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Regulation of Gene Expression...

* One genome = multiple cell types!

Precise regulation of

o 3 gene expression s
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function of different
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Regulation of Gene Expression.

Epithelial cell monolayer

Regulation of Gene Expression...

« Different stimuli are
temporally and
spatially integrated
through complex
signal transduction
pathways and
relayed to the
nucleus...

Transcriptional regulation in eukaryotes

Levels of transcriptional
regulation:
* 3D structure of chromatin
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Transcription factors in eukaryotes

Transcription factors (TFs) are proteins that
bind specific DNA sequences to control the
transcription of genes.

General TFs bind to core promoter

regions.

Site-specific TFs bind at the
proximal promoter or distal
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enhancer or repressor regions.

200 TFs often work in protein
)ﬁ) - — complexes, integrating the outputs.
3 ¥a # r:_é of several signaling pathways...
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Identification of TF binding sites (TFBS) ChiP-seq ChIP-Seq principle
To understand how different
conditions or signals Chromatin ipitati eneration

influence gene expression

and how particular

regulatory molecules or
events are involved in the
observed responses, we
need to know:

* All of the sites in the
genome to which the
transcription regulators.
of interest bind, under
those conditions.

+ Possibly correlate this
information with
chromatin status, and
transcript expression

[T ——— levels.

ChlIP-seq overview
‘ Tmprih -

Find all regions in the genome bound by a specific transcription factor (or bearing
a specific histone modification) in a certain experimental setting (a particular cell
type, a specific stimulus, a drug treatment, etc...).
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ChlP-Seq method

Step 1: Chromatin Immunoprecipitation (ChIP)
* Covalent cross-links between proteins
and DNA are formed in vivo
(formaldehyde is the most common =
cross-linker...)

Sheared chromatin (by sonication or =
using micrococcal nuclease) produce the —
protein-DNA fragment complexes
(usually 150-300bp...) -
An antibody specific to the protein (o
protein modification) of interest is used

to selectively immunoprecipitate that
were cross-linked (highly specific ChiP-
grade Abs are mandatory...). =

The protein-DNA complexes are de- .
cross-linked and the IP-enriched DNA
fraction is purified

gy Y Py
n S

ChIP-Seq method

Step 2: high-throughput DNA sequencing (Seq)

* DNA sequencing libraries are Ve

generated by clonal amplification
by PCR in vitro.

+ The amplified DNA templates are / ! \

sequenced simultaneously in a
massively parallel fashion
producing millions of “reads” .

Note: While the basic workflow is

common to most NGS platforms, each ,:“l E -
wtilzes slightly different strategy. i o
T ——

ChIP-Seq method

Step 3: bioinformatic analysis of ChiP-Seq data

General workflow of ChiP-seq analysis:

Quality control of raw sequencing data.

Mapping reads to the reference
genome.

. Peak calling to determine binding
locations.

z

. Functional analyses
+ Associate peaks to genes
* GO analysis of targeted genes
+ Identification of TF binding motifs

ChlP-Seq raw data

lllumina HiSeq can produce >50.000.000 reads of 36-100 bp/ChiP-seq experiment*

* ChiP-seq raw data consists of sequencing
d

reads.
Raw sequence reads from lllumina are
reported in FASTQ format.

FASTQ format is a text-based format for
storing both a nucleotide sequence and its
corresponding Quality Scores.
Hllumina quality score (aka, Phred score) of a
base s calculated as :

Q=10 log; p
! where pis the estimated probability of a
§ base being wrong.
&

Qualues can encode Phred scores from 0
t0 93, where p <0.05 when Q> 13...

ChlP-Seq raw data

AFASTQ file normally uses four lines per each read

€SRS_Tneu_2_1_1620_1070 * Line 1 begins with a '@ character and is
AMAAKGTCCOCOOCGTTCCCAGCTTCGAGTOGTTTG followed by a sequence identifier and an
e s et e e e B optional description (like a FASTA title line).

Line 2 is the raw sequence letters.

Line 3 begins with a *+* character and is
optionally followed by the same sequence
identifier again (and any other description).

e 4 correspond to ASCIl encoded base
quality values for the sequence in Line 2
[ASCII(Q+33), i.e., “I” is the lowest and “~"
the highest].

Quality control of ChIP-seq reads

Sequence read quality can be assessed using the FastaC tool

Quality control of ChIP-seq reads

Sequence read quality can be assessed using the FastQC tool

Mapping reads to the genome

Finding the corresponding position of each read in the reference genome.

The most computationally demanding step of the analysis - needs high performance
computers.

Requires ultrafast and y-efficient algorithms to data
(Borrows-wheeler transform) while still permitting fast substring (read) queries.

Read alignment must also allow for a small number of gaps and mismatches
(sequencing errors and variations in sample genome)

Mapping reads to the genome

Bowtie2 is a commonly used mapping tool for ChiP-Seq data

Tic, Bowtie 2

seq pipelines

ENCODE: the Encyclopedia Of DNA Elements is a
project launched by the NIH's Human Genome
Research Institute in 2003 that aims to identify all
functional elements in the human genome
sequence.
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Mapping reads to the genome

Bowtie2 is a commonly used mapping tool for ChiP-Seq data

Bowtie output files are in the SAM (Sequence Alignment/Map) format
- A generic format for storing large nucleotide sequence alignments.

- The related BAM format s a compressed binary representation of a
SAM files.
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Mapping reads to the genome

Mapped ChiP-seq data can be visualized as tracks in genome browser tools [e.g,, the
Integrated Genome Browser (IGV) or the UCSC Genome Browser] together with other
annotations (e.g., genes in the vicinity)...
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3 Reads aligned to the - strand
e

Mapped reads cluster at enriched regions - “peaks”

Peak Calling

Strand asymmetry in ChiP-seq read densities is actually expected (peak recognition
pattern)...
TE “protected” sit
protestedste ~200 bp fragments flanking
_—" the TF binding site

~40 bp reads from sequence
from one end of the
fragments (+ or - strand)

ChIP seq on DNA -
binding TF -

read densities
on-+/- strand

+/- strand read “peaks” do not represent the true location of the binding site

Peak Calling

¥ The input signal for peak calling is the number of mapped reads at each genomic
position.
¥ Reads mapping to the have to ined to
increase the signal and peak resolution. .
Tagshing —

* Tag Shifting: reads are shifted by d/2 (i.e.
towards the middle of the IP fragment),
where d represent the estimated mean
fragment length.

—_—
* Tag enlongation: Each tag is Twrmen g
computationally extended in 3'to a total
length of d.

Peak Calling

iR seq on Bk
g 1
¥ Strand asymmetry is blurred by the
binding of several TFs 2s complexes.

For example...

N raqon s
reane

..and is virtually lost in datasets of
ChiP for histone modifications.

ChlIP = target enrichment...

Chip-seq Peaks Potential sources of “noise” in
ChiP-seq experiments:

* DNA-shearing is not uniform
across genome, which results in
] more reads in open chrom
regions.

TF binding signal

+ PCRamplification bias (GC
content)in library preparation.

L ] * Repetitive regions might appear
Background noise enriched due to underestimated

repeat copies in the reference
genome.

How do we estimate the noise?

(0 00

wWww.VADLO.com

“Data don't make any sense,
we will have to resort to statistic:

Poisson model for read counts

If we assume that the “noise”reads within a given genomic window have a random
distribution then we can use a theoretical distribution to estimate the probability of the
observed number of reads being above what is expected (i.e., the “noise”).

The Poisson distribution is considered adequate since it models the number of random
events (reads) in a fixed interval (genomic window) (Note - some authors prefer the
binomial or the negative binomial)

x

Plx=k)=e*

k!
P = the probability that k reads map to a given
genomic region.

A =mean number of reads in a genomic
window of a certain size.

k
Certain algorithms use a uniform A value estimated from annotated whole genome
data. But...
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Modelling noise levels

Noise is not uniform (chromatin conformation, technical biases,

repetitive regions...etc)
Solution: seq put DNA to use

“Input DNA" is isolated from cells that have been cross-linked and fragmented under the
same conditions as the immunoprecipitated DNA.

Defining “significant peaks”

slide a window across the genome. At each location:

Evaluate the enrichement of the ChIP signal

Caculate Afrom inputand p based on the poison distribution
+retainregions with significant p-values

l chip
il S

Input

P>0.05 P<1E10

MACS (Model-based Analysis of ChIP-Seq)

g o i o P Se MAC), Gerone 2008} 1.9 510 1157

Mees2
[ Modek-based Analysis for CAIP-Seq

‘ hitps://macs3-project.github.

MACS is the pipeline recommended by the Encode project for ChiP-seq data analysis

ENCODE: the Encyclopedia Of DNA Elements is a
project launched by the NIH's Human Genome
Research Institute in 2003 that aims to identify all

- ’ functional elements in the human genome
EED—— o R b . P ——— Ay (input) sequence.
= Input : g
| | p———, bk it A St nad
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MACS (Model-based Analysis of ChIP-Seq)
g i i 5 MACS, G B 8413015117
1: Modeling the shift size of ChIP-Seq tags (estimating d)
« slides a window of 2x the user defined sonication size (BANDWITH)
+  Detects regions with high read enrichment in ChiP vs. input (MFOLD - default 10-30 fold )
* Plots average +/- strand read densities > estimates d” (i.e, mean fragment size)
« Shifts read tags d’/2 to increase ChIP signal resolution...

arcchmact
>Mrow

MACS (Model-based Analysis of ChIP-Seq)

2: “Significant Peak” detection

1. Normalize datasets:
> Datasets generally do not have the same sequencing depth
> ChIP (=signal + noise) and input (=noise)

Input = N reads
ChiP-seq dataset = M > N reads

W/\/\ ChiP scaled by library size :
~—rt M’ = M*(N/M)

MACS (Model-based Analysis of ChIP-Seq)

g o s o P S MAC), Gonen< 2008} 1.5 510 1157

2: “Significant Peak” detection

1. Identify local noise parameter
> slide a window of size 2*d across treatment and input

> estimate parameter Ay, for Poisson distribution

P-value = 1€-30 hind
i

MACS (Model-based Analysis of ChIP-Seq)
gt Mot s 55 MACS G 10085 B 27
2: “Significant Peak” detection
. Calling peaks and scoring

> Candidate peaks with p-values below a user-defined threshold (PVALUE - default 1-
05) are called (Peak regions);

> The ratio between the ChiP-Seq tag count and Ay, is reported as fold_enrichment.
> The location with the highest fragment pileup (sumr
location.

is predicted as the TF binding

wsort
geaks

— o vogon

Summit (TF bindingregion)

fold_enrichment

Tag count

Posison (op)

MACS (Model-based Analysis of ChIP-Seq)
e et Ao PSS, G B0k 015,157
3: Estimation of False Discovery Rate (FDR)

+ The FDR is an estimation of the proportion of incorrectly identified peaks among those that
are found to be of a certain significance (p-value).

* How MACS does it?
> Swaps “ChIP” and “input” datasets and calculates p-values for “negative peaks”.
> Ranks p-values from both Positive (ChiP vs input)
and Negative (input vs. ChIP) peaks.
> Calculates FOR for a peak with a given p as:

negative peaks with P

FORIp) =

positive peas w

MACS (Model-based Analysis of ChIP-Seq)

4: Output a list of peaks coordinates in BED format

« BED (Browser Extensible Data) is a UCSC Genome Browser format that provides a flexible
way to define the data lines that are displayed in an annotation track.
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Downstream analyses

Visualization i Other
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MEME-ChIP performs comprehensive motif analysis (including motif discovery,
motif enrichment analysis and clustering) on large nucleotide datasets (SOMB

maximum) such as those identified by ChiP-seq.
Pl Tty L e 2011, Bt 2712, 165697

Downstream analyses
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MAnorm performs a robust (validated by 19100 b
target gene expression) quantitative o
comparison of ChiP-Seq data sets describing oo e
transcription factor binding sites and
epigenetic modifications. LR NP
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Downstream analyses
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Relationship to gene structure

Where do TFs bind in the genome?
sk stz scmes

Delebarer

Fokanen
HanAz

Genome size namalized pesk distibution
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Association of peaks to genes
Which genes are regulated by a given binding event?

=
e Q‘;& - Two commonly used approaches:
/

all transcriptional start sites (TSS) within

-
_f'€ o’ ’\E « Associate the TF binding site (TFBS) to
y

afixed window (e.g. 20kb).

Associate the TF binding site (TFBS) to
the nearest TSS.

Downstream analyses

Tother
adhvanced

T 7

with genome b

| browser / regions \ analysis |
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analysis
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Gene set analysis

PPIs Enriched functions among the genes
associated to (i.e. "close to”) the predicted

Gare: ‘TFBS can be explored with:

ontologies. * GO (Gene Ontology) - DAVID fruareetal, an 20081

KEGG or REACTOME (pathways)

Signaling

Putative pathiways - BioGRID (protein and genetic interaction)
gene .
target Metabolic etc...

st } pativvays
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Downstream analyses
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Integration with gene expression data

¥ GPCR expression analysis of functional
enriched gene sets

¥ Promoter methylation status of TSSs
with different read profiles

v RNA-seq data from equivalent
experimental conditions

v Histone modification data in the same
experimental conditions

U P
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Advantages and disadvantages of ChIP-seq

Advantages:
* Genome-wide binding stes.
High resolution (200 bp)

+ Relatively cheap and scalable (ENCODE project performed

many tissues, conditions and organisms).

Disadvantages:

* Requires large cell populations (millions)

+ Depends on highly specific antibodies.

Can not distinguish between direct and indirect TF
binding

Finding enriched binding regions (peaks) relies heavily on

(cancer cells), repetitve regions, and high affinity
binding stes...

Unbiased Biased
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