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ABSTRACT 

Advances in next-generation sequencing (NGS) technologies after the completion of 
the Human Genome Project have increased the sequencing speed and brought down 
the cost of sequencing leading to an influx of large scale genomic and transcriptomic 
studies involving whole-genome sequencing (WGS), whole-exome sequencing 
(WES) and RNA-sequencing (RNA-seq). Prior to 2005, before the advent of 
massively parallel sequencing, the primary bottleneck was sequence generation. 
With widespread adoption of NGS technologies, this has shifted to computational 
analysis, where storage and computing capacity have become key challenges. 
Numerous workflows exist for analysing sequencing data but each with its own set 
of advantages and disadvantages. To address this, I present an integrated 
bioinformatics framework that unites three modular tools – Kuura, Sampo, and 
BioCPR – to facilitate comprehensive multi-omics analysis. 

Kuura performs end-to-end WES and WGS analysis with no user intervention. 
Kuura uses a consensus-based variant calling approach where it normalizes and 
integrates variant calls from multiple callers to enhance reliability and reduce bias. 
The output of Kuura is an annotated Variant Call Format (VCF) containing high-
confidence variant calls. Sampo uses a combinational approach for transcriptomic 
data where preprocessing and alignment are handled through Nextflow, while 
differential expression analysis and visualization are performed in R, to improve 
workflow organisation. BioCPR, implemented in R, provides an interactive platform 
for analysis of expression data with correlation-based clustering, enabling users to 
identify co-expression and regulatory networks.  

The framework allows seamless integration, with expression matrices from 
Sampo directly analysed in BioCPR, and variants identified by Kuura cross-
referenced with expression networks. Its reproducible design makes it applicable to 
germline cancer susceptibility and other complex diseases, enabling discovery of 
disease-relevant genes and pathways. 

KEYWORDS: NGS, WGS, WES, RNA-seq, Variant calling, Differential 
expression, multi-omics   
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TURUN YLIOPISTO 
Lääketieteellinen tiedekunta 
Biolääketieteen laitos 
Lääketieteellinen biokemia ja genetiikka  
DHANAPRAKASH JAMBULINGAM: Sekvensoinnista tietoon: Genomisen 
ja transkriptomisen datan analysoinnin ja visualisoinnin työkalujen 
suunnittelu ja toteutus 
Väitöskirja, 148 s. 
Molekyylilääketieteen tohtoriohjelma (TuDMM) 
Helmikuu 2026 

TIIVISTELMÄ 

Ihmisen genomiprojektin valmistumisen jälkeen uuden sukupolven sekvensointi-
tekniikoiden (NGS) kehitys on lisännyt sekvensoinnin nopeutta ja laskenut 
kustannuksia, mikä on johtanut laajamittaisten genomi- ja transkriptomitutkimusten 
kasvuun, joissa hyödynnetään koko genomin sekvensointia (WGS), koko eksomin 
sekvensointia (WES) ja RNA-sekvensointia (RNA-seq). Ennen vuotta 2005, ennen 
massiivisesti rinnakkaista sekvensointia, pullonkaulana oli sekvenssidatan 
tuottaminen, mutta nyt tämä on siirtynyt laskennalliseen analyysiin, jossa tallennus 
ja laskenta ovat keskeisiä haasteita. Sekvenssidatan analysointiin on olemassa 
lukuisia työnkulkuja, mutta jokaisella on omat etunsa ja rajoituksensa. Tämän 
ratkaisemiseksi esitän integroidun bioinformatiikan viitekehyksen, joka yhdistää 
kolme modulaarista työkalua – Kuura, Sampo ja BioCPR – kattavan moniomiikka-
analyysin helpottamiseksi. 

Kuura suorittaa kokonaisvaltaisen WES- ja WGS-analyysin ilman käyttäjän 
väliintuloa. Kuura hyödyntää konsensuspohjaista varianttien tunnistusmenetelmää, 
jossa se normalisoi ja yhdistää useiden ohjelmien tulokset luotettavuuden paranta-
miseksi ja harhan vähentämiseksi. Kuuran tuloksena on annotoitu VCF-tiedosto, 
joka sisältää luotettavasti nimetyt variantit. Sampo on suunniteltu yhdistelmämene-
telmäksi transkriptomidatan analysointiin. Analyysi alkaa RNA-seq-raaka-aineis-
tosta ja tuottaa differentiaalisia geenien ilmentymisen matriiseja ja visualisointeja. 
R-kielellä toteutettu BioCPR tarjoaa interaktiivisen alustan ilmentymisdatan ana-
lyysiin korrelaatiopohjaisen klusteroinnin avulla, mahdollistaen yhteisilmentymisen 
ja säätelyverkostojen tunnistamisen. 

Viitekehys mahdollistaa saumattoman integraation, sillä Sampon tuottamat 
ilmentymismatriisit analysoidaan suoraan BioCPR:ssä ja Kuuran tunnistamat 
variantit voidaan yhdistää ilmentymisverkostoihin. Sen toistettavuuteen perustuva 
rakenne tekee siitä soveltuvan perinnöllisen syövän ja muiden monitekijäisten 
sairauksien tutkimukseen, mahdollistaen sairauteen liittyvien geenien ja reittien 
tunnistamisen. 

AVAINSANAT: NGS, WGS, WES, RNA-seq, Varianttien tunnistus, Geenien 
ilmentyminen, Moniomiikka   
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1 Introduction 

The completion of Human Genome Project (HGP) marked the transition in 
sequencing technologies from labour intensive low throughput methods to modern 
high throughput and automated platforms. The HGP relied on Sanger sequencing, 
which in turn relied on automation using capillary electrophoresis (Heather & Chain, 
2016; Sanger et al., 1977). Although this method was considered ground-breaking, 
it was still slow and expensive (Barba et al., 2013; L. Liu et al., 2012; Venter et al., 
2001). The success of HGP paved the way for next generation sequencing 
technologies that drastically lowered the cost and timeframes associated with 
sequencing thereby enhancing our ability to investigate the genetic basis of diseases 
(Akintunde et al., 2025).  

However, the abundance of data generated by NGS methods presents substantial 
computational challenges (Lussier et al., 2013). Efficiently processing raw 
sequencing data into biological insights requires sophisticated analytical strategies. 
Developing fully automated, reproducible and scalable analysis pipelines has 
therefore become essential. Especially workflows that can handle genomic and 
transcriptomic data analysis play a crucial role in uncovering pathogenic variants as 
well as uncovering biomarkers and genomic signatures that help to understand 
pathogenic mechanisms (Bianchi et al., 2016; Karakoyun et al., 2023; Kulkarni & 
Frommolt, 2017). 

In this thesis, I introduce a suite of computational tools that together form an 
integrated framework for genomic and transcriptomic data analysis: Kuura provides 
variant calls from DNA sequencing data, Sampo quantifies gene expression 
differences and provides downstream analysis including functional enrichment 
analysis, gene ontology annotations and visualizations, and BioCPR visualizes the 
resulting expression relationships. For example, one could use Kuura to identify 
candidate pathogenic variants in a cohort, use Sampo to find differentially expressed 
genes (DEG) in the same samples, and then use BioCPR to examine how those genes 
co-express under different conditions before conducting computationally intensive 
analyses such as Genome-Wide Association Studies (GWAS) (Kar et al., 2015). The 
modular design means that outputs from one pipeline can serve as inputs to another 



 

 13 

or to third-party tools. Together, they fill a gap in disease research by providing end-
to-end, reproducible analysis pipelines outside of any single disease domain. 

This thesis presents a comprehensive suite of tools for NGS data analysis, 
extending the concept of unified analysis frameworks. The studies’ main emphasis 
has been modularity for enabling straightforward extension and maintenance of 
individual components, integration of genomic and transcriptomic analysis and 
reproducibility using Nextflow, Docker, and structured configuration files (Langer 
et al., 2025; Strozzi et al., 2019). 
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2 Review of the Literature 

2.1 Introduction to sequencing 
The genetic blueprint of an organism is stored in its deoxyribonucleic acid (DNA), 
a double-stranded helical structure consisting of four nucleotide bases – adenine (A), 
guanine (G), cytosine (C) and thymine (T), whose backbone is made of alternating 
sugar and phosphate molecules. The DNA nucleotides are classified into two 
structural groups – purines (A, G) and pyrimidines (C, T), and the helical strands of 
the DNA are held together by complementary hydrogen bonds between the 
nucleotides, such that adenine pairs with thymine (A=T) and guanine pairs with 
cytosine (G≡C), forming Watson-Crick (W-C) base pairs that maintain the double-
helical structure, ensuring strength and fidelity in replication and transcription 
process.  

While base pairing in DNA, follows canonical W-C base pairing rules, RNA 
molecules have greater flexibility due to their single-stranded nature. During the 
translation process, the incoming transfer RNA (tRNA) anticodon reads the 
messenger RNA (mRNA) codon. The first two codon nucleotides form strict 
canonical W-C base pairs with the anticodon, the third codon nucleotide (wobble 
position) forms non-canonical interactions such as guanine-uracil (demethylated 
form of thymine found in RNA). This method of pairing is known as Wobble base 
pairing, and it provides flexibility for single tRNA to recognise multiple codons 
ensuring degeneracy of the genetic code (F. H. C. Crick, 1966; Hoernes et al., 2018; 
Saint-Léger & Ribas De Pouplana, 2015).  

Sequencing is the method of determining the precise order of nucleotides in 
DNA or RNA molecules. Sequencing of nucleic acids had its breakthrough in 1977 
when Frederick Sanger and his team introduced the dideoxy chain-termination 
method for sequencing DNA what is now known as Sanger Sequencing (Sanger et 
al., 1977). Prior to this, sequencing efforts were mostly focused on RNA sequencing 
due to challenges in handling the double helical structure of the DNA.  
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2.1.1 Sanger Sequencing 
After the discovery of the structure of DNA by Watson and Crick in 1953, multiple 
attempts to sequence the DNA have been made (Watson & Crick, 1953). In 1965, 
Robert Holley succeeded in sequencing the first tRNA (specifically alanine transfer 
RNA) followed by Walter Fiers, who in 1972 determined the first DNA sequence of 
a complete gene (Holley et al., 1965; Jou et al., 1972). The next breakthrough came 
in 1977, when Frederick Sanger and his team introduced what is now known as 
Sanger sequencing. This method uses chain terminating nucleotides that lack the 
3’OH group, which deactivates the DNA polymerase as no phospodiester bond can 
be formed, thereby halting the growing DNA chain at that location (Sanger et al., 
1977; Sanger & Coulson, 1975). The ddNTPs used for this method were originally 
radioactively, and later fluorescence labelled enabling detection using sequencing 
gels or automated sequencing machines (Sanger et al., 1977; Slatko et al., 2018). 
This method became the standard for sequencing studies for almost 30 years. In 
1987, Applied Biosystems invented the first automatic sequencing machine using 
capillary electrophoresis, thereby making sequencing faster and more accurate, 
which ultimately paved the way for the Human Genome Project (1990) (L. Liu et al., 
2012). By the completion of the project, the method had matured but restrictions 
such as high cost and limited sequencing capabilities for studying large genomes 
made it inefficient (Barba et al., 2013; Venter et al., 2001).  

2.1.2 Next generation sequencing 
Following the completion of the Human Genome Project, the next significant 
advancement came in the form of massively parallel sequencing technologies that 
made it possible to sequence large volumes of DNA fragments in parallel. Next 
Generation Sequencing (NGS) or high-throughput sequencing is a collective term 
for sequencing technologies developed after the Sanger sequencing method that were 
capable of massively parallel analysis: they encompass various platforms that differ 
in their sequencing mechanisms as well as read length (Esplin et al., 2014; L. Liu et 
al., 2012). Today there are numerous NGS platforms available on the market, each 
with its own unique features that makes them suitable for different types of studies 
(Metzker, 2010).  

Figure 1 shows the basic steps involved in sequencing workflows of NGS 
technologies – sample preparation, DNA extraction, adapter ligation and 
amplification followed by sequencing. Further developments of sequencing 
technologies have helped move into third and fourth generation sequencing 
methods such as long-read sequencing, single-cell sequencing and in-situ 
sequencing (Ke et al., 2016; McGinn & Gut, 2013; van Dijk et al., 2018). These 
technologies differ from NGS because of the way they sequence the DNA; newer 
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technologies sequence directly from template DNA while NGS requires the DNA 
to be amplified during library preparation (Park & Kim, 2016). Despite the recent 
developments, NGS technology is still the most widely used technique (McGinn 
& Gut, 2013). 

 
Figure 1. Example of Illumina sequencing workflow for whole genome sequencing. Panel 1. 

Preparation of sample for sequencing in wet lab. Panel 2. Library preparation, cluster 
generation and sequencing. Panel 3. Bioinformatics analysis starting from raw reads to 
identifying variants. Image created in Biorender.com 
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2.2 Genome 
The human DNA sequence is over 3 billion base pairs in length wound around 
histones, positively charged proteins, thereby creating nucleosomes which are further 
condensed into thread-like structures known as chromosomes, through which the 
genetic information is passed on to subsequent generations. The DNA sequence of an 
organism in its entirety including its coding sequences and non-coding sequences is 
known as that organism’s genome, a copy of which is present in the nucleus of every 
cell of the organism. The length of a genome varies depending on the species. The 
human genome contains approximately 3 billion base pairs with approximately 20,000 
protein coding genes and roughly 198,000 transcripts while the mouse genome 
contains approximately 2.7 billion base pairs with approximately 22,000 genes and 
119,000 transcripts (Breschi et al., 2017; Sharma & Sampath, 2019; Taanman, 1999). 

2.2.1 Whole genome sequencing 
Whole genome sequencing (WGS) is a comprehensive sequencing technique to 
determine the entire DNA sequence of an organism, covering both its coding and 
non-coding regions as well as structural elements such as telomeres and centromeres.  

Since WGS sequences the whole genome, it enables the screening and 
identification of a wide variety of genetic variations such as single nucleotide 
variants (SNV), small insertions and deletions (indels), copy number variants 
(CNVs) and other structural variants (SVs) (Collins et al., 2020; Goodwin et al., 
2016; Shendure & Ji, 2008). Targeted sequencing like, for example, Whole Exome 
Sequencing (WES) meant to sequence protein-coding regions can also reliably 
identify smaller variants such as SNVs and indels present within these regions 
(Belkadi et al., 2015; Meienberg et al., 2015).  

As powerful as it is as identifying genetic variations, WGS also presents unique 
challenges, such as computational requirements for storing and analysing such large 
data, higher costs compared to targeted sequencing and the complexity of 
interpreting variants of uncertain significance (Bagger et al., 2024; Bhérer et al., 
2024; Freeman et al., 2025).  

There are two types of WGS technologies available – short-read WGS (srWGS) 
and long-read WGS (lrWGS) (Bentley et al., 2008; Record & Reilly, 2024). srWGS 
typically produces reads shorter than 300 bp whereas lrWGS can produce reads 
ranging from 10 kilobases to several megabases, depending on the technology used 
(Logsdon et al., 2020; Record & Reilly, 2024; Sequencing Human Whole Genomes 
on the NovaSeq 6000 System, n.d.). Even though, the bioinformatic analysis tools are 
compatible for both srWGS and lrWGS, srWGS still remains the most widely used 
approach owing to its high accuracy, cost effectiveness and higher read depth (Choo 
et al., 2023; Record & Reilly, 2024). 
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2.2.2 Whole exome sequencing 
Whole exome sequencing (WES) is a targeted sequencing technique aimed at 
determining the nucleotide sequence of protein coding exonic regions, which 
represents around 1–2% of the total human genome but contain around ∼85% of 
known pathogenic variants (Barbitoff et al., 2020; Choi et al., 2009; López et al., 
2025). In contrast to WGS, WES uses hybrid capture techniques to limit sequencing 
only to the exome (Mertes et al., 2011). As WES targets only the exonic regions, it 
generates substantially less data than WGS, the smaller data directly reduces costs 
associated with sequencing, storage and analysis, making WES a cost efficient 
solution. However, as sequencing costs continue to decline, WGS is becoming more 
accessible and potentially the preferred future method for studies focussed on the 
exome (Björn et al., 2018; Ortendahl et al., 2025). 

The primary limitation of WES lie in its targeted design, which relies on pre-
designed hybridization probes and a reference genome to define exonic regions, 
restricting analysis to coding regions (Miya et al., 2015; Seaby et al., 2016). In 
addition, technical bias during library preparation and hybrid capture can cause 
uneven coverage across the exome and increase read duplication (Björn et al., 2018; 
Cheng et al., 2024; Ross et al., 2013; Seaby et al., 2016). 

Even though WES is a targeted approach, copy number variants (CNVs) can be 
identified from exome data using algorithms that make use of normalized read-depth 
signals, allelic imbalances, and statistical frameworks such as hidden Markov 
models and singular value decomposition. However, their accuracy is limited 
compared to CNV identification using WGS data (Conroy et al., 2000; Rajagopalan 
et al., 2020; Yao et al., 2017).WES is widely used in the study of diseases with 
broader genetic heterogeneity as it is computationally faster and its region of interest 
(ROI) cover all protein-coding exons (Brancato et al., 2025). 

2.3 Transcriptome 
In biological organisms, the flow of genetic information from DNA to RNA to 
protein is described by a foundational concept known as central dogma of molecular 
biology (Cobb, 2017; F. Crick, 1970). The DNA sequence is transcribed into RNA 
and then the RNA is translated into amino acid sequences that fold into functional 
proteins and eventually determine phenotypes at cellular and organism levels. 
Although the central dogma of molecular biology is still a valid concept that 
describes the direction of genetic information flow, it is no longer considered to be 
unidirectional but rather multidirectional (F. H. C. Crick et al., 1961; Haseltine et al., 
2024). Notable exceptions are reverse transcription, where an enzyme called reverse 
transcriptase (RT) uses RNA as a template to synthesize complementary DNA 
(cDNA), and certain mobile genetic elements (MGE) containing reverse 
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transcriptase genes, called retrotransposons (Finnegan, 2012; Verwilt et al., 2023; 
Zabrady et al., 2023).  

Similar to the term genome which refers to the entirety of the DNA sequence, 
the transcriptome refers to the complete set of transcripts in a cell or tissue at a given 
moment. The transcriptome consists of both coding transcripts such as messenger 
RNAs (mRNAs) and non-coding transcripts such as long intergenic non-coding 
RNAs (lincRNAs), small nucleolar RNAs (snoRNAs), microRNAs (miRNAs) and 
others, which are thought to have a role in gene regulation. There are multiple 
techniques for transcriptome analysis, amongst them RNA sequencing is one of the 
most widely used methods (Kukurba & Montgomery, 2015; Lowe et al., 2017; Z. 
Wang et al., 2009). 

2.3.1 RNA sequencing 
Ribonucleic acid sequencing (RNA-seq) is a high-throughput sequencing (HTS) 
approach used to analyse the transcriptome by sequencing cDNA fragments derived 
from RNA to quantify gene expression between different groups, condition or 
samples. Unlike DNA, mRNA is a transient molecule and chemically unstable as its 
backbone is composed of ribose as the sugar molecule instead of more inert 
deoxyribose found in DNA. In addition, RNA uses uracil base (U) instead of thymine 
found in DNA. 

In comparison to Sanger sequencing and microarray-based methods, RNA-seq 
offers better coverage of the transcriptome and aids in identifying novel transcripts 
and alternatively spliced genes (Kukurba & Montgomery, 2015; Z. Wang et al., 
2009).  

There are several NGS platforms that differ in their underlying chemistries and 
library preparation protocols for sequencing the transcriptome. Figure 2 shows an 
overview of the basic RNA-seq workflow of Illumina Inc. The RNA-seq workflow 
involves RNA extraction, mRNA enrichment or rRNA depletion, RNA 
fragmentation, reverse transcription to cDNA, adapter ligation, cluster generation 
and amplification, and sequencing (Deshpande et al., 2023; Shouib et al., 2025; Stark 
et al., 2019). Like any biological analysis, experimental design needs to be 
considered when planning an RNA-seq experiment. Some key considerations 
include – sequencing depth, read length, choice between single or paired end 
sequencing, number of biological replicates required to ensure statistical 
significance.  
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Figure 2. Example of Illumina sequencing workflow for RNA-seq data. Panel 1, Illustrates the 

process of extracting RNA from biological samples. Panel 2, Details the library 
preparation process for RNA-seq analysis. Panel 3, Shows the next steps after library 
preparation, sequencing followed by data analysis. Image created in Biorender.com 
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2.4 Applications of NGS technologies 
The development of NGS technologies has cut down the costs and time associated 
with sequencing, thereby granting researchers access to the human genome in the 
context of personalized medicine (Bagger et al., 2024). The modest cost of 
sequencing has opened doors for NGS technologies to be applied to various situation 
such as full genome resequencing or targeted sequencing for variant identification, 
to identify structural rearrangements, including copy number variants (CNV), 
inversions and translocations, or RNA-seq to study gene expression (Shendure & Ji, 
2008). The vast array of uses makes NGS indispensable in sequencing studies and it 
is rapidly becoming the standard technique for clinical applications such as cancer 
screening, treatment planning, and Mendelian disease diagnosis (Brlek et al., 2024; 
Cirulli & Goldstein, 2010). Figure 3 shows a visual representation of the applications 
of NGS technologies. 

 
Figure 3.  Examples of clinical applications of WGS. The figure shows how WGS combines 

germline and somatic genomic features to improve cancer risk assessment. Image is 
modified version of Bagger et al 2024. Image created in Biorender.com 
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2.4.1 Genetic variations 
The National Human Genome Research Institute (NHGRI) defines genetic variation 
as “DNA sequence differences among individuals or populations” (Genomic 
Variation, n.d.) Differences in the genome sequence arise through mutation and 
recombination and contribute to the biological diversity observed among individuals 
and populations (Breschi et al., 2017; Halldorsson et al., 2019; Venter et al., 2001).  

A typical human genome on average contains ~3.9 million SNVs and ~1 million 
indels and together they account for just over 0.13% of the total genome by length. 
Although SNVs are the most abundant type of genetic variation, SVs have much 
greater impact on the genome overall. An average genome carries ~31,000 larger 
SVs, which account for 0.63% of the total genome (Taylor et al., 2024). Variants are 
classified based on their cellular origin and heritability into germline variants and 
somatic variants. 

Germline variants 

Germline variants occur in gametes (sperm cells or oocytes) or their precursor germ 
cells during gametogenesis. Variants present in a gamete are, replicated during 
meiosis and are transmitted to the zygote during fertilization. The variants are then 
propagated through subsequent mitotic cell divisions in the developing embryo and 
are therefore present in every cell of the resulting offspring, making them heritable 
(Definition of Germline Variant – NCI Dictionary of Cancer Terms – NCI, n.d.; 
Rahbari et al., 2015; Solís-Moruno et al., 2022; Stratton et al., 2009). 

Somatic variants 

In contrast to germline variants which are inherited, somatic variants arise as de novo 
changes in somatic cells after fertilization (Greenman et al., 2007). These post-
zygotic variants are not transmitted to offspring; instead, they are propagated through 
mitotic cell divisions leading to genetic mosaicism, where an individual can possess 
multiple genetically distinct cell populations (Vijg, 2014). Somatic variants 
accumulate over time and are a normal characteristic of aging tissue. Some of these 
variants give cells a growth advantage, called driver variants, allowing cell lineage 
to expand rapidly and thereby can lead to tumour formation. As the number of 
somatic variants grow with age, the likelihood of cancer also increases thereby 
putting especially aged individuals at risk (Solís-Moruno et al., 2022; Stratton et al., 
2009; Vijg & Dong, 2020). 

In addition to their cellular origin, genetic variations are classified based on their 
size from those that affect a single base pair to those that result in large chromosomal 
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rearrangements spanning millions of bases (Mullaney et al., 2010). Genetic 
variations can be classified into SNVs, indels, SVs and CNVs. 

2.4.1.1 Single nucleotide variants 

Variations originating from a change in a single nucleotide are known as SNVs. SNVs 
present in more than 1% of the population are commonly known as single nucleotide 
polymorphisms (SNP) (Richards et al., 2015; Sachidanandam et al., 2001; Vallejos-
Vidal et al., 2020). SNPs are used for example in Genome Wide Association Studies 
(GWAS) - a research method that tests the genomes of large populations to identify 
genetic markers, particularly SNPs, that are statistically associated with specific 
diseases or traits. GWAS traditionally uses genotyping arrays that assay a fixed panel 
of common variants. Imputation is then used to infer additional untyped variants using 
haplotype phasing and reference populations. The choice of genotyping platform 
depends on study goals, but with declining costs WGS could become the method of 
choice. The summary statistics generated by GWAS also enable the calculation of 
polygenic risk scores (PRS). PRS are used in estimating an individual's genetic 
predisposition to a specific disease or trait by aggregating the effects of many common 
genetic variants across the genome, rather than relying on a single gene (Jiang et al., 
2024; Uffelmann et al., 2021; Z. Zhao et al., 2021). 

Nucleotide substitutions, a common form of point mutation, is categorized into 
transitions and transversions based on the nature of nucleotide bases involved. In a 
transition, a purine is replaced by another purine (adenine ↔ guanine) or a 
pyrimidine is replaced by another pyrimidine (cytosine ↔ thymine) (C. Guo et al., 
2017). Transitions preserve the nucleotide base class and occur more frequently, 
mostly due to the chemical similarity between bases (Z. Zhang & Gerstein, 2003). 
In contrast, transversions involve the substitution of a purine for a pyrimidine or vice 
versa (e.g., adenine → cytosine). A transversion alters the nucleotide base’s 
structural class and occurs less often (C. Guo et al., 2017). 

2.4.1.1.1 Coding Regions 

SNVs within the coding regions can be either synonymous or non-synonymous, 
depending on whether they affect the amino acid sequence of the encoded protein.  
Due to the degeneracy of the genetic code, where multiple codons can code for the 
same amino acid, some nucleotide changes do not modify the encoded protein. These 
are known as synonymous SNVs. Even though these changes leave the amino acid 
sequence intact, they can still affect gene expression through multiple mechanisms 
including binding of transcription factors, mRNA stability and splicing (Gotea et al., 
2015; Livingstone et al., 2017; Z. Zeng et al., 2021; X. Zhang et al., 2017). 
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In contrast, non-synonymous SNVs do change the amino acid sequence of the 
protein and are further classified into missense and nonsense mutations. Missense 
mutations result in the substitution of one amino acid for another, which can affect 
protein structure, function, and stability (Sahni et al., 2015; Wong et al., 2020). 
Nonsense mutations introduce a premature termination codon (e.g., TAG, TAA, 
TGA), truncating the protein product and resulting in a non-functional protein 
(Wong et al., 2020). 

2.4.1.1.2 Non-Coding Regions 

SNVs occurring in the intronic and intergenic regions do not directly alter the amino 
acid sequence of a protein. However, they are not necessarily neutral and can impact 
gene function. Intronic SNVs can interfere with splice site recognition, triggering 
alternative splicing events that may yield proteins with altered amino acid sequences. 
Additionally, noncoding SNVs can influence gene expression by affecting 
regulatory elements, splicing efficiency, or transcriptional activity. (Dababneh et al., 
2025; Douglas & Wood, 2011; Law et al., 2007; H. Lin et al., 2019; Pagani & 
Baralle, 2004; Scotti & Swanson, 2015).  

2.4.1.2 Small insertion and deletion 

Indels are small genomic variants that involve the gain or loss of nucleotide 
sequences and are typically defined as affecting fewer than ~50 bp of sequence. 
Larger insertion and deletion events (>50 bp) are classified as SVs, which also 
include duplications, inversions, deletions and chromosomal rearrangements 
(Chaushevska et al., 2025; Z. Liu et al., 2022). 

2.4.1.3 Structural Variants 

SVs are a major category of genomic alteration involving rearrangements of DNA 
segments larger than ~50 base pairs and can range up to millions of bases in size 
(Alkan et al., 2011; Pande et al., 2025; Redon et al., 2006). These variants are an 
important source of genetic diversity and can contribute to disease development 
when they disturb gene function (Shlien & Malkin, 2009). SVs are broadly classified 
into two types including CNVs, involving gain or loss of DNA segments, and 
rearrangements, including inversions and translocations, that alter the genome 
without changing overall copy number (Pande et al., 2025). 
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2.4.1.3.1 Copy Number Variants 

CNVs are a subtype of SVs characterized by a change in the number of copies of a 
genomic segment, through deletions (loss) or duplications (gain). They range 
considerably in size from kilobases (kb) to several megabases (Mb), often spanning 
multiple genes (Mollon et al., 2023). When a CNV has a population frequency 
greater than 1%, it is termed a copy number polymorphism (CNP) (Richards et al., 
2015). As they directly impact the number of copies of a gene, CNVs are associated 
with a wide spectrum of diseases, including, e.g., a number of neurodevelopmental 
and psychiatric conditions, such as autism spectrum disorder (ASD), intellectual 
disability (ID) and developmental delay (DD), and schizophrenia  (Girirajan et al., 
2011; Mollon et al., 2023; Shlien & Malkin, 2009). 

2.4.1.3.2 Rearrangements 

Rearrangements are a class of balanced SVs that alter the physical arrangement of 
genomic segments without changing the total DNA copy number (Karaoǧlanoǧlu et 
al., 2020). During meiosis in germ cells, rearrangements can lead to production of 
gametes with unbalanced genomic material, resulting in genetic disorders in the 
offspring (Balachandran & Beck, 2020; Xiao et al., 2023), in particular, 
translocations and inversions. 

Translocations 

A chromosome translocation is a type of genetic variant where a segment detaches 
from one chromosome and reattaches to a different, non-homologous chromosome 
(Canoy et al., 2022). Chromosomal translocations can be classified as balanced or 
unbalanced. In a balanced translocation, chromosomal segments are rearranged 
without any net loss or gain of genetic material. Since the event is copy-number 
neutral, carriers are often phenotypically normal, though they may have reproductive 
risks. In an unbalanced translocation, on the other hand, genetic material is either 
duplicated or deleted, which can result in infertility, recurrent spontaneous abortions, 
neonatal death and ID (Pei et al., 2022; X. Zeng et al., 2023). Chromosomal 
translocations are also a common mechanism for the formation of fusion genes, 
particularly in cancer (Mohammad et al., 2024). 

Inversions 

A chromosome inversion is a type of SV where a segment of a chromosome is 
excised and reinserted in the reverse orientation without net gain or loss of DNA 
(Khandekar et al., 2023). Inversions can be further classified as pericentric, when 



Dhanaprakash Jambulingam 

 26 

involving the centromere, or paracentric when occurring only within one 
chromosome arm (Karamysheva et al., 2022). While many inversions are balanced, 
they still have pathogenic effects by disrupting genes at breakpoint regions, altering 
gene regulation through position effects or generate fusion genes, contributing to 
diseases such as cancer and reproductive disorders (Berdan et al., 2023; Pande et al., 
2025). 

Non-canonical / complex structural variants 

In addition to the above mentioned rearrangements, some SVs arise through complex 
mechanisms that do not fit in the most common SV categories. Chromothripsis is a 
type of complex SV where a catastrophic event leads to shattering of the 
chromosomal region into hundreds of fragments, which are then reassembled in 
random order, thereby resulting in complex genomic rearrangements (Groot et al., 
2023; Hancks, 2018). Retrotranspositions are a type of SVs, where MGEs such as 
long interspersed nuclear element-1 (LINE-1), SINE-VNTR-Alu (SVA) and other 
retrotransposons copy themselves via an RNA intermediate followed by insertion 
into new genomic locations, thereby altering the genome (Bergin et al., 2023; 
Cordaux & Batzer, 2009; Hancks, 2018). 

2.5 Data Analysis 
Advances in NGS technologies have reduced costs and time taken for sequencing 
thereby leading to generation of vast amounts of sequencing data and a necessity for 
development of novel bioinformatics tools. Modern NGS data need to go through 
multiple analytical stages before we can obtain biologically meaningful results from 
them. The need to manage the complex multi-step NGS data analysis led to the 
development of bioinformatics pipelines and workflow management systems 
integrating multiple individual tools into reproducible analysis frameworks (Köster 
& Rahmann, 2012; Larson et al., 2022; Satam et al., 2023).  

2.5.1 Workflow management systems 
Analyzing sequencing data involves careful chaining of multiple bioinformatics 
tools, each designed to handle a particular stage in the analysis process. The 
increasing complexity of the analysis pipelines and the increasing size of datasets 
make it essential to manage and run analyses on many samples reliably and 
reproducibly. To address this, modern workflow management systems have been 
developed that can orchestrate complex pipelines using workload managers, handle 
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execution across diverse computing environments and at the same time, are portable 
and reproducible (Vera Alvarez et al., 2021; Wratten et al., 2021).  

2.5.1.1 Nextflow 

Nextflow is a workflow management system that enables researchers to define and 
execute complex computational workflows in a scalable, portable and reproducible 
manner (DI Tommaso et al., 2017). Nextflow uses a dataflow programming model 
where processes exchange data through asynchronous channels, allowing nextflow 
to automatically determine task dependencies without the need for pre-computed 
dependency graphs. Unlike systems where outputs must always be file-based, 
nextflow can handle varying data and task requirements, including in-memory 
objects. In addition, nextflow integrates a wide range of execution platforms, 
including high-performance computing (HPC) and cloud computing environments 
and software package managers to ensure software dependencies are isolated and 
reproducible (Agudelo-Romero et al., 2025; Rashid et al., 2024). 

2.5.1.2 Snakemake 

Snakemake is a workflow management systems that follows a “Make-like” rule 
based approach, where computation is based on pre-estimation of all computational 
dependencies (Köster & Rahmann, 2012). Here, the user defines rules on how raw 
input data is transformed into expected outputs and lets the system compute the 
dependencies before execution. The dependencies between rules are represented in 
the form of a directed acyclic graph (DAG), which ensures that each step is run in 
the correct order and enables parallel execution where possible. Even though the 
approach is less dynamic than the dataflow model used by other workflow systems, 
it allows users to define complex multi-step pipelines with clear structure and 
reproducibility. Snakemake workflows are modular and portable and can be 
implemented in a wide range of execution platforms and computational 
environments. 

2.5.1.3 Galaxy 

Galaxy is a web-based platform that enables accessible and reproducible data 
analysis through a graphical user interface (GUI), Allowing researchers without 
programming experience to construct and run workflows. The platform includes a 
large library of tools and the Galaxy Tool Shed which enables integration of external 
tools into workflows (Abueg et al., 2024). Even though Galaxy’s public servers 
provide a powerful resource for small to medium scale analysis, large datasets and 
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sample sizes may prove challenging. Deploying a local Galaxy server can address 
resource limitations and provide security for sensitive data. Among GUI-based 
workflow management systems, Galaxy is widely adopted (Abueg et al., 2024; 
Giardine et al., 2005). 

2.5.2 Execution environment 
The execution environment, more commonly referred to as run environment, refers 
to the complete set of software, libraries and configuration files required to carry out 
a computational analysis. The run environment needs to be preserved to ensure the 
reproducibility and portability of bioinformatics workflows (Grüning et al., 2018; 
Mölder et al., 2025; Qin et al., 2024).This is aided by containerization technologies, 
which isolate the run environment from the operating system (OS). Containers 
package software, libraries, and dependencies into lightweight units that can be 
executed consistently across local machines, HPC clusters, and cloud platforms. 
Unlike virtual machines, which emulate an entire OS, containers share the host 
kernel, making them significantly faster and more resource-efficient (Merkel Dirk, 
2014). 

2.5.2.1 Docker 

Docker is an open-source containerization platform that enables researchers to 
encapsulate software tools together with all necessary dependencies and 
environmental settings into portable images that can be shared using registries such 
as DockerHub. The platform uses Linux container technology, specifically LinuX 
Containers (LXC), control groups (cgroups) and copy-on-write file systems to 
resolve software dependency and runtime environment inconsistencies (Merkel 
Dirk, 2014). Since the run environment is packed into an immutable image, docker 
containers can be executed consistently across different host environments from 
local desktops to HPC systems, making docker suitable for distributing 
bioinformatics workflows (Merkel Dirk, 2014).  

2.5.2.2 Apptainer/Singularity 

Apptainer (formerly Singularity) is an open-source container platform designed 
specifically for scientific computing in HPC systems. Unlike enterprise focused 
containers such as Docker, which require root level access to execute workflows, 
Apptainer’s security model enables users to execute containers without elevated 
security privileges (Mitra-Behura et al., 2021). Like Docker, Apptainer addresses 
fundamental challenges such as portability and reproducibility by encapsulating the 
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entire run environment. In addition, it is compatible with docker images, thereby 
bridging existing ecosystem gaps. Singularity works seamlessly with all HPC 
resource managers such as Simple Linux Utility for Resource Management 
(SLURM), Sun Grid Engine (SGE) and Portable Batch System (PBS)/Torque, 
making it an essential tool to manage run environments (Kurtzer et al., 2017). 

2.5.3 Execution platforms 
Large scale data analysis such as sequencing analysis requires large scale 
computational infrastructure. HPC clusters and commercial cloud computing 
platforms offer two distinct models for scientific computation, each with 
characteristic strengths and constraints. 

2.5.3.1 HPC clusters 

HPC clusters are widely used in academic and research institutions, to meet the 
computational demand of large-scale genomic data analysis. These clusters consist 
of multiple interconnected servers, called compute nodes, often managed by 
workload managers such as SLURM, PBS/Torque, or SGE (Elshambakey et al., 
2024), which optimize the execution of parallel workloads, as they efficiently 
allocate resources such as central processing unit (CPUs) cores, graphical processing 
unit (GPUs) and memory across multiple simultaneous tasks while enforcing limits 
that prevent them from overloading the system. This makes them well suited for 
computationally heavy sequence analysis tasks such as read alignment, variant 
calling, and differential expression analysis (Hofert, 2024; Kurc et al., 2009; Yoo et 
al., 2003).  

2.5.3.2 Cloud computing platforms 

Commercial cloud computing platforms  provide on-demand access to computing 
resources which enables efficient storing and processing of data remotely. Unlike 
traditional on-premise HPC infrastructure, cloud platforms require lower capital 
making them easier to adopt. However, their pay-as-you-go model can lead to 
increasing costs in the long run depending on the utilization (Armbrust et al., 2010; 
Sachdeva et al., 2024).  

2.5.4 Version control systems 
Version control systems (VCS) are essential to ensure reproducibility and 
collaboration in research by providing a structured way to track changes, manage 



Dhanaprakash Jambulingam 

 30 

versions and coordinate work. Git is among the most widely used VCS currently 
available. Unlike older VCS, the distributed architecture of git allows it to track all 
changes locally improving speed while ensuring that every user has a complete copy 
of the project repository which also can be restored in case of failure. Git’s branching 
model allows researchers to simultaneously work on independent development of 
new features without impacting the master project, and a unique staging area acts as 
an intermediatory point between working directory and final commit allowing users 
to choose which commits to include. Code repositories such as GitHub and GitLab 
extend git’s functionality with features including issue tracking, pull requests, code 
review and access control, making it easier to track changes and support 
collaborative software development (Blischak et al., 2016; Perez-Riverol et al., 
2016). 

2.5.5 Genome Analysis Toolkit best practices for DNA-seq 
data 

The Genome Analysis Toolkit (GATK) developed by the Broad institute provides 
widely adopted best practice recommendations for variant discovery from NGS data. 
The GATK best practices guideline describes a multi-step workflow that transforms 
raw sequencing reads in the form of fastq files into accurate, analysis ready variant 
calls.  

The workflow begins with reads that have passed quality control (QC), which 
are then aligned to a reference genome using Burrows-Wheeler Aligner (BWA) - 
Maximal Exact Match (MEM) (Li & Durbin, 2009; Zanti et al., 2021). This step 
produces a Sequence Alignment/Map file (SAM) file which contains the genomic 
position of each read relative to the reference genome.  

The aligned reads are then processed to improve data quality, including sorting, 
marking duplicate reads generated during PCR amplification and base quality score 
recalibration (BQSR) to correct systematic errors in the quality scores assigned by 
the sequencing machine. These preprocessing steps are designed to reduce false 
variant calls arising from technical artifacts. 

Variant calling is performed using GATK’s HaplotypeCaller, which identifies 
both SNVs and indels by locally reconstructing indels. Following variant calling, 
quality filtering is applied to distinguish true variants from noise, this is commonly 
done using variant quality score recalibration (VQSR) or hard filtering. At present, 
BWA-GATK workflow is one of the most widely used workflows and is considered 
the gold standard due to its emphasis on accuracy and efficiency (G. A. Van der 
Auwera et al., 2013; G. Van der Auwera & O’Connor, 2020). 
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3 Motivation and aims of the thesis 

Advances in next-generation sequencing (NGS) technologies have significantly 
reduced sequencing time and cost, shifting the primary bottleneck from data 
generation to computational analysis (Noor et al., 2015; Satam et al., 2023; Torri et 
al., 2012). 

In the context of gene co-expression analysis, existing methods frequently 
separated computational analysis from visualization, requiring users to preprocess 
and filter the results prior to visualization. This separation reduced accessibility to 
researchers with limited programming expertise and at the same time restricted 
exploratory data analysis. Although GUI based tools for co-expression analysis have 
been developed, they were often commercial or computationally demanding, 
motivating the development of an integrated and accessible solution for co-
expression analysis and visualization. 

A wide range of tools and workflows exist for analysing DNA-seq and RNA-seq 
data, however their practical use is often restricted by limited flexibility in 
customization, steep learning curve to get acquainted with the workflow or poor 
transparency of intermediate analysis steps (DI Tommaso et al., 2017; Leipzig, 
2017). At the time of this work, many published pipelines were implemented as rigid 
ad-hoc solutions that were difficult or impossible to customise and lacked re-
entrancy, thereby limiting their broader adoption (Cinaglia & Cannataro, 2025; 
Leipzig, 2017; Wratten et al., 2021). In response to these limitations, workflow 
management systems were developed to simplify workflow development and 
maintenance, while improving modularity, reproducibility, and portability. Although 
workflow management systems such as Nextflow, Workflow Description Language 
(WDL) and Snakemake, now address these issues, they were relatively new when 
this work began. There was a need for a simple, transparent, and customizable 
workflow, leading to the development of Kuura pipeline for analysis of WES and 
WGS data. 

Similarly, many RNA-seq workflows were limited in scalability and focused 
mainly on upstream processing, often ending before differential gene expression 
(DGE) analysis. Downstream analysis and visualization required additional manual 
steps, reducing reproducibility. This work aimed to address these limitations by 
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developing a scalable, containerized RNA-seq workflow that integrates downstream 
analysis and visualization (Corchete et al., 2020; Davis-Turak et al., 2017). 

In addition, as the cohort sizes increase, there is an even greater need for modular 
and reproducible frameworks that lets researchers mix-and-match tools, adjust 
parameters and inspect intermediate outputs with minimal effort. 
 
To address these needs, the specific aims of the thesis were as follows: 

1. Development of tools to facilitate analysis and visualization of gene co-
expression. 

2. Development of a robust and automated workflow for comprehensive 
analysis of WES and WGS data. 

3. Development of a scalable, containerized RNA-seq workflow for 
automated and reproducible differential gene expression and further 
downstream analysis 

Publication I covers the development and methodology of BioCPR, an analysis 
and visualization tool for gene co-expression, Publication II covers the 
development and optimization of Kuura, a variant calling pipeline for analysing 
WES and WGS data, Publication III covers the development of Sampo, an RNA-
seq workflow to analyse and visualise DEGs. 
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4 Materials and Methods 

In this section, Roman numerals I, II and III after each header indicate in which 
article the method was used. 

4.1 Datasets 
The datasets presented here were used in the publications included in this thesis. The 
datasets were downloaded from public data repositories and are available without 
any restrictions.  

4.1.1 Dataset used in Publication I 
The aim of this publication was to develop an interactive and user-friendly tool to 
facilitate the analysis of gene-gene correlations and identify co-expression 
networks from differential gene expression data. The tool has been used in our 
group for quick analysis and visualization of expression data, for publishing it was 
opted to use a publicly available dataset from The Cancer Genome Atlas (TCGA) 
– The Molecular Taxonomy of Primary Prostate Cancer (Abeshouse et al., 2015). 
The dataset was obtained using the cBioPortal (Cerami et al., 2012) with study id 
“prad_tcga_pub”.  

The dataset originates from a study where the authors conducted molecular 
analysis of 333 primary prostate carcinomas. The gene expression dataset was 
obtained via the cBioPortal and the dataset was converted into a format compatible 
with BioCPR – a matrix containing gene symbols (rows) by samples (columns) in 
a tab-delimited format with all non-numeric columns removed. In the processed 
input matrix, each row corresponds to a unique gene symbol, and each column 
represents an individual sample. All non-numeric columns such as a pvalue, 
log2FoldChange and other metadata are excluded to enable direct parsing of the 
input by BioCPR. This preprocessing step eliminates the need for additional user 
side formatting, thereby preserving data integrity and reproducibility of subsequent 
analyses. 
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4.1.2 Dataset used in Publication II 
The aim of this publication was to develop a fully automated end-to-end analysis 
pipeline for analysing WES and WGS sequencing data. The datasets are widely 
used for benchmarking variant calling tools and are considered the gold standard 
for this purpose. The datasets are publicly available and were downloaded from 
the EBI FTP server. The characteristics and metadata of the datasets are detailed 
in Table 1, 

Table 1.  Information on the datasets used for validating publication II. 

Sample ID NIST ID 
SRA accession 

number Ancestry Project 

NA12878 HG001 SRR14724473 CEPH/UTAH HapMap 

NA24385 HG002 SRR14724472 Ashkenazi Jewish Personal genome 
project NA24631 HG005 SRR14724469 Han Chinese ancestry 

4.1.3 Dataset used in Publication III 
The aim of this publication was to develop a scalable, containerized RNA-seq 
pipeline that runs end-to-end beginning with fastq files to identifying DEGs and 
finally concluding with enrichment analysis and visualization, thereby providing 
comprehensive sets of results with minimal intervention. A publicly available dataset 
from the sequence read archive (SRA) – SRP193095 was used to demonstrate the 
working of the Sampo pipeline (You et al., 2019). 

The dataset comprises 23 paired esophageal squamous cell carcinoma (ESCC) 
and adjacent normal tissue samples and was designed to identify long non-coding 
RNAs (lncRNAs) that drive ESCC progression. 

4.2 Methodology and Analysis Tools 
Sequencing data is initially generated in the Binary Base Call (BCL) format. To 
make it compatible with external data analysis tools, the data is converted to a text-
based FASTQ file format. The FASTQ format serves as the raw input for most 
workflows and consists of four newline-separated fields per sequence, as illustrated 
in Figure 4 (Cock et al., 2010). 
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Figure 4. Composition of a FASTQ file. A FASTQ file consists of 4 lines: 1. sequence identifier 

starting with @, 2. nucleotide sequence, 3. separator line, 4. ASCII encoded quality 
scores where each quality score corresponds to the base at the same position in the 
sequence. 

4.2.1 Preprocessing (II, III) 

4.2.1.1 Quality control (II, III) 

Preprocessing sequencing data is an essential step in standard NGS data analysis. It 
includes assessing the quality of raw reads that are in FASTQ format, followed by 
removing low quality bases and adapter sequences, and checking the cleaned data 
before proceeding with further analysis. Preprocessing is done to ensure that 
sequencing errors and contaminants do not bias alignment or variant calling 
(Andrews et al., 2012; S. Chen et al., 2018). 

The initial step in any NGS data analysis is generating summary statistics to 
obtain an overview of the raw sequencing data. This usually involves assessing the 
quality of reads stored in FASTQ format and obtain per-base and per-read quality 
profiles (S. Chen et al., 2018; Cock et al., 2010). Over the years, multiple tools have 
been developed to address this issue and generate a detailed summary of the FASTQ 
data such as FASTQC (Andrews et al., 2012), MultiQC (Ewels et al., 2016), 
PRINSEQ (Schmieder & Edwards, 2011), QUACK (Thrash et al., 2018)  and others. 
Amongst the available tools FASTQC is by far the most widely used due to its quick 
overview of the data as well as user friendly outputs and is used as the default tool 
for generating quality control summary in this work. 
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4.2.1.2 Read trimming (II, III) 

After generating a quality summary and identifying low-quality reads and adapter 
content, the reads are trimmed to remove these sections and ensure that the read 
alignment along the genome is accurate, thereby reducing further downstream 
biases.  

Multiple tools are available for read preprocessing, with each offering distinct 
advantages depending on dataset characteristics and research objectives (Yang et al., 
2019). Commonly used tools for preprocessing include cutadapt (Martin, 2011), 
trimmomatic (Bolger et al., 2014), fastp (S. Chen et al., 2018), SOAPnuke(Y. Chen 
et al., 2018) or SeqPurge (Sturm et al., 2016). 

Amongst commonly used tools, cutadapt and fastp were selected in this work as 
they cover two most common preprocessing scenarios in NGS data. Cutadapt was 
chosen for cases where information on adapter sequences are available as it allows 
exact trimming of those sequences along with user defined quality and length 
thresholds. Fastp was chosen as the default alternative when adapter sequences are 
not available as it can perform dynamic adapter detection along with quality filtering 
and generate post QC quality reports. 

4.2.1.3 Post-trimming quality control (II, III) 

Post trimming, it is good practice to run FastQC again to verify that low-quality 
bases and adapters have been successfully removed and the read length distribution 
and per-base quality scores are within acceptable ranges. While trimming typically 
improves overall read quality, over-trimming can result in loss of data, so it is 
important to balance stringency with retention (Williams et al., 2016). 

4.2.2 Alignment and Base Quality Score Recalibration (II, 
III) 

4.2.2.1 Read Alignment (II, III) 

Following preprocessing, the initial step in processing sequencing data is to align the 
cleaned reads to a reference genome also known as read alignment or read mapping. 
The reads are aligned to a known reference genome, in this case the human reference 
genome assembly GRCh38, to determine the precise location of the reads within the 
genome. Alignment involves matching sequencing reads to the reference genome, 
accounting for possible sequencing errors, insertions, deletions, and polymorphisms 
(Hatem et al., 2013). 
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Alignment algorithms typically employ either hash-based or index-based 
strategies. Hash-based aligners, such as Mapping and Assembly with Quality 
(MAQ), construct a hash table to index the reads and then search the reference 
genome against the hash table for matches (Li et al., 2008). Index-based aligners, 
like BWA (Li & Durbin, 2010) and Bowtie2 (Langmead & Salzberg, 2012), create 
a compact and searchable index of the reference genome using FM-index and 
Burrows-Wheeler Transform to enable efficient alignment. 

In the Kuura pipeline, DNA sequencing reads are aligned to the reference 
genome using BWA-MEM (Li, 2013), which generates SAM files. These SAM files 
are then converted to compressed BAM format using SAMtools (Li et al., 2009). 
The aligned reads in BAM format are sorted by their genomic coordinates to 
organize them according to their position in the reference genome.  

In case of RNA-seq analysis, the alignment accuracy of reads is further 
complicated by the presence of splicing events.  Mature mRNA transcripts are 
produced through splicing, where introns are removed and exons are joined together. 
During RNA-seq, this results in sequencing reads that may span splice junctions 
(Wang et al., 2008). Traditional aligners not designed to handle spliced reads may 
fail to align these reads correctly, necessitating the use of splice-aware aligners 
(Trapnell et al., 2010). 

Splice-aware aligners such as Spliced Transcripts Alignment to a Reference 
(STAR) (Dobin et al., 2013) and Hierarchical indexing for spliced alignment of 
transcripts 2 (HiSAT2) (Kim et al., 2019) can accurately map reads spanning exon-
exon junctions by accounting for the splicing patterns, thereby facilitating reliable 
downstream analysis. 

In the Sampo pipeline, sequencing reads are aligned to the reference genome 
using STAR aligner. The aligner builds a genome index using the reference genome 
and gene annotation file (GTF), which helps in recognizing known gene structures 
and splice sites. After generating the genome index, reads are then aligned to the 
reference genome. Unlike DNA aligners, STAR can accurately map reads that span 
exon-exon junctions by splitting reads at intron boundaries. 

4.2.2.2 Duplicated reads and Base Quality Score Recalibration (II) 

Following read alignment, duplicated reads need to be removed from the BAM file. 
Duplicated reads are groups of reads that map to the same genomic location. Such 
duplicates often arise from technical artifacts, such as PCR amplification during 
library preparation or sequencing artifacts such as optical duplicates. In contrast, 
multiple reads mapping to the same location may represent independent biological 
fragments in high coverage regions, and they cannot be reliably distinguished from 
technical duplicates based on alignment alone (Bansal, 2017). As a result, all such 
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reads are flagged using Picard's MarkDuplicates tool to prevent bias and improve 
accuracy during variant detection. In each set of duplicates, the read with highest 
quality score is kept as a representative and all remaining reads are marked as 
duplicates.  

Sequencing machines are prone to make mistakes when estimating the accuracy 
of each base call. Like duplicated reads, it is necessary to address the discrepancies 
in quality scores as they are often over-estimated. The systemic errors in quality 
scores are corrected using Base Quality Score Recalibration (BQSR). The BQSR 
process uses machine learning algorithms to model errors and adjust quality scores 
based on covariates like sequence context, base position within the read and 
respective read groups (Depristo et al., 2011). It is important to note that the BQSR 
process does not correct the base calls themselves but rather adjust the associated 
quality scores. The process is divided into two stages, where in the first stage GATK 
BaseRecalibrator uses known variant datasets, such as dbSNP, to exclude positions 
containing true variant to avoid recalibrating those as errors and creates a 
recalibration file. In the second stage, GATK ApplyBQSR uses the recalibration file 
to adjust each base’s quality score ensuring that only systematic biases are corrected 
(G. A. Van der Auwera et al., 2013). 

4.2.3 Variant Calling (II) 
Variant calling is the computational process of examining each genomic position to 
determine where the nucleotide sequences differ from the reference genome it was 
aligned to (Olson et al., 2023). 

To improve the confidence of the germline variant calls, Kuura uses a consensus-
based approach by integrating five distinct variant callers. By doing so, this approach 
reduces the biases from individual variant calling algorithms and increases the 
reliability of the variant calls (O’Rawe et al., 2013). The variant callers used are 
GATK HaplotypeCaller, DeeptVariant, FreeBayes, Strelka2 and VarScan2. 

4.2.3.1 GATK HaplotypeCaller (II) 

Several variant callers have been developed to accurately identify variants calls from 
sequencing data amongst them, GATK HaplotypeCaller is one of the widely used 
(Lin et al., 2022). HaplotypeCaller can call both SNVs and indels simultaneously via 
local de-novo assembly of haplotypes in an active region (Pirooznia et al., 2014; G. 
A. Van der Auwera et al., 2013). It uses Bayesian statistics to determine genotype 
likelihoods.  

Moving forward in the analysis, we need to filter out probable artifacts and 
examine the accuracy of the variant calls. To this end we used GATK’s Variant 
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Quality Score Recalibration (VQSR), a machine learning algorithm that uses a 
Gaussian mixture model to classify variants based on how their annotation values 
cluster when trained with a set of high-confidence variant calls (Pirooznia et al., 
2014; G. A. Van der Auwera et al., 2013). The VQSR process involves two main 
steps as briefed below. 

• Model Building 

GATK VariantRecalibrator uses known, highly validated variant resources (e.g., 
from HapMap or 1000 Genomes Project) to select a subset of variants from our 
variant calls that are deemed true positives. This true-positive subset is used as a 
training set where its annotations such as base quality, read depth or mapping quality 
are used to train a recalibration model to differentiate between true positives and 
artifacts (false positives). The model then assigns a scoring metric called Variant 
Quality Score Log-Odds (VQSLOD) to the INFO field of each variant. 

• Variant Scoring  

GATK ApplyVQSR uses a filtering threshold based on the recalibration table to 
mark which variants passed and which failed in the output VCF files. 

4.2.3.2 DeepVariant (II) 

Standard variant callers use a combination of different statistical models to identify 
and score variants, while having to account for factors such as base quality, mapping 
bias, and local sequence context. DeepVariant was developed to improve the 
available statistical models with a single deep learning model. It uses a deep 
convolutional neural network (CNN) that represents aligned reads as multi-channel 
images (read pileups) to learn the relationship between sequencing artifacts and true 
genotype calls directly from training data, enabling it to achieve higher accuracy 
(Poplin et al., 2018). DeepVariant performs variant calling in three stages. 

• Data encoding 

Mapped data is scanned for sites that differ from the reference genome. At sites 
identified as potential variants, the read and reference data is transformed to multi-
channel tensors, known as pileup images, for the neural network to analyse. Standard 
images are made of 3 channels - red, green and blue, whereas DeepVariant’s tensors 
are encoded as six layers - ‘read base’, ‘base quality’, ‘mapping quality’, ‘strand’, 
‘read supports variant’ and ‘base differs from ref’. 

• Deep Learning Inference  

Each tensor is evaluated via a pretrained CNN that has been trained using truth-set 
genomes to distinguish statistical patterns between artifacts and true positives. For 
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each tensor evaluated, the CNN generates three distinct genotype likelihoods 
representing homozygous reference (0/0), heterozygous (0/1), and homozygous 
variant (1/1). 

• Refinement  

The actual variant calling happens in the post-processing stage, where the genotype 
likelihoods generated by the neural network are converted to variant calls to produce 
a VCF file, complete with all necessary quality score and genomic annotations. 

4.2.3.3 FreeBayes (II) 

FreeBayes is a haplotype-based variant caller that uses a Bayesian model to detect 
SNVs, indels and complex variants from mapped sequencing reads. Unlike traditional 
statistical methods that evaluate each genomic site independently, Freebayes performs 
local probabilistic reassembly of short-read sequences and uses this reassembly to infer 
a set of possible haplotypes. Variants are then called from these inferred haplotypes 
rather than from their precise alignments (Garrison & Marth, 2012). 

4.2.3.4 Strelka2 (II) 

Strelka2 is a small-variant caller designed for both germline and somatic variant 
calling. It implements a two-tiered haplotype modelling strategy where it uses a fast 
alignment-based method in simple genomic regions and a local assembly-based 
method in complex genomic regions.  

Strelka2 can self-calibrate to the data it is processing by using a statistical 
mixture‑model-based approach to dynamically estimate error rates for both SNVs 
and indels directly from sequencing data, thereby accounting for technical variability 
and reducing false positive calls (Kim et al., 2018).  

4.2.3.5 VarScan2 (II) 

VarScan2 is a platform-independent heuristic-based variant detector for detecting 
both somatic and germline variants. It is a position-based approach that works 
directly on alignment pileups where it applies user-defined parameters for read 
depth, allele frequency and base quality scores to classify true variants from 
sequencing artifacts. In addition to germline variants, it can be used for somatic 
variant analysis, as well, where it uses Fisher’s exact test to contrast allele 
frequencies in matched tumour-normal pairs to classify variants into germline, 
somatic or loss of heterozygosity (LOH). The heuristic-based approach used in 
VarScan2 can limit sensitivity for very low-frequency variants as compared to other, 
more computationally intensive methods available (Koboldt et al., 2012). 



Materials and Methods 

 41 

4.2.4 Variant Annotation (II) 
To understand the biological and clinical effects of variants, it is necessary to 
assign functional and biological context to them, which is known as variant 
annotation. High-confidence variant calls like those identified consistently across 
multiple variant callers are subjected to functional annotation using Ensembl's 
Variant Effect Predictor (VEP) (McLaren et al., 2016). Ensembl VEP predicts the 
functional consequences of variants (e.g., missense, nonsense, splice-site) by 
integrating data from multiple genomic databases, including GENCODE for gene 
models, ClinVar for clinical significance, and gnomAD for population frequency. 
Considering the size of the dataset used for annotation, Ensembl VEP is run in 
offline mode with a local cache of annotation data for the GRCh38 human genome 
version. 

4.2.5 Read Quantification and Cleaning (III) 
To quantify the number of reads mapping to each gene in RNA-seq data, 
featurecounts (Liao et al., 2014) tool is used. This assigns sequencing reads to 
genomic features (e.g., exons, genes) based on alignment coordinates and produces 
a count matrix that reflects gene expression levels across samples. 

The resulting count data is cleaned to remove any anomalies or inconsistencies, 
ensuring that the data is suitable for further differential expression analysis. This is 
done by removing the initial header line containing the program version and 
commands, followed by filtering the contents to retain only gene identifiers and raw 
read counts for the corresponding sample. 

4.2.6 Differential Expression Analysis and Visualization 
(diffwrap) (III) 

The final stage involves identifying genes that are differentially expressed between 
different biological conditions. Sampo pipeline uses the diffwrap R package to 
identify DEGs, which provides a streamlined interface to the edgeR and limma R 
packages thereby producing DEGs results and numerous visualizations. 

4.2.7 Correlation Analysis (I) 
An open-source R/Shiny application that facilitates interactive analysis and 
visualization of DEGs through dynamic heatmaps in article I. The tool is built in 
R with the Shiny framework to create a web-based interface for easy access. The 
tool used Pearson correlation coefficients under the assumption that log-
transformed expression data follows a normal distribution. Statistical significance 
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of correlations is determined using two-tailed Student's t-tests, implemented 
through R's pt() function and results are visualized via the coreheat package.  

4.3 Artificial intelligence (thesis)  
OpenAI’s ChatGPT, based on the GPT-4 language model, was used to improve the 
grammar, spelling, and overall readability of this thesis 
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5 Results 

5.1 Core functionalities and applications of BioCPR 
(I) 

BioCPR is an open-source application built in the R language and uses the R Shiny 
library to create a portable web application that can be run locally or hosted on a 
server. The tool was primarily developed to ease the analysis and visualization of 
gene expression data and identify co-expressing genes. The tool takes differential 
gene expression data in the form of a matrix, where the columns correspond to 
different samples and the rows correspond to gene symbols.  

The tool displays the content of the expression dataset for inspection and enables 
users to perform optimal preprocessing steps, such as standardizing gene symbols 
(e.g., converting Ensembl IDs to gene symbols) and pre-filtering genes. The 
expression dataset can be filtered in two mutually exclusive ways. 

I By number of genes, where the user specifies the number of genes to be 
included in the plot and based on that top N most variable genes are 
selected. 

II By gene symbol, where the user can define one or more genes of interest 
to be included in the analysis by selecting them. 

This functionality ensures that the user has an opportunity to explore relationship 
between genes within their dataset by focusing on genes with high variance or 
examining the interaction between a gene of interest with its closely correlated 
partners.  

Genes with higher variance across samples are prioritized in co-expression 
analysis as they provide more informative signal for correlation estimates, thereby 
increasing sensitivity. In contrast, low variance genes tend to be dominated by 
technical noise, making it difficult to distinguish true biological co-expression from 
technical variability (Zhang et al., 2021; Zhao et al., 2025). Visualization-based 
examination of co-expression patterns has been widely used for interpreting high-
dimensional transcriptomics data, specifically for identifying gene modules, hub 
genes, and condition-specific networks. In line with prior studies, this method 
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enables focused, hypothesis-generating analysis rather than definitive novel 
interaction discovery (Morabito et al., 2023; Ospina et al., 2025).  

By adjusting the option “Number of genes surrounding selection”, after the 
correlation matrix is generated, the tool selects the gene of interest and includes only 
the gene plus a user defined number of closely correlated neighbours (genes 
surrounding our gene of interest in a clustered correlation matrix). The interactive 
filtering approach allows users to focus on a particular set of genes of interest without 
manually editing the input dataset.  

Proceeding further to visualization, BioCPR uses Pearson’s correlation for the 
calculation of correlation coefficients from gene expression data which are then 
visualized as heatmaps. To ensure statistical validity of the observed associations, p-
values are calculated for each gene-pair correlation by transforming the Pearson 
correlation coefficient (𝑟𝑟) into t-statistic using the formula. 

𝑡𝑡 = 𝑟𝑟�
𝑛𝑛 − 2
1 − 𝑟𝑟2

   

Where 𝑛𝑛 represents the number of samples with complete observations for the 
given gene pair. Two‑tailed p‑values are obtained from the Student’s t-distribution 
with 𝑛𝑛 − 2 degrees of freedom using the pt function from the R stats package. 

The resulting p-values are shown as visual annotations in the heatmap to help 
interpret dense regions. Here, a p-value of < 0.05 is assigned *, a p-value of < 0.01 
is assigned ** and finally a p-value of < 0.001is assigned ***, to emphasize their 
significance. This helps to visualize the significantly correlated gene pairs with 
relative ease and distinguish them from noise in dense datasets.  

Given the exploratory nature of correlation heatmaps and the large number of 
pairwise tests performed in co-expression analysis, multiple-testing correction is not 
applied by default. Accordingly, the significance annotations are intended to guide 
heuristic interpretation rather than to support confirmatory statistical inference. 
Users are encouraged to apply appropriate multiple-testing correction or independent 
validation in downstream analyses when drawing biological conclusions. In 
addition, correlation heatmaps can be further customised and the options provided 
for customization are listed in Table 2. 
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5.2 Interpreting the heatmap (I) 

 
Figure 5. Correlation heatmap created from the subset of PRAD TCGA dataset. The heatmap 

highlights positive correlations in deep red and negative correlations in deep blue. The 
histogram on the top right corner of the image shows the distribution of correlation 
coefficients.  

The tool was validated using the publicly available dataset – The Molecular 
Taxonomy of Primary Prostate Cancer (Abeshouse et al., 2015) to assess its ability 
to analyse, cluster and visualize gene co-expression patterns. Using this dataset, 
BioCPR generated an interactive heatmap that displayed structured blocks of 
positively and negatively correlated genes. 
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Table 2.  Functionalities available for visualization and dynamic filtering of correlation plots in 
BioCPR. The table summarizes available tools for interactive exploration of correlation 
plots, including visualization options and filters that allow users to refine results based 
on selected criteria. 

Functionalities Effect 

Add Significance Stars Heatmap cells are annotated with *, ** or *** to indicate 
their p-value thresholds (p < 0.05/0.01/0.001) 

Highlight Selected Genes If the user had selected a list of genes for pre-filtering, 
they are shown with an outline on the heatmap 

Image size Used to change the size of the generated plot 

Gene Label Size Adjusts row/column label font size so long gene 
names remain visible 

Enter Plot Title Custom title for the heatmap upon export 

Download as PDF Render heatmap as a PDF 

Show advanced controls View/hide advanced controls section 

Cluster and Filter Correlations Enable/disable hierarchical clustering 

Allowed Fraction of NAs per Row (%) Tolerance for missing values per row (gene) 

Filter by Correlation Value Enable/disable threshold-based filtering 

Correlation Filter threshold Correlation value threshold to retain/remove rows 

Correlation Filter Margin per Row (%) Fraction of rows where a specified percentage of their 
correlation coefficients are higher than the threshold 

Filter by Cutting the Dendrogram Enable/disable tree cutting 

Threshold for Tree Cutting Tree cutting threshold 

Number of Genes on a Tree Branch 
to be Considered a Cluster 

Number of genes in tree branch to be considered a 
cluster. 

 

The correlation coefficients were calculated from the expression matrix and 
subsequently clustered using a hierarchical clustering pipeline implemented in 
BioCPR. The correlation matrix is filtered for missing values, transformed into a 
dissimilarity matrix using the formula (1 − 𝑟𝑟) and then processed using 
agglomerative hierarchical clustering with the complete linkage method via the 
ℎ𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 function. Once the correlation matrix is clustered, the reordered correlation 
matrix was visualized as an interactive heatmap as shown in Figure 5 and is 
accompanied by a numeric correlation matrix.  

Each cell of the heatmap represents the direction and strength of the correlation 
matrix, here deep red colour indicates a strong positive correlation, and deep blue 
colour indicates a negative correlation. A colour key and histogram are provided as 
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a small inset on the top left margin to summarize the distribution of correlation 
coefficients.  

We visualized strong positive correlation between DNA repair genes such as 
BRCA1-BRCA2 and negative correlations between HOXB13 and genes such as 
BRCA1/2. These patterns are consistent with known co‑expression patterns reported 
in previous gene expression and cancer co-expression analyses. For example, Miller 
et al. (2021) establish a computational framework for using gene co-expression 
correlations to predict gene function, while Custódio et al. (2022) provide clinical 
evidence for the coordinated regulation of BRCA1/2 and other homologous 
recombination (HR) genes in ovarian tumours. Finally, Mitsiades et al. (2024) 
identify a distinct genomic mechanism in which co-amplification of 
ERBB2/HOXB13 occurs alongside the interstitial loss of BRCA1 (Custódio et al., 
2022; Miller & Bishop, 2021; Mitsiades et al., 2024). 

5.3 Kuura workflow and output (II) 
Kuura is implemented as complete WES/WGS analysis pipeline, containerised using 
docker to ensure reproducibility and orchestrated with nextflow for full automation 
and scalability. The pipeline comprises of four main stages: 1. quality control and read 
trimming, (2) alignment and BQSR, (3) variant calling, and (4) variant consensus and 
annotation. An overview of the pipeline structure is shown in Figure 6. 

The key feature of the Kuura pipeline is the implementation of multi-caller 
consensus strategy for variant identification. In the final stage, the VCF outputs from 
five different variant callers are intersected to generate a high-confidence variant set, 
while variants supported by single callers are retained separately as low-confidence 
variant sets for optional downstream review. Consensus or ensemble approaches that 
integrate variant calls from multiple callers have previously been shown to improve 
the accuracy of variant detection compared to individual tools, primarily by reducing 
false-positive calls while maintaining sensitivity in both WES and WGS datasets 
(Chiara et al., 2018; Ewels et al., 2020; Garcia et al., 2020; Zhao et al., 2020). High-
confidence variants are then functionally annotated using the Ensembl VEP and 
MultiQC is used to aggregate QC metrics and pipeline logs into a consolidated 
report. The consensus-based approach is intended to improve the reliability and 
precision of variant calls (Ewels et al., 2020; Krishnan et al., 2021; Sandmann et al., 
2017). 
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Figure 6. Overall architecture of the Kuura – WES and WGS analysis pipeline. The flowchart 

illustrates the four stages of the Kuura pipeline and the processes that takes place in 
each stage. 
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Figure 7.  Overall architecture of the workflow for Kuura and Sampo. The architecture remains the 

same while the tools and methodology used for the analysis differ. 

The pipeline was designed to be reproducible and easily deployable across 
different computational environments. An overview of the pipeline architecture is 
shown in Figure 7. The pipeline starts with raw reads in the form of FASTQ files 
and runs the whole analysis producing one annotated high-confidence VCF file per 
sample, together with a summary report describing the overall analysis.  

All software dependencies required for the analysis are encapsulated within 
docker images to ensure consistent execution, while workflow orchestration is 
handled by nextflow, which manages job scheduling, docker container deployment, 
and scalability on HPC systems (DI Tommaso et al., 2017). As illustrated in Figure 
7, the pipeline is deployed from a version-controlled GitHub repository and executed 
within Docker containers on an HPC environment via Docker daemons with outputs 
redirected to user-defined storage volumes. This architecture makes the pipeline 
easily deployable in different analysis environments and ensures reproducibility. 
Table 3 provides a detailed list of computational resources used by Kuura pipeline. 

The Kuura pipeline was validated with gold standard datasets NA12878, 
NA24385, NA24631, and the complete precision and recall metrics for each 
individual variant caller are reported in Table 4. Metrics were computed using hap.py 
against GIAB v4.2.1 truth sets, restricted to the IDT exome capture regions defined 
by the evaluation BED file. Consequently, recall represents the proportion of 
benchmark variants correctly identified within the captured and callable regions, 
rather than the total variant count across the entire genome. 

Consistent with previous benchmarking studies, DeepVariant achieved high 
precision as well as recall of around ~0.999 and ~0.990 respectively, while GATK 
HaplotypeCaller also showed strong performance, with precision of approximately 
~0.996 and recall of ~0.958 (Poplin et al., 2018). FreeBayes demonstrated 
comparatively lower precision of ~0.945 but high recall of ~0.989, VarScan2 
achieved balanced precision and recall of ~0.982 and ~0.972 despite identifying 
fewer total SNPs than other variant callers, whereas Strelka2 exhibited lower overall 
performance, with a precision of ~0.916 and recall of ~0.210.  
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Table 3.  Summary of the tools and corresponding docker containers used at each stage of the 
analysis. Table recreated from Publication II (own work). 

Stage Tools used Container 

Quality control 
FASTQC 

utuprcagenetics/dnapipe:0.1 
Cutadapt/fastp 

FASTQC 

Genome alignment and 
quality score recalibration 

BWA-MEM 
GATK MarkDuplicates broadinstitute/gatk 

SAMtools utuprcagenetics/dnapipe:0.1 
GATK BaseRecalibrator 

broadinstitute/gatk 
GATK ApplyBQSR 

Mosdepth quay.io/biocontainers/mosdep 
th:0.2.4--he527e40_0 

bedtools utuprcagenetics/dnapipe:0.1 

Variant calling & variant 
recalibration 

GATK HaplotypeCaller 
broadinstitute/gatk GATK VariantRecalibrator 

GATK ApplyVQSR 
DeepVariant google/deepvariant:1.4.0 

Strelka2 

utuprcagenetics/dnapipe:0.1 
Freebayes 
VarScan2 

Variant consensus & 
annotation 

BCFtools 
VEP ensemblorg/ensembl-vep 

Summary MultiQC utuprcagenetics/dnapipe:0.1 

Table 4.  Total number of SNPs identified, number of true positive SNPs, precision and recall 
values for different variant callers evaluated against gold-standard datasets (NA12878, 
NA24385 and NA24631). Precision and recall were calculated using hap.py against 
GIAB v4.2.1 truth sets, restricted to IDT exome capture region. 
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GATK 
Haplotype-
caller 

160713 23539 0.996 0.958 155973 24257 0.995 0.954 150884 23895 0.995 0.952 

Deep 
Variant 261796 24310 0.999 0.990 252227 25107 0.999 0.988 247151 24795 0.999 0.988 

Freebayes 353434 24289 0.945 0.989 342915 25083 0.938 0.987 339658 24787 0.948 0.987 

Strelka2 333574 5159 0.916 0.210 317965 5453 0.908 0.215 307473 5755 0.908 0.229 

VarScan2 95416 23886 0.982 0.972 94501 24674 0.978 0.971 92490 24413 0.983 0.972 
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Different variant callers identified overlapping but non-identical sets of variants, 
primarily due to the difference in their underlying algorithms and assumptions 
(O’Rawe et al., 2013). To account for this variability, Kuura applies a consensus-
based strategy in which variants that are consistently identified by all five variant 
callers are prioritised as a high-confidence set. Similar multi-caller consensus 
strategies have shown to reduce false-positive calls and improve the reliability of 
germline variant detection (Cantarel et al., 2014; Chiara et al., 2018; Guo et al., 2015; 
Kanzi et al., 2020). 

5.4 Sampo workflow and output (III) 
Sampo is implemented as an end-to-end RNA-seq data analysis pipeline that starts 
with raw sequence reads in FASTQ format and ends with performing differential 
expression analysis, optionally including functional enrichment and visualization. 
The pipeline is developed using nextflow to ensure reproducibility, scalability and 
interoperability across computing environments (DI Tommaso et al., 2017). Core 
statistical analysis and visualization are performed using diffwrap, an in‑house R 
package that wraps established methods from the edgeR and limma frameworks for 
differential expression and enrichment analysis (Ritchie et al., 2015; Robinson et al., 
2009). 

RNA-seq workflows vary widely in their architecture, tool selection, and 
analytical goals. As such, benchmarking across pipelines is inherently limited and 
often fails to reflect the nuances and flexibility that a specific pipeline offers.  
Therefore, we validated the correctness and completeness by re-analysing a publicly 
available RNA-seq dataset from the SRA - study SRP193095, consisting of 23 paired 
esophageal squamous cell carcinoma (ESCC) and adjacent normal tissue samples. 

To enable direct comparison between the results generated by the Sampo 
pipeline and previously published analysis, gene expression values from the two 
independently processed dataset were harmonized. A custom batch correction was 
applied using the diffwrap package, which fits a generalized linear model to generate 
corrected pseudo-counts. To ensure numerical stability and variance stabilization, 
negative pseudo-counts were set to a minimum of 0.1 before computing normalized 
log-transformed counts per million (logCPM). Variance stabilization is used to 
reduce mean-variance dependency and to improve interpretability in further 
downstream analyses, particularly for lowly expressed genes (Anders & Huber, 
2010; Love et al., 2014). 

These variance stabilized pseudo counts are used for exploratory data analysis. 
We used principal component analysis (PCA) to identify major sources of variation 
and to assess consistency between the datasets, as PCA helps visualizing both 
technical as well as biological variability (Conesa et al., 2016).  
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As shown in Figure 8, the first principal component (PC1), accounted for 58.3% 
of the total variance and separated samples by data source, while the second principal 
component (PC2) explaining 21.5% of the variance reflects biological conditions. 
The mirrored clustering observed along PC1 indicates that analytical workflows 
represent a major source of variation; however, the consistent separation of groups 
along PC2 suggests that both pipelines preserve a comparable biological signal. 

In addition to PCA, consistency between gene-level results produced by the 
Sampo pipeline and the results of the GEO study was quantified using the Jaccard 
index (JI). The JI measures similarity between two datasets as the ratio of their 
intersection (number of genes shared by both analyses) to their union (total number 
of unique genes identified across both) and is used to assess gene overlap (Real & 
Vargas, 1996). It is calculated as 

𝐽𝐽(𝐺𝐺𝐺𝐺𝐺𝐺, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆) =   
|𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺 ∩ 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆|
|𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺 ∪ 𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 | 

 

where, 𝑃𝑃𝐺𝐺𝐺𝐺𝐺𝐺represents genes identified as expressed in the GEO analysis and 
𝑃𝑃𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 represents genes identified using the Sampo pipeline. The resulting JI values 
(Table 5) indicate a high degree of overlap between the two gene sets, supporting 
consistency between the analyses. 

 
Figure 8. PCA of variance stabilized pseudo-counts from GEO and SAMPO analyses. PCA was 

performed on normalized logCPM values. The mirrored clustering pattern indicates the 
underlying biological signal is preserved despite pipeline specific technical variation. 
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A schematic overview of the Sampo pipeline is shown in Figure 9. The pipeline 
starts from raw FASTQ data and performs QC, read alignment, read quantification 
and DGE analysis in a modular manner. Each module of the pipeline is 
independently configurable, and outputs structured results into clearly defined 
directories under a common results root folder specified in the config files. The 
intermediate results such as trimmed reads, quality reports, BAM files, and count 
matrices are retained to support auditing and additional downstream analysis. The 
final output comprises DGE results, functional enrichment analysis and a 
comprehensive set of visualizations, including QC plots (multidimensional scaling 
(MDS) plots, PCA biplots, two- and three-dimensional PCA scatter plots, and 
hierarchical clustering dendrograms), as well as DEG plots (MA plots, volcano plots, 
p-value and false discovery rate (FDR) histograms and heatmaps, and also gene and 
sample correlation matrices). 

Table 5. Jaccard similarity between SAMPO and GEO pipeline results for matched tumour and 
normal samples. 

Sample Cancer Normal 

P01 0.961 0.906 
P02 0.949 0.941 
P03 0.948 0.890 
P04 0.958 0.917 
P05 0.959 0.930 
P06 0.951 0.961 
P07 0.947 0.902 
P08 0.955 0.944 
P09 0.958 0.921 
P10 0.947 0.941 
P11 0.963 0.939 
P12 0.959 0.945 
P13 0.955 0.939 
P14 0.965 0.924 
P15 0.962 0.942 
P16 0.963 0.933 
P17 0.801 0.960 
P18 0.948 0.938 
P19 0.950 0.958 
P20 0.958 0.949 
P21 0.942 0.941 
P22 0.952 0.946 
P23 0.963 0.937 
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Figure 9. Overall architecture of the Sampo RNA-seq data analysis pipeline. 
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6 Discussion 

The rise of NGS technologies has made it accessible to have a whole genome or 
exome sequenced along with their matching transcriptome. These data help study a 
wide range of biological features and conditions, including DGE, allele specific 
expression, fusion genes, differentially spliced genes, intron retention, SNVs, indels, 
CNVs, and SVs (Bell & Beck, 2009; Conesa et al., 2016). Collectively, studying 
these biological features support integrated analyses that link genetic variation to 
functional effect (Aguet et al., 2020; Fu et al., 2025; Stark et al., 2019).  

Increase in sequencing throughput has come with a bottleneck in terms of 
computational analysis. The analysis of NGS data is a multi-step approach with 
numerous tools available at each stage and substantial variation in recommended 
practices (Conesa et al., 2016). The results of the analysis are influenced by factors 
such as experimental design, library preparation, read length, coverage and statistical 
analysis choices. Newer tools and pipelines are benchmarked against existing ones 
but benchmarking alone does not as address broader problems related to 
reproducibility, scalability and modularity (Ewels et al., 2020; Tello et al., 2019). 

The work presented in this thesis focuses on the development of three 
interoperable tools: Kuura, Sampo and BioCPR, which emphasize modular design, 
reproducible execution and cross-modality integration. The tools presented here do 
not introduce new variant calling algorithms or statistical models. Instead, they are 
designed to provide practical, end-to-end analysis workflows that are transparent, 
customizable, and compatible across genomic and transcriptomic data types. The 
tools complement each other’s output and at the same time, is independently 
deployable to carry out their own analysis. Collectively, the tool kits cover three 
broader areas of sequencing studies - SNV and indel identification from WES or 
WGS data, DEG identification from RNA-seq data and finally a tool to analyse and 
visualize DEG data. A flowchart depicting the overview of the analysis tools and 
their functional integration is shown in Figure 10.  

In study I, BioCPR was developed as an analysis and visualization tool for 
differential gene expression data with focus on exploratory identification of co-
expression patterns that can shed light on new gene-gene interactions and networks. 
The tool provides an interactive GUI implemented in R using the shiny framework, 
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enabling users to explore correlation and clustering analysis without requiring 
extensive programming experience. A wide range of established R packages exist that 
support gene expression analysis, many relying on scripted workflows generating 
static visualizations. BioCPR complements these approaches by enabling dynamic 
filtering and interactive exploration of expression relationships, enabling hypothesis 
generation and interpretation rather than replacing established statistical methods.  

Study II, addresses the limitations associated with a single variant caller for 
germline variant detection. There are multiple variant callers and pipelines to analyse 
raw sequencing data, each one using its own statistical testing for inferring variants 

 
Figure 10. Flowchart showing the works carried out during this thesis. Kuura, Sampo and BioCPR, 

and how they complement each other for better understanding of sequencing data. 
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and its quality. However, no pipeline or tool is uniformly optimal for all kinds of 
genomic contexts, as differences in algorithms, statistical assumptions, and filtering 
strategies result in significantly different call sets which are only partially overlapping. 
For example, DeepVariant performs well in highly mapped regions but loses 
sensitivity in homopolymer tracts, whereas Freebayes and VarScan2, can identify low-
allele-frequency events, yet are plagued with higher false positives in regions with 
extensive strand bias (Koboldt, 2020; Poplin et al., 2018; Sandmann et al., 2017). As 
a result, ensemble- and consensus-based strategies have been widely explored. Large-
scale efforts such as the Genome in a Bottle (GIAB) Consortium and the Pan-Cancer 
Analysis of Whole Genomes (PCAWG) project have demonstrated that integrating 
calls from multiple methods can improve robustness and reduce false positives, 
particularly in difficult genomic regions (Campbell et al., 2020; Zook et al., 2014). 

The Kuura pipeline builds directly on these principles by implementing a multi-
caller consensus framework using five widely adopted variant callers - GATK 
HaplotypeCaller, DeepVariant, FreeBayes, Strelka2, and VarScan2. The whole 
pipeline is implemented using nextflow to create a scalable, automated workflow, 
while the analysis environment is isolated in a docker container to ensure seamless 
deployment and reproducibility across computing environments. Variant calls 
consistently identified by all five variant callers are regarded as high confidence calls 
and are annotated using Ensembl VEP. The variants identified by single callers are 
retained as low confidence calls for future reference. This method is useful in areas 
where precision is more important, like in a clinical setting where consistent and 
reliable methods are needed for identifying variants (Garrison & Marth, 2012; S. 
Kim et al., 2018; Koboldt et al., 2012; McKenna et al., 2010; McLaren et al., 2016; 
Poplin et al., 2018; G. A. Van der Auwera et al., 2013). Compared to other DNA-
seq pipelines, Kuura is not designed to be feature-intensive; it contains only essential 
features and limits configuration complexity to achieve an end-to-end workflow that 
produces comprehensive yet reliable, ready-to-use outputs for downstream analysis. 
For experienced users, individual components or the entire workflow can be replaced 
or upgraded, making it easier to integrate new tools or updated best practices without 
restructuring the pipeline.  

The Kuura analysis pipeline in study II focussed on DNA-sequencing, Sampo 
tackles the next challenge: How best to analyse and identify DEGs from RNA-seq. 
The Sampo pipeline is implemented as a modular RNA-seq pipeline that integrates 
standardized pre-processing with downstream statistical analysis via the diffwrap R 
package. Raw data processing and read quantification are handled within the 
nextflow framework, after which normalization, differential expression testing, 
enrichment analysis and visualization are performed in R. Differential expression 
outputs from Sampo are directly compatible with BioCPR, enabling downstream co-
expression analysis and visualization without additional data transformation. 
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Collectively, Kuura, Sampo, and BioCPR constitute an integrated analysis 
ecosystem that supports coordinated genomic and transcriptomic analysis. For 
matched samples, high-confidence variants identified by Kuura can be examined 
alongside with the gene expression changes identified by Sampo, enabling 
integrative analyses such as expression quantitative trait locus (eQTL) testing and 
pathway-level interpretation (Aguet et al., 2020; Eisen et al., 1998; Ongen et al., 
2016; Shabalin, 2012). 

6.1 Study scope 
The analysis framework defined here forms a complete analysis ecosystem. The 
closest match to this would be the nf-core analysis pipelines, a community effort to 
develop and maintain a set of analysis pipelines built using nextflow.  

BioCPR is an analysis and visualization tool for DGE data. There are alternatives 
that have partial overlap with BioCPR functionalities, however at the time of 
development, there were no widely adopted, ready to use visualization tool using the 
shiny framework. For users proficient in programming the same results can be 
obtained by using existing R libraries.  

The closest equivalent to Kuura and Sampo would be community-driven 
pipelines such as nf-core/sarek, nf-core/rnaseq, and nf-core/differentialabundance, 
which emphasize strict standardization, extensive feature coverage, and collective 
governance (Ewels et al., 2020; Langer et al., 2025). In contrast, Kuura and Sampo 
offer greater ease of customization for end users. Similarly, platforms such as CSC’s 
Chipster and Galaxy provide user-friendly graphical environments that eliminates 
the need of command-line complexity and programming requirements, making 
sophisticated analyses accessible to a broader range of users (Abueg et al., 2024; 
Giardine et al., 2005). 

Overall, the tools presented in this thesis should be considered complementary 
to the existing solutions rather than replacements. Their primary contribution lies in 
achieving an ecosystem that remains accessible and adaptable to diverse research 
needs. 

6.2 Users and competencies 
The ecosystem is primarily designed for computational biologists and 
bioinformaticians who are able to work with Linux environments, understand 
workflow management (Nextflow), and containerized execution (Docker or 
Apptainer).  

BioCPR reduces the barrier for biologists needing interactive exploration as it 
provides an accessible Shiny interface for exploring co-expression patterns 
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interactively. For researchers with minimal command-line experience, alternatives 
such as Galaxy or Chipster (For RNA-seq data) offer customisable analysis options.  

6.3 Computational environments 
Kuura and Sampo pipelines execute efficiently on HPC clusters. Since both use 
nextflow-based pipeline deployment and containerization with docker, they can be 
easily integrated with workload management tools like SLURM and scaled for large 
cohorts. Local execution is feasible for small datasets but would be severely limited 
by storage and computing requirements. 

6.4 Study limitations 
In study I, BioCPR was developed and applied as an interactive visualization tool to 
analyse and explore co-expression networks in DGE data. While correlation-based 
methods are widely used and useful in identifying co-regulatory gene networks, they 
are also subject to influence by confounding factors such as unaccounted batch 
effects that can be confused with biological variability (Chen et al., 2011; Leek et 
al., 2010). Additionally, Pearson correlation assumes linear relationships between 
variables and is most suited for normally distributed data. It is also particularly 
sensitive to outliers, which can disproportionately influence the correlation estimate.  

The output of BioCPR depends on the upstream input data from RNA-seq 
pipelines (such as Sampo), and any biases or limitations in the upstream process 
affect the validity of co-expression results and subsequent biological interpretation. 

Study II focused on the development of the Kuura pipeline and its application in 
variant detection and prioritization from WES and WGS data. The pipeline uses a 
consensus-based approach that integrates results from five variant callers to produce 
a high-confidence variant set. This approach improves precision and reduces false 
positives but also risks excluding true variants detected only by a subset of variant 
callers. In addition, the detection of variants is dependent on factors such as 
sequencing depth and uniform coverage, to ensure reliable variant identification. 
Variant annotations depend on multiple external curated databases and gaps in 
annotation databases could also lead to a potential variant being overlooked. 

In study III, the Sampo pipeline was developed for end-to-end RNA-seq analysis, 
from raw reads to the identification of DEGs. Sampo integrates established tools for 
quality control, alignment, quantification and DEG identification, yet the statistical 
power of the analysis is highly influenced by factors such as sample size, replicates 
and sequencing depth. Small sample sizes reduce the reliability of variance 
estimates, thereby increasing the number of false negatives. Since, Sampo relies on 
reference genome annotation before quantifying reads, there are possibilities of 
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missing novel transcripts or unannotated splicing events (Frankish et al., 2019; 
Schurch et al., 2016).  

Collectively, these limitations underscore the need to account for both technical 
and biological factors not only during result interpretation, but also during 
experiment planning. In addition to the abovementioned limitations, the 
bioinformatics tools and reference databases used in the study receive constant 
updates and evolve over time. Hence, it is crucial to maintain and update the analysis 
pipelines if they are to be relevant over time.  

6.5 Future prospects 
Advances in sequencing technologies and analysis tools are continuously reshaping the 
field of genomics and transcriptomics.  In particular, third and fourth generation 
sequencing technologies are transforming both variant discovery and transcriptome 
profiling by enabling full-length isoform reconstruction, improved structural variant 
detection, and direct measurement of epigenetic modifications (Moustakli et al., 2025; 
Santucci et al., 2024). As datasets continue to grow in size and complexity, so does the 
need for scalable, adaptable and reproducible analysis workflows (Wratten et al., 2021). 
The workflows developed in this thesis are modular in nature, making them adaptable 
for newer emerging technologies. However, their long-term usability depends on 
continuous updates to include advances in data formats, analytical algorithms and tools. 

BioCPR can benefit from including pre-processing directly built into the app, so 
that users can directly upload the output from DGE analysis without any additional 
preprocessing, thereby reducing the need to format the input data.  

A key area for development in the Kuura pipeline could be in variant annotation 
and prioritization and integration of long-read-specific aligners. Since Kuura already 
integrates multiple variant callers and annotation through Ensembl VEP, there could 
be a strategy to prioritize annotated variants into different tiers using approaches 
similar to the one described by Rantapero et al (2020) (Rantapero et al., 2020), which 
would enable Kuura to stratify variants into clinically and biologically meaningful 
categories. Tier 1 could include pathogenic or likely pathogenic variants supported 
by ClinVar or curated resources, Tier 2 variants of uncertain significance (VUS) with 
predicted functional impact, and Tier 3 benign variants, further filtered by high allele 
frequency or lack of predicted relevance. This systematic prioritization could make 
downstream validation more effective. 

The Sampo pipeline could be expanded to integrate alternative splicing detection 
and, for matched samples, combining variant information from the Kuura pipeline 
and DGE results from Sampo to perform expression quantitative trait loci (eQTL) 
analysis, thereby directly mapping genetic variants to transcriptional changes (Aguet 
et al., 2020). 
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7 Conclusions 

This thesis presents the development and application of three modular bioinformatics 
pipelines designed for comprehensive analysis and visualization of genomic and 
transcriptomic data. 

BioCPR provides an interactive platform for analysing and visualization of gene 
co-expression networks from DGE data. Kuura enables automated variant discovery 
and annotation from WES and WGS data. Sampo automates RNA-seq analysis from 
raw data to identifying DEGs and visualization. Together, these tools form an 
integrated framework capable of both independent analysis of sequencing data as 
well as multi-omics integration, while their modular structure ensures adaptability to 
rapidly evolving analytical approaches. 
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