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DNA methylation is a stable, heritable chemical

modification
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5mC in the genome

predominantly in CpG (Cytosine-phosphate-Guanine)

dinucleotides in metazoan genomes
o ~28M CpGs in humans
o 60-80% methylated in somatic cells

CpGs in CG-dense regions are CpG islands
(CGls)
o 200-2000 bp with >50% GC-content
o CGls tend to be in promoters,
unmethylated for transcribed genes

non-CpG methylation has been mainly observed
in hESCs and neuronal cells in humans
o CHH,CHGwhereH=A,CorT
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Key functions of DNA methylation

Tissue specific gene regulation
Suppression of transposable elements

Essential for normal development
Genomic imprinting
X-chromosome inactivation

Ageing

e Global hypomethylation is proportional to
age

Cancer

e Global hypomethylation and locus-specific
hypermethylation of CpG islands

Qe
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DNAM measurement

Differentiate mC from DNA
€ > T Bisulfite conversion amplification

7910
T

454825

A:5'-GACCGTTCCAGGTCCAGCAGTGCGCT-3'

B: 3-CTGGCAAGGTCCAGGTCGTCACGCGA-5'

A:5-CGATCGTTTTAGGTTTAGTAGTGCGTT-3'

B: 3-TTGGCAAGGTTTAGGTTGTTATGCGA-5'

\ DNA Sequencing
Select
region

S

120 130
GAT AAATCTGGTCTTATTTCC

A



Bisulfite conversion

o eoﬁo

Bisulfite convert

03

Sequence/PCR

Compare with reference genome

e Used for both array and sequencing

° C—->U—(PCR) -»T
e mC—C— (PCR) -»C

yipd



BS-seq output* is a BAM with methylation tags

*after alignment
chromosome position
Read 1
HISEQ2000-06:366:C3G4NACXX:3:1101:1316:2067_1:N:0: 99 16 71322125 255 100M =
71322232 207

—

methylation
call

e

NB:S

NTTATTTAGTTTTTTAGGGTTTGTGTGTAGGAGTGTGGGAATTATGTTTTTTATGGTTGATATTTATTTAAAAGTGAGTATAAATTATATATATTTTTTT//sequence
# 1=DDDDDAAFFHIIIA:<FGHCCEFGHD?CFFBBBGEHHGHIII<FEHIIIII==DE??EHHFHEEEEEEEC>; >66; @CDEEEDCEEEEEEEDDDCBB ~_

NM:i:14 XX:Z:G8C2C7C21C13C6CC1C17CC3C4CC4 quahty
XMiZ2eeeennnns heuheoenn.. K teeeeaeeaenannenaens Beeeneneennnn Keveuns 3 0 P hh...h....hh....
XR:Z2:CT XG:Z2:CT XA:2:1

FHISEQ2000-00: 3006: CI3GANACKX: 31 1101 :1310:2007 1:N:0: 147 e T1322232 255 TooM =
71322125 -207
GGTTATTTTAT TTAGGGTTATTGTTTTAGAGTTTTAT TGTTGTGAACAGATATATGATTAAGGTAATTTTTATAAGGATAATATTTAATTGGAGTTGGTT
CCCEEECADCFFFFHHGHGHIIGIHFIJJIJIHFGHGGGEHIJIIJGIGFJIJJJIJJIIIIIIGIIIIGIIJIIIIIIJIIIIIIIJIJIIJHHHHHFFFFFCCC
NM:1:21 XX:Z:2G2CClclclcllcllcacloclc4cc4caclc3csc2clacacl
XMiZi..... hh.h.heXe.senennnn. Bevennenennn Ko eKuwannn X...h.h....hh....h..h.h...h..... P %...h.

XR:Z:GA XG:2:CT XB:Z:1 \

Read 2 \

methylation call

me

g | ) ) z unmethylated C in CpG context
5’-TTGGCATGTTTAAACGTT-3"’ bisulfite read z methylated C in CpG context
5’..ccggecatgtttaaacget..3’ genomicsequence X unmethylated C in CHG context
X methylated C in CHG context

‘e ¢ ¢ h unmethylated C in CHH context
X2zl s s ssussaBalls methylationcall H  methylated C in CHH context
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BS-seq output® is %Methylation of a cytosine

Frequency

1500 2000 2500 3000

500 1000

0

*after alignment and methylation

calling
Chr Start End B Methylation Prop. #mC #C
chr8 3052997 3052997 0.00000 0 1
chr8 3052998 3052998 53.26087 49 43
chr8 3068732 3068732 57.14286 8 6
chr8 3068733 3068733 100.00000 (i 0
chr8 3089948 3089948 100.00000 5 0
chr8 3089984 3089984 100.00000 5 0

I

mmﬂﬂlﬂﬂmnm'nmn

.
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T
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% Methylation

0.8

1
1.0




Pros and Cons of WGBS

Assess 5mC in all context: CpG, CHG, CHH
Covers ~80% of all CpG sites
Lots of data available for reference

BS treatment ([1]°C, [i]pH ) degrades DNA

X
X

Requires lots of input DNA*
*21000ng for conventional BS, <100ng for SPLAT

X

Costly, ~30x coverage recommended for mammalian genome

X

low coverage in GC-rich region

Qe



Analysis
pipeline

nf-core/methylse
q

Exercise for
today

Qe

Input

Biological
experiment
data

Reference
genome

Experiment data:
+ Data type:

+ Methylation data
+ Data format:

« FASTA/FASTQ

Data preprocessing

Data preprocessing:

+  Quality trimming:

V v + Reduces the methylation call errors
+ Adapter trimming:
« Increase mapping efficiency
Data preprocessing ] A bk e
+ FASTX-Toolkit, PRINTSEQ, SolexaQA,
Cutadapt, Trimmomatic, Trim Galore, etc.
. Aligning the reads and methylation calling:
Alignment Alignment +  Estimate the methylation level of the CpG sites
Aligning the reads » g
statistics +  Three-letter aligners:
* « Bismark, BS Secker, MethylCoder etc.
+ Wildcard aligners:
. Methylation + BSMAP, RRBSMAP, GSNAP, RMAP, etc.
Methylation calling P tatistics > Data Farsmats
+ SAM/BAM
P t alignment preeee e ‘ ’ ___________________ Post uli;:nmn.rn( llllz'l[\.\i\:
. Post alignment analysis B ety lation siatisticy )
$ + Visualisation of methylated sites
(optional) + Available tools:
« BiQ Analyzer, QUMA, BRAT, MethyQA, BSPAT, MethGo
DM analysis ' Identify DMCs:
‘ Identification of DMCs + Identify differentially methylated CpG sites using statistical approaches
+ Crucial properties to consider:
. S ing depth, biological variation, spatial lati
Identify DMRs:
+  Group the DMCs using neighbor CpG sites.
I Identification of DMRs s s g
« Logistic regression, smoothing, HMM
+ Entropy, mixed statistical, etc
Output l List of DMCs/DMRs Output types:

« List of differentially methylated sites/regions

10



nf-core/methylseq processes BS-seq data to produce alignment
and summarised methylation calls

=

bwa-meth align === bwa-meth workflow
(GPU or CPU)

=== Bismark workflow
cat Trim
fastq FastQC Galore

=

Bismark align
(Bowtie2/HISAT2)

Samtools
(sort)

Bismark
(deduplicate)

Samtools
(index/stats)

Bismark
(methylation extractor)

nf-core/ * 4 .-
methylseq =22

Summary (sort/index)

Picard
(MarkDuplicates)

MethylDackel
(extract/M-bias)

=

Targeted Sequencing
(optional)

STAGE

1. Pre-processing

2. Genome alignment
3. Post-processing
4. Final QC

=

MultiQC preseq Qualimap
(optional) (optional)

iy



Some notes about WGBS

Trim reads of low quality base calls and adapter b - -
A e e R A [
sequence i ]I "Ilmlmlllhlmm Il i

e toincrease mapping
e to avoid false M calls

e BS treatment renders reduced genome complexity ' ‘”I””‘”””H"”""I|

Phred score

Read mapping could be challenging

e BS treated reads are very different from the >
reference sequence Position in read (bp)
e Up to 4 alignment per locus " T
i %A
. : . _ %T
Bisulfite conversion efficiency , e

e non CpG sites in mammalian genome should have >
99.5% conversion in a good experiment
e  spike-in controls e.g., phage Lambda &

Deduplication ,
e recommended for WGBS, not for RRBS

'.234!!.70;;HI’?‘?VH1“9“57(‘(?"79R58?9‘99

NB:S Az



Some notes about WGBS

m|C m|C
>>CCGGCATGTTTAAACGCT>>
<<GGCCGTACAAATTTGCGA<<
Read mapping could be challenging mIC m|C m|C
e BS treatment renders reduced genome compl Top StfaV wﬁom strand
° rBe?etrreer?ézdsreeq%%sngge very different from the Bisulfite conversion
* Uptodreadalignment needed per locus >>UCGGUATGTTTAAACGUT>>  <<GGUCGTACAAATTTGCGAC<

l PCR amplification l

OT >>TCGGTATGTTTAAACGTT>>  >>CCAGCATGTTTAAACGCT>> CTOB
CTOT <<AGCCATACAAATTTGCAA<K  <<GGTCGTACAAATTTGCGA<< 0B

Qe
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Some notes about WGBS

Trim reads of low quality base calls and adapter
sequence

e toincrease mappin?
e to avoid false M calls

Read mapping could be challenging

e BS treatment renders reduced genome complexity

e BS treated reads are very different from the
reference sequence

e Up to 4 alignment per locus

Bisulfite conversion efficiency

e non CpG sites in somatic tissues (except neuronal
cells) of mammalian genome should have > 99.5%
conversion in a good experiment

e  spike-in controls e.g., phage Lambda

Deduplication
e recommended for WGBS, not for RRBS

A

A

Non CpG methylation level

Néﬁron
hESC (H1)
hESC (H9) Glia

y 4

Fibroblast

Cell type

ESC

NPC

Neuron

Glia

Cell type

Non Cpg metylation level

14
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Analysis workflow for WGBS data

Aligned reads to the
Input option 1 geneime:
read.bismark()
\ 4
Methylation % per
Input option 2 base
maad() Filtering by coverage
fiterByCoverage()
Descriptive statistics
getMethylation Stats() l —
getCoverageStats()
Window/region
based methylation
scores
Correlation regionCounts()
A tileMethyICounts()
getCorrelation() = Samp|e merge
unite()
Clustering and PCA |4~
clusterSamples()
PCASamples() v
Differential
methylation
calculate DiffMeth()
Y
Annotation Visualization Coercion to )
annotate WithFeature() bedgraph() bioconductorand R | Further analysis by
and similar functions diffMethPerChr() objects user
as() getData()




Analysis workflow for WGBS data

Aligned reads to the
Input option 1 geneme

read.bismark()

v
Methylation % per
Input option 2 base
maad() I Filtering by coverage
fiterByCoverage()
Descriptive statistics
getMethylation Stats()
getCoverageStats()
Window/region
Chr Start End Methylation Prop. #mC #C based methylation
scores
chrg 3052997 3052997 0.00000 0 1 um‘:{;f;&‘g‘:ﬁ‘"ﬁ %
chr8 3052998 3052998 53.26087 49 43
chr8 3068732 3068732 57.14286 8 6
chr8 3068733 3068733 100.00000 11 0
chr8 3089948 3089948 100.00000 5 0
chr8 3089984 3089984 100.00000 5 0
\
Annotation Visualization Coercion to )
annotate WithFeature() bedgraph() b|ocondu_ctor and R o Further analysis by
and similar functions diffMethPerChr() objects user
as() getData()

Qe
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Analysis workflow for WGBS data

Input option 1

Aligned reads to the
genome

read.bismark()

Y

Input option 2

Methylation % per
base
read()

escriptive statistics

getMethylation Stats()

getCoverageStats()

Hi of % CpG
test2

60000 80000
I |

Frequency
40000
1

13.4

20000
1

% methylation per base

m

Histogram of CpG coverage
test2

Frequency

Correlation
Y
getCorrelation() = Samp|e merge
unite()
Clustering and PCA |4~
clusterSamples()
PCASamples() v
Differential
methylation
calculate DiffMeth()
\ 4
Annotation Visualization Coercion to
annotate WithFeature() bedgraph() blOCOndUPIOI’ and R
and similar functions diffMethPerChr() objects

as() getData()

10000 15000 20000 25000 30000 35000

5000
L

030000000000

0
L

I0g10 of read coverage per base

17



Qe

Analysis workflow for WGBS data

o bl

In] filtered.myobj = filterByCoverage (myobj, lo.count = 10,
lo.perc = NULL, hi.count = NULL, hi.perc = 99.9)

v

Methylation % per

Input option 2 base
read()

Descriptive statistics

getMethylation Stats()

Filtering by coverage

fiterByCoverage()

getCoverageStats()
Window/region
based methylation
. scores
Correlation regionCounts()
Y tileMethyiCounts()
getCorrelation() = Samp|e merge
unite() B
Clustering and PCA |4~
clusterSamples()
PCASamples() - v -
Differential
methylation
calculate Dif fMeth()
\ 4
Annotation Visualization Coercion to )
annotate WithFeature() bedgraph() bioconductorand R | Further analysis by
and similar functions diffMethPerChr() objects user
as() getData()




Methylation

Mean Diff @

-0.1

Analysis workflow for WGBS data

"] ® cancer ® normal

0.1

T
42233000

A

T T T T
42233500 42234000 42234500 42235000
Chromosome 2

T
42235500

Aligned reads to the
Input option 1 geneime:
read.bismark()
Y
Methylation % per
Input option 2 base
maad() Filtering by coverage
fiterByCoverage()
Descriptive statistics
.......... getMethylation Stats()
getCoverageStats()
indow/region
based methylation
scores
Correlation regionCounts()
) A tileMethyICounts()
getCorrelation() = Samp|e merge
unite()
Clustering and PCA |4~
clusterSamples()
PCASamples() v
Differential
methylation
calculate DiffMeth()

\ 4

Annotation Visualization Coercion to )
annotate WithFeature() bedgraph() bioconductorand R | Further analysis by
and similar functions diffMethPerChr() objects user
as() getData()

19



Analysis workflow for WGBS data

CpG base correlation

00 04 08
PR

test1

0.92//0.91

L

test2

0.89

il

o
©
L

Input option 1

Height
010 015 020 025 030 035
L L L L )

005
L

0.00
L

CpG methylation clustering

et

ez

testt

tost2

Aligned reads to the
genome

read.bismark()

PC2

100 150

50

-50

-100

CpG methylation PCA Analysis

o test2

o test!

od
o ctrl

Y
Methylation % per
Input option 2 base
maad() Filtering by coverage
fiterByCoverage()
Descriptive statistics
getMethylation Stats() L
getCoverageStats()
Window/region
based methylation
" scores

Correlation regionCounts()

Y tileMethyiCounts()
getCorrelation() Sample merge
unite()
Clustering and PCA
clusterSamples()
PCASamples() y
Differential
methylation
calculate Dif fMeth()

\ 4

Annotation Visualization Coercion to )

annotate.WithFeature() bedgraph() bioconductor and R 1 Futher nalyisly
and dimiATHuIcHons diffMethPerChr() objects user
as() getData()

Samples
Distance method: "correlation’; Clustering method: “ward"

yY

20



Differential Methylation

Remove CpGs with little variation
Remove CpGs that overlap C>T SNPs

No replicates: Fisher’s exact test
With replicates:
Logistic regression

Beta Binomial

Covariates can be included in the model

Qe

Input option 1

Aligned reads to the
genome

read.bismark()

\J
Methylation % per
Input option 2 base
fead) Filtering by coverage
fiterByCoverage()
Descriptive statistics
getMethylation Stats() I
getCoverageStats()
Window/region
based methylation
: scores
Correlation regionCounts()
) A tileMethylCounts()
getComelation() - Sample merge T |
unite() B
Clustering and PCA |4~
clusterSamples()
PCASamples()
Differential
methylation
calculate Dif fMeth()
Annotation Visualization Coercion to )
annotate.WithFeature() bedgraph() bioconductor and R || Further analysis by
and similar functions diffMethPerChr() objects user
as() getData()
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Coding skills from the tutorial

R coding
RStudio

RStudio
File Edit Code View Plots Session Build Debug Profile Tools Help
q-* & - [} # Go to fileffunction EE - Addins - EJ Project: (None) ~

Li nUX CommandS O .R441 o -, / = Environment History Connections =i
& B B - ©234MB . ¢ =.|C
R version 4.4.1 (2024-06-14) -- "Race for Your Life" R - | M) Global Environment - (@]

Copyright (C) 2024 The R Foundation for Statistical Computing

Platform: x86_64-conda-1linux-gnu

R is free software and comes with ABSOLUTELY NO WARRANTY. Environment is empty
Use resources Of an HPC You are welcome to redistribute it under certain conditions.
H H H Type 'license()’ 'licence()' for distribution details.
o start an interactive compute session T T
and Speley Its requ”-ements Natural language support but running in an English locale PR Q s ® . c

R is a collaborative project with many contributors. R: Standard Deviation ~ | Find in Topic
Type 'contributors()' for more information and
'citation()' on how to cite R or R packages in publications.

"d ' demos, 'h J “line h ..
launch a Nextflow process etp.startly" Tor an TN browser tncertace o het. - | Standard Deviation

Type 'q()' to quit R.

sd {stats} R Documentation

Description

> ?sd
This function computes the standard
deviation of the values in x. If na. rm is TRUE
then missing values are removed before
computation proceeds.

Usage

sd(x, na.rm




Connect to Rackham

Follow the instruction in Setup # Hands-on Course in Epigenomics
@&  Tutorials
Pre-course Information Tutorials

Use module system
Start RStudio 8 Tutorials Setup

« WGBS Data Analysis

_ ‘ Setup « ONT Data Processing

Schedule

WGBS Data Analysis « Workflow Managers
Use module system _

ONT Data Processing
Start R SeSSion Workflow Managers Q@ Previous

Option B

Launch the RStudio server from a container

A

23
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Oxford Nanopore Technology

<

<

X

Direct sequencing of native DNA / RNA
no PCR amplification

Detect DNAM without chemical or enzymatic
treatments

Distinguish between different types of base
modifications

Long read sequencing can resolve highly dense GC
regions;

Allele-specific methylation from phasing

Requires more input DNA than WGBS to accurately
measure DNAM

High computational cost and data storage

X SLong turnaround time
&

=

Yy, &
)
s
Nanopore7%\—"e/w‘ rli‘\\l
(& \
|
—
X 000 SRATER N 13 | PoomB00050030005003305500
@) I~ 7
<
Raw 2
signals % q q“! w’“w‘ M\ A myﬁ"
WMW«‘ 'h.w) ' T
Time
(8) Basecalling

Events

Current (A)

Time
Sequence C T AMTEG G T G A G
1
| !
(D)  Detect DNA E Detect RNA F Predict poly(A) tail G Predict RNA
modifications modifications length 29 structures

0 o} Q o] o Q~0 7
>XODDC AN )
Poly(A) tail | I o-( )0

Reference: https://www.cell.com/trends/genetics/fulltext/S0168-9525%2821%2900257-2 25



Comparison of current methods for DNAM profiling

A

Whole genome Targeted

ONT WGBS EM-seq EPIC

DNA Input

Single-base Resolution
Approximate Run Time

Yield [Gb]

Sequencing Coverage (x)

Total Reads (M)

Number of QC-Passed Reads (M)
Percentage of Mapped Reads
Percentage of Mapped Duplicates
Mean Read Length (bp)

Longest Read (bp)

Number of Called CpGs
Computational Run Time
Complexity of Analytic Pipeline**
Generated Data Size (GB)

Turnaround Time (TAT)

1-5 png 1-500ng 10-200ng 250 ng-500 ng
Yes Yes Yes No

80-84h  20-24h  20-24h  30min

139 163 137 NA
34 46 41 NA
7.5 1132.5 986 NA
NA* 1041.7 976 NA

90.8% 99.87%  99.99% NA

0 9.5% 7.0% NA
16,922 150 150 NA
856,100 150 151 NA

56,715,299 53,912,145 54,178,937 865,596
Very high High High Low
High Medium Medium Low
~1200 ~120 ~70 ~150mb

7-12 days 6-10days 6-10days 3-4 days

26



Modified Basecalling

Unmodified base .‘ﬁ\Aodified base Modified

e 5hmC: 5-hydroxymethylcytosir o0 @ 'i. N\ \(\JN\/‘ |
\

e 4mC: N(4)-methylcytosine ‘, ﬂ "’ ﬂ
e m6A: N(6)-methyladenosine " posiioninreference

-

e 5mC: 5-methylcytosine

Current

Bacteria exhibit three main types of DNA methylation: 4mC, 5mC, and 6 mA, which regulate crucial processes including
DNA replication and repair, virulence factor expression, environmental adaptation, and host-pathogen interactions

yyd!



5hmC arises during demethylation but it is a stable
mark

Methylation
maintenance

De novo methylation NH: 0
DNMT3
(DNMT3B) TETs )\ o TETs )\ TETs " I o

Cytosme 5mC 5th 5fC ScaC

Passive demethylation
DG

Active demethylation

Qe
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Functions of 5hmC

Associated with active gene
expression and open chromatin

Cellular differentiation and identity

role in maintaining genome
stability

5hmC is abundant in the brain;
aberrant 5hmC pattern has been
linked to Alzheimer’s disease

Global reduction of 5hmC in many
cancers; silencing of tumour
suppressor genes

scientific reports

EN Hydroxymethylation profile
of cell-free DNA is a biomarker
for early colorectal cancer

i

Volume 210, October 2024, 114294

European Journal of Cancer '&

Sl‘lr-l‘jzzrrc.lrroxymethylcytosines in circulating
cell-free DNA as a diagnostic biomarker for
nasopharyngeal carcinoma

scientific reports

OPEN 5.Hydroxymethylcytosine
signatures as diagnostic biomarkers
for septic cardiomyopathy

Baixin Zhen7, Zhiling Zhao?’, Hangyu Chen7, Wen Li?, Lei Zhang®**:, Xi Zhu?"",
Qinggang Ge? & Jian Lin%45.6

29
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ONT data processing pipeline

A’\@/

pod5 from ONT run

Basecalling using Dorado

Quality control using
pycoQC

Align reads using minimap2

Pileup reads for M calling
modkit

-

AUGCCCAUUA VU

-

Qscore

read length

AUGCCCAUUAUU

AUGCGCAUUAUU

30



Modkit pileup output is %Methylation of a cytosine

0.0040 ~

0.0035 A

0.0030 A

0.0025
1 EM-seq
[0 ONT
] WGBS
= EPIC

Density

0.0015 ~

0.0010

0.0005 45 )

0.0000

- '\9 39 60 Q,Q ‘\QQ .
N Bgs Methylation (%) y



Alternative workflow: epi2-me wf-basecalling

Nextflow workflow can be used to perform:
e Basecalling of a directory of pod5 or fast5 signal data
e Basecalling in Duplex mode
e Modified basecalling
e Basecalling in real time
e Output basecalled sequences in various formats: FASTQ, CRAM or Unaligned BAM

e If areference is provided a sorted and indexed BAM or CRAM will be output for basecalling a
directory of pod5 or fast5 signal data with dorado and aligning it with minimap2 to produce a
sorted, indexed CRAM.

32
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Alternative workflow: nf-core/methylong

ONT workflow

i modcalling

preprocessing alignment methylation calling

convert 2 convert 2

fastq

basecaller

my qur (

-
dorado fastqc J

) nexxiflow

pileup

dorado align
/ minimap2

bam

multiqe

convert 2
bedgraphs

== nf-core/ <

POTtEChOP repair
rim MM/ML tags

samtools
flagstat

PacBio workflow

methylong

modcalling

samtools split convert 2
multiqe index multige strands bedgraphs
A
U pbmm2
mm:
f . fastac samtools pb-CpG-
jasmine qJ L align flagstat k tools plleup
cosmeth minimap2 \ modkit
call_mods allgn multiqc | pileup

convert 2
bedgraphs

samtools
flagstat

alignment methylation calling

DMR

gunzip &
awk

L clair3 whatshap)

fibertools
extract

modkit
call-mods

” fibertools
modkit add-nucleosomes

pileup

SNV calling and phasing

fibertools
predict-m6a

modkit

F modkit dmr
pileup

i
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Coding skills from the tutorial

Setup a project directory

Linux commands
bash command

use resources of an HPC
o  Submit a computing job to slurm with
GPU core requirement

IGV for Visualisation ou ir=/proj/uppmax2025-2-309/nobackup/ngi-epigenomics/students/L

xargs basename .pod5

launch a Nextflow process

34



Pelle

Open a terminal and log in to Pelle by ssh.

NB:S



