ChiP-seq analysis

M. Defrance, C. Herrmann, S. Le Gras, D. Puthier, M. Thomas.Chollier

* Data visualization, quality control, normalization & peak calling
= Presentation (Carl Herrmann)
= Practical session
* Peak annotation
= Presentation (Matthieu Defrance)
= Practical session
* From peaks to motifs
* Presentation (Jacques van Helden)
= Practical session

Reads |

Motifs

Peaks > Annotations
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Datasets used

Research

GATAS3J acts upstream of FOXAI in mediating ESRI
binding by shaping enhancer accessibility

Vasiliki Theodorou,' Rory Stark,” Suraj Menon,? and Jason S. Carroll’-**

'Nuclear Receptor Transcription Lab, ?Bininformatics Core, Cancer Research UK, Cambridge Research Institute, Li Ko Shing Centre,
Cambridge CB2 ORE, United Kingdom; * Department of Oncology, University of Cambridge, Cambridge CB2 OXZ, United Kingdom

* estrogen-receptor (ESR1) is a key factor in breast cancer
developement

* goal of the study: understand the dependency of ESR1 binding on
presence of co-factors, in particular GATA3, which is mutated in
breast cancers

* approaches: GATA3 silencing (siRNA), ChIP-seq on ESR1 in wt vs.
SIGATA3 conditions, chromatin profiling
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Datasets used
m

SINT_ER_E2_r1 MCF-7 GSM386059 | SRX176856
SIGATA_ER_E2_ri MCF-7 r1 GSMIB6060 | SRX176857 X

SINT_ER_E2_r2 MCF-7 r2 GSMIB6061 | SRX176858 X

SIGATA_ER_E2 r2 MCF-7 r2 GSMIB6062 | SRX176859 X

SINT_ER_E2_r3 MCF-7 r3 GSMIB6063 | SRX176860 X . .
SIGATA_ER_E2_r3 MCF-7 r3 GSMIB6064 | SRX176861 @ X ® ESR1 ChIP'Seq n WT & SlGATA3
SINT_FOXA1_Veh_r1 MCF-7 r1 GSM9B065 | SRX176862 .y

SIGATA_FOXA1_Veh_r1 MCF-7 r1 GSMIB6066 = SRX176863 con d itions

GATA3_E2_r1 MCF-7 ri GSMI86067 | SRX176864 .

GATA3_Veh_r1 MCF-7 r1 GSMIB6068 | SRX176865 ( 3 repllcates = 6 datasets)
GATA3_E2_r2 MCF-7 r2 GSMIB6069 | SRX176866 . .

GATA3_Veh_r2 MCF-7 r2 GSM986070 | SRX176867 o H3K4me1 iNn WT & S|GATA3
GATA3_E2_r3 MCF-7 r3 GSMI86071 | SRX176868 . .

GATA3_Veh_r3 MCF-7 r3 GSM986072 | SRX176869 con d Itions

GATA3_E2_r4 MCF-7 r4 GSMI86073 | SRX176870 .

GATA3_Veh_r4 MCF-7 r4 GSM386074 | SRX176871 (1 repllcate = 2 dataSEtS)

GATA3_E2_r5 MCF-7 5 GSMI86075 | SRX176872

GATA3 Veh_r5 MCF-7 r5 GS5M986076 = SRX176873 Y |nput dataset in MCF_7

SiNT_H3K27ac_E2_r1 MCF-7 r1 GSMI86077 | SRX176874 .

SIGATA_H3K27ac_E2_r1  MCF-7 r1 GSM386078 = SRX176875 (1 rephcate =1 dataset)
SINT_H3K27ac_Veh_r1 MCF-7 r1 GSM386079 | SRX176876

SIGATA_H3K27ac_Veh_r1 = MCF-7 r1 GSMI86080 | SRX176877 . .
= TN N * p300 before estrogen stimulation
SIGATA_H3K4mel_E2_r1  MCF-7 r1 GSMI86082 | SRX176879 X

siNT_H3K4mel_Veh_rl MCF-7 ri GSM986083  SRX176880 ® GATA3/FOXA1 ChlP-Seq
SIGATA_H3K4mel_Veh ri = MCF-7 r1 GSMIB6084 | SRX176881 . .
SiNT_p300_E2_r2 MCF-7 r2 GSMI86085 | SRX176882 befO re/after eStrogen St|mU|at|On
SIGATA_p300_E2_r2 MCF-7 r2 GSMIB6086 | SRX176883

SINT_p300_Veh_r2 MCF-7 r2 GSMI8087 | SRX176884 ° microa rray eXpreSSion data, etc ...
SIGATA_p300_Veh_r2 MCF-7 r2 GSM986088 | SRX176885

ZR751_siNT_ER_E2_r1 ZR751 ri GSMI86089 | SRX176886

ZR751_siGATA_ER_E2 r1  ZR751 r1 GSMI86090 | SRX176887

MCF-7_input_r3 MCF-7 r3 GSMI86091 | SRX176888 X

ZR751_input_r1 ZR751 r1 GSMI86092 | SRX176889

ZR751_input_r1 ZR751 r1 GSMI86092 | SRX176889
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Hands on !!

Let's have a look at the data
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What we want to do

do we have |
~more signal here...

... than here ?
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Keys aspects of ChiP-seq analysis

(1)
(2)
(3)
(4)
(5)
(6)

Quality Control : do | have signal ?
Determine signal coverage
Modelling noise levels
Scaling/normalizing datasets
Detecting enriched peak regions
Performing differential analysis

n — Ecole Aviesan Roscoff 2015
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0. Principle of ChlIP-seq

chr1:89305,441 89,306,623

A. I qa1 g2 qgd3 [1H ab qCll  qCl3 q3  ql4 qC5 CI G131 qE2.2 qE3  qE4 qf  qul qHl qH2.3 qHd qH5  qHb
L1@ by
W 59,305,600 bp 9,305,300 bp £3306,000 9,306,200 bp 9,306,400 bp 9306500
_______...iln.-...-l | 1 1 1 | | | | | | L
sequenced section Sense strand R B
{htag or "I‘Ead :I Chlp EnriChE}d frang Nkx2-5_SRRO58584. csf

- T = ]
Nikx2-5_SRR0O58584. csf]
b TAVAWLVLVLW — Y

sta. peaks. macs.bam.po

s.bam -
5 3 5
3’ 5 3
% Antisense strang  |we-sstrosesess e =
= |
ChIP enriched fragm - e == N —— -
\/\JW NKxZ-5_SRROS8584.csf - '=
sta.peaks.macs.bam.ne |
““'\-u..__ 0.bam |
UW E-EII:'.lLIEE'ICEq_E-ECtiPI'I - I
align to (“tag™ or “read”) =
reference Jgenome

Cene

Nkx2-5_SRRO58584.csf)
sta.peaks.macs.bed MACS_peak 335

sense lags .

nkx25 _picor_noCHR bed|

ji
il antisenss tags .
d +

— The binding site itself is
generally not sequenced !

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

[Wilbanks & Faccioti PLoS One (2010)]
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0. Principle of ChlIP-seq

o TAVAVAVAV.

Sense strand Tt ——

1IP enriched fragments
‘/WI g’v:rged pos.bam Covera “""‘”—Z

5 3 — T E— E—

3 D D

Y 5' | ] [ W
[ ]
mmmmmmmmmmmm — —
[ ] [ ___ ]
. [ ]
Antisense strand i
hiIP enriched fragments = 5
M E— —‘— — — I
W r K | . r |
L ] L ]
L
pr——™
align to — i
ref&renc:e genome cene B
4 picor_L_chri32 |
e -
& € &

-h

Strand asymetry is blurred when multiple proteins bind
or in case of histone modifications ChIP
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Principle of ChIP-seq

ESR1_treatment.bw

ESR1_control.bw

ESR1_peaks.bed

- 200

treatment read density (=WIG/bigWig) ‘

1= 200

input read density (=WIG/bigWig)

|
MAGS peak 1515

ESR1_reads.bam

peak_(=_BED)

aligned reads + strand (=BAM)

aligned reads - strand (=BAM)
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1. Quality control

* Qualitative
= Look at your favorite gene/locus in

IGV!

= Heatmap of signal
— e.g. H3K4me3 at promoters

ml
b |

Carl Herrmann

— Ecole Aviesan Roscoff 2015
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1. Quality control SR I S S © T

2 [TF-ChiP-seq 4549 CTCF DEX_100mk1 24,281,139 0.2361 0.71
3 |TF-ChiP-seq £549 CTCF DE¥_100nk1 15,453,361 0.1249 0.41
4 [TE-ChiP-seq 4549 &R DE¥_100nk 16,508,102 0.0754 0.91
N o 5 [TF-ChiP-seq 4549 GR DE¥_100nk 28,467,922 0.0723 0.44
([ ) Q u a ntltat |Ve 6 |TF-ChiP-seq &4543 FOLZ DEX_100nkA 19,005,470 0.6166 0.86
7 [TF-ChiP-seq 4549 POL2 DE¥_100nk0 23,115,884 0.5368 0.86
. . . 8 |[TF-ChiP-seq 4543 USFL DEX_100nhd 22,289,331 0.0791 0.87
* Fraction of reads in peaks (FRiP) o frr-chiPseq st JusrL [oocunn] 140 oosi s
10 |TF-ChiP-seq 4549 GR DEX_S00ph 19,646,503 0.0105 0.96
TF-ChIP-sar 4549 GR DE¥_500ph1 15,095,316 0.0109 0.34
reads Epeaks 12 |TF-ChiP-seq 4549 GR DEX_50nhA 19,291,260 0.1289 0.96
FR 'P — 13 [TF-ChiP-seq 4543 GR DEX_50nkA 16,754, 796 0.142¢ 0.95
I - 14 [TF-ChiP-seq 4549 GR DEX_SnM 20,120,740 0.0343 0,99
tOtal reads 15 |TF-ChiP-seq 4549 GR DEX_5Hh 20,559,786 0.0641 0.96
16 |TF-ChiP-seq 4549 CTCF EtOH_0.02p 22,672,467 0.1601 0.75
. 17 [TF-ChiP-seq £549 CTCF EtOH_0.02p 14,351,615 0.2040 0.42
— depends on type of ChIP (TF/histone) :
N_uniq
Target Treatment |map reads |SPOT PBC ‘
H3KAMES Mone 23,262,787 0, 7548 0.85
- . . H3KAMES Mome 24,358,921 0, 7128 0.87
PCR BOtt/eneCk Coeﬁ.ICIent (PBC) . H3KAMES Mone 25,830,562 0, 7734 0.53
measure Of |ibra ry CompleXity H3K 4RIE3 Mone 24,999,787 0.7708 0.83
H3KAMES Mone 27,183,786 0.541 0.75
H3KAMES Mone 18,723,594 0, 7507 0.52
H3KAMES Mome 27,941,205 0.6917 0.79
H3KAMES Mone 20,608,672 0,8515 0.52
H3KAMES Mone 26,921, 405 0, 7402 0.54
H3KAMES Mome 27,322,283 0, 7315 0.85
- g H3KAMES Mone 25,331,375 0, 7954 0.52
‘ Genomic positions PBC<0.5 ' _H3KAMEZ __None 21,265,457 0,7222 0,56
N _—  with 1 read aligned Y H3K27MES  Mone 10,992,065 021585 0.97
1 0.5<PBC<0.8 : H3K27MES  Mone 14,241,301 0,2238 0.97
PBC —_— 0.8 < PBC ‘ H3K36MEZ  Mone 14,371, 730 0.2597 0.96
N Genomic positions H3K3IEME3  Mone 14,363,395 0.2608 0.96
d with > 1 read aligned H3KAMES Mome 12,020,401 0, 7748 0.9
H3KAMES Mone 16,286,127 0.7362 0.56
H3K27MES  Mone 15,677,477 0,1573 0.95
H3K2Z7MEZ  [Mone 13,552,847 0,1528 0.97
H3K36ME3  Mone 12,224,320 0,1934 0.98

https://www.encodeproject.org/data-standards/2012-quality-metrics/
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2. from reads to coverage

* to visualize the data, we use coverage plots (=density of
fragments per genomic region)

* need to reduce BAM file to more compact format
- bigWig/bedGraph

BFEEEFFEBFFFFFFFFDBREF?

DDDDDCDD!

&

NN N G

S
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2. from reads to coverage

* Reads are extended to 3'to
fragment length

* Read counts are computed for
each bin

e Counts are normalized

= reads per genomic content
— normalize to 1x coverage

n X L

SpD = mapped reads
, Geff -
L = reads per kilobase per million

e — reads per bin

n .
RPKM = reads/bin
n

X Wbin

mapped reads
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2. from reads to coverage

= 91 kb -~

43,270 kb 43,280 kb 43,290 kb 43,400 kb 43,40 kb 42,420 kb 43 430 kb 43,440 kb 43 450 kb
I I I I I I I I I I I I

bk . ae a . — - — e n ~ l —r

-----

o e B b B el e mm e e e e e - ~— PR T

H3KAMET i deseckisendhes e e

-----

} H 10 11 11 [ |
MACS_peak 926 MACS_peak_gH MACS_peak_g45 MACS_|
ESR1
reads
H3K4me1
reads
=—TOTTRT | h ~
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3. si | and .
. SIgNal ad noise
| |
[ 1 I | I [ -:——:-:—:-q;-:-}—L:I:-:I:I:-:-:-:-
p36.31  p3n.2l p36l? p3sg  p3ad  p3dl  p3i3  p3Ial p3l.2  p3lLl p223 pIxl pIL?  pl pi3l plll a1z X1 q2l3 q23.2 g4I qZal q35.3

4715 I
111, 0k kb 112,000 kb 113,000 kb

I I | | I | |
] | P HE | HH —HHEE 1+ 4 H HEI HII IR -—EHE——A HHHHHHHN - - —m -
TM5S CSF1 STRIP1 SLCGATT REM15 CYMP KCHAZ CD53 DRAM2Z CHIAP2 OvGP1 MR 034126 DDX KCND3 CTTMBRPZNL ST7L  MOVIO SLC16AT LRIG2
[0-291)
0-1.07]
(-10.0040 - 1000

MCF-7 genome

The MCF-7 genome harbors 21 high-level CNAs,

summarized in Table 1. Remarkably, many of the

previously reported regions of genetic alteration split into MCF/ genome A A ./x ./x

multiple segments upon tiling resolution analysis. The

1p13 amplification described previously [40] in fact * /
divides into three distinct segments of high-level

amplifications: a 1,300 kb segment at 1p13.3, containing ! !

only two genes, those encoding arginine hg1 9 reference genome
N-methyltransferase-6 (PMRT6) and netrin G1 (NTNG):

Carl Herrmann — Ecole Aviesan Roscoff 2015




3. signal to noise

treatment
Aok dalk i s : Y TR TV NP ey S § W PO T T RT YAPTEr T U | P )
input
Y WY ) TR TR T Y TN W T VAP ST P

flignatili by GEM from ENCODE ACRIG(0u

| | [N ]
O S |

k=35 ..
k=so NN |

k=100 ..

o

MNCODE ACRiG (G

fAlignability of idmers by GEM from ENCODE /CRG{GUIQ0)

* Mappability issue : alignability track shows, how many times a read from a
given position of the genome would align

= a=1 - read from this position ONLY aligns to this position
= a=1/n - read from this position could align to n locations

— we usually only keep uniquely aligned reads : positions with a <1 have no
reads left
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3. signal to noise

The availability of a control sample in
mandatory !

- mock IP with unspecific antibody
- sequencing of input (=naked) DNA




4. modelling background level

/ ?
—__— How to get a noise free track :

I — ] —
_— L T/ [ '_|_|_|—|_l_

* naive subtraction treatment - input is not possible, because
both libraries have different sequencing depth!

* Solution 1 : before subtraction, scale both libraries by total
number of reads (library size)

- RPGC .

SD = mapped reads

* RPKM Gy

XL

RPKM = nreads/bin X Wbin
n

mapped reads
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4. modelling background level

scale smaler dataset
Treatment

N= 10 M reads

______
Input ]
N'=12 M reads
I L

Problem : signal influences scaling factor
More signal (but equal noise) - artificial noise over-estimation

Carl Herrmann  — Ecole Aviesan Roscoff 2015 ei |S |C] bS



4. modelling background level

A

input
1
area ~ number of reads = 10 _
10
A
5
treatment
1
area ~number ofreads=10+4+4=18
10
Scaling by library size : upscale input by 18/10 = 1.8
A
> treatment estimated noise level
e L ICELELELTLYLEY e

Carl Herrmann
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4. modelling background level

input
1 area ~ number of reads = 10
10
A
5
treatment
1
area ~ number of reads =10+ 9+ 4 =23
10
Scaling by library size : upscale input by 23/10 = 2.3
A
> treatment estimated noise level
1
10

Carl Herrmann — Ecole Aviesan Roscoff 2015



4. modelling background level

input

1
area ~ number of reads 2 10 -
10

A
5
treatment ’

1
area ~ number of read: %/4 =23 / ~
10

Scaling by library size : upscale input by 23/10 = 2.3

> treatment estimated noise level

\J
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4. modelling background level

* more advanced : linear regression by exclusing peak regions

(PeakSeq)
* read counts in TMb regions in input and treatment
400 ; 400 -
Tt Py=1
o 397 e @ 3501 Siope = 0.98
o 3004 LA g S 300 { Correlation = 0.77
: i E ]
5 250 A @ 250
200 1 o 200 1 y
';.5:15& ; 3 1501 <
o ; o
£ 1001 P=0 = 100 {
& I Slope = 1.24 O g )
o 8 Carredation = 071 g - o,
0 50 100 150 200 250 300 350 400 0 50 100 150 200 250 300 350 400
Input DNA Input DMNA
all regions excluding enriched (=signal) regions

PeakSeq enables systematic scoring of ChlP-seq
experiments relative to controls

Carl Herrmann

— Ecole Aviesan Roscoff 2015
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4. modelling background level

* Alternative strategy
(deepTools = Diaz et al.)

1.0

bin genome into n 10 kb windows — GINT ER

count reads in each window for input == SIGATA SR /
ogl| — SINT_Kd4mel /

(X) and treatment (Y) SEATA: FAREL /

total number of reads is N, and N, — input

e
o

order Y from less to most enriched -
Y(i)

define and plot
J J
pj:Zi:1 Y(i)/MY’. qj:Zi:1 X(i)/Mx

o
=~
-

i
)
-

fraction w.r.t. bin with highest coverage

= p, = proportion of reads in the j less
enriched windows

(=]
SDO
o

N
o
%]

25% of the genome
contains no reads !
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4. modelling backeground level

1
l.D T I i T :
— siNT_ER :
— SIGATA ER i
o || — siNT_Kkame1 '
o . e |
g SIGATA_K4mel :
S — input :
Ju-': . . . . 1
D this is were pj and q; .
£ 06} :
= differ most |
:
B
=
8 0.4}
3
c
2
E 0.2}
U'%.U D.I2 D.I4 'D.IE 0.8 1.0

< rank : : :
both datasets contain

only noise in this range o
> scale according to number of reads in this range  contains signal

treatment dataset
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5. from reads to peaks

Sense strand

* Tag shifting vs. extension TSR, ChIP Samhed fagme

= positive/negative strand read g::QFg: :

peaks do not represent the opyAntisense sran
true location of the binding site

—~—
asduenced section
= fragment length is d and can
be estimated from strand

— W
asymmetry X e
; d
= reads can be elongated to
a size of d

= reads can be shifted by d/2
— increased resolution

sense lags :

Peak Model

forward tags
—— reverse tags
—— shifted tags

Percentage
| | | |

004 006 008 010 012 014 016

-600 -400 -200 0 200 400 600

Distance to the middle

example of MACS model building
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5. from reads to peaks

_'_l_

“Read shifting” - >
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5. from reads to peaks

I i

“Read extension” = >
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AIEIIHLL

filtering:
User input strand-based
Profile Peak criteria® Tag shift Control data® Rank by FDR® parameters® duplicate®
CisGenome Strand-specific 1z Mumber of reads  Average Londitional Mumber of  1: Negative Tamgat FDR. Yas [ Yes
wl.1 window scam in window far highest binomial used to  reads under  binomial optional window
22 Mumber of ramking peak  estimate FDR peak #: conditional  width, window
ChIP reads minus ~ jpairs binomial irteral
contred reads in
window
ERANGE Tag 13 Height cutoff High quality Used to calculate & walue 1: None Optional peak Yas / Mo
w31 aggregation High quality peak peak estimate, fold enrichment 21 # control height, ratie to
estimate, per- per-Tegian ared optionally # ChIF background
region estimate,  estimate, or Fyalues
or input input
Aggregation  Height threshold  Input or HA Mumber of  1: Morte Carla Minimum peak Yes Ve
FindPeaks of overlapped estimatbed reads under  simulation height, subpeak
v3.1,9.2 tangs peak 2 NA walley depth
F=5eg Kerned density 5 s.d, abowe KDE  Input or KDE for local Paak height  1; Nore Threshald 5.4. He / Na
wl.E2 estimation tar 1: random estimated background 2: Nope witlue, KDE
(KDE} background, 2: bandwidth
contnol
GLITR Agoregation  Classification User input tag Multiply sampled  Peak height 22 8 control Target FOR, Hi / Na
of overlapped by hedght extEnginn to estimate and fold ¥ ChIF number nearest
g and refative background ¢lass enrichment nelghboes For
enrbchment valupes clustering
MAaCs Tags shifted Lescal reqion Estimate from Used for Poisson F walue 1: Nane FPovalue threshoeld, N f Yes
w1.3.5 then window  Poisson P valse high quality  fit when available 2§ contral tag length, mfold
scan peak pairs TEHIP far shift estimate
PeakSeq Extended taq  Lecal regicn Input tag Used far 17 walue 1: Poisson Target FDR Nz / Mo
aggregatian binomial P value  extension significance of background
length sample enrichment assumption
with bimamial #: From
distribution binomial for
sample plus
control
OuEST Kemel density  2: Height Mode of local  KDE for i value 1: HA KIDE bandwidth, Yas [ Yes
w23 estimation threshodd, shifts that enrichmeant and 2§ cantral peak height,
background ratic  maximize smpirical FOR TEOHIP subpeak valley
stramd cross-  estimation as a function of  depth, ratic to
correlation profile threshald  background
SICER Window scan P value from Input Linearly rescaled g walue 1: None Window length, Ho f Yes
wl.02 with gaps random for candidate peak 2: From Poisson gap size. FOR
allawed background rejectiom and P P values {with contral) or
madel, enrichmant valuas E-value
ralative to controd »
s w1 e GOMputation for ChIP-seq and RNA-seq
wl.4 change, ¥_+ nearest pairec

N_threshold
I'l.?l]'il:ll'lr

tag distance studies

s

Strand specific
window scan

Poissan P valpe
[paired peaks

aalby

Maximal
shrand crogs-
carrelatian

Shirley Pepke!, Barbara Wold* & Ali Mortazavi?



*

Cishenome Strand-specific
vl.1 window scan
ERANGE Tag
w31 aggregation
— Some methods separate the tag densities
i wn into different strands and take advantage
by el of tag asymmetry
(KDE)
GLITR Aguregation
of averlapped
MALS lags shifted . L.
3w o Most consider merged densities and
sl o, look for enrichment
OuEST Kemel density
w23 estimatian
SICER Window scan
wl.02 with gaps
allavwed
5155R% Windos scan
w14
s[Ep Strand spec i
window SCAM




Profile Peak criteria® Tag shift
CisGenome Strand-specific 1z Mumber of readq Average
wl.1 window scam in window far highest
22 Mumber of ranking peak
ChIP reads minus | pairs
contred reads in
window
ERANGE Tag 13 Height cutoff High quality
w31 aggregation High quality peakl peak estimate,
estimate, per- per-Tegian
region estimate, | estimate, or
or input ==
Aggregation  Height threshold § Input or
FindPeaks of owerlapped astimated
vi.1.9.2 tags
F=50) Kerme] density & s.d, above KDE [nput ar
wl. B2 eskimation tar 1; randem estimated
(KDE} background, 2:
Contol
GLITR Agoregation  Classification User input tag
of averlapped by helght b i
g anid refative
enrbehmend
MALS lags shifted Lescal reqion Estimate from
w1.3.5 then window  Poisson P valse high quality
SCAn peak pairs
PeakSeq Extended taq  Lecal regicn [nput tag
aggregatian binomial P value | extension
length
OuEST Kemel density  2: Height Mode of Local
w23 estimation threshodd, shifts that
background ratio | maximize
stramd cross-
correlation
SICER Window scan P value from Input
wl.02 with gaps random
allawed background
madel, enrichmang
relative bo contro:
5155R% Window scan N_ = K sign Avprage
vl changa, ¥ _+ nearest pairedd
N_threshold tag distance
r\v.'_'l]in:unl
D Strand specific Poisson Pyvalue  [FEanmmn ]
vl.0 windlow Scan [patred peaks strand crogs-

-;_::||.||

cormElatian

Tag shift

Tag extension

Tags unchanged




5. from reads to 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

e hems . e . .. o _‘-_A__.—L--l‘____.&___ e ek v oo hemos siie it o . ama

P(s)

Pval < 1e-20 Pval ~ 0.6
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6. 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 Peak Model
w
< forward tags f,( A
COﬂtrOl o+ | — reversetags | 1
— | —— shifted tags
| I
______________ .‘3
N . E
E’ g N~
£ \ &
/ % © g
/ 8 )
8
(=]
3
=]
T T T t T T T
-600 -400 -200 0 200 400 600
Distance to the middle
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5. 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

i __adiik oo dhelliasbenlh. . ... .

P T

—lill, o

1 kb : .
estimate A over diff. ranges
- > kb » — take the max
10 kb

full genome

Carl Herrmann
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5. 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(s)

. i . el e il _‘-_A‘_#l_.‘__-_.&__. s PR S —

e it aiiie oo el ... .

P-val = 1e-30 =
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5. MACS [Zhang et al. Genome Biol. 2008]

* Step 4 : estimating FDR
= positive peaks (P-values)
= swap treatment and input; call negative peaks (P-value)

# negative peaks with Pval < p

FDR(p) =

# positive peaks with Pval < p
— FDR = 2/25=0.08

aN|en-d suisealdul
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6. differential analysis

* given ChIP-set datasets in different conditions, we want to find
differential binding events between 2 conditions

= binding vs. no binding — qualitative analysis
= weak binding vs. strong binding = quantitative analysis

Condition A

A A Ao A
Condition B pav & A PAN

o stronger stronger binding in B
binding in A binding binding no difference |n. |n.g |n.
no binding in B in A in B no binding in A
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6. differential analysis

* simple approach = compute common and specific peaks

Condition A Condition B

Drawback:
- common peaks can hide differences in binding intensities
- specific peaks can result from threshold issues

| Carl Herrmann  — Ecole Aviesan Roscoff 2015 ei |S @ |O bS




6. differential analysis

° quantitative approach
= select regions which have signal (union of all peaks)

= in these regions, perform quantitative analysis of differential binding
based on read counts

& A Z\ &
Z\ v

o=
||"||ﬁ|||||||||"||ﬂ‘||

P
>

* statistical model
= without replicates : assume simple Poisson model (- SICER-df)

= with replicates : perform differential test using DE tools from RNA-
seq (diffBind using EdgeR, DESeq,...) based on read counts
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6. differential analysis

* without replicates (sicer-df)

= consider one condition to be the reference (condition A)
call peaks on each condition independently
take union of peaks

assume Poisson model based on
expected number of reads in region N=w;N /L,

compute P-value, log(fold-change)

A A, A, A, A,
||'|'|ﬁ|T||.|.||‘||T|ﬂ‘|| A & & &
n7 nz n3 n4 n5
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6. differential analysis

* with replicates (diffBind)
= provide list of peaks for replicates A and replicates B

= determine consensus peakset based on presence in at least n
datasets

= compute read counts in each consensus peak in each dataset

= run DESeq / EdgeR to determine differential peaks between condition
A and B (negative binomial model, variance estimated on replicates)

J\ pau
peaks A I I I
[ _,’ -\. ‘ : _'4 -‘.
peaks B
} P A G

consensus peaks (if n 22)
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6. differential analysis

Number of differential peaks >

Peak Length

Number of differential peaks m

Peak Length
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o] s ez jar
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& ¢ 3 & £ = & 3
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1000 I
L . + - = s 2 8 § g 8
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BEE Genes

o2

E2 Coverage

Veh Coverage

ome 15 CE—C T T T o T e e

33.359 mb 33.361 mb

33.36 mb 33.362 mb
FMM1

T

== ChiP-gPCR amplified reglon

diffReps-cs.
anRepsat
Homer s
macs2bdquiff me—
QT S—
I:Imm-SEIN

SICER-W200-G200

uniguePeaks —

diffbing-deseq —

dififeps-nb

multigps
pepr

Considerable differences in peak numbers and sizes !

Carl Herrmann

— Ecole Aviesan Roscoff 2015

olls g labs



Program of the Practical Session

Step O : Find datasets on Gene Expression Omnibus
Step 1 : Import datasets into your Galaxy history

Step 2 : data inspection : coverage plots, correlation,...
Step 3 : peak calling using MACS

Step 5 : differential analysis

Step 6 : visualizing results in IGV
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