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II Zusammenfassung 

 

Eines der Ziele der Pflanzen-Epigenetik ist der Nachweis differentieller Methylierung, die 
nach bestimmten Behandlungen oder in variablen Umgebungen auftreten kann. Dies kann 
mit einer Einzelbasenauflösung mit Standardmethoden für die Ganzgenom-Bisulfit-
Sequenzierung (WGBS) und die Bisulfit-Sequenzierung mit reduzierter Repräsentation 
(RRBS) erreicht werden. Ein weiteres wichtiges Ziel ist es, Sequenziermethoden in 
Kombination mit Bisulfit-Behandlung anzuwenden, um Genetik und Epigenetik mit 
phänotypischen Merkmalen in Verbindung zu bringen. In den letzten 19 Jahren ist dies 
durch sogenannte genomweite Assoziationsstudien (GWAS) und epigenomweite 
Assoziationsstudien (EWAS) möglich geworden, wobei Letztere darauf abzielen, die 
potenziellen Biomarker zwischen phänotypischen Merkmalen und epigenetischer 
Variation aufzudecken. In der Praxis sind derartige Studien auf Softwarepakete oder 
"Bioinformatik-Pipelines" angewiesen, die die erforderlichen Rechenprozesse 
routinemäßig und zuverlässig durchführen. Diese Arbeit beschreibt mehrere solcher 
Pipelines, die im Rahmen von EpiDiverse, einem Innovative Training Network (ITN) 
(https://epidiverse.eu/, Zugriff am 1.2.2021), entwickelt wurden, das umfassende 
Untersuchungen zu Pipelines für WGBS, differenziell methylierte Regionen (DMR), EWAS 
und Einzelnukleotid-Polymorphismus (SNP)-Analysen ermöglicht. 

 

Hier stelle ich die Benchmark-Untersuchungmit DMR-Tools, die EWAS-Pipeline und 
Bioinformatik-Pipelines vor, die im EpiDiverse-Toolkit implementiert sind. 

 

Zunächst habe ich gemeinsam mit den Co-Autoren durch die Analyse von DMR-Tools mit 
simulierten Datensätzen mit sieben verschiedenen Tools (metilene, methylKit, MOABS, 
DMRcate, Defiant, BSmooth, MethylSig) und vier Pflanzenarten (Aethionema arabicum, 
Arabidopsis thaliana, Picea abies und Physcomitrium patens) gezeigt, dass metilene eine 
überlegene Performanz in Bezug auf die Gesamtgenauigkeit und den Recall aufweist. Aus 
diesem Grund haben wir beschlossen, dieses Tool als Standard-DMR-Caller in der 
EpiDiverse-DMR-Pipeline einzusetzen. 

 

Anschließend führte ich erweiterte Funktionen der EWAS-Pipeline über das GEM R-Paket 
hinaus ein, wie z.B. grafische Ausgaben, neuartige Imputation fehlender Daten, 
Kompatibilität mit neuen Eingabetypen usw. Dann deckte ich den Effekt fehlender Daten 
mit dem Datensatz von Picea abies (Fichte) auf und konnte zeigen, dass die Pipeline eine 
logische Imputation von fehlenden Daten aufweist. Des Weiteren ergab sich eine 
signifikante Überlappung zwischen den Analyseergebnissen der Pipeline und der Quercus 
lobata (Tal-Eiche). 

 

Durch umfangreichen Benchmark mit verschiedenen Tools wurde eine Gruppe von 
Pipelines veröffentlicht, wobei sich das EpiDiverse-Toolkit für die Arbeit mit WGBS-
Datensätzen eignet (https://github.com/EpiDiverse, Zugriff am 1.2.2021). 
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III Abstract 

 

One of the goals of plant epigenetics is detecting differential methylation that may occur 
following specific treatments or in variable environments. This can be achieved with a 
single-base resolution with standard methods for whole-genome bisulfite sequencing 
(WGBS) and reduced representation bisulfite sequencing (RRBS). Another important goal 
is to exploit sequencing methods in combination with bisulfite treatment to associate 
genetics and epigenetics with phenotypic traits. In the past 19 years, this has become 
possible using so-called genome-wide association studies (GWAS) and epigenome-wide 
association studies (EWAS), the latter of which aims to reveal the potential biomarkers 
between phenotypic traits and epigenetic variation. In practice, such studies rely on 
software packages or “bioinformatics pipelines” which make the requisite computational 
processes routine and reliable. This thesis describes several such pipelines, developed 
within the framework of EpiDiverse, an Innovative Training Network (ITN) 
(https://epidiverse.eu/, accessed on 1 May 2021) carrying out comprehensive studies on 
pipelines for WGBS, differentially methylated region (DMR), EWAS, and single nucleotide 
polymorphism (SNP) analyses. 

 

Here I introduce the benchmark study with DMR tools, the EWAS pipeline, and 
bioinformatics pipelines implemented within the EpiDiverse toolkit. 

 

At first, by analyzing DMR tools with simulated datasets with seven different tools 
(metilene, methylKit, MOABS, DMRcate, Defiant, BSmooth, MethylSig) and four plant 
species (Aethionema arabicum, Arabidopsis thaliana, Picea abies, and Physcomitrium 
patens), together with the coauthors, we showed that metilene has a superior performance 
in terms of overall precision and recall. Therefore, we set it as a default DMR caller in the 
EpiDiverse DMR pipeline. 

 

Afterward, I introduced extended features of the EWAS pipeline beyond the GEM R 
package e.g., graphical outputs, novel missing data imputation, compatibility with new 
input types, etc. Then I revealed the effect of missing data with the Picea abies (Norway 
spruce) data and showed the pipeline presents logical missing data imputation. 
Furthermore, I obtained a significant overlap between the pipeline and Quercus lobata 
(valley oak) analysis results. 

 

By extensive benchmark with various tools, a group of pipelines became publicly available, 
whereby the EpiDiverse toolkit suits for people working with WGBS datasets 
(https://github.com/EpiDiverse, accessed on 1 May 2021).  
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IV Thesis structure 

 

Chapter 1 (“General introduction”) covers a general presentation to my research topics and 
provides an introduction to the reader to comprehend the basics of epigenetics, 
bioinformatics, and fundamentals of my research topics.  

 

Chapter 2 (“Questions and objectives”) shows the main focus and punchlines of this work.  

 

In chapter 3 (“Publications”), all publications listed in chapter 1 are summarized as in 
chapter 3.1 (“A blind and independent benchmark study for detecting differentially 
methylated regions in plants”) the benchmark of seven DMR callers (metilene [1], 
methylKit [2], MOABS [3], DMRcate [4], Defiant [5], BSmooth [6], MethylSig [7]) were 
performed in terms of precision and recall. Metilene overperformed others and used as a 
default tool in the EpiDiverse DMR pipeline.  Chapter 3.2  (“The EpiDiverse plant 
Epigenome-Wide Association Studies (EWAS) pipeline”), the EpiDiverse EWAS pipeline 
was evaluated with two datasets of non-model plant species, namely valley oak (Q. lobata) 
with 58 samples [8] and Norway spruce (P. abies) with 28 samples (derived from [9] and 
unpublished data) to test its reliability and the performance. Finally, chapter 3.3 
(“EpiDiverse Toolkit: a pipeline suite for the analysis of ecological plant epigenetics”), 
covers all EpiDiverse bioinformatics pipelines to perform an extensive WGBS data analysis.   

 

Chapter 4 (“Concluding remarks”) describes significant arguments with the studies 
outlined in Chapters 2,3, and 4. 

 

Chapter 5 (“Outlook”) covers an observation where my main research objectives are 
treated separately and together. The strengths and weaknesses of the thesis are highlighted 
and possible amendment ideas for future actions are listed. 
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1 General introduction 
 
1.1 Why study plants? 

 

Plants dominantly produce atmospheric oxygen (O2) through photosynthesis [10] to sustain 
all aerobic life on earth. Nearly everything we consume for eating comes directly or 
indirectly from plants and up to 50% of food and drug administration (FDA) approved 
drugs during the last 40 years are from plants [11].  

 

We owe a lot of our understanding of genetics and molecular biology to plants. For 
example, Gregor Mendel who is acknowledged as a founder of modern genetics theory, 
worked to shed a light on the laws of inheritance with breeding experiments with massive 
amount pea plants (Pisum sativum) [12] and his work remained unpopular and 
unrecognized till the beginning of 20th century. The term “mutation” was first introduced 
by Hugo de Vries who relied on Mendel’s works and this discovery established the 
fundamentals of the mutation theory of evolution [13]. If we were to continue with the 
contribution of plant-based research to genetics and molecular biology, it will not be 
surprising to mention Barbara McClintock who discovered transposable elements (TEs) 
with maize [14] and received the 1983 Nobel Prize in Physiology or Medicine.  Other 
remarkable discoveries can be listed in the epigenetics area as an exception to the 
Mendelian rules.  

 

Epigenetic modifications/mechanisms are an on/off mechanism of genes affecting the 
appearance and the development of an organism. The realization of this concept is mainly 
owned by Waddington, who published a study showing the inheritance of a characteristic 
acquired in a population in reaction to an environmental stimulus in 1956 [15]. Waddington 
coined the term “epigenetics”, and it was used by David Nanney to distinguish between 
cellular control system types [16]. The outstanding discovery of a naturally occurring 
epigenetic mutation was revealed in 1999 with toadflax (Linaria vulgaris) and scientists 
keep uncovering the significance of this field since then.  

 

1.2 Working with a model and non-model plant species 

Model organisms are species easy to maintain and breed in laboratory conditions to help 
scientists to understand biological processes. The advantage of a model organism is that it 
can breed in large numbers with very short generation time therefore several generations 
can be followed at once. Also, model organisms can be used to generate detailed genetic 
maps and produce a large number of offspring. The vascular plant A. thaliana genome was 
the first plant genome to be sequenced [17] and presents a widely accepted model organism 
in plant and crop science. The successful consolidation of A. thaliana into different research 
fields contributed to our understanding of key concepts in biology.  Moreover, another 
species moss Physcomitrium patens (P. patens), the first bryophyte genome to be sequenced 
[18] gives ideas about the divergence of the embryophytes (land plants). This process has 
begun 450 million years ago (Ma) and early diverging lineages as bryophytes, such as 
hornworts, mosses, and liverworts helped to rebuild the evolutionary structure and for us 
to understand the conquest of land by the plant [18].  
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However, the new technologies for genome sequencing helped to get partial 
(transcriptome) or complete (whole genome sequencing) DNA sequences for non-model 
plant species too. Therefore, non-model plants became very attractive to study adaptation 
to extreme environmental conditions and metabolites that can be used in the food or 
medical industry. The study of non-model plant genomics may reveal the biochemical 
pathways and genetic factors which contributed to flowering, biotic or abiotic stress 
tolerance, and pest resistance. Revealing the mechanisms involved during the survival of 
plants under extreme conditions may give clues about plant response mechanisms.  

 

 

1.3 Epigenetics: mechanisms, concepts, and effects on plants 

 

Several different molecular elements seem to be involved in the determination of how gene 
sequences behave and act, whether in classical genetics or in a way that highly deviates 
from this area. The epigenetic regulatory system that deviates from the typical Mendelian 
sense is not necessarily novel, besides the set of molecular mechanisms cannot be reduced 
to a simple universal ‘code’. Epigenetics involves genetic control with DNA or histone 
modifications (acetylation, phosphorylation, ubiquitylation, sumoylation) which might 
change gene activity without altering an individual’s DNA sequence and accordingly the 
accessibility of genetic information [19] Figure 1. In particular, DNA methylation is a 
covalent modification in which a methyl group (CH3) is added to the fifth carbon of the 
cytosine. Furthermore, DNA methylation in particular is the most frequently studied 
mechanism in plants since it can easily be accessed. DNA methylation can silence genes 
and/or repetitive elements through a process that changes the chromatin structure 
therefore its accessibility [20]. DNA methylation allows these silenced states to be inherited 
via cellular divisions. 
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Figure 1: Epigenetic modifications. A nucleosome is a basic structural unit of DNA (1) consists of DNA wound 
around eight proteins called histones (2) and looks like thread wrapped around a spool. Histone modifications 
such as acetylation, methylation, and phosphorylation are added to histones by enzymes called “writers”, 
removed by enzymes called “erasers” (2). Other proteins called “readers” do not change the histone structure 
but identify a specific modification pattern by binding them or including additional proteins to regulate gene 
activity (2). When chromatin is unmethylated and accessible (euchromatin), then it is active for transcription 
(3). When chromatin is methylated and in closed form (heterochromatin), it is inactive for transcription (4). 
A methyl group (Me) is an organic compound that consists of one carbon atom bonded to three hydrogen 
atoms (CH3). When methyl group attaches to the Cytosine, DNA methylation occurs, and this modification 
may change the gene activity (5). (Image in (2) was taken from www.zenithepigenetics.com, copyright of 
Richard E. Ballermann). 

 

DNA methylation variation can affect phenotypes [21] by regulating gene expression and 
can be shaped by environmental variation, arise stochastically or it can be driven by genetic 
variants traits [22]. Importantly, DNA methylation as one of the most powerful factors may 
cause heritable epigenetic information, and this means a lack of resetting of epigenetic 
marks between generations. This type of inheritance is more prominent in plants compared 
to animals. Epialleles are specific DNA methylation patterns of a genetic locus among many 
examples of the aforementioned transgenerational inheritance [23]. For instance, in Linaria 
vulgaris (toadflax), naturally occurring mutant alleles were linked together with the 
revertant phenotype and showed high DNA methylation at the Lcyc locus but low gene 
expression [24]. In addition to this example, Cnr mutants in tomato showed colorless, non-
ripening fruits caused by the epiallele at the LeSPL–CNR locus and mutant phenotypes 
showed increased DNA methylation at the promoter region in another study [25]. Many 
other epialleles had been defined in the model organism A. thaliana and they all seem to 
be in TEs or other repetitive sequences [26]. The association between DNA methylation 
and the repression of TEs possibly affects short- or long-term adaptation to changing 
environmental conditions [27-30]. Li et al., 2018 showed that 2,311 TE loci seem to be a target 
of positive selection and contributed to the adaptation of A. thaliana [31]. Another example 
of adaptation with the abiotic stress response and vernalization is also found to be affected 
by histone modifications. For example, vernalization in A. thaliana is regulated by flowering 
locus (FLC) when cold triggers H3K27me3 and H3K9me deposition in the FLC chromatin 
[32].  
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DNA methylation occurs in different nucleotide contexts. In animals, mostly Cs in CG 
contexts are methylated but there are rare exceptions with this [33]. On the contrary, DNA 
methylation in plants can be symmetrical (CG and CHG contexts) or asymmetrical (CHH, 
where H represents A, T, or C) [34-37]. Methylation in each sequence context is maintained 
through cell divisions by different enzymatic machinery [38] Figure 2. 

 

 
Figure 2: CG, CHG, and CHH context DNA methylations. DNA methylation can be in symmetrical (CG and 
CHG) or asymmetrical (CHH) contexts in plants whereby it can establish or enhance the epigenetic silencing 
of genes, intergenic regions, and transposons. Regulation of these contexts is maintained by four DNA 
methyltransferase (DNMT) families that share a conserved methyl-transferase domain (MTD). Created with 
BioRender.com.   

Whole-genome bisulfite sequencing (WGBS) [39] and reduced representation of bisulfite 
sequencing (RRBS) [40] incorporate bisulfite conversion with high-throughput sequencing 
and determine DNA methylation at a single base resolution. Bisulfite conversion is a 
process where genomic DNA is denatured, and sodium bisulfite is applied to cause 
deamination of unmethylated cytosines into uracils while keeping methylated cytosines 
unchanged. One of the crucial goals in epigenetics is to detect differentially methylated 
positions (DMPs) and regions (DMRs) arising from different treatments or environments 
[41] which are established between different individuals. DMPs can be called with various 
statistical approaches. DMRs are named genomic regions where multiple adjacent 
positions show differential methylation [42]. Many types of DMR callers can be preferred 
depending on the experimental design. Some of them are listed on a timeline basis in Figure 
3. 
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Figure 3: Timeline and strategies of DMR callers.  Some widely used statistical approaches to call 
differential methylation were listed on the timeline for DMP and DMR calling.    

 

1.4 Association studies to examine genetic and epigenetic modifications  

 

Scientists developed association studies to understand the background of complex traits to 
associate genetic and epigenetic variants with phenotypic traits. They tested genetic 
variation across the genome between individuals to show potential genotype-genotype 
association by GWAS which have been widely used with complex human studies [43, 44]. 
GWAS has become a powerful tool also for plants to study complex and important traits in 
agriculture [45]. It has been used in many crop species such as maize (Zea mays), wheat 
(Triticum aestivum), rice (Oryza sativa), soybean (Glycine max), sorghum (Sorghum 
bicolor), barley (Hordeum vulgare), cotton (Gossypium hirsutum), and the model species 
thale cress (Arabidopsis thaliana) [46-48]. GWAS was also used with genetic engineering 
studies e.g., transgenic drought tolerance in maize was developed after the discovery of 
ZmVPP1 [49] which encouraged researchers to prefer genome-editing studies [50]. 
Furthermore, GWAS has been used to disclose genomic regions related to physiological, 
agronomic, and fitness traits such as plant height, stress tolerance, flowering time, kernel 
number, and grain yield [46, 47, 51]. However, studies showed that many human diseases 
including cancer showed epigenetic connection [46, 47, 52], as a result EWAS has emerged 
as a counterpart of GWAS [53]. EWAS is an effective type of analysis to uncover the 
association between epigenetics and biological traits [42]. Epigenetic cannot be thought of 
independently of genetics and transcriptomics. Observing the effect of epigenetics on 
phenotypes can help us to understand the basis of that phenotype with other association 
studies such as eQTL, meQTL, and TWAS. Expression quantitative trait loci (eQTL) are 
genetic variants that have an impact on gene expression levels. Methylation quantitative 
trait loci (meQTL) are genetic variants that affect DNA methylation patterns. 
Transcriptome-wide association study (TWAS) integrates GWAS and gene expression for 
finding gene and trait relationships. So, a combination of indirect relations of all these with 
EWAS can increase the power of meta-analysis (Figure 4).  
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Figure 4: Relationship between omics and association studies between epigenetics. The epigenetic 
connection has to be made with sequence variants in genetics and changes in transcriptomics. Metabolomics 
and proteomics may also be helpful to reveal the impact of epigenetics on intermediate phenotype. For 
example, quantitative trait loci (eQTL) could be used to reveal the genetic variants have an effect on gene 
expression levels on the genome. One can prefer methylation quantitative trait loci (meQTL) to reveal an 
association between genetic and epigenetic variants. Transcriptome-wide association studies (TWAS) is for 
studying the gene expression levels with phenotypic traits. An epigenome-wide association studies (EWAS) is 
a research of association between epigenetic marks and a particular phenotype in different individuals. 
Genome-wide association studies (GWAS) is a study to reveal a set of genetic variants associated with a trait. 
The assembly and interaction of these studies can yield a great power to understand meta-analysis. Figure 
modified from Cazaly, E et al., 2019 and created with BioRender.com. 

 

It has been shown that transgenerational epigenetic marks could be transmitted to 
offspring through mitosis with vegetative propagation, and meiosis with sexual 
reproduction [54]. As already mentioned, Linaria vulgaris mutants can be a good example 
of transgenerational epigenetic inheritance [24]. Germline in plants is inherited from 
somatic cells and therefore can support the heritability of epigenetic marks. Given their 
sessile lifestyle, plants have a higher sensitivity to detect environmental changes, which 
may cause epigenetic changes in cell lines that generate a germline [27]. Some studies 
showed that stress-related DNA methylation in Arabidopsis can be transgenerational [55, 
56]. So, heritable epialleles may influence plant phenotypic traits, evolution, and fitness. 
Conclusively, we can assume that epigenetic variation might have a bigger impact on clonal 
than sexual plants. Clonal plants, by bypassing meiosis, circumvent the huge epigenetic 
resetting that occurs during this stage. Thus, it has been proposed that the inheritance of 
epigenetic marks across clonal generations is higher than sexual generations, and that 
epigenetic variation might shape the evolutionary trajectory of clonal plants even more 
than sexual plants [57].  

 

Epigenetic changes are dynamic and bring causality or consequence problems between 
phenotype and epigenetic mechanisms which is a major challenge of EWAS [58]. Epigenetic 
recombinant lines (epiRILs) usage may overcome this issue where individuals have the 
same genetic background [59] and the association between epigenetics and phenotypic 
traits can be ensured. Other common issues shared by GWAS and EWAS can be listed as 
missing data and/or huge raw datasets [60]. Missing data hitch can be solved by a robust 
estimation/imputation with the beta distribution that explains the characteristic of DNA 
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methylation distribution in the genome [61]. A huge dataset problem can be solved by 
splitting data per chromosome/scaffold that may also help to reduce running time and disk 
space usage during analyses. 

 

Unfortunately, there are limited studies with plants using EWAS (for example, a PubMed 
search for “ewas plant” returned 14 on 26 April 2021, while “ewas human” returned 403 hits). 
To set an example EWAS was used to associate climatic and spatial variables with DNA 
methylation in Quercus lobata (valley oak) [8] and was successfully applied to Elaeis 
guineensis (oil palm) to identify epigenetic changes that cause the different phenotype [62]. 
Another highlighted study with vegetatively propagated Pinus pinea (stone pine) trees 
showed that a high degree of DNA methylation is associated with the different levels of 
phenotypic plasticity [63]. Various EWAS tools were implemented to reveal epigenetics, 
genetics, and phenotypic trait associations however many of them cannot do missing data 
imputation such as EWAS: epigenome-wide association study software v2.0 [64] or hard-
coded with human array-like GLINT [65]. But for example, an R package called GEM [66] 
is compatible with all species and not hardcoded for the specific ones and allows to include 
a genetic variation with missing data imputation. As a result, EWAS is a promising field to 
release further information, in addition to that, the amount of research is novel and narrow 
in scope. These criteria had awakened the interest to investigate these methods in this 
dissertation.  

 

 

1.5 Bioinformatics pipelines 

Pipelines in bioinformatics describe a set of processing steps to transfer raw data into 
something interpretable. In other words, high-throughput bioinformatics pipeline 
frameworks convert raw data into the desired format and enable the analysis of meta and 
sequence data. A workflow engine is a software that could be used to execute a pipeline or 
a workflow. Scripting languages such as Bash (https://www.gnu.org/software/bash/, 
accessed on 1 May 2021), Python (https://www.python.org/, accessed on 1 May 2021), Perl 
(https://www.perl.org/, accessed on 1 May 2021), and R (https://www.r-project.org/, 
accessed on 1 May 2021) can be preferred to implement workflows and pipelines. Nextflow 
(https://www.nextflow.io/, accessed on 1 May 2021) is one of the most famous workflow 
engines that facilitates or provides a modern, scalable, portable, and reproducible 
environment to develop pipelines in a user-friendly way [67]. 

 

1.6 EpiDiverse consortium and research project number five (RP05) 

 

EpiDiverse (https://epidiverse.eu/en, accessed on 1 May 2021) is a Marie Skłodowska-Curie 
ITN that aims at the study of epigenetic variation in wild, non-model plant species such as 
Fragaria vesca (wild strawberry), Populus nigra (black poplar), and Thlaspi arvense (field 
pennycress). The network brings research groups together from ecology, molecular 
(epi)genetics, and bioinformatics to explore the genomic basis, molecular mechanisms, and 
ecological significance of epigenetic variation in natural plant populations. My research 
project (RP05) focuses on state-of-the-art bioinformatics and epigenetics methods to 
develop a set of pipelines and tools for epigenomics data analysis in non-model plants. The 
pipelines implemented under this project aim to understand the genetic and epigenetic 
changes happening in plants from different natural populations. This project also aimed to 
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answer how climatic/phenotypic variables associate with DNA methylation. Moreover, 
collaborative research projects 6,7, and 8 study how the inheritance process is carried 
through generations via sexual and asexual reproduction and how they differ in annual (T. 
arvense) and perennial species (P. nigra and F. vesca). 
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2 Questions and objectives 

 

The main focus of this work was to develop a set of pipelines for non-model plant species 
for the EpiDiverse consortium to analyze WGBS data. The first step was a benchmark study 
with DMR tools and implementation of the EpiDiverse EWAS pipeline followed by 
pipelines in the EpiDiverse toolkit.  

 

The DMR benchmark tries to suggest an optimal statistical method to call DMRs for chosen 
species from several groups of plants such as bryophytes, gymnosperms, and angiosperms 
with different levels of replication and sequencing depth.  

 

The EpiDiverse EWAS pipeline aims to be compatible with WGBS data for all species and 
allows users to analyze multiple input types with methylation calls including differential 
methylation. A novel method with DMRs input can yield interesting results for people to 
focus on specific regions associated with phenotypic traits. The EpiDiverse EWAS pipeline 
serves a novel, trustworthy missing data imputation, comprehensive graphical outputs to 
observe results better, and splits data per chromosome to decrease running time and space 
usage.  

 

The EpiDiverse toolkit aimed and succeeded to be convenient, user-friendly, and includes 
an open-access set of pipelines not only for plant ecologists but also for other scientists to 
work with WGBS data.  Therefore, the implemented pipelines enable users to perform 
multiple analyses such as mapping the bisulfite sequencing (BS-seq) data with the WGBS 
pipeline, calling differential methylation by the DMR pipeline. In other respects, 
performing EWAS with the EWAS pipeline, calling variants, and discriminating between 
genetic and epigenetic variation with a novel algorithm using the SNP pipeline are also 
possible.  
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3 Publications 

 

3.1 A blind and independent benchmark study for detecting 
differentially methylated regions in plants (Paper-I) 

 

BS-seq is a widely used and state-of-the-art technique for mapping methylation and one of 
the aims of plant epigenetics is to reveal differential methylation. Differential methylation 
may take place due to environmental changes or specific treatments. This study aimed to 
compare the performances of seven algorithms (metilene [1], methylKit [2], MOABS [3], 
DMRcate [4], Defiant [5], BSmooth [6], MethylSig [7]) for calling DMRs with four plant 
species namely Ae. Arabicum (angiosperm), A. thaliana (angiosperm), P. abies 
(gymnosperm), and P. patens (bryophytes) using simulated datasets based on experimental 
BS-seq data. An independent design was set to reduce the potential bias. It was possible to 
generate a decision tree to select the optimal algorithm based on the data structure. 
Metilene showed outstanding performance and therefore we suggest the usage of metilene 
as a default approach.  

 

3.1.1 Paper 

 

Following is the electronic publication. 
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3.1.2 Further applicability of this work 

 

Amongst all DMR callers, metilene was chosen as superior and further investigated in the 
development of the EpiDiverse DMR pipeline (https://github.com/EpiDiverse/dmr, 
accessed on 1 May 2021). The pipeline was applied and used for the EWAS benchmark 
published by Can et al., 2021 [68].  
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3.2 The EpiDiverse plant Epigenome-Wide Association Studies (EWAS) 
pipeline (Paper-II) 

 

Association studies emerged from the necessity of elucidating the relationship between 
complex traits, genetics, and epigenetics. The pioneering study of this field GWAS led its 
counterpart so-called EWAS in the epigenetics area. The scarcity of data and limitations 
with current EWAS tools and plant species brought the need for a comprehensive and 
compatible tool. Therefore, the EpiDiverse EWAS pipeline was developed to allow multiple 
inputs, a non-hard coded system for all species, multiple graph options with outputs for a 
user to observe results better, and unique missing data imputation to study potential 
epigenetic markers associated with genetics and/or phenotypic traits as publicly available 
(https://github.com/EpiDiverse/ewas, accessed on 1 May 2021). 

3.2.1 Paper 

 

Following is the electronic publication
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3.2.2 Further applicability of this work 

The pipeline is available under https://github.com/EpiDiverse/ewas (accessed on 1 May 
2021) including test datasets for making it possible for anyone to access and analyze their 
data. It is used by other projects namely RP06, RP07, and RP08 in the EpiDiverse 
consortium as in collaboration with my project. Those projects aim to study the natural 
DNA methylation variation and to elucidate its association with climatic and/or phenotypic 
variation using non-model species like F. vesca, T. arvense, and P. nigra, respectively.    
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3.3 EpiDiverse Toolkit: a pipeline suite for the analysis of ecological 
plant epigenetics (Paper III) 

 

The broadening view of next-generation sequencing studies with plant epigenetics brings 
its computational challenges too. Existing tools with model species may not help users to 
utilize these methods in non-model species. Therefore, we developed a toolkit for plant 
ecologists to work with WGBS data. The toolkit serves bioinformatics pipelines for 
mapping, calling of methylation values and differential methylation between chosen 
groups, performs EWAS and a novel application to call variants.  

 

3.3.1 Paper 

 

Following is the electronic publication.
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3.3.2 Further applicability of this work 

 

The EpiDiverse toolkit is available under https://github.com/EpiDiverse (accessed on 1 May 
2021) including test datasets for making it possible for anyone to access and analyze their 
data.  It covers WGBS, DMR, SNP, and EWAS pipelines to perform comprehensive analyses 
with all species. Pipelines available with the toolkit have been used by all projects under 
the EpiDiverse consortium. 
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4 Concluding remarks 
 
In summary, the DMR benchmark shares unbiased analysis with a minimal bias. This 
study is independent since none of the authors participated in the development of any 
DMR methods tested. The data decision rule to select between computational methods is 
also applicable to any other dataset. Our study showed advantages of some statistical 
approaches, none of the tools outperformed others for all four datasets but metilene 
showed outstanding performance in terms of recall and precision.  

 

In other respects, the work with EWAS presented in this thesis not only shared a versatile, 
extensive, and user-friendly pipeline but also shared open-source scripts implemented 
within it. During the last two years, the EpiDiverse EWAS pipeline was tested in some 
studies and presented reliable and logical results ([68] and unpublished study). In terms of 
Q. lobata analysis in Can et al., 2021 study [68], we have seen that nearly all significant Cs 
were reproduced although statistical methods were different between the EpiDiverse 
pipeline and Gugger et al., 2016 study [8]. Missing data estimation with beta distribution 
yielded robust and accurate approximation as highlighted from the significant amount of 
overlap. Some unique Cs found only by the EWAS pipeline were seen to be associated with 
meaningful literature with climatic and spatial variables.  Considering P. abies dataset 
(derived from [9] and unpublished data), we deduced that choice of model and input 
depends on the user’s research objective. To sum up, we shared the EpiDiverse EWAS 
pipeline to perform EWAS analysis either using the output from other EpiDiverse pipelines 
or custom data in accurate format.  

 

Finally, we built a set of tools for plant ecologists with whole-genome bisulfite data to 
accomplish an extensive WGBS [69], DMR [70], SNP [71], and EWAS [68] analyses and 
succeeded with publicly available toolkit under https://github.com/EpiDiverse (accessed 
on 1 May 2021). This set of pipelines enables to conduct of a broad range of analyses with 
WGBS data and its sufficient to have proper input formats to run all pipelines separately or 
together.   
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5 Outlook 

 

Regarding the DMR benchmark study, researchers can generate their simulated datasets 
with provided scripts using additional statistical approaches to extend this benchmark 
study. It could be really interesting to see the performance of newly added DMR tools with 
other species that were not used in this study.  

 

Data sets, scripts, and conclusions in this thesis were used and will be used for further 
research. Ascending the need for a versatile EWAS tool for all species makes the EpiDiverse 
pipeline valuable and efficient. Linear mixed models (LMM) could be considered to 
implement in a future release for prospective users who want to encounter relatedness in 
other words kinship matrix. Kinship matrix can be estimated either from genetic or 
epigenetic data between individuals to control the false-positive ratio. However, LMM is 
not suitable to distinguish genetically driven epigenetic variation from environmentally 
induced epigenetic variation. Also, gene ontology analysis (GOA) for a specific species 
could be possible to perform in future versions of the EpiDiverse EWAS pipeline. I hope to 
see its contribution to the studies of researchers who work with EWAS. Furthermore, 
hopefully, the pipeline and its results will be useful for EpiDiverse projects namely RP06, 
RP07, and RP08 in collaboration with mine. 

 

Concerning the EpiDiverse toolkit, researchers can do mapping, calling DMPs/DMRs with 
variants, and perform EWAS with their datasets. We give the opportunity of using publicly 
available scripts provided by each pipeline under the EpiDiverse toolkit to perform specific 
runs besides provided options. Next releases may contain pipelines for revealing the 
association between expression and DNA methylation data. It could also be possible to 
adapt existing tools to compatible with EpiGBS [72] and RRBS [39] data formats in the 
future. 
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7 Supporting information 

 

7.1 A blind and independent benchmark study for detecting 
differentially methylated regions in plants 

 

Supporting material can be found at: https://academic.oup.com/bioinformatics/article-
abstract/36/11/3314/5809142?redirectedFrom=fulltext#supplementary-data (accessed on 1 
May 2021).    

 

 

7.2 The EpiDiverse Plant Epigenome-Wide Association Studies (EWAS) 
Pipeline  

 

Supporting material can be found at:  

https://www.mdpi.com/article/10 .3390/epigenomes5020012/s1 (accessed on 1 May 2021).  

   

7.2.1 Additional analyses that were not shown in the main text 

This part of analysis was not included in Kreutz et al., 2020 study [70] but related with it. A 
list was generated with strict parameters to measure DMR callers’ accuracy and named 
“Manual DMRs”. We assumed that this list is a sum of true positives (TPs) considering 
significant methylated cytosines. Script for manual DMRs aims to collect all TPs with 
specific parameters which take two distinct datasets. Additional parameters apart from 
datasets are mean methylation difference between samples per position, read coverage, and 
distance between DMRs for the same methylation context. Parameters can be explained 
like: 

 

• Input1 (Dataset1 i.e.: ecotype1, context: CHH) 
• Input1 (Dataset2 i.e.: ecotype2, context: CHH) 

• Minimum coverage  This parameter is to remove positions that have lower coverage than this value. 

• Minimum mean methylation difference  This parameter is to remove positions that have lower methylation 
difference than this value. 

• Distance  This parameter is the maximum distance between two positions to be named as a DMR (base pairs 
(bps)).  

Coverage scores for Ae. arabicum are (1.25, 1.29), (0.78, 1.73), and (1.45, 1.53) for CHH, CHG, 
and CpG contexts for C25-T25 (Cyprus 25 °C and Turkey 25 °C) ecotypes. They are like (0.68, 
0.95), (0.90, 1.28) and (0.78, 1.13) for CHH, CHG and CpG contexts for C20-T20 ecotypes 
(Cyprus 20 °C and Turkey 20 °C). Therefore, minimum coverage was set to three for all 
species due to critical low values of Ae. arabicum. The window size was set to 200 bps, and 
the mean methylation difference between samples to 60% to collect enough DMRs for all 
species.  
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The script starts to detect a distance between a methylated position and a consecutive 
position to it. If this distance does not exceed 200bps, then it takes its consecutive position 
as a start point and checks the distance between its closest next position. This process goes 
until exceeding the 200bps limit and this region is called a “block”. Blocks that have both 
hyper and hypomethylation were filtered and printed “WARNING! Opposite DMRs” onto 
the output.  As the last step, blocks that have more than two elements were called a 
“region”. After all, these blocks were named as “true DMRs” and merged into a single file to 
get the final “Manual DMR” list (Figure S1).  

 

 

Figure S1:  Example output of a manual DMR script for Ae.arabicum dataset. First column shows the 
chr/scaffold (chromosome/scaffold) information. The second column shows the positions of DMPs. The third 
column keeps the strand information. The methylation difference between the two datasets is kept in the 
fourth column. Coverage information is in the fifth and sixth columns per dataset.  

 

A confusion matrix had to be set to statistically test the significance of the difference 
between the tool’s DMRs and the manual DMRs.  

• Sensitivity (also called as true positive rate) calculates the number of actual 
positives that are correctly identified. 

• Specificity (also called as true negative rate) calculates the number of actual 
negatives that are correctly identified. 

• Recall is referred to the true positive rate or sensitivity. 

• Precision refers to how close estimates from varied samples are to each other. 

• F1score is the harmonic mean of precision and recall an also called as traditional F-
measure or balanced F-score. 

 

Sensitivity = 
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
 

 

Specificity = 
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
 

 

Recall = 
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
 

 

Precision = 
𝑇𝑃

(𝑇𝑃+𝐹𝑁)
 

 

𝐹1score = 2*  
(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ∗𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙)
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Figure S2:  Confusion matrix calculation for manual DMRs (green) and the tool’s DMRs (orange). True 
Positives (TPs) are calculated as the intersection of “tool’s list” AND “manual list”. True Negatives (TNs) are 
calculated as the intersection of “complement of tool’s list” AND “complement of the manual list. False 
Negatives (FNs) are calculated as the intersection of “complement of tool’s list” AND “manual list”. If the 
manual list has an intersection with a complement of tool’s list, then it is a wrong negative sign. False Positives 
(FPs) are calculated as the intersection of “complement of manual DMRs” AND “tool’s DMRs. 

 

The analysis starts with comparing the manual DMRs and the tool’s DMRs. “Bedtools 
complement” is used to find the complement regions of these two lists. Complement of the 
manual DMRs and complement of tool’s DMRs named as a “complement_manual_dmrs” 
and “complement_tool_dmrs” respectively. After that, “bedtools intersect” [73] was used to 
find overlapping positions between the four files; manual list, complement_of_manual list, 
tool’s list, complement_of_tool’s list. As the last step, the intersection of confusion matrix 
values (TP’s, TN’s, FP’s, and FN’s) was considered per position. The reason behind this last 
intersection step was to decrease the number of positions that were counted more than 
once. 

 

Confusion matrix can also be explained like this: 

1. bedtools complement –i tools_dmrs –g all_Cytosines_for_this_context #Complement of 

a tool in interest 

2. bedtools complement –i manual_dmrs –g all_Cytosines_for_this_context #Complement of 

manual DMRs 

3. bedtools intersect -a tool_dmrs.bed -b manual_dmrs.bed | bedtool intersect -a - -b 

all_methylated_Cytosines_for_this_context.txt | wc –l #TPs  

4. bedtools intersect -a tool_dmrs.bed -b complement_manual_dmrs.bed | Bedtools 

intersect -a - -b all_methylated_Cytosines_for_this_context.txt | wc –l #FPs  

5. bedtools intersect -a complement_tool_dmrs.bed -b manual_dmrs.bed | Bedtools 

intersect -a - -b all_methylated_Cytosines_for_this_context.txt | wc –l #FNs  

6. bedtools intersect -a complement_tool_dmrs.bed -b complement_manual_dmrs.bed | 

Bedtools intersect -a - -b all_methylated_Cytosines_for_this_context.txt | wc -l 

#TNs  

 

Five main criteria used in benchmarking but F1 scores are constituted the final decision.  
Criteria are: 

o Real running time in seconds with simulated datasets. Please check Kreutz et al., 
2020 for more information [70]. 

o Peak RAM in KBs with real datasets. 

o Specificity scores with real datasets. 
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o Sensitivity scores with real datasets. 

o F1 scores with both real & simulated datasets 

 

Confusion matrix values (TP, FP, TN, and FN), recall (
𝑇𝑃

(𝑇𝑃+𝐹𝑃)
), precision (

𝑇𝑃

(𝑇𝑃+𝐹𝑁)
), 

specificity (
𝑇𝑁

(𝑇𝑁+𝐹𝑃)
) and sensitivity (

𝑇𝑃

(𝑇𝑃+𝐹𝑁)
) were calculated for all species per methylation 

context. Ranks were given with the Excel RANK function as inversely correlated with the 
scores. Higher recall, precision, specificity, sensitivity, and F1 scores for both real (𝐹1𝑟𝑒𝑎𝑙  ) 
and simulated(𝐹1𝑠𝑖𝑚 ) values got the highest rank as 1. The final benchmarking criteria were 

based on the 
(2∗(𝐹1𝑠𝑖𝑚 )+ 𝐹1𝑟𝑒𝑎𝑙 )

3
 formula. Figures from S3 to S6 outlines the rank statistics 

per species and S7 shows overall statistics for all species together.  

 

 

Figure s3:  F1simulated  and F1real  scores ranking for P.patens datasets. Averaged ranks for simulated and real 
F1 scores with sensitivity and specificity. Metilene seems to be the best and is followed by DMRcate. 

 

 

 

Figure s4: F1simulated  and F1real  scores ranking for P.abies datasets. Averaged ranks for simulated, real F1 
scores with sensitivity and specificity. Defiant seems to be the best and is followed by metilene.  

 

 

 

Figure s5: F1simulated  and F1real  scores ranking for Ae. arabicum datasets. Averaged ranks for simulated and 
real F1 scores with sensitivity and specificity. Metilene seems to be the best and is followed by defiant. 
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Figure S6: F1simulated  and F1real  scores ranking for A. thaliana datasets. Averaged ranks for simulated and 
real F1 scores with sensitivity and specificity. Metilene seems to be the best and is followed by DMRcate. 

 

Figure S7: Final benchmarking table for all species. Averaged ranks calculated as 
(2∗(𝐹1𝑠𝑖𝑚 )+𝐹1𝑟𝑒𝑎𝑙) 

3
 for all 

species. The “how many NAs” column (the 2nd column) gives details about the tool’s ability to run depending 
on the total number of replicates, coverage, and missing data, please check Kreutz et al., 2020 for more 
information [70]. Average sensitivity and average specificity columns show averaged ranks. Metilene showed 
superior performance and followed by defiant. 

 
7.3 Documentation, installation, and interpretation of EpiDiverse DMR 

and EWAS pipelines 

7.3.1 Wiki Documentation of the EpiDiverse Toolkit 

The EpiDiverse/template pipeline is part of the EpiDiverse Toolkit 
(https://app.gitbook.com/@epidiverse/s/project/epidiverse-pipelines/best-practice-
pipelines, accessed on 1 May 2021) and a best-practice suite of tools intended for the study 
of Ecological Plant Epigenetics (https://app.gitbook.com/@epidiverse/s/project/, 
accessed on 1 May 2021). Links to general guidelines and pipeline-specific documentation 
can be found below: 

7.3.2 Installation and pipeline configuration 

To start using the EpiDiverse analysis pipelines, follow the steps below: 
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7.3.2.1 Install Nextflow 

 

Nextflow runs on most POSIX systems (Linux, Mac OSX etc). It can be installed by 

running the following commands: 

1. java -version # Make sure that Java v8+ is installed 
2. curl -fsSL get.nextflow.io | bash # Install Nextflow v19.09+ 
3. mv netxflow ~/bin # Add Nextflow binary to your $PATH  
4. #sudo nv nextflow /usr/local/bin # OR system-wide installation 

See nextflow.io (accessed on 1 May 2021) for further instructions on how to install and 

configure Nextflow itself. 

 

7.3.2.2 Install the pipeline 

 

7.3.2.2.1  Automatic 

 

The pipelines themselves need no installation - Nextflow will automatically fetch them 

from GitHub if e.g., epidiverse/wgbs is specified as the pipeline name. 

 

7.3.2.2.2  Offline 

 

The above method requires an internet connection so that Nextflow can download the 

pipeline files. If you're running on a system that has no internet connection, you'll need to 

download and transfer the pipeline files manually: 

 

1. curl -L https://github.com/epidiverse/wgbs/archive/1.0.0.zip -o epidiverse # Download 
the latest release of the pipeline e.g., (see 
https://github.com/epidiverse/wgbs/releases (accessed on 1 May 2021)) 

2. unzip epidiverse-wgbs-v1.0.0.zip 
3. cd /path/to/my/data 
4. nextflow run /path/to/pipelines/epidiverse-wgbs-v1.0.0 [PARAMETERS]  

7.3.2.2.3 Development 

 

If you would like to make changes to the pipeline, it's recommended to fork on GitHub 

and then clone the files. Once cloned you can run the pipeline directly as above. 
 

7.3.2.3  Pipeline configuration 

 

By default, the pipelines run with the -profile standard configuration profile. This uses 

several sensible defaults for process requirements and is suitable for running on a simple 

(if powerful!) basic server. You can see this configuration in conf/base.config from the 

base directory of each pipeline repository. 
 

https://www.nextflow.io/
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Be warned of two important points about the default configuration: 

 
1. The default profile uses the local executor 
 

o All jobs are run in the login session. If you're using a simple server, this may be 

fine. If you're using a compute cluster, this is bad as all jobs will run on the head 

node. 

o See the Nextflow docs (https://www.nextflow.io/docs/latest/executor.html, 

accessed on 1 May 2021) for information about running with other hardware 

backends. Most job scheduler systems are natively supported. 

 

2. Nextflow will expect all software to be installed and available on the $PATH 

 

7.3.2.3.1 Configuration profiles 

 

Nextflow can be configured to run on a wide range of different computational 

infrastructures. In addition to pipeline-specific parameters, you will need to define system-

specific options.  

 

For more information, please see the Nextflow documentation: 

(https://www.nextflow.io/docs/latest/, accessed on 1 May 2021). 
 

Whilst most parameters can be specified on the command line, it is usually sensible to 

create a configuration file for your environment. A template for such a config can be found 

in assets/custom.config from the base directory of each pipeline repository. If you are the 

only person to be running this pipeline, you can create your config file as ~/.nextflow.config 

and it will be applied every time you run Nextflow. Alternatively, save the file anywhere 

and reference it when running the pipeline with config /path/to/config. 

 

If you think other people are using the pipeline who would benefit from your configuration 

(e.g., other common cluster setups), please let us know. We can add a new preset 

configuration profile which can be used by specifying -profile <name> when running the 

pipeline. 

 
The pipelines already come with several such config profiles - see the installation 

appendices and usage documentation for more information. 

7.3.2.3.2 Software dependencies: bioconda 

 

If you're unable to use either Docker or Singularity but you have conda installed, you can 

use the bioconda environment that comes with the pipeline. Using the predefined -profile 

conda configuration when running the pipeline will take care of this automatically.  

 

If you prefer to build your environment, running this command will create a new conda 

environment with all of the required software installed: 

  

https://www.nextflow.io/docs/latest/executor.html
https://www.nextflow.io/docs/latest/executor.html
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1. conda env create -f environment.yml 
2. conda clean -a #recommended, not essential 
3. conda activate wgbs #Name depends on the version  

The env/environment.yml file can be found from the base directory of the pipeline 

repository. Note that you may need to download this file from the GitHub project page if 

Nextflow is automatically fetching the pipeline files. Ensure that the bioconda environment 

file version matches the pipeline version that you run. 

 

7.3.2.3.3 Software dependencies: Docker and Singularity 

 

With either Docker  (https://docs.docker.com/engine/install/, accessed on 1 May 2021) or 

Singularity (https://sylabs.io/guides/3.0/user-guide/, accessed on 1 May 2021) installed, 

you can use the predefined -profile docker or profile singularity configurations when 

running the pipeline to take care of the software. 

 

If you prefer to use your container, running the pipeline with the option with-singularity 

<container> or -with-docker <container> and pointing towards a specific image will allow 

it to be automatically fetched and used. 

 

If running offline with Singularity, you'll need to download and transfer the Singularity 

image first: 

 

o singularity pull --name epidiverse-[PIPELINE]-[VERSION].simg docker://epidiverse # Once 

transferred, use -with-singularity but specify the path to the image file:  

o nextflow run /path/to/epidiverse/[PIPELINE] -with-singularity /path/to/epidiverse 

7.3.2.4 Running on EpiDiverse infrastructure 

To run the pipeline on the EpiDiverse (https://epidiverse.eu/en, accessed on 1 May 2021) 

servers (epi or diverse), use the command line flag -profile epi or -profile diverse 

respectively. This tells Nextflow to submit jobs using the SLURM job executor and use a 

pre-built conda environment for software dependencies. 
 

There are also three shortcuts available for EpiDiverse species which can be used in place 

of  

--reference in pipelines that require a reference genome. 

o --thlaspi 

o --fragaria 

o --populus 

  

https://github.com/EpiDiverse/wgbs/wiki/Installation/_edit
http://singularity.lbl.gov/
https://epidiverse.eu/
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7.3.3 The EpiDiverse EWAS pipeline documentation 

  

EpiDiverse/ewas is a bioinformatics analysis pipeline for performing epigenome-wide 
association studies (EWAS) from methylated positions and/or regions, with optional 
analysis of methQTLs for diploid organisms from variant call data. 

The workflow processes a population of sample bed files, usually derived from the 
EpiDiverse-WGBS pipeline (https://github.com/EpiDiverse/wgbs, accessed on 1 May 
2021), and formats them with bedtools (https://github.com/arq5x/bedtools2, accessed on 
1 May 2021) for analysis with the R package GEM (https://github.com/fastGEM/GEM, 
accessed on 1 May 2021). Output in the form of DMPs or DMRs from the EpiDiverse-DMR 
(https://github.com/EpiDiverse/dmr, accessed on 1 May 2021) pipeline can also be given 
to pre-filter the number of positions and reduce multiple comparisons. In addition, the 
union set of DMRs can themselves be used as independent markers within EWAS in place 
of individual positions. Sample variants, usually derived from the EpiDiverse-SNP 
(https://github.com/EpiDiverse/snp, accessed on 1 May 2021) pipeline, can additionally be 
provided to test the association of methylation-SNP pairs as methQTLs. The pipeline 
provides visualization in the form of Manhattan plots for Emodel, sequence dot plots for 
Gmodel, genotype interaction plots for the GxE model, and p-value QQ-plots + histograms 
for all models, each with ggplot2 (https://github.com/tidyverse/ggplot2, accessed on 1 May 
2021). 

The pipeline is built using Nextflow (https://www.nextflow.io/, accessed on 1 May 2021) a 
workflow tool to run tasks across multiple compute infrastructures in a very portable 
manner. It comes with docker containers making installation trivial and results highly 
reproducible. 

 

7.3.3.1 Quick Start 

 
1. Install Nextflow (https://www.nextflow.io/, accessed on 1 May 2021) 

2. Install one of docker (https://docs.docker.com/engine/install/, accessed on 1 May 
2021), singularity (https://sylabs.io/guides/3.0/user-guide/, accessed on 1 May 
2021) or conda (https://docs.conda.io/en/latest/miniconda.html, accessed on 1 
May 2021) 

3. Download the pipeline and test it on a minimal dataset with a single command 

1. NXF_VER=20.07.1 nextflow run epidiverse/ewas -profile test, 
<docker|singularity|conda> 

4. Start running your analysis! 

1. NXF_VER=20.07.1 nextflow run epidiverse/ewas -profile <docker|singularity|conda> \ 
--input /path/to/wgbs/directory --samples /path/to/samples.tsv 
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See the usage documentation 
(https://github.com/EpiDiverse/ewas/blob/master/docs/usage.md, accessed on 1 May 
2021) for all of the available options when running the pipeline.  

7.3.3.2 Workflow 

 

 

Figure S8: Workflow of EpiDiverse EWAS pipeline. The EpiDiverse EWAS pipeline workflow and its 
interaction with the WGBS, SNP, and DMR EpiDiverse pipelines. Utilized packages or software were specified 
next to pipeline names. The EpiDiverse epigenome-wide association studies (EWAS) pipeline requires a tab-
separated sample.tsv file (shown with purple frame) to specify climatic data and covariate(s) for group 
determination (can be sampling site, geographical location, or treatment group) and methylation data. As 
methylation input types, it accepts methylation calls (green arrow) and differentially methylated 
positions/differentially methylated regions (DMPs/DMRs) (yellow arrow), which can be provided by the 
whole-genome bisulfite sequencing (WGBS) and the DMR pipelines, respectively. The EWAS pipeline allows 
running three different models to find epigenetic markers associated with the environment (E), genetic 
variation (G), or the combination of both (GxE). G and GxE models need single nucleotide polymorphism 
(SNP) information (red arrow), which can be directly calculated by the SNP pipeline using BS-seq data, or, as 
for all other inputs, it can be provided by users. See Figures S1–S4 for more detail. * indicates multiple files 
with the same extension in a specified directory (original paper Figure 1, [68]). 

 

7.3.3.3 Running the EWAS pipeline 

 

This chapter describes the parameter options used by the EpiDiverse EWAS pipeline. The 
main command for running the pipeline is as follows: nextflow run epidiverse/ewas 
[OPTIONS]  

Note that the pipeline will create files in your working directory: 
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o work/           # Directory containing the nextflow working files 
o ewas/           # Finished results (configurable, see below) 
o .nextflow.log   # Log file from Nextflow 
o .nextflow/      # Nextflow cache and history information  

Inputs and outputs  
 
--input <ARG> [REQUIRED] Specify the input path for the directory containing outputs 
from the WGBS pipeline. The pipeline searches for bedGraph files 
in’*/bedGraph/{sample_name}.{context}.bedGraph’ format, where sample names must 
correspond to the sample sheet and context can be either “CpG”, “CHG”, or “CHH”.  
 
 
--samples <ARG> [REQUIRED] Specify the path to the sample sheet file containing 
information regarding sample names and corresponding environment and covariate 
values. The file must contain at least three tab-separated columns: 1) sample names, 2) 
environment value, 3) covariate values, with further columns optional for additional 
covariates. 

Example samples.tsv file: 

 

#ID env cov1 cov2 ……… cov4 

sample1 34 1 1   

sample2 42 1 1   

sample3 21 1 2   

sample4 56 1 2   

sample5 76 2 3   

sample6 65 2 3   

sample7 11 2 4   

sample8 22 2 4   

………      

 

There can be multiple covariate columns, but the environmental factor can only have one. 

--DMPs <ARG> Specify the path to the DMR pipeline output directory to run EWAS 
analyses in addition to methylated positions filtered by significant DMPs. The pipeline 
searches for bed files in ‘*/{context}/metilene/*/*.bed’ format where context can be either 
“CpG”, “CHG”, or “CHH”. 

 
 
--DMRs <ARG> Specify the path to the DMR pipeline output directory to run EWAS 
analyses in addition to methylated positions filtered by significant DMRs. In addition, the 
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pipeline will call the union of all significant regions and attempt to run EWAS with whole 
regions as markers. The pipeline searches for bed files in ‘*/{context}/metilene/*/*.bed’ 
format where context can be either “CpG”, “CHG”, or “CHH”. 
 

--SNPs <ARG> ONLY SUITABLE FOR DIPLOID ORGANISMS. Specify the path to the 
SNP pipeline output directory to enable EWAS analyses Gmodel and GxEmodel which 
attempt to create a genome-wide methQTL map. The pipeline searches for VCF files in 
’*/vcf/{sample_name}.{extension}’ where sample names must correspond to the sample sheet 
and the extension can be any standard vcf extension readable by ‘bcftools’ and defined 
with –extension parameter. Alternatively, the path to a single multi-sample VCF file can 
be provided. 
 
--extension <ARG> Specify the extension to use when searching for VCF files e.g., *.vcf 
*.bcf or *.vcf.gz [default: *.vcf.gz]  
 
--output <ARG> A string that will be used as the name for the output results directory, 
which will be generated in the working directory. [default: ewas] 

 

Model Decision 
 
--Emodel Run analysis with “E model”. Disables other models unless they are also 
specified. If no individual model is specified, then all that is possible with the provided 
inputs will run in parallel [default: off] 
 
--Gmodel Run analysis with “G model”. Disables other models unless they are also 
specified. If no individual model is specified, then all that is possible with the provided 
inputs will run in parallel [default: off] 
 
--GxE Run analysis with “GxE model”. Disables other models unless they are also specified. 
If no individual model is specified, then all that is possible with the provided inputs will 
run in parallel [default: off] 
 
--noCpG Disables EWAS analysis in CpG context. Note: at least one methylation context 
is required for analysis. [default: off] 
 
--noCHG Disables EWAS analysis in CHG context. Note: at least one methylation context 
is required for analysis. [default: off] 
 
--noCHH Disables EWAS analysis in CHH context. Note: at least one methylation context 
is required for analysis. [default: off] 
 
 
Input Filtering 
 
--coverage <ARG> Specify the minimum coverage threshold to filter individual 
methylated positions from the –input directory before running analyses [default: 0] 
 
--input_FDR <ARG> Specify the minimum FDR significance threshold to include DMPs 
and/or DMRs from the respective –DMPs and –DMRs directories [default: 0.05] 
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--proportion <ARG> Minimum proportion of samples that must share a DMP and/or 
DMR for it to be considered in the analysis [default: 0.2] 
 
--merge When running EWAS using the union set of DMRs as markers, specify to merge 
adjacent sub-regions into larger regions before methylation averaging and subsequent 
analysis [default: off] 
 

SNP Filtering 

NB: PROVIDING VARIANTS ONLY SUITABLE FOR DIPLOID ORGANISMS. 

--max_missing <ARG> Variants that were successfully genotyped in a given proportion 
of individuals. It can take values from 0 to 1, where 1 means no missing data allowed 
[default: 0.5] 
 
--mac <ARG> Minor allele count [default: 3]  
 
--minQ <ARG> Minimum quality score [default: 30] 

 

Output Filtering 
 
--Emodel_pv <ARG> Set the p-value to run the “E model”. Note: this filter is hardcoded 
as “1” for Q-Q plot generation and the user-given value is applied to Manhattan plots 
[default: 0.0001] 
 
--Gmodel_pv <ARG> Set the p-value to run the “G model”. [default: 0.0001] 
 
--GxE_pv <ARG> Set the p-value to run the “GxE model”. [default: 0.0001] 
 
--output_FDR <ARG> Specify the maximum FDR threshold for filtering EWAS post-
analysis [default: 0.05] 
 
 
 Visualization 
 
--kplots <ARG> Specify the number of plots to generate for the top k significant results 
in the “GxE model” [default: 10] 
 
--distance <ARG> Specify the distance threshold to define cis and trans methQTLs in 
the dot plot generated for the “G model” output [default: 5000] 

 

7.3.3.4 Understanding the results of the EWAS pipeline 

This chapter describes the output produced by the EWAS pipeline. 
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Pipeline overview 

The pipeline is built using Nextflow (https://www.nextflow.io/, accessed on 1 May 2021) and 
processes data using the following steps: 

• Pre-processing -Sample filtering and parsing the sample sheet 

• bedtools unionbedg -Combining all samples into single files 

• bedtools intersect -Intersecting methylated positions based on DMPs and/or DMRs 

• Averaging regions -Calculating average methylation values for given DMRs 

• Processing variants -Filtering and merging input variant call file(s) 

• E model -Testing the association between methylated positions on the given 
environmental trait 

• G model -Generating methQTL maps for methylated positions and corresponding 
SNPs 

• GxE model -Testing the interaction between methQTLs and the associated 
environmental trait 

• Pipeline Info -Reports from nextflow about the pipeline run 

 

7.3.3.5 Output Directory Structure  

 

 

Figure S9: EpiDiverse EWAS pipeline output directory structure.  EpiDiverse EWAS pipeline generates 
input directory as default and positions directory with methylation calls, DMPs, and regions directory DMRs. 
Input directory covers gxe.txt, snps.txt, cov.txt, and env.txt files and bed directory with merged bedGraph files 
as unfiltered and filtered and missing data estimated. Both positions and regions directories have three 
subdirectories for outputs and graphs with Emodel, Gmodel, and GxE names. Q–Q plots and histograms are 
produced with all models (original paper Figure 3, [68]). 



 

 

 
86 

 

 
Pre-processing 

The pipeline requires individual bedGraphs (in each specified methylation context) and a 
sample sheet with corresponding sample names, environmental trait values, and covariate 
values to run. The sample sheet is processed into the format required to run GEM, and 
individual sample bedGraphs are filtered according to coverage. If DMP or DMR 
comparisons are given, then these will be filtered for a user-specified significance threshold 
on positions/regions before downstream analysis. 

Output directory: ewas/input/ 

o cov.txt 

o env.txt 

o gxe.txt 

NB: Only saved if the GxE model is enabled during the pipeline run. 
 
 
Bedtools unionbedg 

Following sample pre-processing, the entire collection of each input type is merged into 
single files per each methylation context.  

Output directory: ewas/input/bed 
 

{CpG,CHG,CHH}.bedGraph.bed  

 

 
Figure S10:  The output of bedtools unionbedg process for methylation calls. From *. bedGraph files each 
position denotes the methylation value for each input sample, and all files denote the presence/absence of a 
given position/region for individual samples/comparisons by the use of “NA”. 

 

{CpG,CHG,CHH}.DMPs.bed  

NB: Only saved if DMPs are given during the pipeline run. 

 

{CpG,CHG,CHH}.DMRs.bed  

NB: Only saved if DMRs are given during the pipeline run. 
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Figure S11:  The output of bedtools unionbedg process for DMRs. From *. bed files each position denotes 
the REGION for each input sample, and all files denote the presence/absence of a given position/region for 
individual samples/comparisons by the use of “NA”. 

 

 
Bedtools intersect 

If DMPs or DMRs are given as input types, then the respective union files from bedtools 
unionbedg are intersected with the entire dataset of individual methylated positions to 
filter them by positions that are contained within significant DMPs and/or DMRs. This 
reduces the total number of multiple comparisons when running EWAS and improves 
sensitivity. All files resulting from this process contain methylated positions denoting the 
respective methylation value for each input sample. 

 

Output directory: ewas/positions/ 

{CpG,CHG,CHH}.bedGraph.bed  

 

{CpG,CHG,CHH}.DMPs.bed  

NB: Only saved if DMPs are given during the pipeline run. 

 

{CpG,CHG,CHH}.DMRs.bed  

NB: Only saved if DMRs are given during the pipeline run.  

 

 

Figure S12:  The output of bedtools intersect process. Respective union files from bedtools unionbedg for 
DMPs/DMRs are intersected with the entire dataset of individual methylated positions 
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Averaging regions 

If DMRs are given as an input type, then the respective union files from bedtools unionbedg 
are overlayed with the individual methylated positions to calculate the average methylation 
value for each sample in each region. These independent regions are then given to the 
EWAS analysis in addition to the standard test on individual positions. If the –merge option 
is specified, then regions that are immediately adjacent to each other are merged before 
calculating the average methylation. 

Output directory: ewas/regions/ 

{CpG,CHG,CHH}.region.bed or {CpG,CHG,CHH}.merged.bed 

Union bed files containing the average methylation over each region for each input sample. 

 

Processing variants 

If SNPs are given as an input type, then a combination of bcftools and vcftools is given to 
filter positions and extract a genotype matrix encoded as 1,2,3 for major allele homozygote 
(AA), heterozygote (AB), and minor allele homozygote (BB) for all SNPs across all samples. 
The resulting matrix is passed on to the “G model” and “GxE model” where appropriate. 

Output directory: ewas/input/ 

o snps.txt 

o Genotype matrix required by GEM. 

 

E model 

The E model tests the association between the methylation value on given 
positions/regions and the environmental trait value specified for each sample in the sample 
sheet. 

Output directory: ewas/{positions,regions}/Emodel 

*.log 

The log of the stderr from GEM Emodel 

*.txt 

The full results from GEM Emodel output 

*.filtered_*_FDR.txt 

The results from GEM Emodel filtered by FDR threshold 

 

 
Figure S13:  The output of the Emodel. This file has “cpg|beta|stats|pvalue|FDR” columns where cpg is for 
significant chr/scaffold names, beta is a beta coefficient in a linear model, stats is the t-statistics for the C in 
interest, pvalue is the probabilistic score of a C and FDR is corrected p-values, in other words, q-values.  
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*.jpg 

Q-Q plots on the full results 

 

Figure S14: QQ plot. QQ plots are generated with all models and give a theoretical vs observed distribution of 
all p-values. The x-axis is an indicator of normal distribution and ranges between [-4,4]. A total number of p-
values can be seen in the header (original paper Figure S7, [68]).  
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*.png 

Manhattan plots on the filtered results 

 
Figure S15:  Manhattan plot. Example of Manhattan plot output for CpG context and Emodel from the EWAS 
pipeline, representing all positions below p-value 1e-8. The dashed red line is a suggestive threshold (10-6 by 
default) and the blue line shows the epigenome-wide significance threshold (suggestive threshold / 100) to 
narrow down highly significant biomarkers above the lines (original paper Figure S9, [68]).  

 
 
G model 

The G model generates genome-wide methQTL maps to test for an association between the 
methylation value on given positions/regions and any SNPs which co-occur in each sample. 
As the matrix of methylated positions vs SNPs is orders of magnitude larger than 
methylated positions alone, this analysis is divided among individual scaffolds and 
combined at the end for FDR calculation. 

 

 Output directory: ewas/{positions,regions}/Gmodel 

*.txt 

The full results from GEM Gmodel output 

*.filtered_*_FDR.txt 

 

 
Figure S16:  The output of the Gmodel. It is a list of C-SNP pairs, where the SNP is the appropriate couple to 
explain CG in interest. The only different column from the Emodel output is the additional “snp” column next 
to the ID column. The output of the GxE model is the same.  
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*.png 

Sequence dot plots indicating the relative positions of SNPs and methylated positions in 
significant methQTLs 

 
Figure S17:  Sequence dot plot. They are generated with the G model using Plotly with relative positions of 
SNPs and methylated positions in significant methQTLs. Cis and trans SNP-Cytosine pairs are marked as red 
and blue respectively. Scaffold/chr names are written on axes (original paper Figure S10, [68]).  

 
GxE model 

The GxE model tests for the interaction between methQTLs and the environmental trait. 
As the matrix of methylated positions vs SNPs is orders of magnitude larger than 
methylated positions alone, this analysis is divided among individual scaffolds and 
combined at the end for FDR calculation. 

Output directory: ewas/{positions,regions}/GxE 

*.txt 

The full results from GEM GxE model output 

*.filtered_*_FDR.txt 

The results from the GEM GxE model filtered by FDR threshold 

 

 

 

Figure S18:  The output of  the GxE model. It is a list of C-SNP pairs, where the SNP is the appropriate couple 
to explain CG in interest. The only different column from the Emodel output is the additional “snp” column 
next to the ID column. The output of the G model is the same.  
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*/*.png 

Plots for the top K most significant interactions and the associations with the 
environmental trait for major allele homozygote (AA), heterozygote (AB), and minor allele 
homozygote (BB) for all SNPs across all samples. 

 

Figure S19:  Top k-plots. Top k-plots are generated with the phenotypic trait for major allele homozygote 
(AA), heterozygote (AB), and minor allele homozygote (BB) for all SNPs across all samples are generated with 
the GxE model. Significant Cytosine name is indicated at the left, not necessarily three alleles have to be 
produced with each C, the red line shows the slope of the linear relationship between individuals, dots 
(samples) and environmental factor (climatic data) is shown on the x-axis, methylation beta values are seen 
on the y-axis. Ref: Pan et al., 2016 (original paper Figure S11, [68]). 

 

Pipeline Info 

Nextflow has several built-in reporting tools that give information about the pipeline run. 

Output directory: template/ 

dag.svg: DAG graph giving a diagrammatic view of the pipeline run. 

NB: If Graphviz (http://www.graphviz.org/, accessed on 1 May 2021) was not installed 
when running the pipeline, this file will be in DOT format 
(https://graphviz.org/doc/info/lang.html, accessed on 1 May 2021) instead of SVG. 

• report.html: Nextflow report describing parameters, computational resource usage, 
and task bash commands used. 

• timeline.html: A waterfall timeline plot showing the running times of the workflow 
tasks. 

• trace.txt: A text file with machine-readable statistics about every task executed in 
the pipeline. 
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7.3.3.6 Credits 

These scripts were originally written for use by the EpiDiverse European Training 
Network, by Nilay Can ([@nilaycan] (https://github.com/nilaycan, accessed on 1 May 
2021)) and Adam Nunn ([@bio15anu] (https://github.com/bio15anu, accessed on 1 May 
2021)). 

This project has received funding from the European Union’s Horizon 2020 research and 
innovation program under the Marie Skłodowska-Curie grant agreement No 764965. 

7.3.3.7 Citation 

If you use epidiverse/ewas for your analysis, please cite it using the following DOI: 
https://doi.org/10.3390/epigenomes5020012, accessed on 1 May 2021.  

 

7.3.4 The EpiDiverse DMR pipeline documentation 

 

EpiDiverse/dmr is a bioinformatics analysis pipeline for calling differentially methylated 
positions (DMPs) or regions (DMRs) from non-model plant species. 

The workflow processes raw methylation data from bedGraphs resulting from the 
EpiDiverse/wgbs pipeline (https://github.com/EpiDiverse/wgbs, accessed on 1 May 2021), 
which are then grouped for analysis with bedtools unionbedg 
(https://github.com/arq5x/bedtools2, accessed on 1 May 2021). Each pairwise comparison 
between groups is performed with metilene (https://www.bioinf.uni-
leipzig.de/Software/metilene/, accessed on 1 May 2021), and downstream visualization is 
carried out with R-packages ggplot2 (https://github.com/tidyverse/ggplot2, accessed on 1 
May 2021) and gplots (https://github.com/cran/gplots, accessed on 1 May 2021) to produce 
distribution plots and heatmaps. 

See the output documentation 
(https://github.com/EpiDiverse/ewas/blob/master/docs/output.md, accessed on 1 May 
2021) for more details of the results. 

The pipeline is built using Nextflow (https://www.nextflow.io/, accessed on 1 May 2021), a 
workflow tool to run tasks across multiple compute infrastructures in a very portable 
manner. It comes with docker containers making installation trivial and results highly 
reproducible. 

  



 

 

 
94 

 

7.3.4.1 Quick Start 

1. #Install Nextflow (https://www.nextflow.io/, accessed on 1 May 2021) 

2. #Install one of docker (https://docs.docker.com/engine/install/, accessed on 1 May 

2021), singularity (https://sylabs.io/guides/3.0/user-guide/, accessed on 1 May 

2021) or conda (https://docs.conda.io/en/latest/miniconda.html, accessed on 1 May 

2021) 

3. NXF_VER=20.07.1 nextflow run epidiverse/dmr -profile 

test,<docker|singularity|conda> # Download the pipeline and test it on a minimal 

dataset with a single command 

4. NXF_VER=20.07.1 nextflow run epidiverse/dmr -profile <docker|singularity|conda> \ 

--input /path/to/wgbs/bam --samples /path/to/samples.tsv # Start running your 

analysis!  

 

See the usage documentation 

(https://github.com/EpiDiverse/dmr/blob/master/docs/usage.md, accessed on 1 May 

2021) for all of the available options when running the pipeline. 

 

7.3.4.2 Workflow 

 
Figure S20:  Workflow of EpiDiverse DMR pipeline. Required inputs are tab-separated sample sheets with 
sample name identifiers and methylation calls from the WGBS pipeline output directory. Pre-processing starts 
with bedtools unionbedg then metilene tries to reveal differential methylation besides some graphical outputs 
with R scripts. 

 

7.3.4.3 Running the DMR pipeline 

The main command for running the pipeline is as follows: 

nextflow run epidiverse/dmr [OPTIONS] 
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Note that the pipeline will create files in your working directory: 

o work/           # Directory containing the nextflow working files 
o dmrs/           # Finished results (configurable, see below) 
o .nextflow.log   # Log file from Nextflow 
o .nextflow/      # Nextflow cache and history information  

 

Inputs and Outputs 
 
--input <ARG> [REQUIRED] Specify the path to the directory containing each sample 
output from the EpiDiverse/wgbs pipeline (https://github.com/EpiDiverse/wgbs, 
accessed on 1 May 2021), to be taken forward for analysis. All the sub-directories must 
correspond to sample names in the file provided to the --samples parameter, and contain 
within each one a bedGraph directory with files in’*.bedGraph’ format. From the wgbs 
pipeline, only the bedGraphs are necessary for this pipeline to run.  
 
For more information, please refer to the EpiDiverse/wgbs documentation 
(https://github.com/EpiDiverse/wgbs/blob/master/docs/usage.md, accessed on 1 May 
2021) to view the relevant directory structure.  
 
--samples <ARG> [REQUIRED] Specify the path to the “samples.tsv” file, containing 
information regarding sample names and corresponding groupings/replicates to 
determine how samples in the input directory should be analyzed. The file must contain 
three tab-delimited columns: 1) sample names, corresponding to the sub-directories in the 
--input directory. 2) group names, for grouping samples, replicates together. 3) replicate 
names to provide easy-to-read alternatives for complicated sample names. 

 Example “samples.tsv” file: 

sampleA_1    groupA    rep1 
sampleA_2    groupA    rep2 
sampleB_1    groupB    rep1 

NB: Samples present in the --input directory will be ignored if not specified in the 
“samples.tsv” file. 

 

--output <ARG> A string that will be used as the name for the output results directory, 
which will be generated in the working directory. This directory will contain 
subdirectories for each set of reads analyzed during the pipeline. [default: dmrs] 

 

--control <ARG> Specify a string that corresponds to a group name in the provided 
“samples.tsv” file, and the pipeline will run DMR comparisons for each group relative to 
this group. Otherwise, the pipeline will run all possible pairwise comparisons between 
groups if no control group is specified. [default: off] 
 

--dmp Specify that DMPs should be analyzed instead of DMRs. [default: off] 
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DMR/DMP Calling 

All options in this section are relevant to DMR calling, while only some are also applicable 
to DMP calling. 

--cov <ARG> Specify the minimum coverage threshold to filter methylated positions 
before running the analyses. [default: 5] 
 

--sig <ARG> Specify the maximum q-value threshold for filtering DMP/DMRs post-
analysis. [default: 0.05] 
 

--diff <ARG> Specify the minimum differential methylation level (percent) for filtering 
DMP/DMRs post-analysis. [default: 10] 
 

--CpN <ARG> Minimum number of Cs a DMR needs to contain to be reported. Not 
relevant to DMPs. [default: 10] 
 

 --gap <ARG> Minimum distance (bp) between Cs that are not to be considered as part of 
the same DMR. Not relevant to DMPs. [default: 146] 

--resample <ARG> Minimum proportion of group samples that must be present in a given 
position to resample missing data [default: 0.8] 
 
--bonferroni Specify Bonferroni method for multiple comparison testing, otherwise, 
Benjamini-Hochberg FDR will be used by default. [default: off] 
 
 --segSize <ARG> Give a hard cutoff for pre-segmenting regions before DMR 
identification. Higher values improve runtimes in CHG and CHH context but limit the 
capacity to identify DMRs that overlap the cutoff location. Can be turned off with 0. 
[default: 1000] 
 
--segContext <ARG> Give a comma-delimited string of methylation contexts where you 
wish to apply the heuristic --segSize parameter. [default: CHH] 

 

 

Additional Parameters 
 
--noCpG Do not call DMP/DMRs in the context. Note: at least one methylation context is 
required for analysis. [default: off] 

 

--noCHG Do not call DMP/DMRs in the CHG context. Note: at least one methylation 
context is required for analysis. [default: off] 

 

--noCHH Do not call DMP/DMRs in the CHH context. Note: at least one methylation 
context is required for analysis. [default: off] 

 

--debug Specify to prevent Nextflow from clearing the work dir cache following a 
successful pipeline completion. [default: off]  
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--version When called with nextflow run epidiverse/dmr --version this will display the 
pipeline version and quit. 

 

--help When called with nextflow run epidiverse/dmr --help this will display the 
parameter options and quit. 

 

7.3.4.4 Understanding the results of the DMR pipeline 

This chapter describes the output produced by the DMR pipeline. 

 

Pipeline overview 

The pipeline is built using Nextflow (https://www.nextflow.io/, accessed on 1 May 2021 and 
processes data using the following steps: 

1. bedtools unionbedg - compiling pairwise comparisons between groups 

2. metilene - calling DMPs/DMRs 

3. Visualization - distributions and heatmaps 

4. Pipeline Info - reports from nextflow about the pipeline run   
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7.3.4.5 Output Directory Structure 

 

 

 
Figure S21:  EpiDiverse DMR pipeline output directory structure. Output is separated by contexts and 
shares report.html, timeline.html, tract.txt, and dag.dot files in the output directory. Each context 
subdirectory has filtered and unfiltered results as .bed format. Heatmaps, distribution plots, etc. are produced 
as a .pdf besides some intermediate data, statistics, logs, etc.  

 
bedtools unionbedg 

The first step of the pipeline is to identify which samples belong to the different groups 
according to the “samples.tsv” file and produce input files for each pairwise comparison 
between the specified groups by combining the appropriate samples using bedtools 
unionbedg (https://github.com/arq5x/bedtools2, accessed on 1 May 2021). 

Output directory: dmrs/{CpG,CHG,CHH}./input/ 

 

e.g., groupA_vs_groupB.bed 

• There will be one file according to this naming convention for each pairwise 
comparison according to the number of groups that have been identified in the 
“samples.tsv” file. 

• The number of columns corresponds to the total number of samples in the groups, 
giving the relevant methylation information (proportion) on each row. 
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Figure S22:  Example groupA_vs_groupB.bed file. This file has chr, pos, and methylation information per 
sample.  

 

metilene 

DMP/DMR calling is carried out using metilene (https://www.bioinf.uni-
leipzig.de/Software/metilene/, accessed on 1 May 2021), using the input generated from 
bedtools unionbedg in the previous step. 

Output directory: dmrs/{CpG,CHG,CHH}./metilene 

For each type of output here there will be one file following the naming convention for each 
pairwise comparison according to the number of groups that have been identified in the 
“samples.tsv” file. The FIRST group in the name is considered the “control” or “comparison” 
group and e.g., methylation difference is given relative to this group. 

• e.g., groupA_vs_groupB/groupA_vs_groupB.log 

Logfile for each pairwise comparison performed by metilene 

• e.g., groupA_vs_groupB/groupA_vs_groupB.bed 

The raw, unfiltered output from metilene. This contains all identified DMP/DMRs even if 
they fall outside the given q-value significance threshold (default 0.05).  

Check the metilene documentation (https://www.bioinf.uni-
leipzig.de/Software/metilene/Manual/#10_output, accessed on 1 May 2021) to understand 
this format. 

• e.g., groupA_vs_groupB/groupA_vs_groupB.0.05.bed 

 

 

 

Figure S23: Example groupA_vs_groupB.0.05.bed file. The is file contains the streamlined output from 
metilene which is filtered according to the parameters set for the pipeline run. This output is used for all 
downstream analysis and visualization.  
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7.3.4.6 Visualization 

The pipeline will generate heatmaps and density distribution plots for the DMP/DMRs 
generated for each pairwise comparison using R packages gplots gplots 
(https://github.com/cran/gplots, accessed on 1 May 2021) and ggplot2 
(https://github.com/tidyverse/ggplot2, accessed on 1 May 2021)  

NB: - these will only be generated if DMRs are found within the significance threshold, 
otherwise, Nextflow will report that these processes have ‘failed’ harmlessly. 

 

Output directory: dmrs/{CpG,CHG,CHH}./visual 

For each type of output here there will be one file following the naming convention for each 
pairwise comparison according to the number of groups that have been identified in the 
“samples.tsv” file. The FIRST group in the name is considered the “control” or “comparison” 
group and e.g., methylation difference is given relative to this group.  

 

e.g., groupA_vs_groupB/groupA_vs_groupB.0.05.avg 

e.g., groupA_vs_groupB/groupA_vs_groupB.0.05.txt 
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Figure S24: Methylation heatmaps.  Raw input used to generate heatmaps, consisting of the average 
methylation level for each region for each sample used to derive the given pairwise comparison. A heatmap 
showing the relative methylation differences between samples.
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 e.g., groupA_vs_groupB/groupA_vs_groupB.0.05_Heatmap.pdf 

 

7.3.4.7 Distributions 

 
 
 

 
Figure S25: Methylation difference. A plot showing the distribution of methylation differences among hyper- 
and hypo-methylated regions. 

 

• e.g., groupA_vs_groupB/groupA_vs_groupB.0.05_DensDiff.pdf 
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Figure S26: DMR lengths. A plot showing the distribution of methylation differences among hyper- and hypo-
methylated regions. 

• e.g., groupA_vs_groupB/groupA_vs_groupB.0.05_DensLen.pdf 

 

 

 
Figure S27: CpN content. A plot showing the distribution of CpN contents among hyper- and hypo-
methylated regions. 
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• e.g., groupA_vs_groupB/groupA_vs_groupB.0.05_DensCpN.pdf 

 
Figure S28: Hyper- vs hypo-methylation counts. A simple pie chart showing the number of hyper- and 
hypo-methylated regions.  

• e.g., groupA_vs_groupB/groupA_vs_groupB.0.05_Piechart.pdf 

7.3.4.8 Credits 

These scripts were originally written for use by the EpiDiverse European Training 
Network, by Adam Nunn ([@bio15anu] (https://github.com/bio15anu, accessed on 1 May 
2021)) and Nilay Can ([@nilaycan] (https://github.com/nilaycan, accessed on 1 May 
2021)). 

This project has received funding from the European Union’s Horizon 2020 research and 
innovation program under the Marie Skłodowska-Curie grant agreement No 764965. 

7.3.4.9 Citation 

If you use epidiverse/dmr for your analysis, please cite it using the following DOI: 
https://doi.org/10.1093/bioinformatics/btaa191, accessed on 1 May 2021. 

7.3.5 Additional Parameters for all pipelines 

 

--debug Specify to prevent Nextflow from clearing the work dir cache following a 
successful pipeline completion. [default: off] 

 

--version When called with nextflow run epidiverse/name_of_the_pipeline --version this 
will display the pipeline version and quit. 

 

--help When called with nextflow run epidiverse/name_of_the_pipeline --help this will 
display the parameter options and quit.   
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7.3.6 Software Dependencies 

There are different ways to provide the required software dependencies for the pipeline. 
The recommended method is to use the Conda, Docker, or Singularity profiles as provided 
by the pipeline. 

 

-profile Use this parameter to choose a preset configuration profile. See chapter 
“Installation and pipeline configuration” for more information about profiles. 
Profiles available with the pipeline are: 

• standard 

o The default profile used if -profile is not specified. 

o Uses sensible resource allocation for, runs using the local executor (native 
system calls), and expects all software to be installed and available on the 
$PATH. 

o This profile is mainly designed to be used as a starting point for other 
configurations and is inherited by most of the other profiles below. 

• conda 

o Builds a conda environment from the environment.yml file provided by 
the pipeline 

o Requires conda to be installed on your system. 

• docker 

o Launches a docker image pulled from epidiverse/ewas 

o Requires docker to be installed on your system. 

• singularity 

o Launches a singularity image pulled from epidiverse/ewas 

o Requires singularity to be installed on your system. 

• epi|diverse 

o Designed to be used on the EpiDiverse clusters epi or diverse 

o Launches jobs using the SLURM executor. 

o Uses pre-built conda environments to provide all software requirements. 

• custom 

o No configuration at all. Useful if you want to build your config from 
scratch and want to avoid loading in the default base config for process 
resource allocation. 

If you wish to provide your package containers it is possible to do so by setting the standard 
or custom profile and then providing your custom package with the command line flags 
below. These are not required with the other profiles. 

 

-with-conda <ARG> Flag to enable conda. You can provide either a pre-built 

environment or a *.yml file. 
-with-docker <ARG> Flag to enable docker. The image will automatically be pulled 

from Dockerhub. 
-with-singularity <ARG> Flag to enable the use of singularity. The image will 

automatically be pulled from the internet. If running offline, follow the option with the 

full path to the image file.  
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7.3.7 Other command-line parameters 

 
-work-dir <ARG> Specify the path to a custom work directory for the pipeline to run with 
(e.g., on a scratch directory) 

 

-params-file <ARG> Provide a file with specified parameters to avoid typing them out on 
the command line. This is useful for carrying out repeated analyses. A template params 
file assets/params.txt has been made available in the pipeline repository. 

 

-config <ARG> Provide a custom config file for adapting the pipeline to run on your 
computing infrastructure. A template config file assets/custom.config has been made 
available in the pipeline repository. This file can be used as a boilerplate for building your 
custom config. 
 
 -resume [<ARG>] Specify this when restarting a pipeline. Nextflow will use cached 
results from any pipeline steps where the inputs are the same, continuing from where it 
got to previously. Give a specific pipeline name as an argument to resume it, otherwise, 
Nextflow will resume the most recent. NOTE: This will not work if the specified run 
finished successfully, and the cache was automatically cleared. (See: --debug)  
 
-name <ARG> Name for the pipeline run. If not specified, Nextflow will automatically 
generate a random mnemonic. 

7.3.8 Troubleshooting 

7.3.8.1 Singularity issues 

 
Sometimes Singularity runs into problems when pulling multiple images at the same time 
for a pipeline run. In these instances, it is sometimes better to pull the images manually 
into the directory that the pipeline will be run from, using for instance the following code: 
 

o singularity pull --name epidiverse-[PIPELINE]-[ VERSION].simg \ 

o docker://epidiverse/[PIPELINE]:[VERSION] 

 
Check the Nextflow documentation (https://www.nextflow.io/docs/latest/, accessed on 1 
May 2021) for more information about configuring Singularity.  
 

7.3.8.2 Extra resources and getting help 

 
If you still have an issue with running the pipeline, then feel free to contact us at 
info@epidiverse.eu or by opening an issue in the respective pipeline repository on GitHub 
asking for help. 
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If you have problems that are directly related to Nextflow and not our pipelines, then 
check out the Nextflow Gitter channel (https://gitter.im/nextflow-io/nextflow, accessed 
on 1 May 2021) or the google group:  
 
(https://groups.google.com/forum/?pli=1&authuser=0#!forum/nextflow, accessed on 1 
May 2021).  
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