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VIB	
  Bioinforma5cs	
  Training	
  –	
  Leuven	
  (Belgium)	
  –	
  20th	
  May	
  2016	
  

Hands-­‐on	
  introduc5on	
  to	
  ChIP-­‐Seq	
  analysis	
  

ÉCOLE NORMALE
S U P É R I E U R E

Goal	
  and	
  organisa5on	
  of	
  the	
  day	
  

Goal:	
  introduc5on	
  to	
  ChIP-­‐seq	
  data	
  analysis	
  
•  processing	
  steps:	
  from	
  reads	
  to	
  peaks.	
  	
  
•  downstream	
  analyses:	
  	
  

-  deciding	
  which	
  downstream	
  analyses	
  to	
  perform	
  depending	
  on	
  the	
  
biological	
  ques5on.	
  

-  focus	
  on	
  mo5f	
  analyses	
  

Schedule	
  
09h30-­‐10h00	
  	
  	
  Short	
  introduc5on,	
  computer	
  warm-­‐up,	
  overview	
  of	
  the	
  analyses	
  
10h00-­‐12h30	
  	
  	
  Hands-­‐on	
  training:	
  processing	
  steps	
  
	
  
LUNCH	
  J	
  
	
  
13h15-­‐15h15	
  	
  	
  Hands-­‐on	
  training:	
  downstream	
  analysis:	
  mo5fs	
  
15h30-­‐17h00	
  	
  	
  Discussion,	
  feedback	
  and	
  ques5ons	
  

	
  
Don’t hesitate to ask questions  J 






19/05/16 

2 

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	
  
in	
  it:	
  	
  

	
  
	
  
 •  Why	
  is	
  it	
  useful	
  (and	
  mandatory	
  some5mes	
  !):	
  

-  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	
  5mes,	
  you	
  might	
  not	
  want	
  to	
  click	
  on	
  the	
  icon	
  
1000	
  5mes.	
  Instead,	
  you	
  can	
  write	
  a	
  short	
  program	
  that	
  will	
  automa5cally	
  run	
  its	
  
command-­‐line	
  1000	
  5mes.	
  

 

Biological	
  concepts	
  of	
  transcrip5onal	
  regula5on	
  

Wasserman	
  et	
  al,	
  Nat	
  Rev	
  Genet,	
  2004	
  

Transcrip@on	
  factors	
  are	
  proteins	
  	
  
that	
  modulate	
  (ac5vate/repress)	
  	
  
the	
  expression	
  of	
  target	
  genes	
  
through	
  the	
  binding	
  on	
  DNA	
  cis-­‐
regulatory	
  elements	
  

Chroma@n	
  accessibility	
  (open/
close)	
  and	
  histone	
  modifica@ons	
  
(eg:	
  acetyla5on)	
  also	
  regulate	
  
gene	
  expression	
  

Wikipedia	
  Morgane	
  Thomas-­‐Chollier	
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R E V I EW S

ORTHOLOGY

Two sequences are orthologous
if they share a common ancestor
and are separated by speciation.

PHYLOGENETIC FOOTPRINTING 

An approach that seeks to
identify conserved regulatory
elements by comparing genomic
sequences between related
species.

MACHINE LEARNING

The ability of a program to learn
from experience — that is, to
modify its execution on the basis
of newly acquired information.
In bioinformatics, neural
networks and Monte Carlo
Markov Chains are well-known
examples.

Identification of regions that control transcription
An initial step in the analysis of any gene is the identifi-
cation of larger regions that might harbour regulatory
control elements. Several advances have facilitated the
prediction of such regions in the absence of knowl-
edge about the specific characteristics of individual cis-
regulatory elements. These tools broadly fall into two
categories: promoter (transcription start site; TSS)
and enhancer detection. The methods are influenced
by sequence conservation between ORTHOLOGOUS genes
(PHYLOGENETIC FOOTPRINTING), nucleotide composition and
the assessment of available transcript data.

Functional regulatory regions that control transcrip-
tion rates tend to be proximal to the initiation site(s) of
transcription. Although there is some circularity in the
data-collection process (regulatory sequences are sought
near TSSs and are therefore found most often in these
regions), the current set of laboratory-annotated regula-
tory sequences indicates that sequences near a TSS are
more likely to contain functionally important regulatory
controls than those that are more distal. However, specifi-
cation of the position of a TSS can be difficult. This is fur-
ther complicated by the growing number of genes that
selectively use alternative start sites in certain contexts.
Underlying most algorithms for promoter prediction is a
reference collection known as the ‘Eukaryotic Promoter
Database’ (EPD)4. Early bioinformatics algorithms that
were used to pinpoint exact locations for TSSs were
plagued by false predictions5. These TSS-detection tools
were frequently based on the identification of TATA-box
sequences, which are often located ~30 bp upstream of a
TSS. The leading TATA-box prediction method6, reflect-
ing the promiscuous binding characteristics of the TATA-
binding protein, predicts TATA-like sequences nearly
every 250 bp in long genome sequences.

A new generation of algorithms has shifted the
emphasis to the prediction of promoters — that is,
regions that contain one or more TSS(s). Given that
many genes have multiple start sites, this change in
focus is biochemically justified.

The dominant characteristic of promoter sequences
in the human genome is the abundance of CpG dinu-
cleotides. Methylation plays a key role in the regulation
of gene activity. Within regulatory sequences, CpGs
remain unmethylated, whereas up to 80% of CpGs in
other regions are methylated on a cytosine. Methylated
cytosines are mutated to adenosines at a high rate,
resulting in a 20% reduction of CpG frequency in
sequences without a regulatory function as compared
with the statistically predicted CpG concentration7.
Computationally, the CG dinucleotide imbalance can be
a powerful tool for finding regions in genes that are
likely to contain promoters8.

Numerous methods have been developed that
directly or indirectly detect promoters on the basis of
the CG dinucleotide imbalance. Although complex
computational MACHINE-LEARNING algorithms have been
directed towards the identification of promoters, simple
methods that are strictly based on the frequency of CpG
dinucleotides perform remarkably well at correctly pre-
dicting regions that are proximal to or that contain the

does not reveal the entire picture. There is only partial
correlation between transcript and protein concentra-
tions3. Nevertheless, the selective transcription of genes
by RNA polymerase-II under specific conditions is cru-
cially important in the regulation of many, if not most,
genes, and the bioinformatics methods that address the
initiation of transcription are sufficiently mature to
influence the design of laboratory investigations.

Below, we introduce the mature algorithms and
online resources that are used to identify regions that
regulate transcription. To this end, underlying meth-
ods are introduced to provide the foundation for
understanding the correct use and limitations of each
approach. We focus on the analysis of cis-regulatory
sequences in metazoan genes, with an emphasis on
methods that use models that describe transcription-
factor binding specificity. Methods for the analysis of
regulatory sequences in sets of co-regulated genes will
be addressed elsewhere.We use a case study of the human
skeletal muscle troponin gene TNNC1 to demonstrate
the specific execution of the described methods. A set of
accompanying online exercisesprovides the means for
researchers to independently explore some of the meth-
ods highlighted in this review (see online links box).
Because the field is rapidly changing, emerging classes of
software will be described in anticipation of the creation
of accessible online analysis tools.

Distal TFBS

Proximal TFBS

Transcription
initiation complex Transcription

initiation

CRM

Co-activator complex

Chromatin

Figure 1 | Components of transcriptional regulation. Transcription factors (TFs) bind 
to specific sites (transcription-factor binding sites; TFBS) that are either proximal or 
distal to a transcription start site. Sets of TFs can operate in functional cis-regulatory 
modules (CRMs) to achieve specific regulatory properties. Interactions between bound TFs
and cofactors stabilize the transcription-initiation machinery to enable gene expression. 
The regulation that is conferred by sequence-specific binding TFs is highly dependent on the
three-dimensional structure of chromatin.
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ChIP	
  (=Chroma@n	
  Immuno-­‐Precipita@on)	
  

	
  
	
  
	
  
	
  
	
  

in	
  vivo	
  experimental	
  methods	
  to	
  iden5fy	
  binding	
  sites	
  

hHp://www.chip-­‐an)bodies.com/	
  

=>	
  differences	
  in	
  methods	
  	
  
to	
  detect	
  the	
  bound	
  DNA	
  
	
  
-­‐ small-­‐scale:	
  PCR	
  /	
  qPCR	
  
	
  
-­‐ 	
  large-­‐scale:	
  	
  

-­‐ 	
  microarray	
  =	
  ChIP-­‐on-­‐chip	
  
-­‐ 	
  sequencing	
  =	
  ChIP-­‐seq	
  

	
  
Main	
  challenge:	
  	
  
-­‐ quality/specificity	
  of	
  the	
  an5bodies	
  	
  

	
  
	
  
	
  
	
  
	
  

	
  
	
  

Morgane	
  Thomas-­‐Chollier	
  

ChIP-­‐seq	
  is	
  a	
  recently-­‐adopted	
  technique	
  !	
  	
  

Morgane	
  Thomas-­‐Chollier	
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ChIP-­‐seq	
  applica5ons	
  

•  find	
  all	
  regions	
  in	
  the	
  genome	
  
bound	
  by	
  	
  

•  a	
  specific	
  transcrip@on	
  
factor	
  

•  histones	
  bearing	
  a	
  
specific	
  modifica@on	
  

	
  
•  	
   in	
  a	
  given	
  experimental	
  

condi3on	
  (cell	
  type,	
  
developmental	
  stage,...)	
  

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

Park,	
  Nature	
  reviews	
  2009	
  Morgane	
  Thomas-­‐Chollier	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  

	
  
	
  

ChIP-­‐seq	
  experiments	
  for	
  profiling	
  TF	
  binding	
  

Morgane	
  Thomas-­‐Chollier	
  
K. Botcheva 2011  
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Bioinforma5cs	
  processing	
  of	
  ChIP-­‐seq	
  datasets	
  

@SRR002012.1 Oct4:5:1:871:340 
GGCGCACTTACACCCTACATCCATTG 
+ 
IIIIG1?II;IIIII1IIII1%.I7I 

>	
  50	
  millions	
  

?	
  

Morgane	
  Thomas-­‐Chollier	
  

	
  
	
  
	
  
	
  
	
  
	
  
	
  

	
  
	
  

Bioinforma5cs	
  processing	
  of	
  ChIP-­‐seq	
  datasets	
  

•  Mul5ple	
  analysis	
  steps	
  

Morgane	
  Thomas-­‐Chollier	
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Bioinforma5cs	
  processing	
  of	
  ChIP-­‐seq	
  datasets	
  

•  Mul5ple	
  analysis	
  steps	
  
•  Efficient	
  programs	
  (>50	
  Millions	
  reads	
  per	
  experiments)	
  

Morgane	
  Thomas-­‐Chollier	
  

Adapted	
  from	
  Bardet	
  et	
  al,	
  Nature	
  Protocols,	
  2012	
  

ChIP-­‐seq	
  analysis	
  workflow	
  

experiment 

control (input) 

Quality check 

Morgane	
  Thomas-­‐Chollier	
  

Processing	
  steps	
   Downstream	
  analyses	
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Control:	
  input	
  

Input 
(control without IP) 

From	
  sequence	
  reads	
  to	
  peaks	
  

FASTQ	
  

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

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

Morgane	
  Thomas-­‐Chollier	
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FASTQ	
  format	
  
@SRR002012.1 Oct4:5:1:871:340 
GGCGCACTTACACCCTACATCCATTG 
+ 
IIIIG1?II;IIIII1IIII1%.I7I 
@SRR002012.2 Oct4:5:1:804:348 
GTCTGCATTATCTACCAGCACTTCCC 
+ 
IIIIIIIII'I2IIIII:)I2II3I0 
@SRR002012.3 Oct4:5:1:767:334 
GCTGTCTTCCCGCTGTTTTATCCCCC 
+ 
III8IIIIIII3III6II%II*III3 
@SRR002012.4 Oct4:5:1:805:329 
GTAGTTTACCTGTTCATATGTTTCTG 
+ 
IIIIIII9IIIIII?IIIIIIII7II 

  SSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSSS..................................................... 
  ..........................XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX...................... 
  ...............................IIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIIII...................... 
  .................................JJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJJ...................... 
  !"#$%&'()*+,-./0123456789:;<=>?@ABCDEFGHIJKLMNOPQRSTUVWXYZ[\]^_`abcdefghijklmnopqrstuvwxyz{|}~ 
  |                         |    |        |                              |                     | 
 33                        59   64       73                            104                   126 
  0                                      40 
 
 S - Sanger        Phred+33,  raw reads typically (0, 40) 
 X - Solexa        Solexa+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 0=unused, 1=unused, 2=Read Segment Quality Control Indicator (bold)  

adapted	
  from	
  Wikipedia	
  

>SRR002012.1 Oct4:5:1:871:340 
GGCGCACTTACACCCTACATCCATTG 
>SRR002012.2 Oct4:5:1:804:348 
GTCTGCATTATCTACCAGCACTTCCC 
>SRR002012.3 Oct4:5:1:767:334 
GCTGTCTTCCCGCTGTTTTATCCCCC 
>SRR002012.4 Oct4:5:1:805:329 
GTAGTTTACCTGTTCATATGTTTCTG 

FASTA	
  format	
  1 read = 4 lines 

Morgane	
  Thomas-­‐Chollier	
  

Hands	
  on	
  !	
  

	
  
•  Go	
  to	
  the	
  companion	
  website	
  

hlp://morgane.bardiaux.fr/chip-­‐seq-­‐training/	
  

•  Read	
  the	
  introduc@on	
  
•  Follow	
  all	
  steps	
  of	
  Downloading	
  ChIP-­‐seq	
  reads	
  from	
  NCBI	
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From	
  sequence	
  reads	
  to	
  peaks	
  

FASTQ	
  

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

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

Morgane	
  Thomas-­‐Chollier	
  

Quality check 

http://www.bioinformatics.bbsrc.ac.uk/projects/fastqc/ 
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Morgane	
  Thomas-­‐Chollier	
  

Hands	
  on	
  !	
  

	
  
•  Go	
  to	
  the	
  companion	
  website	
  

hlp://morgane.bardiaux.fr/chip-­‐seq-­‐training/	
  
	
  
•  Follow	
  all	
  steps	
  of	
  Quality	
  control	
  of	
  the	
  reads	
  and	
  sta@s@cs	
  
	
  	
  

	
  
	
  
	
  
	
  
	
  

	
  
	
  

FASTQ	
  

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

FASTQ	
   FASTQ	
  

mapping	
  

Bow5e	
  
BWA	
  

BED	
  
BAM	
  
SAM	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

BED	
  
BAM	
  
SAM	
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..GATTAATAGC.. 

	
  

Morgane	
  Thomas-­‐Chollier	
  

hHp://www.chip-­‐an)bodies.com/	
  

FASTQ	
  

sequences	
  (reads	
  length	
  36)	
  	
  
from	
  Illumina	
  

Find	
  the	
  posi5on	
  of	
  each	
  sequenced	
  
fragment	
  on	
  the	
  reference	
  genome	
  omhe	
  
studied	
  organism	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

Morgane	
  Thomas-­‐Chollier	
  

Human	
  chromosomes	
  

FASTQ	
  

ATGCGATTA 

Read	
  mapping	
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Morgane	
  Thomas-­‐Chollier	
  

Human	
  chromosomes	
  

FASTQ	
  

ATGCGATTA 

Read	
  mapping	
  

?	
   ?	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
  

FASTQ	
  

ATGCGATTA 

alignment	
  

Chromosome	
  5	
   Total	
  Length	
  :	
  181,538,259	
  bp	
  

Genomic	
  coordinates	
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Morgane	
  Thomas-­‐Chollier	
  

FASTQ	
  

ATGCGATTA 

alignment	
  

Chromosome	
  5	
   Total	
  Length	
  :	
  181,538,259	
  bp	
  

Genomic	
  coordinates	
  

181,538,259	
  

1	
  

Morgane	
  Thomas-­‐Chollier	
  

FASTQ	
  

ATGCGATTA 

alignment	
  

Chromosome	
  5	
   Total	
  Length	
  :	
  181,538,259	
  bp	
  

Genomic	
  coordinates	
  

181,538,259	
  

1	
  

125,326,318	
  
125,326,358	
  

start	
  
end	
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Morgane	
  Thomas-­‐Chollier	
  

FASTQ	
  

ATGCGATTA 

alignment	
  

Chromosome	
  5	
   Total	
  Length	
  :	
  181,538,259	
  bp	
  

Genomic	
  coordinates	
  

181,538,259	
  

1	
  

125,326,318	
  
125,326,358	
  

start	
  
end	
  

Genomic	
  coordinates:	
  	
  
chr5	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  125326318	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  125326358	
  
	
  

FASTQ	
  

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

FASTQ	
   FASTQ	
  

mapping	
  

Bow5e	
  
BWA	
  

BED	
  
BAM	
  
SAM	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

BED	
  
BAM	
  
SAM	
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Morgane	
  Thomas-­‐Chollier	
  

Hands	
  on	
  !	
  

	
  
•  Go	
  to	
  the	
  companion	
  website	
  
•  Follow	
  all	
  steps	
  of	
  Mapping	
  the	
  reads	
  with	
  Bow@e	
  
•  If	
  	
  you	
  have	
  the	
  5me,	
  do	
  the	
  bonus	
  exercise	
  

	
  	
  
	
  
	
  
	
  
	
  
	
  

	
  
	
  

FASTQ	
  

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

FASTQ	
   FASTQ	
  

mapping	
  

Bow5e	
  
BWA	
  

BED	
  
BAM	
  
SAM	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

BED	
  
BAM	
  
SAM	
  

visualiza@on	
  

TF 

Input 

WIG	
  
BEDGRAPH	
  

Morgane	
  Thomas-­‐Chollier	
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Morgane	
  Thomas-­‐Chollier	
  

Quality	
  check	
  on	
  the	
  mapped	
  reads	
  

	
  
•  ENCODE	
  consor5um	
  have	
  defined	
  guidelines	
  for	
  ChIP-­‐seq	
  

experiments	
  and	
  bioinforma5cs	
  processing	
  

	
  	
  
	
  
	
  
	
  
	
  
	
  

	
  
	
  

Landt SG, Marinov GK, Kundaje A et al. (2012) ChIP-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	
  consor5um	
  have	
  defined	
  guidelines	
  for	
  ChIP-­‐seq	
  

experiments	
  and	
  bioinforma5cs	
  processing	
  

•  quality metrics to assess the quality of the ChIP-seq 
datasets  

	
  
On	
  a	
  cross-­‐correla5on	
  plot	
  :	
  	
  
•  	
  Normalised	
  Strand	
  Coefficient	
  (NSC)	
  	
  
•  	
  Rela5ve	
  Strand	
  Correla5on	
  (RSC)	
  	
  
	
  

	
  
	
  
	
  
	
  
	
  

	
  
	
  

Landt SG, Marinov GK, Kundaje A et al. (2012) ChIP-seq guidelines and practices 
of the ENCODE and modENCODE consortia. Genome research 22, 1813–1831. 
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Morgane	
  Thomas-­‐Chollier	
   Carroll et al, Frontiers in genetics, 2014 

Cross-correlation plot 

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

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

FASTQ	
   FASTQ	
  

mapping	
  

Bow5e	
  
BWA	
  

BED	
  
BAM	
  
SAM	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

BED	
  
BAM	
  
SAM	
  

visualiza@on	
  

peak	
  calling	
  
MACS	
  

WIG	
  
BEDGRAPH	
  

Morgane	
  Thomas-­‐Chollier	
  

FASTQ	
  

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

FASTQ	
   FASTQ	
  

mapping	
  

Bow5e	
  
BWA	
  

BED	
  
BAM	
  
SAM	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

BED	
  
BAM	
  
SAM	
  

visualiza@on	
  

peak	
  calling	
  
MACS	
  

BED	
  

peak	
  list	
  

WIG	
  
BEDGRAPH	
  

Morgane	
  Thomas-­‐Chollier	
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Morgane	
  Thomas-­‐Chollier	
  

Hands	
  on	
  !	
  

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

	
  
	
  
	
  
	
  
	
  

	
  
	
  

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

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

Morgane	
  Thomas-­‐Chollier	
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mapping	
  

peak-­‐calling	
  

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

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

Morgane	
  Thomas-­‐Chollier	
  

Peak-­‐calling	
  step	
  

•  Trea5ng	
  the	
  reads	
  (tag	
  shiming	
  or	
  elonga5on)	
  
•  Modelling	
  noise	
  levels	
  (input)	
  
•  Scaling	
  datasets	
  
•  Detec5ng	
  enriched/peak	
  regions	
  	
  
 

Morgane	
  Thomas-­‐Chollier	
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How	
  to	
  determine	
  the	
  posi5on	
  of	
  the	
  TF	
  ?	
  

We	
  expect	
  to	
  see	
  a	
  typical	
  strand	
  asymetry	
  in	
  read	
  densi5es	
  	
  
→	
  ChIP	
  peak	
  recogni5on	
  palern	
  	
  
	
  

Carl	
  Herrmann	
  

Each	
  tag	
  is	
  shimed	
  by	
  d/2	
  (i.e.	
  towards	
  the	
  middle	
  of	
  the	
  IP	
  fragment)	
  
where	
  d	
  represent	
  the	
  fragment	
  length	
  
	
  

From	
  aligned	
  reads	
  to	
  binding	
  sites	
  

Carl	
  Herrmann	
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Carl	
  Herrmann	
  

Peak-­‐calling	
  step	
  

•  Trea5ng	
  the	
  reads	
  (tag	
  shiming	
  or	
  elonga5on)	
  
•  Modelling	
  noise	
  levels	
  (input)	
  
•  Scaling	
  datasets	
  
•  Detec5ng	
  enriched/peak	
  regions	
  	
  
 

Carl	
  Herrmann	
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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 FDR

Pval < 1e-20 Pval ~ 0.6

Carl	
  Herrmann	
  

  

Carl	
  Herrmann	
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Peak-­‐calling	
  with	
  MACS:	
  overview	
  
bimodal enrichment pattern 

1 – modelling the read shift size  

2 – peak calling 

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 

 

Two steps strategy : 

MACS to Identify
Peaks from

ChIP-Seq Data

2.14.6

Supplement 34 Current Protocols in Bioinformatics

Table 2.14.4 MACS Output Files

File name Description

FoxA1 model.r An R script to produce a PDF image about the
shifting size model based on ChIP-Seq data

FoxA1 peaks.xls A tabular file containing information about called
peaks

FoxA1 peaks.bed A BED format file containing the peak locations

FoxA1 summits.bed A BED format file containing the summits locations
for called peaks

FoxA1 negative peaks.xls A tabular file containing information about negative
peaks, which are called by swapping the ChIP-Seq
and control channel. The file will only be generated
when control data are available.

FoxA1 MACS wiggle A directory containing compressed wiggle format
files, which are generated through the pileup of
shifted reads for each chromosome

peak model

forward tags
reverse tags
shifted tags

d =119
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!400 !200 0
Distance to the middle
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Figure 2.14.1 Shifting size model for FoxA1 ChIP-Seq data. The red curve represents the
distribution of locations relative to the midpoints for reads from the forward strand, while the
blue curve represents the same for reads from the reverse strand. d is determined as the dis-
tance between the summits of red and blue curves, and MACS shifts all reads by d/2 toward
the 3′ ends to improve the spatial resolution of inferred TF binding sites. The black curve
is drawn based on the locations of shifted reads. For the color version of this figure go to
http://www.currentprotocols.com/protocol/bi0214.

For each peak, the detailed information includes the chromosome name, start po-
sition, end position, length of the peak region, summit location related to the peak
start position, number of reads in the peak region, −10*log10 (p-value) for the peak
region (i.e., a value of 100 means a p-value of 1e-10), fold enrichment for this re-
gion (compared to the expectation from Poisson distribution with local lambda), and
false-discovery rate (FDR). FoxA1 peaks.xls is a tabular plain text file, and the
user can open it in Excel and sort or filter using Excel functions (see Table 2.14.5).

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

  

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

treatment

control

1	
  –	
  modelling	
  the	
  read	
  shiS	
  size	
  	
  

Carl	
  Herrmann	
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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 λlocal of Poisson distribution

1 kb

10 kb

5 kb

full genome

estimate λ over diff. ranges

 → take the max

2	
  –	
  peak-­‐calling	
  

Carl	
  Herrmann	
  

  

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

P-val = 1e-30

2	
  –	
  peak-­‐calling	
  

Carl	
  Herrmann	
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•  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	
  omen	
  not	
  shared	
  between	
  different	
  peak	
  callers	
  

Mali Salmon-Divon et al, BMC Bioinformatics, 2010  
 

 

Peak-­‐calling	
  programs	
  

Morgane	
  Thomas-­‐Chollier	
  

•  To	
  be	
  chosen	
  according	
  to	
  type	
  of	
  expected	
  peaks	
  
–  Transcrip5on	
  factors	
  and	
  «	
  sharp	
  »	
  peaks:	
  MACS2	
  for	
  TF:	
  -­‐-­‐call-­‐summits	
  
–  Chroma5n	
  marks	
  and	
  «	
  broad	
  peaks	
  »	
  MACS2	
  	
  -­‐-­‐broad	
  

•  Many	
  new	
  programs	
  s5ll	
  developped	
  !	
  

Peak-­‐calling	
  programs	
  

Morgane	
  Thomas-­‐Chollier	
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FASTQ	
  

FASTQC	
  

experiment	
  	
  	
  	
  Input	
  
FASTQ	
  

FASTQ	
   FASTQ	
  

mapping	
  

Bow5e	
  
BWA	
  

BED	
  
BAM	
  
SAM	
  

From	
  sequence	
  reads	
  to	
  peaks	
  

BED	
  
BAM	
  
SAM	
  

visualiza@on	
  

peak	
  calling	
  
MACS	
  

BED	
  

peak	
  list	
  

WIG	
  
BEDGRAPH	
  

Morgane	
  Thomas-­‐Chollier	
  

Peak	
  list	
  (BED	
  file)	
  

chr1  145436475 145438649 1478  3206.01  + 
chr4  50881  52467  19930  3180.67  + 

chr9  31335610  31336400  26372  3170.26  + 

chr6  36971531  36973765  22937  3147.85  + 

chr4  16234642  16236143  20221  3133.43  + 

chr21  40144820  40146203  17188  3131.68  + 

chr19  40916830  40918210  13487  3127.46  + 

chr4  140477689 140479184 20737  3115.67  + 

chr3  12996108  12998488  18417  3108.55  + 
chr9  749205 752142 26263  3101.90  + 

chr1  11628770  11630411  268 3100.00  + 

chr1  153742611 153744775 1556  3100.00  + 
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Morgane	
  Thomas-­‐Chollier	
  

Hands	
  on	
  !	
  

	
  
•  Go	
  to	
  the	
  companion	
  website	
  
•  Follow	
  all	
  steps	
  of	
  Visualizing	
  the	
  peaks	
  in	
  a	
  genome	
  browser	
  
•  If	
  	
  you	
  have	
  the	
  5me,	
  do	
  the	
  bonus	
  exercise	
  

	
  
	
  
	
  
	
  
	
  

	
  
	
  

Adapted	
  from	
  Bardet	
  et	
  al,	
  Nature	
  Protocols,	
  2012	
  

ChIP-­‐seq	
  analysis	
  workflow	
  

treatment 

control (input) 

Quality check 

Morgane	
  Thomas-­‐Chollier	
  

Processing	
  steps	
   Downstream	
  analyses	
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Park,	
  Nature	
  reviews	
  2009	
  

ChIP-­‐seq	
  analysis	
  workflow:	
  downstream	
  analyses	
  

Morgane	
  Thomas-­‐Chollier	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
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What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

« see if you can find something in the data »


Morgane	
  Thomas-­‐Chollier	
  

« see if you can find something in the data »


What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
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•  Where	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü In	
  a	
  specific	
  context	
  (5ssue,	
  developmental	
  stage,	
  mutant)	
  
ü By	
  comparison	
  to	
  another	
  context	
  (WT	
  vs	
  mutant,	
  different	
  5me	
  points)	
  
	
  

	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
  

•  Where	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü In	
  a	
  specific	
  context	
  (5ssue,	
  developmental	
  stage,	
  mutant)	
  
ü By	
  comparison	
  to	
  another	
  context	
  (WT	
  vs	
  mutant,	
  different	
  5me	
  points)	
  
	
  

•  How	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü Which	
  binding	
  mo5f(s)	
  (can	
  be	
  several	
  for	
  a	
  given	
  TF	
  !!)	
  
ü Is	
  the	
  binding	
  direct	
  to	
  DNA	
  or	
  via	
  protein-­‐protein	
  interac5ons	
  ?	
  
ü Are	
  there	
  cofactors	
  (maybe	
  affec5ng	
  the	
  mo5f	
  !!),	
  and	
  if	
  so,	
  iden5fy	
  them	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
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•  Where	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü In	
  a	
  specific	
  context	
  (5ssue,	
  developmental	
  stage,	
  mutant)	
  
ü By	
  comparison	
  to	
  another	
  context	
  (WT	
  vs	
  mutant,	
  different	
  5me	
  points)	
  
	
  

•  How	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü Which	
  binding	
  mo5f(s)	
  (can	
  be	
  several	
  for	
  a	
  given	
  TF	
  !!)	
  
ü Is	
  the	
  binding	
  direct	
  to	
  DNA	
  or	
  via	
  protein-­‐protein	
  interac5ons	
  ?	
  
ü Are	
  there	
  cofactors	
  (maybe	
  affec5ng	
  the	
  mo5f	
  !!),	
  and	
  if	
  so,	
  iden5fy	
  them	
  
	
  

•  Which	
  regulated	
  genes	
  are	
  directly	
  regulated	
  by	
  a	
  given	
  TF	
  ?	
  
	
  
•  What	
  are	
  the	
  targets	
  of	
  a	
  given	
  TF	
  ?	
  
	
  
•  Where	
  are	
  the	
  promoters	
  (PolII)	
  and	
  chroma@n	
  marks	
  ?	
  
	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

è  Should drive all « downstream » analyses 

Morgane	
  Thomas-­‐Chollier	
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What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

è  Should drive all « downstream » analyses 

Will	
  take	
  5me	
  	
  
to	
  «	
  do	
  it	
  all	
  »	
  !!!	
  

Morgane	
  Thomas-­‐Chollier	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  
What	
  can	
  be	
  the	
  following	
  experimental	
  work	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
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What	
  is	
  the	
  biological	
  ques@on	
  ?	
  
What	
  can	
  be	
  the	
  following	
  experimental	
  work	
  ?	
  

è  cell biology (eg: luciferase assay) ?  
è  in vitro assays (eg: EMSA) ? 
è  Proteomic (eg: mass spectrometry) ? 
è Transgenics ? 
è Will depend on  

ü  the organism  
ü  available infrastructure Morgane	
  Thomas-­‐Chollier	
  

•  Where	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü In	
  a	
  specific	
  context	
  (5ssue,	
  developmental	
  stage,	
  mutant)	
  
ü By	
  comparison	
  to	
  another	
  context	
  (WT	
  vs	
  mutant,	
  different	
  5me	
  points)	
  
	
  

•  How	
  do	
  a	
  transcrip5on	
  factor	
  (TF)	
  bind	
  ?	
  
ü Which	
  binding	
  mo5f(s)	
  (can	
  be	
  several	
  for	
  a	
  given	
  TF	
  !!)	
  
ü Is	
  the	
  binding	
  direct	
  to	
  DNA	
  or	
  via	
  protein-­‐protein	
  interac5ons	
  ?	
  
ü Are	
  there	
  cofactors	
  (maybe	
  affec5ng	
  the	
  mo5f	
  !!),	
  and	
  if	
  so,	
  iden5fy	
  them	
  
	
  

•  Which	
  regulated	
  genes	
  are	
  directly	
  regulated	
  by	
  a	
  given	
  TF	
  ?	
  
	
  
•  What	
  are	
  the	
  targets	
  of	
  a	
  given	
  TF	
  ?	
  
	
  
•  Where	
  are	
  the	
  promoters	
  (PolII)	
  and	
  chroma@n	
  marks	
  ?	
  
	
  

What	
  is	
  the	
  biological	
  ques@on	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
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Adapted	
  from	
  Bardet	
  et	
  al,	
  Nature	
  Protocols,	
  2012	
  

ChIP-­‐seq	
  analysis	
  workflow	
  

experiment 

control (input) 

Quality check 

Morgane	
  Thomas-­‐Chollier	
  

..TAGCGCGCTT.. ..GATTAATAGC.. 

Transcrip5on	
  factor	
  specificity	
  

TF	
  recognize	
  TFBS	
  with	
  specific	
  DNA	
  sequences	
  

How	
  do	
  TF	
  «	
  know	
  »	
  where	
  to	
  bind	
  DNA	
  ?	
  

Morgane	
  Thomas-­‐Chollier	
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..TAGCGCGCTT.. ..GATTAATAGC.. 

Transcrip5on	
  factor	
  specificity	
  

TF	
  recognize	
  TFBS	
  with	
  specific	
  DNA	
  sequences	
  

How	
  do	
  TF	
  «	
  know	
  »	
  where	
  to	
  bind	
  DNA	
  ?	
  

    TTAATA 

    TTATTA 

    TAATTA 

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

Morgane	
  Thomas-­‐Chollier	
  

de	
  novo	
  mo5f	
  discovery	
  

target	
  gene	
  

cis-­‐regulatory	
  elements	
  

target	
  gene	
  

target	
  gene	
  

transcrip5on	
  factor	
  

binding	
  mo5f	
  

Problem :  
How can we model/describe 
the binding specificity of  
a given TF ? 

Morgane	
  Thomas-­‐Chollier	
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de	
  novo	
  mo5f	
  discovery	
  

•  Find	
  excep5onal	
  mo5fs	
  based	
  on	
  the	
  sequence	
  only	
  
(A	
  priori	
  no	
  knowledge	
  of	
  the	
  mo5f	
  to	
  look	
  for)	
  
	
  

	
  
•  Criteria	
  of	
  excep5onality:	
  
	
  

- higher/lower	
  frequency	
  than	
  expected	
  by	
  chance	
  	
  
(over-­‐/under-­‐representa@on)	
  
	
  
	
  
- concentra5on	
  at	
  specific	
  posi5ons	
  rela5ve	
  to	
  some	
  reference	
  coordinate	
  
(posi@onal	
  bias)	
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Morgane	
  Thomas-­‐Chollier	
  

de	
  novo	
  mo5f	
  discovery	
  

•  Tools	
  already	
  exist	
  for	
  a	
  long	
  5me	
  !	
  
	
  

- MEME	
  (1994)	
  
- RSAT	
  oligo-­‐analysis	
  (1998)	
  
- AlignACE	
  (2000)	
  
- Weeder	
  (2001)	
  
- Mo5fSampler	
  (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	
  
	
  

-­‐  	
  dozens	
  of	
  thousands	
  of	
  peaks	
  !!!!!!	
  

•  the	
  problem	
  is	
  slightly	
  different	
  
-­‐  promoters:	
  200-­‐2000bp	
  from	
  co-­‐regulated	
  genes	
  
	
  
-­‐  peaks:	
  300bp,	
  posi5onal	
  bias	
  

•  mo@f	
  analysis:	
  not	
  just	
  for	
  specialists	
  anymore	
  !	
  
-­‐  complete	
  user-­‐friendly	
  workflows	
  
	
  

	
  
http://www.genomequest.com/landing-pages/ODI-webinar-web.html 
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Peak-­‐mo5fs	
  

•  de	
  novo	
  mo@f	
  discovery	
  (peak-­‐mo3fs	
  in	
  RSAT)	
  

Thomas-­‐Chollier	
  et	
  al	
  Nucleic	
  Acids	
  Research,	
  2012	
  	
  
Morgane	
  Thomas-­‐Chollier	
  

Morgane	
  Thomas-­‐Chollier	
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Peak-­‐mo5fs:	
  why	
  providing	
  yet	
  another	
  tool	
  ?	
  
•  fast	
  and	
  scalable	
  	
  
•  treat	
  full-­‐size	
  datasets	
  
•  complete	
  pipeline	
  
•  web	
  interface	
  
•  accessible	
  to	
  non-­‐specialists	
  

	
  

-­‐ 	
  Demo	
  bulons	
  
-­‐ 	
  Tutorials	
  &	
  Protocols	
  
Thomas-­‐Chollier,	
  Darbo,	
  Herrmann,	
  Defrance,	
  Thieffry,	
  van	
  Helden	
  Nature	
  Protocols,2012	
  
	
  
-­‐ 	
  HTML	
  report	
  
	
  
	
  

Morgane	
  Thomas-­‐Chollier	
  

Morgane	
  Thomas-­‐Chollier	
  

Hands	
  on	
  !	
  

	
  
•  Go	
  to	
  the	
  companion	
  website	
  
•  Follow	
  all	
  steps	
  of	
  Mo@f	
  analysis	
  	
  

	
  
	
  
	
  
	
  
	
  

	
  
	
  



19/05/16 

41 

Mo5f	
  discovery	
  methods:	
  frequency	
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local-­‐words	
  

Mo5f	
  discovery	
  methods:	
  posi5onal	
  bias	
  

Thomas-­‐Chollier,	
  Darbo,	
  Herrmann,	
  Defrance,	
  Thieffry,	
  van	
  Helden	
  Nature	
  Protocols,2012	
  Morgane	
  Thomas-­‐Chollier	
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=>	
  Use	
  peak-­‐spli]er	
  or	
  extract	
  summit	
  +/-­‐	
  200	
  bp	
  

Peaks	
  from	
  MACS	
  

Morgane	
  Thomas-­‐Chollier	
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Possible	
  topics	
  for	
  discussion	
  

It’s	
  common	
  prac)ce	
  to	
  
sequence	
  the	
  input	
  deeper	
  
than	
  the	
  treatment.	
  Why	
  ?	
  

Single-­‐end	
  or	
  paired-­‐end	
  
sequencing	
  ?	
  

Importance	
  of	
  the	
  mapping	
  
tool	
  ?	
  

Why	
  do	
  we	
  find	
  
peaks	
  that	
  do	
  not	
  
have	
  two	
  opposite	
  
read	
  densi)es	
  ?	
  

I	
  see	
  ChIP-­‐seq	
  peaks	
  
specifically	
  on	
  exons,	
  
should	
  I	
  worry	
  ?	
  

ChIP-­‐seq	
  or	
  ChIP-­‐exo	
  ?	
  

Which	
  control	
  to	
  use	
  ?	
  

Low	
  number	
  of	
  input	
  
cells	
  ?	
  

Systema)c	
  biais	
  ?	
  


