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Abstract

One of the most crucial problems with genome-wide experimental analysis is how to extract meaningful
biological phenomena from the resulting large data sets. Here, we present modeling and prediction
techniques that are applied to genome-wide identification of in vivo protein–DNA binding sites from
ChIP-based data sets. We develop a simple mixture probabilistic model of occurrence of non-specific and
specific TF–DNA binding events for transcription factor binding to any site in the genome. We calculated
the statistical significance of specific and non-specific random binding events using Kolmogorov–Waring
and exponential functions, respectively. The binding events in the chromosome regions associated with
non-specific, non-random binding loci were also identified and filtered out. The mixture model fits equally
well to five different TFs (ERE, CREB, STAT1, Nanog, Oct4) data provided by ChIP-PET, SACO, and
ChIP-Seq methods included in this study. We present a uniform methodology for estimating specificity,
total number of binding sites, and sensitivity of data sets detected by these ChIP-based genome-wide
experimental systems. We demonstrate strong heterogeneity of specific TF–DNA binding sites in terms of
their avidity and by correlation between observed relative binding avidity of specific TF–DNA binding site
and the level of mRNA transcription of the nearest gene target. Finally, we conclude that the sensitivity
problem has not been resolved by current ChIP-based methods, including ChIP-Seq.

Key words: Transcription factor, avidity function, binding sites, mixture model, specificity,
sensitivity, ChIP-PET, ChIP-Seq, SACO.

1. Introduction

1.1. Protein–DNA

Interactions In Vivo

and Its Relative Avidity

Identification of interactions of gene regulatory elements (e.g.,
evolutionarily conserved genome sequences, anti-sense tran-
scripts) is an important problem in molecular biology and func-
tional genomics. Among those elements, the protein transcription
factor binding sites (TFBSs) are considered to be the basic units of
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functional gene activity (1–4). A transcription factor is a sequence-
specific DNA binding protein that binds to specific segments of
DNA (binding sites (BSs), motifs) (5, 6). These binding proteins
are a part of the cellular system that controls the transcription of
genetic information from DNA to RNA, establishing the gene
expression patterns that can determine cellular programming (7–9).
About 10% of proteins in complex organisms such as humans are
produced as a result of transcriptional activity in the genome of cells.
Transcription factors are the largest regulatory set of proteins in the
cell. One TF could physically bind and functionally control hundreds
and thousands of specific BSs in cells of complex organisms. More-
over, some DNA motifs have the potential to serve as targets for
different TFs, and different motifs are often clustered in a relatively
small promoter (upstream gene) and genic regions. TFs are also
capable of physically competing and/or synergistically interacting
with each other and BSs (10–12).

For a given TF, the protein–DNA interactions in vivo link
transcription factors (TF) with its direct DNA target to form a
gene–protein ‘‘interactome’’ and corresponding TF–DNA bind-
ing network scaffold for transcription regulation. Links in this
simplified network are often defined by a ranking system corre-
sponding to the relative avidity values of the TF–DNA binding
events (13, 14). However, the binding avidity potential of differ-
ent genome loci for the same TF is not a constant function; it can
vary within a genome by several orders of magnitude (14) and can
depend on many determining factors including sequence compo-
sition of BS motif, location of BS in the genome domain, cell
differentiation, physiological conditions, and environmental fac-
tors. In fact, due to biological complexity and detection limitation,
information about relative binding avidity and total number of TF
binding sites for TF in a given cell type is unknown. Usually, only
high-specific TFBSs with relatively high binding avidity have been
identified and biased by the prediction methods used.

1.2. High-Throughput

Methods for

Determining the DNA

Binding Events

The TF–DNA interactions can be detected by chromatin immu-
noprecipitation (ChIP), and the power of this technique is in its
ability to analyze protein–DNA interactions in vivo (15–22)
(Fig. 2.1). In ChIP experiments, TFs are cross-linked with DNA
while an immune reagent (antibody) specific to a DNA binding
factor is used to enrich target DNA fragments to which the TF was
bound in a living cell. The bound DNA fragments overlapped and
enriched with TFBSs are then identified and mapped on reference
genomes and can be quantified to produce additional computa-
tional results.

Historically, the first technical platform to conduct wide-scale
TF–DNA experiments was ChIP-on-chip DNA microarrays that
tiled significant regions of the genome ((23), see also references in
(2)). In ChIP-on-chip experiments, the copy number of DNA
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segments associated with TF of interest is compared to a reference
sample, generally either genomic DNA or any DNA that might be
immunoprecipitated with a negative control antibody (Fig. 2.1).
Starting with a biological question, a ChIP-on-chip experiment
can be divided into three major steps: First, to set up and design
the experiment by selecting the appropriate array and probe type.
Second, to conduct actual experiment in a wet lab. In the lab, the
ChIP-purified DNA is amplified, fluorescently labeled, and hybri-
dized to DNA sequences along with a fluorescently labeled control
DNA sample usually corresponding to total genomic DNA. Array
elements that correspond to the specific genomic-binding sites for
the protein can be identified as those that display significantly
stronger fluorescence signal in the ChIP DNA channel compared
to the control. The last step involves gathering the data to be
computationally analyzed with appropriate statistical test(s) for
detection of significant ChIP-enriched DNA targets. Although
over the years ChIP-chip approaches have significantly improved
and have greatly expanded our understanding of gene-wide
TF–DNA interactions, it seems difficult to make ChIP-chip

Fig. 2.1. Workflow of ChIP-based experiments for the study of TF–DNA binding sites in living cells: DNA and proteins are
cross-linked and purified, then bound DNA is analyzed by ChIP-on-chip and massively parallel short-read sequencing,
ChIP-PET and ChIP-Seq (1, 4, 15, 18, 19).
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analyses affordable, reliable, and highly sensitive on the complex
genome-wide scale (15–19). In particular, several technological
drawbacks with this method include complications in array hybri-
dization and probe design, low resolution of the BS location, and
experimental standardization.

Another way to achieve genome-wide identification of pro-
tein–DNA interactions is to adapt high-throughput DNA tag
sequencing for analysis of chromosome mapping of ChIP DNA.
Serial analysis gene expression (SAGE) is a short sequence tag
method which was originally developed to analyze transcriptome
profiles (2). Several groups have modified the original SAGE pro-
tocol to isolate sequence tags from ChIP DNA and construct
libraries of DNA tags for large-scale tag sequencing (21, 24). For
example, SACO (21) combines chromatin immunoprecipitation
(ChIP) with a modification of SAGE. This method has the poten-
tial to semi-quantitatively interrogate an entire metazoan genome
by combining ChIP with a modification of long serial analysis of
gene expression (Long-SAGE); a method normally used for tran-
scriptome analysis (2, 21). By sequencing many thousands of
concatemerized 21 bp genomic signature tags (GSTs) generated
from anti-TF ChIPs, a genome map of TF binding sites can be
identified and quantified. These and next-generation short-tag
sequencing technologies (15–17) used to analyze protein–DNA
fragment binding released after ChIP-chip have distinct advan-
tages over standard microarray hybridization approaches. In parti-
cular, chromatin immunoprecipitation paired-end-ditag (ChIP-
PET) (4, 9) and ChIP-Seq methods (15–17) entail the possibility
of a highly efficient process with a potentially unbiased coverage of
mammalian genome for large-scale identification of regulatory
elements (promoters, enhancers, hyper-methylated regions, and
other regulatory elements) mediated by DNA/protein
interactions.

Current ChIP-based paired-end ditags ChIP-PET technolo-
gies are capable of producing up to 1 or 2 millions of sequence
reads during each instrument run (4, 9). The advantage of using
PET over single tags is that the PETs mark the start and end of
each ChIP fragment. When PET fragments are mapped to the
reference genome, the identity of each individual ChIP fragment
can be inferred by the PET mapping location, and binding sites can
be accurately defined by the common regions within clusters of
overlapping PETs. Furthermore, duplicate PET fragments arising
from fragment amplification events during cloning can be easily
distinguished and removed by treating these multiple PETs that
map to an identical location as a single fragment. It has been
demonstrated that ChIP-Seq method provides the most powerful
short-tag sequencing technique for accurate localization of the
physically specific mammalian TF binding regions at a resolution
of up to a few base pairs (16, 17).
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Nevertheless, detecting TF–DNA interactions by ChIP-based
sequence tag methods remains fraught with difficulties because it
involves multiple and non-linear experimental steps, sampling
procedures and unique data analysis methods. Our knowledge
about optimization of the relationship between the specific and
noise binding events, sampling errors defined by new technologies
are still very limited. Difficulty in discerning a successful experi-
ment from a failed one and in choosing appropriate data analysis
methods is often a hurdle.

1.3. Importance

of Statistical and

Computational

Bioinformatics

Analyses of Protein–

DNA Interaction Events

on the Genome-Wide

Scale SAGE-Coupled

ChIP Assays

In many cases, it is desirable to know the specificity and sensitivity
of genome-wide measurements of transcription factor–DNA bind-
ing events. If one has prior knowledge of a set of all transcription
factor binding sites and sequences not bound by the factor in
question, then conventional calculation of specificity and sensitiv-
ity of genome-wide TF-binding events is straightforward. How-
ever, in the absence of such knowledge, one needs to rely on
statistical analysis, data-driven physical models, and computational
predictions using currently available high-noisy and essentially
incomplete DNA fragment samples. For example, one can rank
the identified target sites based on the number of tags in a cluster
of DNA fragments or in the cluster overlap (peak value of the DNA
fragment cluster), and split the genomic regions into non-over-
lapped blocks and count the frequency of events considered above
binding. After ranking the values of such ‘‘binding events’’, this
frequency information can be presentenced in a form of an empiri-
cal frequency distribution function which is an essential starting
point for any further statistical analysis of data and planning of
validation studies (13, 14). This function has been used to identify
the adequate statistical models required in order to perform appro-
priate statistical analysis catered to different types of genome-wide
sequence data sets or prediction of specific TF binding regions (4,
10, 14). This leads to an estimation of the sensitivity of genome-
wide transcription binding events using incomplete samples (13).

The objective of this work is to develop a basic statistical model
and computational estimation approach to quantitatively analyze
different types of genome-wide tag-based TF–DNA binding
experiments. We specifically propose a mixture probabilistic
model of non-specific and specific TF–DNA avidity function.
Our model estimates relative avidity function of TF–DNA bind-
ing. We also summarize the findings of a newly developed proce-
dure which could be used to estimate specificity and sensitivity of
genome-wide tag-coupled ChIP assays (SACO, ChIP-PET, and
ChIP-Seq). We develop an uniform approach for quantitative
analysis of such experiments which allows (i) to identify a reliable
set of TFBS events in the experiment, (ii) to reconstruct a relative
binding avidity function of TF–DNA interactions using essentially
incomplete and high-noisy data, (iii) using such data to predict the
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total number of real BSs for a given TF in mammalian genomes
(e.g., rat, human), and (iv) to compare different ChIP-based tag
sequencing approaches by uniform statistical parameters. In the
end, we validate our results using TFBS motif search/prediction
algorithms and microarray expression data.

2. Definitions,
Models, and
Methods

2.1. DNA Fragment

Cluster, Cluster

Overlap, and Cluster

Peak

In ChIP-Seq, a ChIP-enriched SAGE-like tag is represented by
either a single internal 21 bp tag sequence (SACO), by a 27 bp tag
sequence (ChIP-Seq), or by a �36 bp paired-end ditag (ChIP-
PET in which the ditag is constructed from 18 bp 50 and 30

signature sequences extracted from each end of the ChIP DNA
fragment). Thus, SACO and ChIP-Seq demarcate a single end of
the length of the sonicated ChIP DNA fragment and ChIP-PET
full length of the sonicated ChIP DNA fragment, respectively. The
binding sites are then deduced based on the frequency with which
tags in a given genome locus are extracted from ChIP DNA frag-
ments relative to the background computational expectation or
background control data.

A distinctive feature of the binding event defined by any large-
scale ChIP-based technology is the DNA fragment cluster. Due to
the highly dimensional and multivariate nature of TF–DNA bind-
ing data, cluster should be (i) accurately located (mapped) in a
defined chromosomal region of the reference genome, (ii) addi-
tionally characterized as a putative binding site, and (iii) appro-
priately counted. Due to the fundamental properties of current
high-throughput technology concepts, an identification of length
of DNA sequences and aggregation procedures of the sequences
into clusters are not addressed and hence technology specific. For
example, the SACO method relies on the observation of 21 bp
DNA fragments for mapping of specific region and forms clusters
that identify and quantify the TF binding site by count of such
GSTs in the ‘‘SACO cluster’’ as ‘‘any collection of GSTs that are
within 2 kb of each other’’ (21). Additionally, most of SACO loci
are confirmed by identification of chromosome location of that
putative TFBSs near or within ‘‘transcriptional open regions’’.

Different definitions of the cluster and corresponding TF–DNA
binding event are used by ChIP-Seq (15, 16). For the ChIP-Seq
TF–DNA binding data, called ChIP-Seq reads (SETs), we are con-
sidering the ‘‘extended and overlapped’’ DNA fragment clusters
formed by distinct DNA fragments (i) which are overlapped due
to computational extension of the original 27 nt sequence into a
174 nt (15, 16) extended SET (XSET) and (ii) which share
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common loci (at least 4 bp). These overlapped clusters (observed as
local peak heights on a genome coordinate) can provide a statistical
evaluation of the number of TF binding events in the entire genome
as represented by the ChIP-Seq sample.

According to ChIP-PET (4, 9), when PET DNA sequences share
the same locus (four or more common nucleotides in our study) on
the same chromosome region, they are recognized as a cluster and
overlapping PET DNA sequences and corresponding chromosome
loci are called the cluster overlap (Fig. 2.2, Section 2). A chromo-
some locus of the cluster overlap can contain TFBS region and the
number of overlapped PET DNA sequences in that cluster overlap
region can represent a semi-quantitative measure of relative avidity of
BS (see below). If more than one statistically confident overlapped
PET DNA region is included in the PET DNA sequence cluster, the
cluster overlap region containing the largest number of sequences
(largest peak) is counted as the binding event associated with the
cluster.

2.2. A Mixture

Probabilistic Model of

the Distributions of

TF–DNA Binding Events

The number of sequences covering specific genome loci should
roughly relate to binding site avidity of TF–DNA complex
(Fig. 2.2B). We assume that the probability distribution function
of binding events (e.g., the number of PET sequences in a distinct

Fig. 2.2. Determination of binding events defined after ChIP–PET DNA fragment mapping onto genome. (A) Schematic
example of sequence cluster, singleton, and cluster overlap (representing putative binding event). Cluster size is 5 (PET-5)
and cluster member overlap (peak height) is 4. Using strict criteria we define two clusters (peaks) by sizes 4 and 3.
(B) Illustration of a concept of a mixture frequency distribution of specific q1, q2 q3, q5 (black rectangles) and non-specific
r1, r2 (gray rectangles) probabilities of binding events for a given TF. The down index of the symbols indicates the avidity
potential value, presented also graphically by height of the rectangle. For simplification aim, we consider the avidity
potential as the discrete function. Note that currently available ChIP-based sequencing method provides the samples
which can be essentially incomplete due to limited deepness of available sequencing reads and high-noisy issue. DNA
sequence overlaps can provide chromosome location of the most high-avidity binding sites; however, due to limited
sample size and noise signals, the moderate- and low-avidity specific BSs could not be reliably detected (14) (see also
Notes and Results sections).
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peak) could be modeled as a simple sum of the distributions of
specific and non-specific (background noise) clusters (distinct
peaks):

PðX ¼ mÞ ¼ �PspðX ¼ mÞ þ ð1� �ÞPns1ðX ¼ mÞ; ½1�

where P is the mixture probability distribution function of
occurrence of specific and random non-specific binding events,
X is the number of binding events in the genome, m ¼ 1, 2, 3,
. . . is the value of binding events, Psp is the probability distribu-
tion function of specific binding events, 0 < � < 1 is the
fraction of specific binding events, and Pns1 is the probability
distribution function of occurrences of random non-specific
(background noise) and/or ‘‘low-avidity’’ binding events. The
parameter � can be estimated as a fraction of sequenced DNA
fragments of the non-specific (false-positive) DNA fragment
clusters or cluster overlaps observed in DNA fragment mapped
uniquely onto genome.

Based on our analysis of ChIP-PET, ChIP-Seq, or SACO data
sets, we could construct an empirical frequency distribution func-
tion of binding events (count of clusters/cluster overlaps/cluster
peaks) in a given library. Pns is the probability distribution function
that describes low-specific and/or non-specific binding events,
which on mass is mostly represented by singleton sequences and
low-height peaks. We model Pns using the exponential probability
distribution function. We also model this function using Monte
Carlo simulated frequency distribution of random clusters (and
random cluster overlaps) constructed after random localization of
ChIP-enriched DNA fragment set onto available regions of the
human genome by sampling the mapped DNA fragments from
uniform distribution (4, 14). We model Psp using the Kolmo-
gorov–Waring and the generalized Pareto probability functions
(14). We estimated the parameters of the functions Pns and Psp and
the weight parameter � using algorithm published in (25). The
attributes of noise and the specific components of our mixture
model will be presented in Section 3.

Notably some non-specific DNA fragment clusters can also
be found among highly abundant and reproducible clusters
and/or cluster overlaps with large enough heights (Fig. 2.3).
These clusters contain a minor fraction of DNA fragments of
ChIP-based library (by our estimates �3–7% of all sequences
mapped onto genome). Clusters with the problematic or
‘‘impossible’’ TFBS locations (mitochondria, Y chromosome
in female cells, centromeric regions, no gene within 100 kb
vicinity putative BS location, near genome gap localization,
etc.) are seriously considered as an important source of sys-
tematic errors. In this case, more general mixture model
could be considered:
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PðX ¼ mÞ ¼�PspðX ¼ mÞ þ �Pns1ðX ¼ mÞ

þ ð1� �� �Þ � Pns2ðX ¼ mÞ;

where the probability functions Pns1(X ¼ m) and Pns2(X ¼ m) are
the probability of non-specific almost random and non-specific
systematic errors, respectively, and �, � are unknown weight para-
meters. In our analyses Pns2 can be defined as false-positive clusters
by some rules and excluded at the prefiltering stage of data proces-
sing (see Section 2).

2.3. Empirical Model of

Avidity Function of

Specific Binding Events

We define a ChIP-enriched DNA fragment library as a list of
ChIP-enriched DNA fragments which uniquely map the genome
and contain distinct tags (ditag in the case of ChIP-PET method).
The size of a library, M, is the total number of distinct DNA
fragments observed in the library and uniquely mapped to the
genome. Let n(m, M) denote the number of ChIP-enriched
DNA fragment sequences in cluster overlap, which have peak
height m (no. of distinct sequence tags with common genomic
locus) in the library of size M. Let J denote the maximum observed
peak height of extended and overlapped cluster of the in the ChIP-
enriched DNA fragment library. Let N denote the number of
specific binding events:

N ¼
XJ

m¼1

nðm;M Þ: ½2�

Let c denote the given confidence threshold of binding event
in the library (c > 1). This threshold could have different value in
cases of model prediction and of experimental estimates. Let Mc be
the cumulative mass (or number of distinct ChIP-enriched DNA
fragments) observed at the given threshold c:

Fig. 2.3. False-positive ‘‘significant’’ clusters in ChIP-PET data sets can be occurred due to suboptimal ultrasound-
generation of DNA fragments with very long and very short PET DNA fragment spans. (A) An example of the frequency
distribution of span of PET DNA fragments found in INF-g-induced STAT1 ChIP-PET binding event data set. This data
contains a large fraction of long DNA fragments. (B) The cumulative functions of the spans of PET DNA fragments in the
total set of DNA fragments which uniquely mapped onto reference genome (used in panel A), the spans of singleton PET
DNA fragments sequences, and the spans of PET DNA fragments formed the clusters with size 2 and larger (PET-2+).
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Mc ¼
XJ

m¼c

nðm;M Þm:

where c � 1. At the given specificity cutoff value (no. of observed
binding sites),

Nc ¼
XJ

m¼c

nðm;M Þ:

Several classes of skewed probability functions (Poisson, expo-
nential, standard power law, lognormal, logistic functions) are avail-
able to fit the empirically defined BS events. After performing
goodness-of-fit analysis using the method presented in (25), we
found the best fit was obtained by generalized discrete Pareto
(GDP) function. We model the specific avidity distribution function
using the truncated GDP function, which can be considered as a
good asymptotic approximation of many random processes (13, 25):

f ðX ¼ mÞ ¼ z�1
J

1

ðm þ �Þðkþ1Þ ; ½3�

where the random variable X is the discrete value of binding avidity
in a given BS (e.g., the peak height of the ChIP-Seq DNA frag-
ment cluster); m ¼ 1, 2, . . ., J; f(m) is the probability that a
randomly chosen specific BS has an TF–DNA binding avidity
value m. The parameter f involves two parameters, k and �,
where k > 0 and � > 0; the normalization factor z is the general-
ized Riemann zeta-function value: zJ ¼

PJ
m¼1 1=1ðm þ �Þðkþ1Þ

ðm þ �Þðkþ1Þ(26). The parameter k characterizes the skewness of
the probability function; the parameter � characterizes the devia-
tion of the GDP function from a simple power law. Since in log–
log plot this function exhibits a positive curvature and changes its
slope when the sample size is changed (14, 25), function [3] is the
so-called ‘‘scale-dependent network’’ statistical model (27).

2.4. Explanatory

Relative Avidity Model:

The Kolmogorov–

Waring Function

Equation [3] can be considered as asymptotic distribution func-
tion derived from the Kolmogorov–Waring (K–W) probability
function, PK–W(X ¼ m), where m ¼ 0, 1, 2, . . . (25). The K–W
function has been derived in (25) and successfully used in model-
ing different types of events on genome, transcriptome, and pro-
teome scales (14, 25, 27). We assume that PK�W could also be used
as a possible exploratory model of stochastic aggregation–
dissociation TF on a specific DNA binding site. For statistical
analysis of ChIP-based experiments, we consider the occupation
of a BS by a TF as the series of Markov random chain events
realizing TF–DNA interactions in terms of the random linear
birth–death Kolmogorov process (25). Here, we specified this
model for analysis of TF–DNA binding and dissociation processes.
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In our model, we specified two aggregation transition probabil-
ities: (i) ‘‘specific binding’’ due to preferential attachment mechan-
ism of TF to specific DNA region on chromosome and (ii) ‘‘non-
specific’’ binding driven by the Poisson process. We assume similar
two types of processes for TF–DNA detachment transition events.
However, the specific and non-specific dissociation processes
could be realized with different intensities.

The exact steady-state solution of such binding–dissociation
process can be described by Kolmogorov–Waring probability
function, which is calculated via the following simple recursive
formula (25):

�m ¼ pmþ1=pm ¼ �
ða þmÞ

b þm þ 1
; ½4�

where m = 0, 1, 2, . . . and the other three parameters a, b, and � are
unknown. Importantly, the K–W probability function allows us to
estimate the value p0, which gives the fraction of lost (undetected)
events in a given TF–DNA binding experiment.

p0 ¼
1

2F 1ða; 1; b þ 1; �Þ
40;

where 2F1 is the hypergeometric Gauss series (26). In this case

p0 ¼ 1þ
X1

m¼1

Ym

i¼1

ða � 1þ iÞ
ðb þ iÞ �

 ! !�1

:

Specifically, if b4a40 and �! 1� 0, then by (25)

lim
�!1�0

p0 ¼ 1� a

b

� �
: ½5�

This formula can be used for extrapolation of the K–W model
up to m ¼ 0 (undetected event). By following a recursive formula
we can estimate the TFBSs at each peak height intensity level as the
following:

p1 ¼ p0
a

b þ 1
�; :::; pmþ1 ¼ pm

a þm

b þm þ 1
�: ½6�

Importantly, GDP function can be a fairly accurate approx-
imation of K–W function throughout the entire dynamical range
of random variable X (m¼ 1, 2, . . .) (25). We use this attribute of
K–W probability function for (i) goodness-of-fit analysis of the
model, (ii) estimation of specificity and sensitivity of studied of
ChIP-based data set, and finally (iii) estimation of the total
number of physically real specific BSs for a given TF in a given
genome.
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2.5. Prediction Method

of the Total Number of

Binding Events (BEs)

Here, we fit the truncated empirical distribution of binding event
(BEs) (e.g., ChIP-Seq peak height value), starting the fitting of the
specific part of the empirical distribution (equations [3] and [4])
and estimating the ‘‘empirical’’ threshold which provides minimum
noisy component. Then after parameterization of specific and non-
specific probability terms of the mixture probability function in the
model [1] and estimating weight parameter �, we extrapolate the
best-fit probability function of specific events into a noise-enriched
event region of the empirical distribution to predict the entire
specific frequency distribution of specific TFBSs in the given
ChIP-based experiments. Using equation [5], we could estimate
the total number of TFBSs in the entire genome.

2.6. SACO, ChIP-PET,

ChIP-Seq Methods

and Characterization

of Data Sets

In this section, we will present brief descriptions of three TF–DNA
methods, SACO, ChIP-PET, ChIP-Seq, and provide characteriza-
tion of data sets which we used in the validation of these methods.

2.6.1. SACO (21): Detection

of Transcription Factor

DNA–CREB BSs in the Rat

Genome

TF CREB binds to the cAMP-response element (CRE), a sequence
identified in the promoters of many inducible genes (21). CREB has
since been found to mediate calcium, neurotrophin, and cytokine
signals as well as a variety of cellular stresses. The SACO library was
prepared using ChIP DNA obtained from �108 rat PC12 cells.
Chromatin occupancy in DNA was isolated from PC12 cells that
have been stimulated with forskolin to increase intracellular cAMP
15 min prior to DNA extraction. Forskolin-treated PC12 cells were
subjected to a CREB-DNA binding assay using an anti-CREB anti-
body. For SACO experiments, sonicated CREB ChIP DNA was
polished (protruding 30 and 50 ends were made flush) and ligated to
adapters for limited amplification. The resulting DNA fragments in
the assay averaging around 700 bp in length were represented in a
SACO library by 21 nt SAGE tags. These chromatin DNA fragments
were digested with NlaIII, which cleaves genomic DNA approxi-
mately every 120 bp, and a modified SAGE procedure was used to
create concatemerized 21 bp genomic signature tags (GSTs). Approxi-
mately 5,000 plasmids were sequenced to obtain the sequence of
�3 � 106 GSTs. The resulting distinct 21 bp SACO GSTs were
matched to genomic sites. GSTs with exact matches or matches with
one substitution error that were uniquely assignable to a genomic
location were considered as positives. GSTs without a genomic match
(SACO Tag0) or with multiple matches were not considered. GSTs
within 2 kb of each other are taken to be associated with the same
SACO locus and formed ‘‘SACO clusters’’. GSTs are counted in that
clusters and thus can be used for semi-quantitative profiling of BSs of a
given TF. For additional details of SACO loci see (21).

After genomic mapping and noise sequence filtration the
authors have selected�41,000 GSTs that identified a single region
in the rat genome. The authors considered at least duplicate SACO
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tags (we called Tag-2) as high-specific clusters; clusters with size 2,
3, . . ., 94 were found. We will call all that SACO clusters a Tag-2+
set. At this cutoff value, we used 6,269 SACO clusters represented
by 24,082 GST sequences (http://genome.bnl.gov/SACO/).

2.6.2. ChIP-PET: Estrogen

Receptor Element

(ERE)–DNA Binding Sites

The estrogen receptor alpha (ER-�) is a member of the nuclear
hormone family of intracellular receptors which is activated by the
hormone 17b-estradiol (estrogen) (12). The main function of ER-�
is its role as a DNA binding transcription factor which regulates gene
expression. ER-� interacts either directly with genomic targets
encoded by ER elements (EREs) (50GGTCAnnnTGACC30), or
indirectly by tethering to nuclear proteins, such as AP-1, Sp-1, or
NF-kB that are bound to DNA at their cognate regulatory sites (12).

ChIP-PET is a ChIP-based method which uses SAGE-like tags
and 36 bp paired-end tags (PETs) (12). Briefly, hormone-
deprived breast cancer cell line cells, MCF-7, were treated with
10 nM 17b-estradiol for 45 min and then DNA-bound receptor
complexes were isolated through chromatin immunoprecipitation
(ChIP) using anti-ER-� antibodies. PET sequences were extracted
from the raw reads and mapped to the human genome sequence
assembly (hg18). A total of 95% of ChIP DNA fragments ranged
from 100 bp to 2 kb. The distribution of the sequence span of
these DNA fragments followed the log-normal function with a
span average of 674 bp, median of 458 bp, and mode of 277 bp.
Additional information can be found in Table 2.3.

To find relationships between relative binding avidity of ERE
BSs and expression level of putative direct ERE TF gene targets,
we used U133A&B expression profiling of transcripts of human
ER-positive MCF7 cells defined before and after stimulation with
10 nM 17b-estradiol (12). In these experiments, the RNA was
extracted at 12, 24, and 48 h and hybridizations were performed in
microarray triplicates according to manufacture protocol.

The 480,042 original ChIP-PET sequencing reads of INF-g-
stimulated STAT1–DNA binding (library shc016 in T2G DB;
HeLa S3 cells (20)) were mapped to single location in the
human genome assembly (hg17) and 327,838 distinct (non-
redundant) PETs (68%) were identified. Of these unique frag-
ments, the PET tags whose DNA fragment spans 50- and 30-ends
<6 kb apart were selected. Then the PET DNA fragments mapped
to the regions of unlikely locations (mitochondria, Y chromo-
some, centromeric localization of clusters, long gene-free chromo-
some regions, etc. (see above)) were excluded from that PET DNA
fragments data set. We then selected 324,523 distinct sequences of
the ChIP-PET library shc016 representing 260,953 DNA frag-
ment cluster overlaps (including singleton fragment genome hits).
From the untreated control data set (library shc019 in T2G DB;
HeLa S3 cells), 507,828 original ChIP-PET sequencing reads
were mapped to single location in the human genome assembly
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(hg17) and 263,901 distinct PETs (52%) were identified. Of these
unique fragments, the PET tags whose DNA fragment spans 50- and
30-ends <6 kb apart were selected. Finally, we selected 254,233
((254,233/507,828) � 100% ¼ 50%) distinct sequences of the
ChIP-PET library shc019 representing 212,982 DNA fragment
cluster overlaps for our further analysis.

2.6.3. ChIP-PET: STAT1–DNA

Binding in INF-�-Stimulated

and -Unstimulated HeLa S3

Cells

Interferons (INFs) are well-known cytokines that play pivotal roles
in antiviral, antibacterial, cell proliferation and differentiation, and
anti-tumor responses primarily by modulating gene expression via
the JAK/STAT pathway (3, 16). STAT1 regulates proliferation by
promoting growth arrest and apoptosis in response to INF signals.
These effects have given the INFs major therapeutic value in the
treatment of hepatitis, melanoma, leukemia, lymphoma, and mul-
tiple sclerosis, although their mechanism of action is still unclear
(16, 24). The regulation of STAT1 by INF-g provides a useful
system to understand how transcription factors select specific
binding sites and ChIP-PET has been used to study INF-g
induced DNA–STAT1 binding. In our analysis, we used original
ChIP-enriched DNA fragments of INF-g-induced DNA–STAT1
ChIP-PET library (sch016) and non-induced DNA–STAT1
(sch019) library stored in T2G DB (http://t2g.bii.a-star.edu.sg;
(29)). Based on the ChIP-PET protocol (4), STAT1 ChIP-PET
libraries were prepared from INF-g-stimulated (sch016) and
-unstimulated (sch019) HeLa S3 cells as described in (20). Briefly,
for each biological replicate 12 � 108 cells were used in total.
These cells were split into INF-g-treated and -untreated halves for
STAT1 ChIPs. The ChIP-enriched DNA fragments were cloned
into the cloning vector pGIS3 to generate the ChIP DNA frag-
ment library. Additional information about the libraries and map-
ping of ChIP-PET DNA fragments on human genome can be
found in the USCS browser track ‘‘GIS-PET’’ (http://geno-
me.ucsc.edu/).

T2G DB contains 327,838 and 263,901 distinct ChIP-
PET DNA fragments obtained from INF-stimulated and
-unstimulated HeLa S3 cells, respectively. These sequences,
which uniquely mapped to the reference human genome
(hg18), were clustered by T2G DB algorithm into 247,846
and 212,982 clusters (including singletons), respectively. We
have also identified and excluded probable false-positive clus-
ters (and cluster overlaps) having a very large size and located
distantly (>100 kb) from the most neighboring gene.
Sequences, clusters located in centromere regions, Y chromo-
some and M chromosome as well as alpha satellite, and over-
lapping gap regions were also excluded from our analysis.
Finally, we used 324,523 and 259,759 ChIP-PET fragments
obtained from INF-stimulated and -unstimulated HeLa
S3 cells, respectively. We aggregated computationally these
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sequences in 246,644 and 211,619 clusters (including sin-
gletons) for INF-stimulated and -unstimulated data sets,
respectively. To identify specific binding loci, we also recal-
culated the number of the PET peaks (see below); for INF-
stimulated and -unstimulated HeLa S3 cells we defined
260,953 and 218,440 PET peaks, respectively.

To find relationships between relative TF binding avidity of
BSs and expression level of putative direct STAT1 gene targets, we
used U133 plus2 expression profiling of transcripts of HeLa
cells at 0 and after 2 and 4 h after stimulation of HeLa S3 with
INF-g in microarray triplicates at standard experimental condi-
tions (S. Hartman’s microarray data set; (12))

To validate TF–DNA BS predictions, we provide computa-
tional identification of position weighted matrix (PWM) of canoni-
cal STAT1 motifs. PWM method of TF motifs is used to scan the
locations of STAT1 canonical motifs in unstimulated and INF-g-
stimulated DNA sequence data sets derived by ChIP-PET method.
The canonical STAT1 motifs are scanned by nmscan program from
NestedMiCA with threshold-5 (Score Threshold-5.0) and both
strand search (http://www.sanger.ac.uk/Software/analysis/
nmica/).

2.6.4. ChIP-Seq: STAT1–

DNA Binding in INF-�-

Stimulated and

-Unstimulated HeLa S3

Cells

ChIP-Seq maps single-end 27 bp tags using the Illumina 1G
system (1G) which provides a 1.5–2 orders of magnitude increase
in the amount of sequence than other systems (e.g., SACO). The
method is based on deep 1G sequencing of short-read single-end
tags (SETs), which are simpler to prepare than PETs. Using ChIP-
Seq, the authors in (16) compared STAT1–DNA binding in
INF-g-stimulated and -unstimulated human HeLa S3 cells, by
generating approximately 47 million reads, totaling 1.26 GB of
sequence data, from immunoprecipitated DNA fragments. For
each sample, the authors transformed reads that mapped to unique
genomic locations into a DNA fragment overlap profile. They
identified significant peaks by thresholding profiles (with peaks
�11 bp) at a height equivalent to an estimated false discovery
rate (FDR) < 0.001. The global properties of the resulting two
profiles were distinct and consistent with high ChIP enrichment.

The canonical STAT1 motifs are scanned by nmscan program
from NestedMiCA with threshold-5 (Score Threshold-5.0) and
both strand search.

2.6.5. ChIP-Seq Nanog

and Oct4 Data: Sequence

Filtering, Mapping Onto

Reference Genome, and

Sequence Clustering Are

Essential Steps for Data

Analysis

We used the similar data treatment procedure in our analysis
of ChIP-Seq TFBS data sets for two ChIP-Seq libraries (GEO
ID: GSE 11431) derived from mouse embryonic E14 cell lines
(11).
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3. Results

3.1. Computational

Preprocessing of Raw

Sequence Data,

Sequence Mapping,

Aggregation, and

Preliminary Data

Analysis

3.1.1. Long PET DNA

Fragments Presented in the

ChIP-Based Generated

Library Can Form False

Clusters and Produce Bias

in the Count of Real Clusters

and Its Sizes

The long tails of the frequency distribution of span of DNA
fragments in ChIP-PET experiment can produce the errors in
mapping, counting, and modeling of background (noise)
events, since the longer DNA fragments have a larger chance
to form random (false-positive) clusters and short fragments
could be a source of multi-peak clusters. As an example,
Fig. 2.4A shows the frequency distribution of a span (nt) of
PET DNA fragments found in INF-g-induced STAT1 ChIP-
PET binding event data set. Goodness-of-fit analysis of the
distribution showed that this distribution is a mixture of
the relatively short DNA fragments (<700 nt) and very long
DNA fragments (up to several thousands of nucleotides).
Figure 2.4B demonstrates that the spans of DNA fragments
clusters are often longer than the span of PET DNA fragments
in PET fragment singletons. Obviously that the longer PET
DNA fragments can form the false clusters and thus produce a
bias in count of clusters and its peaks. It seems that prefiltering
of very long ChIP DNA fragments before mapping of DNA
fragments onto genomes will be a helpful procedure to reduce
size of erroneous DNA clusters and its count.

3.1.2. Sequence Prefiltering

and Compromise Between

Specificity and Sensitivity in

ChIP-Seq Data Analysis in

Identification of TF STAT1

BSs in INF�-Stimulated

HeLa S3 Cells

The STAT1–DNA binding ChIP-Seq assay produces millions of
short (27 nt) unique sequence reads (20–40 � 106) and thus it
can contribute to high specificity and sensitivity of the TFBS
mapping on the complex genomes (16). After ChIP for STAT1
in INF-g-stimulated HeLa S3 cells, the 1G system produced a total
of 24.1 million 27 bp sequence reads (SETs (16); Table 2.1). Of
these, 15.1 million (63%) aligned uniquely to the non-repeat-
masked human genome sequence. For unstimulated cells, the
authors generated 22.7 million reads and uniquely mapped 12.9
million reads (57%).

A cluster peak ‘‘height’’ for the calculated XSET overlaps was
the maximum number of overlapped XSETs for the cluster; height
and FDR are inversely related. For both STAT1 libraries, the
authors estimated FDR ¼ 0.001 at height ¼ 11. The resulting
41,582 stimulated peaks contained 17.9% of mapped reads,
whereas the 11,004 unstimulated peaks contained only 4.2% of
mapped reads ((16), Table 2.1). However, after the paper was
published (16), the authors revisited their statistical criteria. In
particular, new cutoff values of 9 and 10 were used for specific
peaks in stimulated and stimulated libraries, respectively, with the
current data set. The authors also split largest clusters and rede-
fined the number and heights of the peaks. In our analyses we used
the revised sets as our raw data. With the authors’ new criteria, we
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counted 63,309 confidence-stimulated peaks and 16,470 unsti-
mulated confidence peaks. We discarded all sequence reads that
could not be uniquely mapped to the genome and did not follow
our filtering criteria.

Figure 2.3 shows an example of a large false-positive multi-
cluster DNA fragment mapping in centromere region of chromo-
some 1. These clusters exhibit the same location and the same
shape of the clusters for unstimulated and INF-g-stimulated sam-
ples. Such clusters were considered as false-positive clusters. The
clusters (and related cluster peaks) with relatively long spans, large
size, and that were distantly located (>100 kb) from most neigh-
boring genes were also excluded from analysis (false-positive
events due to systematic errors).

In total, we filtered out 1.3% (853/63,309 � 100%) and 4.4%
(727/16,470 � 100%) problematic and false-positive stimulated
and unstimulated peaks, respectively.

Fig. 2.4. Typical examples of non-specific binding regions. (A) False-positive ChIP-PET clusters can be often located
within or nearby centromeric regions. Large clusters are occurred near chromosome gap regions in many ChIP-PET
libraries for different TFs (T2G database). (B) False-positive ChIP-Seq clusters can be often located within or nearby
centromeric regions. STAT1-DNA binding in INF-g-stimulated and -unstimulated HeLa S3 cells ChIP-PET data sets. (C)
False-positive group(s) of shot-height multiple clusters in ChIP-Seq-defined STAT1–DNA binding in the genomes of INF-g-
stimulated and -unstimulated HeLa S3 cells. Shot-height DNA fragment clusters might be observed in unusual multiple
positions within genic or non-genic regions (including 30 ends of the gene and down-stream gene regions). Such unlikely
real clusters often unstable in a given genome region across the different experiments and their number is very sensitive
to the statistical method and criteria, which are used to estimate specificity of experiment (or FDR by (16), Table 2.1). Due
to suboptimal experimental design, small number of samples and ignoring the genome sequence complexity information,
ChIP-qPCR validation experiments could also provide an optimistic estimate of specificity (and lower cutoff peak value) of
ChIP-Seq experiment (V.A. Kuznetsov, unpublished)).
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The resulting 62,456 stimulated peaks contained 8.2%
(1,246,120/15,100,000) of confidence-mapped reads, whereas
the 16,470 unstimulated peaks contained 36.8% (198,566/
540,000) of confidence-mapped reads (Table 2.1).

Finally, after all filters, we selected 62,456 and 15,743 ChIP-
Seq fragments obtained from the libraries of INF-stimulated and
-unstimulated HeLa S3 cells, respectively. Table 2.1 summarizes
our characteristics of revisited ChIP-PET sequence libraries
derived from stimulated and unstimulated HeLa S3 cells.

Table 2.1
Characteristics of updated ChIP-Seq libraries (16) after our revision

Parameter Stimulated Unstimulated

Reads

Total sequenced (10–6) 24.1 22.7

Total, uniquely mapped onto genome (10–6) 15.1 12.9

In peaks (10�6) 2.71 (17.9%) 0.54 (4.2%)

Peak coverage (MB) 34.5 (1.12%) 9.7 (0.31%)

Peaks

Median width (bp) 473 519

Peak height at revised threshold 10 9

No. of peaks 63,309 16,470

Average height 19.9 12.9

Median height 13 12

No. of peaks after filtering (used in our work) 62,456 15,743

No. of peaks in problematic clusters 853 (1.3%) 727 (4.4%)

Average height of clusters after filtering 20 12.6

Average height of clusters in problematic clusters 17.3 18

Peak coverage after filtering (MB) 34.1 9.3

Peak coverage of problematic clusters (MB) 0.45 0.4

Median width (bp) 474 522

Median width of problematic clusters (bp) 414 427

Number of sequences on peaks 1,246,120 198,566

Number of overlapping loci 14,874 (23.8%) 14,303 (90.8%)

Number of non-overlapping loci 47,582 (76.2%) 1,440 (9.2%)
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3.1.3. ChIP-PET ERE Data:

Sequence Filtering,

Mapping Onto Reference

Genome, and Sequence

Clustering Are Essential

Steps for Data Analysis

A significant amount of non-specific (background) genomic DNA
is always present in the inmmunoprecipitated DNA material of any
ChIP-based DNA sequence library. In fact, about 35–80% of
original ChIP-based tag sequences are non-genomic/noise
sequences. Fortunately, these DNA sequences can be easily filtered
out after computer mapping of the DNA fragments on the gen-
ome. For example, in ERE–DNA binding study (12) (library
shc07; http://t2g.bii.a-star.edu.sg), a total of 635,371 PETs
were sequenced, of which 361,241 (�56.86%) were mapped
unambiguously to unique loci in the reference genome (12). We
filtered and reanalyzed ChIP-PET DNA fragment sequence data
of ERE binding sequences using our algorithm of filtering, map-
ping, and clustering (Section 2 (14)). Due to observed PET
sequence duplication, the number of unique PET sequences
mapped uniquely to the genome was reduced to �137,500 dis-
tinct PET sequences. After additional filtering of sequences
mapped to Y and M chromosomes, centromere, gap, and alpha
satellite regions we finally selected 136,348 ((136,348/635,371)
� 100% = 21.5%) distinct sequences of the ChIP-PET library
representing 124,756 DNA fragment cluster overlaps (including
singleton fragment genome hits) (Table 2.2).

3.2. Real TF Binding

Events in ChIP-PET and

SACO Data Sets Are

Following the Common

Skewed Statistics

The empirical frequency distributions of the binding events for all
ChIP-based data sets exhibit monotonically skewed shapes with a
greater abundance of rare binding events and more gaps and
irregularities among the higher-confidence binding events
(Figs. 2.3 and 2.4). The form of the distributions of binding
events are very similar to each other and the forms of the empirical
distribution functions, which we have observed for DNA–TF
binding events for ChIP-PET (4, 14, 25) and other data gen-
ome-related data sets (13, 27). In particular, in (4, 14, 25), we
have demonstrated that the frequency distribution of the TF bind-
ing events defined in the ChIP-PET experiments specifically for
the in the left-size of the empirical frequency distribution of the TF
binding events for different TF, cell types, and environmental
conditions are less sensitive to additive random noise and can be
fitted well by the GDP function [3].

Figure 2.5A–D confirms these observations and demon-
strates that shape of the frequency distribution of BEs is a common
distribution for studied ChIP-based methods. Figure 2.5A–C
shows the histograms specifying the frequency of distinct binding
events in ChIP-PET experiments (panels A and B: INF-g-stimu-
lated and -unstimulated STAT1 and panel C: estradiol-induced
ER–DNA binding events). Comparison of Fig. 2.5D with
Fig. 2.5A–C demonstrates that the histogram specifying the fre-
quency of binding events of TF CREB in SACO experiment (see
Section 2) is very similar to the histograms for ERE TF and
STAT1 TF ChIP-PET experiments.
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3.3. Specificity and

Critical Cutoff Value of

Binding Events in ChIP-

PET and SACO

Experiments

Using our curve-fitting analysis method (Section 2) with the
experimental data presented in Fig. 2.5A–D, we de-composited
the noise and specific components of binding events in studied
ChIP-PET and SACO data sets and estimated a cutoff value of
binding events at the appropriate specificity. Table 2.2 contains
detailed information about the number of binding events from 1
to 11 for CREB SACO library and 2 ChIP-PET libraries. The
numerical results of goodness-of-fit analysis of GDP and K–W
functions are also presented in Table 2.2 and both show an
accurate approximation of the available data. The probability of
specific events (specificity) in each experiment is also estimated at
different reasonable cutoff values. A detailed description and

Fig. 2.5. Common statistical properties of binding events and goodness-of-fit analysis of the distribution of binding events
across ChIP-based methods and different TF–DNA binding systems (ChIP-PET, SACO). (A) STAT1–DNA binding events in
INF-g-stimulated (*) and -unstimulated (control (l)) cell samples. Binding event was defined by the highest peak in
overlap of cluster ChIP-PET DNA sequences. Dotted line: best-fit exponent function at power coefficient, s¼ 1.95 – 0.136;
t¼ 14.4; p< 0.0001. (B) A decomposition and estimation of the parameters of our mixture probability distribution model:
(�) best-fit GDP to specific (right) tail of the empirical distribution; (l) model-predicted non-specific binding events; (*)
total number of specific and non-specific events in the overlapped region of the mixture distribution. Exponential function
with power coefficient s = 1.86 – 0.072 (t = 25.96; p < 0.0001) fits well to predicted frequency distribution and
simultaneously fits to observed frequency distribution of non-stimulated HeLa S3 cells (panel A). The generalized discrete
Pareto (GDP) functions [3] fits well to truncated statistics of specific binding events at cutoff value equal to 6 and k = 4.446
– 0.0806 (t = 56.9; p< 0.0001); b = 6.258 – 0.1260 (t¼ 51.9; p< 0.0001). See Table 2.3 for additional information and
details.
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numerical values of these and other important statistical character-
istics of the libraries are presented in Table 2.3. Comparison of
Fig. 2.5A,B show that the ‘‘noisy’’ component of the mixture
distribution [1], modeled by exponential distribution provides a
suitable fit to the empirical distribution of binding events of TF
STAT1 in INF-g-stimulated HeLa S3 cells.

Figure 2.5A demonstrates that GDP fits well to the more
biologically relevant right tail of the empirical distribution of
binding events of TF STAT1 in INF-g-stimulated HeLa S3
cells, as the exponential function fits well to the distribution of
the binding events in the unstimulated STAT1 set (Fig. 2.5B).
Our co-localization analysis of ChIP-PET BSs in the stimulated
and unstimulated data sets shows that only a few BSs were com-
mon in the stimulated and unstimulated data sets. The canonical
STAT1 motif (TTCCNGGAA) was also well defined in a signifi-
cant fraction of the relevant tail of the empirical distribution of
binding events of TF STAT1 in INF-g-stimulated HeLa S3 cells
but it was poorly defined in unstimulated STAT1 set (not
presented).

These results suggest that of BEs in unstimulated data set
cannot be reliably detected in the given ChIP-PET experiment.

Table 2.3
Comparison of performance of the ChIP-based Tag sequencing platforms. 1. CREB
(SACO Clusters); 2. INF-g-stimulated specific STAT1 BS Type I (ChIP-PET peaks);
3. INF-g-stimulated specific STAT1 BS Type I (ChIP-Seq peaks); 4.Unstimulated
specific STAT1 BS Type I (ChIP-Seq peaks)

Subset of STAT1 BSs Avidity Subset of BS
No. of
loci

STAT1
motifs

Fraction of
BSs

Stimulated High Peak height
� 61

2,322 1,898 0.82

Stimulated Low Peak height
< 61

60,134 23,653 0.39

Unstimulated High Peak height
� 31

64 30 0.47

Overlapped with stimulated
BSs

Low Peak height
< 31

14,239 4,452 0.31

Non-overlapped with stim.
BSs

Low Peak height
< 31

1,440 282 0.20

*Data for high-occupancy (specific) BS Type I; �, a, b: Estimated parameters of KW function; k, �:
estimated parameters of GDP function; s: estimated power parameter in exponential function.
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Figure 2.5C,D show that for the SACO and ERE TF BEs
analyses, the simple exponential distribution statistics also fits well
the false-positive low-abundance cluster overlap peaks and GDP
and K–W functions can approximate the tail of the empirical
frequency distribution of specific binding events (after filtering
out of non-specific clusters) efficiently. Parameters of the fitting
are represented in Table 2.3. The estimates presented in Tables
2.2 and 2.3 suggest that only a relatively small fraction of real BS in
all these experiments can be identified within the experiments. We
(4, 10, 12, 14) and others (8, 20, 30, 15, 16) have shown that in
combination with motif search procedures (e.g., (6)) and expres-
sion data analysis, many ChIP-based specific TFBSs can be con-
firmed as the specific and functional BSs.

It is possible that there are many real low-abundant and moder-
ate-abundant binding events representing BSs (presented in the
filtered library), but these events cannot be considered as real physical
binding sites due to the high fraction of noise in ChIP detection of
those BSs. In the case of ChIP-PET data for several ChIP-PET
binding events (c-myc, ERE, p53, oct4, Nanog), we have predicted
these false-positive BSs theoretically and then proved the prediction
experimentally in PET-ChIP assay (4, 13). For instance, we have
found that in c-myc, p53, and in ERE ChIP-PET data, which
library/sample sizes were comparable with the CREB SACO library,
a critical (cutoff) level at conventional specificity (�90–95%) was
associated with loci having 3, 3, and 4 overlapped clusters, respec-
tively (14). For singletons PET data, a fraction of computationally
predicted and ChIP-PCR-confirmed specific BSs was less than 10–
20% of all observed single sequences mapped on the genome (9, 10).

Analysis of co-localization of the 6,303 loci identified by
multiple GSTs reveals that only 40% of 6,303 GST clusters were
within usual 2 kb of the transcriptional start of an annotated gene,
and 72% were within 1 kb of a putative cAMP-response element
(CRE). Most of these loci are represented by highly abundant
clusters (not presented).

In general, the larger clusters (or cluster peaks) tend to map
more specific binding sites (4, 14) (see also Fig. 2.5; Tables 2.2
and 2.3). This property has also been observed for p53, Stat1, c-
Myc ChIP-PET TF binding loci in combination with microarray
expression data analysis and by a combination of direct qPCR
measurements with motif search analyses (4, 10, 12, 14, 20).
Our combined data analyses, including validation of limited ran-
dom subsets of PET clusters with ChIP-qPCR, show that specific
loci for these TFs can also be determined in the corresponding
PET data sets even in smallest clusters (PET-2 peaks) and in
singletons (10). Moderate-size and large clusters could contain a
relative small fraction of non-specific clusters, however, these clus-
ters can be accurately validated in combination with other (men-
tioned above) independent methods (4, 9, 10).

38 Kuznetsov



3.4. Sensitivity and

Estimates of the Total

Number of TFBS in

ChIP-PET and SACO

Experiments

To estimate the number of specific BSs we begin with an estima-
tion of the specific BS events in a high-noisy enriched region. For
instance, for INF-g-induced STAT1 binding data this region
includes peak values 5, 4, 3, 2, 1 (Table 2.2; Fig. 2.5B). For
this estimate, the best-fit GDP function can be back extrapolated
to the high-noisy enriched region and then be fitted by K–W
function. According to this method, the entire GDP function
was accurately fitted by K–W function, equation [4] (discontinued
line; Fig. 2.5B), with model parameters �¼ 0.997, a¼ 4.341, and
b¼ 8.757. Finally, using equation [5] we can estimate the fraction
of undetected specific BSs of STAT1 TF p0 ¼ (1 – a/b) ¼ 0.50.
Empirical distribution and K–W fitting results in ERE ChIP-PET
experiments provide p0 ¼ 0.77. Empirical distribution and GDP
fitting results in SREB SACO experiment provide p0 ¼ 0.56.
Table 2.3 provides detailed information about the identified sta-
tistical distribution. For example, the total number of specific
SACO-defined SREB BSs in the rat genome is 15,438 and the
total number of specific PET-defined BSs for ERE and STAT1 in
the human genome is 26,350 and 12,252, respectively. The dyna-
mical range of these numbers consists of the previous publications
(11–16, 20, 3).

3.5. ChIP-Seq DNA

Fragments for TFs

Nanog and Oct4

Binding DNA in Mouse

Embryonic E14 Cells

Nanog and Oct6 are the key regulatory genes involved in self-
renewing and development of the mouse and human embryonic
stem cells (9, 11). Figure 2.6 shows the frequencies of peak height
value distributed according to the number of occurrences of the
200-nt ChIP-Seq DNA fragments for Nanog and Oct4 TF bind-
ing DNA in mouse embryonic E14 cells mapped onto the refer-
ence mouse chromosomes (11) and collected in the T2G libraries
(29). Both data sets show a similar form of the frequency distribu-
tion of binding events (peak heights). We used the probabilistic
models [3], [4], and [5] to describe the distribution of specific
binding events (e.g., the number of real peaks) observed in these
ChIP-based experiments. The models [3], [4], and [5] allow us to
fit the data well to the empirical distributions (Fig. 2.6). Addi-
tionally, Fig. 2.6 shows that an extrapolation of the best-fitted K–
W function into the right side high-noisy region of the distribution
(the left part of the distribution with height between 1 and cutoff
value of ChIP-qPCR-defined specificity (11), c ¼ 11 for Nanog
and c¼ 8 for Oct4 TF binding events). Moreover, using equations
[4] and [5], we can estimate a fraction of real specific BSs which has
not been detected in the ChIP-Seq experiments (p0). Estimated
parameters of equation [4] for Nanog TF data: � ¼ 0.997; � ¼
5.870; � ¼ 7.465, and thus by equation [5], p0 ¼ 0.22; for Oct4
data: � ¼ 0.998; � ¼ 5.681; � ¼ 8.32, thus by equation [5], p0 ¼
0.32. Finally, we can estimate the total number of specific (physi-
cal) BSs in the mouse genome for a given TF. This estimate equals
�66.7 � 103 BSs for Nanog TF and �28.2 � 103 TFBSs Oct4.
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3.6. Sample-Size

Dependence Analysis

Can Define Rescaling in

Binding Mechanisms of

ChIP-Based Methods

ChIP-Seq (16) uses much larger number of sequence reads than
other methods. Therefore the examination of TF binding sites
might be more adequately represent real complexity and diversity
of the TF binding patterns. We suggest that due to this advantage
the empirical distribution of ChIP-Seq data set will allows us to
find more diverse/complex patterns of STAT1–DNA binding
than ChIP-PET and other ChIP-based methods.

We assumed that two types of binding events in the human
genome could exit and associate with two distinct molecular
mechanisms of Stat1–DNA binding. Therefore, we suggested
that two distinct specific distributions of STAT1 binding should
be observed in ChIP-Seq experiment. We hypothesized that our
mixture distribution model could reflect the ‘‘low-avidity’’ and
‘‘high-avidity’’ binding events of two distinct classes of specific
binding events. Figure 2.7 shows that a mixture of two K–W
functions fits well to the empirical frequency distribution of
STAT1–DNA binding events. We found that a single K–W func-
tion could not fit to the data equally as well due to a decomposition
of the mixture of ‘‘low-avidity’’ and ‘‘high-avidity’’ binding events
(not presented). ChIP-Seq binding events are represented by
XSETs. Detailed notations and estimated parameter values of the
model are presented in Tables 2.3 and 2.4. Table 2.4 shows that
in a stimulated sample, the high-avidity STAT1 BS are strongly
associated with location of canonical motif (82% BSs association),
while small number of high-avidity binding sites (64 BSs) also exist

Nanog

Peak Height Intensity

1 10 100
Peak Height Intensity

1 10 100

F
re

qu
en

cy

100

101

102

103

104

105

106

F
re

qu
en

cy

100

101

102

103

104

105

106
Observed + Pareto extrapolation Data
Kolmogorov - Waring Fitting

Observed + Pareto extrapolation Data
Kolmogorov - Waring Fitting

Exp Thr
(11)

Model Thr
(23)

Po = 0.22

Oct4

Model Thr
(11)

Exp Thr
(8)

Po = 0.32

Fig. 2.6. Goodness-of-fit analysis of the frequency distribution of binding events (no. of ChIP-Seq peaks) fitted starting
from cutoff peak value defined in ChIP-qPCR. (A) Nanog TF data set (Mc+ ¼ 468,156; Nc+ ¼ 52,004). (B) Oct4 TF peak
data set (Mc+ ¼ 84,810; Nc+ ¼ 19,160). For these data (11), the K–W model fits to the observed tail (reliable part of the
mixture frequency distribution, as well as the best-fit truncated GDP model data extrapolated to the smaller peak values
including value 1 (belonging to the highly noise-enriched subset). K–W function fits to best-fit estimated GDP function
values on the entire dynamical range of peak values. Due to high confidence of curve-fitting of K–W, the parameters of K–
W function can be thus accurately estimated. Using the estimated parameters � and � allow us to calculate a fraction of
TF BEs (p0) which was not detected in a given ChIP-Seq library. Empty circle: fitted and extrapolated K–W function values.
Close circle: the observed (truncated at c ¼ 11) frequency distribution of BEs. Vertical dash line is represented by ChIP-
qPCR defined threshold.
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in subpopulation of unstimulated sample and 47% of these BSs are
supported by canonical motifs. A large number of stimulated and
unstimulated BS exhibit a low-avidity pattern. The functional role
of these binding sites is still unknown.

We also performed a comparison of ChIP-PET (20) and
ChIP-Seq (16) detection of high-avidity binding sites of STAT1
TF in INF-g-stimulated (A,C) and INF-g-unstimulated HeLa S3
cells (B,D). For stimulated HeLA S3 cells, the ChIP-Seq and
ChIP-PET data are consistent in chromosome location (common
loci) and the relative amplitude of the signals. However, the ChIP-
PET data (in which library size is much smaller than the library size
of ChIP-Seq experiment) lost essential information about truly
existing binding sites in the genome of unstimulated cells.
(ChIP-PET binding events are presented by the peaks that corre-
spond to the number of overlapping ditags at a given genomic
coordinate. ChIP-Seq binding events are represented by XSETs.)
However, the fraction and height values of specific BEs in ChIP-
Seq data set are expressed much more strongly and significantly
than in the ChIP-PET data set. We therefore demonstrate for the
first time that ChIP-Seq data for unstimulated HeLa S3 cells can
be used to detect 64 high-confidence specific binding sites in
unstimulated HeLa cells (Fig. 2.8). We found 45 RefSeq genes
predicted as direct targets for ‘‘basal’’ transcription regulation by

Fig. 2.7. The frequency distribution of INF-g-stimulated and -unstimulated STAT1–DNA binding events in ChIP-Seq
experiment (16). We consider the empirical distribution as a mixture of distributions of two distinct classes of binding
events. Two K–W functions fits well to the empirical frequency distribution of STAT1–DNA binding events due to a
decomposition of the mixture of ‘‘low-avidity’’ and ‘‘high-avidity’’ binding events. ChIP-Seq binding events are repre-
sented by XSETs. See detailed notations on the graphic and the estimated parameter values of the model in Tables 2.3
and 2.4.
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STAT1 in INF-g unstimulated cells including interferon regula-
tory factor 9 (IRF9), ATP-dependent DNA helicase homolog
(Saccharomyces cerevisiae (HFM1)), polyamine-modulated factor
1 (PMF1), WD repeat domain 74 (WDR74), polymerase (DNA
directed), delta 1 catalytic subunit 125 kDa (POLD1) (Table S1),
and many poorly described and in silico predicted genes, for
instance, LOC284801.cApr07, kloypeybo.aApr07, RNU2P2.
cApr07, LOC554226.bApr07.

We would like to indicate that noise BEs in ChIP-Seq and
ChIP-PET data sets are increased when data set sample size
becomes larger. This common property of ChIP-based sequencing
methods is a difficult problem to resolve for reliable detection of
real BSs events even in a very large-size samples.

Figure 2.9 provides useful information regarding comparative
sensitivity of ChIP-Seq and ChIP-PET analyses. In our meta-
analysis of co-localization of STAT1 binding sites both the

Fig. 2.8. Sample-size dependence of ChIP-based methods. Comparison of ChIP-PET (20) and ChIP-Seq (16) detection of
high-avidity binding sites of STAT1 TF in INF-g-stimulated (A,C) and INF-g-unstimulated HeLa S3 cells (B,D). For
stimulated cells, both data provide strong consistency in chromosome location (common loci) and relative amplitude of
the signals, however, ChIP-PET data (which library size is much smaller than the library size of ChIP-Seq experiment) lost
essential information about truly existed binding sites in the genome of unstimulated cells. ChIP-PET binding events are
presented by the peaks corresponds to the number of overlapping PET DNA Sequences. ChIP-Seq binding events are
represented by XSETs.
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Table S1
ChIP-Seq-defined high-avidity STAT1 TFBSs (peak height >30 DNA fragments) in
unstimulated HeLa S3 cells found in 50 kb upstream transcription start site (TSS)
region and in downstream gene regions
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methods provide similar shape of binding site distributions near
transcription start site (TSS) of a gene. However, spatial variation of
the BSs in ChIP-Seq experiment is relatively smaller than in the
ChIP-PET experiment (Fig. 2.9A; Fig. 2.9C). Consistency between
frequencies of ChIP-PET and ChIP-Seq binding events approaches
to 100% level (solid line Fig. 2.9D) at value PET-6 and above.

3.7. ChIP-Based

Approach Allows

Measuring a Relative

Avidity Function

Interestingly, we determined a strong correlation between peak
height in STAT1 ChIP-PET experiments and expression signal
value (defined by micro-array Hartmann’s data; (31)) in putative
gene targets located in vicinity 2 kb from identified STAT1 BS.
Figure 2.9C shows that this correlation (estimated by Spearman
coefficient correlation) presents in time-course microarray experi-
mental design (0 h, 2 h and 4 h). These observations suggest that
the probability of binding events in ChIP PET clusters located in
canonical promoter region could reflect a relative avidity of STAT1
binding and casuistically increase the probability of regulation of
the transcription of STAT1 direct gene targets.

Fig. 2.9. Comparison analysis of the results of ChIP-Seq and ChIP-PET data sets. (A) ChIP-PET binding site distributions
near a transcription start site (TSS) of gene. (B) Spearman correlation between relative avidity (peak height in ChIP-PET
experiment) and expression signal value (time course expression micro-array Hartmann’s data; (31)). (C) ChIP-Seq
binding site distributions near transcription start site (TSS) of a gene a variation of the distribution in ChIP-Seq BEs is
smaller in compare to ChIP-PET. (C) ChIP-Seq data (16). (D) Consistency between frequencies of ChIP-PET and ChIP-Seq
binding events approaches to 100% level (solid line) at value PET-6 and above.
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4. Discussion
and Conclusion

In this work, a novel model of TF–DNA binding and algorithm for
accurate identification of binding sites from short reads generated
from ChIP-Seq, ChIP-PET, and SACO experiments is presented.

We demonstrated that the empirical distributions for all the
studied ChIP-based data sets are well fitted by a mixture model
with specific component of BEs described by the skewed Pareto-
like distribution functions (generalized power law), whose shape
depends in a predictable manner on the sample size (13). Such
distributions can be generated as limiting distribution at K–W
random process where the birth and death intensities are linear
functions of (binding) events (25). The power law for analysis of
ChIP-Seq data analysis was also recently used in (14, 32–34).

Our probabilistic model and computational algorithm allow us
not only to mathematically describe a common law (Figs. 2.5–2.7)
of TF–DNA binding but also to estimate the number and fraction of
specific BSs for TF studied in ChIP-based experiment even if the data
set is essentially incomplete and enriched with high-noisy events.

The sensitivity and the specificity of our model are demon-
strated by applying the model to analysis of different ChIP-Seq
data sets across different platforms. In this work, we studied bind-
ing statistics of five biologically essential and well-characterized
human transcription factors: ERE (estrogene receptor-�), CREB
(cAMF-response element), Nanog (Nanog homeobox), Oct4
(POU class 5 homeobox 1), and STAT1 (signal transducer and
activator of transcription protein 1). By our estimates the number
of BS in the genome are 66.7 � 103, 28.2 � 103, 15.5 � 103,
and 26.4 � 103 for Nanog (ChIP-Seq), Oct4 (ChIP-Seq), CREB
(SACO), and ERE (ChIP-PET) TFs, respectively. For STAT1 TF
the estimates of the number of BS in the human genome are 12.25
� 103 (ChIP-PET), 17.66 � 103 (ChIP-Seq, high-avidity BS),
and 5.99 � 103 (ChIP-Seq; low-avidity BS). Our new result is the
identification of 64 novel STAT1 TFBS and their potential gene
targets in unstimulated cells.

These findings could provide an insight in the field of study of
basal transcription machinery and predict new gene targets for
direct STAT1 transcription control.

We determined that the specificity of all studied here experi-
ments was high (91–96%). That results consist of published esti-
mates of the specificity of ChIP-based methods (4, 11, 15, 16, 21).
The BE sensitivity asks for a question: how many physical BSs,
including low-avidity BSs present in the genome of a given cell in
given environmental conditions. Sensitivity is difficult to assess
experimentally because of the lack of well-reliable bench markers
and methods for detection of low binding avidity. We used a
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computational approach to estimate the sensitivity of ChIP-based
experiments. By our estimations, the sensitivity of all ChIP-based
methods is low: 6.3%, 4.8%, 10.2%, 4.6% for Nanog (ChIP-Seq),
Oct4 (ChIP-Seq), CREB (SACO), ERE (ChIP-PET), respec-
tively, and 4.36% (ChIP-PET), 12.1% (ChIP-Seq, high-avidity
BS); 0.97% (ChIP-Seq; low-avidity BS) for STAT1 TF (Table
2.4, Fig. 2.6). That surprisingly low sensitivity levels of the cur-
rent ChIP-based sequencing methods for identification of TF–
DNA binding can be associated with (i) a large fraction of noisy
sequences forming low- and moderate-avidity binding events and
(ii) missing specific ChIP-derived sequences (not-detect
sequences) due to the limited sample size experimental data set
and/or suboptimal design of experiments. The efficiency of
sequencing (the percentage specific DNA sequences at a given
specificity cutoff peak height, Table 2.4), defined by qPCR-
ChIP, was also low: 3.6, 1.0, 8.8, 50.3, 0.54% for Nanog, Oct4,
ERE, SREB, STAT1 (ChIP-PET) TFs, respectively.

We could conclude that although ChIP-Seq is a powerful
technique, it still produces essentially incomplete and noisy-rich
sequences under representing the low- and moderate-avidity
DNA–protein binding events of TF in complex genomes. While
a higher number of reads may increase sensitivity and resolution, it
may also increase the fraction of noise reads. In fact, subsampling
in all ChIP-Seq and ChIP-PET data sets showed that the noise
component increases when the data set sample size becomes lar-
ger. This common property of ChIP-based sequencing methods is
a hard problem for a reliable detection of real BSs even in very
large-size samples (Figs. 2.6 and 2.7, Table 2.4). In this case,
other factors, like specificity of antibodies, optimal (shorter/
homogeneous), length of ChIP DNA fragments, and better com-
putational processing of raw data, have a direct impact on the
sensitivity and the resolution of identified BSs are desired.

Similar to what was recently described in (10, 14, 32), we can
suggest that the probability of binding events can be defined by the
distance of BS from spatio gene transcription start site could reflect
the distribution of relative avidity of binding (STAT1-DNA bind-
ing Fig. 2.9A,B,C). However, poor correlation between the rela-
tive binding avidity, expression pattern, canonical motif
presenting, and enrichment of ChIP-derived TF–DNA binding
events was also indicated for TF with non-canonical (distant,
>10 kb) location of BS (for instance, ERE binding (12)).

Finally, we would like to indicate that (i) an adequate experi-
mental design, standardization, and optimization; (ii) manual and
automatic prefiltration of ChIP-derived sequences; (iii) non-
redundant mapping of the sequences onto the complex genomes;
(iv) filtering and clustering procedures of ChIP-derived DNA
sequences in the different regions of the chromosomes; (v) adequate
statistical methods to define a binding events (e.g., cluster peak height,
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cluster overlap span); (vi) minimization of signal-to-noise ratio; (vii)
adequate controls and statistical modeling of background (noise)
signals; and (viii) deep data sampling as an essential in the context of
improvement of sensitivity of ChIP-based experiment. Mapping of
regulatory sequence (motifs, CpG, BSs for cooperative TFs, expres-
sion data, etc.) could provide an additional benefit in the identification
of real binding events and its links with gene expression patterns.
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