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What is ChIP-Sequencing?

* ChIP-Sequencing is a new frontier technology to
analyze protein interactions with DNA.

* ChIP-Seq
# Combination of chromatin immunoprecipitation (ChIP)
with ultra high-throughput massively parallel
sequencing
* Allow mapping of protein—DNA interactions in-vivo on a
genome scale
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comparison

Table 1| Comparison of ChIP—hip and ChIP-seq

Maximum resolution

Coverage

Cost

Source of platform noise
Experimental design

Cost-effective cases

Required amount of
ChIP DNA

Dynamicrange

Amplification

Multiplexing

ChlIP—-chip
Array-specific, generally 30-100 bp

Limited by sequences on the array; repetitive regions are

usually masked out

US$400-800 per array (1-6 million probes);
multiple arrays may be needed for large genomes

Cross-hybridization between probes and nonspecific
targets

Single- or double-channel, depending on the platform

Profiling of selected regions; when a large fraction of
the genome is enriched for the modification or protein
of interest (broad binding)

High (a few micrograms)
10-100 Ng =>>2 ug

Lower detection limit; saturation at high signal

More required

Not possible

ChlP-seq

ingle n ide
Limited only by alignability of reads to the genome; increases
with read length; many repetitive regions can be covered

Currently US$1,000-2,000 per lane (using the Illumina
Genome Analyzer); 6-15 million reads before alignment

Some GC bias can be present

Single channel

Large genomes; when a small fraction of the genome is
enriched for the modification or protein of interest
(sharp binding)

Low (10-50 ng)

Not limited

Less required; single-molecule sequencing without
amplification is available

Possible

(Park, 2009)

For exam-ple, only 48% of the human genome is non-repetitive, but §0%
is mappable with 30 bp reads and 89% is mappable with 70 bp reads.
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Mapping Methods:

Indexing the Oligonucleotide Reads

# ELAND (Cox, unpublished

« “Efficient Large-Scale Alignhment of Nucleotide Databases”
(Solexa Ltd.)

+ SeqMap (Jiang, 2008)

* “Mapping massive amount of oligonucleotides to the
genome”’

* RMAP (Smith, 2008)

« “Using quality scores and longer reads improves accuracy
of Solexa read mapping”

+ MAQ (Li, 2008)
+ “Mapping short DNA sequencing reads and calling variants
using mapping quality scores”
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Region level Peak calling

Usually a sliding-window approach is used
«  Typically, window size depends on the event size
* Often overlapping/adjacent/nearby regions are merged

More rarely, an island approach is used
# Build regions out of overlapping (inferred) fragments or reads.

Most of the time, enriched region is trimmed to give a higher
resolution event location (this would be the actual peak)

Sometimes, regions/peaks are split up in post-processing (multiple
nearby events)



Typically two strategies:

Find the number of fragments (usually Not reads) overlapping that position
* need to go from reads to fragments

Find the number of reads (fragment ends) reported at that position
(possibly, taking strandedness into account)

Very large selection of tools and techniques:

ERANGE, FindPeaks, MACS, QUEST, CisGenome , SISSRS, USeq, PeakSeq,
SPP, ChIPSeqR , GLITR, ChIPDiff, T-PIC, BayesPeak, MOSAICS, CCAT, CSAR



Fragments based

Number of fragments (usually NOT reads) overlapping that position

Slide modified from Istvan Albert



Reads based

- [ Reference

Slide modified from Istvan Albert
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Aligning to reference genome
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Find the borders

Left border
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Slide modified from Istvan Albert



Finding the binding sizes

+ strand

- strand

73 bp

Binding Size = ~146 bp

Slide modified from Istvan Albert



Shift to the center
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Enrichment measures

* Qverlap approach: typically, the maximum overlap in
the region is the measure

* Read count approach: typically, the total number of
reads in the region is the measure

* Variation: calculate separate enrichment measures
based on strand-specific reads.
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Peak-Calling: Background

# No-model approach (no BG estimation)
* Require enrichment > cutoff (user-specified)

* E.g., number of reads in 1kb bin > 10 (arbitrary number).
* Maybe use some other requirements (post-filtering)

=> No statistics can be done.



Peak-Calling: Background

+ Model null distribution of enrichment values based on
sample itself

* Analytical
« Empirical (simulation-based)

# Use significance measure (p-value, FDR) cutoff to
retain regions
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Peak-Calling: Background

* First assumption people made: the distribution of read/fragment
start sites is uniform across genome (apart from event sites)

# Poisson process with per-base rate = #(reads)/G

# Variation: exclude non-mappable portion of genome from G (mappability
depends on your alignment strategy, unresolved bases in genome
assembly)

* Variation: empirical null distribution based on simulations. This is more
amenable to modifications

* For any p-value/FDR, it is straightforward to calculate enrichment
significance cutoffs for both count-based and overlap-based measures

* There is a problem: the distribution of read/fragment start sites is
far from uniform as also seen in control samples (samples lacking
enrichment due to event of interest)



Non-Uniformity of ChIP Sample
Background: Sequence features

* Some of this non-uniformity can be attributed to library
prep/sequencing and alignment steps

* Mappability

* Depending on alignment strategy, there can be structural 0’s in
data.

* Paired-ends information helps mitigate this somewhat
* Longer read lengths help to mitigate this too

* GC bias
* |llumina-sequenced reads tend to be GC-rich

* There are some protocol modifications that try to minimize this
bias
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ChIP-Seqg Negative
Controls

= Used mostly to filter out false positives (high level
noise), but can have other uses:

= |dea: potential false positive will be enriched in both
treatment and control.

" What kind of control to use?

= 2 basic kinds of control:
* One that undergoes IP (non-specific AB, different cell type)
* One that doesn’t (input DNA)

= Relying on input DNA control assumes that the IP step is
bias-free (apart from bias towards regions of interest?



ChIP-Seq Negative Controls:
Word of Caution

= Choice of control is extremely important, especially if its
only purpose is filtering out false positives.

= A control will fail to filter out false positives if its
enrichment profile is very different from the enrichment
profile of false positive regions in the treatment sample

= A lot of thought should go into this.




Analysis with Control Sample ___

®= Once you have obtained a control sample, several issues
need to be addressed to incorporate it into analysis:

= Normalization
= Adjusting enrichment measures
= QObtaining significance measures

= These are often not separate steps, but are intertwined
together in their use of control sample



Analysis with Control Sample :
Normalization

= Why normalize?

= Usually, enrichment measures for region in treatment and control are
compared and normalization is trying to adjust for differences between
the samples due to effects other than enrichment for regions of interest
in treatment sample

= Usual strategies:
= Don’t normalize (not very common)

= Adjust for difference in total lane counts

= Adjust for difference in background profiles



Normalization:
Adjusting for Total Lane Counts

= Reasoning: vast majority of treatment reads are from
background, so enrichment profiles in 2 samples should scale
with total number of reads.

= This can perform poorly with treatment samples highly enriched for
events of interest

= Approaches:
= Subsample to have samples with equal numbers of reads

= Use scaling ratio to adjust enrichment measure
* E.g., scale read counts in regions before taking treatment/control ratio



Total Lane Count Adjustment:
Warning

Enrichment Profiles Adjusted for Number of Reads

—— Treatment Profile
—— Control Profile

Missed
Peak



Normalization:
Adjusting for Difference in BG
Profile

= Reasoning: instead of scaling based on total number of reads, which can
lead to problems as seen above, scale BG profiles instead.

= Scale numbers of reads (either at bp level or region level) by scaling ratio
to normalize

= Scaling ratio estimation:

= Read ratios in LOW-COUNT regions
= Linear Regression (omitting candidate peaks)

= Heights of peaks in common

= Use scaling ratio in similar fashion as with total lane counts adjustments.



Difference in BG Profile Adjustment:
Goal

Enrichment Profiles Adjusted for Background

— Treatment Profile
—— Control Profile




Analysis with Control Sample:
Obtaining Significance Measures

= There are several ways peak-callers use control sample information to
assign significance to enrichment measures

= Enrichment measure itself can be a measure of significance (p-values,
sometimes corrected for multiple hypothesis testing)

= Often, FDR is obtained as (estimated false positives)/(all positives) for
each enrichment measure cutoff, where “all positives” are the peaks
with enrichment measures exceeding the cutoff. What about
“estimated false positives”?
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ChlP-seq accurately predicts
tissue-specific activity of enhancers

Axel Visel'*, Matthew J. Blow"?*, Zirong Li*, Tao Zhang’, Jennifer A. Akiyama', Amy Holt', Ingrid Plajzer-Frick’,
Malak Shoukry', Crystal Wright?, Feng Chen?, Veena Afzal', Bing Ren®, Edward M. Rubin"? & Len A. Pennacchio'

A major yet unresolved quest in decoding the human genome is the identification of the regulatory sequences that control
the spatial and temporal expression of genes. Distant-acting transcriptional enhancers are particularly challenging to
uncover because they are scattered among the vast non-coding portion of the genome. Evolutionary sequence constraint can
facilitate the discovery of enhancers, but fails to predict when and where they are active in vivo. Here we present the results
of chromatin immunoprecipitation with the enhancer-associated protein p300 followed by massively parallel sequencing,
and map several thousand in vivo binding sites of p300 in mouse embryonic forebrain, midbrain and limb tissue. We tested
86 of these sequences in a transgenic mouse assay, which in nearly all cases demonstrated reproducible enhancer activity in
the tissues that were predicted by p300 binding. Our results indicate that in vivo mapping of p300 binding is a highly
accurate means for identifying enhancers and their associated activities, and suggest that such data sets will be useful to
study the role of tissue-specific enhancers in human biology and disease on a genome-wide scale.



Microdissection

ChlP:

e p300
Y anti-p300

Massively
parallel
sequencing

Map reads
to genome

Identify
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Limb Forebrain Midbrain
2,419,480 reads 3,629,292 reads 3,530,316 reads
2,105 peaks 2,453 peaks 561 peaks

fb, forebrain; li, limb; mb, midbrain

The acetyltransferase and
transcriptional coactivator
p300 is a near-ubiquitously
expressed component of
enhancer-associated
protein assemblies and is
critically required for
embryonic development.
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Genome-wide analysis of transcription factor binding
sites based on ChIP-Seq data

Anton Valouev', David S Johnson®%, Andreas Sundquist®, Catherine Medina?, Elizabeth Anton?,

Serafim Batzoglou?, Richard M Myers? & Arend Sidow'-

Molecular interactions between protein complexes and DNA
mediate essential gene-regulatory functions. Uncovering such
interactions by chromatin immunoprecipitation coupled with
massively parallel sequencing (ChIP-Seq) has recently become
the focus of intense interest. We here introduce gquantitative
enrichment of sequence tags (QuEST), a powerful statistical
framework based on the kernel density estimation approach,
which uses ChIP-Seq data to determine positions where protein
complexes contact DNA. Using QuEST, we discovered several
housand binding sites for the human transcription fa
SRF, GABP and NRSF at an average resolution of about 20 base
pairs. MEME motif-discovery tool-based analyses of the QuEST-
identified sequences revealed DNA binding by cofactors of SRF,
providing evidence that cofactor binding specificity can be
obtained from ChIP-Seq data. By combining QuEST analyses
with Gene Ontology (GO) annotations and expression data,
we illustrate how general functions of transcription factors
can be inferred.

fragments. Regions of high sequencing read density are referred to
as peaks. The output of software implementing peak-finding
methodology is a list of ‘peak calls’ that comprises the genomic
locations of sites inferred to be occupied by the protein. To date,
studies that have presented ChIP-Seq data™® used peak-finding
methodology that heuristically quantifies read density but does not
take full advantage of certain important properties of the data such
as the directionality of sequencing reads. The growing importance
of ChIP-Seq demands development of rigorous and transparent
statistical approaches that fully leverage the inherent advantages of
ChIP-Seq.

We here describe QuEST, a ChIP-Seq data analysis method that is
based on realistic statistical modeling of the ChIP-Seq experimental
approach. QuEST generates peak calls with substantial power and
resolution by leveraging key attributes of the sequencing data such
as directionality of reads and the size of fragments that were
sequenced (which, notably, is estimated from the data themselves
rather than provided by the user). QuEST achieves the desired
balance between sensitivity and specificity by calculating false-
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Research

A ChIP-seq defined genome-wide map of vitamin D
receptor binding: Associations with disease
and evolution

Sreeram V. Ramagopalan,'%*%’ Andreas Heger,*¢ Antonio . Berlanga,'?

Narelle |. Maugeri,' Matthew R. Lincoln,'# Amy Burrell,"? Lahiru Handunnetthi,'-?
Adam E. Handel,"? Giulio Disanto,-? Sarah-Michelle Orton,'-? Corey T. Watson,’
Julia M. Morahan,'-? Gavin Giovannoni,®> Chris P. Ponting,* George C. Ebers,'%’
and Julian C. Knight'”

"Wellcome Trust Centre for Human Genetics, University of Oxford, Headington, Oxford OX3 7BN, United Kingdom; 2JDepc.-rtment
of Clinical Neurology, University of Oxford, John Radcliffe Hospital, Oxford OX3 9DU, United Kingdom; *Blizard Institute of Cell and
Molecular Science, Queen Mary University of London, Barts and The London School of Medicine and Dentistry, London E1 2AT, United
Kingdom; *MRC Functional Genomics Unit, Department of Physiology, Anatomy and Genetics, University of Oxford, Oxford OX1 3QX,
United Kingdom; *Department of Biological Sciences, Simon Fraser University, Burnaby, British Columbia V5A 156, Canada

Initially thought to play a restricted role in calcium homeostasis, the pleiotropic actions of vitamin D in biology and their
clinical SIgn[f'cance are only now becom[ng apparent However, Wﬂuﬂﬂm_&._[hmughw

i g i g d. We determined
VDR bmd mg throughour the human genome usmg chromatm [mmunopre::[p[tat[on followed by massively parallel DNA
sequencing (ChIP-seq). After calcitriol stimulation, we identified 2776 genomic positions occupied by the VDR and 229
genes with significant changes in expression in response to vitamin D. VDR binding sites were significantly enriched near
autoimmune and cancer associated genes identified from genome-wide association (GWA) studies. Notable genes with
VDR binding included [RF8, associated with MS, and PTPNZ associated with Crohn’s disease and TID. Furthermore,
a number of single nucleotide polymorphism associations from GWA were located directly within VDR binding intervals,
for example, rsI338573l associated with SLE and rs947474 associated with TID. We also observed significant enrichment of
VDR intervals within regions of positive selection among individuals of Asian and European descent. ChlP-seq de-
termination of transcription factor binding, in combination with GWA data, provides a powerful approach to further
understanding the molecular bases of complex diseases.

1352 Genome Research 20:1352-1360 © 2010 by Cold Spring Harbor Laboratory Press; ISSN 1088-9051/10; www.genome.org
www,genome,org
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Table 1. Number of peaks called using different thresholds and
average interval size

No. of Average interval
intervals size (bp)
FDR 1%
Calcitriol stimulated 2776 781
Unstimulated 623 1161
FDR 1%, 20-fold enriched
Calcitriol stimulated 789 658
Unstimulated 57 1100

Systemic lupus erthythematosis

Chronic lymphocytic leukaemia
Tanning/skin sensitivity to sun

Type 1 diabetes
Crohn's disease

2.9 fold, P < 0.0001

3.5 feld, P < 0.0001

5.1 fold, P < 0.0001
Colorectal cancer 4.0 fold, P <0.0001
8.3 fold, P < 0.0001
5.4 fold, P < 0.0001

Hair color 7.2 fold, P < 0.0001

Height
Rheumatoid arthritis
Multiple sclerosis

1.7 fold, P < 0.0001
2.8 fold, P 0.0002
2.2 fold, P 0.0003

0 2 4 6 8 10
Fold enrichment
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Chip-seq data analysis steps

* import the data
* map the reads to a reference

+ use the ChIP sequencing tool to detect significant
peaks in the sample.



*  wget http://192.168.75.28/class/chipseq/ChIP-seg%20reads%20-

%20subset.fa
* wget http://192.168.75.28/class/chipseq/NC 000073.gbk
* wget http://192.168.75.28/class/chipseg/Mouse Reads subset.fa
* wget http://192.168.75.28/class/chipseq/NC 000021%20-%20subset.gbk
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read MHTS NC_08868821 46944323 bp DHA linear CON 03-HAR-2088 -~
TAGEACTETTTCCANACTECTCTAGCAAAL DEFIMITION Homo sapiens chromosome 21, reference assembly, complete sequence. 3
5 d ACCESSION  NG_088821
rea UERSION NC_000021.7 GI:51511750 -
KEYWORDS HTEG.
SOURGE Homo sapiens {human}) o

ORGANISH Homo sapien
Eukaryota; Metazoa; Chordata; Craniata; UVertebrata; Euteleostomi;
HMammalia; Eutheria; Euarchontoglires; Primates; Haplorrhini;
catarrhini; Hominidae; Homo.
REFERENCE 1 (bases 1 to 46944323)
AUTHORS  International Human Genome Sequencing Consortium.
TITLE Finishing the euchromatic sequence of the human genome
JOURHAL Hature 431 (7811), 931-945 (2084)
PUBHED 15496913
REFEREHNCE 2 (bases 1 to 446944323)
AUTHORS Hattori M, Fujiyama A, Taylor TD, Watanabe H, Yada T, Park HS,
Toyoda A, Ishii K, Totoki ¥, Choi DK, Groner ¥, Soeda E, Ohki H,
Takagi T, Sakaki ¥, Taudien S, Blechschmidt K, Polley A, Henzel U,
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Schibuya K, Kawasaki K, Asakawa S, Shintani A, Sasaki T, Hagamine
K, Hitsuyama S, Antonarakis SE, Minoshima S, Shimizu N, Hordsiek G,
Hornischer K, Brant P, Scharfe H, Schon 0, Desario A, Reichelt J, -
7,24 B
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NThe illustration below shows a peak where the forward reads are in one window and the reverse reads fall in another window (window 1 and 3).
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f the reads are not shifted, the algorithm will count 2 reads in window 1 and 3. But if the forward reads are shifted 0.5¥L to the right and reverse reads
are shifted 0.5xL to left, the algorithm will find 4 reads in window 2 as shown below:
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So shifting reads will increase the signal to noise ratio.
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Sequence: NC_000072 two fragments concatenated . Posttion: 209907642000102

The paper comments on the gene perilipin (Plin), so we will now take a look at the
binding sites surrounding that gene.
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