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The two main components
of the epigenetic code
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ChlP-seq
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Mapping transcription-factor binding locations
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Mapping histone modifications
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Examining 3-D DNA interactions in the nucleus

b ChIA-PET

Nature Reviews Genetics 2012 13:840

a Chromatin conformation capture
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Peak-calling

ChIP-seq
Fundamentally a
signal vs noise problem

ChIP-seq input DNA
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Nature Reviews Genetics 10, 669-680 (October 2009)



Proteins bi'nd in diigferevnt ways
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How much sequence coverage do we need?

Transcription
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For mammalian TFs, chromatin mods like enhancer-
associated histone marks:

- have on the order of thousands of binding sites,

- 20 million reads may be adequate
- (4 million reads for worm and fly TFs).

https://www.ebi.ac.uk/sites/ebi.ac.uk/files/content.ebi.ac.uk/materials/2013/131021_HTS/introduction_to_chip_seq_data_and_analysis-b.gerle_.pdf
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How much sequence coverage do we need?

More binding sites (e.g., RNA Pol Il) or broader factors, including
most histone marks,

- require more reads, up to 60 million for mammalian ChlP-seq.

RNA polymerase I
RNA Polll — enriched R Ml‘m nAam am  AnSA A AAkan A
at TSS but bound FBXO7
-
throughout gene
g g — " F—t——t
body BPIL2 SYN3
T T 3200000 3220000 31240000 n260000

https://www.ebi.ac.uk/sites/ebi.ac.uk/files/content.ebi.ac.uk/materials/2013/131021_HTS/introduction_to_chip_seq_data_and_analysis-b.gerle_.pdf



How much sequence coverage do we need?

e Importantly, control samples should be sequenced significantly
deeper than the ChlIP ones in a TF experiment and in experiments
involving diffused broad-domain chromatin data. This is to ensure
sufficient coverage of a substantial portion of the genome and non-
repetitive autosomal DNA regions.



ChlP-seq statistics

Continuous variables:

Your exact height

Your dog's exact weight

The winning time in a race
Exact distance between stars
Your exact age

Time it takes a computer to
complete a task.

Discrete variables:

The number of lightbulbs that burnout
in a warehouse in a given week.

The number of heads when flipping a
coin 50 times.

The number of students in a class

The number of times you forget the
attachment to an email on Fridays.
The number of green M&Ms in a bag
The number of times a given base is
sequenced.




The Poisson distribution:
discrete distribution to model coverage

P(k discrete events) = Akek / k!

Where e is Euler's constant (2.718), and A is the
average number of occurrences of an event

Example: the "hundred year flood". Thus
A=1 (1 catastrophic flood every 100 years



Example: the "hundred year flood".
Thus A=1 (1 catastrophic flood every 100 years

k | P(k overflow floods in 100
years)
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https://en.wikipedia.org/wiki/Poisson_distribution



Example: expected number of goals in a World Cup game.
Average number of goals is 2.5 k | P(k goals in a World

Cup soccer match)

9 Bk o—2.5 0 0082
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9 50 o—2.5 ~2.5
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Note that A does not have to be a 6 0028

countable integer.

https://en.wikipedia.org/wiki/Poisson_distribution



Poisson distribution with different values of A

0.5
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https://www.umass.edu/wsp/resources/poisson/



|deally, sequencing coverage will follow a Poisson
distribution. But...

https://www.umass.edu/wsp/resources/poisson/
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Negative pinomial 1its sequencing coverage data muchn
better. Ask Rafael Irizarry

https://www.umass.edu/wsp/resources/poisson/



Comparative ChlP-seq: scaling and normalizing
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ChIP-seq input DNA
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Nature Reviews Genetics 10, 669-680 (October 2009)

Sequencing depths from TF

ChIP should be compared to
control (input DNA) to get a
sense of the noise.

When comparing to ChlP-
seq experiments, you need
to normalize the counts /
peaks before doing so. E.g.,
comparing experiments
where one had 10 million
reads and the other had
100 million reads.



Peak-calling -
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http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.100332
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ChlP-seq peak callers

Table S1. Examples of peak callers employed in ChIP-seq.

Point- Broad
Software tool  Version Availability source regions
(peaks) (domains)
LR 1.10.0 hitp://bi d .org/pack lease/bioc/html/BayesPeak.html Yes
[88]
BEADSS [84] 1:1 http://beads.sourceforge.net/ Yes Yes
CCAT [91] 3.0 http://cmb.gis.a-star.edu.sg/ChIPSeq/paperCCAT.htm Yes
ClGenomc 2.0 http://www.biostat.jhsph.edu/~hji/ci: Yes
[56]
CSAR [85] 1.10.0 http://biocond org/pack lease/bioc/html/CSAR html Yes
dPeak 0.9.9 http://www.stat.wisc.edu/~chungdon/dpeak/ Yes
GPS/GEM S
[67,18] 173 http://cgs.csail.mit.edu/gps/ Yes
HPeak [87] 2.1 http://www.sph.umich.edu/csg/qin/HPeak/ Yes
MACS [17] 2.0.10 https:/github.com/tacli/MACS/ Yes Yes
NarrowPeaks! 1.4.0 http://bioconductor.org/packages/release/bioc/html/NarrowPeaks.html ~ Yes
PeakAnalyzer/
PeakSplitter? 14 http://www.bioinformatics.org/peakanalyzer Yes
[89]
});;lkRanger 1.16 http://ranger.sourceforge.net/ Yes Yes
PeakSeq [24] Ll http:/info.gersteinlab.org/PeakSeq Yes
polyaPeak® 0.1 http://web1.sph.emory.edu/users/hwu30/polyaPeak.html Yes
RSEG [92] 0.6 http://smithlab.usc.edu/histone/rseg/ Yes
SICER [90] 1= http://home.gwu.edu/~wpeng/Software.htm Yes
http://gmdd.shgmo.org/Computational-Biology/ChIP-
SIPeS [21] 2.0 Seq/download/SIPeS Yes
SISSRs [19] 1.4 http://sissrs.rajajothi.com/ Yes
SPP [9] ikl http: pbio.med.harvard.edu/Suppl 'hIP-seq/ Yes Yes
USeq [97] 8.5.1 http://sourceforge.net/projects/useq/ Yes
ZINBA [86] 2.02.03  http://code.google.com/p/zinba/ Yes Yes

§ Only for post-processing.

MACS is probably the most widely used



Replicates, replicates, replicates
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Pearson Correlation is one metric
indicative of overall reproducibility
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(b) Scatterplots of pairwise Zic ChlP-seq replicates with Pearson correlation (r) displayed.
Note the correlations are much higher between biological replicates of the same
developmental stage than between P7 and P60 cerebellum.

http://www.nature.com/neuro/journal/vi8/n5/full/nn.3995.html



Irreproducibility Discovery Rate (IDR)

RAD21 Replicates (high reproducibility)
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Interpretation
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The Encyclopedia of DNA Elements Project
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Roadmap Epigenomics Project
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Bisulfite sequencing

Chris Miller, Ph.D.
Washington University in St. Louis

Some slides adapted from:
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The two main components
of the epigenetic code

Epigenetics

DNA methylation

Methyl marks added to certain
DNA bases repress gene activity,
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Histone tails

Histone modification

A combination of different
molecules can attach to the ‘tails’
of proteins called histones. These
alter the activity of the DNA
wrapped around them.

Histones

Y

Chromosome

http://www.nature.com/nature/journal/v441/n7090/full/441143a.html



DNA Methylation

- Mostly happens at CpGs

- About 25 million CpGs in
human genome
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DNA Methylation

- CpG lslands

- Length >= 200 bp
GC% > 50%
o/e CpG ratio > 60%

- Selective pressure/
Evolutionary constraint

e DOI:10.1007/s00018-003-3088-6

A CpG-poor promoters 500 bp
Serum Albumin =
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p-Casein =]
{ o S D | [ M 11 | o | { |
mTrrmnm 1rr ol LI I LI L 1
Mgl E
—H—H—H—— - H-HHH—HH-H—H
T T 10 LIS I LI T N L B O
B CpG island promoters
DECR =
1 (| 1 | 1
T [ T
c-Kit (=] ;
] l (NI
I T b -
Rps18 =


https://doi.org/10.1007/s00018-003-3088-6

Islands, shores, and shelves

open sea (interCGl) CpG shore CpG shore open sea (interCGl)

CpG shelf CpG island (CGl) CpG shelf

https://bioconductor.org/packages/release/bioc/vignettes/annotatr/inst/doc/annotatr-vignette.html



What does DNA methylation do?

- The short answer: It depends!

X Chromosome

- X-chromosome inactivation

- Silencing of transposable
elements

f"éﬁ.;
-
- Cellular differentiation . g5

Y Chromosome

- Cancer - hypo/hypermethylation



MGMT and Temozolomide

- TMZis an alkylating agent -
damages DNA, causes cell death

-  MGMT “cleans up” the damage

- Methylation of the MGMT
promoter is linked to better

outcomes!

No DNA
repair




Methylation Patterns

Methyltransferases that act
locally
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Methylation Patterns

Methyltransferases that act
locally

Other alterations (or treatments)
that act globally
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Bisulfite sequencing

NH, NH,

NZ | hied NZ H,0 HN O HN |
A T A TN A Thso, oA
07 N OH 07 N7 so, 0~ N7 Tso, HSO; o7 N

H H NHZ H H
cytosine cytosine uracil uracil
sulphonate sulphonate

NH,

. )j/cm S0,
A éo%

H
5-methylcytosine

https://en.wikipedia.org/wiki/File:Bisulfite_conversion.svg



Bisulfite sequencing

Allele 1 (methylated) Allele 2 (unmethylated)
m
---ACTCCACGG---TCCATCGCT--~- ---ACTCCACGG---TCCATCGCT-~--
---TGAGGTGCC-=~-AGGTAGCGA-~~ ---TGAGGTGCC---AGGTAGCGA---

Bisulfite treament
Alkylation
Spontaneous denaturation

---AUTUUAUGG---TUUATCGUT--- ---AUTUUAUGG---TUUATUGUT---

---TGAGGTGUU---AGGTAGCGA--- ---TGAGGTGUU---AGGTAGUGA---

\/

Non-methylation-specific PCR
Methylation-specific PCR

'

Differentiation of bisulfite-generated polymorphisms

https://en.wikipedia.org/wiki/File:Wiki_Bisulfite_sequencing_Figure_1_small.png



Bisulfite sequencing

Watson >>AC*GTTCGCTTGAG>> ™ methylated
Crick <<TGC"AAGCGAACTC<< C  Un-methylated

1) Denaturation ﬂ

Watson >>AC"GTTCGCTTGAG> >

2) Bisulfite Treatment ﬂ

BSW >>AC"GTTUGUTTGAG>>

3) PCR Amplification @

BSW >>AC"GTTTGTTTGAG>>
BSWR <<TG CAAACAAACTC<<

BSMAP: whole genome bisulfite sequence MAPping program. BMC Bioinformatics 10:232

Crick <<TGC*AAGCGAACTC<<

BSC <<TGC"AAGUGAAUTU<<

BSC <<TGC"AAGTGAATTT<<
BSCR >>ACG TTCACTTAAA>>



Whole-genome Bisulfite Sequencing (WGBS)

Need a special aligner - has to expect many C > T mismatches!

- BSMAP

- bismark

- BWA-meth
- biscuit



Methylation calling

- Determine methylation fraction at each site in the genome

- Count the Cs and Ts, taking strandedness into account

- Some tools account for SNPs while doing this



Methylation calling

- Determine methylation fraction at each site in the genome

- Count the Cs and Ts, taking strandedness into account

- Some tools account for SNPs while doing this

- Why isn’t every position 0%, 50% or 10'(_)%?
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Methylation calling

Determine methylation fraction at each site in the genome

Count the Cs and Ts, taking strandedness into account

- Some tools account for SNPs while doing this

- Why isn’t every position 0%, 50% or 100%?
- we're sequencing a population of cells!
[ TP T
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Workflow/File formats

- Aligning: FASTQ > BAM/CRAM

- Pileup: BAM/CRAM > VCF

(entries for every site, allele frequencies)

- VCF > bedgraph

chr, start, stop, beta_value (methylation fraction)

- bedgraph > bigwig (for visualization in IGV)

- There are workflows for this!



|GV visualization
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Differentially methylated regions

- Comparing two groups to find changes

- Finding DMRs is a segmentation
problem

-  We use a tool called metilene

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4728377/
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Differentially methylated regions
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Number of samples matters!

Number of DRMs
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Canyon Plots
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DNMT3A deficiency
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DNMT3A deficiency

- Mouse models (and human
data)

- Looking at context, effects,
and reversibility

https://www.pnas.org/content/117/6/3123.full
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DNMT3A deficiency

- Mouse models (and human
data)

- Looking at context, effects,
and reversibility

https://www.pnas.org/content/117/6/3123.full
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