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ABSTRACT 
In the nucleus, DNA is tightly wrapped around proteins in a structure called 
chromatin in order to protect it from degradation. Chromatin is composed of 
nucleosomes which are a structure of eight histones around which the DNA is 
wrapped. Nucleosomes can be modified by enzymes on amino acids located on their 
N-terminal tails. These modifications allow the chromatin to open and close in 
targeted regions, providing control over gene expression. 

At present, chromatin immuno-precipitation (ChIP) and assay of transposase-
accessible chromatin (ATAC) combined with high-throughput sequencing (ChIP-
seq and ATAC-seq) are the major high-throughput methods allowing the study of 
histone modifications and genome-wide chromatin openness, respectively. 
Typically, ChIP-seq targets one histone at a time by enriching the histone-bound 
regions of the genome using immuno-precipitation, while ATAC-seq uses a 
transposase enzyme to cut the open chromatin into fragments of DNA. The DNA 
fragments obtained from both techniques can be sequenced and aligned against a 
reference genome. Once the location of the fragments is determined, the genome is 
scanned for significant enrichment in a process called peak calling. Differential 
analysis is then used to compare local enrichment-level variations between different 
biological conditions. Combining ChIP-seq and ATAC-seq data with other 
information, such as RNA-seq–derived transcriptomics data, can further help to 
build a comprehensive picture of the complex underlying biology. This work 
therefore focuses on the development of computational tools to help with the analysis 
of epigenomics research data. 

In this thesis, a robust workflow for the differential analysis of ChIP-seq and 
ATAC-seq data is developed and evaluated against existing tools using one synthetic 
dataset, two biological ChIP-seq datasets and two biological ATAC-seq datasets. 
RNA-seq data is then further correlated with the detected peaks. An efficient replicate-
driven visualisation tool is also proposed to visualise coverage of DNA fragments on 
the genome, which is compared to two existing tools, highlighting its efficiency. 
Lastly, two studies are presented showcasing the usefulness of the differential analysis 
approaches in extracting knowledge in a real-life biological setting. 

KEYWORDS: ChIP-seq, ATAC-seq, epigenomics, transcriptomics, differential 
analysis, visualization  
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TIIVISTELMÄ 
Solun tumassa DNA on sen suojelemiseksi pakattu proteiinien ympärille, joka 
muodostaa kromatiiniksi kutsutun rakenteen. Kromatiini koostuu nukleosomeista, 
jotka rakentunut kahdeksasta erilaisesta histoniproteiinista, joiden ympärille DNA 
on kietoutunut. Nukleosomien N-terminaalipäiden aminohapot ovat entsymaattisesti 
muokattavissa ja nämä entsymaattiset muokkaukset mahdollistavat kromatiinin 
avautumisen ja sulkeutumisen, ja siten geenien ilmentymisen. 

Kromatiini-immunopresipitaatio (ChIP) ja transposaasille avoimen kromatiinin 
eristys yhdistettynä syväsekvensointiin (ChIP-seq ja ATAC-seq) mahdollistavat 
histonimodifikaatioiden ja geenien ilmentymiselle avoimien genomin avoimien kohtien 
tutkimuksen. ChIP-seq -kokeessa immunopresipitaatiota käytetään poimimaan DNA:sta 
kohdat, joihin tietty histonikompleksi on näytteessä sitoutunut. ATAC-seq -kokeessa 
puolestaan leikataan näytteen DNA:sta talteen transposaasientsyymin avulla geenien 
ilmentymiselle avointa kromatiinia sisältävät kohdat. Kummallakin tekniikalla kerätyt 
DNA-pätkät voidaan sekvensoida ja niiden sijainti genomissa määrittää linjaamalla 
sekvenssit tunnettua genomia vasten. Tämän jälkeen voidaan niin kutsutulla piikkien 
tunnistusvaiheella määrittää genomin alueelta kohdat, joille linjatut sekvenssit 
genomissa keskittyvät. Tunnistettuja piikkikohtia voidaan myös verrata näyteryh-
mäkohtaisten eroavaisuuksien löytämiseksi. Jotta saadaan mahdollisimman kattava 
kokonaiskuva koeasetelmaan liittyvästä monitahoisesta molekyylibiologiasta, voidaan 
ChIP-seq- ja ATAC-seq -menetelmillä tuotettuja tietoja täydentää myös esimerkiksi 
RNA-sekvensoinnilla tuotettavalla tiedolla geenien ilmentymisestä.  

Tässä väitöstyössä keskitytään laskennallisten työkalujen kehittämiseen, joilla 
voidaan analysoida edellä mainituilla tavoilla tuotettuja epigenomiikan tutkimuksen 
data-aineistoja. Väitöstutkimuksessa on kehitetty menetelmä ChIP-seq- ja ATAC-
seq -aineistojen analyysiin. Kehitettyä menetelmää verrataan muihin olemassa-
oleviin työkaluihin käyttäen vertailuaineistona yhtä synteettistä data-aineistoa, sekä 
kahta biologista ChIP-seq -aineistoa sekä kahta biologista ATAC-seq -aineistoa. 
Tunnistettujen piikkien validointiin käytetään myös RNA-seq -aineistoa. Väitös-
työssä on kehitetty myös visualisointityökalu, jolla on mahdollista tarkastella 
sekvensointikokeissa tuotettuja aineistoja genomilokaatiokontekstissa. Verrattuna 
aiempiin työkaluihin kehitetty työkalu mahdollistaa havainnollisen visualisaation 
myös aineistoille, joissa on paljon näytereplikaatteja. Väitöstyön kaksi viimeistä 
tutkimusta tuovat esille näyteryhmien välisiä eroja tutkivien menetelmien sovellus-
tapoja biologisten tutkimuskysymysten ratkaisemiseksi. 

ASIASANAT: ChIP-sekvensointi, ATAC-sekvensointi, epigenomiikka, transkripto-
miikka, näyteryhmäerot, visualisaatio 
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1 Introduction 

1.1 Epigenome 
In most living organisms, genetic information is stored in the cell as a polymer of 
nucleotides called deoxyribonucleic acid (DNA), which was discovered by Friedrich 
Miescher in 1869 (Dahm 2008). Nucleotides are the building blocks of DNA and are 
composed of a sugar, a nitrogenous base and a phosphate (Levene 1919). The sugar 
and the phosphate constitute the backbone of a DNA molecule, which, in its stable 
state, forms a double helix (Watson and Crick 1953). The nitrogenous bases 
constitute the coding part of the DNA, in which there are four bases present: adenine, 
thymine, cytosine and guanine. The sequence of these bases encodes the genetic 
information of an organism, which is inherited by each new generation, and the 
genome itself is composed of both coding and non-coding regions, with the coding 
regions containing the genes, which are sequences of DNA that are translated into 
RNA (ribonucleic acid), which are in turn used as the template to produce proteins. 

Gene expression is thus a process of synthetising proteins by reading genetic 
information stored in the DNA and involves two main stages, transcription and 
translation. This chain of events, which leads to protein synthesis, is largely 
considered the central dogma of molecular biology, as first stated by Crick (Crick 
1958). Transcription is performed by the RNA polymerase enzyme, which binds to 
the DNA and reads the base sequence to produce a matching RNA sequence. The 
genes coding for proteins produce messenger RNA (mRNA), which is read by a 
ribosome as a template for protein synthesis, also known as translation. The term 
‘transcriptomics’ is used to describe the study of the RNA that is produced after 
transcription in a cell or a group of cells, and understanding the transcription is 
central to the ability to interpret an organism’s response to stress or disease through 
its gene expression. Transcriptomics provides a holistic view of gene expression, 
gene pathways and the interconnections and regulations involved. 

The term ‘epigenetics’ refers to the study of heritable alterations of the 
phenotype that are not due to modifications in the DNA sequence. There are two 
types of epigenetic modifications, long-term and stable DNA methylation and short-
term and reversible histone modifications (Handy, Castro, and Loscalzo 2011). In 
eukaryotes, the DNA is stored tightly packed in the nucleus to protect it from 
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degradation, and in order to pack the DNA, the double-stranded helix wraps around 
a protein complex to form a nucleosome. The nucleosome core is 146 base pairs of 
DNA wrapped around an octamer of proteins called histones (Kornberg 1974). When 
the DNA is in complex with proteins, it is called chromatin, which can be in different 
states of compaction, given the need for transcription—DNA is more accessible 
when there is a need for transcriptional activity and more compacted otherwise. 

Epigenetic modifications, such as histone modifications, affect the state of 
chromatin compaction and regulate gene expression by allowing or denying access 
to the transcription machinery. This is done by recruiting histone-specific enzymes 
that will perform modifications on the N-terminal tails. The term ‘histone code’ 
(Strahl and Allis 2000) was coined to represent the possible modifications and their 
meanings, and there are more than 60 possible histone N-terminal residues that can 
be modified (Kouzarides 2007). While it is assumed that an individual histone tail 
modification leads to a biological consequence, it is a highly complex process, and 
the chances are high that certain effects are specific to particular combinations of 
histone tail modifications (Kouzarides 2007). A better understanding of the histone 
modifications and their combinations would enable a better understanding of many 
fundamental biological processes, including gene expression/repression, DNA repair 
and DNA replication. The complexity of the biological processes and the methods 
used to measure the presence of histone modifications or chromatin openness can 
lead to varying results; to ensure the best possible biological interpretations, there is 
therefore a need to constantly optimise and update the methods and tools of data 
analysis. 

The goal of a chromatin state analysis is to identify different chromatin states 
under varying conditions. In comparative epigenomics, the emphasis is on the 
differences between the chromatin states of different samples. As an example, the 
chromatin state (e.g., open or closed) can differ between control group samples and 
groups exposed to certain conditions (e.g., hypoxia, rheumatoid arthritis), while gene 
expression analysis allows the monitoring of mRNA levels in sample groups based 
on the conditions to which they are exposed. Combined, these two methods offer a 
holistic view of the chromatin regulatory mechanisms and their effects on the 
expression of genes. 

While researchers most often try to measure biological variations, the data 
analyst seeks to reduce technical variations introduced by the measurement tools. In 
high-throughput sequencing experiments, one way to reduce this variation is to use 
biological replicates, and over the last decade, emphasis has been placed on using 
the growing number of replicate samples to generate increasingly reproducible 
results. 
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1.2 Motivations and aims of the thesis 
Large-scale epigenomic studies involving multiple different conditions and large 
numbers of replicate samples are already widely available (Akondy et al. 2017; Ai 
et al. 2018; S. H. Park et al. 2017), as are a range of tools covering different aspects 
of the relevant data analyses. In many cases, the choice of tool for a specific data 
analysis step heavily influences the results of the overall study. For example, there 
is no consensus regarding the best tool for each possible situation at the differential 
peak calling step (Steinhauser et al. 2016), and tools developed for differential peak 
calling on ChIP-seq data have not yet been extensively examined with ATAC-seq 
data, despite being widely used with this data type; a comparison study is therefore 
needed. 

In a similar fashion, many established tools developed for visualising sequencing 
data are available, but with the recent increase in the number of replicate samples 
typically used in studies, the need for replicate-focused visualisation is growing. 

To address these needs, the specific aims of this thesis are as follows: 

1. Development of a robust and competitive workflow for differential peak 
calling. 

2. Development of a visualisation tool for replicate-driven sequencing data 
visualisation. 

3. Application of differential data analysis tools to biological research 
questions. 

Publication I covers the development and evaluation of a differential peak 
calling tool, Publication II covers the development and evaluation of a visualisation 
tool for next-generation sequencing data and Publications III and IV showcase the 
use of differential analysis to extract biologically relevant information. 

1.3 Structure of the thesis 
A short history and description of the basics of the methods related to the production 
of sequencing data are explained in Chapter 2. The computational analysis of 
epigenomics-related data is detailed in Chapter 3, and the datasets used in the 
publications are described in Chapter 4. The results obtained in publications are 
described and discussed in Chapter 5, and the discussion and summary are available 
in Chapters 6 and 7. Reprints of the publications are at the end of the thesis. 
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2 Sequencing Technology and its 
Applications in the Study of the 
Regulation of the Genome via 
Epigenomics 

2.1 DNA sequencing 

2.1.1 Sanger sequencing technology 
DNA sequencing was first introduced in 1977 (Sanger, Nicklen, and Coulson 1977) 
and remained the main sequencing method for the next 30 years. The method uses 
sequencing by synthesis (SBS); the sequencing starts with the synthesis of a primer 
on the DNA fragment of interest in order to provide DNA polymerase with a region 
of the DNA fragment upon which to bind. DNA polymerase is an enzyme that 
catalyses the synthesis of a new DNA base on a fragment of DNA using a nucleotide, 
and in the presence of the four deoxynucleotides (A, T, C and G), it elongates the 
DNA fragment and is an essential component of DNA replication. Di-
deoxynucleotides (chain-terminating deoxynucleotides) are added in low 
concentrations in separated containers; the DNA polymerase then randomly stops 
elongating the DNA fragments, and we obtain fragments of different sizes with 
known terminating bases. The fragments are then deposited on one of four parallel 
electrophoresis lanes on a polyacrylamide gel that correspond to the A, T, C and G 
terminating di-deoxynucleotides; after electrophoresis, the gel contains the sequence 
of the DNA fragment (Figure 1). 

In 1990, the Human Genome Project was launched with the goal of sequencing 
the whole human genome within 15 years. By the end of the project (“Initial 
Sequencing and Analysis of the Human Genome” 2001; “Finishing the Euchromatic 
Sequence of the Human Genome” 2004), the method had been developed to maturity 
and achieved its full capacity, making it unsuitable for the scaling-up needed for 
personalised genomic medicine and the required sequencing of millions of genomes 
(Barba, Czosnek, and Hadidi 2014). 
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Figure 1. Piece of a radioactively labelled electrophoresis gel. Due to the randomness in 
elongation length, the fragments for each lane will migrate to different positions, allowing 
the user to read the DNA sequence of the DNA fragment. (John Schmidt: 
https://commons.wikimedia.org/wiki/File:Sequencing.jpg) 

2.1.2 Illumina sequencing technology 
The emergence of next-generation sequencing (NGS) platforms at the beginning of 
the 21st century opened the door to the scaling needed to develop personalised 
genomic medicine (Esplin, Oei, and Snyder 2014). NGS refers to the range of 
sequencing methods developed after the Sanger methods, rather than one particular 
approach; indeed, the various approaches differ in their sequencing methods, 
detection methods and even the lengths of the DNA strands sequenced. Here, we 
concentrate on the Illumina sequencing technology that was applied to produce the 
data sets used in this thesis. 

To prepare a sample for Illumina sequencing, the DNA/RNA of interest is first 
extracted from the biological sample. The extracted material is then fragmented 
using mechanical methods (ultrasonication, nebulisation) or enzymatic methods. 
Next, the sequencing adapters are attached to the ends of the sequence fragments to 
act as primers for sequence amplification, which in turn enables better detection 
resolution during the sequencing. For the amplification step, the sequences are 
attached to a solid surface, and a polymerase enzyme is used to create local sequence 
clusters by cloning the input DNA fragments in a process called bridge amplification. 

During the actual sequencing step, the fluorescence-labelled bases (A, C, G and 
T) are added, one base at a time, to the complementary template fragment, using the 
SBS process. The bases are then detected using an imaging approach; the sequences 
detected with Illumina technology are typically 50–300 base pairs. 
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2.2 Chromatin immuno-precipitation followed by 
sequencing 

Chromatin immuno-precipitation sequencing (ChIP-seq) is an analysis method that 
offers a view of protein-binding sites on the genomic DNA. First, the method 
crosslinks all the proteins to the DNA in vivo. Next, the DNA in the cell is broken 
into shorter pieces by different methods, such as sonication or endonuclease, with 
the protein-bound DNA protected from shearing. Then, the DNA is purified by 
immuno-precipitation, which is aimed at the protein of interest. Finally, the 
crosslinking is reversed, and the DNA is ready for the sequencing process (Robertson 
et al. 2007). 

ChIP-seq uses antibodies with varying specificities, potentially causing 
background signal or noise. PCR amplification is another potential source of bias 
because it can introduce unwanted duplication in sequencing reads (P. J. Park 2009). 
To address these biases, a common practice is to run control experiments (Landt et 
al. 2012; Flensburg et al. 2014), but computational methods during data analysis can 
also be used to decrease the impact of these biases. 

2.3 Assay for transposase-accessible chromatin 
An assay for transposase-accessible chromatin, followed by sequencing (ATAC-seq) 
(Buenrostro et al. 2015), is a fairly recent protocol that reveals DNA regions that are 
not wrapped around a nucleosome. The regions of open chromatin are associated 
with active gene transcription, repair, division or regulation (Tsompana and Buck 
2014). 

The sample preparation process starts by attaching nuclei to a surface, which is 
followed by incorporating a Tn5 transposase that will cut and add tags to accessible 
DNA. The DNA collected can then be submitted for sequencing. The particularly 
attractive part of this method is that it requires considerably less genetic material 
than other existing methods to assay open chromatin (e.g., Formaldehyde-Assisted 
Isolation of Regulatory Elements sequencing and DeoxyriboNuclease-seq) 
(Buenrostro et al. 2015). 

2.4 Ribonucleic acid sequencing 
Ribonucleic acid sequencing (RNA-seq) is the sequencing of the entire 
transcriptome, which allows a quantitative measurement of the expression of genes. 
This technology replaced earlier microarray technology because of its better range 
of detection, single base resolution and greater suitability for novel transcript 
discovery, as shown by multiple studies (Wang et al. 2014; X. Xu et al. 2013; Hung 
and Weng 2017; Rao et al. 2019). 
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To prepare the sample for RNA-seq, the RNA first needs to be extracted, 
possibly followed by a step to remove ribosomal RNA. The extracted RNA is then 
converted into complementary DNA (cDNA) that is suitable for the sequencing 
process. 
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3 Computational Methods for 
Studying the Regulation of the 
Genome via Epigenomics 

3.1 Quality control 

3.1.1 Read quality values and trimming 
Problems with the quality of raw data can potentially affect data interpretation, 
making quality control of raw sequencing data a critical first step in its analysis. 
When working with public data, the starting data is most often in the form of FASTQ 
files, which contain the sequences of all the reads that have been sequenced in a text 
format, with a quality score for each base. Tools have been developed to get a quick 
general overview of the quality score for each base across all reads, and the issue of 
low-quality bases is typically addressed by trimming out the low-quality ends of the 
reads (Guo et al. 2014; S.-F. Yang et al. 2019). Trimming can also be used to remove 
the parts of the reads that match sequencing adapters, which are attached to the 
original sequences of interest and need to be trimmed out prior to aligning reads to 
the reference genome. Popular trimming tools include Ktrim (Sun 2020), SeqPurge 
(Sturm, Schroeder, and Bauer 2016), Trim Galore (Martin 2011) and Trimmomatic 
(Bolger, Lohse, and Usadel 2014), although some recent alignment tools can handle 
untrimmed reads (Del Fabbro et al. 2013). 

3.1.2 Library complexity 
Another common quality metric for ChIP-seq and ATAC-seq is library complexity 
(fraction of non-redundant reads). A low complexity can negatively affect peak 
finding and reproducibility. 

3.1.3 GC content bias 
The GC content is the amount in percent of Guanine-Cytosine found in a DNA or 
RNA molecule. In a truly random library, the presence of sequenced bases would be 
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expected to follow the presence of bases in the genome. For example, the GC content 
of the human genome is 40.9% (Piovesan et al. 2019), and GC content has been 
proven to be linked to fragment coverage (Benjamini and Speed 2012), with GC-rich 
fragments tending to have higher coverage. This GC content bias originates mostly 
from PCR and varies from sample to sample (Benjamini and Speed 2012), and it is 
commonly corrected for in the ChIP-seq and ATAC-seq data by applying a 
corrective model to the read counts (Benjamini and Speed 2012). 

3.1.4 Saturation analysis 
A saturation analysis can be done to determine whether the sequencing read coverage 
is sufficiently high to detect the events of interest (e.g., protein interaction). The 
coverage depends on the number of sequencing reads available and the size of the 
targeted genomic region. For example, the ENCODE consortia recommend 20 
million reads for a study on mammalian transcription factors and 60 million reads 
for mammalian histone modifications (ENCODE 2017). 

3.2 Read alignment 
Read alignment (or mapping) is the step in which each read is associated with a 
genomic position. In the typical alignment approach, the reads are aligned to a known 
reference genome, allowing the determination of the precise origin location of most 
of the reads. 

Alignment is a particular case of string matching. The features to take into 
account in the alignment process are seeding, base quality, existence of indels, 
paired-end reads and single nucleotide polymorphism (SNP) (Hatem et al. 2013). In 
the case of RNA-seq reads, the existence of introns spliced out of the genomic 
sequence also needs to be considered. 

Currently, the popular aligners can be classified into two groups according to the 
data structure built into their seeding strategies (H. Li and Homer 2010; Ahmed, 
Bertels, and Al-Ars 2016): 1) hash-based (e.g., mrsFAST (Hach et al. 2010) and 
MAQ (Heng Li, Ruan, and Durbin 2008)) and 2) index-based (e.g., BWA (Heng Li 
and Durbin 2009) and Bowtie2 (Langmead and Salzberg 2012)). 

3.3 Strategies to handle duplicated reads 
Duplicated reads are those that map to the exact same genomic location. They may 
be produced by the polymerase chain reaction, or they can be naturally occurring 
replicates. While PCR duplicates are considered noise, because they are the same 
read sequenced multiple times, the naturally occurring duplicated reads are 



Thomas Faux 

22 

considered a true part of the signal as they are derived from independent sequences 
(Bansal 2017). In RNA-seq studies, duplicated reads are not usually considered a 
problem, but for ChIP-seq and ATAC-seq, it is a common strategy to partially or 
fully deduplicate before peak calling (Bailey et al. 2013; Y. Chen et al. 2012). Instead 
of reducing aberrant signal by removing the duplicated reads across the genome, one 
can instead aim to remove the regions known to be associated with artefact signal; 
indeed, such regions have already been carefully curated and collected in the 
‘ENCODE Blacklist’ (Amemiya, Kundaje, and Boyle 2019). The blacklisted regions 
have been shown to be enriched for reads mapping to multiple locations and 
duplicated reads (Carroll et al. 2014). Furthermore, filtering those regions has been 
shown to improve fragment length estimation and the normalisation of signal, which 
benefits peak calling and differential peak calling (Carroll et al. 2014). 

3.4 Peak calling 
Peak calling is the process of detecting genomic regions enriched in sequencing 
reads. A considerable number of peak calling software packages and comparison 
studies have been produced in recent years (Szalkowski and Schmid 2011), and the 
most popular software currently includes MACS2 (Zhang et al. 2008) , SICER (S. 
Xu et al. 2014), ZINBA (Rashid et al. 2011), F-seq (Boyle et al. 2008) and MUSIC 
(Harmanci, Rozowsky, and Gerstein 2014). 

Ideally, ChIP-seq produces reads that are enriched in the regions in which the 
protein of interest binds. However, these reads only represent the 5’ end of the 
sequenced fragments, and the density of reads around the region of interest will 
consequently present a bimodal distribution, with one distribution corresponding to 
the forward strand and the other corresponding to the reverse strand (Figures 2A and 
2B). One implication of this phenomenon is that the software must adjust by shifting 
the reads half the estimated fragment length towards the centre of the region of 
interest. 
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Figure 2. Visual representation of the forward (blue) and reverse (red) reads (bold) sequenced 

from fragments in the event of a transcription factor (A) and with a broader (such as 
histone) signal (B). This figure is from (Wilbanks and Facciotti 2010). 

The peak calling process can be separated into two distinct steps (Wilbanks and 
Facciotti 2010; Thomas et al. 2016): the identification of candidate peaks and the 
statistical testing of those peaks. To identify candidate peaks, one must find the 
regions with a high density of reads, either by detecting clusters of reads or extended 
overlaps of reads (Fejes et al. 2008; Rozowsky et al. 2009). A popular solution is the 
use of a sliding window of defined size to scan the genome for the enrichment of 
aligned reads (Yong Zhang et al. 2008; Harmanci, Rozowsky, and Gerstein 2014). 
Peak calling software then tests those candidate regions for significance, which is 
done by using the null hypothesis that the reads are randomly distributed throughout 
the genome in order to model the background reads. The background reads are 
modelled using a Poisson model or a negative binomial model using regions of low 
coverage from the ChIP sample to infer the parameters of the distributions. 

Over the years, there have been multiple attempts at benchmarking the various 
software packages developed for peak calling (Laajala et al. 2009; Wilbanks and 
Facciotti 2010; Rye, Sætrom, and Drabløs 2011; Micsinai et al. 2012), but the lack 
of a clear winner and the frequency of software releases and updates make any such 
benchmarks quickly outdated (Szalkowski and Schmid 2011). The latest 
benchmarking effort (Thomas et al. 2016) innovated by separating the peak calling 
problem into two sub-problems: the detection of candidate peaks and the statistical 
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testing of the candidates. By doing so, it identified three main features that make a 
good peak calling algorithm: 1) the peak detection process should not combine the 
reads produced by a ChIP-seq experiment (ChIP-seq sample) with the background 
reads obtained by running a ChIP-seq experiment without antibodies (input sample); 
2) multiple sizes of windows should be used to detect enrichment; and 3) a Poisson 
model should be used rather than a negative binomial distribution to test for the 
significance of the peaks (Thomas et al. 2016). 

Suitable candidate peaks are defined by a minimum of three parameters 
representing their position in the genome: chromosome, start coordinate and end 
coordinate. The peaks are also characterised by their height and breadth. A peak’s 
height is the maximum read pileup value within the boundaries of the peak, and a 
peak’s breadth is the distance between the boundaries of the peak. It was suggested 
that there are different types of peaks, based on their height and breadth (Pepke, 
Wold, and Mortazavi 2009; Landt et al. 2012), and that peak calling strategies should 
be adapted to be a function of those parameters. In general, peaks are referred to as 
broad or narrow, and although there is no clear boundary indicating the separation 
between narrow peaks and broad peaks, the term ‘narrow peak’ is typically used 
when transcription factors are studied, while the term ‘broad peak’ is typically used 
for histone modification studies. However, over the years, a strategy of narrow peak 
calling with specific histone modifications, such as H3K27Ac or H3K4me3, 
(ENCODE 2017) has been recommended; narrow peak calling for ATAC-seq data 
has also been recommended (ENCODE 2020). 

3.5 Read counting 
Both the analysis of differentially expressed genes (DEG) in the context of RNA-seq 
data and differential binding (DB) analysis in the context of ChIP-seq and ATAC-
seq data often require the counting of reads located in specific genomic regions in 
order to make comparisons between conditions. Read counting in RNA-seq is 
generally more complex than in ChIP-seq/ATAC-seq because of issues specific to 
gene transcription; indeed, the genes can be spliced and some can even be 
overlapping. GenomicRanges (Lawrence et al. 2013), featureCounts (Liao, Smyth, 
and Shi 2014) and BEDTools (Quinlan and Hall 2010) are all able to handle the 
issues specific to RNA-seq data, while in ChIP-seq and ATAC-seq, the challenge in 
read counting is related to reads overlapping contiguous peaks. 

Once the reads for the regions of interest have been counted (e.g., genes in DEG 
analysis and transcription factor binding regions or histone modification regions in 
DB), these read count values are saved into a count matrix with the rows representing 
the genomic regions of interest and the columns representing the biological replicate 
samples involved in the experiment. 
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3.6 Normalisation 
The differences between the measurements taken from different samples can be 

explained by a combination of biological and technical factors, such as the sample 
preparation and handling process. Normalisation can be used to modify the read 
counts contained in the count matrix to decrease the effect of such systematic bias. 

For the count data derived from ChIP-seq and RNA-seq studies, most of the 
available normalisation methods involve correcting for two main factors: sequencing 
depth and composition. Sequencing depth bias is shown in Figure 3A; if the 
sequencing depth in sample B is three times that of sample A, the regions in sample 
B will generally have three times as many reads than those in sample A. The 
composition bias is represented in Figure 3B. If a small number of regions show an 
extreme number of reads, normalisation can be skewed because of those extreme 
values. 

Figure 3. This figure depicts gene regions (coloured boxes) and the read coverage in grey above 
them. A) Representation of sequencing bias where sample B has three times the 
sequencing depth of sample A. B) representation of the composition bias where region 
C of sample B shows an extremely high read count. 

A very simple library size normalisation takes the ratio of the sample with the 
highest sequencing depth (i.e., the number of total reads) and divides it by the 
number of reads in the different samples to calculate normalisation factors for each 
sample, which are then used to scale the values. This method then ‘pulls’ the samples 
with the lowest sequencing depths to the level of the highest. 

The most popular methods used to normalise count data are the median of ratios 
(Anders and Huber 2010) and the trimmed means of M-values (TMM) (Mark D 
Robinson and Oshlack 2010). The TMM method trims the tail of the M-value (log 
ratio of intensities) distribution to avoid the inclusion of extreme values. The 

A B
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weighted trimmed mean is then used to produce normalisation factors in a pairwise 
fashion between a sample selected as a reference and the other samples. The median 
of ratios is a simple popular method that builds a reference by taking the geometric 
mean for each region (genes or peaks) across the samples. All the values are then 
divided by the sample’s reference. 

3.7 Visual inspection of reads 
One of the often-overlooked steps in checking the quality of ChIP-seq data is the 
visualisation of reads in the genomic context. Visualisation gives a global impression 
of the quality of the dataset, and in the case of a failed ChIP-seq experiment (e.g., 
too many amplification PCR cycles), abnormally high stacks of exactly identical 
reads can be observed. Multiple software packages have been developed for read 
visualisation, the most popular being UCSC genome browser (W. J. Kent et al. 2002; 
Fujita et al. 2011) and Integrative Genomic Viewer (IGV) (J. T. Robinson et al. 
2011). 

3.8 Fraction of read in peaks 
One metric to assess the quality of a ChIP-seq experiment is the fraction of the read 
in peaks (FRiP) (Ji et al. 2008). This metric assumes that most of the reads present 
in a ChIP-seq experiment are part of the background reads and that only a fraction 
contain the true signal (i.e., the reads located in the peaks). Thus, the fraction of the 
reads in the peaks gives us an idea of the signal strength. The ENCODE guideline 
recommends a FRiP greater than 1% in order for a narrow peak experiment not to be 
considered a failure (Landt et al. 2012). However, this metric is quite sensitive to the 
size of the peaks (Qin et al. 2016), and a signal like histone mark H3K36me3, which 
is known to be broad and located in transcribed genes (Nelson, Santos-Rosa, and 
Kouzarides 2006; Bannister and Kouzarides 2011), would be expected to present a 
much higher FRiP than a transcription factor signal. Although the FRiP metric is less 
reliable for broader peaks (Qin et al. 2016), it still provides a point of comparison 
between replications of the same experiment. 

3.9 Strand cross-correlation 
Ideally, ChIP-seq will produce reads that cluster around the genomic regions bound 
by proteins. The enrichment of reads is bimodal around a true binding site because 
of the nature of sequencing platforms, which sequence both forward and reverse 
strands, and we can exploit this property to quantify the read clustering by 
calculating the Pearson correlation between the forward strand reads and the reverse 
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strand reads (Landt et al. 2012; Marinov et al. 2014; Carroll et al. 2014). Further, by 
shifting the forward reads towards 3’ and calculating the correlation, we can profile 
the strand cross-correlation, which should reach a maximum at a shift size equal to 
the fragment length. When the correlation is plotted against the shift size, we 
typically obtain two peaks—one at read length (also called ‘phantom peak’), which 
is an artefact caused mostly by duplicated reads in blacklisted regions, and one at 
fragment length, which represents the maximum overlap of the forward and reverse 
reads (Carroll et al. 2014) (Figure 4). A successful ChIP-seq experiment typically 
displays a peak at fragment length that is taller than that at read length, whereas a 
failed experiment displays a lower peak at fragment length than at read length. 

 
Figure 4. Representation of the strand cross-correlation plotted against shift value; the three 

frames on the bottom represent a visualisation of the shift values. The unbroken line is 
an example of a cross-correlation of a successful experiment, while the dotted line 
represents a cross-correlation of a failed experiment. Figure is adapted from (Carroll et 
al. 2014). 

3.10 Differential peak calling 
Differential peak calling can be described as the process of finding peaks that 
significantly differ between sample conditions. Differential signal evaluation is a 
routine step in other sequencing data types, such as RNA-seq or methylation 
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sequencing data, but the task is particularly challenging in ChIP-seq and ATAC-seq 
because of the relatively low signal-to-noise ratio (Landt et al. 2012). Further, the 
search space for binding events corresponds to the entire genome, and the breadth of 
the peak regions can vary from sample to sample (Steinhauser et al. 2016). Numerous 
tools for differential peak calling have been developed, and new tools are typically 
benchmarked by developers against some of the existing methods (Shen et al. 2013; 
Yanxiao Zhang et al. 2014; Allhoff et al. 2016), although a few independent method 
evaluation studies have also been produced (Steinhauser et al. 2016; Tu and Shao 
2017). 

Differential peak callers differ in their ability to handle replicate samples 
(Steinhauser et al. 2016). In general, biological replicates are beneficial, from a 
statistical point of view, as they improve peak detection accuracy and decrease the 
effect of background noise (Y. Yang et al. 2014). The recommendation of the 
ENCODE consortia, for example, is to include at least two biological replicates in 
the design of a ChIP-seq experiment (Landt et al. 2012). Amongst the differential 
peak callers that do not support replicate samples are SICER (S. Xu et al. 2014), 
MACS2 (Yong Zhang et al. 2008), ODIN (Allhoff et al. 2014), RSEG (Song and 
Smith 2011), MAnorm (Shao et al. 2012), HOMER (Heinz et al. 2010) and QChIPat 
(B. Liu et al. 2013). Differential peak callers that do support replicate samples 
include THOR (Allhoff et al. 2016), PePr (Yanxiao Zhang et al. 2014), diffReps 
(Shen et al. 2013), DiffBind (R. Stark 2011; Ross-Innes et al. 2012), MMDiff 
(Schweikert et al. 2013), Multi GPS (Mahony et al. 2014), ChIPComp (L. Chen et 
al. 2015), DBChip (Liang and Keleş 2012) and MAnorm2 (Tu et al. 2021). 

Differential peak callers can be separated into two groups according to their need 
for an external candidate peak caller (Steinhauser et al. 2016; Allhoff et al. 2016; Tu 
and Shao 2017). Software packages that implement their own methods for candidate 
peak detection are called one-step methods, and those that rely on external candidate 
peak callers are called two-step methods. 

Two-step methods were a logical first step of method development for 
differential peak callers, allowing the usage of existing methods for peak calling. 
After the peaks have been called, reads can be counted within the peaks to form an 
input for differential peak calling that can be carried out using existing statistical 
packages. The main drawback of the two-step methods is that once the regions of 
interest (candidate peaks) have been defined during peak calling step, they are fixed 
during the statistical analysis. This also allows the potential introduction of artefact 
regions during the peak calling step. One-step methods bring a solution to these 
problems by removing the separate peak calling step by separating the signal regions 
into inspection windows that will be tested for signal difference. In the case of one-
step methods using sliding windows, windows can also be partially overlapping.  The 
drawback with this approach is a reliance on specified preselected window size. 
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Setting a small window size may cause wide continuous regions with differential 
signal to be missed. Similarly, selecting a very large window may cause missing 
changes affecting narrow genomic regions. With one-step methods using hidden 
Markov models (HMM), statistical testing can be improved by taking advantage of 
signal around the windows as well. The inconvenience of such methods is that the 
limited number of hidden states (e.g. three hidden states in THOR) may decrease 
detection sensitivity (Tu and Shao 2017). 

One-step methods considered in this thesis: 

THOR (Allhoff et al. 2016) uses TMM as a default normalisation method, followed 
by a three-state hidden Markov model (HMM) (Gain in condition 1, Gain in 
condition 2 or Background) to call differential peaks. The probability of changing 
states, given prior observations, is calculated using a mixture of Poisson 
distributions. The statistical model is an HMM with a three-state topology which 
estimates the p-value using the negative binomial distribution with parameters based 
on states of the model. The multiple testing correction is done with a Benjamini-
Hochberg correction of p-values. 

PePr (Yanxiao Zhang et al. 2014) uses TMM as a default normalisation method, 
followed by a sliding-window approach to find enriched regions using a negative 
binomial distribution model and testing the enriched windows for significance with 
Wald’s test. The multiple testing correction is done with a Benjamini-Hochberg 
correction of p-values. 

diffReps (Shen et al. 2013) uses the geometric mean as a default normalisation, 
followed by a sliding-window approach to find enriched regions using a negative 
binomial distribution model and testing the enriched windows for significance with 
a test based on DESeq. The multiple testing correction is done with a Benjamini-
Hochberg correction of p-values. 

Two-step methods considered in this thesis: 

ROTS (Suomi et al. 2017). In this thesis, the median of ratios is used to normalise 
ROTS input data. Statistical testing is performed by bootstrapping the data in order 
to optimise the two parameters, enabling ROTS to use a modified t-statistic that 
maximises the reproducibility of the results. The multiple testing correction is done 
with a Benjamini-Hochberg correction of p-values. 

DiffBind (R. Stark 2011; Ross-Innes et al. 2012) uses the median of ratios of 
DESeq2 (Love, Huber, and Anders 2014) as a default normalization and performs 
the statistical testing with DESeq2 (which uses a Wald’s test) to detect differential 
peaks. The multiple testing correction is done with an adaptation of the Benjamini-
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Hochberg correction of p-values. Features are ranked by p-value, then each ranked 
p-value is multiplied by the number of tests divided by the rank of feature. 

MAnorm2 (Tu et al. 2021) uses a linear transformation of the log2-transformed 
read counts to remove the M-A trend of the common peaks (the M-value is log2 of 
the fold change, and the A-value is the average log2 read count). The normalisation 
is applied between samples within conditions and then across conditions. MAnorm2 
uses the limma (Soneson and Delorenzi 2013) modelling strategy to perform the 
statistical testing in order to detect differential peaks. The multiple testing correction 
is done with a Benjamini-Hochberg correction of p-values. 
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4 Datasets 

The datasets presented here are used in the publications included in this thesis; those 
used for tool development (Publications I and II) were downloaded from public data 
repositories, and those used in Publications III and IV were specially generated. 

4.1 Datasets used in Publication I 
The purpose of this study was to develop a new tool for differential ChIP-seq peak 
detection and to compare it to popular tools on different types of datasets. The 
publicly available datasets used in Publication I are composed of two ATAC-seq and 
RNA-seq dataset pairs and two ChIP-seq and RNA-seq dataset pairs. The ChIP-seq 
and ATAC-seq datasets were aligned, using Bowtie2, against the hg19 or mm10 
reference genome, as appropriate. Reads of low quality (quality value < 15) or those 
located in the ENCODE blacklisted regions were filtered out using samtools 1.2. The 
candidate peaks were called using MACS2 using the narrow peak option for the 
ATAC-seq and H3K4me3 ChIP-seq datasets, while the broad peak option was used 
for the H3K36me3 ChIP-seq dataset, following the ENCODE recommendations, the 
threshold used was the default ‘-q 0.01’ (p-value adjusted with Benjamini-Hochberg 
correction). The differential peak calling was executed with default parameters for 
all software (for diffReps a sliding window of 1kbp is used with a moving step size 
of 100bp and a p-value threshold of 1 x 10-4, PePr estimates the window size and 
shift size from the data and uses a threshold of p-value 0.05. THOR does not need 
any parameters, and DiffBind was used with DEseq2 statistical analysis method). 
The median of ratios normalisation was used before statistical testing with ROTS.  

In the case of the RNA-seq dataset, we used available normalised gene 
expression count data (yellow fever and inflammation response). Unnormalised gene 
counts were available for the rheumatoid arthritis dataset, which was then normalised 
using the TMM method. Differential expression testing was performed using ROTS. 

4.1.1 Yellow fever ATAC-seq and RNA-seq data 
The yellow fever datasets originate from a previous publication (Akondy et al. 2017) 
in which the authors investigated the differentiation of human memory CD8 T cells. 
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They used live yellow fever vaccine (YFV), which produces immunity in humans, 
collecting YFV-specific CD8 T cells that had proliferated due to the vaccine and 
compared them to naïve CD8 T cells using RNA-seq and ATAC-seq approaches. 
The data are composed of five replicate samples of effector YFV-specific CD8 T 
cells (collected in the first two weeks), three replicates of memory YFV-specific 
CD8 T cells (collected after three years) and eight replicates of naïve CD8 T cells. 
Both RNA-seq and ATAC-seq data are available for these samples. 

In Publication I, the main focus was comparing naïve CD8 T cells with YFV-
specific CD8 T cells. In the analysis, we combined effector and memory cell samples 
to obtain eight replicates of YFV-specific CD8 T cells and eight replicates of naïve 
CD8 T cells. The data are available in the Gene Expression Omnibus (GSE100745 
for the RNA-seq and GSE101609 for the ATAC-seq). 

4.1.2 Inflammation response ATAC-seq and RNA-seq data 
This dataset originates from a publication (S. H. Park et al. 2017) in which the 
authors were investigating the regulation by cytokines of the responses of toll-like 
receptors, which is an essential part of host defence, toxicity avoidance and 
homeostasis. Indeed, tumour necrosis factor (TNF) cytokines are a strong actor in 
innate immunity and the inflammation defence against pathogens, and the authors 
stated that a 24-hour pre-treatment with TNF cytokines attenuates 
lipopolysaccharide (LPS)-induced epigenetic modifications. The study examined 
four groups of CD14+ monocyte-derived macrophages in a 2×2 experimental 
design—with or without pre-treatment with TNF cytokines and with or without a 
challenge with LPS. The goal was to observe the variation of gene expression of a 
group of LPS-induced genes reacting to TNF and LPS treatments. 

We selected the two groups not pre-treated with TNF to use in our study because 
they would show the largest differences when compared. The ATAC-seq dataset 
comprises five replicate samples and the RNA-seq dataset comprises three replicates. 
The data is available in the Gene Expression Omnibus (GSE100383). 

4.1.3 Rheumatoid arthritis ChIP-seq and RNA-seq data 
This dataset originates from a study (Ai et al. 2018) that aimed to create an epigenetic 
landscaping of fibroblast-like synoviocytes (FLS) from patients affected by 
rheumatoid arthritis (RA), which is an auto immune disease in which the cartilage 
becomes inflamed and patients progressively lose mobility, in contrast to osteoid 
arthritis (OA), which is believed to be caused by mechanical stress on the joints. The 
epigenome of the FLSs was under investigation because they move from the lining 
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of the synovial capsule to invade the cartilage and assume a particularly aggressive 
phenotype in patients with RA. 

The dataset is composed of two groups of 11 patients with FLSs—one with OA 
and the other with RA. ChIP-seq and RNA-seq was used to examine different types 
of histones (H3K4me3, H3K36me3, H3K27ac, H3K27me3 and H3K9me3), and the 
dataset is available in the Gene Expression Omnibus (GSE112658). 

4.2 Datasets used in Publication II 
The emphasis of the Publication II was on the development of the visualization tool 
for epigenomics data. The public datasets included in the publication were used to 
generate the example visualizations. The datasets include two ChIP-seq datasets and 
an ATAC-seq dataset. The quality of the sequenced reads was checked with FastQC 
(Andrews S. 2010) and reads were aligned against reference genome mm10 
(butadiene ChIP-seq and ATAC-seq) and hg19 (gastric adenocarcinoma ChIP-seq) 
using Bowtie2 (Langmead and Salzberg 2012). Duplicated reads were filtered out 
using samtools 1.2, and the peaks were determined with MACS2 using the options 
‘–broad–nomodel -q 0.05’ in order to be used with two-step methods. DiffBind for 
differential peak calling was used with DEseq2 statistical analysis method (Love, 
Huber, and Anders 2014) and an FDR < 0.05. The one-step methods were run on 
default parameters (diffReps a sliding window of 1kbp is used with a moving step 
size of 100bp and a p-value threshold of 1 x 10-4, PePr estimates the window size 
and shift size from data and uses a threshold of p-value 0.05 and THOR does not 
need any parameters and returns all the peaks found regardless of the p-value. All 
tools used in the differential analysis steps represent robust methods widely used in 
the analysis of sequencing data. 

4.2.1 Butadiene ChIP-seq and ATAC-seq data 
A study by (Israel et al. 2018) investigated the epigenetic footprint of exposure to 
butadiene, which is a known carcinogenic chemical found in cigarette smoke and car 
exhaust; it is also known to alter chromatin structure. The authors exposed two 
strains of mouse (CAST/EiJ and C57BL/6J) to clean air or to 1,3-butadiene for six 
hours per day over a two-week period. They collected tissue from the lungs, liver 
and kidneys to perform H3K27ac ChIP-seq and ATAC-seq analysis. 

The authors used the CAST/EiJ liver dataset, which contains five clean air–
exposed replicates and five 1,3-butadiene–exposed replicates for both ChIP-seq and 
ATAC-seq. The dataset is available in the Gene Expression Omnibus (GSE108990). 
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4.2.2 Gastric adenocarcinoma ChIP-seq data 
A study by (Ooi et al. 2016) used the epigenetic landscape of gastric adenocarcinoma 
to study regulatory enhancer elements. Gastric tissue samples were collected from 
the SingHealth tissue repository to create a dataset composed of five normal tissue 
samples (without any malignant tissue) and five tumour tissue samples that match 
with cancer cell lines. The dataset is available in the Gene Expression Omnibus 
(GSE85467). 

4.3 Datasets used in Publication III 
In Publication III, the emphasis was on showing that the breadth of the histone 
modification H3K4me3 at the promoter mark is conserved under hypoxic stress, 
which has the effect of retaining core and stress adaptation functions during 
endometriosis in endometrial stromal fibroblasts (ESF). To study the dynamics of 
H3K4me3 promoter marks in hypoxia, decidual stromal cells (DSC) (decidualised 
ESFs) and ESFs were exposed to a hypoxia condition for 16 hours. The resulting 
cells were used to conduct a ChIP-seq experiment and produce two biological 
replicates for each condition (ESF hypoxia, ESF normoxia, DSC hypoxia and DSC 
normoxia). 

The quality of the sequenced reads was checked with FastQC (Andrews S. 2010), 
the sequencing reads obtained were aligned to the hg19 reference genome using 
Bowtie2 (Langmead and Salzberg 2012) and merged with samtools 1.2 (Heng Li et 
al. 2009) before calling the peaks with MACS2 using the options ‘--broad --nomodel 
--extsize 147 --broadcutoff 0.1’. Neighbouring peaks (distance < 3kb) were merged 
and annotated to the closest promoter using GREAT (McLean et al. 2010). The 
differential analysis was done with diffBind using DEseq2 and a threshold of q-value 
< 1 x 10-10 was applied for the correlations between differential peaks and differential 
expression. DiffBind was preferred to other differential peak calling tools because it 
is a two-step method which require a pre-selected list of genomic regions and we 
needed to detect differential peaks on selected genomic regions. 

The related RNA-seq data originates from previously published data of normoxic 
DSCs and ESFs along with hypoxia-treated DSCs and ESFs. The dataset is available 
in the Gene Expression Omnibus (GSE111570 and GSE63733). The quality of the 
sequenced reads for this dataset was checked with FastQC (Andrews S. 2010), then 
aligned to the GRCh37 human reference genome using Tophat2 (Kim et al. 2013) 
and the gene counts were calculated with HTseq (Planet et al. 2012) according to the 
Ensembl gene annotation (GRCh37.69). The counts were normalized as Transcript 
Per Millions (TPM). The differential expression analysis was done with edgeR (M. 
D. Robinson, McCarthy, and Smyth 2010) using upper quartile normalization and 
selecting FDR < 0.01, TPM > 2 and fold change > 2  as filtering cut-offs. 
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4.4 Datasets used in Publication IV 
In Publication IV, the focus was on proving that the transcription factor MAZR 
regulates the development of regulatory T cells (T reg cells) that express FOXP3. 
Splenic tissue was collected from mice aged between six and eight weeks—three 
wild-type (WT) and three MAZR-KO—and T reg cells were isolated; RNA 
sequencing was then performed and a DEG analysis conducted. The dataset is 
available in the Gene Expression Omnibus (GSE123149). 

The quality of the sequenced reads was checked with the FastQC tool and the 
reads were aligned with STAR 2.5.2b (Dobin et al. 2013) to the mouse reference 
genome (mm10). The number of uniquely mapped reads associated to Ensembl 
annotated genes were counted using subread 1.5.1 (Liao, Smyth, and Shi 2013). The 
count data was normalized using the TMM normalization from the edgeR package. 
Lowly expressed genes (less than one count per million in at least three samples) 
were filtered out and an offset of one was added to the counts before log2 
transformation. ROTS was used for statistical testing requiring thresholds of p-value 
< 0.05 and absolute fold change > 1.5 to detect differentially expressed genes. All 
tools used in the different analysis steps represent robust methods widely used in the 
analysis of sequencing data. 
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5 Results 

5.1 Differential ChIP-seq and ATAC-seq peak 
calling with ROTS and comparison with 
existing tools (Publication I) 

Together with the various differential peak callers developed over the years have come 
a range of strategies for assessing their performance, but comparisons between existing 
tools remain challenging, especially because of the lack of a reliable gold standard 
dataset (Steinhauser et al. 2016; Allhoff et al. 2016). Early attempts at comparing tools 
included overlaps between the top results lists (list of results sorted by p-value and 
truncated at a p-value threshold), the number of peaks detected under a certain p-value 
threshold and density plots of the read pileups across the detected genomic regions (Shen 
et al. 2013; Yanxiao Zhang et al. 2014). Publication I describes the development of a 
workflow for the purpose of differential peak calling based on an existing ROTS R 
package and a comparison of the developed workflow against popular tools (DiffBind, 
MAnorm2, diffReps, PePr and THOR) using synthetic ChIP-seq data, real ChIP-seq data 
and real ATAC-seq data. The methods were selected for their novelty and/or their 
popularity, as well as, their history of being benchmarked to other tools. 

5.1.1 Synthetic data 
Synthetic datasets for validating ChIP-seq analysis tools have been developed in at 
least two earlier studies (Steinhauser et al. 2016; Allhoff et al. 2016). In the first 
study, manually curated biological ChIP-seq data was compiled and the differential 
peaks then inserted into the data. In the second study, the synthetic dataset was fully 
generated by software that attributes reads with a negative binomial distribution to 
selected genomic regions. 

In Steinhauser et al. (2016), the top 20000 peaks identified by a peak caller in a 
H3K36me3 ChIP-seq experiment were selected to create two sample conditions. For 
the first condition, only the reads located in the peaks, which represented the signal, 
were considered for the subsequent procedure, while the second condition was 
created by splitting the same set of peaks into two groups—one representing the non-
differential peaks in which the reads are identical to the first condition, and the other 
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split into ten subgroups of 1000 peaks representing the differential peaks. These ten 
subgroups of 1000 peaks were down-sampled sequentially (10%, 20%, …, 100%) to 
represent the different intensities of the differential peaks. Finally, a realistic noise 
background was added to each condition based on a real dataset. 

The Steinhauser et al. (2016) synthetic dataset has great advantages, such as a true 
biological read distribution and exact knowledge of differential and non-differential 
peaks, but it lacks the replicate samples that we were emphasising in our work. We 
therefore used the dataset as a base to create our own version of a reliable validation 
dataset in Publication I. We created five replicates for each condition by further down-
sampling each original condition sample by a random percentage (10% to 30%). This 
validation dataset thus enabled a comparison of true and false positives found by each 
tool. Furthermore, the gradient of the down-sampling gave us the opportunity to 
examine the behaviour of each tool according to the magnitude of the difference. 

We compared the top differential peaks found by each tool (false discovery rate 
[FDR] < 0.05) and examined the rates of true and false positives (Figure 5A). While 
all the tools performed similarly when the intensity differences were large (60% to 
100% difference), ROTS and THOR detected larger proportions of differential peaks 
with lower intensity differences. Overall, ROTS, PePr and THOR reported the most 
true positives while diffReps was the only tool with a significant number of false 
positives. The tools were also benchmarked for running time and memory 
consumption; we found ROTS to be by far the fastest and most memory efficient, 
while diffReps was the slowest and DiffBind used the most memory. 

Figure 5. Detection of true positive peaks (colour) and false positive peaks (grey). The findings 
reported by each tool are displayed against an ideal finding of 1000 true positives per 
intensity category. The gradient of colour represents the percentage intensity of the 
difference. This figure is adapted from (Faux et al. 2021). 
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5.1.2 Number of differential peaks 
One simple way to compare tools’ performances is to examine the overlap of their 
results. Indeed, overlapping the regions detected by the tools shows a general 
agreement regarding the unique regions found, though this is in contrast to a previous 
study in which the general agreement between different tools was found to be quite 
low (Steinhauser et al. 2016). 

An analysis of the number of significant peaks detected by the different tools 
(FDR < 0.05) shows significant differences in the numbers of detected differential 
peaks between the tools and across datasets (Table 1). THOR and diffReps found a 
significantly higher number of differential peaks than the other tools. PePr showed 
an inconsistent number of differential peaks, while the two-step methods (ROTS, 
DiffBind and MAnorm2) found similar numbers of differential peaks, except with 
the H3K4me3 ChIP-seq dataset, for which MAnorm2 found only ten peaks 
compared to the thousands found by ROTS and DiffBind. It should be noted that the 
two-step methods agree on the low number of differences between the conditions in 
the H3K36me3 ChIP-seq dataset. 

We also looked at the most significant differential peaks and the overlaps 
between tools (Figure 6). The overlapping of the 2000 most significant differential 
peaks for each tool across the datasets shows a generally higher percentage of 
overlap for the ATAC-seq datasets than for ChIP-seq. The two-step methods (ROTS, 
DiffBind and MAnorm2) showed an overall high percentage of overlap (32–80% for 
ATAC-seq and 21–60% for ChIP-seq), while the one-step methods (diffReps, PePr 
and THOR) showed reasonable overlap only for the ATAC-seq datasets (26–56%), 
but less than 17% for ChIP-seq. The same patterns were also observed when all 
significant differential peaks were compared (FDR < 0.05). 

Finally, the number of differential peaks detected and the overlaps between tools 
outline an overall higher agreement amongst the two-step methods (ROTS, DiffBind 
and MAnorm2) than the one-step methods (diffReps, PePr and THOR) (Figure 6). 

Table 1:  Number of differential peaks reported for each tool and dataset. Table from (Faux et al. 
2021) 

  
Two-step   One-step 

ROTS DiffBind MAnorm2   diffReps PePr THOR 
YF ATAC-seq 2017 8736 3816   9168 1955 36009 
IFN ATAC-seq 37630 40001 32362  57209 44143 91118 
RA H3K4me3 1913 3111 10   21443 1072 17343 
RA H3k36me3 11 25 0   27549 1077 17483 
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Figure 6. Percentage overlap between tools for the 2000 most significant differential peaks across 

the datasets for A) yellow fever ATAC-seq, B) inflammatory response ATAC-seq, C) 
rheumatoid arthritis H3K4me3 and D) rheumatoid arthritis H3K36me3. Figure adapted 
from (Faux et al. 2021). 

5.1.3 Breadth and intensity 
The shapes of peaks can be used to confirm results; different histone modifications, 
for example, have their own typical profiles of breadth and height (Karmodiya et al. 
2015; Smolle and Workman 2013; Barth and Imhof 2010), and these profiles 
represent the fine regulation of chromatin openness in which biological processes 
can take place. Thus, a comparison of the shape and intensity of differential peaks 
allows a deeper understanding of the different tools’ capabilities and a better overall 
comprehension of the underlying algorithms used. 

An analysis related to the breadth, intensity and shape of the peaks was 
performed in three steps. First was calculating the average difference in read counts 
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for the first 2000 most significant differential peaks, which allows a global view of 
the differences of breadth and intensity. Second was creating a heatmap of the 2000 
most significant differential peaks, displaying their intensity and their intensity fold 
change. Third, a few selected examples were visualised to highlight interesting 
differences in the behaviour of the differential peak callers. 

In general, there were clear differences in signal patterns in most of the datasets 
(Figures 7A, 7B and 7C), except for RA H3K36me3 (Figure 7D). A tendency for 
narrower peaks in the ATAC-seq data was observed across the tools, and broader 
peaks were reported by the one-step methods (diffReps, PePr and THOR). DiffReps 
and THOR showed a pattern of detecting peaks with high intensity in the middle of 
the peaks but almost no differences on the sides, particularly with the ATAC-seq 
data. Some of the differential peaks detected by diffReps and THOR also exhibited 
a pattern in which the high intensity of difference splits and surrounds a peak centre, 
indicating the detection of a composite peak. Additionally, diffReps and PePr 
detected differential peaks that, in most cases, increased in signal, whereas few or no 
detections were reported with decreasing signal. The behaviour of the two-step 
methods (ROTS, DiffBind and MAnorm2) was very similar across the datasets. 

A visual inspection of selected regions confirms these findings. Indeed, we can 
note identical regions for ROTS, DiffBind and MAnorm2 that precisely detect a peak 
(Figure 8), while THOR and diffReps frequently included lower intensity regions 
surrounding the peaks as well as regions that included two peaks, which were 
typically detected separately by two-step methods (ROTS and DiffBind). THOR 
exhibited a wide range of different behaviours, including correctly splitting a peak 
according to a fold change (Figure 8C) and detecting the surrounding of a peak 
without detecting the peak itself (supplement to Publication I). 



Results 

 41 

 
Figure 7. Percentage overlap between tools for the 2000 most significant differential peaks across 

the datasets. Figure is adapted from (Faux et al. 2021). 
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Figure 8. Percentage overlap between tools for the 2000 most significant differential peaks across 
the datasets. Figure is adapted from (Faux et al. 2021). 

5.1.4 Correlation between differential peaks and RNA-seq 
Evaluating the tools’ performances on biological data can be challenging due to the 
absence of an absolute truth to which we can refer. Despite the fact that there is no 
gold standard biological dataset, we can nevertheless approximate the performance 
of a tool by associating different parts of the experiment to create a criterion for 
comparison. This can be based on the finding that levels of histone modifications 
and chromatin openness correlate well with associated gene expression levels (Gates, 

A

B

C
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Foulds, and O’Malley 2017; Karlić et al. 2010; Starks et al. 2019). We used this 
knowledge to correlate differential peaks resulting of ChIP-seq and ATAC-seq 
(providing information on the presence of histone modifications and open chromatin 
regions respectively) with differential expression levels of the matching genomic 
regions. This was done in order to measure the relationship between the fold 
difference in the differential peaks detected by the different tools and the fold 
difference in the expression of related genes. 

The evaluation of the tools’ performances was carried out with selected datasets 
containing differential conditions in epigenetics (ChIP-seq and ATAC-seq) and in 
gene expression (RNA-seq). The most significant findings of the differential peak 
detection tools were compared using the first 2000 differential peaks of the ranked 
results. The intensity fold change of the detected regions was then compared to the 
fold change of the expression of the closest gene. 

Plotting the fold change values from a defined list of best results against the fold 
change of the expression of the closest gene gives a snapshot of the correlation for 
the different tools (Figure 9). This correlation can be used as a criterion of 
performance and reveals that, for the H3K36me3 ChIP-seq, ROTS, MAnorm2 and 
THOR are the best performers when considering the top 500 differential peaks. The 
fold change values of the differential peaks reported by diffReps were also within a 
change range of −1-fold to +1-fold for the epigenetic data and for the differential 
expression data, indicating little changes between conditions within the differential 
peaks reported by diffReps. 

The strategy used to calculate the correlation was based on an increasing window 
size in order to obtain a correlation curve representing the correlation variation as 
we include a larger list of significant results in every iteration. A higher curve 
represents a better relationship between the fold change of differential peaks and 
matching fold change of gene expression. A curve that stays horizontal represents 
consistent results. In Figure 10, the Pearson correlation of the fold change values 
against the fold change of the expression of the closest gene is shown for a top list 
of lengths ranging from 100 to 2000 in increments of 100. 

Of the tools tested, ROTS showed the best performance on the ATAC-seq 
datasets; for the ChIP-seq dataset, ROTS and THOR showed the strongest 
performances for H3K4me3, while MAnorm2 showed the best performance for 
H3K36me3. Additionally, there was a consistently lower correlation for the one-step 
sliding-window methods (diffReps and PePr), while amongst the two-step methods, 
DiffBind and MAnorm2 showed correlations consistently lower than ROTS, except 
for the H3K36me3 dataset. 



Thomas Faux 

44 

 
Figure 9.  Scatterplot of the fold change values of the 500 top-ranked differential peaks from each 

tool against the fold change expression of the closest gene in the RA H3K36me3 
dataset. ROTS, MAnorm2, diffReps, PePr, DiffBind and THOR. 
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Figure 10. Pearson correlations between the fold changes of differential peaks and the fold 

changes of associated differentially expressed genes. The plots represent the behaviour 
of the correlation values from 100 peaks to 2000 peaks at intervals of 100 peaks. A) 
Yellow fever ATAC-seq, B) interferon response ATAC-seq, C) rheumatoid arthritis 
H3K4me3 and D) rheumatoid arthritis H3K36me3. Figure is adapted from (Faux et al. 
2021). 

5.2 Replicate-oriented visualisation of peaks with 
RepViz (Publication II) 

The visualisation of data is often overlooked, despite it being a crucial step in data 
analysis. Indeed, visualisation by an experienced individual can yield information on 
library complexity, signal quality, analysis design and results interpretation, and 
despite a variety of existing tools, there is still a need for an efficient tool to visualise 
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replicated datasets, as current packages usually stack the replicates, making data 
interpretation difficult. The purpose of Publication II was the development of an 
efficient visualisation tool useful for differential ChIP-seq and ATAC-seq analysis 
and other sequencing data types.  

5.2.1 Visualisation in the context of replicates 
Visualisation is a powerful tool used to check the quality of the steps in differential 
peak calling and to support tool parameter adjustment and hypothesis validation. It 
is critical for the user to be able to efficiently visualise read coverage data in the 
genomic context, and several tools for visualising sequencing data exist. The most 
popular are the UCSC genome browser (W James Kent et al. 2002) and the IGV (J. 
T. Robinson et al. 2011), but other tools include bamView (Carver et al. 2013), ggbio 
(Yin, Cook, and Lawrence 2012), GenVisR (Skidmore et al. 2016), Gviz (Hahne and 
Ivanek 2016), rbamtools (Kaisers, Schaal, and Schwender 2015) and sushi (Phanstiel 
et al. 2014). These packages incorporate independent visualisation tools and R 
packages but lack the visual efficiency and simplicity of RepViz, which was 
developed as part of Publication II. Note that, while Gviz can produce unstacked 
replicate views similar to those available with RepViz, it can be a daunting task for 
people who are not experts in R programming. 

The output of RepViz is a plot of a genomic region containing three different 
panels (Figure 11). The first is related to the visualisation of the read alignment BAM 
files, which contain the read positions; the second is the visualisation of the browser-
extensible data (BED) files, which contain regions of interest; and the third is the 
genomic track that allows the previous tracks to be put into genomic context. In the 
example in Figure 11, the first four panels show five replicate samples of two 
conditions in the ATAC-seq and ChIP-seq datasets. The fifth panel shows the 
average read coverage of each sample condition group. The penultimate panel shows 
the BED files regions, and the last panel shows the genomic track. 

In Publication II, RepViz is compared to two popular visualisation tools—IGV 
and Gviz (Figure 12). IGV displays the replicates from different condition groups on 
top of each other, which makes intra-condition and inter-condition comparisons 
difficult. While Gviz can produce a similar visualisation to RepViz, it does not accept 
different conditions having different numbers of replicates. Furthermore, while it is 
possible to see all conditions and replicates with Gviz, it is impossible to visualise 
the average coverage in the same plot. In a nutshell, RepViz can pack more 
information in a single visualisation than previous tools while keeping the 
visualisation easy to interpret.  
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Figure 11. Visualisation of a promoter region for H3K27ac ChIP-seq and ATAC-seq in five 

replicates using RepViz. The first four panels are a visualisation of the reads for each of 
the five replicates present in the case and control conditions for both the ChIP-seq and 
ATAC-seq data. The fifth panel represents the average read coverage for each 
condition. The penultimate panel displays the regions detected by peak calling (PC) and 
differential peak calling (DP), and the last panel displays the genomic region. Figure is 
reproduced from (Faux et al. 2019). 
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Figure 12. Visualisation of H3K27ac ChIP-seq and ATAC-seq in five replicates using (a) IGV, (b) 

GViz and (c) RepViz. Figure is reproduced from (Faux et al. 2019). 
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5.3 Dynamics of broad H3K4me3 marks in hypoxia 
(Publication III) 

Tri-methylation of the lysin 4 in histone 3 (H3K4me3) is a marker of an active 
promoter (Pekowska et al. 2011; spicuglia and Vanhille 2012), and such changes 
have been shown to correlate with transcriptional changes (Okitsu, Hsieh, and Hsieh 
2010). H3K4me3 is generally accepted as a narrow mark located on the transcription 
start site of active genes, but recent studies have shown that it is a bivalent mark that 
exhibits both broad and narrow binding behaviours (X. Liu et al. 2016; S. Park et al. 
2020). Furthermore, broad H3K4me3 marks have been shown to be associated with 
core functions that define cell types and with transcriptional consistency by 
providing a buffer for stress (Benayoun et al. 2014). 

Hypoxia is a fundamental stress known to induce cell adaptation mechanisms 
(Lee, Chandel, and Simon 2020). Endometrial stromal cells (ESC) of the uterus are 
regularly exposed to periods of hypoxia during menstruation and placentation 
(Maybin et al. 2018). During each menstrual cycle, ESCs differentiate from ESFs to 
DSCs to prepare the uterus for the implantation of a potential foetus. Consequently, 
repeated menstrual cycles can be seen as a constant cycle of stress, which makes 
ESCs a relevant model for studying the epigenetics mechanisms of cyclic stress and 
hypoxia. 

This study provides a view of the dynamics of H3K4me3 in stress by studying 
the behaviour of H3K4me3 marks in ESCs when exposed to hypoxic periods. 

5.3.1 H3K4me3 and hypoxia in endometrial stromal cells 
Histone lysin demethylase (KDM) and histone lysin methyltransferase (KMT) are 
enzymes known to regulate the state of histones and can be grouped by the lysin they 
target (H3K4, H3K9, H3K27 or H3K36). Several KDMs and KMTs target H3K4 
and, of these, there are groups with high transcription levels in normoxia and reduced 
transcription levels in hypoxia due to down-regulation which is consistent with 
previous findings (Batie et al. 2019; Chakraborty et al. 2019). Thus, the down-
regulation of KDM and KMT that target H3K4me3 suggests the importance of this 
histone mark in the stress response of ESCs. 

First, the ChIP-seq peaks obtained by peak calling on DSCs and ESFs in a 
hypoxic state and at a normal oxygen level were compared. A heatmap of peaks 
(Figure 13A) provides a holistic view of the peaks’ breadths; the wide range of 
breadths is notable, ranging from a couple of hundred to a couple of thousand base 
pairs. After annotation of the peaks to the closest promoter, no significant differences 
in the number of promoter-associated peaks between hypoxia and normoxia was 
found. Furthermore, no differences appeared when filtering associated peaks using 
a low expression cut-off (expression level measured in transcripts per million 
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mapped reads (TPM > 2) or a high expression cut-off (TPM > 50), suggesting that 
the hypoxia-triggered changes are modifications made to pre-existing H3K4me3 
marks (Figure 13B). The TPM > 2 criterion for expressed genes is inspired by 
(Wagner, Kin, and Lynch 2013) while the TPM >50 criterion is more arbitrary and 
represents an estimation of high expression of genes in the context of this 
publication. 

 
Figure 13. Broad H3K4me3 domains correlate with high intensity transcription. A) Density of the 

signal around the transcription start site in DSC hypoxia. B) Number of promoters 
associated with significant H3K4me3 peaks in the three conditions; all promoters are 
shown on the left, then promoters with transcribed genes (TPM expression > 2) and 
then promoters with high levels of transcription on the right (TPM > 50). C) Scatter plots 
representing the relationship between breadth and intensity of transcription. Correlation 
of peak width with all transcription levels result in a Pearson correlation of 0.52 while a 
correlation with transcripts levels with TPM >1 result in a Pearson correlation of 0.32. 
D) Behaviour of the Pearson correlation between transcripts levels and height or breadth 
of peaks according to transcription cut-offs. 

The absence of a gain or loss of a clear subset of H3K4me3-marked regions 
motivated the study of broad H3K4me3 marks (broad regions with consistent and 
diffused ChIP-seq signals) as opposed to tall H3K4me3 marks (narrower regions 
with a spike in ChIP-seq signals). Consequently, the correlations of the heights and 
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breadths of the ChIP-seq peaks with the RNA-seq transcription levels of the 
promoter-associated genes were studied. The Spearman correlations of the different 
cell types (ESF and DSC) and conditions (hypoxia and normoxia) show a 
relationship between transcription levels and both height and breadth of the ChIP-
seq signal (Figure 13C), and the behaviour of this correlation when the intensity of 
the transcription is considered (TPM > 2 to TPM > 1024) (Figure 13D) reveals a 
difference between height and breadth of H3K4me3 marks in their relationship with 
transcription levels. Indeed, the first level of filtration (TPM > 2) exhibits a decrease 
in correlations for all cell types and conditions due to the removal of lowly expressed 
genes. Additionally, a weak relationship is conserved by the correlation of 
transcription levels with the breadth of the peaks compared to the correlation with 
the height of the peaks. This suggests that the height of the peaks correlates with the 
associated gene being transcribed, while the breadth partially captures the intensity 
of the transcription. 

5.3.2 Differences in breadths and heights of H3K4me3 
marks 

The analysis of the broad and tall H3K4me3 marks was extended by taking a subset 
of the 500 broadest and 500 tallest; the broadest were associated with a significantly 
higher transcriptional output than the expressed genes subset (TPM > 2) and all the 
H3K4me3-marked genes (Figure 14A). Furthermore, gene set enrichment analysis 
(GSEA) was done using the GSEA tool (www.gsea-msigdb.org/gsea) and a user 
defined list of the top 500 broadest peaks. The GSEA p-value is calculated by 
randomly permuting gene labels N times and taking the number of instances where 
the random permutation is better than the actual result obtained with the input list 
divided by N. The GSEA results of the broad H3K4me3 marks relative to the up- 
and down-regulated genes in hypoxia showed an enrichment of hypoxia up-regulated 
genes in broad H3K4me3 marks (p < 0.001) but not of hypoxia down-regulated 
genes (p = 0.27) (Figure 14B). Additionally, the majority of the genes related to the 
500 broadest marks were maintained in hypoxia, whereas the portion of genes 
conserved in hypoxia for the 500 tallest peaks was small (Figure 14C). Thus, the 
results indicate that broad H3K4me3 promoters are an important group related to the 
regulation of genes during stress by at least partly maintaining their transcriptional 
output. 

The gene promoters associated with the 500 broadest H3K4me3 marks were 
enriched with known functional categories relevant to endometrial physiology (P < 
1 × 10-20), such as blood vessel development or embryonic morphogenesis. In 
contrast, the gene promoters associated with the 500 tallest genes showed an 
enrichment in the mRNA processing function known to be related to housekeeping 

http://www.gsea-msigdb.org/gsea
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(Figure 14D). Further, progesterone receptor targets that allow decidualisation of the 
ESFs to DSCs (Mazur et al. 2015) when overlapped with the hypoxia-maintained 
broad H3K4me3 showed up-regulation of HOX10A and HAND2, which are core 
decidualisation genes. Overall, broad H3K4me3 promoters are linked to 
transcriptional up-regulation in hypoxia, allowing the conservation of core cell-type 
functions during stress, which supports previous findings (Benayoun et al. 2014). 

 
Figure 14.  Conserved transcriptional activity in hypoxia for genes associated with broad H3K4me3 

is associated with metabolic repression; A) boxplot of average transcriptional intensity 
in the top 500 broad H3K4me3 versus all expressed and H3K4me3-marked genes; B) 
gene set enrichment analysis (GSEA) of genes transcriptionally up- or down-regulated 
associated with the 500 broadest H3K4me3 peaks; C) proportion of peaks shared 
between the three conditions in the top 500 broadest and in the top 500 tallest H3K4me3 
peaks; and D) hierarchical clustering (p-value) of the enriched GO terms of the gene 
promoters associated with the 500 broadest H3K4me3 peaks. 

5.3.3 Correlation of H3K4me3 marks with transcriptional 
fold-changes 

Further investigations of variations in peak height were performed using differential 
peak calling with the H3K4me3 genomic regions proposed by MACS2. Differential 
peak calling with DiffBind revealed a decrease in the H3K4me3 signal of peaks in 
hypoxia compared to the normal state in 1700 promoter regions associated with 
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down-regulated genes (qval < 10-10). Further, the genes associated with these 1700 
regions were highly enriched with RNA processing, RNA metabolism and cell cycle 
functions, as observed in the subset of the 500 tallest H3K4me3 marks. Thus, a 
substantial part of the regions containing decreased signal in hypoxic conditions is 
associated with metabolic repression, which is a core hypoxia response across all 
cell types (Semenza 2012). 

Extension of the breadth of H3K4me3 domain in hypoxia revealed hypoxia 
adaptation genes relevant for endometrial functions. To investigate the changes in 
H3K4me3 peak height and breadth, we correlated these variables with changes in 
transcription. Peaks detected by DiffBind had a weak positive correlation with 
transcriptional changes (Pearson r = 0.25) while breadth changes displayed a marked 
positive correlation (Pearson r = 0.49). The 112 promoters detected with hypoxia-
extended H3K4me3 peaks had robust enrichment for gene sets related to hypoxia 
and when these extended peaks were intersected with relevant endometriosis 
regulated datasets we discovered several endometriosis genes among the hypoxia-
extended H3K4me3 peaks. 

5.4 Application of differential gene expression 
analysis (Publication IV) 

A multicellular organism relies on the generation of the proper amount and diversity 
of cell types. The fate of a cell is determined by its interactions with external stimuli, 
which lead a cell from a multipotent precursor towards a highly specialised cell. 
Adaptative immunity depends on differentiation decisions to drive early lymphoid 
progenitors to become CD8+ and CD4+ T cells, which will eventually become B cells 
and T cells (Germain 2002). T reg cells are T cells that differentiate in the thymus 
from a FOXP3- CD4+ precursor (Burchill et al. 2008; Lio and Hsieh 2008) in order 
to regulate or suppress other cells of the immune system. T reg cells regulate the 
immune response against foreign particles but also against particles innate to the 
organism, thus helping to prevent autoimmune disease. Forkhead box protein P3 
(FOXP3) expression is a defining factor in T reg cell function, triggering their 
differentiation (Khattri et al. 2003; Hori, Nomura, and Sakaguchi 2017; Fontenot, 
Gavin, and Rudensky 2003), but it also needs to be continually expressed for the T 
reg cells to keep their functional and transcriptional signatures (Josefowicz, Lu, and 
Rudensky 2012). 

In Publication IV, the focus is on the transcription factor MAZR, coded by the 
gene Patz1, which contains the BTB (broad-complex, tramtrack and bric-a-brac) 
domain, which is common in transcription factors that assist with the down-
regulation of gene expression (Bilic et al. 2006). It has previously been proven, using 
MAZR-deficient mice, that MAZR is a negative regulator of CD8+ differentiation 
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from the precursor as well as differentiation from CD8+ to CD4+ (Bilic et al. 2006; 
Sakaguchi et al. 2010). While we know that MAZR regulates the CD8 lineage 
differentiation, the importance of MAZR in the regulation of CD4 lineage 
differentiation is still unclear. The focus of this study is to investigate the role of 
MAZR in the production of FOXP3+ T reg cells. 

A T-cell–specific deletion of MAZR in mice (MAZR-cKO) was used to study 
the production of FOXP3+ T reg cells, which were found in greater numbers in 
various tissues related to immune system cell-line differentiation (spleen, thymus 
and lymphatic nodes) in the MAZR-cKO mice than in WT mice. This was confirmed 
by the production of in vitro T reg cells from WT and MAZR-cKO–naïve CD4+ T 
cells and an observed increase in FOXP3+ T reg cells. 

Fluorescence-activated Cell sorting (FACS) was used in the study to separate the 
population of FOXP3+ Treg cells from other types of cells. FACS is a special type 
of flow cytometry used to separate heterogeneous cell mixtures based on 
fluorophores attached to the cells of interest with an antibody. Flow cytometry is the 
use of a flow to measure individual cells of interest with the help of a light focused 
at the point of measurement. (McKinnon 2018). 

In the first steps of the Publication IV the dynamics of MAZR and FOXP3 are 
studied. It is observed that a decrease in MAZR expression levels upon FOXP3 
introduction suggests down-regulation of MAZR in T reg cell differentiation, and an 
overexpression of MAZR in T reg cell precursors led to a decrease in the number of 
T reg cells in the MAZR-enforced population compared to the WT population. This 
suggests that expression levels of MAZR are critical for T reg cell differentiation. 

With MAZR established as regulating the differentiation of T reg cells, it was 
then important to determine whether MAZR also controls the transcriptional 
functions of T reg cells. First, the expression of several characteristic T reg cell 
surface markers (CD25, Nrp1, CD62L, CD44, CD69, CTLA-4, GITR and KLRG1) 
was compared between MAZR-cKO FOXP3+ and WT FOXP3+. The fact that the 
pattern of expression of these surface markers did not change between the conditions 
indicates that there were no major alterations of the transcriptional functions of T reg 
cells in the absence of MAZR. When performing the differential expression analysis 
of MAZR-deficient mice against MAZR+ mice, there were only 33 genes up-
regulated and 14 genes down-regulated in MAZR-deficient mice compared to the 
WT (p < 0.05; fold change > 1.5). Combined with the previous results, this indicates 
that, while MAZR is essential for T reg cell development, it only plays a minor role 
in the establishment of core functions once the fate of the cell has been decided. 
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6 Discussion 

In this thesis, I have addressed different aspects of the analysis of epigenomic 
regulation data and given examples of how data analysis is helping to develop 
biological insights. I developed a data analysis workflow by applying existing ROTS 
software to differential peak calling and proposed an efficient visualisation solution 
to ease the quality control steps of the sequencing data analysis. 

Differential peak calling is the process of highlighting differences in binding 
signal intensities between two conditions and is most often used to validate 
assumptions or explore differences between a disease state and a healthy control. In 
Publication I, I proposed a workflow based on the R package ROTS for differential 
peak calling and compared it to existing tools, showing the overall good performance 
of the workflow, particularly for ATAC-seq data. 

The available tools for differential peak calling in ChIP-seq have recently been 
shown to produce highly variable results (Steinhauser et al. 2016; Tu and Shao 
2017), and indeed the data analysis methodology of peak calling, normalisation and 
statistical testing varies greatly from tool to tool. While Publication I described a 
lack of overall consistency across tools for the ChIP-seq datasets, the ATAC-seq 
datasets showed more agreement, and the two-step methods (those using external 
peak callers) also displayed an overall higher percentage of overlap in results across 
all biological datasets. This higher agreement is likely due to the use of the same 
candidate peaks (MACS2 was used to call the peaks for both two-step methods), 
making the regions tested for differences highly similar. Similarly, the lower 
agreement amongst the one-step methods (diffReps, PePr and THOR) could be 
partially due to the different peak calling methodologies used, with THOR using an 
HMM model to select candidate regions and PePr and diffReps using a sliding-
window method. It would be interesting to further compare the results of the two-
step methods using multiple peak calling methods for initial candidate peak calling. 

The fast innovation pace of the field of sequencing methods can not be 
understated and new sequencing methods were introduced during the time of 
working on the studies of this thesis. In Publication I both ChIP-seq and ATAC-seq 
are used in an effort to benchmark differential peak callers for both of these data 
types. However, with the recent emergence of ChIP-exo (Rhee and Pugh 2012)  and 
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Cut & RUN (Skene and Henikoff 2017) technology, which are combining ChIP with 
a nuclease followed by high-throughput sequencing enabling better resolution and 
lower background than ChIP-seq, a new differential peak detection benchmark study 
including these technologies would now be a valuable update. 

An existing synthetic dataset was used in Publication I as one of the validation 
datasets, and the publication in which that dataset was created (Steinhauser et al. 
2016) reported overall poor performance of the compared differential peak detection 
tools; this is likely due to the use of a single replicate per condition because, in our 
comparison using a greater number of biological replicates per condition, all the tools 
performed relatively well. This highlights the importance of replicates in statistical 
testing in general. The changes in performance with greater numbers of replicates 
would be interesting to study further, and it is notable that a manually curated gold 
standard dataset with a reasonable number of replicates for the evaluation of 
differential peak callers is still lacking. 

The majority of the normalization methods used for ChIP-seq and ATAC-seq 
data are based on methods originally developed for RNA-seq data. However, 
assuming a constant signal-to-noise ratio across conditions in the way these methods 
do may lead to erroneous biological conclusions. Recently, normalization 
approaches have started to emerge specifically for ChIP-seq and ATAC-seq data 
(Polit et al. 2021; Allhoff et al. 2016).Thus, a systematic benchmark study of ChIP-
seq and ATAC-seq normalization methods including these novel approaches would 
be beneficial to the scientific community. 

Visual inspection of data can improve the complex and iterative process of data 
analysis by helping the analysis design. The first occasion to take advantage of 
visualisation is in early quality control to ensure that the sequencing library is 
complex enough. Later in the workflow, visualising can help in the proper 
parametrisation of software, such as peak callers and differential peak callers—the 
choice between narrow and broad peak detection modes can have a drastic influence 
on the outcome of the differential peak callers, as discussed in Publication I. The 
results of a study can also often be confirmed with the visualisation of key genomic 
regions. For example, in Publication I, we visualised genomic regions using RepViz 
(presented in Publication II) to confirm the tendency of sliding-window differential 
peak callers to call peaks that are broader than necessary and the accuracy of MACS2 
peak calls in general. The main limitation of RepViz is that it summarises a relatively 
small genomic region. The method could be further improved to allow better 
visualisation over larger genomic regions. 

Strategies for efficient and clear visualization of ChIP-seq and ATAC-seq data 
have not been much addressed in the literature, apart from the choice of the colour 
palette to be used (Yin, Cook, and Lawrence 2012). In practise, simple visualisations 
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of genomic regions and peak callers’ outputs are typically used in publications of the 
field in order to optimize the interpretability of figures. 

The number of replicate samples used in epigenomics is continually increasing, 
making some of the earlier visualisation tools suboptimal; for example, some tools 
stack the coverage visualisations on top of each other without the ability to fully 
merge them by conditions. To address the situation, we implemented RepViz in 
Publication II, which is an efficient replicate-oriented visualisation tool for 
sequencing data. RepViz is published as a Bioconductor R package and has been 
actively maintained since publication. However, incorporating features facilitating 
the inclusion of visualisation in workflows or scripts would still greatly benefit 
experienced R users.   

During my thesis work, I have analysed a large number of ChIP-seq and ATAC-
seq datasets (some of which did not end up being included in the final publications), 
and carefully considered the details of the the different data analysis steps of these 
data types. Based on my experiences I would recommend the following general 
workflow for ChIP-seq and ATAC-seq data analysis. I recommend starting by 
checking the raw sequencing data quality (e.g. using FastQC), followed with read 
alignment (e.g. using Bowtie2 or STAR). The aligned reads should be visualized at 
this stage as a sanity check of the signal quality using for example RepViz. Low 
quality reads and reads located in blacklisted regions should be removed (e.g. using 
samtools) in order to remove potential artefacts that could lead to false positive peaks 
in the peak calling step. Appropriate parameters need to be selected for the peak 
calling step according to the type of protein targeted by the ChIP and broad and 
narrow peak detection options of the peak caller should be considered according to 
ENCODE recommendation (Landt et al. 2012). Further visualization of the signal in 
the genomic context (e.g. RepViz) across the detected peak regions enables a sanity 
check of the accuracy of the peak calling. The differential peak calling involves the 
choice of differential peak caller according to the needs of the study, such as number 
of replicates, broad or narrow peaks and presence of a predefined set of target regions 
(e.g. ROTS, THOR and MAnorm2 which performed best in Publication I). Last, the 
visualisation of the differential peaks in a genomic context allows a final check on 
the quality of the overall study (e.g using RepViz).  
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7 Summary of Publications 

In Publication I, the successful adaptation of the ROTS method to differential peak 
calling is presented, and its integration into a full analysis workflow and a 
comparison to popular differential peak callers is described. The comparison with 
other methods is performed using both synthetic data, adapted from an existing 
synthetic dataset to increase the number of available replicates, and four biological 
datasets. The comparison with synthetic data exhibits the robust performance of the 
ROTS workflow, with particularly good results compared to other tools when the 
differences in signal are small. The comparison using real data was separated into 
three main categories related to the number of findings, the intensity and breadth of 
the peaks found and correlational analyses of matching genomic and epigenomic 
data. The study of the number of findings revealed a strong consistency amongst the 
results of the two-step methods, and the study of the peaks’ breadth and intensity 
showed clear differences in behaviour between the one-sep and two-step tools. 
Finally, the correlational analyses demonstrated the robust and competitive results 
of the ROTS workflow. While the study underlines the general success of the ROTS 
workflow as compared to the other tools, it also discusses the underlying 
methodologies of the different tools and the recommended situations in which to use 
them thus providing a useful guideline for the sequencing data analysis community.  

Publication II reported the development of RepViz, an R tool for visualising the 
coverage of sequencing data across replicated experiments. The package provides 
visualisation of coverage, average coverage, peaks, differential peaks and genomic 
tracks in one efficient and comprehensive picture, regardless of the number of 
replicates and conditions in the experiment. RepViz was compared to existing tools, 
which partially or completely lack its efficiency in visualising the coverage of a large 
number of replicates. The importance of sequencing data visualisation and its 
benefits for quality control, software parametrisation and hypothesis confirmation 
are also discussed. Publication II reports the publication of RepViz, a visualization 
tool that enables the replicate driven visualisation of genomic regions. RepViz can 
clearly and concisely picture information while also being easy to use for the 
neophyte.   
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In Publications III and IV, two studies are showcased in which bioinformatics 
tools are used to analyse and visualise data to extract useful knowledge and draw 
conclusions at the biological level. Publication III describes the dynamics of 
H3K4me3 in ESCs exposed to hypoxia. Correlation of the H3K4me3 promoter 
marks’ height and breadth with the transcript levels indicates that tall marks are 
associated with genes being active or not, while broad marks capture the intensity of 
the transcription. Additionally, genes up-regulated in hypoxia contain a significant 
part of the genes associated with the 500 broadest promoter marks, indicating a role 
of the broadest marks in keeping core functions active during stress. Interestingly, 
the genes associated with the 500 tallest promoter marks are enriched with 
housekeeping functions. Lastly, the differential ChIP-seq analysis of down-regulated 
genes in hypoxia shows a general decrease in signal associated with functions related 
to metabolism, indicating metabolic repression as a response to hypoxia. In 
conclusion, Publication III supports the notion that H3K4Me3 promoter 
modifications are safe-guards of the cell identity by highlighting that H3K4me3 
broad promoter domains are maintained during hypoxia and are associated with cell 
type-specific regulation in endometrial stromal cells.  

Publication IV describes the role of the MAZR transcription factor in T reg cell 
development. The study demonstrates an increase in T reg cells in vivo and in vitro 
in the absence of MAZR. The enforced expression of MAZR is found to produce a 
decrease in T reg cell counts, and together, these results show the central role of the 
MAZR transcription factor in T reg cell development. 
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