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Abstract
The field of molecular biology is advancing fast with new powerful technologies,
sequencing methods and analysis software being developed constantly. Commonly
used tools originally developed for research on humans and model species are now
regularly used in ecological and evolutionary research. There is also a growing interest in the causes and consequences of epigenetic variation in natural populations.
Studying ecological epigenetics is currently challenging, especially for vertebrate systems, because of the required technical expertise, complications with analyses and
interpretation, and limitations in acquiring sufficiently high sample sizes. Importantly,
neglecting the limitations of the experimental setup, technology and analyses may affect the reliability and reproducibility, and the extent to which unbiased conclusions
can be drawn from these studies. Here, we provide a practical guide for researchers
aiming to study DNA methylation variation in wild vertebrates. We review the technical aspects of epigenetic research, concentrating on DNA methylation using bisulfite
sequencing, discuss the limitations and possible pitfalls, and how to overcome them
through rigid and reproducible data analysis. This review provides a solid foundation
for the proper design of epigenetic studies, a clear roadmap on the best practices for
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correct data analysis and a realistic view on the limitations for studying ecological epi-
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genetics in vertebrates. This review will help researchers studying the ecological and
evolutionary implications of epigenetic variation in wild populations.
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I NTRO D U C TI O N

for a role of epigenetics in ecology and evolution is rapidly growing (Bossdorf et al., 2008; Hawes et al., 2018; Kilvitis et al., 2014;

The field of molecular ecology is constantly advancing with the

Ledón-Rettig et al., 2013; Schrey et al., 2013; Sepers et al., 2019;

development of new powerful technologies, methods and analysis

Verhoeven et al., 2016; Vogt, 2021). In ecological epigenetics stud-

software. Tools for sequencing-based data analyses are increas-

ies, DNA methylation is the most widely studied epigenetic mecha-

ingly used in ecological and evolutionary research as costs decrease

nism. DNA methylation involves the addition of a methyl group to a

and analyses become more time-efficient (Aguirre et al., 2019; van

DNA nucleotide, usually a cytosine (C), and it affects the binding of

Gurp et al., 2016; Solares et al., 2018). In particular, the interest

proteins required for transcription initiation (Yin et al., 2017). This

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
© 2022 The Authors. Molecular Ecology Resources published by John Wiley & Sons Ltd.
Mol Ecol Resour. 2022;00:1–21.	
wileyonlinelibrary.com/journal/men

|

1

2

|

LAINE et al.

process usually represses gene expression (Bird, 2002; Goldberg

2016; Rubenstein et al., 2016; Weyrich et al., 2016). DNA meth-

et al., 2007; Moore et al., 2013), especially if methylated sites are

ylation might thereby explain developmental phenotypic plasticity

located close to the transcription start site in the promoter region

(Watson et al., 2019), referred to as irreversible phenotypic changes

(Bird, 2002; Laine et al., 2016; Li et al., 2011; Moore et al., 2013),

that are the result of environmental induction during development

but the relationship between DNA methylation and gene expres-

(Forsman, 2015).

sion is rather complex and hard to generalize as DNA methylation

Other studies aim to provide insights into the link between epi-

can also increase transcription (Korochkin, 2006). Because DNA

genetic variation and ecologically relevant phenotypic variation. So

methylation can affect gene expression, this epigenetic mechanism

far, studies have focused on exploratory behaviour (van Oers et al.,

is generally accepted to mediate the expression of phenotypic traits

2020; Verhulst et al., 2016), novelty-seeking behaviour (Riyahi et al.,

(Law & Jacobsen, 2010).

2015), salinity tolerance (Heckwolf et al., 2020), stress resilience
(Taff et al., 2019), plumage characteristics (Soulsbury et al., 2018;

1.1 | Mechanisms causing variation in DNA
methylation and phenotypic consequences

Taff et al., 2019) and patterns of scutes (Caracappa et al., 2016).
Another popular topic in ecological studies is how DNA methylation levels change over time due to, for example, ageing (Ito et al.,
2018; Paoli-Iseppi et al., 2019; Parrott et al., 2014; Polanowski et al.,

DNA methylation can be induced by genetic variation (Richards,

2014; Soulsbury et al., 2018; Thompson et al., 2017; Wilkinson et al.,

2006), by spontaneous epimutations (Becker et al., 2011) and by

2021), where methylation might accumulate over time or in the con-

environmental induction (Pértille et al., 2017; Weaver et al., 2004;

text of regulation of temporal plastic changes, such as regulation of

Zimmer et al., 2017; for more studies see below), although environ-

timing of migration and reproduction (Baerwald et al., 2016; Lindner

mentally induced epigenetic variation might depend on genetic vari-

et al., 2021; Mäkinen et al., 2019; Saino et al., 2017; Viitaniemi et al.,

ation as well. Given the effects on transcription and subsequently

2019) and hibernation (Alvarado et al., 2015).

gene expression, DNA methylation is, in theory, able to fine-tune
phenotypic expression of ecologically relevant traits under environmental influence (Law & Jacobsen, 2010). This implies that
epigenetic mechanisms provide an organism with the opportunity

1.2 | Role of epigenetic variation in adaptation to
changing environments and evolution

to develop a phenotype that is adaptive, in response to the environment (Jablonka & Lamb, 2007). These epigenetic changes may

Studies have shown that environmentally induced epigenetics pat-

persist and affect the phenotype throughout an individual's lifetime

terns can be transmitted stably to future generations with effects on

(Roth et al., 2009; St-Cyr & McGowan, 2015). Thus, DNA methyla-

offspring phenotypes (Anway et al., 2005; Franklin et al., 2010). Thus,

tion can be a mechanism underlying phenotypic plasticity, which can

epigenetic modifications harbour a source of nongenetic phenotypic

be defined as “the ability of a genotype to produce distinct pheno-

variation that potentially can be a fast and heritable response to the

types when exposed to different environments throughout its on-

environment. If epigenetically mediated phenotypic variation is truly

togeny” (Pigliucci, 2001, 2005).

heritable, natural selection might act on it and it might hold evo-

Ecologists strive to explain the diversity of ecologically import-

lutionary potential. Evolutionary ecologists now study epigenetic

ant phenotypic traits and to understand how these traits are shaped

mechanisms to provide insights into the potential role of epigenetic

by the environment. Hence, DNA methylation has become of great

variation in adaptation to changing environments. To assess the evo-

interest and, as a result, the number of studies on the causes and

lutionary implications, DNA methylation has been studied in rela-

consequences of DNA methylation in natural populations is rising.

tion to heritability (Hu et al., 2021; van Oers et al., 2020), whether

Studies that aim to provide insights into the origin of variation in

it might be under selection (Laine et al., 2016; Skinner et al., 2014)

DNA methylation focus on a wide range of environmental influ-

and whether it might be involved in range expansion and adaptation

ences, including pH (Massicotte & Angers, 2012), habitat quality (Hu

(Caizergues et al., 2021; Gore et al., 2018; Heckwolf et al., 2020;

et al., 2019), parasites (Hu et al., 2018; McNew et al., 2021; Wenzel

Liebl et al., 2013; Meröndun et al., 2019; Riyahi et al., 2017; Schrey

& Piertney, 2014), and anthropogenic causes such as urbanization

et al., 2012; Sheldon et al., 2018).

(Caizergues et al., 2021; Garcia et al., 2019; McNew et al., 2017;

DNA methylation is also studied in historical and ancient sam-

Riyahi et al., 2015; Watson et al., 2021) and contaminants (Laine

ples to characterize environmental and regulatory changes that

et al., 2021; Mäkinen et al., 2021; McNew et al., 2021; Nilsen et al.,

possibly underlie adaptation and speciation (Gokhman et al., 2017;

2016; Pierron et al., 2014; Romano et al., 2017). In addition, studies

Orlando et al., 2015; Orlando & Willerslev, 2014; Rubi et al., 2019).

have now included DNA methylation changes as a possible mech-

However, it is important to note that the heritability of DNA meth-

anism causing phenotypic changes due to environmental experi-

ylation and its role in evolution is still an ongoing point of discus-

ences during early development, such as brood size (Sepers et al.,

sion (see Burggren, 2016; Guerrero-Bosagna et al., 2018; Heard &

2021; Sheldon et al., 2018), diet or resource availability (Laubach

Martienssen, 2014; Laland et al., 2014; Liberman et al., 2019; Lind

et al., 2019; Lea et al., 2016; Weyrich et al., 2018), predation risk

& Spagopoulou, 2018; Perez & Lehner, 2019; Richards & Pigliucci,

(Noguera & Velando, 2019) and parental effects (Bentz et al.,

2020; Sarkies, 2020; Vogt, 2021).
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1.3 | Methods to study DNA methylation

3

comes with methodological and technical challenges, especially in
vertebrate study systems in an evolutionary or ecological context.

There are several methods for detecting DNA methylation (Feng &

For example, sampling is often challenging, especially if samples are

Lou, 2019; Tang et al., 2015) which are based on distinguishing un-

needed from different developmental stages. Therefore, blood is

methylated cytosines from methylated cytosines (5mC) in the DNA

commonly used in studies in wild vertebrates, and thus may func-

sequence and the three common principles are: (i) digestion of DNA

tion as a proxy for patterns in other tissues. Yet if blood cells are

with methylation-
sensitive restriction enzymes, (ii) enrichment of

not the main target, for example if questions are specifically related

methylated genomic DNA fragments using antimethylcytosine an-

to liver function or neurological effects, it is important to establish

tibody or methyl-binding domain (MBD) proteins, and lastly, (iii) se-

correlations between DNA methylation patterns (of genes of in-

quencing of bisulfite-converted DNA (BSseq). In this review we will

terest) across tissues in the study species (see, Derks et al., 2016;

focus on the last, but see Box 1 for alternative and upcoming methods.

Lindner et al., 2021; McKay et al., 2011). Furthermore, vertebrates

Currently, ecological epigenetics is a field without well-

are highly mobile, have relatively long generation times and often

established best practices compared to other types of molecular

only a few offspring per generation, which can make studying epi-

studies (Alvarez et al., 2015). However, studying DNA methylation

genetics difficult. Many vertebrates also rely on parental care,

BOX 1 Drawbacks of bisulfite sequencing and alternative methods
The sequencing of bisulfite-converted DNA is a very versatile method for methylation calling at single nucleotide resolution that can
be used across taxa, which is especially relevant in the context of wild epigenetics. However, the method and especially the treatment of DNA with bisulfite has some drawbacks. The treatment creates a harsh environment for the DNA, which can lead to the
degradation of genomic DNA (Grunau et al., 2001) and affect the quality of the sequencing reads. Furthermore, bisulfite-induced
DNA degradation is biased towards genomic regions that are enriched for unmethylated cytosines, which can result in an overestimation of global methylation levels. How the bisulfite treatment affects the quality of sequencing reads and biases the estimation
of methylation levels differ between bisulfite treatment protocols (Olova et al., 2018). Recently, methods have been developed to
overcome the degradation of DNA in BSseq (Wang et al., 2017). Conversion of nonmethylated cytosines can be achieved without the
use of bisulfite, either with (i) enzymes in enzymatic methyl-seq (EM-seq), which uses two enzymatic steps to differentiate between
cytosine and its modified forms, 5mC and 5hmC, and shows little DNA degradation (Vaisvila et al., 2021), or (ii) using ten-eleven
translocation (TET)-assisted pyridine borane sequencing (TAPS) that has been developed for detecting 5mC (Liu, Siejka-Zielińska,
et al., 2019). TAPS uses milder conditions for converting 5mC to thymine compared to bisulfite conversion. However, TAPS has
multiple steps of enzymatic and chemical reactions and needs more input DNA than for example EM-seq. Moreover, EM-seq was
shown to have higher CpG coverage, a better CpG site overlap between samples and higher consistency in methylation levels across
input series compared to WGBS (Vaisvila et al., 2021) and PBAT (Han et al., 2021), making EM-seq the preferred nonbisulfite whole
genome method to date.
To overcome many of the challenges that BSseq possesses, the third-generation sequencing technologies also show promising results, such as nanopore sequencing by Oxford Nanopore Technologies (ONT) and single-molecule real-time sequencing (SMRT), such
as from Pacific BioSciences, PacBio. These technologies offer in addition to single molecule sequencing in real time also the opportunity to detect DNA methylation from the same data sets without any additional DNA treatment (Flusberg et al., 2010; Gouil & Keniry,
2019; Liu, Fang, et al., 2019; Tse et al., 2021). Although both ONT and SMRT sequencing have their challenges, such as sequencing
errors, and possible low detection rate of 5mC in SMRT, these issues can be overcome (Liu et al., 2019; Stoiber et al., 2017; Tse et al.,
2021) and thus third-generation technologies are promising for future studies also in wild epigenetics (see Gouil & Keniry, 2019 for
method comparison).
Lastly, in some cases a more targeted approach is needed where methylation levels are counted from specific areas of the genome.
In both bisulfite pyrosequencing and methylation-specific qPCR, single loci or regions can be analysed, for example in the case
of candidate gene studies when the sequence of the region of interest is known (De Chiara et al., 2020). In the microarray-based
Infinium Methylation Assay, several thousands probes are designed to target CpGs. This method has been mostly used in humans
(Bibikova et al., 2011) but recently a custom-made array was developed for other mammals (Arneson et al., 2021) and was used successfully in bats (Wilkinson et al., 2021). There is also a method called MEBS, which enriches methylated sequences by combining
the MBD2 (methyl-binding domain2) protein with bisulfite treatment, and next-generation sequencing (Weyrich et al., 2014). Lastly,
MALDI-TOF—mass spectrometry of bisulphite-converted DNA (commercialized as Sequenom's EpiTYPER assay using the MassArray
system)—can be also used for more targeted approaches (Thompson et al., 2009).
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making it even more challenging to separate true environmentally

or even gigabytes, depending on the genome size of the species

induced transgenerational epigenetic effects from intra-, inter-and

and sequencing depth used. Analysing these files will consume a

multigenerational effects (Heard & Martienssen, 2014; Skinner,

large amount of memory (RAM) and thus high-performance clusters

2008; Skvortsova et al., 2018). It is essential to acknowledge these

(HPCs) are often needed (Wreczycka et al., 2017).

challenges, since they can have huge effects on the reliability of the

To make your epigenetic project open and FAIR (Findable,

results and conclusions. Overall, ecological epigenetics studies dif-

Accessible, Interoperable and Reusable; Wilkinson et al., 2016) and

fer greatly in their experimental setup, study species, tissue, devel-

also comparable to other studies, it is important to make both the

opmental stage, conditions, sample size, sequencing methods, and

pipeline including the code used and the (meta)data openly avail-

the choices made during the bioinformatics and statistical analyses

able (Gallagher et al., 2020). While the raw data and general pipeline

(Husby, 2020; Lea et al., 2017), despite the similarities in research

information are relatively easy to access in the papers and data re-

questions. A lack of consistency across studies complicates the in-

positories, the actual code is often not provided even though some

terpretation of the obtained results and hinders comparisons across

journals encourage code-sharing. In past ecological studies code

those studies. Published information to guide researchers new to

availability has been alarmingly low, which can be an important limit-

the field of ecological epigenetics is scattered across reviews, re-

ing factor for computational reproducibility in ecology (Culina et al.,

search papers and manuals. Papers discussing the whole procedure

2020). In biology in general, code is an important player in analysis

of DNA methylation from start to end are missing for studies on wild

pipelines and should be made available to promote openness and

vertebrates. Furthermore, several tips and tricks stem from experi-

FAIRness of the project. Common places for code sharing are Github

ence and rely on “personal communication” that have not yet been

and Gitlab, which also organize version control of your scripts with

published.

git. Zenodo, an open-access repository, can be used for both perma-

Therefore, in this technical review, we provide a practical guide

nent data and code storage and it also provides citable DOI code.

to researchers new to the field of ecological epigenetics. This tech-

There are several good guidelines for code sharing available (Barnes,

nical review provides an inclusive overview of considerations when

2010; Osborne et al., 2014; Wilson et al., 2017).

designing and executing an evolutionary ecological study involving
nonmodel vertebrates and BSseq, in a step-by-s tep manner. First,
we outline the different considerations of designing a study, fol-

2.2 | Sampling

lowed by the bioinformatics steps involved in preparing the data
for downstream analyses. Next, we discuss statistical consider-

As in designing any scientific study, also in a DNA methylation pro-

ations for the analysis of BSseq data, and the validation, interpre-

ject, there are some key decisions to ensure that the collected data

tation and presentation of the results. Overall, this review offers

can actually answer the research questions in both exploratory

recommendations focusing on BSseq, its potential biases and fu-

and experimental study settings. First, taxa differ considerably in

ture directions.

the type and extent of DNA methylation variation (reviewed, e.g.,
in Feng et al., 2010; Zemach et al., 2010), and thus the researcher

2 | D E S I G N I N G YO U R B I S U LFITE
S EQU E N C I N G S T U DY
2.1 | Before starting your bisulfite project

should be aware of the details of their target species. For example,
in many insects DNA methylation levels are low and sporadic, and in
plants and fungi DNA methylation regularly occurs outside CpG context (CG dinucleotides) (Feng et al., 2010; de Mendoza et al., 2020;
Provataris et al., 2018). In vertebrates, cytosines in CpG context
are a major target of DNA methylation (Bernstein et al., 2007; Bird,

It is always advisable to start a project with a project and data man-

2002). However, it seems that non-CpG methylation plays an impor-

agement plan. Ideally, an experimental setup and design file is cre-

tant role in specific tissues, cell types and developmental states in

ated which includes, in addition to the design, the sample names

vertebrates (Ross et al., 2021; Zabet et al., 2017; Ziller et al., 2011).

with additional metadata such as treatments, locations and condi-

Second, whether a reference genome is available will influence the

tions. We also recommend thinking about which technologies and

choice of methods and downstream analysis that can be performed.

laboratory protocols will be used. This information is often needed

For a large part of the wild study species a high-quality reference

for collaborations and during the process of writing the manuscript

genome is still lacking, yet methodologies have been developed

(at what stage you tend to have forgotten about such details), but

also for species without a reference genome (van Gurp et al., 2016;

also when submitting data files to the repositories. Stage this file in

Klughammer et al., 2015). Third, the timing of sampling needs to be

such a way that you can follow the project life cycle from samples

tailored to the study question, for example targeting developing or

all the way to the final results and that you can always get back to

adult individuals (DNA methylation patterns change over age across

this file and update it when needed. It is also crucial to consider the

organisms; see, e.g. Parrott et al., 2014; Thompson et al., 2017), and

computing resources needed for a specific data set. For genome-

to account for seasonal differences in DNA methylation (Viitaniemi

wide experiments normal desktop computers are often not suffi-

et al., 2019). Fourth, given that DNA methylation patterns can differ

cient as file sizes can be as big as several hundreds of megabytes

among tissues (Lindner et al., 2021), the target tissue should also

|
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be chosen appropriately to the study question. Finally, it has been

moderate effect size by collapsing the number of biological repli-

clearly shown in both domestic and captive models, and recently

cates. This advice is supported by Ziller et al. (2015), who emphasize

in wild organisms, that the genetic background explains a relatively

that biological replicates should be sequenced and analysed sepa-

large proportion of DNA methylation differences (van Oers et al.,

rately rather than being pooled to increase power. However, pool-

2020; Viitaniemi et al., 2019). Therefore, understanding and ac-

ing might still be a useful tool for initial exploration of differences

counting for any genetic structure and relatedness in the data is cru-

between experimental groups or populations, but only if pools are

cial (see in-depth discussion in Lea et al., 2017).

chosen in such a way that relatedness is taken into account (see, van
Oers et al., 2020; Sepers et al., 2021) and the variation among pools
is minimized. This can be achieved by balancing pools carefully based

2.2.1 | To pool or not to pool?
During study design it is also important to decide whether samples
are sequenced individually or pooled before sequencing. Pooling of

on factors such as sex, age and starting material.

2.3 | Choosing the methods

samples is a cost-effective way of accurately assessing the average
methylation level of single CpGs over all samples, without acquir-

2.3.1 | The bisulfite sequencing methods

ing the DNA methylation level of each individual sample (Docherty
et al., 2010). Pooling can also be used when individual sample quan-

When treating DNA with bisulfite, cytosines are converted to uracil

tities are small. Using DNA methylation levels calculated as the

but 5-methylcytosines are unaffected (Fraga & Esteller, 2002). Thus,

total number of converted and unconverted reads off all individu-

DNA that has been treated with bisulfite retains only methylated cy-

als within a pool, however, prohibits assessing variation between

tosines. After bisulfite conversion, it is possible to combine PCR with

individuals. This, therefore, creates uncertainty around the aver-

high-throughput sequencing or microarray-based methods to deter-

age DNA methylation levels, which potentially leads to false confi-

mine the methylation levels of individual CpGs in the samples (also

dence in the average DNA methylation levels. When, for example,

called MethylC-Seq, Figure 1). The two most common approaches

certain individuals contribute more in reads to the overall pooled

for sequencing of bisulfite-converted DNA target the whole genome

sample than others, the DNA methylation levels of the pool might

(whole-genome BSseq, WGBS) or a reduced and biased representa-

be biased towards these individuals. Furthermore, answering most

tion of the genome by using restriction enzymes (reduced represen-

contemporary questions in ecology and evolution requires sample

tation bisulfite sequencing, RRBS).

sizes exceeding those currently used (Lea et al., 2017). We therefore

WGBS is still widely considered the gold standard for DNA meth-

strongly advise against pooling, as it reduces the power to detect

ylation profiling as it captures about 90% of the CpG sites within the

F I G U R E 1 Bisulfite conversion of DNA and the PCR amplification results in two PCR products. Unmethylated cytosines (in blue)
are converted to uracils and then to thymines, and methylated cytosines (in red) are unaffected. In directional libraries, the first read in
paired-end sequencing originates from the original strands. The second read of paired-end sequencing is derived from the complementary
strand. In nondirectional methods, the first read can be from any of the four strands and the second read from the strand complementary
to the first read. mC, 5-methylcytosine; OT (Watson), original top strand; CTOT, strand complementary to the original top strand; OB
(Crick), original bottom strand; and CTOB, strand complementary to the original bottom strand; R1, read 1; R2, read 2; arrows point to the
sequencing direction; complementary bases to methylated and unmethylated cytosines are in orange

6
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genome at single base pair resolution (Lister et al., 2009). In addi-

(N) divided by the genome length (G), that is L × N/G (Sims et al.,

tion to traditional BSseq as mentioned above (MethylC-Seq), other

2014). Although sequencing depth and coverage are often used in-

methods for WGBS are also available. These include techniques such

terchangeably, the sequencing depth differs from the CpG site cov-

as “post-bisulfite adaptor tagging” (PBAT; Miura et al., 2012) and

erage, which is defined as the number of unique sequencing reads

tagmentation-based whole-genome bisulfite sequencing (T-WGBS;

that cover a certain CpG site. Ziller et al. (2015) provide data-driven

Wang et al., 2013). PBAT is an amplification-free method, which

guidance on the trade-off between the number of biological repli-

has shown low degradation bias, insignificant CG-context cover-

cates and sequencing depth per replicate for high-quality WGBS

age bias and better matched methylation levels measured by liquid

data sets when a region-based analysis is performed for a between-

chromatography-t andem mass spectrometry (LC-MS) (Olova et al.,

group comparison; they recommend an average sequencing depth

2018). T-WGBS uses Tn5 transposome and bisulfite conversion to

of at least 5–15× per sample depending on the magnitude of DNA

study 5mC and is especially suited when starting material is limited

methylation differences between groups and the strategy used for

(Wang et al., 2013; Weichenhan et al., 2019).

identifying regions (smoothing or single CpG site). At 15× depth the

Most current studies on ecological or evolutionary questions

fraction of true positives discovered is expected to range up to 70%,

require sample sizes that by far exceed the sample sizes used (Lea

while the fraction of false negatives stays below 30%, although using

et al., 2017), highlighting the need for approaches that target a re-

replicates of each sample (i.e., acquiring a depth of 30×) is generally

duced and biased representation of the genome. RRBS (Gu et al.,

preferred. Ziller et al. (2015) also emphasize that, in terms of power,

2011; Meissner et al., 2008), like other reduced representation ap-

additional resources would be better spent on increasing the number

proaches, makes use of restriction enzymes that nonrandomly cut

of replicates rather than sequencing depth. Recently, a tool has been

the DNA at or close to the recognition sequence of the chosen re-

developed,

striction enzyme(s). There is a huge variety in restriction enzymes

studies taking in to account read-depth and coverage filtering (Seiler

poweredbiseq,

that helps to predict the power of specific

with different properties concerning, for example, the enzyme

Vellame et al., 2021). This is specifically relevant when trying to as-

cofactor requirements and the nature of their target sequence

sess small effects, when read depth might be limiting, although there

(Williams, 2003). Depending on the recognition sequence and the

is still much debate across research fields whether such small effects

frequency of this motif within the genomic sequence, restriction en-

are meaningful or not (Breton et al., 2017).

zymes also differ in how frequently they cut genomic DNA. For ex-

In RRBS, enzymes with different properties and recognition sites

ample, the restriction enzyme MspI cuts DNA in CG-rich areas often

might be combined to optimize the number and coverage of CpG

in coding regions and, in this way, RRBS requires a reduced number

sites (or the representation of any other targeted subset of the ge-

of reads to obtain a modest coverage of a reproducible fraction of

nome) and the average sequencing depth. The choice of enzymes

genome-wide CpG sites. These sites are often enriched for promo-

can be tested in silico to optimize the RRBS approach for specific

tor regions in vertebrate systems, where CpG methylation is known

experiments (Fu et al., 2016; Martin-Herranz et al., 2017). The num-

to affect gene expression (see, Laine et al., 2016). This makes RRBS

ber and coverage of CpG sites and the average sequencing depth not

more cost effective than WGBS and also avoids conducting analyses

only depend on the choice of restriction enzymes, but also on the

on hundreds of thousands of CpG sites that are expected to have

number of fragments and the selection of fragment lengths in com-

no functional significance (Sun et al., 2015). Certain studies such as

bination with the chosen restriction enzymes (Fu et al., 2016). Size

when DNA methylation is studied in other contexts than genes only,

selection is an important part of the RRBS protocol as it prohibits the

however, might require an unbiased representation of DNA methyl-

sequencing of long and uninformative sequences (e.g., sequences

ation at the individual CpG site level across the whole genome, for

that do not contain CpG sites) and can be performed via cutting the

which WGBS is needed. Furthermore, when looking at differentially

desired fragment length range from a gel (Meissner et al., 2008) or

methylated regions over sites, more caution is needed in RRBS (see

via the use of beads (Boyle et al., 2012).

section 4.2.3).

2.3.2 | Sequencing depth

2.3.3 | Paired-end or single-end?
In both WGBS and RRBS, libraries can be sequenced on single-or

For large-scale projects, there is a trade-off between the number of

paired-end mode (Figure 1). In general, paired-end sequencing offers

biological replicates and sequencing depth per replicate when fund-

the potential to better map repeat regions (Grehl et al., 2018) and

ing is limited. Since both factors are important for statistical power,

was reported to reduce error rates and enhance sensitivity (Tsuji &

we need a large sample size to detect small effect sizes and (depend-

Weng, 2016). Particularly in RRBS approaches where fragment sizes

ing on the sequencing method) a high sequencing depth per replicate

are small, it is important to consider the read length relative to the

to cover CpG sites at sufficient coverage. In general, the sequencing

fragment size to avoid overlap of read-pairs (e.g., when overlap is

depth of a replicate refers to the total number of sequencing reads

not removed, a position is covered by the same read-pair twice and

per replicate. Often, the average sequencing depth is used, defined

counted twice, which results in bias). Yet, in cases where the interest

as the product of read length (L) and the number of sequencing reads

is in assessing strand-specific DNA methylation levels, such as when
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studying genomic imprinting (Patiño-Parrado et al., 2017), a paired-

(see below for trimming). The third issue is restricted to RRBS data.

end approach is indispensable.

In RRBS, the fragments are end-repaired after digestion to allow
adapter ligation. This introduces either an unmethylated or a methylated cytosine on the 3′ end or both ends of the DNA fragments

2.3.4 | Choice of library type

(Bock, 2012). Usually, unmethylated cytosines are introduced. If the
fragment size is smaller than the read length and the sequencing

For a comprehensive and systematic evaluation of library prepa-

process includes the inserted cytosine position, this will introduce a

ration methods and sequencing platforms for high-
throughput

biased DNA methylation estimation at the read ends. Therefore, it is

BSseq we refer the reader to Olova et al. (2018) and Zhou et al.

important to check for the presence of such a bias and, if necessary,

(2019). One important aspect of bisulfite libraries is directionality

to trim the introduced cytosine position off by removing at least two

(Figure 1). Directional libraries, in which only the original top and

bases. QC will reveal a nucleotide content bias, but a biased DNA

bottom strands are sequenced in single-end mode (complementary

methylation estimation will only be visible after methylation calling

strands are also covered in paired-end mode), constitute the most

(see section 3.3).

common library type. In nondirectional libraries also the strands

fastqc

(Andrews, 2010) can be used to check for quality of the

complementary to original top and bottom strands are sequenced in

reads and adapter content and

addition to the original top and bottom strands in single-end mode

2018) in bisulfite mode to detect possible contaminations. The

(Tsuji & Weng, 2016). This means that for nondirectional libraries,

report files can be summarized using

fastq

screen (Wingett & Andrews,
multiqc

(Ewels et al., 2016)

alignments to all four strands are required, which can increase pro-

(Figure 2). Please be aware that bisulfite treatment affects the re-

cessing time and the computational resources needed compared to

sults of GC and per-base sequence graphs in fastqc due to the treat-

alignments performed with directional data.

ment converting most of the cytosines to thymines. After alignment

In theory, directional data can be used to prevent the misidentification of C/T substitutions as unmethylated cytosines. Directional

(see section 3.2), there are tools available for more in-depth inspection of the quality of bisulfite data, such as bseqc (Lin et al., 2013).

library protocols are strand-
specific, which means that guanines
on the strand opposing a cytosine are not affected by the bisulfite
conversion (Krueger et al., 2012). Consequently, reads of a cytosine

3.1.1 | Estimating bisulfite conversion efficiency

position that map to the cytosine-strand can be used to quantify the
methylation level of that cytosine position, but yield no information

The DNA methylation analysis quality of BSseq-based studies re-

on a potential C/T substitution, while reads that map to the guanine-

lies on the efficiency of the bisulfite treatment. Two types of errors

strand do not yield information of the methylation status of that cy-

can arise when aiming at converting unmethylated Cs. First, over-

tosine position but can be used to identify the C/T substitution (Liu

conversion occurs when methylated Cs are inappropriately con-

et al., 2012).

verted to uracils. This occurs predominantly when the conversion of
unmethylated cytosines is almost complete (Genereux et al., 2008),

3 | B I S U LFITE S EQU E N C I N G
B I O I N FO R M ATI C S
3.1 | Quality control (QC)

but it is also affected by a range of factors, such as DNA quality and
quantity and bisulfite conversion settings (Olova et al., 2018). Over-
conversion rates are difficult to measure (Liu et al., 2012), but are
typically far below 1% (Genereux et al., 2008). Second, if conversion
of unmethylated Cs fails, DNA methylation will be overestimated.
Hence, we highly recommend calculation of the bisulfite conversion

QC is an essential step in the analysis to ensure that the data are of

rate.

sufficient quality and to determine sample-specific biases. There are

In general, two different approaches can be distinguished to esti-

three technical biases that should be checked for when evaluating

mate the number of unconverted cytosines based on the analysis of

the QC reports. Some quality issues are the result of technical biases

(i) native methylation patterns or spike-in controls or (ii) non-native

that are general in next-generation sequencing data. The first one

spike-in controls. For vertebrates it is often assumed that Cs out-

is sequencing into the 3′-end adapter which occurs when the frag-

side a CpG context remain always unmethylated (Reik et al., 2003).

ment size is smaller than the read length and the sequencing read

So, the conversion rate of a sequence can be calculated as the ratio

continues into the adapter sequence of the opposite fragment end

between the number of correctly converted Cs outside a CpG con-

(Krueger et al., 2012). As a result, short read sequences will consist

text divided by the sum of converted and unconverted Cs outside

of adapter sequence at the 3′ end, which will negatively affect the

a CpG context as done by, for example the

mapping efficiency of the data. The second general issue is a de-

2005). However, this assumption is not true as mentioned above in

crease in sequencing quality towards the 3′ end due to accumulation

section 2.2. Alternatively, a native spike-in approach was developed

of sequencing errors. As these errors can affect mapping efficiency

for vertebrates that uses telomeric sequences, in which “TTAGGG”

and DNA methylation calling accuracy, it is important to pay atten-

is repeated ~3000 times. Its complementary DNA strand contains

tion to the quality scores of the reads and nucleotides during QC

“CCCTAA” repeats, which have three non-CpG sites (one CpT and

biq analyzer

(Bock et al.,

8
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F I G U R E 2 The BSseq DNA methylation analysis workflow. Blue boxes indicate main steps, light blue boxes indicate examples of
programs for each main step, dotted lines refer to the parts where the main step is discussed and related points that require attention. In
general, the first part of the analysis of BSseq sequencing data consists of the following steps: quality control (QC), read trimming, second
QC, read mapping, methylation calling, M-bias plotting

two CpC sites) for each repeat. These non-CpG sites are used in bcre-

deduplication should be applied. In WGBS, deduplication can be

to calculate the bisulfite conversion rate in WGBS studies (Zhou

performed before or after alignment and it can be done during trim-

et al., 2020). Aligners bs-seeker and bs-seeker2 also use native methyl-

ming (Figure 2), with programs such as prinseq (Schmieder & Edwards,

ation patterns to analyse bisulfite conversion, but their approach is

2011) and

based on the existence of two different distribution groups of reads

moved after alignment in WGBS using

with unconverted cytosine sites: reads with sporadically distributed

sambamba

sites and reads with densely distributed sites, from which the dense

in bismark (Krueger & Andrews, 2011).

val

fastuniq

(Xu et al., 2012). PCR duplicates can also be repicard

(Picard Toolkit, 2019),

(Tarasov et al., 2015) or the deduplicate_bismark command

group is more common (Chen et al., 2010; Guo et al., 2013). Densely

In comparison, RRBS data duplication levels are usually higher

unconverted non-CpG sites can be identified and removed or used

(70–90%) due to nonrandom fragmentation of the genome. In RRBS

to calculate the bisulfite conversion rate.

data it is hard to differentiate between PCR and biological dupli-

In the second group of bisulfite conversion rate estimations, non-

cates (i.e., overlapping reads) because, as a consequence of the re-

native DNA with known methylation state is added and sequenced

striction enzyme cut site, the 5′ end of reads always have the same

to calculate either incomplete-or over-conversion. The disadvan-

coordinates. Therefore, it is not recommended to use deduplication

tage of this approach is that such controls might show different con-

with RRBS data. PCR duplicates in RRBS data can be removed using

version properties compared to the DNA that is analysed (Krueger

barcodes or unique molecular identifiers (UMIs), with for example

et al., 2012). Instead of non-native DNA, single unmethylated cyto-

the --barcode option in bismark or umibam (Krueger, 2020). The most

sines can also be used. These nucleotides can naturally be part of re-

commonly used method to account for PCR bias in RRBS is to re-

striction enzyme overhangs or added to the sequencing adapters at

move CpG sites that have an extremely high coverage via so-called

known positions as done in epigbs (van Gurp et al., 2016) and epigbs2

percentile filtering, where typically those sites that fall within the

(Gawehns et al., 2022). In contrast, when methylated cytosines are

0.01 highest percentile of coverage are filtered out with, for exam-

spiked-in, over-conversion rates can be calculated.

ple, the filterByCoverage command in

methylkit

(Akalin et al., 2012)

(see section 4.). It is good to note that in restriction-site associated
DNA sequencing (RADseq) paired-end sequencing can be used for

3.1.2 | Trimming

PCR-duplicate removal (Rochette et al., 2019) and this could be explored more for other BSseq methods such as RRBS as well.

To improve the mapping efficiency, reads should be trimmed for quality (e.g., PHRED score <20) and adapter sequence and short reads
(e.g., <20 bp) should be removed. Common trimming programs are
trimmomatic

(Bolger et al., 2014) and

cutadapt

(Martin, 2011), which

can be used as a standalone program, but also within

trim galore

(“Babraham Bioinformatics -Trim Galore!”); a wrapper tool around

Once the reads are of satisfactory quality, they can be aligned to a
reference genome (Figure 2). The bisulfite treatment has converted

(Figure 2). Trimming programs or wrapper tools

unmethylated cytosines to uracils (becoming thymines during ampli-

can offer options to remove the cytosine that was introduced during

fication) and has left methylated cytosines unchanged. Therefore, to

end-repair as well, such as the --rrbs option in trim galore. During the

account for the C/T conversion, reads are either aligned in a three-

trimming steps, it is important to know the data well, because a non-

letter space or a wild-card algorithm (Lee et al., 2015). In the case

directional mode and paired-end-specific options are often offered.

of three-letter type mappers, all Cs in the reads and reference ge-

cutadapt

and

3.2 | Alignment

fastqc

nome are converted to Ts and therefore the alignment focuses on
the three letters A, G and T. A second index is created by converting

3.1.3 | Deduplication

Gs to As, which allows the complementary reads to be aligned. In
the case of wild-card type mappers (also called four-letter aligners),

High duplication levels of reads might indicate the presence of PCR

all Cs of the reference genome are converted to the wild-card letter

duplicates, which can arise by excessive PCR amplification. Such

Y, to which the Cs and Ts in the reads align or the alignment scor-

PCR duplicates result in a high number of methylation calls and more

ing matrix is modified to allow for mismatches between Cs in the

power to detect statistically significant changes in DNA methylation.

reference genome and Ts in the reads (Bock, 2012). There are many

However, as the power is artificially inflated for some but not for

alignment programs available of which most have been extensively

all reads, a large number of false positives might be picked up and

reviewed (Nunn et al., 2021; Shafi et al., 2017; Sun et al., 2018). The

PCR duplicates should be avoided. In WGBS data, duplication lev-

most commonly used alignment tool, especially for paired-end data,

els above 20–30% indicate a high presence of PCR duplicates and

is bismark (Krueger & Andrews, 2011), which uses bowtie2 (Langmead
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& Salzberg, 2012) to align the reads in a three-letter space. Other

to merge reads on both strands of a CpG dinucleotide with the com-

commonly used programs are

mand destrand=TRUE. This will provide higher coverage for each

(Marco-Sola et al., 2012) and

bs-seeker2

bsmap

(Guo et al., 2013),

gem3

(Xi & Li, 2009). The choice of

site. However,

methylkit

advises this for CpG methylation only. We

alignment tool might depend on the study species and the quality of

recommend combining the read counts from both strands (Schultz

its reference genome (Nunn et al., 2021), and thus we recommend

et al., 2012) as DNA methylation between strands should be highly

testing several tools before deciding on the final pipeline especially

correlated in CpG sites in vertebrates (Sharif & Koseki, 2018).

if BSseq studies have not been conducted before on the studied
species.

Both sequencing and base-calling errors, which are common and
well characterized in high-throughput sequencing data sets in gen-

Regardless of the aligner, it is important to differentiate between

eral (Taub et al., 2010) and in BSseq (Hansen et al., 2012), can af-

RRBS and WGBS and to know the directionality of the library. In

fect downstream results. To overcome these issues, a method called

addition, it is important to know whether the sequencing data are

methylation bias or M-bias plotting has been developed (Hansen

single-or paired-end to ensure that possible overlap between R1

et al., 2012). This allows inspecting the DNA methylation propor-

and R2 will be removed (e.g., by using the --no_overlap flag in bismark

tion across each possible position in the read, to help in deciding if

methylation calling). Furthermore, data can be aligned in local or

the data need further read trimming. Methylation levels should not

end-to-end (or global) mode. In the case of end-to-end alignment, all

depend on read position, and hence these plots should show a flat

read characters will be included during the alignment. Hence, it is im-

horizontal line. However, sometimes increased or decreased DNA

portant to adapter-and/or quality-trim the reads before alignment in

methylation is observed at the start or the end of the reads. These

the case of end-to-end alignment. In the case of local alignment, only

parts of the reads should then be trimmed. This M-bias method has

part of a read has to align and the ends of the read are soft-clipped

been implemented in bismark and the trimming step can be added to

if they do not align to the reference genome well. This increases the

the methylation calling command.

total number of aligned reads, but lowers the accuracy compared

Lastly, single nucleotide variants, insertions and deletions can

to end-to-end alignment as reads may be incorrectly trimmed and

cause bias in methylation calling (Wulfridge et al., 2019). If samples

mistakenly aligned to mainly repetitive regions (Krueger, 2016).

have “CG-to-TG” single nucleotide polymorphisms (SNPs) compared

Therefore, only end-to-end alignment is recommended for WGBS

to the reference genome, this would be called as an unmethylated

and RRBS data.

CpG dinucleotide in “TG” samples, which would lead to underestimation of DNA methylation levels. Given that almost 80% of SNPs
at CpG sites are “CG-to-TG” SNPs (Tomso & Bell, 2003), this con-

3.3 | DNA methylation calling

stitutes an important error source for methylation calling that can
greatly bias the data. This bias can be corrected by providing a list

After alignment the DNA methylation levels are called from the

of known SNP genotypes when calling methylation (Krueger et al.,

obtained alignment files. Often methylation calling is part of the

2012; Liu et al., 2012) that will be excluded from further analysis.

alignment tool such as in bismark and bs-seeker2 (Figure 2). There are

Alternatively, personal genomes for each sample can be generated,

also separate calling programs such as cgmaptools (Guo et al., 2018),

although this is often not feasible in nonmodel systems (Wulfridge

which is made especially for bs-seeker2 alignments, and which is not

et al., 2019). Simultaneous whole genome and BSseq can also pro-

recommended for, for example, bismark alignments. Although efforts

vide good individual SNP information, which can be used in the sub-

have been made in unifying file formats such as having SAM/BAM

sequent analyses (see more about SNP calling in BSseq in Lindner

for alignment format, different tools might make subtle changes in-

et al., 2022).

side these formats, such as adding more information in the header
of SAM files, making the output file not compatible for downstream
programs. Trying to integrate results from several tools can be
time consuming because of extra efforts in unifying data format
potentially creating errors. Thus, we recommend staying in one,

4
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4.1 | Quality requirements

well-documented analysis pipeline to do both the alignment and
methylation calling, rather than combining different tools from dif-

Once the methylation status of CpGs has been called, the de-

ferent pipelines.

rived methylation levels can be used for subsequent downstream

In general, methylation calls count how many reads are cover-

analyses. Several assumptions are made that need to be taken into

ing every single C, both methylated and unmethylated, after which

account before drawing conclusions from the results. First, we as-

these Cs are written to an output, based on context (CpG, CHG and

sume we are able to call DNA methylation without error variance,

CHH). Sometimes, both Cs of each strand at a specific CpG site (CpG

and therefore measure the actual DNA methylation level of the

dinucleotide) are covered and reported, as BSseq is strand-specific.

site. Although the calling of methylation seems very straightfor-

These can be treated individually in downstream analyses or com-

ward with absolute precision, when assessing methylation levels

bined to one site, depending on whether DNA methylation is as-

of CpG sites error variance may arise from various causes. For ex-

sumed to be strand-specific. For example, in

ample, during bisulfite conversion, not all nonmethylated cytosines

methylkit

it is possible
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will be converted and bisulfite will not only target nonmethylated

starting site (TSS), has much lower DNA methylation levels com-

cytosines. In general, the conversion success is high and will ide-

pared to the rest of the genome. Hence, it is unclear whether we

ally range between 98% and 100%, depending on the used library

can take methylation calls of individual CpG sites as independent

kit and tissue (Holmes et al., 2014). Conversion efficiency, how re-

measures. This has consequences, because we might ascribe more

liably unmethylated cytosines are converted to uracils, may also

value to a series of significant sites within one gene than to a single

be correlated to the conversion specificity, whether bisulfite con-

isolated site. On the other hand, taking a more regional approach,

version only targets cytosines and not also other nucleotides. If

such as when condensing several CpG sites into regions to assess

these are indeed correlated, under optimal bisulfite conversion

if these regions are differentially methylated (DMRs), assumes that

circumstances, the number of thymines that are falsely converted

a possible functional change, such as gene expression changes, are

increases (Holmes et al., 2014), but that typically does not exceed

due to regional changes, rather than single sites. These two types

1%. Another reason for error variance in methylation call rates is

of analyses (see below) should therefore be seen as complemen-

the occurrence of sequence errors. Sequence errors not only af-

tary and dependent on the a priori expectations at which level

fect the mappability of the bisulfite converted reads, because with

functional changes are expected.

high error rates mapping percentages will go down irrespective of
the already lower mapping success due to bisulfite conversion (see
Box 1 for more information about bisulfite conversion drawbacks).

4.2 | Differential DNA methylation analyses

They also affect the accuracy at which methylation is called (Otto
et al., 2012). The last source of variation has to do with the loca-

Differential DNA methylation can be analysed per CpG site (differ-

tion and characteristics of the CpG site itself. In cases when DNA

entially methylated site/cytosine, DMS/DMC) or by combining the

methylation rates are moderate and when they are situated on CG-

sites into regions (DMRs) and there are several analysis packages

island shores and in exons, more errors seem to occur than when

available to study DNA methylation differences between groups,

DNA methylation rates are high and when the CpGs are situated in

such as

other genomic contexts (Sun et al., 2018). This induces biased error

views that provide information on the pros and cons of the different

rates across the genome.

packages and tools that can be used to study differential DNA meth-

methylkit

and

dss

(Feng et al., 2014). There are several re-

Second, also the coverage of a CpG site affects the accuracy at

ylation and other alternatives such as Markov-chain approaches

which methylation is called (see also section 2.3.2). At 10× cover-

(Carmona et al., 2017; Chatterjee et al., 2012; Zhang et al., 2018)

age, a typical coverage used in ecological studies, the methylation

or approaches that aim to minimize coverage issues by assessing

level of a site for a specific individual can only be assessed at a

DNA methylation at a regional level. For example, smoothing based-

10% accuracy if methylation calls are 100% accurate. However, it

approaches such as

bssmooth

(Hansen et al., 2012) for WGBS and

(Hebestreit et al., 2013) for RRBS produce region-wide meth-

is often unknown what percentage of change is needed to affect

biseq

gene expression on an organismal level and in some this might be

ylation values taking into account both the coverage and location of

lower than 10%. For example, in great tits (Parus major), genetic

individual CpG sites. We do, however, recommend that when data

variation in DNA methylation between two lines selected for op-

sets include structure, such as related or repeated samples, building

posite levels of exploratory behaviour showed differences in CpG

mixed models in R (R Core Team, 2020) provides the user with the

methylation in the promoter region only, as opposed to gene body

highest flexibility and control.

methylation. These differences, assessed by pyrosequencing,
were between 3% and 10% (Verhulst et al., 2016), and are probably not picked up with genome-wide methods with lower accuracy

4.2.1 | Filtering

and low sample sizes such as in a study on the same lines by van
Oers et al. (2020). At the population level, this issue may be partly

After methylation calling and before any statistical analyses it is

solved by increasing the number of samples to assess differences

often needed to do some filtering based on coverage levels and DNA

between two or more groups in order to be able to sequence at

methylation percentage. If the samples are suffering, for example,

lower depths. This is also the case when methylation levels are

from high levels of PCR bias, it is important to discard bases with

required not at the CpG level, but when average DNA methylation

very high read coverage as these would create bias in the statisti-

is calculated over larger fractions of the genome, such as at the

cal analyses (often called percentile filtering). Additionally discard-

chromosome level (Crary-D ooley et al., 2017).

ing bases with low read coverage (<10×) will help with the power

A third assumption when analysing DNA methylation levels

of the statistical tests. For example,

methylkit

provides descriptive

is that the methylation calls for each CpG site are independent

statistics and easy filtering options for the methylation data sets.

measures. However, there is a clear structure in DNA methylation

Typically, 0.1% of the sites with the highest coverage are omitted

levels across the genome. In vertebrates, DNA methylation lev-

from the data set. Moreover, many sites show no variation in DNA

els in intergenic regions are higher compared to levels within and

methylation and are either completely methylated or unmethylated

around genes (see, Laine et al., 2016). Furthermore, the promoter

in all cells of all individuals. These sites should also be omitted from

region, but especially the region directly flanking the transcription

further analyses.
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4.2.2 | Structure of the data

distance between CpG sites and the length of regions (Feng et al.,
2014). Machine learning can be also used in defining DMRs which

More and more evidence is accumulating that most of the observed

was implemented successfully in the Histogram Of MEthylation

variation in DNA methylation has a genetic origin and relatives will

(home) method (Srivastava et al., 2019). Some algorithms such as

therefore be more similar to each other compared to unrelated in-

BSmooth/bsseq conduct a smoothing step before defining DMRs,

dividuals (see section 2.2). Before starting to decide on an analy-

which smooth out outlier CpGs and utilize CpGs with a low coverage

sis method, any structure in the individuals used can be explored

(Hansen et al., 2012; Shafi et al., 2017).

using PCA plots, provided by

as well. Subsequently one

The danger with all these methods is that comparing the different

can decide to omit individuals with unusual similarity when analyses

DMRs defined by different methods could often lead to very differ-

assume dependence of the samples. Alternatively, one can include

ent DNA methylation values even when using the same WGBS data.

pedigree information using

(Lea et al., 2015) or by creating

To overcome this an R package called DMRcaller has been developed

generalized linear mixed models in R (R Core Team, 2020). In the lat-

which implements several methods to detect DMRs between two

ter, random effects, such as relatedness, can be included to correct

samples (Catoni et al., 2018). It has been shown that different algo-

for structure or experimental design. On some occasions it might be

rithms are required to compute DMRs and the most appropriate al-

necessary to omit outliers, when single individuals show a very dif-

gorithm in each case depends on the sequence context and levels

ferent methylation structure compared to the rest of the individuals,

of DNA methylation. Creating DMRs should therefore be done only

which might be due to lower read counts for those individuals, or a

with specific information about the functionality of the DMRs that

lower quality in general.

are created.

4.2.3 | Differentially methylated sites vs. regions

4.2.4 | Significance thresholds

A way of correcting for the dependence of methylation levels be-

In general, under an appropriate null model, one expects the p-

tween neighbouring sites is to use DMRs instead of single CpG sites

value distribution to be approximately uniform, whereas significant

as the unit for analysis. Differences between individual sites may be

effects would show up as an excess of low p-values (see, Barton

methylkit

macau

small, but if they are constant across larger regions, the statistical

et al., 2013). Deviations from these predictions, such as U-shaped

power to detect them may be greater when combining them in re-

p-value distributions, point to issues with model assumptions or

gions. However, defining these regions can be challenging, because

with the raw data and should be investigated (see, Mäkinen et al.,

the methylome of vertebrates has a specific structure and DNA

2021). Since most ecological studies will not include functional

methylation is not evenly distributed along the methylome (Bird,

validation steps, analysis strategies will only detect candidates and

2002). Therefore, also the sequencing method used needs to be

not causal mechanisms. An important distinction should therefore

taken into account. Especially when using RRBS methods, defining

be made between studies that have an exploratory nature or when

a region needs to be done carefully because not the whole genome

specific hypotheses are experimentally tested, especially in how

is represented and the use of restriction enzymes will generate bi-

rigid they take the correction for multiple testing (see, Mansell

ases towards certain features of the genome, such as CpG islands

et al., 2019). In studies with an exploratory nature, significance

(Meissner et al., 2008).

thresholds can be relaxed by using false discovery rates (FDRs;

There are two methods for determining DMRs: the use of pre-

Verhoeven et al., 2005), in order to include more true positive re-

defined regions or the definition of regions of differential meth-

sults and to avoid any false negatives. The FDR identifies those

ylation (DM) (Robinson et al., 2014; Schultz et al., 2012; Shafi

sites that most likely meet the chosen criteria, but also assumes

et al., 2017; Srivastava et al., 2019). In the first method, methyla-

a uniform distribution of p-values in the differential methylation

tion variation of CpG sites that are situated in predefined regions

analysis, a criterium that often is not met. FDR methods are there-

or genome features, such as CpG islands, TSS regions, untranslated

fore not very suitable for comparing studies (Mansell et al., 2019),

regions (UTRs) and introns, can be condensed into DMR-specific

but an FDR approach will lead to lists of potential candidate loci

DNA methylation levels and used for statistical testing. For exam-

that should be verified in subsequent studies. When studies aim

ple, in methylkit it is possible to do regional analyses when providing

at testing hypotheses through experiments, a more stringent test-

the predefined regions or by conducting a tiling window analysis,

ing strategy should be used, such as Bonferroni corrections for the

where

summarizes DNA methylation information inside

number of CpG sites used in the analysis, to avoid false positives.

user-specified windows of set length. In the second method, when

Bonferroni corrections are very conservative and will probably

defining DM regions from the data set, several ways have been de-

cause some true differentially methylated sites to be undetected.

scribed to do this (Robinson et al., 2014; Shafi et al., 2017; Sun et al.,

This effect is often even exaggerated, as not all CpGs tested are

2015). For example, in the package

truly unrelated, since multiple sites can be affected by single fac-

methylkit

dss,

regions are defined using

a combination of p-value thresholds, the number of CpG sites and

tors (see, Chen & Riggs, 2005).
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4.3 | Validation of the results

4.3.2 | Graphical validation of the results

4.3.1 | Overdispersion

An essential step to check whether deduplication has sufficiently
removed any bias is plotting the coverage of the sites against their

There are different ways in which DNA methylation can be mod-

significance value to evaluate whether a coverage-dependent signifi-

elled. Since the output of BSseq provides us with the number of

cance is present in coverage plots and QQ plots (Figure 3). The power

methylated and unmethylated Cs at a CpG site, one can investigate

to assess differential methylation at the level of individual CpG sites

whether a site is methylated or not. For example, in plant studies

relies on the coverage of each of these sites. Results should therefore

it is common practice first to do a binomial test, while taking into

not be biased towards sites with higher coverage (Shafi et al., 2017),

account the nonconversion rate (see, Takuno & Gaut, 2012). If sig-

since smaller differences will be assessed as being significant when

nificant methylation is present at a site, one could convert this to a

the number of reads covering a certain site is higher. Therefore, we

percentage by taking the fraction of methylated Cs. We do, how-

also urge authors to provide these steps in their papers.

ever, strongly advise taking into account the accuracy at which this

These considerations urge for a rigorous QC, not only of the raw

methylation percentage is calculated. To do so, read depth should

data (see above), but also regarding the outcomes of our statistical

be taken into account when conducting statistical analyses. This is

models. A way to assess the quality of the analyses lies in present-

done by using the number of methylated Cs over the read depth as

ing both Manhattan and Volcano plots. Manhattan plots show the

the dependent variable in a binomial-t ype analysis. In general, ver-

location of the differentially methylated sites and may indicate the

tebrate studies use either a logistic regression-t ype approach or a

violation of any of the above-mentioned assumptions. A Volcano

beta-binomial approach, since these are embedded in most popular

plot, in which the difference in DNA methylation is plotted against

packages for analysing differential methylation. A factor that plays

the significance of the site, provides information on the order of the

an important role here is over-and underdispersion (Wreczycka

magnitude of the difference in DNA methylation between the sam-

et al., 2017). Due to the binary nature of bisulfite data in combi-

ples or groups in relation to its significance. To indicate the extent

nation with varying coverages for each CpG site, the observed

to which false conclusions could be drawn from a DNA methylation

variances often deviate from those calculated by the models. Some

study, Figure 4 shows the Manhattan and Volcano plots of the same

packages, such as methylkit, that use a logistic regression approach

WGBS data set from which we have already presented the coverage

have a function to correct for overdispersion. Other packages that

and QQ plot. Not only are the −log(p) values heavily inflated, but also

use a beta-binomial approach are less sensitive to overdispersion,

significance is given to sites that only vary very marginally (Figure 4).

such as

dss.

Nevertheless, it is advised to calculate an overdisper-

sion parameter (λ) for each analysis and if needed correct for overdispersion if this deviates greatly from 1. This can be done by using

5
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the residuals of the individual statistical models that are used for
calculating differential methylation by summing the residuals and

With this practical guide we point towards these best practices

dividing that by twice the number of fixed and random factors in

and give guidelines for conducting sound ecological end evolution-

the model. Sites that fall outside 95% of the posterior density inter-

ary epigenetic studies from the study idea until publication. Good

val of λ should be removed to correct for this overdispersion (van

experimental planning and good bioinformatics and biostatistics

Oers et al., 2020).

practices are essential for minimizing the many sources of error
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F I G U R E 3 Coverage visualizations
and QQ plots of a WGBS data set,
before (a, b) and after (c, d) coverage
filtering and overdispersion correction
(data from van Oers et al., 2020). Before
coverage filtering a clear association
exists between the coverage of a CpG site
and its significance level in a differential
methylation analysis. After filtering this
association disppears. (b, d) QQ plots
showing inflated significance values (b)
that disappear after filtering (d)
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F I G U R E 4 Differential methylation visualizations (a, c) and Manhattan plots (b, d) of a WGBS data set, before (a, b) and after (c, d)
coverage filtering and overdispersion correction (data from van Oers et al., 2020). Before coverage filtering significance values are inflated
(a, b). From the Manhattan plots it is apparent that these CpG sites with inflated significance values are not randomly distributed. These
results could therefore be falsely interpreted as DMS or DMR at specific sites on the genome. After filtering no association is significant
after Bonferroni correction (c, d)
associated with the use of BSseq in ecological studies. Apart from
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