on how the software was used in the original experiment should 
be provided for consistent results. Additionally, if there are multiple 
versions of the software, the version used in the experiment should be 
specified to ensure consistency. 

Thus, ensuring the reproducibility of a pipeline is crucial because it consists of 
multiple steps, where each step requires a specific tool to process the input data. 
It is important that both the data and tools used in the pipeline are accessible 
and understandable, with clear explanations provided, if necessary. If any of the 
tools used in the pipeline are unavailable or produce inconsistent results, the 
entire pipeline may become useless [191]. 

4.3.2. Portability and reusability 

The field of genetics and genomics data analysis is characterised by its dynamic 
nature, where novel analytical approaches are consistently developed, affording 
the possibility of uncovering novel insights from previously collected data. In 
other words, genetic data that were originally produced for a specific research 
question can often be utilised for another study that was not initially intended 
[192]. However, data is the main resource in data science fields, and it is not 
uncommon for some organisations to withhold it from sharing due to its 
tangible value. In genomics, there are additional legal obligations to protect the 
privacy of research participants, which can prevent authors and institutions from 
sharing the genetic data available to them [193,194]. Overcoming legal barriers 
to access raw genetic data is often challenging, if not impossible, which high-
lights the importance of the portability and reusability of data analysis pipelines. 
For example, local data protection laws may prohibit the transfer of genomic 
data across national borders. In such cases, one viable solution is to rent private 
cloud computing resources within the same country and execute the analysis 
with a portable pipeline. Even though sharing raw data may not be permitted, 
summary-level analysis results generated from the raw data can often be shared 
or even publicly released, as the confidentiality of donor information is main-
tained. Another option is to share the pipeline with the researcher or organi-
sation that has the necessary data access rights, enabling them to conduct the 
analysis in their own computational environment and share the summary-level 
data, which is not restricted by legal requirements. Additionally, the portability 
feature of pipelines offers benefits beyond the ability to use them in physically 
different locations. In situations where an organisation's infrastructure under-
goes changes, the ability to use the same pipeline in the new infrastructure, even 
if it is in the same location, can also be advantageous [195]. Hence, the concept 
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of portability involves the capability of pipelines to operate in diverse compu-
tational environments, including a range of HPC job scheduler systems (such as 
SLURM [196], LSF [197], Moab [198], SGE [199], OAR [200], Flux Frame-
work Executor [201], among others), cloud computing services [202] (e.g. 
AWS, Google Cloud, Azure Batch), and even local machines.  

While portability of pipelines is important, it alone is not sufficient to make 
them useful. Researchers still need to install the pipeline in their computational 
environment, plug in their data and run the pipeline. To ensure that pipelines are 
easily usable for end-users, they should be designed for minimal configuration 
changes to run successfully. This is known as the reusability of the pipeline, 
which is measured by how easy it is for users to install and execute the pipeline 
on their own data. The pipeline should be user-friendly enough that even users 
without prior knowledge of the field can operate it with minimal effort. 
Additionally, pipeline flexibility, such as the ability to change parameters, can 
increase its reusability by better fitting it to the user's data and execution 
environment. Although there is currently no standard test to measure the 
reusability of a bioinformatics pipeline, feedback from users and popularity 
within the community are considered to be key indicators [166]. 

4.3.3. Parallelisation and scalability 

To execute each step of a pipeline, specific hardware resources such as memory, 
time, and CPU cores are required to process the input data and pass the output 
data as input for another step. The resource requirements of the tasks are 
typically directly proportional to the size of the input file. When the input file 
size is too large, the computational environment may lack the computational 
node powerful enough to handle execution of the task. For these cases, the 
software used in a step may provide options for dividing the input into smaller 
chunks and processing them in parallel as multiple tasks, using fewer resources 
per task [203]. Thus, a software program is considered scalable if the pipeline 
does not crash due to the size of the input data and successfully completes the 
execution of all tasks [195]. Since a pipeline consists of tools configured in a 
specific manner, all the tools within the pipeline must also be scalable for the 
pipeline to be considered scalable. Ideally, if (theoretically) there is an un-
limited amount of available computational power, the execution time of the 
pipeline should not change according to the size or volume of the input data. 

4.3.4. Dependency isolation 

In data science, it is common practice to use existing tools and libraries. This 
process often leads to the development of software that is dependent on other 
software. Additionally, if any of the dependencies have specific requirements 
such as a particular operating system or environment, the dependent software 
also inherits these requirements. In the context of bioinformatics pipelines, the 
situation is very similar, especially when pipelines are script wrappers that use 
multiple external tools to process and analyse data in a structured manner. 
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Certain programming languages have techniques to isolate program depen-
dencies from those of the operating system. This can be achieved, for instance, 
through virtualenv for Python, Carton for Perl, or Bundler for Ruby. While 
these tools are effective in creating and maintaining independent environments 
for single-language programs, other solutions are available for managing 
environments that involve multiple programs developed in different languages. 
One such tool is Conda [204,205], which can create virtual environments with a 
given “recipe” containing the required software and installing all the tools in the 
recipe with a single command. Virtual machines like VirtualBox [206] and 
VMWare [207] are also available, especially when a graphical user interface for 
a virtual environment is necessary. However, they are not commonly used in 
research projects that involve vast amounts of data. 

Currently, the most popular way to achieve dependency isolation is through 
the use of software containers [208]. Unlike Conda, which only saves the recipe 
of the needed tools to perform the computation, containers save the tools 
themselves to run the pipeline. Containers have many advantages over other 
dependency isolation methods. First, they are highly portable, enabling easy 
access to dependencies and in turn ensuring portability and reproducibility of 
the pipeline [209]. Custom scripts can also be added to a container without 
limiting the portability of either the container or the pipeline. For openness and 
tractability, it is important to provide the exact content of the container, in-
cluding the tools with their corresponding versions. Docker [210] and Singu-
larity [211] are the most popular software container tools currently used. Base 
images, which typically contain basic container needs such as an operating 
system, are used as a baseline environment in which to build the needed tools 
into the containers. A recipe file, such as Dockerfile, is used to provide step-by-
step instructions for how to build the container. Containers can be stored in web 
repositories, such as Docker Hub, Singularity Hub, or quay.io, where they can 
be easily shared and pulled. Docker, which is designed for enterprise software 
production systems, gives superuser privileges to the user. In multi-user systems 
like HPCs, this can create problems, since regular users do not have administra-
tor privileges [211]. Singularity, which behaves like Docker, can be used with-
out administrative privileges. Finally, containerisation makes it relatively easier 
to automate the testing of dependencies [212], which is important for conti-
nuous integration and delivery in software development [213]. 

4.3.5. Adopted practices from software engineering 

In addition to the above-mentioned techniques used in pipeline development, 
there are practices that have been adopted from software engineering, including 
but not limited to testing, continuous integration (CI), versioning, modularity, 
and extensibility. The adoption of these practices serves to improve the reliabi-
lity and maintainability of the pipeline. 

Testing and Continuous Integration. Modern pipelines are often open-
source and community-driven, allowing anyone to examine and verify the 



61 

source code to ensure that the software functions as intended. Typically, a small 
group of developers initiates the development of the pipeline, and after the 
initial release, users of the software may suggest or contribute new features to 
the project. To prevent chaos, the pipeline usually has a few maintainers who 
make decisions about the acceptance of the changes and contributions offered. 
With contributions open to anyone, it is beneficial to have automatic checks in 
place that verify changes before they are reviewed by the maintainers. Hence, 
automated testing [214] and CI are critical for open-source [215], community-
driven pipeline development in order to ensure that changes do not create issues 
in the currently working version of the pipeline [166]. 

Software versioning is the process of assigning a unique version number or 
name (i.e. tag) to a particular release of software. This is an important practice 
in software development, including pipeline development. Versioning helps 
developers to keep track of the changes made to the software and to commu-
nicate these changes to other developers and users. Additionally, in order to 
ensure replicability of the results, it is essential to utilise the accurate version of 
the pipeline. In short, software versioning provides benefits such as improved 
collaboration and smoother software releases. 

Modularity and Extensibility. The extensibility of a pipeline refers to its 
ability to be easily extended or utilised as a foundation for the development of 
new pipelines. In scientific research, it is often necessary for researchers to 
build on existing pipelines in order to create new ones. Modularisation of 
pipeline steps has become a popular approach in many institutions, making it 
easier to reuse these steps in other studies. The pipeline's steps can be compared 
to Lego blocks, or modules, which can be combined in different ways to create 
a new pipeline. Additionally, the modularity approach enables checkpointing, 
where re-running the failed pipeline execution does not re-run successfully 
completed steps but continues the execution from the failed step [167,195]. 
These concepts of extensibility and modularity align well with the Open Closed 
Principle [216] widely used in software engineering. According to this prin-
ciple, a software component should be designed in such a manner that it can be 
easily extended with new functionality, without needing to modify its existing 
source code. In essence, the component remains “open” for the incorporation of 
new features, while remaining “closed” to any alterations in its existing 
behaviour. This approach aims to enhance the robustness and adaptability of 
software systems, enabling them to evolve over time while minimising the risks 
associated with code changes. 
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4.4. Challenges in scaling and reusability/portability 
(federated analysis)  

Despite efforts to address scalability in modern pipelines, there are still ob-
stacles that need to be overcome. Firstly, scientific software pipelines are built 
to handle inputs of any size. However, in practice, this may not always be fea-
sible. Sometimes the input size can be so large that the process command may 
theoretically be able to complete the execution, but it would take an impractical 
amount of time. In such cases, more specialised tools can be used to convert the 
data into a smaller, more representational format [217], which can then be 
processed by tools that accept the newly generated format. Secondly, sometimes 
the infrastructure the pipeline is using for execution can have hardware 
limitations that cannot be addressed in pipeline design. For example, if one 
process in the pipeline has to make too many Input-Output (IO) operations in a 
short time, it may burden the file system of the corresponding infrastructure. 
There are certain workarounds to address these kinds of issues, but these 
workarounds are usually infrastructure-dependent. Hence, it has become rather 
straightforward to use publicly available pipelines with minimal effort only if 
the data size is not unexpectedly large. For edge cases, however, some expe-
rience in pipeline development is usually required to overcome atypical 
challenges. 

Another challenge lies in the portability and reusability of the pipeline. The 
reusability of pipelines becomes a significant concern, especially in federated 
analysis where the pipeline is shared with researchers in different locations for 
data analysis. Although pipelines are designed to be adaptable to various 
infrastructures (i.e. portable) and come with documented instructions and 
example input for testing purposes, individuals who are not familiar with the 
pipeline may still find it challenging to run.  





 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Talent wins games, but teamwork and intelligence 
win championships 

Michael Jordan 
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5. EQTL CATALOGUE (PUBLICATION I) 

Researchers persistently explore various methods and innovative approaches to 
decipher the explanations for GWAS signals [218]. GTEx, for instance, is a 
large-scale study that aims to understand how genetic variation influences gene 
expression across various human tissues, providing valuable insights into gene 
regulation and its relationship with disease [51]. The latest version of this re-
source (i.e. Version 8) includes genetic data from 838 postmortem donors and 
15,201 RNA-seq samples across 49 tissue sites [219]. eQTLGen, on the other 
hand, is a collaborative initiative focusing on the identification and analysis of 
eQTLs, which includes 31,684 blood samples from 37 consortium cohorts, and 
aims to better understand the genetic underpinnings of complex traits and 
diseases [48]. Extensive research by GTEx and eQTLGen consortia has shown 
that detecting many regulatory effects in bulk tissues under steady-state 
conditions is difficult. However, studying disease-relevant cell types and tissues 
has been successful in finding additional colocalisation signals not detected in 
the GTEx study. A possible solution is to combine various context-specific 
QTL study results into one database to make downstream analysis easier. 

Several efforts have been made to create a QTL database by compiling 
original results from different QTL studies. However, most datasets in these 
databases are incomplete, missing critical information such as effect alleles, 
standard errors, and sample sizes, which are all important for downstream 
analyses like colocalisation and Mendelian randomisation. What is more, the 
technical variation between studies in sample collection, RNA-sequencing 
protocols, genotyping, and data analysis raises questions about the influence of 
technical differences on eQTL effect sizes and the sharing of eQTLs between 
cell or tissue types. Analyses based on GTEx data have estimated high levels of 
eQTL sharing between most bulk tissues, while smaller studies have often 
estimated much lower levels of sharing between purified cell types. However, 
these analyses are sensitive to how sharing is defined, which genes and variants 
are included, and which analytical approaches are used, making it impossible to 
directly compare eQTL sharing estimates between studies. 

To overcome these issues, a potentially better approach to building this 
database is to collect individual-level data and uniformly process all QTL 
studies, but this is challenging due to limitations on sharing individual-level 
data. In the eQTL Catalogue project, we chose a more challenging approach by 
gathering individual-level data from 21 separate studies and processing them 
uniformly. The results showed that eQTL effect sizes from matched cell types 
or tissues were highly reproducible between studies, and differences in eQTL 
effect sizes between datasets were primarily due to biological differences rather 
than technical differences in sample processing. Uniformly processed summary 
statistics enabled the characterisation of eQTL diversity across 69 distinct cell 
types and tissues, revealing high levels of cis-eQTL sharing between most bulk 
tissues but a much smaller proportion of eQTLs shared between purified cell 
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types. This eQTL diversity also manifests in disease colocalisation, detecting 
many novel colocalisations that are missed when analysing GTEx data alone. 
The uniformly processed QTL summary statistics and fine-mapping results are 
available from the eQTL Catalogue FTP server and REST API as well as 
through the Ensembl Genome Browser. It is possible to navigate to these re-
sources through the eQTL Catalogue website (https://www.ebi.ac.uk/eqtl/). 
Additionally, the summary statistics are integrated into Open Targets Genetics 
portal and can be explored freely.  

My contribution to this resource was significant. Initially, I took the lead in 
developing the three pipelines for RNA-seq quantification [116], quality control 
and normalisation [117], as well as QTL mapping [118]. Drawing on my prior 
experience in software engineering, I applied best practices for pipeline 
development, which are detailed in Chapter 4. The most important decisions 
made in the pipeline development of the eQTL Catalogue project are outlined in 
Table 2. Firstly, we decided not to develop some pipelines from scratch but to 
extend already available pipelines. For example, we adopted the RNA-seq 
pipeline from nf-core [166] and added the quantification methods we desired for 
the project. We tried our best to keep the pipelines under development reusable 
by other researchers and developers. Secondly, we made sure that the pipelines 
support main features such as parallelisation, scalability, dependency isolation, 
modularity, and extensibility. Lastly, we provided a small set of test files to 
ensure the portability, testability and easy reusability of the pipelines. Even-
tually, these pipelines happened to be very impactful (i.e. QTLmap pipeline 
GitHub repository has 33 stars), and, to the best of our knowledge, are currently 
being actively used by labs at the Wellcome Sanger Institute, the Finnish 
Institute of Molecular Medicine, the Estonian Biobank, Helmholtz Munich and 
likely many other places we are not even aware of. Subsequently, I utilised 
these pipelines and my data analysis expertise to process the data and conduct 
downstream analyses on the resulting QTL summary statistics. In the end, the 
culmination of these efforts resulted in a publication, co-authored by myself, 
incorporating contributions from all authors involved. 
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Table 2: Some of the decisions made in the pipeline development of the eQTL Cata-
logue project 

# Decision Outcome Affected 
principle(s) 

1 Develop separate 
pipelines for each step of 
eQTL Catalogue 
workflow, instead of 
developing a single 
gigantic workflow 

The pipelines do not depend on 
each other. For example, change on 
qcnorm pipeline does not require 
re-running all datasets through the 
rnaseq pipeline. 

Modularity, 
portability, 
reusability 

2 Use Nextflow Domain 
Specific Language 
(DSL) and workflow 
engine 

Nextflow inherently takes care of 
portability between task schedulers 
and parallelisation and supports 
modularity. Hence, adopting 
Nextflow, despite being in its early 
ages, made our pipelines more 
scalable, portable, modular and 
extensible. 

Portability, 
scalability, 
parallelisation, 
modularity, 
extensibility 

3. Use software containers  Users do not need to install any 
tools used in the processes of the 
pipelines, except the very few core 
programs (i.e. Nextflow for pipeline 
execution, Singularity or Docker for 
container usage) 

Dependency 
isolation, 
reusability, 
portability, 
reproducibility, 
modularity 

4. Containerise the used 
software per process and 
not per pipeline 

Containerised processes (i.e. 
individual steps within pipelines) 
allows for their integration into 
different pipelines; updating a 
process necessitates modifying only 
a single, smaller container rather 
than updating large containers (as 
would be the case with pipeline-
level containerisation). 

Dependency 
isolation, 
modularity 

5. Version all pipelines and 
containers 

All pipelines and the containers 
within them are versioned, ensuring 
that a particular GitHub release or 
tag is consistently linked to the 
specific versions of the relevant 
containers. 

Dependency 
isolation, 
modularity, 
extensibility, 
software 
versioning 

6. Provide a small set of 
test data 

All three core pipelines (i.e. rnaseq, 
qcnorm and qtlmap) contain a small 
set of test data. This additional data 
enhances reusability for other users 
and provides an extra layer of 
validation when updating the 
pipeline. 

Testing, 
reusability, 
portability 
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It is crucial to acknowledge that collecting, processing, and analysing such a 
vast amount of data is an incredibly challenging task, if not impossible, for a 
single individual. In the eQTL Catalogue project, for instance, data collection 
and genotype imputation pipeline development were primarily carried out by 
Kaur Alasoo, while James Hajhurst almost single-handedly developed and im-
plemented the eQTL Catalogue API. Liis Kolberg was responsible for micro-
array gene expression data normalisation and quality control, while Kateryna 
Peikova conducted eQTL similarity and matrix factorisation analyses. Other co-
authors contributed based on their areas of expertise. This invaluable resource 
would not be available without their combined efforts, and I am deeply grateful 
to have collaborated with such a talented team. 

5.1. Uniform processing and Quality Control (QC) 
To process a wide range of eQTL studies uniformly, we developed a robust and 
modular data pipeline. First, we carried out thorough QC and imputed the 
genotypes. For RNA-seq datasets, we conducted QTL mapping for four 
molecular traits (i.e. gene and exon expressions, transcript and transcriptional 
event usage; see chapters 3.1.2.1–3.1.2.4), performing the analysis individually 
for each dataset, such as cell type or tissue, within each study. We found the 
highest number of QTLs at the gene expression level, and the number of signi-
ficant associations increased linearly with sample size. We noticed a similar 
linear trend for microarray datasets, but downstream analyses focused mainly 
on RNA-seq-based eQTL datasets due to their wider range of cell types and 
tissues as well as on making up most of the samples in the eQTL Catalogue. 

5.2. Novel colocalisations relative to GTEx 
We performed a colocalisation analysis between GWAS summary statistics for 
14 traits and either the new eQTL Catalogue datasets or all GTEx tissues. This 
analysis led us to discover that the eQTL Catalogue contains many eQTLs not 
present in GTEx, which could potentially improve the interpretation of complex 
trait and disease associations. We identified at least one colocalising eQTL for 
4,528 independent loci across 14 traits, with 20.4% not captured by GTEx. The 
additional colocalising loci ranged from 14% for height to 29% for lupus, 
indicating that relying solely on GTEx could lead to missed trait colocalisations. 
Moreover, we observed additional colocalisations even in eQTL Catalogue cell 
types and tissues already captured by GTEx, which could be attributed to thres-
holding effects, increased sample sizes, or biological and population differences 
between datasets. 
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5.3. Transcript-level quantification methods finds 
additional colocalisation signals 

We also conducted a colocalisation analysis across 14 complex traits and all 
three transcript-level QTLs and discovered that 16.7% of colocalisations in 
independent LD blocks [220] were detected using only one of the three 
transcript-level traits, and not by traditional eQTLs in any of the 95 RNA-seq 
datasets. Even so, the percentage of additional signals identified might be 
understated, as transcript and gene-level QTLs could colocalise with distinct 
GWAS variants within the same LD block. If any of the variants in the indepen-
dent LD block colocalised with eQTL, they were not counted as additional 
signals. 

5.4. Invisible efforts and lessons learned 
After years of researching and developing software products for data analysis, 
one thing I learned is that the data analysis should be reproducible by others and 
extremely easily reproducible by the person who did it in the first place. When 
conditions and ideas change, ideally, the corresponding analysis modifications 
should take significantly less time than doing the analysis from scratch.  

Another essential lesson learned is the need for manual quality control. 
While we have designed pipelines to automate QC to some extent, the pipeline 
essentially generates data for human inspection of data quality. Ultimately, a 
human being manually examines the produced QC materials and determines the 
appropriate course of action for potentially problematic samples. Typically, 
there are three possible outcomes: exclude the sample, retain the sample, or, if 
feasible, correct the problematic sample. Although this may appear to be a 
somewhat easy task, it requires a solid understanding of the sample context and 
general molecular biology, particularly for samples that fall within the border-
line “problematic” range. 

Finally, published and recommended best practices may be not the best ones 
for the project. When trying to utilise the Leafcutter for splice-junction usage 
quantification, WASP [221] was the recommended tool for reference mapping 
bias adjustments. It is also an embedded feature of STAR aligner, which made 
us consider switching from HISAT2 to STAR for mapping the reads. Never-
theless, after preliminary testing, we discovered that WASP is not appropriate 
for our objectives, as it eliminated a large proportion of reads originating in 
gene-coding areas, leading to a significant reduction in statistical power and an 
inability to identify widely recognised QTLs. Furthermore, WASP can only 
utilise SNPs, excluding insertions and deletions. In light of these findings, we 
continued to use HISAT2 as the alignment tool in the RNA-seq quantification 
pipeline and, instead, relied on visualisation approaches to detect false positives 
caused by reference mapping bias. 



 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Use a picture. It's worth a thousand words 

Arthur Brisbane 
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6. SYSTEMATIC VISUALISATION OF MOLECULAR QTLS 
(PUBLICATION II) 

The majority of genetic variants linked to complex traits are found in non-
coding regions of the genome. MolQTL studies over the past decade have 
shown that genetic variants in non-coding regions regulate gene expression 
levels, splicing, promoter usage, or alternative polyadenylation. Although the 
eQTL Catalogue has contained transcript-level QTL summary statistics since its 
first release, pinpointing the precise mechanism of action for each molecular 
QTL has remained challenging due to overlapping QTLs detected by different 
RNA-seq quantification methods, technical biases in read alignment, and the 
many alternative transcripts or splice junctions to be considered for each gene. 
Additionally, determining the size and direction of genetic effects, the affected 
gene parts, and the absolute expression of impacted transcripts is often difficult 
based on summary statistics alone because the usage of each transcript or splice 
junction is quantified relative to all other transcripts of a gene. 

The challenge can be addressed by visualising the average RNA-seq read 
coverage stratified by each possible genotype of a QTL variant. QTL coverage 
plots have been used to characterise chromatin QTLs and to verify promoter 
usage and splicing QTLs. However, systematically applying this approach to 
large molecular QTL collections like the GTEx project and the eQTL Catalogue 
is challenging due to the separate stratification needed for each significant 
genetic variant and molecular trait pair, making the number of QTL coverage 
plots required potentially unmanageable. 

In this publication we developed a novel approach for generating QTL 
coverage plots for all independent genetic signals and related molecular traits. 
This involves updating data processing workflows to enhance promoter usage 
and splicing QTL discovery, generating read coverage files (i.e. BigWig) for 
25,724 RNA-seq samples, and adopting fine-mapping-based filtering to identify 
all independent genetic signals and molecular traits while reducing the file size 
of summary statistics by 98%. To accommodate colocalisation methods ac-
counting for multiple independent causal variants, signal-level log Bayes factors 
were computed for all independent signals. This approach allows the definition 
of tag variants for all independent genetic associations across 127 eQTL 
datasets and the creation of QTL coverage plots for more than 1.7 million QTLs 
for interpreting most of the colocalising signals within the eQTL Catalogue. 

In the following sections, I will discuss some key elements, including filte-
ring through fine-mapping, visualising coverage plots, and the difficulties we 
encountered in developing the relevant pipeline. However, I want to acknow-
ledge that this publication is not solely my own work. Especially, I would like 
to recognise the contributions made by Ralf Tambets, who modified the QTL 
mapping workflow to support fine-mapping and performed colocalisation 
analysis against vitamin D GWAS, as well as Kaur Alasoo and Peep Kolberg, 
who made multiple extensions to the genotype imputation pipeline. 
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6.1. Fine-mapping-based filtering 
A significant challenge we encounter with exon-level and transcript-level 
associations is the large number of correlated traits tested, resulting in large 
summary statistics files. For example, we have 521,889 distinct exons, 215,956 
distinct transcripts and 392,588 transcriptional events from a pool of 38,114 
possible genes, of which 19,964 are protein coding. When combined with the 
count of genetic variants in -cis, the number of tested associations easily reaches 
the scale of billions, which results in large files. For instance, even after 
compression, exon QTL summary statistics for one dataset are usually larger 
than 40 Gigabytes. To address this, we implemented fine-mapping-based filte-
ring, using fine-mapped credible sets to identify all independent signals at the 
group level (e.g. gene for transcript usage; leafcutter cluster for splice-junction 
usage; trait group for transcriptional event usage) and retaining only the most 
strongly associated molecular trait for each signal. Subsequently, we identified 
overlapping variants between credible sets and defined these as connected 
components (Figure 16). For each connected component, we chose the mole-
cular trait with the highest posterior inclusion probability (PIP) and retained 
only the summary statistics of these selected molecular traits.  

Figure 17A provides a demonstrative example featuring the CYP2R1 gene, 
which encompasses five transcriptional events—hereafter referred to as 
molecular traits—within the group designated as ENSG00000186104.grp_1. 
contained. These molecular traits exhibit a relative usage pattern; an increase in 
the usage of one trait inversely affects the usage of others, as depicted in Figure 
17B. To choose the molecular trait with the strongest association, first we filter 
out credible sets with over 200 variants or a z-score below 3. In the presented 
example, three out of the five molecular traits—specifically ENST00000525015, 
ENST00000532378, and ENST00000532805—did not possess any credible sets 
that met these established criteria. Consequently, the two credible sets 
belonging to the remaining two molecular traits—ENST00000334636 and 
ENST00000534686— form a connected component (Figure 16, Figure 18A). In 
the given example, the remaining credible sets shared a variant, forming a 
connected component. The lead signal of this connected component was from 
the credible set of ENST00000334636, as it had the highest PIP value, hence 
this molecular trait is selected as a representative of the group (Figure 18B). To 
be clear, after initial filtering, if the remaining credible sets do not share 
variants, they each become an independent connected component. Then, we 
choose the signal with the highest PIP from each connected component to 
represent the group. This means there might be multiple signals acting as 
representatives for the group. 

This approach reduces the size of summary statistics files by around 98% 
while preserving nearly all significant associations for colocalisation purposes. 
Additionally, the reduction in univariate summary statistics file size enables us 
to export SuSiE log Bayes factors for each fine-mapped signal and tested 
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variant, which can be directly utilised in the new coloc.susie method to perform 
colocalisation analyses between all pairs of independent signals [67]. 
 

 
Figure 16: Building connected components from credible sets. Each credible set con-
tains one or more genetic variants. If two credible sets share a variant they form a link 
between each other and a cluster of linked credible sets forms a connected component. 

6.2. Leafcutter sQTLs + visualisation 
The previous release of the eQTL Catalogue included four molecular trait quan-
tification methods to measure transcriptional changes from RNA-seq data: gene 
expression (ge), exon expression (exon), transcript usage (tx), and transcrip-
tional event usage (txrevise). In addition to these four, we have now imple-
mented LeafCutter [150] to directly quantify the usage of splice junctions 
(Figure 11). By utilising fine-mapping-based filtering for these four molecular 
trait QTLs, we now have a manageable collection of independent lead variants 
and related molecular traits across all datasets. This enables us to generate 
visualisations of coverage plots that contain normalised RNA-seq read coverage 
across all exons of the gene (Figure 17A), exon-level QTL effect sizes, and 
standard errors (Figure 17B) as well as the alternative transcripts or splice 
junctions employed in association testing (Figure 17C). At present, we have 
created and shared only static versions of the coverage plots. However, plans 
are underway to develop a platform that will allow users to engage with 
dynamic coverage plots in the near future. 
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Figure 17: Visualisation of a splicing QTL detected in the CYP2R1 gene. (A) RNA-seq 
read coverage across the CYP2R1 gene in GTEx transverse colon tissue stratified by the 
genotype of the lead sQTL variant (chr11_14855172_G_A). All introns have been 
shortened to 50 nucleotides with wiggleplotr [222] to make variation in exonic read 
coverage easier to see. (B) Effect sizes and 95% confidence intervals of the lead sQTL 
variant on the expression level of individual exons (or exonic parts) of CYP2R1. As-
sociations significant at FDR ≤ 1% are shown in dark blue. (C) The top two rows show 
the MANE Select [223] reference transcript and all annotated exons of CYP2R1, 
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respectively. The remaining rows show the txrevise [79] event annotations used for 
sQTL mapping. The short version of exon 4 (between dashed lines) is only present in 
annotated nonsense-mediated decay (NMD) transcripts. (D) Boxplots of individual 
txrevise events stratified by the genotype of the lead QTL variant. Top row shows abso-
lute normalised counts in TPM units and bottom row relative usage of each transcript. 
The selected tag transcript is highlighted in cyan. Figure is taken from supplementary 
figures of Kerimov et. al. [127] and adapted to the thesis. 

6.3. Fantastic challenges and where to find them 
To create these visualisations, I developed a new pipeline that takes all required 
input files and generates coverage plots, box-plots, and essential anonymised 
data for recreating visualisations in the future (Figure 17). While the pipeline 
can divide large files into smaller chunks for parallel processing, pipeline 
execution relies heavily on numerous small input/output (IO) operations. For 
instance, in the University of Tartu's HPC, where we conducted the analysis, 
these IO operations placed an additional strain on the cluster network, which in 
turn slowed down pipeline execution and occasionally caused issues for other 
HPC users. After exploring various possible solutions, we ultimately reserved 
several high-capacity computation nodes, copied the IO-intensive files to these 
nodes before executing the pipeline and ran the pipeline on the reserved nodes. 
This method removed the strain from the network file system, as the IO 
operations occurred on the same node where the pipeline was running. Although 
this approach had its drawbacks, they were easy to resolve and did not neces-
sitate the development of new strategies. Although I have made it sound like an 
easy problem to solve by summarising in a few sentences, in reality, it took us 
about six months of trial and error before we found the right solution (Figure 
17). 

Initially, we planned to share the data necessary for regenerating the cover-
age plots and designed the pipeline accordingly so that it is also capable of 
accepting these generated visualisation data. It would be beneficial if other 
researchers were to generate the coverage plots in their own style or integrate 
more data to expand the potential of the resource. However, we decided not to 
share these visualisation data publicly for two reasons. Firstly, the data include 
some partial individual-level information, such as the genotype of the QTL 
variant, and although we anonymised the data, we were concerned about poten-
tial de-anonymisation attempts. Secondly, it would be an additional resource 
burden to store and efficiently share this large volume of data. Instead, the data 
will be used in the development of an interactive coverage plot visualisation 
tool. 
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Figure 18: Fine-mapping-based filtering. (A) The connected component of credible sets 
belonging to CYP2R1 gene transcriptional events (i.e. molecular traits). Only 2 
(ENST00000334636 and ENST00000534686) out of 5 molecular traits have credible 
sets after initial filtering. (B) Regional association plots for all molecular traits 
belonging to the ENSG00000186104.grp_1.contained group of the CYP2R1 gene. 
ENST00000334636 is selected as a molecular trait representing the group (marked with 
dashed red rectangle). Panel (B) is taken from supplementary figures of Kerimov et. al. 
[127] and adapted to the thesis. 





 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

In the end we retain from our studies only that 
which we practically apply 

Johann Wolfgang Von Goethe 
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7. APPLICATION OF THE EQTL CATALOGUE TO GWAS 
INTERPRETATION (PUBLICATIONS III AND IV) 

In this section, I will discuss the advantages of having readily available, reus-
able pipelines and explore how the eQTL Catalogue serves as a valuable 
resource for other researchers. 

7.1. Easy-to-use pipelines facilitate contributions to 
renowned research projects 

A major benefit of the eQTL Catalogue is that both the uniformly processed, 
formatted and quality-controlled datasets as well as the scalable computational 
pipelines facilitate rapid reanalysis of data as novel methods become available. 
For example, the first public release of the eQTL Catalogue in January 2020 did 
not contain any fine mapping results. However, in discussion with the FinnGen 
project, it became obvious that providing eQTL fine mapping results could 
really benefit the interpretation of their GWAS findings. Thus, we implemented 
SuSiE fine mapping in our QTL analysis pipeline, reanalysed all of the quality-
controlled eQTL Catalogue datasets with the updated pipeline and provided the 
FinnGen project with the fine mapping results. This was only possible because 
of the significant early investment we had made into obtaining access to 
individual-level raw data and performing stringent QC on all datasets (Figure 
19). Some of the results from this collaboration are described in the recently 
published research article “FinnGen provides genetic insights from a well-
phenotyped isolated population” by Kurki et al. [224] (Publication III). The 
eQTL Catalogue was used as a valuable resource to investigate potential mecha-
nisms of action for the 27 newly discovered associations. Of the 27 loci, the 
team identified potential causal coding variants in nine and colocalisation with 
eQTL Catalogue eQTLs in four. While the disease relevance of these coloca-
lising eQTLs was not apparent in this study, utilising all available tools to help 
explain the molecular mechanisms underlying diseases remains a valuable 
approach.  

The comparison between genomics research and gold hunting is quite fitting. 
Gold hunters use tools like metal detectors, pickaxes, and shovels, while 
genetics researchers have tools such as GWAS, fine-mapping, and colocalisa-
tion, with the eQTL Catalogue being one of them. These tools help in searching 
for the underlying causes of diseases at the molecular level. Although using 
these tools does not guarantee finding “gold”, it does make the exploration 
process more manageable and efficient.  
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Figure 19: The value of developing easily reusable pipelines and transferable skills. 
The sketch was initially created by Kamila Mammadova upon my request and finalised 
by myself. 

I also contributed to another study led by Masahiro Kanai (“Insights from 
complex trait fine-mapping across diverse populations” [15]). In this study, 
Masahiro performed statistical fine mapping for 117 complex traits across three 
large biobanks (BioBank Japan, UK Biobank and FinnGen). This study led to 
the identification of 4,518 variant-trait pairs with a high probability of causality 
(posterior probability > 0.9). Among these, 285 pairs were replicated across 
multiple populations. By examining the Finnish and Japanese populations, they 
discovered 21 and 26 potential causal coding variants, respectively, with signi-
ficant allele frequency enrichment (i.e. specific genetic variant occurs much 
more frequently in a particular population than others). By aggregating data 
from various populations, they identified 1,492 unique fine-mapped coding 
variants and 176 genes with multiple independent coding variants influencing 
the same trait. My contribution to this study was performing eQTL analysis and 
statistical fine mapping on the eQTL Catalogue datasets. This analysis revealed 
that while fine mapped eQTLs from the GTEx project colocalised with 2331 
GWAS credible sets, including the eQTL Catalogue datasets into the analysis 
increased the number of colocalisations detected to 3787 (62% increase). This 
study demonstrates that fine-mapping across diverse populations can offer new 
insights into the biology of complex traits by pinpointing high-confidence 
causal variants for further analysis.   

Another benefit of the pipeline infrastructure and quality-controlled datasets 
is that they have directly enabled multiple other research projects in the lab that 
make secondary use of these datasets. For example, Liis Kolberg was able to 
reuse many of the workflows and quality control procedures to perform large-
scale trans-eQTL analysis across five datasets (Figure 19) [225]. 
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7.2. Applications of the eQTL Catalogue  
In the previous section, I discussed research projects that made use of the eQTL 
Catalogue in conjunction with our expertise in pipeline development and 
application. Numerous other researchers have employed the publicly available 
eQTL Catalogue summary results for various downstream analytical purposes. 

For example, GWASs for Migraine [226], otosclerosis [227], Sjögren’s 
syndrome [228], Alzheimer’s disease [229], and neonatal jaundice [230] used 
eQTL Catalogue summary statistics for colocalisation analysis. Other studies 
used the resource in attempt to understand and prioritise the functional genes 
and other genetic basis of complex traits, such as pelvic organ prolapse [231], 
cervical cancer [232], asthma [233], pneumonia [234] and, inflammatory and 
infectious upper respiratory diseases [235]. Furthermore, numerous studies used 
the eQTL Catalogue in research not directly studying specific diseases, for 
example, studies devising methods to systematically prioritise causal variants 
[70], integrating downstream analysis of other molecular QTL studies [236], 
and examining various other genetic regulatory activities as well as validating 
identified signals [237–240]. It is also important to note that eQTL Catalogue 
data are integrated into various platforms for visual exploration of and con-
nection to other kinds of genomics data, such as Open Targets Genetics [70], 
Ensembl [241], and FIVEx (an interactive multi-tissue eQTL browser) [242].  

Although the studies mentioned above are an obvious measure of usefulness 
and impact of the eQTL Catalogue in the field, we are dedicated to continuously 
improving this resource by adding new uniformly processed data and updating 
our pipelines to adopt cutting-edge tools to extract as much reliable information 
as possible.  
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DISCUSSION AND CONCLUSIONS 

We have created and openly shared a compendium of uniformly processed 
human molecular QTLs, encompassing traits such as gene and exon expression, 
transcript and transcriptional event usage, and splice-junction usage. This re-
source includes data from 74 distinct cell types and tissues, along with several 
environmental stimuli. The primary advantage of our eQTL Catalogue is that all 
datasets are processed uniformly and summary statistics are readily available for 
subsequent analyses, such as colocalisation. Furthermore, we have developed a 
wide range of open-source scientific pipelines that can be utilised by other 
research groups or simply studied to gain a better understanding of how the data 
are generated. 

Following the publication of our QTL summary statistics, we received feed-
back indicating difficulties in interpreting splicing QTL signals. Hence, we 
decided to generate QTL coverage plots for all independent genetic signals and 
related molecular traits. This involved updating data processing pipelines, 
generating read coverage files for 25,724 RNA-seq samples, adopting fine-
mapping-based filtering, and computing signal-level log Bayes factors for all 
independent signals. This enabled us to identify tag variants for all independent 
genetic associations across 127 molecular QTL datasets and create QTL 
coverage plots for over 1.7 million QTLs within the eQTL Catalogue. Our 
subsequent colocalisation analysis revealed that splicing QTLs are significantly 
less pleiotropic than eQTLs. Another finding for us was the realisation that 
generating more than 1.7 million plots is not technically straight-forward task 
but requires careful design considerations. 

The eQTL Catalogue's uniformly processed datasets and computational pipe-
lines enable rapid reanalysis as new methods become available (Publications III 
and IV). For instance, SuSiE fine mapping was implemented in the QTL ana-
lysis pipeline, assisting the FinnGen project in interpreting their GWAS fin-
dings. The pipeline infrastructure has also supported numerous other research 
initiatives, such as Liis Kolberg's extensive trans-eQTL analysis across five 
datasets [225]. 

The eQTL Catalogue resource has been used in various research projects for 
different analytical purposes, such as colocalisation analysis in GWASs for 
various diseases and understanding the genetic basis of complex traits. It has 
also been integrated into various platforms for visual exploration and con-
necting other genomics data. The Catalogue has demonstrated its usefulness and 
impact in the field, and the team is committed to continuously improving this 
resource by adding new data and updating pipelines to adopt cutting-edge tools 
for more reliable information extraction. 

Despite its considerable impact, the eQTL Catalogue is not without limita-
tions. Obtaining QTLs from all biological contexts is a significant challenge; 
there are certain cell types we have not been able to include due to legal barriers 
regarding dataset access. To build a more comprehensive and diverse catalogue 



83 

of uniformly processed QTLs, we advocate for the normalisation of federated 
analysis approaches. In line with this goal, we will continue to enhance the 
reusability and portability of our data analysis pipelines, making them available 
through community initiatives like the nf-core [166] repository. Moreover, 
numerous single-cell RNA-seq eQTL datasets have emerged from studies 
involving induced pluripotent stem cells (iPSCs) and peripheral blood cells, 
with more expected to follow. These datasets could dramatically enhance our 
understanding of cell-type-specific gene regulation in complex tissues. Some of 
these single-cell RNA-seq studies have since begun to be incorporated into the 
eQTL Catalogue by other team members and will be made available upon 
completion. 

One last challenge pertains to our coverage plots. Currently, these visualisa-
tions for interpreting QTLs are static, and providing interactive versions of these 
visualisations would enhance their utility. I firmly believe that developing such 
a tool would significantly aid explorative analysis. Despite the challenges, our 
team remains committed to enhancing the eQTL Catalogue and its usability, 
continuing to support the advancement of genomic research. 

In my view, it is crucial to consider this resource as “an additional tool in the 
toolbox” for disease scientists. In this context, a disease scientist is an expert with 
extensive knowledge of a particular disease who seeks ways to prevent or treat 
the disease. Extensive understanding of a disease enables researchers to look in 
the “right” place, which may sometimes require employing specific tools, such as 
the eQTL Catalogue. Typically, pharmaceutical companies aiming to reduce 
costs and enhance the success rate of potential treatments have teams dedicated 
to identifying potential targets for a specific disease and other teams to evaluate 
these targets in various categories (e.g. tractability, toxicity). These companies 
utilise the eQTL Catalogue either directly or indirectly (through the Open Tar-
gets Genetics Platform) for this purpose. I believe this approach is more 
appropriate than us (as creators of the resource) attempting the same without 
specific disease expertise. Consequently, the greatest value of this resource lies 
in its ease of use for researchers other than ourselves. 
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SUMMARY IN ESTONIAN  

Komplekstunnuste geneetiliste seoste  
tõlgendamine molekulaarsete kvantitatiivse tunnuse  

lookuste andmebaasi abil 

Käesolev doktoritöö keskendub peamiselt teaduslike meetodite täiustamisele ja 
rakendamisele, et selgitada inimesegeneetika uuringute kaudu komplekshaigus-
te ja -tunnuste aluseks olevaid bioloogilisi mehhanisme, kasutades eelkõige 
ülegenoomseid seosuuringuid (ingl k genome-wide association studies 
(GWAS)) ja kvantitatiivse tunnuse lookuste (ingl k  quantitative trait locus 
(QTL)) analüüsi. 

Komplekshaiguste ja -tunnustega on enamasti seotud suur hulk geneetilisi 
variante, millest igaühel on eraldi väikesed mõjud, mis omakorda muudab 
nende seoste tõlgendamise keeruliseks. Käesolevas doktoritöös kasutatakse 
GWAS uuringute abil tuvastatud geneetiliste variantide tõlgendamiseks QTL-
analüüsi, et seostada need geneetilised variandid geeniekspressiooni tasemetega. 
Seejärel kasutatkse kolokalisatsioonianalüüsi, et veenduda, kas geeniekspres-
siooni ja komplekstunnuseid mõjutavad samad põhjuslikud variandid. See 
strateegia põhineb eeldusel, et komplekstunnust mõjutav geneetiline variant 
reguleerib algselt geeniekspressiooni. Kuna geeniregulatsioon varieerub sõltu-
valt erinevatest bioloogilistest kontekstidest, sealhulgas rakutüüpidest, kudedest 
või tingimustest, võib kolokalisatsioonianalüüsi tegemine vales kontekstis 
muuta haigust või tunnust põhjustava seose tuvastamise võimatuks. 

Doktoritöö annab põhjaliku ülevaate QTL analüüsi erinevatest tahkudest. 
Kõigepealt süvenetakse molekulaarbioloogia põhialustesse ja selgitatakse erine-
vaid lähenemisviise ja tehnikaid, mida kasutatakse GWASi signaalide tõlgen-
damiseks. Seejärel rõhutatakse erinevusi GWASi ja QTL uuringute vahel ja 
kirjeldatakse kolokalisatsiooni ja täppiskaardistamise (ingl k fine mapping) 
meetodeid. Samuti antakse ülevaade peamistest väljakutsetest, mis nende 
meetodite kasutamisel tekivad. Lõpuks antakse põhjalik ülevaade QTL analüüsi 
protsessist, mis hõlmab kogu töövoogu ja selle kolme põhikomponenti: 1) 
molekulaarsete tunnuse kvantifitseerimine, 2) kvaliteedikontroll ja normali-
seerimine ning 3) QTLide kaardistamine. Üksikasjalikult käsitletakse RNA 
sekveneerimise lugemite arvulisteks andmetabliteks muutmise protsessi koos 
normaliseerimise meetodite nüansside uurimisega. 

Teadusandmete analüüsi töövoogude kaasaegse taristu arendamine on olnud 
eQTL Catalogue andmebaasi loomisel esmatähtis. Doktoritöös kirjeldatakse 
teadusandmete töövoogude arenguetappe, käsitletakse arvutustaristu ja töö-
voogude omadusi ning antakse ülevaade pilvandmetöötluse ja tarkvara kontei-
nerite tehnoloogiate edusammudest, mis on oluliselt suurendanud andme-
analüüsi töövoogude tõhusust ja skaleeritavust. Samuti tutvustatakse ja analüü-
sitakse töövoogude arendamise praeguseid väljakutseid, pakkudes võimalikke 
strateegiaid nende takistuste leevendamiseks. Lisaks käsitletakse põhjalikult 
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eQTL Catlaogue andmebaasi töövoogude arendamise põhiaspekte, tõstes esile 
protsessi käigus tehtud olulisi otsuseid ja nende hilisemat mõju töövoogude 
omadustele. Samuti antakse ülevaade töövoogude arendusprotsessi käigus sage-
li vähem tähelepanu saanud väljakutsetest ja õppetundidest. Viimaks antakse 
ülevaade QTLide visualiseerimise käigus tekkinud tehnilistest väljakutsetest ja 
nendele välja pakutud lahendustest. 

Töö viimane peatükk annab ülevaate eQTL Catalogue’i tähtsusest teadus-
ringkondade jaoks olulise ressursina, keskendudes selle erinevatele rakendustele 
paljudes teadusuuringutes ja sellele, kuidas teised teadlased on doktoritöös 
loodud andmebaasi kasutanud. See rõhutab jätkusuutliku ja säilenõtke taristu 
olulisust, et hõlbustada töövoogude kiiret rakendamist uutele andmestikele. 
Lõputöö võtab kokku kriitiline arutelu tehtud töö oluliste aspektide, selle 
peamiste piirangute ja võimalike edasiste arengute üle. 
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