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Hands-on introduction to ChIP-Seq analysis

Morgane Thomas-Chollier
mthomas@biologie.ens.fr

Computational Systems Biology
Institut de Biologie de I’Ecole Normale Supérieure, Paris, France

VIB Bioinformatics Training — Leuven (Belgium) — 20th May 2016

Goal and organisation of the day

Goal: introduction to ChlIP-seq data analysis
e processing steps: from reads to peaks.
* downstream analyses:
- deciding which downstream analyses to perform depending on the
biological question.
- focus on motif analyses

Schedule

09h30-10h00 Short introduction, computer warm-up, overview of the analyses
10h00-12h30 Hands-on training: processing steps

LUNCH©

13h15-15h15 Hands-on training: downstream analysis: motifs
15h30-17h00 Discussion, feedback and questions

Don’t hesitate to ask questions ©

19/05/16



Why will we use the command-line ?

* To use a program, you usually click on the
program’s icon. e.g. Firefox

* The command-line is the « secret backdoor » to
use a program. You need a shell (= Terminal) and
type the name of the program you want to launch
init:

[morgane@mac-0174 1% firefox

*  Why is it useful (and mandatory sometimes !):

- Some programs can only be run from the command-line (no icon for them)

-  When you want to use a program that is not directly installed on your machine.
You can connect to a remote machine via the terminal, and run the program
there.

— To run the same program 1000 times, you might not want to click on the icon
1000 times. Instead, you can write a short program that will automatically run its
command-line 1000 times.

Biological concepts of transcriptional regulation

Transcription factors are proteins
that modulate (activate/repress)
the expression of target genes
through the binding on DNA cis-
regulatory elements

Transcription

Proximal TFBS

CRM s a
Wasserman et al, Nat Rev Genet, 2004 ———— Transcription possible

E%i?&

Gene “switched on” v

« Active (open) chromatin

+ Unmethylated cytosines
(white circles)

+ Acetylated histones

Transcription Factors /
Co-activators

Chromatin accessibility (open/
close) and histone modifications
(eg: acetylation) also regulate

Gene “switched off”
« Silent (condensed) chromatin

gene expression

Morgane Thomas-Chollier

« Methylated cytosines
(red circles)
+ Deacetylated histones

; Transcription impeded Q

Wikipedia
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in vivo experimental methods to identify binding sites

ChIP (=Chromatin Immuno-Precipitation) _
DNA-protein
+ cross-linking
=> differences in methods @
to detect the bound DNA v Celllysis
-small-scale: PCR / gPCR v Sonication or
0;6%‘%00 enzyme digestion
.
- large-scale: /// \\\ Az
- microarray = ChIP-on-chip .g.wn Fragmented
- sequencing = ChlP-seq L= !
+ Immunoprecipitation
A with specific antibody
F l. Immune precipitate
{  (ChIP material)
Main challenge: -
) oo . . + DNA purification
-quality/specificity of the antibodies ==
/ Analysis of bound DNA
v \ N
oAl
Eis Sequencmg
qPCR Microarray
Morgane Thomas-Chollier http://www.chip-antibodies.com/

ChlIP-seq is a recently-adopted technique !

Pubmed hits per year for "ChiP-Seq"

400 —

300

200 -

1
. _ =u=ll

2005 2006 2007 2008 2009 2010 2011 2012 2013 2014

Morgane Thomas-Chollier
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ChlP-seq applicati

ons

* find all regions in the genome
bound by
* a specific transcription
factor
* histones bearing a
specific modification

* inagiven experimental
condition (cell type,
developmental stage,...)

The obtain ChIP-seq profiles have
different shapes, depending on
the targeted protein

Morgane Thomas-Chollier

d ~ L ull

Y VG Sy : ek bk,

- - e . ammie - ¥

-

Park, Nature reviews 2009

ChIP-seq experiments for profiling TF binding

chromatin
w///%m protein of interest (p53)
7

& Y

>\ Q antibody “selects” £

fragments with p53 -
Y

J
\_—.

purified
DNA fragments

(N3
~__—  ceatcet™

sequenced
~— fragments

— get mapped

Q

[T ) T WY

binding sites map

T T > o T W W W W)
human chromosome K. Botcheva 2011
Morgane Thomas-Chollier

to genome e
enomic DNA
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Bioinformatics processing of ChiP-seq datasets

purified
DNA fragments

N
__— c,GATcG\GTO

sequenced
fragments
get mapped
to genome

Lot L

binding sites map

human chromosome

@SRR002012.1 Oct4:5:1:871:340 d L J.Lll
GGCGCACTTACACCCTACATCCATTG ? eq mput DN

: E—
IIIIG1?II;ITITI1ITIII1%.171 P

> 50 millions

Morgane Thomas-Chollier

L - e aE————-

Bioinformatics processing of ChiP-seq datasets

purified
DNA fragments M
__— c,GATcG\GTO
sequenced
fragments
get mapped
to genome

Lot AL

binding sites map

human chromosome

* Multiple analysis steps

Morgane Thomas-Chollier
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Bioinformatics processing of ChiP-seq datasets

purified
DNA fragments

R
__— c,GAToG\GTO
~__ sequenced

fragments
get mapped
to genome

genomic DNA

Lol JLLLLLL

il e i

binding sites map

human chromosome

* Multiple analysis steps
* Efficient programs (>50 Millions reads per experiments)

Morgane Thomas-Chollier

ChlP-seq analysis workflow

Data preprocessing Read mapping

Functional analyses

the original genome

Quality check experiment ‘ —| Condition 1

/ Peak-to-gene assignment

! Motif search
Peak conservation

Quantitative changes

éontro V(input)

L.
\\ Peak calling and Comparative analyses . N\
i visualization '
Raw sequence tags Mapped reads in sualizatio

GO and expression analysis
)

Sequence analyses
Read density \ "
ns) Condition 2 a (')JCM\TE;T
TR 1728746267
Global similarity

Sequence conservation

Processing steps Downstream analyses

Morgane Thomas-Chollier
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Control: input

- S
-

I~

(control without IP)

DNA-protein
v cross-linking
v Cell lysis
v Sonication or
o a enzyme digestion
%oo%“ ~~
g N
pa N ¥
_m_m_m Fragmented
o chromatin I
+ Immunoprecipitation
4 with specific antibody
lv& m Immune precipitate

- (ChIP material)
-
+ DNA purification
N——

h— Analysis of bound DNA
/ ¥ o\ \

(ol

Sequencing

gPCR _ Microarray

From sequence reads to peaks

experiment Input
FASTQ FASTQ

sequences (reads length 36 / 50 / 75 bp, single-end/paired-end)

from lllumina

Morgane Thomas-Chollier
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FASTQ format1 read = 4 lines FASTA format

Q@SRR002012.1 Oct4:5:1:871:340 >SRR002012.1 Oct4:5:1:871:340
GGCGCACTTACACCCTACATCCATTG GGCGCACTTACACCCTACATCCATTG
+ >SRR002012.2 Oct4:5:1:804:348
IIIIG1?II;IIIITI1IIIII1&®.I7I GTCTGCATTATCTACCAGCACTTCCC
@SRR002012.2 Oct4:5:1:804:348 >SRR002012.3 Oct4:5:1:767:334
GTCTGCATTATCTACCAGCACTTCCC GCTGTCTTCCCGCTGTTTTATCCCCC
+ >SRR002012.4 Oct4:5:1:805:329
IIIITIIIII'I2IIIII:)I2II3IO0 GTAGTTTACCTGTTCATATGTTTCTG

Q@SRR002012.3 Oct4:5:1:767:334
GCTGTCTTCCCGCTGTTTTATCCCCC

+

IIISIIIIITI3III6IISII*III3
@SRR002012.4 Oct4:5:1:805:329
GTAGTTTACCTGTTCATATGTTTCTG

+

IIIITIIOIIIIII?IIIIIIII7II

adapted from Wikipedia

IITITIIITIITIIIIIIIIIIIIIIIIITIITIIIIIII. .. ..
................................. JJJJIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIITTIT e e e e et it inennnnnn
1"#$%&" () *+,-. /0123456789 : ;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ [\]* “abcdefghijklmnopgrstuvwxyz{|}~
| | | | |

33 59 64 73 104 126
[ 40

S - Sanger Phred+33, raw reads typically (0, 40)

X - Solexa Solexat+64, raw reads typically (-5, 40

I - Illumina 1.3+ Phred+64, raw reads typically (0, 40
J - Illumina 1.5+ Phred+64, raw reads typically (3, 40
with O=unused, l=unused, 2=Read Segment Quality Control Indicator (bold)

Hands on !

* Go to the companion website

http://morgane.bardiaux.fr/chip-seq-training/

* Read the introduction
* Follow all steps of Downloading ChiIP-seq reads from NCBI

Morgane Thomas-Chollier
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From sequence reads to peaks

experiment Input

FASTQ FASTQ

sequences (reads length 36 / 50 bp, single-end)
from lllumina

Data preprocessing

FASTQC -
Raw sequence tags
Quality check
Morgane Thomas-Chollier
@FastQC Report WRS0-GR,

Summary

@ Basic Statistics
@ Per base sequence quality

@ Per sequence quality scores . Quality scores across all bases (Sanger / lllumina 1.9 encoding)

@ e base seauence contt oo IO CSHHAH H

@ Per base GC content *

7] Per base sequence quality

-

34

() Per sequence GC content 22
@ Per base N content 30 dL

28 =

@ Sequence Length Distribution

26
@ Sequence Duplication Levels 24
22

@ Overrepresented sequences

20
@ Kmer Content 18

http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/




Hands on !

* Go to the companion website
http://morgane.bardiaux.fr/chip-seq-training/

* Follow all steps of Quality control of the reads and statistics

Morgane Thomas-Chollier

From sequence reads to peaks

purified
DNA fragments

genomic DNA
[ W N I

binding sites map

P\v
cGATCGG

sequenced
fragments
get mapped
to genome

Read mapping human chromosome

Mapped reads in
the original genome

mapping

FAST FAST S —
Q Q Bowtie
BWA

19/05/16
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From sequence reads to peaks

A

{ . .GATTAATAGC. .

Find the position of each sequenced
fragment on the reference genome ofthe
studied organism

from lllumina

Morgane Thomas-Chollier

©)

DNA-protein
v cross-linking
+ Cell lysis
+ Sonication or
- enzyme digestion
%w%"c ~~
, o0
/ \ A2

o T Y
Fragmented
chromatin ]

Immunoprecipitation
with specific antibody

Immune precipitate
(ChIP material)

DNA purification

/ y s \ Analysis of bound DNA

FASTQ [eSS———
= =
PCR
sequences (reads length 36) '

Sequencing

gPCR Microarray

http://www.chip-antibodies.com/

Read mapping

HHEEEH

(I AT

2 3 4 5 7 8
Human chromosomes
FASTQ
ATGCGATTA

Morgane Thomas-Chollier

I

19/05/16
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Read mapping

EEERR..

SHHEHD

3 14 15 16 17 18 19 20 21 22

(I AT

Human chromosomes

FASTQ

ATGCGATTA

Morgane Thomas-Chollier

Genomic coordinates

Chromosome 5 Total Length : 181,538,259 bp

5
alignment
FASTQ
ATGCGATTA

Morgane Thomas-Chollier
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Genomic coordinates

181,538,259 =

align

FASTQ

ATGCGATTA

Chromosome 5 Total Length : 181,538,259 bp

ment

Morgane Thomas-Chollier

Genomic coordinates

181,538,259 =

align

FASTQ

ATGCGATTA

Chromosome 5 Total Length : 181,538,259 bp

u 125,326,318 start

125,326,358 end

ment

Morgane Thomas-Chollier

19/05/16
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Genomic coordinates

FASTQ

ATGCGATTA

181,538,259 =

Chromosome 5 Total Length : 181,538,259 bp

u 125,326,318 start
125,326,358 end

h

Genomic coordinates:

chr5 125326318 125326358

alignment

Morgane Thomas-Chollier

From sequence reads to peaks

FASTQ FASTQ

purified
DNA fragments (N
—— cGATCGG
sequenced
S fragments
_— get mapped
- —_ to genome

genomic DNA

I

seniallosl

binding sites map
Read mapping

human chromosome

Mapped reads in
the original genome

mapping
_—
Bowtie

BWA

19/05/16
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Hands on !

* Go to the companion website
* Follow all steps of Mapping the reads with Bowtie
* If you have the time, do the bonus exercise

Morgane Thomas-Chollier

From sequence reads to peaks

400 IMR98_GR Fositive Strand

IMR96_GR Fositive

= e [ 1 .. B U I I .
| TF 8 _ IMR968_GR Negative Strand

IMR96_GR Negative

408 -INRQB_IH Fositive Strand

IMR96_In Fositive

-8 _ . __ I I I I I A I O ] L
Input LI IMR96_In Negative Strand

IMR96_In Negative

UCSC Genes Based on RefSeq, UniFrot, GenBank, CCDS and Com

FKBPS /ucee3oky. 2 <
RefSeq Genes

FKEFS <K
ne onginai genome j s )
e BAM
SAM
mappin . oot
pping BED visualization [HkkS
: BAM NIl BEDGRAPH
Bowtie SAM

Morgadne Thomas- ier

19/05/16
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Quality check on the mapped reads

* ENCODE consortium have defined guidelines for ChlP-seq
experiments and bioinformatics processing

Landt SG, Marinov GK, Kundaje A et al. (2012) ChlP-seq guidelines and practices
of the ENCODE and modENCODE consortia. Genome research 22, 1813-1831.

Morgane Thomas-Chollier

Quality check on the mapped reads

* ENCODE consortium have defined guidelines for ChlP-seq
experiments and bioinformatics processing

Landt SG, Marinov GK, Kundaje A et al. (2012) ChlP-seq guidelines and practices
of the ENCODE and modENCODE consortia. Genome research 22, 1813-1831.

» quality metrics to assess the quality of the ChlIP-seq
datasets

On a cross-correlation plot :

* Normalised Strand Coefficient (NSC)
* Relative Strand Correlation (RSC)

Morgane Thomas-Chollier

19/05/16
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Cross-correlation plot

CTCF Fragment Peak

3
CTCF artifact Peak
c-MyPc artifact c-Myc
e_ak_ - Fragment Peak
. A
|
------ y'
_________ v L
& N
\ ~ /
d / N
g:‘::s'?&ns;::::n g \\ / RN 4 S Fragment Strand
, 7’ N \ ! = ~ R ,' S N Emss-Correlahon
, \ II ~ ’ N
s \ b ’ N
’ N N 7’ N
/ < N
_____________ N S T TP
| 1! ! 1
1 ! ! 1
1 ! ! =
1 1! ! 1
I — ' l I l ...... I
1 1! ' ] !
] 1 ! ! 1
T ) SNSRI, b PR R a
Morgane Thomas-Chollier Carroll et al, Frontiers in genetics, 2014
“phantom” peak ChIP peak
S
3
§
H
Successful : Marginal Failed
S 5T
: ccffragment_length) i |
§< [
ce(read_length) N
L R e e H
§ io| 82
§8 i ‘
-
i e ey L . .
NSC = ct(/mgn.lenllenglh) RSC = tr([ragmenllengm)f.nu‘n(cc)
min(cc) cc(read length) —min(cc)

Landt SG, Marinov GK, Kundaje A et al. (2012) ChlP-seq guidelines and practices
of the ENCODE and modENCODE consortia. Genome research 22, 1813-1831.

19/05/16
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From sequence reads to peaks

Peak calling and
visualization

Read density

MACS
peak calling |

BED
BAM
SAM

BED

| =

MOFQUﬁE/fhomas-ChD'lﬁe/r

From sequence reads to peaks

peak list

BE

Peak calling and
visualization

A,

Read density

MACS
peak calling

1

MoFguﬁE/fhomas-ChD'lﬁe/r

19/05/16
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Hands on !

* Go to the companion website
* Follow all steps of Peak calling with MACS

Morgane Thomas-Chollier

Morgane Thomas-Chollier

A —  mmm  CpGislnd

Celll  E—@D——
Cell2 —@D———-m

Cell 3 B:@:-

Cell4 =FH—
Cell5 ———F)——

The read « peaks » are not the
location of the binding site !

Valouev Nat Methods (2008), Jothi, NAR (2008)

19/05/16
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A —  mmm CpGislnd

Cell
Cell 2
Cell 3
Cell4
Cell 5

Density profile value

Morgane Thomas-Chollier

peaksshift— |

s S o
s ¥ 8

Coordinates (bp)

The read « peaks » are not the
location of the binding site !

W Forward read
density profile
W Reverse read
density profile

¥ Combined read
density profile

mapping

peak-calling

Valouev Nat Methods (2008), Jothi, NAR (2008)

+ve 1o —ve transition point (1,

: X oo ondng o
_ [ e /
3
]
=
k4
= H

Peak-calling step

* Treating the reads (tag shifting or elongation)

* Modelling noise levels (input)
* Scaling datasets
* Detecting enriched/peak regions

Morgane Thomas-Chollier

19/05/16
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How to determine the position of the TF ?

ChIP seq on DNA N
binding TF :

read densities
on +/- strand

We expect to see a typical strand asymetry in read densities
-> ChIP peak recognition pattern

Carl Herrmann

From aligned reads to binding sites

d/2

Tag shifting shifted position

initial position

read densities
on +/- strand

iEach tag ié shiftéd by H/Z (i.e. towards tHe middlé of t_hé IP fraément)
where d represent the fragment length

Carl Herrmann

19/05/16
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From aligned reads to binding sites

Tag elongation

read densities
on +/- strand

Each tag is computationaly extended in 3' to a total length of d

Carl Herrmann

Peak-calling step

* Treating the reads (tag shifting or elongation)
* Modelling noise levels (input)

* Scaling datasets

* Detecting enriched/peak regions

Carl Herrmann

19/05/16
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Defining “peaks”

Determining “enriched” regions

sliding window across the genome

at each location, evaluate the enrichement of the signal wrt. expected

background based on the distribution

retain regions with P-values below threshold

evaluate FD

R

—— o e e ndh ]

N 7 VY W

ok o il e kil e e e .
—
@
s p
val ~ 0.6
Pval < 1e-20
g
Carl Herrmann
filtering:
User input strand-based
file Peak criteria® Tag shift Control data® Rank by FDR® duplicate®
CisGenome Strand-specific 1: Mumber of reads  Average Londitional Mumber of  1: Negative Targat FDR. Yes / Yes
vl.1 window scanin window for highest binomial used to  reads under  binomial optional window
2: Mumber of ranking peak  estimate FDR peak 2: conditional  width, window
ChIP reads minus ~ pairs binomial interval
«controd reads in
window
ERANGE  Tag 1: Height cutoff ~ High quality  Used to calculate P value 11 None Optional peak Yes / o
i1 aqareqation  High quality peak  peak estimate, fold enrichment 218 control  height, ratio to
estimate, per-  perregion  and optanalty [ Background
region estimate,  estimate or  Pvalues
or input inE it
Aggregation  Weight threshold  Input or N Number of  1: Monte Carla Minimim peak Yes { Yes
FindPeaks of overlapped estimated reads under  simulation height, subpeak
¥3.1.9.2 tags peak 21 NA \'ﬂll:z depth
F-Seq Kernel density 5 5.d. above KDE  [nput or KDE for local Peak height  1: Nore Thieshald 5.4 No ¢ o
v1.B2 estimation  for 1:random  estimated  background 2: Nane walue, KDE
(KDE} background, 2: Bandwidth
control
GLITR hgaregation  Classification User input tag Multiply sampled  Peak height  2: g control  Target FDR, Ho / No
of averlapped by height extension to estimate and fold B NP aumber neasest
tags and relative background class  enrichment neighbors for
enrichment values clustering
MACS Taags shifted Local region Estimate from Used for Poisson P value 1: None Pyalpe threshold, No [ Yes
v1.3.5 then windaw  Poisson #value  high quality it when available 2 #control  1ag length, mfold
scan peak pairs “Einip_for shift estimate
PeakSeq  Extended tag  Local region Input tag Used far q walue 1: Paissan Target FDR Ho / Ko
aggregation  binomial Pvalue  extension significance of background
length sample enrichment assumption
with binomial 2: From
distribution binomial for
sample plus
control
QuEST Kemel density  2: Height Mode of local  KDE for q value 1: NA KDE bandwidth, Yes / Yes
w23 estimation  threshold, shiftsthat  enrichment and 2 control  peak height,
background ratic  maximize empirical FOR NP subpeak valley
strand cross-  estimation as a function of depth, ratio to
carrelation peofile threshald hackground
SICER Window scan  Pvalue from Input Linearty rescaled g value 1: None Window length, No [ Yes
w1.02 with gaps random for candidate peak 2: From Poissan gap size, FOR
allowed background tejection and P Pualues {with contral) or
madel, enrichment values E-value
relative to control .
e o Computation for ChIP-seq and RNA-seq
vl change, N, + nearest pairec .
W_threshold in  tag distance t d
Ui stuaies
=P Strand specific Poisson Pvalue  Maximal 5 " "
1.0 window scan (paived pesks  stand cosse Shirley Pepke!, Barbara Wold? & Ali Mortazavi®
Carl Herrmann anly) correlation

19/05/16
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Peak-calling with MACS: overview

bimodal enrichment pattern

M Forward read
density profile

B Reverse read
density profile

poak model

1 profile value

peakshift— |}

Two steps strategy : 5
1 — modelling the read shift size

Percentage

2 — peak calling |

a0 600

1 : search high-quality paired peaks : separates their forward and reverse reads, and
aligns them by the midpoint. The distance between the modes of the forward and reverse
peaks in the alignment is defined as d, and MACS shifts all reads by d/2 toward the 3’
ends to better locate the precise binding sites.

2: uses the shift size to search for peaks, Poisson distribution to measure the p-value of
each peak, and False Discovery Rate (FDR) calculation using the input data

Feng, J., Liu, T., & Zhang, Y. (2011). Using MACS to Identify Peaks from ChIP-Seq
Data, Current Protocols in Bioinformatics

1 — modelling the read shift size MACS

[Zhang et al. Genome Biol. 2008]

Step 1: estimating fragment length d

slide a window of size BANDWIDTH
retain top regions with MFOLD enrichment of treatment vs. input

plot average +/- strand read densities — estimate d

enrichment
> MFOLD
A_leatment Peak Model
I:: control ovrse tags

M —

| \
\
-
A

‘ =
== ] ke B
T T T T T T - =
-600 400 200 0 200 400 600 Position (bp)
Distance to the middie

Carl Herrmann

N
Percentag
N
Tag count

004 006 008 010 012 014 016

19/05/16
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2 — peak-calling MACS

[Zhang et al. Genome Biol. 2008]

Step 2: identification of local noise parameter

slide a window of size 2*d across treatment and input

estimate parameter A, of Poisson distribution

(X

R W G S _‘_A___.‘l_-___‘.__.__—.ﬂ-_‘.&-.‘._.—__‘__.‘__.
hoasadtls, fin

| s n s it afhimliiste, ot e cndi i .

i i o el o e el

1 kb

— estimate A over diff. ranges
5kb - take the max
10 kb
full genome

Carl Herrmann

2 — peak-calling MACS

[Zhang et al. Genome Biol. 2008]

Step 3: identification of enriched/peak regions

determine regions with P-values < PVALUE

determine summit position inside enriched regions as max density

e L _‘_..n_____l_.___‘._

(X

Pis)

P-val = 1e-30 +————

Carl Herrmann

WS Sy ST e et an.alh, il cinmte oot ol .

19/05/16
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Peak-calling programs

» Strong influence on the called peaks

— Many different programs
— They do not share the same « default » threshold to retain peaks

— The top highest peaks are usually common, but the less obvious peaks
are often not shared between different peak callers

A SWEMBL

FindPeaks

MACS

ChIPSeqMini

) Mali Salmon-Divon et al, BMC Bioinformatics, 2010
Morgane Thomas-Chollier

Peak-calling programs

* To be chosen according to type of expected peaks
— Transcription factors and « sharp » peaks: MACS2 for TF: --call-summits

— Chromatin marks and « broad peaks » MACS2 --broad

* Many new programs still developped !

Morgane Thomas-Chollier

19/05/16
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From sequence reads to peaks

|

MoFgu’r’iE?homas-ChD’lﬁ/e/r/

|

peak list

BED

visualization

A

Read density

MACS

peak calling

Peak calling and

Peak list (BED file)

chrl
chr4
chr9
chro6
chr4
chr2l
chrl9
chr4
chr3
chr9
chrl
chrl

145436475 145438649
50881 52467 19930
31335610 31336400
36971531 36973765
16234642 16236143
40144820 40146203
40916830 40918210
140477689 140479184
12996108 12998488
749205 752142 26263
11628770 11630411
153742611 153744775

1478

3180.
26372
22937
20221
17188
13487
20737
18417
3101.

3206.01
67 +
3170.26
3147.85
3133.43
3131.68
3127.46
3115.67
3108.55
90 +

268 3100.00 +

1556

3100.00

+ o+ o+ o+ o+

19/05/16
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Hands on !

* Go to the companion website

* Follow all steps of Visualizing the peaks in a genome browser
* If you have the time, do the bonus exercise

Morgane Thomas-Chollier

ChlP-seq analysis workflow

Data preprocessing Read mapping

Functional analyses

S |-

=%
- " | \ Peak calling and Comparative analyses . N
ads i visualization '
Raw sequence tags Mapped reads in sualizatio

the original genome / Peak-to-gene assignment

Quality check  treatment ‘ —| Condition 1

Read densit
y \ a2
ns) Condition 2 3 ,'J
T 1.2 °3°4°5.6°7
Global similarity Motif search
Peak conservation

Quantitative changes

Translated reads in

the reference genome

control (input)

GO and expression analysis
| S S —————-—

Sequence analyses

Sequence conservation

Processing steps Downstream analyses

Morgane Thomas-Chollier

19/05/16
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ChlP-seq analysis workflow: downstream analyses

\/
Visualization Other
with genome | €——" g‘:;::d advanced
browser / 8 \ analysis
‘ Motif Differential
profile
discovery analysis
Relationship
to gene Integration Sn?lesisset
structure with gene 4

expression

Nature Reviews | Genetics

Morgane Thomas-Chollier

What is the biological question ?

(G) Giant tortoise A% Galspagos hawk

Morgane Thomas-Chollier

19/05/16
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What is the biological question ?

« gee if you can find something in the data »

Morgane Thomas-Chollier

What is the biological question ?

,,,, AP ——— e — —
Loan-HAaG-SOmMeTiNO 1N_TNe_03t5
I

Morgane Thomas-Chollier

19/05/16
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What is the biological question ?

* Where do a transcription factor (TF) bind ?
v'In a specific context (tissue, developmental stage, mutant)
v By comparison to another context (WT vs mutant, different time points)

Morgane Thomas-Chollier

What is the biological question ?

* Where do a transcription factor (TF) bind ?
v'In a specific context (tissue, developmental stage, mutant)
v By comparison to another context (WT vs mutant, different time points)

* How do a transcription factor (TF) bind ?
v'Which binding motif(s) (can be several for a given TF !1)
v'Is the binding direct to DNA or via protein-protein interactions ?
v’ Are there cofactors (maybe affecting the motif !1), and if so, identify them

Morgane Thomas-Chollier
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What is the biological question ?

* Where do a transcription factor (TF) bind ?
v'In a specific context (tissue, developmental stage, mutant)

v By comparison to another context (WT vs mutant, different time points)

* How do a transcription factor (TF) bind ?
v'Which binding motif(s) (can be several for a given TF !1)

v'ls the binding direct to DNA or via protein-protein interactions ?

v’ Are there cofactors (maybe affecting the motif !1), and if so, identify them

* Which regulated genes are directly regulated by a given TF ?

* What are the targets of a given TF ?

* Where are the promoters (Polll) and chromatin marks ?

Morgane Thomas-Chollier

What is the biological question ?

=>» Should drive all « downstream » analyses

Morgane Thomas-Chollier

ihgenome| <« WERERRN O
browser / regions \ analysis
; Differential
Motif
‘ discovery / profile
¢ J

analysis
Relationship |~ ————— Gene set
to gene ‘ Integration s
structure with gene d
| ]
_exp J

Nature Reviews | Genetics
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What is the biological question ?

=» Should drive all « downstream » analyses
rowser analysis
Will take time (- r// \\\‘ =
. discovery Z:;I)I';s
to«doitall » 11 * ’

Relationship
to gene Integration f:;;esis:t
structure with gene ¥

Lek J

Morgane Thomas-Chollier Nature Reviews | Genetics

What is the biological question ?

Morgane Thomas-Chollier
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What is the biological question ?

=>» cell biology (eg: luciferase assay) ?
=> in vitro assays (eg: EMSA) ?

=>» Proteomic (eg: mass spectrometry) ?
=>» Transgenics ?

Morgane Thomas-Chollier

What is the biological question ?

* Where do a transcription factor (TF) bind ?
v'In a specific context (tissue, developmental stage, mutant)
v’ By comparison to another context (WT vs mutant, different time points)

* How do a transcription factor (TF) bind ?
v'Which binding motif(s) (can be several for a given TF !1)
¥'Is the binding direct to DNA or via protein-protein interactions ?

v’ Are there cofactors (maybe affecting the motif !1), and if so, identify them

* Which regulated genes are directly regulated by a given TF ?

* What are the targets of a given TF ?

* Where are the promoters (Polll) and chromatin marks ?

Morgane Thomas-Chollier
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ChlP-seq analysis workflow

Data preprocessing Read mapping

Functional analyses

PRCERCET Y \\ Peak calling and Comparative analyses . o
Mapped reads in visualization '

Raw sequence tags the original genome / Peak-to-gene assignment

Quality check  experiment ‘ —| Condition 1

Read density \
2
ns) Condition 2 3 ,‘J
Y R 1234567
Global similarity Motif search
Peak conservation Sequence conservation

Quantitative changes

control (iﬁput)

Morgane Thomas-Chollier

GO and expression analysis
| S S —————-—

Sequence analyses

Transcription factor specificity

How do TF « know » where to bind DNA ?

A O

- GATTAATAGC. . .. TAeceeecrT. |

TF recognize TFBS with specific DNA sequences

Morgane Thomas-Chollier
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Transcription factor specificity

How do TF « know » where to bind DNA ?

A O

. ~GC~ . .. TAGCGCaCrT. |

TF recognize TFBS with specific DNA sequences

A

%

TFBSs are degenerate:
a given TF is able to bind DNA on TFBSs with different sequences

Morgane Thomas-Chollier

de novo motif discovery

transcription factor

—
]
target gene

Problem :
How can we model/describe
the binding specificity of

Q agiven TF ?

cis-regulatory elements

S
%ji_ ATLIATI 5 binding motif
= VI Tl AT 7

wwwwwwwwwwww

Hl

Morgane Thomas-Chollier
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de novo motif discovery

* Find exceptional motifs based on the sequence only
(A priori no knowledge of the motif to look for)
* Criteria of exceptionality:

- higher/lower frequency than expected by chance
(over-/under-representation)

- concentration at specific positions relative to some reference coordinate
(positional bias) (ERREE AR

occurrences

TR p; ositiorTw
Morgane Thomas-Chollier

de novo motif discovery

* Tools already exist for a long time !

- MEME (1994)

- RSAT oligo-analysis (1998)
- AlignACE (2000)

- Weeder (2001)

- MotifSampler (2001)

Why do we need new approaches for genome-wide datasets ?

Morgane Thomas-Chollier
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New approaches for ChIP-seq datasets

* Size, size, size
- limited numbers of promoters and enhancers

¢

* the problem is slightly different
- promoters: 200-2000bp from co-regulated genes

\
- peaks: 300bp, positional bias

* motif analysis: not just for specialists anymore !
- complete user-friendly workflows

Morgane Thomas-Chollier http://www.genomequest.com/landing-pages/ODI-webinar-web.html

[RsaT|[OPNA
Regulatory Sequence Analysis Tools

A RSAT.
{ Fungi

New items Welcome to Regulatory Sequence Analysis Tools (RSAT).

RSAT

‘This web site provides a series of modular computer programs specificaly designed for the detection of regulatory signals in non-coding sequences.

RSAT servers have been up and running since 1997. The project was Initiated by Jacques van Helden, and Is now pursued by the RSAT team.

This website is free and open to all users.

© Which program to use ? A guide to our main tools for new users.

Check RSAT tutorat  ECC'14 and
1 Choossyour type of datato analyse B riming mater

/ analysis to perform
d in promoters of orthologs ? (only for prokaryotes and fungi)

eed to all RSAT

s RSAT
- [ etazoa

http://rsat.eu

Medina, Defrance, Sand et al Nucleic Acids Research, 2015
Thomas-Chollier et al Nucleic Acids Research, 2011
Thomas-Chollier, Sand et al, Nucleic Acids Research, 2008
van Helden, Nucleic Acids Research, 2003

Morgane Thomas-Chollier
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Peak-motifs

* de novo motif discovery (peak-motifs in RSAT)

tatateetgtgeetaatt!

i

Motif location
Scan input peaks with discovered moltfs

Visualisation in genome browser
UCSC custom track for each motif

Gone e -+

Peak sequences
complete dataset

99
to:

de novo motif discovery
global over-representation, positional biais, spaced mtifs

AT

{ .»éH—,EAIVCA‘;‘AT g

Comparison with collections of motifs
various metrics to calculate motif similarity

Jaspar User-provided
Uniprobe eg. Transfac
RegulonDB

Visualisation with logo alignments
Matching motifs and candidate transcription factors

M

Transfac SOCT

Morgane Thomas-Chollier

Thomas-Chollier et al Nucleic Acids Research, 2012

RSA-tools - peak-motifs

Pipeline for discovering motifs in massive ChIP-seq peak sequence:

Conception®, implementation' and testing': Jacques van Helden®, Morgane Thomas-Chollier®, Matthieu Defrance®, Olivier Sand', Denis Thieffry, and Carl Herrmann

) Information on the methods used in peak-motifs

Title | KrD.mel

Peak sequences Paste your sequence in fasta format i the box below

1-3h Markov m=k-2
Optional: control dataset for differential analysis (test vs control)

Control Paste your sequence In fasta format I the box below

O select a file to upload (.gz compressed files supported)

/Kr_D.mel_E01-03h_Eisen_rep].fasta

Mask (_Tower

(only have coordinates in a BED file, how to get sequences ?)

Or select a file to upload (.gz compressed files supported)

) Reduce peak sequences

) Motif discovery parameters

) Compare discovered motifs with databases (e.g. against Jaspar) or custom reference motifs

) Locate motifs and export predicted sites as custom UCSC tracks

Output @ display O emall

Note: email output is preferred for very large datasets or many comparisons with motifs collections

GO DEMO testvs ctrl ) [MANUAL] [TUTORIAL] [ASK A QUESTION]

Morgane Thomas-Chollier

t
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Peak-motifs: why providing yet another tool ?

» fast and scalable

* treat full-size datasets

* complete pipeline

* web interface

* accessible to non-specialists

- Demo buttons

- Tutorials & Protocols
Thomas-Chollier, Darbo, Herrmann, Defrance, Thieffry, van Helden Nature Protocols,2012

-HTML report

Morgane Thomas-Chollier

Hands on !

* Go to the companion website
* Follow all steps of Motif analysis

Morgane Thomas-Chollier

19/05/16

40



Motif discovery methods: frequency

Observed 6-mer

occurrences computed

from:

6-mer (e.g.AACAAA)

Test sequences

Expected 6-mer
occurrences computed
from:

Background sequences
(when available)

OR

Theoretical k-mers
frequencies from test
sequences

=>» Computation of p-value (binomial) and E-value
(multi-testing correction)

Morgane Thomas-Chollier

oligo-analysis
dyad-analysis (spaced motifs)

Thomas-Chollier, Darbo, Herrmann, Defrance, Thieffry, van Helden Nature Protocols,2(

Observed vs expected 6-mer
occurrences

Observed (test sequences)

0 1000 2000 3000 4000 5000 6000 7000
Expected occurrences (5th order Markov model)

Motif discovery methods: positional bias

B Observed occurrences per window

Windows 50 nt

11 7-mer (e.g.AACAAAG )

Expected occurrences per window following an
homogeneous model

Windows 50 nt

waram
S S
u '] N ! i 'l 1 b

occurrences

position

et i position-analysis

position

C Observed occurences per window

| 6-mer (e.g.AACAAA)

le - -
I
T
1
T

Morgane Thomas-Chollier

Observed in window
g

Observed vs expected 6-mer occurrences

ot . local-words

o 200 4000 6000

N
4
8000 0 2000 4000 6000 8000

Expected occurrences in whole sequences

Thomas-Chollier, Darbo, Herrmann, Defrance, Thieffry, van Helden Nature Protocols,2012
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(L'A Peaks from MACS

scale 1 kbl |
chrss 215849800] 215850800]
THE:

106 _
IMR98_GR_peaks

8
300 _ TMR96_In pedks from MACS|normalized b

IMR9S_In_peaks

[

159
44 N —

400 _ IMR9O_GR Fositive Strand

IMR9O_GR FOSitive
-0 _| g .
8 IMRDO_GR Negative Strand

IMR98_GR Neaat ive

=> Use peak-splitter or extract summit +/- 200 bp

Morgane Thomas-Chollier
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Possible topics for discussion

It’s common practice to
sequence the input deeper
than the treatment. Why ?

Single-end or paired-end
sequencing ?

Why do we find ChIP-seq or ChlP-exo ?
peaks that do not

have two opposite

read densities ?

Low number of input
cells ?

Importance of the mapping
tool ?

Which control to use ?

Systematic biais ?

| see ChlP-seq peaks

specifically on exons,
should I worry ?
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