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Outline of the lecture

Purpose: introduce basic steps and key considerations in ChlP-seq analysis

1. Epigenetics - fundamental concepts
2. The ChlP-seq method

3. What kind of information can we obtain from ChIP-seq?
4. Study design
5. ChiIP-seq analysis workflow:

a. Preprocessing

b. Quality controls

c. Isolation of enriched regions

d. Analysis of enriched regions

e. Visualization

f. Average profiles
g. Comparative analysis of enriched regions



Epigenetics - inheritance, but not as we know it

Non-genic memory of function transmitted from generation to

generation (A. Bird)
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Adapted from Conrad Hal Waddington (1942)

Factors which are analysed:

- DNA methylation
- nucleosome occupancy

- histone modifications

- transcription factors

- RNA-polymerases

- chromatin modifying enzymes
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Chromatin Immunoprecipitation
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What kind of information can we obtain from the

High-Resolution Profiling of Histone
Methylations in the Human Genome
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What kind of information can we obtain from the
ChlIP-seq experiments ?
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To summarize - the most frequent tasks are:

1. Visualization along the genome

2. Peak finding and analysis (localization, co-
occurrences, motifs)

3. Heatmaps of signal and average profiles at
various genomic loci



But before we start the analysis...
ChlIP-seq: considerations for study design

 Distribution of modification - number of sequenced reads
 Paired vs. single end sequencing - fragment length estimation
* |gG control (pros and cons)

e Input control

* Biological replication!
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ChlP-seq: sequencing depth matters
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ENCODE consortium guidelines

For mammalian genomes such as human and mouse:

1. > 20M aligned reads for broad marks
2. > 10M aligned reads for TFs



Paired vs. single end sequencing

- paired end sequencing is always useful (nucleosome positioning)
however not absolutely necessary
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The estimation of the length of the ChIP fragments
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*Binning - visualization and signal distribution analysis
*Quality control check
*Peak finding



Fragment length estimation - quality controls

1
Number of called regions F - .
“phantom” peak //ChIP peak ©
)
" o
3. = E 0.1
= /*‘”\\ =
I E
ll[ HH \\ o
sl | . W 0.01]
E o | =
2 || \ g
Bl o
g f =
g . | \\ w 0.0014
i |I n.
|I (14
II[ W .
0.00014
g1 | | | : 1 2 4 8 16
2 100 200 00 400 NSC (Normalized Strand Cross-correlation)
strand shift
G Successful Marginal Failed
— o — T:'\. ---------- E- ' o= |
x| [\ cclfragment_length) o | 2] |
(=] rll' : ;llll | |:| [=1 ;
{ \ = L
AR e | .| |
/ \ cc(read_length) = H a1 M
5‘3 -— -I\/— - O . . . . O . . . E I'l § '.l
E = | \ E %' '::. g i ":'I
s | | 8o i 281 |
851 / \ i [\ N I
o ;.' a . "'\-'"/ L o [ |
81/ 2 SH
= it ER
o ! | B 4 ™
34 . E_ : \\\ 2 -: I II"\-“-\_.-._,»,’.. #"‘-'v"‘/ﬁu M-\‘ﬂ'—\_ﬂ-\_
(=] % g— fl
----- i EIC—C] -— . - --\-— - - §— H“L...h '
: 100 20 120 pa - i - . - : 100 %0 %0 @
strand shift strand shifl strand shift
NSC = cc(fragment length) RSC = cc(fragment length)—min(cc)
- min(cc) cc(read length) —min(cc)

Landt 2012 Figure 4. (Legend on next page)



ChlIP-seq: considerations for study design

* |gG control (pros and cons)
* Input control
* Biological replication



Finding enriched regions

Enriched regions (‘peaks’) -
regions with signal which is
significantly higher than the

BN  [IWWA/M  background - input or IgG

Input reads - background reads’
_ distribution exhibits a degree of

clustering that is significantly

greater than expected from a
I ..I Il “ I II I - homogenous Poisson process
s 9__ ol LU (P-value< 106, Kharchenko et
al., 2008)
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Analysis [

Readv quality check R: ‘ShortRead package :: ga()
workflow i q¢ 4 ’
Alignment \'( Aligners: e.qg.: bowtie2
Filtering: M camiools
- remove reads with poor bedtools
alignment score R
- remove PCR duplicates

¥ v /

Enriched region Estimation of the L ,

) (peak) isolation fragment length \1 R: chipseq
Replicate analysis Read extension \q R: ‘GenomicRanges’
Motif finding Functional Binning \1 R: ‘GenomicRanges’

annotation of
peaks I
v \

Visualization Average profiles




Model-based analysis of /Treament 7 o 7
ChiP-seq (MACS) — IR

)

( Remove redundancy ) ( Remove redundancy
Method . _ : _

Model-based Analysis of ChlP-Seq (MACS) ¢ |
Yong Zhang™*, Tao Liu*", Clifford A Meyer”*, Jérome Eeckhoute’, [ h
’

David S Johnson*, Bradley E Bernstein3', Chad Nusbaum9,

. . e . . 0- to 30-fold enrich t relati
Richard M Myers¥, Myles Brown', Wei Li# and X Shirley Liu* .. <

to the genome background

v

- removes PCR duplicates [Bugﬁ??rizlﬁggti?ln?e]

Select 1,000 regions with a J
e

- d is estimated by picking highly enriched ("shift reads tov‘vl;d 3 endby d )
regions and looking at the distance H’J
between modes of positive and negative Vb
strand read pileups. Reads are extended | SEEmsims )
towards this midpoint (building peak model) ‘l'

( Call candidate peaks relative to genome background )
- Sliding window of 2d to find significantly TN —
enriched bins using Aiocal. We obtain ‘ ‘l, |

enrichment P-value ( Calculate P value and filter candidate peaks )f

i

- eFDR by Swapping control and treatment ( Calculate FDR by exchanging treatment and control )




Several examples of peak callers

SICER - designed to deal with histone type data
PeakSeq,|chromHMM|..

Peak callers in | Bioconductor

OPEN SOURCE SOFTWARE FOR BIOINFORMATICS

MOSAICS - suitable for TF and histone modification data

BayesPeak - suitable for TFs and histone modifications displaying peak-
like signal

ChlPseqgR - suitable for nucleosome positioning analysis

PICS CSAR NarrowPeaks CSSP ....



http://home.gwu.edu/~wpeng/Software.htm
http://home.gwu.edu/~wpeng/Software.htm
http://info.gersteinlab.org/PeakSeq
http://info.gersteinlab.org/PeakSeq
http://www.bioconductor.org/packages/release/bioc/html/CSSP.html
http://www.bioconductor.org/packages/release/bioc/html/CSSP.html
http://www.bioconductor.org/packages/release/bioc/html/NarrowPeaks.html
http://www.bioconductor.org/packages/release/bioc/html/NarrowPeaks.html
http://www.bioconductor.org/packages/release/bioc/html/CSAR.html
http://www.bioconductor.org/packages/release/bioc/html/CSAR.html
http://www.bioconductor.org/packages/release/bioc/html/ChIPseqR.html
http://www.bioconductor.org/packages/release/bioc/html/ChIPseqR.html
http://www.bioconductor.org/packages/release/bioc/html/mosaics.html
http://www.bioconductor.org/packages/release/bioc/html/mosaics.html
http://www.bioconductor.org/packages/release/bioc/html/BayesPeak.html
http://www.bioconductor.org/packages/release/bioc/html/BayesPeak.html
http://www.bioconductor.org/packages/release/bioc/vignettes/PICS/inst/doc/PICS.pdf
http://www.bioconductor.org/packages/release/bioc/vignettes/PICS/inst/doc/PICS.pdf

Peak processing - quality controls

- how do we decide whether samples and peaks are OK?
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Analysis

[

Readyv quality check R: ‘ShortRead package :: ga()
workflow . q¢ i ’ ’
Alignment \'( Aligners: e.qg.: bowtie2
. V|
Filtering: samtools
- remove reads with poor bedtools
alignment score R
- remove PCR duplicates
I I
[ v v /
_ Enriched region Estimation of the g ,
e.9.: MACS |V (peak) isolation fragment length \1 R: ‘chipseq

Motif finding

/| v

\heplicate analysis

v v

Functional
annotation of
peaks

v /

Read extension \q R: ‘GenomicRanges’

Binning \1 R: ‘GenomicRanges’

\

-) Visualization Average profiles




Visualization - seeing is believing

R - Gviz package
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Visualization - other tools

IGB - Integrated Genome Browser -
http://bioviz.org/igb/index.html

Chromosome 2 (Custom Genome 1) - Integrated Genome Browser 7.0.3
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http://bioviz.org/igb/index.html
http://bioviz.org/igb/index.html
https://www.broadinstitute.org/igv/
https://www.broadinstitute.org/igv/

Visualization - file formats
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Analysis

Readyv quality check R: ‘ShortRead package :: ga()
workflow Y q¢ . ’ PREIRES =4
Alignment \'( Aligners: e.qg.: bowtie2
. V|
Filtering: samtools
- remove reads with poor bedtools
alignment score R
- remove PCR duplicates
I I
[ v v /
_ Enriched region Estimation of the g ,
e.9.: MACS |V (peak) isolation fragment length \1 R: ‘chipseq

/| v

\heplicate analysis

v v

v /

Read extension \q R: ‘GenomicRanges’

Binning \1 R: ‘GenomicRanges’

Motif finding Functional
annotation of | <=
peaks
R: ‘Gviz” / \
IGB Visualization
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Peak analysis

Frequently asked questions include:

- Localization of peaks with respect to functional elements in the genome (promoters, gene
body, introns, transcription termination sites, intergenic regions etc.)

- Co-ocurrence between enriched regions

- The distribution of signal at the peaks

- provides functions performing peak annotation to promoters etc.

- easy access to data bases including gene annotation, sequence conservation,
sequence retrieval etc.

- fast comparison between genomic intervals:
findOverlaps()
countOverlaps()
nearest()
Easy peak annotation to pre-established or new genomic features, cross-comparisons
between peak locations and any kind of imaginable analysis

- visualization of two or multi-sample overlaps

- integrates ChlP-seq analysis with differential expression


http://www.bioconductor.org/packages/release/bioc/html/ChIPpeakAnno.html
http://www.bioconductor.org/packages/release/bioc/html/ChIPpeakAnno.html
http://www.bioconductor.org/packages/release/bioc/html/biomaRt.html
http://www.bioconductor.org/packages/release/bioc/html/biomaRt.html
http://www.bioconductor.org/packages/release/bioc/html/GenomicRanges.html
http://www.bioconductor.org/packages/release/bioc/html/GenomicRanges.html
http://cran.r-project.org/web/packages/VennDiagram/VennDiagram.pdf
http://cran.r-project.org/web/packages/VennDiagram/VennDiagram.pdf
http://www.bioconductor.org/packages/release/bioc/html/Rcade.html
http://www.bioconductor.org/packages/release/bioc/html/Rcade.html

Peak analysis - GREAT tool

e OO0 / [§ GREAT Input: Genomic Re... * "K-i-

( €& ) @ bejerano.stanford.edu/great/public/html/ ¢ | (Q Search

Dl

EREA Overview News UseGREAT Demo Video HowtoCite Help Forum

GREAT version 3.0.0 current (02/15/2015 to now) :I

GREAT predicts functions of cis-regulatory regions.

Many coding genes are well annotated with their biological functions. Non-coding regions typically lack such annotation. GREAT assigns
biological meaning to a set of non-coding genomic regions by analyzing the annotations of the nearby genes. Thus, it is particularly useful in
studying cis functions of sets of non-coding genomic regions. Cis-regulatory regions can be identified via both experimental methods (e.g.
ChIP-seq) and by computational methods (e.g. comparative genomics). For more see our Nature Biotech Paper.

News
_,_v‘_.
e AN Feb 15, 2015: GREAT version 3.0 switches to Ensembl genes, adds the mouse mm10 assembly, and adds new ontologies.
e Apr 3, 2012: GREAT version 2.0 adds new annotations to human and mouse ontologies and visualization tools for data exploration.
e Feb 18, 2012: The GREAT forums are released, allowing increased user-to-user interaction

More news items...

Species Assembly () Human: GRCh37 (UCSC hg19, Feb/2009)
(® Mouse: NCBI build 37 (UCSC mm$9, Jul/2007)
) Mouse: NCBI build 38 (UCSC mm10, Dec/2011)
) Zebrafish: Wellcome Trust Zv9 (danRer7, Jul/2010) Zebrafish CNE set
Can | use a different specles or assembly?

Testregions @) BEDfile: | Browse... ] No file selected.
) BED data:


http://bejerano.stanford.edu/great/public/html/
http://bejerano.stanford.edu/great/public/html/
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Analysis

Readyv quality check R: ‘ShortRead package :: ga()
workflow Y q¢ Y ’
Alignment \'( Aligners: e.qg.: bowtie2
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alignment score R
- remove PCR duplicates
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Motif finding V' Functional R: ‘ChIPpeakAnno”

annotation of | g4
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v /
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IGB Visualization
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Peak analysis - motifs

- provides functions performing motif discovery

- complete suite for motif finding

v

Position Weight Matrix (PWM) - describes the probability of each nucleotide at each
position of a motif
JASPAR/TRANSFAC - data bases of PWM

R: MotifDb, FIMO and others



http://meme-suite.org/
http://meme-suite.org/
http://rsat.ulb.ac.be/
http://rsat.ulb.ac.be/

069 / M Introduction - MEME Suite

@@meme-suite.org 'C'] (Q search ) %8 + A 4809 } =

The MEME Suite

each software tool or resource.
Click to submit a job to the
or to view database detads.

[Houn-ov«!orinfomnﬁonon

m MEME-ChIP

Motif Analysis of Large Nuckotice Datasets

g Gene Onttology for Motits

‘W\g Unique Genomic Targets




Analysis [

Readv quality check R: ‘ShortRead package :: ga()
workflow y‘u Y ’ PRrIRSE -
Alignment \'( Aligners: e.qg.: bowtie2
Filtering: M camiools
- remove reads with poor bedtools
alignment score R
- remove PCR duplicates

[ ¥ v /
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annotation of | gt
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Co-enrichment and signal distribution analysis

Smc1a occupied regions
43,687

Kagey 2010
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Promoters

Visualization
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http://www-huber.embl.de/HTSeq/doc/overview.html
http://www-huber.embl.de/HTSeq/doc/overview.html

Comparative peak analysis

Condition 1 Condition 2

Threshold issues affecting all qualitative analyses



Comparative peak analysis

DiffBind

1. Count reads in peaks in all the replicates and conditions
2. Perform edgeR or DESeq2 analysis - dba.analyze()
3. Provides various plotting functions

MMDiff

1. Count reads in peaks in all the replicates and conditions
2. Performs DESeq normalisation
3. Compares peak shapes using kernel based statistical tests


http://www.bioconductor.org/packages/release/bioc/html/DiffBind.html
http://www.bioconductor.org/packages/release/bioc/html/DiffBind.html
http://bioconductor.org/packages/release/bioc/html/MMDiff.html
http://bioconductor.org/packages/release/bioc/html/MMDiff.html

ChIPQC package for quality control checks and
quantitative analysis of peak strengths

1. Plotting coverage histograms for peaks

2. Cross-coverage analysis in the function of shift sizes
3. Plotting peak profiles

4. Sample clustering
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http://bioconductor.org/packages/release/bioc/html/ChIPQC.html
http://bioconductor.org/packages/release/bioc/html/ChIPQC.html
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