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1 Introduction

This vignette describes how to use MethylSeekR to find regulatory regions from whole-genome bisulfite-
sequencing (Bis-seq) methylation data. The basic ideas of the method were introduced in [1] and the valid-
ity of the approach demonstrated on Bis-seq data from mouse embryonic stem cells and neural progenitors.
MethylSeekR represents a refined and extended version of the inital approach that makes it more robust
and generally applicable and allows much simpler and interactive setting of segmentation parameters. For
details regarding the methodology, we refer the reader to [2]. If you use MethylSeekR in a publication,
please cite [2]. It is important to note that MethylSeekR has been designed for the segmentation of Bis-seq
datasets with a minimal genome-wide coverage of 10X and we do NOT recommend its use for datasets
with lower coverage.

2 Prerequisites

Several functions of MethylSeekR require the genome sequence or derived information such as the chrom-
some lengths of the reference genome used. To retrieve this information, MethylSeekR makes use of the
BSgenome package and the related genome data packages. BSgenome can be installed from Bioconductor
(http://www.bioconductor.org) using the following commands

> if (!requireNamespace ("BiocManager", quietly=TRUE))
+ install.packages ("BiocManager")
> BiocManager::install ("BSgenome")

After the installation, the available genomes can be displayed with

> library (BSgenome)
> available.genomes ()

For the example data that comes along with the package, we need the hg38 assembly of the human genome
BSgenome.Hsapiens.UCSC.hg38. This genome, and analogously any of the other genomes, can be installed
as follows

> if (!requireNamespace ("BiocManager", quietly=TRUE))

+ install.packages ("BiocManager")
> BiocManager::install ("BSgenome.Hsapiens.UCSC.hg38")

3 Data import and SNP filtering

We start by loading the MethylSeekR package

> library (MethylSeekR)
One step of the MethylSeekR workflow depends on random permutations of the data (see below), which
may lead to slightly different results each time the calculations are performed. It is thus recommended to
set the random number generator seed at the beginning of the analysis to ensure exact reproducibility of

the results. In R, this can be done e.g. as follows

> set.seed(123)


http://www.bioconductor.org

In a first step, the Bis-seq data needs to be loaded into R. The data should be in a tab-delimited file with
four columns, chromosome, position, T and M (in this exact order), where position is the coordinate of the
cytosine in the CpG on the plus strand (we assume that the counts have been pooled from the two strands),
T is the total number of reads overlapping the cytosine and M the total number of reads without cytosine to
thymine conversion (reflecting methylated cytosines). An example file, containing the methylation infor-
mation for 200,000 CpGs from chromosome 22 of human IMR90 cells [3]], is part of the package and its
path can be retrieved with the following command (for compatibility reasons with the current Bioconductor
release, we have lifted this file to hg38)

> system.file ("extdata", "Lister2009_imr90_hg38_chr22.tab",
+ package="MethylSeekR")

The data can be loaded into R using the readMethylome function. This function takes two arguments,
the name of the file containing the methylation data and a named vector containing the chromosome lengths
of the reference genome. This vector can be easily created using the BSgenome package of the reference
genome. For the example data used here, we work with the human hg38 assembly.

> library ("BSgenome.Hsapiens.UCSC.hg38")
> sLengths=seglengths (Hsapiens)
> head (sLengths)

chrl chr?2 chr3 chri4 chrb chro
248956422 242193529 198295559 190214555 181538259 170805979

readMethylome will directly create a GRanges object containing the methylation data. GRanges objects
(as defined in the GenomicRanges package) represent general purpose containers for storing genomic inter-
vals and allow for very efficient overlap/intersection operations. To use MethylSeekR, it is not necessary to
understand how GRanges objects work, and we refer the interested reader to he1p (package="GenomicRanges").

To read in the methylation data of our example data, we can use the following commands.

> methFname <- system.file("extdata",

+ "Lister2009_imr90_hg38_chr22.tab", package="MethylSeekR")

> meth.gr <- readMethylome (FileName=methFname, seqglLengths=sLengths)
> head (meth.gr)

GRanges object with 6 ranges and 2 metadata columns:

segnames ranges strand | T M
<Rle> <IRanges> <Rle> | <numeric> <numeric>

[1] chr22 23299035 * 20 19
[2] chr22 23299065 x| 8 8
[3] chr22 23299082 * | 3 3
[4] chr22 23299121 * | 1 1
[5] chr22 23299129 x| 3 3
[6] chr22 23299141 * 4 4

seginfo: 711 sequences from an unspecified genome

Each element of the meth . gr object stands for one CpG and the corresponding metadata (columns on the
right) contains its counts 7" and M.

In cases where the genomic background of the sample differs from the reference genome which the methy-
lation data has been aligned against, CpGs overlapping SNPs should be removed from the methylation
table [[1,2]]. To this end, Methy1SeekR provides functions to both load a SNP table and remove the SNP-
overlapping CpGs from the methylation GRanges object (the following four code chunks can be skipped if
the genomic background of the sample is identical to the reference genome).



Similary to the methylation data, the SNP table can be loaded using the readSNPTable function. The
SNP data should be in a tab-delimited text file with two columns corresponding to the chromosome and
position of the SNPs. The path to an example SNP file with data downloaded from dbSNP [4] for hg38
(and prefiltered to keep the file size small and lifted to hg38 for compatibility reasons with the current
Bioconductor release) can be retrieved as follows

> system.file ("extdata", "SNVs_hg38_chr22.tab",
+ package="MethylSeekR")

To read in the SNPs from our example file, we can thus use the following commands

snpFname <- system.file ("extdata", "SNVs_hg38_chr22.tab",
package="MethylSeekR")

snps.gr <- readSNPTable (FileName=snpFname, seqLengths=sLengths)
head (snps.gr)

vV V. + Vv

GRanges object with 6 ranges and 0 metadata columns:
segnames ranges strand
<Rle> <IRanges> <Rle>
] chr22 23299145
] chr22 23299263
] chr22 23302084
] chr22 23302444
] chr22 23302607
] chr22 23303306

L S e

seginfo: 711 sequences from an unspecified genome

Here, segLengths is the same named vector with chromsome lengths as needed for the readMethylome
function. readSNPTable directly returns a GRanges object containing the coordinates of the SNPs. Us-
ing this object, the CpGs overlapping SNPs can now be removed from the methylation object using the
removeSNPs function.

> meth.gr <- removeSNPs (meth.gr, snps.gr)

4 Segmentation of partially methylated domains

Some methylomes contain large regions of seemingly disordered methylation which have been termed
partially methylated domains (PMDs, [3]). These regions need to be identified and masked prior to the
segmentation of regulatory regions. To decide whether a methylome contains PMDs, we can first calculate
the distribution of «-values for one selected chromosome. « characterizes the distribution of methylation
levels in sliding windows containing 100 consecutive CpGs along the genome. «-values smaller than 1
reflect a polarized distribution, favoring low and high methylation (as in regulatory regions and background
methylation levels respectively), whereas a-values equal to 1 or larger indicate distributions that are rather
uniform or polarized towards intermediate methylation levels (as in PMDs). The distribution of a-values
for one selected chromosome can be determined as follows,

> plotAlphaDistributionOneChr (m=meth.gr, chr.sel="chr22",
+ num.cores=1)
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chr.sel denotes the chromosome for which the statistic is calculated. Generally, the « distribution of
different chromosomes are very similar, but we recommend using a small autosome to minimize the com-
puting time and to avoid sex-specific biases. plotAlphaDistributionOneChr generates a figure
showing the inferred « distribution. This figure is by default printed to the screen but can also be saved in
a pdf file if a filename is provided via the pdfFilename argument. num. cores is the number of cores
that are used for the calculation. By default, all functions of MethylSeekR perform their calculations on
a single core. However, almost all functions can be run in parallel (by setting num. cores to a number
larger than one, only availabe on unix and mac) and we recommend the user to use multiple cores in order
to speed up the calculations. To determine the number of cores of the machine used, use the following
commands

> library (parallel)
> detectCores ()

Generally, there is evidence for PMDs if the distribution of a-values is bimodal or long-tailed with a
significant fraction of o values larger or equal 1. In the example here, the distribution is clearly bimodal
and we thus, in a next step, run a Hidden Markov Model (HMM) to identify PMDs genome-wide (in
cases where the « distribution is unimodal (for examples see [2l]), there is no evidence for PMDs and the
following three code chunks can be omitted).

> PMDsegments.gr <- segmentPMDs (m=meth.gr, chr.sel="chr22",
+ seglengths=sLengths, num.cores=1)
> head (PMDsegments.gr)

GRanges object with 6 ranges and 2 metadata columns:
segnames ranges strand | type nCG
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chr22
chr22
chr22
chr22
chr22
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Here, as above, chr . sel is the chromosome used to train the HMM. segmentPMDs generates a GRanges
object which partitions the genome into PMDs and regions outside of PMDs (notPMD) as indicated in the
first column of the metadata (t ype). The second column (nCG) of the metadata indicates the number of
covered (by at least one read) CpGs in each region. The function creates a figure (which is by default
printed to the screen or saved in a pdf file if a filename is provided via the pdfFilename argument)
which shows the same alpha distribution as in the previous figure, but including the fitted Gaussian emis-
sion distributions of the HMM in red and green. If the HMM fitting works properly, the two Gaussians
should correspond to the two peaks of the bimodal distribution (or the main peak and the tail if the alpha
distribution is long-tailed), as illustrated for the example dataset. As a control, we may want to recalculate
the distribution of «-values using only the methylation values outside of the predicted PMDs.

> plotAlphaDistributionOneChr (m=subsetByOverlaps (meth.gr,
+ PMDsegments.gr[values (PMDsegments.gr) Stype=="notPMD"]), chr.sel="chr22",

+ num.cores=1)
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Clearly, we have managed to remove the second mode of the distribution. Such a unimodal distribution with
most a-values below 1 is also what is typically seen in methylomes without PMDs. Note that the distribu-
tion of a-values is not only influenced by the presence of PMDs, but also by the variability in background
methylation levels outside of regulatory regions. In methylomes that do not contain PMDs, but show large
variability, a substantial fraction of a-values (10-20%) may be larger than one. However, if there are no
PMDs, the shape of the a-distribution should still be unimodal. It is thus rather the shape of the distribution
(bimodal versus unimodal) that indicates the presence or absence of PMDs and not the fraction of a-values
larger 1. In any case, the resulting PMD segmentation should be visually inspected to assess its validity.
This can easily be done for randomly chosen regions of the genome using the plotPMDSegmentation
function.

> plotPMDSegmentation (m=meth.gr, segs=PMDsegments.gr)
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The resulting figure is either printed to the screen (default) or saved in a pdf file if a filename is provided via
the pdfFilename argument. It is also possible to plot multiple regions and save them in a multi-page pdf



file if both the argument pdfFilename and numRegions are provided. The randomly chosen region
that is displayed is broken up into 6 panels and in each panel, the raw (ie unsmoothed) methylation levels
of all CpGs with a minimal coverage of 5 reads are shown. PMDs are indicated as green bars, extending
over the entire PMD.

The PMD segmentation can be saved both as a GRanges object and as a tab-delimited file.

> savePMDSegments (PMDs=PMDsegments.qgr,
+ GRangesFilename="PMDs.gr.rds", TableFilename="PMDs.tab")

GRangesFilename is the filename for the GRanges object and the TableFilename the filename for
the tab-delimited file (only of the two filenames is required).

5 Identification of UMRs and LMRs

Once we have identified PMDs (if there are any), we can proceed to the segmentation of regulatory re-
gions. These come in two distinct groups, unmethylated regions (UMRs) which correspond mostly to
unmethylated CpG islands (including promoters) and low-methylated regions (LMRs) which correspond
to distal regulatory regions [, [2]. We identify these regions by a fairly straightforward procedure. We
first smooth methylation levels over 3 consecutive CpGs to reduce the sampling noise and then identify
hypo-methylated regions as regions of consecutive CpGs with smoothed methylation levels below a fixed
cut-off m, containing a minimal number of CpGs n. The identified regions are then further classified into
UMRs and LMRs based on the number of CpGs they contain. The parameters m and n must be determined
prior to segmentation, which can be done via false discovery rate (FDR) considerations. This approach will
naturally take into account the variability of methylation levels in the methylome studied. Briefly, for each
set of parameters (m, n), we determine the number of regions with methylation levels below m and with
a minimal number of CpGs n in both the original methylome, n,, and a randomized methylome, n,.. The
FDR is then defined as the ratio Z— Given a user-defined cut-off on the FDR, we can then determine
reasonable sets of values for m and n.

To calculate FDRs with MethylSeekR, we can use the function calculateFDRs. Since the FDR
calculation is based on the randomization of methylation levels outside of CpG islands [2], we first need to
create a GRanges object containing the CpG islands, which is then passed on to calculateFDRs. CpG
island annotation can for example be retrieved from UCSC using the package rtracklayer

library (rtracklayer)

session <- browserSession ()

genome (session) <- "hg38"

query <- ucscTableQuery(session, table = "cpglIslandExt")
CpGislands.gr <- track (query)

genome (CpGislands.gr) <- NA

V V. V V V V

If other genome assemblies than hg38 are used, hg38 in the code above needs to be replaced by the corre-
sponding assembly.

Next, we extend the CpG islands to 5kb to make sure that all unmethylated CpGs lying in CpG islands are
excluded from the FDR calculation.

> CpGislands.gr <-
+ suppressWarnings (resize (CpGislands.gr, 5000, fix="center"))

We can now calculate the FDRs
> stats <- calculateFDRs (m=meth.gr, CGIs=CpGislands.gr,

+ PMDs=PMDsegments.gr, num.cores=1)
> stats



SFDRs

1 2 3 4 5 6
0.3 11.64384 1.681957 0.000000 0.00000 0.000000 0.000000
0.4 36.21622 15.795724 1.785714 0.00000 0.000000 0.000000
0.5 72.35376 38.677536 9.976247 1.07362 0.000000 0.000000
0.6 132.98329 89.732421 53.367876 13.75598 5.179856 2.139037
0.7 165.41912 159.582019 164.805583 54.82026 39.107333 23.989570
SnumSegments
1 2 3 4 5 6
0.3 876 654 521 426 358 319
0.4 1110 842 672 521 431 389
0.5 1436 1104 842 652 534 449
0.6 2095 1607 1158 836 695 561
0.7 3233 2536 2006 1224 941 767
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Since the FDR calculation also masks PMDs, the PMDs need to be passed to the function as well. In
the case of methylomes without PMDs, the PMDs argument can be omitted. The function creates a figure
(which is, again, by default printed to the screen or saved in a pdf file if a filename is provided via the
pdfFilename argument) which illustrates the relationship between FDR (cut at 20% if larger than 20%),
m, n and the number of identified segments. Additionally, the function returns a list containing a matrix
with FDR values (in percent) and a matrix with the number of inferred segments in the original methylome
for each m (rows) and n (columns). Since the parameters m and n are partially redundant, we need to
set one parameter by hand. m = 0.5 (50% methylation) appears to be a reasonable choice for most
methylomes (leading to high accuracy at a good sensitivity when overlapping the identified regions with
DNase hypersensitive sites [T} 2]]) and we thus set m = 0.5 and determine n by choosing the smallest n
such that the FDR is below a given cut-off (here 5%).

> FDR.cutoff <- 5

> m.sel <= 0.5

> n.sel=as.integer (names (stats$SFDRs[as.character (m.sel), ]
+ [stats$FDRs[as.character (m.sel), 1<FDR.cutoff]) [1l])

> n.sel

[1] 4

Once the parameters m (m.sel) and n (n.sel) have been set, we can call segmentUMRsLMRs to
identify UMRs and LMRs.

10
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num.cores=1,
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GRanges object
segnames

<Rle>

1 chr22
] chr22
1 chr22
] chr22
] chr22
] chr22
M
<array>
[1] 48
[2] 38
[3] 38
[4] 210
[5] 78
[6] 83

nCpG.cutoff=n.sel,

myGenomeSeg=Hsapiens,

seglLengths=sLengths)
head (UMRLMRsegments.gr)

UMRLMRsegments.gr <- segmentUMRsLMRs (m=meth.gr,
PMDs=PMDsegments.gr,

meth.cutoff=m.sel,

with 6 ranges and 7 metadata columns:

ranges strand | nCG.segmentation
<IRanges> <Rle> | <array>
23305218-23306238 * | 18
23310636-23311432 * | 6
23315582-23316144 * | 10
23520756-23523072 * | 89
23565143-23567011 * | 83
23716558-23717669 * | 41
pmeth median.meth type
<array> <numeric> <character>
0.139130434782609 0.1159420 LMR
0.358490566037736 0.3735022 LMR
0.149606299212598 0.1694949 LMR
0.16304347826087 0.0952381 UMR
0.0815047021943574 0.0272222 UMR
0.143350604490501 0.0175439 UMR

seginfo: 711 sequences from an unspecified genome
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If the methylome under consideration contains no PMDs, the PMDs argument can be omitted. The ar-
gument myGenome Seq takes as input a BSgenome object of the genome assembly used, here Hsapiens,
as defined in the package BSgenome .Hsapiens.UCSC.hg38 (the genome object is directly loaded
with the package and corresponds to the species name in the package name). The genome sequence is
needed to retrieve the number of CpGs in the genome per identified region, which is further used to clas-
sifiy the regions into UMRs and LMRs. segmentUMRsLMRs returns a GRanges object containing the
identified regions. The metadata includes the number of covered CpGs (by at least 5 reads) per region
(nCG.segmentation) , the number of CpGs in the genome per region (nCG), the total number of reads
overlapping CpGs (7'), the total number of tags overlapping CpGs without conversion event (M), the mean
methylation (pmeth = %), the median methylation (median.meth, median over the methylation levels
of each single CpG) and type, which classifies the region into UMR or LMR. For the calculation of T, M,
pmeth and median.meth, only CpG that are covered by at least 5 reads are used. segmentUMRsSLMRs
also creates a figure (by default printed to the screen or saved in a pdf file if a filename is provided via
the pdfFilename argument) which shows the number of CpGs per region versus its median methylation
level. Typically, as in the example here, this figure should show a clear separation into unmethylated, CpG-
rich regions (UMRSs) versus low-methylated, CpG-poor regions (LMRs). The dashed line is at 30 CpGs
and represents the cut-off used for the classification.

Analogously to the PMD segmentation, the result of this final segmentation can be visualized for a ran-
domly selected region.

> plotFinalSegmentation (m=meth.gr, segs=UMRLMRsegments.gr,
+ PMDs=PMDsegments.gr,meth.cutoff=m.sel)

If the methylome under study does not contain any PMDs, the PMDs argument can be omitted. The
resulting figure is either printed to the screen (default) or saved in a pdf file if a filename is provided via the
pdfFilename argument. It is also possible to plot multiple regions and save them in a multi-page pdf file
if both the argument pdfFilename and numRegions are provided. The randomly chosen region that is
displayed is broken up into 3 pairs of panels, where in each pair the same region is shown twice, once with
raw methylation levels (top) and once with methylation levels smoothed over 3 consecutive CpGs (bottom).
In both cases only CpGs with a coverage of at least 5 reads are shown. The raw data best illustrates the
disordered nature of methylation levels in PMDs, whereas the smoothed methylation levels more clearly
show UMRs and LMRs. In all figures, UMRs are shown as blue squares (placed at the middle of the
identified segment), LMRs as red triangles (placed at the middle of the identified segment) and PMDs as
green bars (extending over the entire PMD). The cut-off on methylation to determine UMRs and LMRs is
shown as a grey dashed line. Note that UMRs and LMRs can partially overlap with PMDs as only UMRs
and LMRs that are fully contained in PMDs are filtered out by the algorithm.

12
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Finally, the segmentation of UMRs and LMRs can be saved both as a GRanges object and a tab-del

file as follows,
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> saveUMRLMRSegments (segs=UMRLMRsegments.gr,
+ GRangesFilename="UMRsLMRs.gr.rds", TableFilename="UMRsLMRs.tab")

Here, GRangesFilename is the filename for the GRanges object and the TableFilename the file-
name for the tab-delimited file (only one of the two filenames is required).
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