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The Central Dogma of Molecular Biology
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Transcription
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Gene structure
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Example PWM for the human P53 protein
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 promoter/enhancer detection
 HMM/cis-module
 cluster-buster
 BioTIFFIN
 RedFly
 ModENCODE

TF binding site screening
 PWM GibbsSampler
 MOODS fast forward phylogenetic conservation

PhastCons, UCSCMultiz
BioProspector

The classic footprinting method 
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Classic phylogenetic footprinting approach
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Limitations of the classical approach to finding TFBSs

lThe number and quality of binding site sequences is low

lThere is no explicit relation between conservation and function
 i.e. sites are often conserved, but conserved sites do not necessarily function

lAssumptions have to be made about where to look and how to score

lExtremely biased information, low number of experiments to determine sites

lNon-physiological conditions used during assessment

lMeasurements made only in specific tissue or cells at specific times
 local solutions to the PWM problem, may be wrong for other conditions
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Problems with the available data sources

Main source of site specific data remains pattern or PWM (or HMM)

Common name Binary nomenclature Number of PWMs

human Homo sapiens 476

mouse Mus musculus 423

rat Rattus norvegicus 253

chick Gallus gallus 133

clawed frog Xenopus laevis 84

fruit fly Drosophila melanogaster 68

thale cress Arabidopsis thaliana 45

yeast Saccharomyces 
cerevisiae

39

monkey Cercopithecus aethiops 29

gibbon ape Hylobates lar 24

cattle Bos taurus 23

domestic pig Sus scrofa 20

zebra fish Brachydanio rerio 19

TransfacPro2009.1
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Replacing classical prediction with direct localisation

What do we need

lAssays that cover the whole genome (aren't biased)

lApplicable to all transcription factors (good coverage)

lCan be measured in lots of different conditions (condition specific, biologically relevant)

lCan be mapped onto precise (and small) genome locations (high resolution)

lCost effective, accurate and reliable
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Chromatin immuno-precipitation (ChIP)

Cross-link proteins
Shear DNA (sonication)

Recover fragments for TF 
using antibody (typically 
pulled down on beads)

Reverse cross-linking
Label fragments

Hybridise to chip and detect
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How do we get from populations of DNA fragments to positions on chromosomes ?

Currently there are two main choices

  ChIP-chip  Hybridisation onto a genomic tiling array
  Chip-seq  Direct sequencing of the bound (now released) 
fragments

ChIP-chip

Here a manufactured slide is used in which fragments spanning the genome
have been synthesised and attached to the slide surface in a geometric
Arrangement. We label our TF retrieved fragments, hybridise them to the slide
and then read fluorescence from the features.

ChIP-seq

Taking advantage of high throughput sequencing technology (so called next-gen)
we attempt to sequence all the fragments. This is quantitative.

In both cases we have issues with mapping, signal processing (noise) and
significance testing
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Detection method 1 - Genome tiling arrays (ChIP-chip)
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Features of genome tiling arrays

lGenerally resolution can be as low as ~3kb, Tfs bind to on average 6-8bp

lHow do we know which gene to map to ? (meta-data)
microarray, gene proximity, functional annotation, in-vivo expression
comparison to true positive

lRedundancy probes map to more than one location

lCoverage, cannot cover the genome. This introduces bias.
even in Drosophila commonly only 50% of genome possible
2 human chromosomes at 35bp resolution → 1 million features

lCan estimate site occupancy frequency

lCross-hybridisation can be big problem with repetitive DNA (~5% human genome)

lProcessed just like a gene expresison microarray
SAM, limma (modelled error, tight control of FDR)
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Detection method 2 – direct sequencing (ChIP-seq)

Illumina/Solexa SBS sequencing system

Ligate adaptors onto 
DNA fragments

Denature and attach 
to substrate

Anneal and extend bridge
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Detection method 2 – direct sequencing (ChIP-seq)

Complete 
extension

Denature 
ready for next 

round

Repeat to 
build cluster
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Detection method 2 – direct sequencing (ChIP-seq)

Add fluorescent 
nucleotides and 

primer

Scan chip for 
first base

Enzymatically 
release block and 
repeat addition of 
fluorescent base
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Detection method 2 – direct sequencing (ChIP-seq)

Read next base Repeat until complete Assemble, align 
and map 

sequences
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Features of high-throughput sequence data

lVery high resolution, typically 25-mers with mid-spacing ~35bp

lHuge datasets, many Gb of sequence, assembly non-trivial

lComplete genome coverage, no assumption, no bias

lGenerally superior at identifying bound sites beyond expectation
(this is related to a more accurate ability to discriminate signal from noise)

lSequences are counted to determine the frequency of site occupancy
(better than chip, here seq num is proportional to bound sites)

lSequences are mapped and converted into signal peaks
(typical sizes of bound peaks can range from 50bp-1kb)

lStrong correlation between statistical significance of peak and presence of
binding motif (might seem obvious!)
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Example ChIP-Chip and ChIP-seq data spanning the atonal locus
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Real world examples of ChIP-chip and ChIP-seq in use
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Studying Drosophila musculature development using ChIP-chip
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ChIP-chip blocks integrated with gene expression data for Mef2 and Lmd
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Validation of enhancers and TF binding sites
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Validation of enhancer activity for Mef2/Lmd candidate target genes
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Temporal binding profiles of over-represented Mef2 bound blocks
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Synthesis of the target gene network and known myogensis pathway
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Chip-seq analysis of the neuron restrictive silencing factor (NRSF)
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Canonical NRSF PWM logo

Novel NRSF PWM logo

ChIP-seq reveals new binding motif flexibility for NRSF
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The gene regulatory network downstream of NRSF constructed from ChIP-seq data
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Summary for ChIP based target prediction methods

lChIP-chip and ChIP-seq allow for the first time physical identification of bound regions
on the genomic scale

lChIP-seq presents higher resolution and is replacing ChIP-chip

lBoth methods require large data-processing and analysis

lNovel methods have been developed to call bound regions from these data
they are predominantly based on hidden markov models (HMM) and are naturally
normally 2-state models (peak, non-peak)

lThe resulting regions can be used with classical methods to refine the nature of
the regulatory element (PWM Gibbs/HMM profiling, motif detection, conservation)

lCan also be refined by more precise experiments on the ChIP DNA such as targeted PCR

lRevolutionises the analysis of gene regulatory networks by integration with gene 
expression data
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Discovering gene regulatory control using ChIP-chip and ChIP-seq 

“Practical analysis of ChIP derived data”
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HMMtiling
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Comparison to known p53 binding sites

“bti1046” — 2005/6/10 — page 278 — #5

W.Li et al.

copies of transposable elements dispersed at various loca-
tions, whereas tandem repeats are usually confined to specific
genomic regions where a unit is tandemly repeated almost
exactly fromseveral to thousandsof times. Tominimizepoten-
tial cross-hybridization, current Affymetrix probe design
(Kapranov et al., 2002) rejects probes residing in the inter-
spersed repeats and tandem repeats with short period (roughly
≤12) identified by RepeatMasker. Even though we filter out
the repetitive probe measurements, each repeat unit can still
be represented by probe(s) with different 25mers. Therefore,
regions (∼1% of the genome) containing tandem repeats with
long period (>12) and high copy number (>10) will have
more chance to be falsely predicted as ChIP-enriched. This
false-positive prediction includes both higher probe signal
value than the real one and expanding real enriched area
to the entire tandem repeat region. In one example, Blk55
(Table 1 in the Supplementary materials), containing a tan-
dem repeat with period size of 54 bp and copy number of 139,
is ∼7 kb long and has extremely high enrichment score of
14.7. This region, comprising ∼160 probes, was not repeat-
masked during the array design andmight be falsely predicted
as ChIP-enriched. We identified a total of four TFBSs within
the tandem repeats (Table 1 in the Supplementary materials).
Among the 21 TFBSs from Cawley et al. (2004) that were
not identified by our HMM approach, almost half are within
the tandem repeats. They may indicate a higher number of
false positive predictions by Cawley et al. (2004), although
they could be involved in various regulatory mechanisms
(Nakamura et al., 1998). We decided to keep all the HMM-
identified TFBSs within the tandem repeats, but only use the
fully-repeat-masked sequences for downstream de novomotif
finding.
In addition to the known repeats, non-RepeatMasked large

segmental duplications (>90% identity, >1 kb in length)
cover ∼5.3% of the euchromatic genome from the cur-
rent human genome assembly (International Human Genome
Sequencing Consortium, 2004). This is the most difficult
cross-hybridization problem for ChIP-chip experiments on
genome tiling arrays. Without other independent evidence,
it is impossible to discriminate one or more copies of the
real enriched DNA from the large segment duplications based
solely on tiling array hybridization. For example, one∼40 kb
segment duplicates six times within chromosome 22 with
∼99% sequence identity. We found two TFBSs (the first
occurrences are Blk35 and Blk36) on each copy of this duplic-
ated segments, generating 12 TFBSs ‘redundant’ at sequence
identity level. A total of 26 from the 98 HMM-Full TFBSs
were foundwithin these segmental duplications andwere kept
intact in our current analysis.

3.2 Identification of p53-binding motif
Extracting putative regulatory motifs from ChIP-enriched
regions is difficult for genome tiling array data because
the long enriched sequences increase the background noise.

Fig. 4. 10mer sequence logos of p53 motifs from (a) MDscan iden-
tified motif from 43 HMM-identified high confidence regions from
p53ChIP-chip experiments ongenome tiling arrays; (b) TRANSFAC
Professional database; (c) aligned p53 binding sequences from two
Classic literatures (el-Deiry et al., 1992; Funk et al., 1992) defining
the p53 consensus binding site.

Therefore, we carried out motif finding only on the 43 high
confidence regions with a stringent log-odds enrichment
cutoff value of 6 in ChIP and the same default cutoff in control
and defined these TFBSs containing high confidence regions
as HMM High-Confidence (Table 1 in the Supplementary
materials). Using amotif-finding programMDscan (Liu et al.,
2002), we successfully recovered a strong 10mer palindromic
binding motif (Fig. 4 TilingArray motif) from these 43 fully-
repeat-masked high-confidence regions, This motif resembles
both the p53motif from entryM00761 of TRANSFAC (Matys
et al., 2003) and the Classic p53motif derived by aligning p53
binding sequences from two literatures (el-Deiry et al., 1992;
Funk et al., 1992). A similar TilingArray motif could still
be recovered after the segmental duplication sequences were
removed from the high-confidence regions. It is the first time
a p53 motif is successfully predicted from either promoters
of co-expressed genes or ChIP-chip enriched sequences by
de novo motif finding algorithms. Biologists often use the
prior knowledge of the TFBS motif from literature or data-
bases to search for the occurrences of the binding sites.
However, if the motif is obtained only from several known
sites, it may be either too restrictive and miss many real
binding sites or too general and find many false positive
sites. In contrast, the p53 TilingArray motif identified in
this study might represent the unbiased characterization of
p53-DNA interaction. For example, the Classic p53 bind-
ing motif require a C at position 4 and a G at position 7,
whereas the TilingArray motif is somewhat degenerate at
these two positions. Some studies (Resnick-Silverman et al.,
1998; Jaiswal and Narayan, 2001) showed p53 to bind to
sequences with mutations in these two positions, indicating
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HPeak

Model architecture

Hypothetical DNA fragment 
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ChIP-seq, from short sequence reads to enriched intervals
analysis pipeline using HPeak

short seq reads
(e.g. NCBI-SRA)

Bowtie

SAM tools

BED tools

HPeak

Reads aligned
to genome

(SAM file)

genome
sequence

BAM file

BED file

enriched sequence
intervals (peaks)

BigWiggle file

Genome Browser
(e.g. UCSC, Ensembl)

memory
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How to visualise genome scale data

Where to find the data

Finding and using resources


