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Epigenome regulates gene expression via chromosomal alteration
that does not involve changes in the DNA sequence

Mechanisms of epigenetic regulation
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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
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DNAM measurement

Differentiate mC from C DNA
C > 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
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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



DNA Methylation Array : Human Methylation BeadChip

EPICv1 450K

EPICv2 27K

27K Array 450K EPICv1 EPICv2

> 2008 » 2011 » 2016 » 2023 >

347604 1907

25K probes 867K probes -
CGlin + 23485 45
promoters and 485K probes FANTOMS enhancers 935K probes e
cancer genes + miRNA promoters +
CGl shores & shelves ENCODE open chromatin
99% RefSeq genes FANTOMS enhancers
FANTOM4 promoters Superenhancers
MHC region Common cancer driver
enhancers mutations A
I Excluded (n=143,048)
77.63% homologous to B New (n=182,139)
v I Reinstated (n=24,749)
200K new probes " Retained (n=722,758)

>99% correlation in

methylation values with °
NB:S " WY
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DNA Methylation Array : Human Methylation BeadChip

1551500

T$5200

5'UTR

1stExon

Body

3'UTR

Intergenic

Open sea

Shelf

Shore

Istand

A

279,948 (32,20%)
277,436 (29,63%)
,84%)
F SSI (9.36%)

77,32 647‘)26%)

183,188 (21,07%)
207,996 (22,22%)
55,351 (26,40%)

P 33,901 (3,90%)
32,524 (347%
6,171 (2.%19@) )

156,260 (17,97%)
178,187 (19,03%)
48,743 (23,25%)

| 3 (0,00%)
1 (0,00%)

134,857 (15,52%)
F 162,760 (17,39%)
50,057 (23.39_%)

UONNGUISIP U39

[

Array Type
850K

900K
(new probes)

489,505 (56,30%)
ﬁ 564,983 (60,35%)
157,579 (75,16%.
E 21.6;3 ‘zg?‘*}
1,121
762 «s,&fx)
156,831 (18,04%
158,459 (16,93%
24,962 (11,91%)
161,529 (18,58%)
151,668 (16,20%)
| 1(7,31%)

uonnquIsp puelsi 9dd

Body
5 UTR L 3’ UTR
— ] B
TSS1500 TSS200 1st Exon IGR
200-1500 bp <200 bp
from TSS from TSS
CpGisland (CGI)
>200bp
>50% GC
Open sea Shore Shelf

0-2000 bp from CGlI

Ref: https://doi.org/10.1080/15592294.2023.2185742

2-4000 bp from CGlI
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DNA Methylation Array : Human Methylation BeadChip

genome-wide
single nucleotide EPICv2 EPICv2
resolution (unique prefixes) |(all probes)

low cost, ease of use
widely used in Total Probes 486,427 866,553 931,293 937,690
g&%?leastlon scale cg probes 482,421 (99.18%) 862,927 (99.6%) 926,858 (99.5%) 933,252 (99.5%)

chprobes 3,001 (0.641%) 2932 (0.34%) 2914 (0.31%) 2,914 (0.31%)

and reliability ) 0 )
compatible with ct probes 850 (0.175%) 635 (0.073%) 635 (0.068%) 635 (0.068%)
FFPE tissues nvprobes 0 (0%) 0 (0%) 824 (0.88%) 824 (.088%)

a few non CpG Infinium-| 135,501 (27.9%) 142,158 (16.4%) 127,028 (13.6%) 128,295 (13.7%)
probes Infinium-lI 350,926 (72.1%) 724,395 (83.6%) 804,362 (86.4%) 809,395 (86.3%)
well established “cg”: CpG cytosine methylation probes; “ch”: non-CG cytosine methylation probes; “rs”: common
bioinformatics SNP probes; “nv”: probes for somatic mutations found in cancer; and “ct”: quality control probes.
solutions

A
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Infinium Bead Technology: Type | and Type Il probes

Silica bead affixed with oligonucleotide containing Infinium |
50 base pr0be sequence Unmethylated locus Methylated locus
CTACAAATACGACACCCGCAACCCATATTTCATATATTATCTCATTTAAT e TG °
G C
Cc A-©
] ] ] " . A . {
Bisulfite converted - DNA is hybridised to the Y e 9 &
probe —
Single base extension of the probe with fluorescence GCA X TGC’
N 9 A-@
Fluorescence signal detects the C as thymine (T) , ,
. .. . ¢ 9 Unmethylated bead type | 39 Methylated bead type |:| CpGlocus Bisulfite converted DNA
if originally unmethylated or C if methylated.
Infinium I
.. . Unmethylated locus Methylated locus
Infinium-I chemistry has one color channel & two 5
L) A
bead types %, %%
@
o  Methylated (M) and Unmethylated (U) — B r— o
beads & et
Infinium-1l uses one bead type and two color
Channels ) Single bead type |:| CpGlocus Bisulfite converted DNA

§ o green for M, red for U



Measurement of Methylation Values

Beta value

Bounded value
between 0 to 1

|

e Fraction of cells 8 i
with a methylated C g - " 8 7 o |
e Easier to interpret s | q_ M g - Vival = log. (M 1 @
5 & 8 (A\[ + U + (E‘) 5 g | Muval Ug_)( (Dr + CY) )
M value “ g ”
e Log ratio between s l 'mm ;
o _I}_AMa\r)glLij em|;[/|e F;SSIGS - MmO g e
® -M Va|ue: M<U oTo ofz 0T4 ofs ora 1To -6 -4 -2 0 2 4 6
e Used in statistical Beta-value M-value
model testing
X
)4
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methylumi
minfi

wateRmelon

ChAMP
RnBeads

Analysis Pipeline

Import raw data files (IDAT)

Probe filtering (detection p-value, bea
count, SNPs

Background correction

Adjustment for type |l bias

Cell composition correction
Batch effect analysis
Batch effect correction

Calculation of differentially methylated
positions (DMPs)

i

Identification of differentially methylated
regions (DMRs)
Copy number variation analysis

Biological interpretation

Freely available packages for Infinium 450k data analysis. as Of 20 1 8
Package Use
ChAMP Comprehensive suite of functions: automated pipeline
COHCAP CpG island analysis and gene expression data integration
Comb-p DMR calling
DMRcate DMR calling

Epigenetic clock
EWasher
FastDMA

IMA

Lumi

Marmal-aid

Predictor of sample age

Reference-free cell composition correction

Quantile normalisation and DMP/DMR calling

Preprocessing including normalisation methods; Pipeline option
Background correction, general normalisation

450k database for data integration

13

MethylAid Interface for interactive sample QC

Methylumi Comprehensive suite of functions

Minfi Comprehensive suite of functions

NIMBL Matlab code for QC and DMP calling

RefFreeEWAS ~ Reference-free cell composition correction

RnBeads Comprehensive suite of functions

shinyMethyl Interface for interactive sample QC

wateRmelon Preprocessing including performance metrics and numerous normalisation methods
SeSAMe


https://www.bioconductor.org/packages/release/bioc/html/sesame.html

Qe

Import raw methylation data

Raw IDAT files are in folder named after chip ID
Red/Green signal intensity files per sample

IDAT file name format

5975827018 RO6CO2_Grn.idat

5975827018 RO6CO2_Red.idat

<chip barcode> <chip position>_<channel>

Sample annotation CSV file

dataDirectory <- "/sw/courses/epigenomics/DNAmethylation/array_data/"

# read in the sample sheet for the experiment

targets <- read.metharray.sheet(dataDirectory, pattern="SampleSheet.csv")
# read in the raw data from the IDAT files

rgSet <- read.metharray.exp(targets=targets)

# Go from intensity data to methylation levels

MSet <- preprocessRaw(rgSet)

14



Quality Control to flag poor quality and outlier samples

Median intensity of M vs U

qc <- getQC(Mset)
Beta value distribution plotQC(qc)

o good

Probes detection P value o bad; Wil Saiiigie idex

Internal control probes

13

Bisulfite conversion
Hybridization
Extension

Negative controls

Unmeth median intensity (log2)
11
1

Gender check i

9 11 13

Meth median intensity (log2)

A



Quality Control to flag poor quality and outlier samples

Median intensity of M vs U

phenoData <- pData(MSet)

Beta value dIStrlbUthn densityPlot(MSet, sampGroups = phenoData$Sample_Group)

Probes detection P value

< - n act_naive
act_rTreg

Internal control probes
Bisulfite conversion
Hybridization
Extension

Density
2
]

Negative controls
Gender check

Beta 1 6

A



Quality Control to flag poor quality and outlier samples

Median intensity of M vs U

# Calculate the detection p-values

Beta value distribution 2 e ek He e
# examine mean detection p-values across all samples to identify any failed
PFObeS detect'on P Value | barplot(colMeans(detP), las=2, cex.names=0.8, ylab="Mean detection p-values

5 abline(h=0.05,col="red")

Internal control probes
Bisulfite conversion e

@ act_naive
@ act_rTreg
Hybridization $005 1 @ nane E
’§ W rTreg
Extension g 0
) 3 0.03
Negative controls 3
§ 0.02
Gender check el
000 - ——————————

yQyd]
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Quality Control to flag poor quality and outlier samples

Median intensity of M vs U

controlStripPlot (RGSet, controls="BISULFITE CONVERSION II")

Beta value distribution

Internal control probes P S DI I T (O R . S s

Red Green
Bisulfite conversion Ty - & I
Hybridization
5723646053 R05C02 — @D e o .
Extension
Negat|ve COﬂtrOlS ;é_ 5723646053 R04C02 - =3 e ®e -
Gender CheCk @ 5723646052_R05C02 @ ee® o -
5723646052 R04C01 = "weoe b
5723646052 _R02C02 - (-3 o0 e -

Log2 Intensity
18
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https://support.illumina.com/content/dam/illumina-support/documents/documentation/chemistry_documentation/infinium_assays/infinium_hd_methylation/beadarray-controls-reporter-user-guide-1000000004009-00.pdf

Quality Control to flag poor quality and outlier samples

Median intensity of M vs U
Beta value distribution
Probes detection P value
Internal control probes

Bisulfite conversion

Hybridization

Extension

Negative controls
Gender check

yipd

QC Probes

Control Probe

Purpose

Staining

Extension

Hybridization

Target removal
Bisulphite conversion
Specificity controls

Non-polymorphic

Negative

measure efficiency and sensitivity of staining step (independent of
hybridisation/extension step)

test efficiency of extension of A, T, C and G nucleotides from a hairpin
probe ( sample-independent). The perfect match hairpin controls
should result in high signal, and the mismatch probes in low signal
test the overall performance of Infinium assay using synthetic targets
(not DNA) at 3 concentrations

test efficiency of stripping step after extension

test efficiency of bisulphite conversion by query of C/T polymorphism
check for non-specific detection of methylation signal over
unmethylated background. Specificity controls are designed against
non-polymorphic T sites (G/T mismatch)

query a non polymorphic base A, T, C and G to test overall
performance of the assay from amplification to detection

randomly permutated bisulphite-converted sequences containing no
CpGs. They should not hybridise to DNA. The mean of these probes
determines the system background

19


https://support.illumina.com/content/dam/illumina-support/documents/documentation/chemistry_documentation/infinium_assays/infinium_hd_methylation/beadarray-controls-reporter-user-guide-1000000004009-00.pdf

Quality Control to flag mislabelled samples

Median intensity of M vs U

) ) ) predictedSex <- getSex(GRset, cutoff = -2)$predictedSex
Beta value distribution plotSex(getSex(GRset, cutoff = -2))

Probes detection P value

13.0
I

Internal control probes
Bisulfite conversion

12.0
|

Hybridization
Extension

11.0

Negative controls
Gender check

Y chr, median total intensity (log2)

10.0
l

M 6

5
T T T T T T 1
12.8 13.0 13.2 134 13.6 13.8 14.0

X chr, median total intensity (log2)

20
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Probe Filtering

remove probes with high detection P value
median P > 0.01 across samples, P > 0.01 in nth% of samples
remove probes overlapping SNPs

minfi::dropLociWithSnps

MAF > 0.05
drop probes in X, Y chromosome
remove cross reactive probes

yipd

21


https://rdrr.io/bioc/minfi/man/getAnnotation.html
https://github.com/markgene/maxprobes

Preprocessing, correction and normalisation

Within array:

e Dye bias correction
e Background correction
e Type l/ll probe bias correction

Across array:

e starting material
e labelling efficiency

A

Density

-

Beta distribution, two probe types, Raw

Type |
Type Il

oo 02 04 08 08 10

Beta distribution, two probe types, BMIQ

Type |
— Type ll

22



Yl

preprocessRaw
preprocesslllumina
preprocessSWAN

preprocessQuantil
e

preprocessNoob

preprocessFunnor
m

Normalisation in minfi

Dye Background | Type I/l Within array

Bias Correction Probe bias normalisatio
n

(74 (74 - (4

- - (4

- - (4

v - -

(74 (74 (4

Across array
normalisatio
n

23



yipd

Differentially Methylated Probes (DMPs)

Perform a statistical test to find any significant
association between the methylation state of a
CpG and ttf)AeN Bhenotype of intérest

O )

T-tes VA
o %Niltcoxon rank-sum, Kruskall Walllis test, Fisher’s exact
es

o  Linear model, logistic regression, mixed effects model,
Beta Binomial

minfi uses limma functionality
o Use M-values

Phenotype could be categorical or continuous
o cancer vs normal, between tissue types,
smokers vs not
o age, blood pressure, BMI

Other sources of variation can be accounted for
E.g., plate-to-plate, lot-to-lot variance

covariate in the model

ComBat . _

%\L/JQ/ Surrogate Variable Analysis)

eq

OO0OO0O0O0

Principal Component 2 (27%)

Principal Component 2 (0%)

15

1e-08

-1e-08

-3¢-08

05 00 05 10 15

roupB_1

pupB 2

Unadjusted

* Cancer
& Normal

GroupB 3

T

-1 0 1 2 3

Principal Component 1 (60%)

Adjusted: RUV-inverse

e Cancer
* Normal

GroupB

-1 0 1 2 24

Principal Component 1 (100%)



Differentially Methylated Regions (DMRs)

DMRs can be defined:
heuristically / De novo

Bumphunter, DMRcate,
ProbelLasso, comb-p

functional units

CpG islands, gene bodies,
promoters

A

Methylation

Mean Diff @

-01 01 03 00

0.6

0.4

0.2

"| ® cancer ® normal

T
42233000

T
42233500

T T
42234000 42234500
Chromosome 2

|
42235000

|
42235500

25


https://academic.oup.com/ije/article/41/1/200/650955?login=true
https://epigeneticsandchromatin.biomedcentral.com/articles/10.1186/1756-8935-8-6
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4304833/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3496335/

iy

WGBS

26



Sequencing-based methylation profiling

Enzyme digestion Affinity enrichment Sodium bisulfite
Soma restichon enzvmes Affinity enrichment uses antibodies Sodium bisulfite chemically turns
— Y ; specific for 5™¢C or methyl-binding unmethylated cytosine into uracil,
e N e s roteins with affinity for profiling of hence enabling methylation
inhibited by 5™C in the CpG.  F TNy L Proviing : el
DNA methylation. detection.
Methyl-se
‘MCAy—seqq *MeDIP-seq “REES
Method I *WGBS
SRIOCIONAMPR | nEpLse *MIRA-seq
*MSCC

*MCA: methylated CpG island amplification; *HELP: Hpall tiny fragment enrichment by ligation-mediated PCR; *MSCC: methylation-sensitive cut counting; *MeDIP-seq: methylated DNA
immunoprecipitation; *MIRA: methylated CpG island recovery assay; *RRBS: reduced representation bisulfite sequencing; “WGBS: whole genome bisulfite sequencing; *“BSPP: bisulfite padlock probes.

A


https://www.cd-genomics.com/medip-sequencing.html
https://www.cd-genomics.com/reduced-representation-bisulfite-sequencing.html
https://www.cd-genomics.com/whole-genome-bisulfite-sequencing.html

Challenges:

Read mapping of bisulfite treated DNA

mC mC
BS treatment renders reduced | |
lexit >>CCGGCATGTTTAAACGCT>>
BS treated reads are very different <<GGCCGTACAAATTTGCGAS<

from the reference

mC mC mC
sequence _ Top strand Bottom strand
Up to 4 read alignment needed per . ) .
locus Bisulfite conversion

>>UCGGUATGTTTAAACGUT>> <<GGUCGTACAAATTTGCGA<LK

l PCR amplification l/

OT >>TCGGTATGTTTAAACGTT>> >>CCAGCATGTTTAAACGCT>> CTOB
CTOT <<AGCCATACAAATTTGCAA<K <<GGTCGTACAAATTTGCGA<< OB

2 different PCR products and 4 different sequence strands from one genomic locus

Etag[:h of these 4 sequence strands can theoretically exist in any possible conversion
state

Qe

Ref: https://www.nature.com/articles/nmeth.1828 28



sequence of interest

Bismark

S

3 letter alignment of BS-converted reads

TTGGCATGTTTAAACGTT
C>T N
57 . TTGGTATGTTTAAATGTT..3’

(1) (2)

(3) (a)

TTGGTATGTTTAAATGTT...
.AACCATACAAATTTACAA..
forward strand C -> T converted genome

(equals reverse strand C -> T conversion)

(1) (2) (3) (a)

MR

5’..CCGGCATGTTTAAACGCT...3’

l

read sequence TTGGCATGTTTAAACGTTA
genomic sequence CCGGCATGTTTAAACGCTA

nicthylationeall XZwwBs v vs s @ ¢ seisblis

5’ .TTAACATATTTAAACATT..3’

..CCAACATATTTAAACACT...
..GGTTGTATAAATTTGTGA...

forward strand G -> A converted genome

Fully bisulfite convert read
(as both forward and reverse strand)

Align to bisulfite converted genomes

Read all 4 alignment outputs and extract
the unmodified genomic sequence if the
sequence could be mapped uniquely

Methylation Call

h unmethylated C in CHH context
H methylated C in CHH context
x unmethylated C in CHG context
X methylated C in CHG context
z unmethylated C in CpG context

Z methylated C in CpG context g



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 teeeeaeeannannenanns Beeeneneennnn Keveuns 3 0 P hh...h....hh....
XR:Z2:CT XG:Z2:CT XA:2:1

THISEQ2000-00: 3006: CI3GANACKX: 31 1101 :1310:2007 1:N:0: 147 e T1322232 255 TooM =
71322125 -207
GGTTATTTTAT TTAGGGTTATTGTTTTAGAGTTTTAT TGTTGTGAACAGATATATGATTAAGGTAATTTTTATAAGGATAATATTTAATTGGAGTTGGTT
CCCEEECADCFFFFHHGHGHIIGIHFIJJIJIHFGHGGGEHIJIIJGIGFJIJJJIJIIIIIIGIIJIIGIIIIIIIIJIIIIIIIIIJIIJHHHHHFFFFFCCC
NM:1:21 XX:Z:2G2CClclclcllcllcacloclc4cc4caclc3csc2clac3cl
XM:Z2:..... hh.h.h.x........... ¢ YA XeeXecoons X...h.h....hh....h..h.h...h..... Reehececcoccaces X...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’..cecggecatgtttaaacget..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



Qe

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

.

0.0

0.2

T
04

06

% Methylation

0.8

1
1.0
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Analysis
pipeline

nf-core/methylse
q

Qe

~ . Experiment data:
Input Sslogest Reference + Data type:
experiment genome +  Methylation data
data + Data format:
« FASTA/FASTQ
. Data preprocessing:
Data preprocessing + | Qoally trivkmieg:
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 S| statistics > Data Farsmats
+ SAM/BAM
t TP A AN A ‘ ’ ___________________ Post alignmnent analysis:
P ahgnment Post alignment analysis + Methylation statistics
: + 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:
« Listof di ially methylated sites/regi

32



nf-core/methylseq is a bioinformatics analysis pipeline for BS-seq

iy

bwa-mem align taps workflow
(GPU 8 CPU)

mmm hwa-meth workflow

. bwa-meth align === Bismark workflow
cat Trim (GPU or CPU)

fastq FastQC Galore

=

Bismark align
(Bowtie2/HISAT2)

Samtools
(sort)

Bismark
(deduplicate)

Samtools
(index/stats)

Bismark
(methylation extractor)

nf-COFE/ f @ o
methylseq 2=

Summary (sort/index)

Picard
(MarkDuplicates)

MethylDackel o) rastair
(extract/M-bias) (mbias/call)

e

Targeted Sequencing
(optional)

STAGE

1. Pre-processing

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

preseq Qualimap
(optional) (optional)

MultiQC
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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
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Quality control: base call quality

_ _ A RS Mo cede R
Trim reads of low quality base : T
calls and adapter sequence S

e toincrease mapping %

e toavoid false M calls 3

a
|
Positioninread (bp) -
A 100

Base content (%)
f
)

1 3 5 7 © 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39 41 43 45 47 49 S1 53 55 57 59 61 63 65 67 69 71 73 75

>

Position in read (bp)

A



end repair + A-tailing

= GGGNNNNNNNNNNNNNNNNNNNNNNNNNNNCCCA

m a p ped Q u a I ity co ntro I - e n d re pa i r b i as ?’): - ACCCNNNNNNNNNNNNNNNNNNNNNNNNNNNGGG

wmm CpG methylation
M-bi | 3’-end-repair bias at the first couple of == CHG methylation
-bias plots positions in read 2 of paired-end reads e

CpG total calls
CHG total calls

100

CHH total calls

80

© Bias brought by -

Bias brought by end-
« & 2
a0 repair reaction adaptpr trimming,
negligible

15k

% Methylation
# Methylation Calls

10k

20

5k

w— CpG methylation
Read 2 == CHG methylation
= CHH methylation
CpG total calls
100 CHG total calls

Using --ignore_r2 2 to fix the problem e =

%l 15k

% Methylation
# Methylation Calls

10k

20

sk

10 20 30 40 50 60 70 80 920

Position in Read [bp]

A



mapped Quality control

Bisulfite conversion efficiency

e non CpG sites in mammalian genome*
should

have > 99.5% conversion in a good
experiment

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

DNA degradation during bisulfite conversion

e unique alignment rates
e read length after trimming

Remove C>T SNPs

Deduplication
e recommended for WGBS, not for RRBS

Qe

A

7))
Neuron

.

hESC (H1)
hESC (H9) Glia

>

Non CpG methylation level

Fibroblast

Cell type

Cell type Non Cpg metylation level

S

NPC [

Neuron |10
cia [N
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A

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



A

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
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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()
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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
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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

Overdispersion correction
Covariates can be included in the model

Qe

Input option 1

Aligned reads to the

genome

read.bismark()

Y

Input option 2

Methylation % per

base

fead) Filtering by coverage
fiterByCoverage()
Descriptive statistics
getMethylation Stats() l —
getCoverageStats()
Window/region
based methylation
- scores
Correlation regionCounts()
) A tileMethylCounts()
getCorrelation() - Sample merge |
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

as() getData()

user
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