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Abstract

DNA methylation represents a fundamental epigenetic mark that is
associated with transcriptional repression during development,
maintenance of homeostasis, and disease. In addition to
methylation-sensitive PCR and targeted deep-amplicon bisulfite
sequencing to measure DNA methylation at defined genomic loci,
numerous unsupervised techniques exist to quantify DNA
methylation on a genome-wide scale, including affinity enrichment
strategies and methods involving bisulfite conversion. Both affinity-
enriched and bisulfite-converted DNA can serve as input material
for array hybridization or sequencing using next-generation
technologies. In this practical guide to the measurement and
analysis of DNA methylation, the goal is to convey basic concepts
in DNA methylation biology and explore genome-scale bisulfite
sequencing as the current gold standard for assessment of DNA
methylation. Bisulfite conversion chemistry and library preparation
are discussed in addition to a bioinformatics approach to quality

Epigenetic phenomena are heritable changes

(4), occurs at cytosine residues that are

assessment, trimming, alignment, and methylation calling of
individual cytosine residues. Bisulfite-converted DNA presents
challenges for standard next-generation sequencing library
preparation protocols and data-processing pipelines, but these
challenges can be met with elegant solutions that leverage the power
of high-performance computing systems. Quantification of DNA
methylation, data visualization, statistical approaches to compare
DNA methylation between sample groups, and examples of
integrating DNA methylation data with other —omics data sets are
also discussed. The reader is encouraged to use this article as

a foundation to pursue advanced topics in DNA methylation
measurement and data analysis, particularly the application of
bioinformatics and computational biology principles to generate

a deeper understanding of mechanisms linking DNA methylation
to cellular function.
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Importantly, CpG residues tend to exhibit

in cellular phenotype that are not due to
mutations in DNA sequence (1, 2).
Mechanisms responsible for these
phenomena include noncoding RNA
species, covalent modifications of histone
proteins, and methylation of DNA cytosine
residues (3). In animals, DNA methylation

followed by a guanine residue on their 3’
flank, referred to as cytosine-phospho-
guanine (CpG) dinucleotides to distinguish
them from CG interstrand base pairing (5).
Approximately 4% of cytosines appear in
CpG context, and 60-80% of CpG cytosines
are methylated depending on the cell type

a highly nonuniform distribution,
clustering together in so-called CpG
islands, which are defined as >200-bp
regions (typically ~1 kb) with a GC
fraction greater than 0.5 and an observed-
to-expected CpG ratio greater than 0.6 (6).
These CpG islands localize near gene

predominantly, although not exclusively and physiologic or pathologic state. promoters and other gene-regulatory
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TRANSLATIONAL REVIEW

elements, and tend to be hypomethylated
(7) (Figures 1A-1D). In general, CpG
methylation is associated with
transcriptional repression, and the
association is causal in many, but not all,
contexts. Moreover, just as the distribution
of CpG dinucleotides tends toward
nonuniformity, their pattern of methylation
is also nonuniform, with methylated
residues clustering together in patterns that
can vary dramatically between cell types,
functional states, and disease conditions.

DNA methylation is a chemically stable
yet biologically dynamic mark (Figure 2A).
A family of DNA methyltransferases
(DNMTs) catalyzes the conversion of
cytosine to 5-methylcytosine (8).
Maintenance of DNA methylation during
cell division is a regulated process involving
the DNA methyltransferase Dnmtl and
its regulatory adapter protein Uhrfl,
among other molecules (9, 10). De novo
methylation occurs via Dnmt3a or Dnmt3b
activity. DNA demethylation can occur
passively during DNA replication or via
the catalytic activity of the ten-eleven
translocase (TET) family of dioxygenase
enzymes (11). Although it was once
considered to be a long-lasting epigenetic
mark because of its thermodynamic
stability, DNA methylation and
demethylation are in fact quite dynamic,
with rapid kinetics observed in multiple
biologic systems (12-14).

Numerous developmental, physiologic,
and pathologic processes exhibit specific
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DNA methylation patterns (15). These
processes include the development of
myriad cell types and tissues, the plasticity
of immune cell identity and function,

and malignancy. Because of the power
inherent in epigenetic control mechanisms,
researchers have developed sophisticated
tools to investigate DNA methylation

in both animal models and human
subjects. My goal here is to provide

a focused overview of technologies and
computational strategies to measure and
analyze DNA methylation, highlighting
bisulfite sequencing-based methods and
pipelines, and using some of my group’s
techniques and informatics procedures to
illustrate key concepts. This review is not
intended to be comprehensive, but rather to
serve as a practical guide to explore DNA
methylation measurement and data
analysis. Excellent reviews and guidelines
on next-generation sequencing have been
published recently (16-18). The reader is
encouraged to review these references for
a thorough background on next-generation
sequencing, control of batch effects, and
other issues relevant to the design and
analysis of sequencing-based studies.

Methods of Measuring DNA
Methylation

Numerous technologies permit

measurement of DNA methylation. Each
has its own advantages and disadvantages,

B

and these are reviewed in depth in Reference
19 and summarized in Table 1. Most
common methods involve a treatment
that distinguishes unmethylated from
methylated cytosines, followed by a step
that leverages this identification strategy to
generate a DNA methylation data set.
Although most of this review will focus on
methods that use a chemical strategy to
distinguish unmethylated from methylated
cytosines followed by next-generation
sequencing (bisulfite sequencing), it is
important to discuss other common
techniques, such as affinity enrichment
methods. Strategies that exploit methylation-
sensitive restriction endonucleases

coupled with array hybridization (e.g.,
comprehensive high-throughput arrays for
relative methylation [CHARM] [20]) and
next-generation sequencing [Methyl-seq]
[21]), as well as single-cell approaches (22)
and single-molecule nanopore sequencing
(23), may be of interest but are not reviewed
further here.

Affinity Enrichment Strategies
Common affinity enrichment strategies
include methyl-DNA immunoprecipitation
(MeDIP (24-26)) and methyl-CpG binding
domain protein (MBD [27, 28]) methods.
Figure 2B illustrates the basic steps involved
in these techniques. Both MeDIP- and
MBD-based methods have the advantage
of being low-cost and straightforward

for laboratories that are already skilled

in chromatin immunoprecipitation

????-’Q—-’_ ’—>: ? Methylated CpG

CpG island
at gene promoter

homeostasis, or
disease

#

Unmethylated
gene promoter

ol

? Unmethylated CpG

Activating transcription
factor or complex

Repressive transcription
factor or complex

—

CpG island
at gene promoter

Chromatin
loop

CpG-rich
enhancer

CpG island
at gene promoter

Figure 1. The landscape of DNA methylation. (A) Cytosine-phospho-guanine (CpG) islands often occur near gene promoter elements. Hypomethylated
CpG islands are associated with active gene transcription, facilitating the binding of activating transcription factors and complexes. In contrast, CpG
methylation in gene promoters is associated with transcriptional repression. Methylated CpGs recruit complexes containing methyl-CpG binding domain—
containing proteins and other factors that form multiprotein repressive complexes to silence transcription. (8) DNA methylation is a dynamic process, and
changes in CpG methylation that occur during development, homeostasis, or disease result in altered gene expression patterns. (C) Many enhancer
elements contain CpG residues and islands that facilitate chromatin looping and enhancer—promoter interactions to activate gene expression. (D) Dynamic
changes in CpG methylation can alter gene transcription by modifying the three-dimensional chromatin landscape to result in loss of activating

enhancer—promoter interactions.
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Figure 2. Biochemistry of DNA methylation and methods used to measure DNA methylation in the laboratory (see the data supplement for an expanded
figure legend). (A) DNMTs modify the 5-carbon of cytosines in CpG context, a reaction that can be passively reversed during DNA replication or under the
activity of a family of TET dioxygenase enzymes. (B) Methyl-DNA immunoprecipitation and MBD methods begin with fragmentation of genomic DNA,

followed by enrichment for methylated DNA using anti-5-methylcytosine antibodies or MBD-conjugated beads, respectively. Array hybridization or next-
generation sequencing then permits measurement of DNA methylation. (C) The chemical reactions involved in bisulfite treatment convert unmethylated
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sequencing (ChIP-seq) or related
techniques. The disadvantages include
relatively low resolution, susceptibility

to copy number variation bias, and

a bias toward observations of methylated
DNA compared with bisulfite-based
protocols (19).

Bisulfite-based Methods

Although bisulfite-based methods are more
labor and computation intensive than
other approaches, many consider them

to be the gold standard for measuring
DNA methylation because of their single-
nucleotide resolution, flexibility across
organisms and model systems, and very low
input requirements (we have successfully
performed bisulfite sequencing on

10-100 pg of genomic DNA). As detailed in
Figure 2C, treatment of genomic DNA with
sodium bisulfite transforms epigenetic
information into genetic information that
can then be assessed with the use of
strategies detailed below. The fundamental
result of the bisulfite conversion reaction
is rapid transformation of unmethylated
cytosine residues to uracil residues—

a reaction from which 5-methylcytosine
residues are thermodynamically protected
(29, 30). It is critical to achieve very high
cytosine-to-uracil conversion rates to
satisfy the assumptions of bisulfite-based
analysis discussed below; our conversion
rates are routinely greater than 99%, as
measured by the observed frequency of
unmethylated CpGs in an unmethylated
\-bacteriophage genome spiked into every
sample. Bisulfite-converted DNA is
fragmented because of the harsh chemical
treatment. It is also single stranded because
the supermajority of non-CpG cytosines are
unmethylated and thus are converted to
uracils, resulting in loss of CG interstrand
base pairing. Importantly, when these
bisulfite-converted fragments are subjected
to standard PCR amplification, thymines
replace uracils (Figure 2D), creating a DNA
sequence that can be compared with

a reference unconverted sequence to
determine whether individual cytosines

were methylated or not in the original
sample. The PCR amplification can be locus
specific, in which case the amplified
fragments are cloned and sequenced by
standard Sanger-based methods or
pyrosequencing, or subjected to targeted
deep-amplicon bisulfite sequencing.
Methylation-specific PCR assays can also
be designed to amplify only converted
(i.e., thymine-ated) sequences, thus
distinguishing methylated from unmethylated
genomic regions of interest. Along with
mass spectrometry-based methods such as
the EpiTYPER platform (31), these locus-
specific techniques can also be used to
validate findings obtained from genome-
wide methods.

Genome-scale interrogation of
methylation status at single-nucleotide
resolution can be performed via array
hybridization of bisulfite-converted DNA
using site-specific, bead-ligated probes that
distinguish methylated and unmethylated
loci based on their differential sequence after
bisulfite treatment. The most recent
iteration of the commonly used Illumina
Infinium methylation assay uses this
approach to measure methylation at up to
850,000 sites (32) and is popular for large-
scale human studies. Comprehensive
methylation profiling can be performed
with whole-genome bisulfite sequencing
(WGBS), which represents the current gold
standard for DNA methylation assessment
(33). In WGBS, strategies such as random
PCR priming are used to amplify DNA
without respect to any specific loci. Adapter
ligation and indexing (barcoding) can
occur before or after bisulfite conversion,
and these adapter-ligated fragments are
then sequenced using next-generation
technologies. After the data-processing
steps outlined below, a computer algorithm
assigns an unmethylated value to sequenced
thymines occurring at positions for which
the reference genome contains a cytosine.
Conversely, a methylated value is assigned
to sequenced cytosines occurring at
positions for which the reference genome
contains a cytosine. For some so-called

nondirectional protocols, including ours,
all four strands that result from bisulfite
treatment—the original top, original
bottom, complement to the original top,
and complement to the original bottom—
are sequenced and provide methylation
information (see Figure 2D). Thus, in
addition to detecting cytosine-to-thymine
conversions, sophisticated algorithms can
detect unmethylated residues by recording
guanine-to-adenine conversions (i.e., the
result of a cytosine-to-thymine conversion
on the complementary strand), as
illustrated in Figure 2D and discussed
below.

WGBS provides the most
comprehensive assessment of cytosine
methylation, although knowing the
methylation status of almost every genomic
cytosine in any context (not just CpG) is
unnecessary for most studies. Moreover, as
cytosines tend to display locally conserved
methylation status, it is also not typically
necessary to measure the methylation status
of every CpG because the methylation status
of nearby cytosines can be inferred.
Accordingly, our group and many others
perform reduced representation bisulfite
sequencing (RRBS), which implements an
initial unsupervised enrichment step for
CpG-rich regions of the genome (34-38).
Our modified RRBS (mRRBS) protocol
is illustrated in Figure 2E. Although
the technical details vary, most RRBS
procedures measure 10-20% of all genomic
CpGs (upwards of 2-4 million CpGs in
mice or humans) while sequencing only
1-2% of the total genome because of the
critical digestion and enrichment steps.
This approach produces cost savings
in terms of sequencing expenses and
enables multiplexing of multiple indexed
(barcoded) samples into a sequencing run
to limit batch effects. For comparison, the
NIH Roadmap Epigenomics Project’s
guidelines for WGBS (http://www.
roadmapepigenomics.org/protocol) suggest
a 30X depth at the whole-genome scale and
a minimum of 100-bp reads (>800-1,000
million aligned reads in total), whereas we

Figure 2. (Continued). cytosine residues to uracil residues while leaving 5-methylcytosine residues and other residues with 5-carbon modifications
unconverted, thus transforming epigenetic information into genetic information. (D) Schematic illustrating how standard PCR chemistry replaces uracils
with thymines (now complemented by adenines instead of guanines in the double helix) while cytosines are amplified as cytosines (complemented by
guanines in the double helix). (E) Our modified reduced representation bisulfite sequencing method, which is redrawn from Figure 3A in Reference 36.
5 hmC = 5-hydroxymethylcytosine; 5 mC = 5-methylcytosine; a-KG = a-ketoglutarate; BER = base excision repair; CTOB =complement to the original
bottom; CTOT = complement to the original top; DNMT = DNA methyltransferase; MBD = methyl-CpG binding domain protein; NaHSO3 = sodium bisulfite;
OB = original bottom; OT = original top; SAH = S-adenosylhomocysteine; SAM = S-adenosylmethionine; TDG = thymine DNA glycosylase; TET = ten-eleven

translocase.
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Table 1. Common Techniques Used to Measure DNA Methylation

Technique

Affinity enrichment based (e.g.,
MeDIP and MBD-based
methods)

Bisulfite conversion based (e.g.,
WGBS, RRBS, and Infinium)

Advantages

Low cost relative to bisulfite
sequencing.

Low input requirements (pg-ng
scale). Single-nucleotide
resolution. Can provide
non-CpG information.

Disadvantages

Low resolution relative to bisulfite
sequencing. Bias due to copy
number variation, GC content,
and CpG density. Higher input
requirements than bisulfite

Notes

Straightforward for laboratories
already facile with chromatin
immunoprecipitation,
sequencing chemistry, and
bioinformatics.

conversion-based methods.

Labor and computation intensive
compared with affinity
enrichment techniques.
Susceptible to bias from
incomplete bisulfite conversion
and bisulfite PCR artifacts.

Current gold standard. Requires
specialized chemistry and
computational platforms.
Oxidative bisulfite sequencing
permits identification of
5-hydroxymethylcytosine (see
text for alternatives).

Definition of abbreviations: CpG = cytosine-phospho-guanine; GC = guanine-cytosine; MBD = methyl-CpG binding domain protein; MeDIP = methyl-DNA
immunoprecipitation; RRBS = reduced representation bisulfite sequencing; WGBS = whole-genome bisulfite sequencing.

target ~50 million aligned reads per
mRRBS sample. Accordingly, we multiplex
four to six samples per run using single-end
75-bp reads on an Illumina NextSeq 500
instrument with a V2 High-Output Reagent
Kit (~400 million reads/sequencing run).
This flexibility allows the incorporation of
additional biological replicates, which
increases the statistical power of bisulfite
sequencing studies. Additional replicates
and increased sequencing depth improve
the detection rate of differentially
methylated loci for a given difference in
methylation, and implementation
guidelines can be found in Reference 39. It
is important to note that standard bisulfite-
based techniques cannot distinguish
5-methylcytosine from other 5-carbon
cytosine modifications, including
5-hydroxymethylation. Techniques such as
oxidative bisulfite sequencing (40), Tet-
assisted bisulfite sequencing (41), hydroxy-
MeDIP (which is similar to MeDIP but uses
anti-5-hydroxymethylcytosine antibodies)
(42), and selective 5-hydroxymethylcytosine
labeling techniques, such as a combined
glycosylation restriction analysis

(43, 44), are available to measure
5-hydroxymethylation but are beyond

the scope of this review.

Building a Bisulfite Sequencing
Data-Processing Pipeline

The goal of bioinformatics pipelines is

to provide reproducible processing of
sequencing data, generating the same

Translational Review

output for a given raw data set, pipeline
components, and input variables. Many
pipelines and pipeline components for
processing and analyzing DNA methylation
data have been published (45-49). In this
section, my objective is to illustrate the
general contours of a bisulfite-based
processing pipeline by reviewing the steps
we use to process our WGBS and mRRBS
data. Our pipeline, written for command
line, contains modules for demultiplexing,
quality assessment, trimming, alignment to
reference genomes, and finally methylation
extraction (also known as methylation
calling) (Figure 3A). Pipelines for
processing bisulfite sequencing data are
computation, memory, and storage-space
intensive; use of a high-performance
computing cluster or cloud-based
computing system is recommended.
Example commands from our pipeline are
included in the data supplement.

Demultiplexing

The standard output of Illumina sequencers
consists of base call (*.bcl) files. Particularly
when multiple uniquely indexed samples
are sequenced together, it is necessary to
create quality-annotated sequence files
(*.fastq files) for each sample. Unlike the
other steps of our pipeline, demultiplexing
bisulfite sequencing data requires no special
modifications to standard packages such
as Illumina’s BCL2FASTQ software
(https://support.illumina.com/sequencing/
sequencing_software/bcl2fastq-conversion-
software html). After running BCL2FASTQ,
it is useful to review the demultiplexing

quality statistics, including the relative
proportion of each indexed library to
ensure even representation of each library
in the pool.

Quality Assessment

We perform a multidimensional quality
assessment of *.fastq files both before

and after the trimming procedure
outlined below. Our pipeline uses

FastQC (https://www.bioinformatics.
babraham.ac.uk/projects/fastqc/) to
measure multiple aspects of *.fastq file
quality. It is valuable to review the total
number of reads obtained per sample;
again, we aim for a minimum of 50 million
aligned reads per sample for mRRBS.

The per-base sequence quality graph

is also useful to ensure good quality
(average quality score >28-30 across read
positions). The per-base sequence content
metric, which reports the relative frequency
of each DNA base across read positions,
will invariably fail because of the bisulfite
treatment, which disproportionately
increases thymines (and adenines in
nondirectional libraries) in comparison
with other bases. Although it is reported
as a failure, the observation of a
disproportionate frequency of bases across
read positions is a coarse indicator of the
success of bisulfite conversion. GC ratios
and content measurements are likewise
confounded by bisulfite treatment, and
sequence duplication levels are often
higher than expected in RRBS due to the
enrichment for CpG-rich portions of the
genome. Post-trimming FastQC reports are
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Figure 3. Outline and principles of bisulfite sequencing data-processing pipelines (see the data
supplement for an expanded figure legend and the text for details and abbreviations). (A) Our pipeline
begins with raw base call (*.bcl) files from lllumina sequencers. It then generates multiple intermediate files
and reports, and ends with output files for use in visualization and analysis procedures. (B) The Bismark
alignment procedure performs a series of in silico residue conversions to align bisulfite-converted sample
fragments to a reference genome. (C) The Bismark methylation extraction (calling) procedure. CHH =
cytosine followed by any two noncytosine bases; DSS = Dispersion Shrinkage for Sequencing.
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useful to determine the number of reads
that remain after trimming, ensure removal
of adapters, and verify that any variability
in per-base sequence content imparted by
random priming has been removed (see
below). Example pre- and post-trimming
FastQC reports are available in the data
supplement.

Trimming

Our pipeline uses Trim Galore!
(https://www.bioinformatics.babraham.
ac.uk/projects/trim_galore/), a wrapper
around Cutadapt (https://github.com/
marcelm/cutadapt/) and FastQC, which
has useful features for trimming *.fastq
files generated from bisulfite sequencing
experiments. For example, in contrast to
many other trimming packages, Trim
Galore! allows us to specify that our
mRRBS libraries are generated from
Mspl-digested fragments. After adapter
trimming, this option instructs the
software to remove another 2 bp from
the 3’ end to avoid an artifact introduced
during preparation of MspI-digested
libraries. We also specify the nondirectional
nature of our libraries (i.e., they must
include all four possible strands resulting
from bisulfite treatment and amplification,
not just the original top and original
bottom). In addition to standard adapter
trimming and trimming of low-quality
bases, we also trim bases from the 5’ end
of each read to remove the artifacts
added by random priming (note the
difference in the per-base sequence
content before and after trimming in the
example FastQC reports found in the
data supplement).

Alignment

The challenge with aligning bisulfite
sequencing reads comes from the fact that
every sequenced thymine could represent
either a genuine genomic thymine or

a bisulfite-converted cytosine. Likewise, on
the complementary strand, every adenine
could represent either a genuine genomic
adenine or the complement to a thymine
that resulted from bisulfite conversion

of an unmethylated cytosine. Therefore,
alignment and methylation extraction of
bisulfite sequencing data require not only
a standard reference genome but also an in
silico bisulfite-converted genome, including
both cytosine-to-thymine and guanine-to-
adenine versions to account for the original
and complementary strands, respectively
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(Figure 3B). We use the popular Bismark
package (50) for multiple steps of our
pipeline, including genome conversion,
which must be completed once before
alignment. We selected Bismark, which
uses the Bowtie 2 alignment algorithm (51),
as our standard aligner because of its
integrated features and relative resistance to
error across ranges of methylation levels
compared with other packages (52).

Our pipeline executes two alignment
scripts for each sample, creating aligned,
sorted, and indexed *.bam files: one for
alignment to the genome corresponding to
the experiment (usually mouse or human)
and one to the ~48-kb \-bacteriophage
genome added to every sample before
bisulfite conversion. The result is a Bismark
alignment report, which summarizes
numerous important parameters, including
the mapping rate, which is typically lower
in bisulfite sequencing than other
sequencing technologies due to the
complexities of alignment as discussed
above, and an estimate of the methylation
frequency in each possible cytosine context
(CpG, CHG, and CHH, where H is any
noncytosine base). The frequency of CpG
methylation in the N-bacteriophage
genome gives an estimate of the
bisulfite conversion efficiency, as the
\-bacteriophage genome is grown in
methylase-negative Escherichia coli, which
cannot methylate cytosines in CpG
context. Thus, for example, if the observed
CpG methylation frequency in the
\-bacteriophage is 0.2%, the cytosine-to-
thymine (bisulfite) conversion in the
sample is estimated to be 99.8% efficient.

Methylation Extraction

The final step in our processing pipeline also
uses Bismark to perform methylation
extraction. The principle is straightforward:
assign a methylated call when a cytosine is
observed at a position showing a cytosine
in the reference genome, and assign an
unmethylated call when a thymine is
observed at a position showing a cytosine in
the reference genome (Figure 3C). This
process is iterated across the genome,
generating a number of outputs, including
raw methylation call files for each cytosine
context and strand (CpG, CHG, and

CHH for the two original and two
complementary strands), *.bedgraph tracks
for visualization of methylation at each
position in standard genome browsers,

a methylation call report with associated

Translational Review

M-bias plots, and a methylation coverage
file. M-bias plots are useful to determine
whether any substantial bias exists in
methylation calls across reads (see example
in the data supplement). The methylation
coverage (*.cov) file is the most useful
format for analysis, as it lists the
methylation percentage in addition to

the total number of methylated and
unmethylated calls for each CpG positon.

Statistical Hypothesis Testing
for Differential DNA
Methylation

Quantification of CpG Methylation

A useful parameter known as {3 represents
the average methylation at unique cytosines
measured in the population of cells that
make up a sample (Figures 4A-4D).

If a cytosine residue is completely
unmethylated in the population, then B =0
(or 0%); if it is completely methylated, then
B =1 (or 100%). Fundamentally, in a single
cell on one allele, an individual cytosine

is either unmethylated or methylated,
prompting the question of how 3 can range
continuously from 0 to 1. There are at least
three explanations. First, 8 is calculated by
summing the methylated calls from the
methylation extraction procedure divided
by the total number of reads at that
position. For example, if three methylated
calls and one unmethylated call are
observed at a position covered by four
reads, then 3=0.75 (Figure 4E). Second,
incomplete bisulfite conversion will result
in intermediate B scores as an artifact of
uneven bisulfite conversion. Third, there
may be heterogeneity in methylation due to
mixtures of cell types or cell states within
the population used as a sample. If a sample
contains 50% cells that are methylated at
a certain cytosine position and 50% cells
that are unmethylated at that position, then
B will be 0.5 if all other variables are equal.
Flow-cytometric enrichment for cell types
of interest can reduce this heterogeneity,
although fixation protocols can degrade
DNA and increase the heterogeneity of
DNA methylation (53). It is important

to note that although it is the most

useful parameter to describe cytosine
methylation, 3 can demonstrate substantial
heteroscedasticity (i.e., unequal variability
across its range) and does not account for
read depth (i.e., observability) at a position
(54). A few approaches can mitigate the

observability issue, including filtering for
positions that have at least a minimal depth
(e.g., 3%, 5X, etc.) and using algorithms
that account for read depth when
comparing cytosines between samples.
Heteroscedasticity is a more complicated
issue that can be addressed by modeling
procedures to apply mathematical
transforms to 3. We use the bisulphite
feature methylation pipeline within

the SeqMonk package (https://www.
bioinformatics.babraham.ac.uk/projects/
seqmonk/) to perform raw quantification
of B scores from *.cov files generated in
the final step of our processing pipeline.
SeqMonk also serves as a genome

browser and contains helpful visualization,
data-handling, and statistical procedures
for bisulfite sequencing data. Our statistical
hypothesis-testing procedure using the
Dispersion Shrinkage for Sequencing (DSS)
R/Bioconductor package discussed below
also generates methylation values based
on a modeling approach (55-57).
Although it is computationally intensive,
we selected the DSS procedure because of
its ability to account for both technical
(coverage) and biological (methylation
level) variability in an algorithmic,
unsupervised manner that does not
require the setting of an arbitrary read
depth cutoff (36, 58). DSS also uses
mathematical transforms to limit the
heteroscedasticity inherent in raw 3
scores.

Comparing Methylation between
Samples

Once the raw or transformed [ scores are
calculated, statistical hypothesis testing can
be performed at single-CpG resolution

to identify CpGs that are differentially
methylated between groups of samples—
so-called differentially methylated cytosines
(DMC:s). The null hypothesis for these
tests is that there is no difference in

B between groups at a given position.
Many methods are available for statistical
hypothesis testing, and each has its

own strengths and weaknesses (58).

The most straightforward approach
involves Fisher’s exact test or the
chi-square test; however, these tests

do not take into account biological
variability or variability due to
sequencing depth, and demonstrate
skewing of P values toward lower-than-
expected values when tested against the
null condition. A different approach that
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Figure 4. Quantification of DNA methylation (see the data supplement for an expanded figure legend). Different approaches for displaying data reveal
multiple aspects of DNA methylation data. Each graph shows the same data, comparing the CpG methylation profile of regulatory T cells from either
chimeric wild-type (WT) or chimeric mitochondrial complex Ill knockout (KO) mice, as originally reported in Figure 3 from Reference 38; raw data are
available in the Gene Expression Omnibus database under accession number GSE120452. The figure shows 17,588 differentially methylated CpGs.
(A) A standard Tukey box-and-whisker plot. (B) The empirical cumulative distribution function. The median B score for each group is shown, corresponding
to the median displayed in A. (C) Density histogram. (D) Scatter/density plot. (E) Schematic representation of 8 score calculation, showing how B can be an
intermediate value between 0 and 1 based on the average of methylated (M) and unmethylated (U) calls. For the three cytosines shown in the figure,
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accounts for read depth and biological
dispersion is based on the commonly used
edgeR method for RNA sequencing
(RNA-seq) and demonstrates reasonable
performance in test settings (59).
Because methylation data are
inherently bimodal (i.e., most  scores
are near 0 or 1, as explored in Figures
4A-4D), methods that use the binomial
or B-binomial distribution tend to exhibit
better performance for methylation data
than statistical tests that use other
distributions. We use the DSS package to
generate P values and then a standard
Benjamini-Hochberg correction for
multiple comparisons to generate false
discovery rate (FDR) g-values at well-
observed CpG positions as defined by the
DSS modeling procedure. A DMC can then
be defined as a CpG with an FDR g value
less than a desired threshold, typically
0.05 or 0.01. A A value can be assigned to
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obtain a list of DMCs that are different
by a defined magnitude in $ score—for
example, a B difference of 0.10 or 0.25
(i.e., 10% or 25%). The DSS procedure for
pairwise comparisons involves a Bayesian
hierarchical model that approximates and
shrinks CpG site-specific dispersions, which
accounts for both biological variability and
sequencing depth (55-57). DSS then solves
the B-binomial model and tests the null
hypothesis of equal mean methylation
between two groups using Wald tests. DSS
can also perform hypothesis testing using
F tests in a general experimental design,
which allows comparison of multiple
groups, factors, or other variables using

a B-binomial regression model. Because of
the manner in which regression coefficients
are calculated in DSS, the general
experimental design procedure does not
quantitate B scores, but it does generate

a list of well-observed positions. Accordingly,

we often use raw 3 scores at these positions
when comparing multiple groups, again
avoiding the need to use an arbitrary read
depth cutoff that results in loss of
information.

A list of DMCs then permits the
generation of a set of differentially
methylated regions (DMRs). The definition
of a DMR is not standardized, and there are
no well-validated procedures for generating
an unsupervised set of DMRs. For example,
the default DSS approach defines a DMR as
a region with a minimum length of 50 bp
that contains at least three CpGs, 50% of
which meet an arbitrary P value threshold.
These regions are merged when they occur
within 50 bp of one another, creating larger
DMRs without an upper bound. Consistent
with the arbitrary definition of a DMR, the
DSS package documentation states, “It is
very difficult to select a natural and
rigorous threshold for defining DMRs. We
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recommend users try different thresholds to
obtain satisfactory results.” Our general
approach is to define regions of interest
based on prior annotations of promoters,
enhancers, and other functional genomic
elements, and then interrogate these areas for
DMCs. In a converse approach, we also test
the likelihood of DMCs appearing in

a selected set of regions (e.g., promoters,
enhancers, etc.) above that expected by
chance using hypergeometric testing (35).
Machine learning approaches to DMR
identification hold promise for the future

of unsupervised DNA methylation analysis
(60).

Functional Enrichment
Analysis and Integration with
Other -Omics Data Sets

Functional Enrichment Analysis

Before integration with other —omics data
sets, such as those generated by ChIP-seq
or RNA-seq, we perform a functional
enrichment analysis on a list of DMCs or
DMRs using tools such as the Genomic
Regions Enrichment of Annotations Tool
(61). Originally designed for ChIP-seq data,
this tool uses stringent control for false
positives to associate cis-regulatory regions
with input genomic coordinates, drawing
from an extensive set of annotated
ontologies. As with any functional
enrichment tool, we are cautious about
interpreting its output because of the
inherently biased nature of functional
enrichment due to the human-annotated
databases from which these tools draw their
biological associations.

Integration with ChiP-Seq Data

DNA methylation does not exist in

a vacuum, and the power of DNA
methylation sequencing lies in integration
with data sets generated by other —omics
technologies. Integration with ChIP-seq
can be performed by examining DNA
methylation at well-observed CpGs across
putative enhancers identified by occupancy
of histone 3 lysine 4 monomethylation
(H3K4 mel) and other DNA-bound
proteins. For example, we recently
conducted a study in which we deleted
TET2 in a breast cancer cell line and
queried the effect on histone modifications,
DNA methylation, and transcription factor
binding (37). Our approach began with
clustering of estrogen receptor-a ChIP-seq
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Figure 5. A DNA methylation difference-filtering algorithm (see the data supplement for an
expanded figure legend). (A) The algorithm begins by examining the intersection of two
candidate gene lists: one list of genes containing a differentially methylated cytosine within 2 kb
of their gene body (inclusive), and one list of differentially expressed genes. A hypergeometric
test evaluates the statistical significance of the overlap. (B) Genes that demonstrate both
differential methylation and expression are then subjected to k-means clustering based on their
gene expression level. (C) The methylation difference filter is then applied to each k-means
cluster in turn based on the assumption that DNA methylation and gene transcription are
anticorrelated. Genes with no CpGs that meet the filter criteria do not pass the filter; remaining
genes pass the filter. (D) Gene expression by RNA sequencing and (unfiltered) promoter
methylation by mRRBS are then evaluated for the genes that pass the filter. The diagrams in this
figure are schematized versions of Figures 5G and 6 from Reference 35; raw data are available in
the Gene Expression Omnibus database under accession number GSE106807. mRRBS =
modified reduced representation bisulfite sequencing.

binding peaks to identify regions with
differential binding upon loss of TET2.
After confirming TET2 occupancy at these
sites in wild-type cells, we used mRRBS and
the DSS procedure to determine that loss of
TET2 resulted in DNA hypermethylation at
these estrogen receptor-a/TET2-regulated
regions. This integration analysis allowed
us to establish a model in which TET2
coactivates gene expression through

DNA demethylation of critical enhancer
elements.

Integration with RNA-Seq Data
Perhaps the most common integration
occurs between DNA methylation and
RNA-seq (transcriptional profiling) data, as
transcription represents the proximate
readout of epigenetic control mechanisms,
including DNA methylation. One
straightforward approach is to examine
the DNA methylation status of the
promoters of differentially expressed
genes. We took this approach in

a recent study examining the effect of
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loss of mitochondrial complex IIT on
regulatory T cell-suppressive function
(38). Using a Metagene analysis and
display, we determined that loss of
complex III resulted in hypermethylation
of the promoters of downregulated genes,
particularly those with an associated
CpG island. These data supported our
model in which loss of complex III
results in an increase in the metabolite
L-(S)-2-hydroxyglutarate, which inhibits
demethylase enzymes, including the TET
family of DNA demethylases (62).

The above approach works well with
pairwise comparisons, in which relative
hyper- or hypomethylation can be easily
defined between two groups. A challenge
arises when multiple groups are examined,
as was the case in our study of differential
DNA methylation and transcription within
sorted lung CD4" T cells during neonatal
pneumonia in mice (35). In that study,
we examined four groups in a crossed
experimental design: neonatal and juvenile
mice exposed to either PBS (control) or
E. coli bacteria (pneumonia). For the
analysis we created a semisupervised DNA
methylation difference-filtering algorithm,
which is explored in Figures 5A-5D.
Conceptually, the algorithm begins by
determining the genes that are I)
differentially expressed in the RNA-seq
data set (by an ANOVA-like test in edgeR
[63]) and 2) differentially methylated in the
mRRBS data set (liberally defined as genes
with at least one DSS general experimental
design-defined DMC within 2 kb of their
gene bodies, inclusive). The overlap
between these two gene lists is evaluated
using a hypergeometric test and visualized
using a simple Venn diagram. If the
overlap is greater than that expected by
chance, the list of overlapping genes is
then subjected to k-means clustering
using standard procedures (16). Based
on the assumption that DNA methylation
in promoters is a repressive mark, the
algorithm then selects (filters for)

CpGs within gene promoters that are
hypermethylated within the lower-
expressed groups (and therefore
hypomethylated in the higher-expressed
groups) by an arbitrary difference in the
B score, usually 0.1 or 0.25 (i.e., 10% or
25%). This step is repeated for each
k-means cluster based on the observed
pattern of expression particular to that
cluster. The result is a subset of genes
passing the methylation filter whose
promoters display a methylation pattern
that is anticorrelated with gene expression,
conforming to the biologic assumption of
methylation as a repressive mark. This
final list of candidate genes has a high
statistical probability of being regulated
by DNA methylation. In the neonatal
pneumonia study, we used this procedure
to determine a list of genes that form

a core regulatory signature within lung
CD4" T cells along both developmental
(time) and response-to-inflammation
(pneumonia) axes. In summary, although
only a few standardized, validated
approaches are available to perform
unsupervised integration of DNA
methylation and other —omics data sets
(64), creative strategies can be used to
combine these data sets in biologically
informative ways.

Conclusions and General
Recommendations

DNA methylation is a fundamental,
dynamic epigenetic mark that is involved in
myriad developmental, homeostatic, and
pathologic processes. A detailed mechanistic
understanding of the biology of DNA
methylation as a biomarker or causal
substrate requires methods to measure and
analyze DNA methylation using low-bias
and high-resolution techniques. Although
many approaches can be used to accomplish
these goals, in this review I have highlighted
bisulfite sequencing as the current gold

standard, and outlined a biochemical and
analytical strategy to measure and analyze
DNA methylation in a comprehensive,
single-nucleotide-resolution, unsupervised
manner. These techniques, particularly

the computational methods, may seem
daunting for junior and senior investigators
alike. Nevertheless, I would encourage
interested readers to attempt these
techniques in their own laboratory,
beginning at a small scale. Numerous online
tutorials and resources can be accessed to
start exploring DNA methylation data. The
SeqMonk platform discussed above is

a user-friendly graphical user interface
accompanied by a helpful tutorial that can
provide an easy entrance into the world of
DNA methylation data analysis. Going
forward as technologies and computational
resources evolve, adherence to sound
scientific, mathematical, and computational
principles will be important to facilitate
discoveries involving DNA methylation in
the context of other epigenetic phenomena
and the numerous regulatory levels linking
genome, environment, and cellular
function. M
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