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A transcriptional regulatory network represents a molecular framework in which
developmental or environmental cues are transformed into differential expression
of genes. Transcriptional regulation is mediated by the combinatorial interplay
between cis-regulatory DNA elements and tfrans-acting transcription factors, and
is perhaps the most important mechanism for controlling gene expression. Recent
innovations, most notably the method for detecting protein-DNA interactions
genome-wide, can help provide a comprehensive catalog of cis-regulatory elements
and their interaction with given trans-acting factors in a given condition. A
transcriptional regulatory network that integrates such information can lead to
a systems-level understanding of regulatory mechanisms. In this review, we will
highlight the key aspects of current knowledge on eukaryotic transcriptional
regulation, especially on known transcription factors and their interacting
regulatory elements. Then we will review some recent technical advances for
genome-wide mapping of DNA-protein interactions based on high-throughput
sequencing. Finally, we will discuss the types of biological insights that can be
obtained from a network-level understanding of transcription regulation as well
as future challenges in the field. © 2010 John Wiley & Sons, Inc. WIREs Syst Biol Med 2011 3
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INTRODUCTION

Cellular programs for development, responses to
environmental cues, homeostasis, and all other
essential processes in higher eukaryotes are mediated
by a set of complex yet highly coordinated regulatory
mechanisms. How is such coordination achieved in
a temporally and spatially regulated manner? What
genes are involved in specific cellular programs and
what are the relationships (e.g., regulator vs regulated
genes) among them? To gain insights on these funda-
mental biological questions, many biochemical and
genetic studies have focused on identifying the gene
regulatory networks underlying these mechanisms.
While gene expression is controlled at many
levels, transcriptional regulation is perhaps the most
extensively investigated mechanism."?> Transcrip-
tional control is executed by the interaction between
trans-acting transcription factors as regulators and

*Correspondence to: peter_park@harvard.edu

Center for Biomedical Informatics, Harvard Medical School,
Boston, MA, USA

DOI: 10.1002/wsbm.105

Volume 3, January/February 2011

cis-regulatory sequence elements of their target genes.
Individual genes generally have their own sets of
cis-regulatory elements, which provide a multitude
of binding sites for different transcription factors.
Thus, the lack of a comprehensive catalog of these
transcriptional regulatory elements (cis-elements and
trans-factors) and the characterization of their inter-
actions have been major issues in gene regulation.

As the role of transcriptional control has been
characterized for critical cellular functions (e.g., the
cell cycle) and developmental programs (e.g., body
patterning), its clinical relevance has also become
clear. Certain disease phenotypes in humans can
arise from dysfunction of known transcription fac-
tors or through mutations of cis-regulatory elements.
It has been reported that certain mutations of cis-
regulatory elements can have significant phenotypic
consequences, often with more profound effects than
mutations in the coding regions.’ Diseases that arise
due to inappropriate activities of transcription factors
are summarized in recent reviews.* Recently, it was
estimated that more than 150 transcription factors
are associated with ~300 human diseases.® A more
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complete understanding of the transcriptional net-
works can thus have significant clinical applications.

Recent progress in high-throughput sequenc-
ing technology is having a tremendous impact on
our understanding of the transcriptional regulatory
mechanisms. In particular, chromatin immunoprecipi-
tation (ChIP) followed by high-throughput sequencing
(ChIP-seq) allows precise estimation of the locations
where the protein of interest is bound. Coupled with
RNA sequencing, which measures the amount of
mRNA in the cell, and other high-throughput meth-
ods, these data are likely to lead us to new insights on
how a transcriptional regulatory network is encoded
and executed. In this review, we will first summarize
previous approaches for studying transcriptional con-
trol including genome-wide motif discovery methods.
Then, we will review recent technical advancements in
genome-wide mapping of DNA-protein interactions
with focus on ChIP-seq. Finally, we will review the
network-based perspective of transcriptional regula-
tion and how multiple sources of information can
be integrated into the construction of transcriptional
regulatory networks.

TRANSCRIPTION FACTORS AND DNA
ELEMENTS

Transcription Factors

Transcription control is directed primarily by two
elements: DNA-binding proteins (in particular, tran-
scription factors) and DNA sequences that facilitate
the binding of these proteins (cis-regulatory elements).
Transcription factors are typically composed of two
functional domains: a DNA-binding domain and a
transcription regulation domain.” The DNA-binding
domain recognizes a specific DNA sequence and
affixes the transcription factor to the DNA. The
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transcription regulation domains can bind to other
transcriptional regulatory proteins and exert regula-
tory functions. There are currently more than 100
known binding domains that have been used to pre-
dict potential transcription factors.® In the human
genome, about 10% of gene products are predicted
to have DNA-binding properties and are therefore
considered candidate transcription factors. A recent
work to curate this list of candidates has yielded a
catalog of roughly 1400 transcription factors.® Simi-
lar studies have estimated the number of transcription
factors in other model organisms: ~200 factors (3%
of coding genes) in Saccharomyces cerevisiae’ and
~900 factors (5% of coding genes) in the nematode
Caenorhabditis elegans.'? This suggests that the num-
ber of candidate transcription factors per gene may
increase with genome size and organism complexity'!;
however, complex transcriptional control of higher
organisms cannot be explained by the diversity of
transcription factors alone.'> We must consider the
more complex combinatorial interactions between
transcription factors and the cis-regulatory elements
in higher eukaryotes.

cis-Regulatory Elements

The role of a transcription factor is often determined
not by the factor itself, but on which genes (tar-
get genes) its cognate binding sites occur.!3 These
binding locations (cis-regulatory elements) have been
traditionally categorized by their function or genomic
organization into promoters, enhancers, silencers, and
insulators (Figure 1). Promoters are divided into core
and proximal promoters depending on their binding
partners and distance from transcription start sites
(TSS). Core promoters are directly adjacent to a TSS
and act as binding sites for general transcriptional
factors such as the RNA polymerases II (pol II) and
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FIGURE 1| A composite model of cis-regulatory elements. Key cis-regulatory elements are shown. The core promoters directly upstream of 7SS
bind the general transcriptional machinery (TATA and INR; refer to the TATA box and the initiator sequence, respectively); proximal promoters bind
cognate sequence-specific transcription factors (shown as trapezoids). Distal enhancers and silencer elements also provide binding sites for
sequence-specific transcription factors, but have opposite regulatory effects on the transcription activity of regulated genes. In some cases, an
enhancer can regulate distant genes, mediated by a DNA-looping mechanism.
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transcription factor I (TFII) families.!* Unlike the
sequence-specific transcription factors, these general
transcription factors are generally sequence agnos-
tic. The proximal promoters are located close to
the core promoter (within <1 kb) and are bound
by sequence-specific transcription factors. The inter-
action between proximal promoters and transcription
factors stimulates transcription by stabilizing the bind-
ing of general transcription factors to nearby core
promoters.'S Enhancers also promote transcription;
however, they are often located far from the promoters
and TSS. They enhance the accessibility of promoter
regions by recruiting histone-modifying enzymes that
open the chromatin structure.'® Silencers work simi-
larly to enhancers, but instead suppress transcription.
Insulators surround the coding sequence and the cis-
regulatory elements to protect the gene and regulatory
structures from the influence of outside effects. Insu-
lators have also been linked to the organization of
chromatin in the nucleus.!”

It is perhaps surprising that some cis-regulatory
elements are capable of regulating very remote
genes.'®!? This effect can be understood by consid-
ering the spatial separation of features in the nucleus
rather than the genomic distance separating them.
These two measures may differ because chromatin is
not laid out linearly; rather, it is packed in tightly
looped structures that may cause distal features in
the sequence to be close in the nucleus. This long-
range regulatory mechanism involving DNA looping
often appears as interchromosomal #rans-regulating
effects.? Some recent theories on the structure of chro-
matin in the nucleus hypothesize that these long-range
regulatory effects are not unintentional; instead, they
may constitute a higher level of gene regulation.?!-*?
There are already sophisticated techniques to investi-
gate regulatory effects by DNA looping?? and it has
been shown that genome-wide mapping tools can be
adopted to detect these interactions.**

Despite these observations and a number of
genome-wide studies suggesting that cis-regulatory
elements often occur outside the promoter regions,>’
it is generally accepted that functional regulatory
elements are primarily located near the TSS of the gene
they regulate.”®2” As a result, the proximal promoter
regions have been the traditional target of gene-centric
promoter analyses.?®

DISCOVERY OF MOTTIFS AND
REGULATORY MODULES

As the majority of transcription factors are sequence-
specific,?® there have been extensive efforts to collect
the binding sequences for known transcription factors
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and to identify potential binding sites in unannotated
genome sequence (usually gene promoters). It was
initially assumed that an appropriate model for
binding patterns could predict whether a specific
sequence could bind a given transcription factor.
However, as discussed below, sequence specificity
does not provide sufficient information to completely
determine transcription factor binding sites.

Sequence Motifs

Given a transcription factor, one may be interested
in representing its sequence specificity. As the binding
domains are generally tolerant to certain variability in
the binding sequences, the most simple and straight-
forward representation is a consensus sequence using
IUPAC codes for polymorphic nucleotides. However,
this representation clearly lacks important quantita-
tive information: an R encodes either an A or G, but
does not indicate the frequency of the two possibilities.
To address this issue, matrix representations record-
ing the frequency (position frequency matrix; PFM)
and probability (position weight matrix; PWM) for
each of the four possible nucleotides for each position
in the binding sequence were adopted.?’ These rep-
resentations can be seen in public databases such as
TRANSFAC (http://www.biobase.de/)3? and JASPAR
(http://jaspar.cgb.ki.se).3! An example of PFM for the
c-Myc transcription factor is shown in Figure 2(a).
Some groups have proposed more advanced mod-
els that include more information per position,3%33
i.e., by recording dinucleotide (or n-nucleotide) fre-
quencies at each position. However, in practice it
is generally sufficient to use the standard PWM
presentation.3*

With a known binding motif, we can deter-
mine candidate binding positions in a given region of
sequence. Given a PWM and a nucleotide sequence
of equal length, a binding score can be computed
by summing the probability (provided by the PWM)
at each position in the queried sequence. Although
no functional information can be inferred about the
candidate sites, the calculated score agrees well with
physical properties such as binding energy.3’ There is
an enormous number of algorithms available which
try to predict binding sites using the a priori knowl-
edge afforded by PWM; a partial list can be found in
a recent review.3®

Unfortunately, binding site prediction based on
binding motifs often suffers from high false-positive
rates. Wasserman et al. estimated that the number
of predicted binding locations for the factor MyoD
was on the order of 10°; however, only 103 were esti-
mated to be functional.?® Although this case is atypical
(some reports have shown that motif-based prediction

© 2010 John Wiley & Sons, Inc. 23

85U0 1 SUOWILIOD 3AIERID) 3|cedldde 8Ly Aq peusnob ake SsjoNe O ‘3N JO S3jni Joj Areiq1T 8UIIUO A8|1M UO (SUORIPLOD-PU.-SWLBYW0D" A3 | 1M ALeld 1 pU1jUO//SAIY) SUORIPUOD PUe SWB L 3y} 835 *[9202/20/0€] Uo A%iqiauliuo Ao|Im AISeAIuN pReARH AQ SOT WASM/Z00T OT/I0p/LI0Y A3 1M AReiqjeul|Uo Sa11m)/Sdy Wwo. papeojumod ‘T ‘TTOZ XS006€6T



Advanced Review

www.wiley.com/wires/sysbhio

(a) 1 2 3 4 5 6 7 8 9 10 11 12 13 14
A 25 28 70 10 0 100 O 0 0 0 2 6 18 31
cC 31 7 3 69 100 o 100 0 0 o 19 21 47 13
G 18 47 21 19 0 o 0O 100 O 100 69 3 7 3
T 31 18 6 2 0 0 0 o 100 o 10 70 28 25
2.0

Bits
o

()

| ﬁégCACGTngc
00 —=—— = = g

10 4
WebLogo }9/

~
~

A 4

Gene A Gene B -

= v

Gene C _Gene D -

FIGURE 2 | Modeling of individual transcription factor binding sites and cis-regulatory modules (CRMs). (a) The position frequency matrix of the
¢-Myc binding motif (TRANSFAC matrix index M00118, VSMYCMAX_01) is shown as an example. (b) The cluster of individual transcription factor
binding sites is modeled as a CRM. CRMs have a different composition and organization of transcription factor binding sites and can be considered as
functional units of cis-regulation. (c) An example of a regulatory relationship among four genes is shown. Gene A regulates the transcriptional
activity of its target gene B and genes A and B together regulate their target genes C and D.

is largely reproducible in i vitro tests),? it is generally
accepted that methods depending only on the knowl-
edge afforded by PWMs will contain a substantial
number of false positives. To reduce the false-positive
rate, a number of biological insights have been used
to integrate extra information into the prediction
process. Among these are the evolutionary pressure
placed on these important cis-regulatory elements;
co-expression with genes that have well-documented
functions and expression patterns; and the clustering

24 © 2010 John Wiley & Sons, Inc.

of cis-regulatory features into cis-regulatory modules
(CRMs). We examine these methods below.

Phylogenetic Footprinting

Like coding sequences, functional regulatory elements
are under selective pressure during evolution.’® In
some cases, the conservation level of regulatory
sequences is even higher than that of the associated
coding sequence and surrounding sequences.’’ It
therefore seems feasible to filter out regions with

Volume 3, January/February 2011

85U801 7 SUOWILIOD 3A1ES1D) 8(el|dde 8Ly Aq peusenob a1e saole YO ‘8sh 0 Sa|nJ 10} ArIq1T 8ULUO /8|1 U (SUORIPUOD-PUe-SWLBI W00 A3 1M Ale1q julUO//SdnL) SUoNIpUD pue swiie | 8y} 88s *[9202/c0/0] uo AriqiTauliuo 1M ‘AIsBAIUN peARH Ad GOT WASM/Z00T OT/I0p/W00" A8 | AR1q 1 UI|UO'SS1IM//SANY WO1j pepeo|umod ‘T ‘TTOZ ‘XS006E6T



-
& WIREs Systems Biology and Medicine

low evolutionary conservation from the input of the
motif discovery algorithm. This process is referred
to as phylogenetic footprinting. It was initially
claimed that this filtering method would drastically
reduce false-positive rate with a minimal impact on
sensitivity.*>*! Early studies confirmed this claim in
comparisons between yeast species*>*3 and between
human and rodent.** However, unrelated studies later
estimated that the conservation level of transcription
factor binding sites between human and rodent
could be as low as 30-40%, raising suspicion that
phylogenetic footprinting should have a substantial
impact on sensitivity.** This suspicion was confirmed
by studies showing that the mutation rate of known
regulatory elements was much higher than previous
expectations.*®*” Despite these shortcomings, phylo-
genetic footprinting has been widely used for the past

decade.

Expression Microarray Data

Expression microarrays permit the simultaneous mea-
surement of transcription levels for every known gene
in an organism. By collecting measurements of expres-
sion levels across a range of cellular conditions and
applying clustering techniques, groups of genes with
similar expression patterns can be identified.*3 Genes
belonging to the same cluster are often called co-
expressed. Co-expression was initially used to assign
molecular functions to unannotated genes under the
assumption that genes with matching expression pat-
terns might share similar molecular functions.* This
idea was eventually applied to regulatory mechanisms,
i.e., genes with similar expression patterns might share
transcription factors and functional regulatory bind-
ing sites.’® Coupling this insight with the power of
microarrays gave rise to de novo motif discovery.

De novo motif discovery algorithms search for
short, statistically overrepresented motifs in a set
of sequences (generally promoters of co-expressed
genes).’*2 Simulation studies found these algorithms
to have a sensitivity of roughly 10%.%3 Despite the
low sensitivity, these algorithms have proven useful for
studying uncharacterized transcription factors whose
PWM is not available.

It is often possible to associate the motifs
with dominant functions associated to their gene
cluster.’*% Segal et al. extended this idea by noting
that transcription factors are themselves the product
of gene expression; hence, the regulatory relationship
with their target genes can be inferred from microarray
data.’® Tavazoie and Beer showed that the expression
patterns of individual genes can be predicted by the
specific organization of transcription factor binding
sites in promoter regions.>’
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Module-Based Approaches to Find
Functional Combination
cis-Regulatory elements are often observed in
clusters. Current theory explains this propensity for
clustering as an organizational feature that facilitates
combinatorial interaction between transcription
factors. Studies have observed interplay between
clustered cis-regulatory elements: the regulatory
cluster of the Endo16 gene in sea urchin is a famous
example.’® These clusters of regulatory elements are
often viewed as functional units and are generally
referred to as CRMs.>® The general characteristics
of a CRM are organism-dependent. For example,
CRMs in yeast are typically 300 base pair (bp) in
size and contain at least 10 binding sites recognized
by at least four different transcription factors®’;
however, a typical CRM in fruitfly is on the order
of a kilobase in size.®! Additional characteristics
of the module may be significant as well: Tavazoie
has proposed that the exact layout, frequency, and
orientation of cis-regulatory elements within the
module may enact regulatory control.’”-¢? Figure 2(b)
shows a schematic presentation of CRM as cluster
of transcription factor binding sites. Individual genes
contain several CRMs, each of which receives and
processes upstream regulatory signals and contributes
to the final transcription rate of the gene (Figure 2(c)).
Unsurprisingly, functional modules of cis-
regulatory elements tend to be easier to discover
than functional cis-regulatory elements. Therefore,
CRMs have also proven useful in biological network
construction by reducing the number of regulatory
elements to be considered. Module-based regulatory
networks have been successfully constructed in several
model organisms, e.g., fruifly®3 and sea urchin.®* One
classic analysis of the body patterning program in
fruitfly found more than 50% of known functional
modules and predicted a number of novel modules.
Half of the novel modules were tested experimentally
and roughly half of these were found to be
functional.®> A number of CRM discovery algorithms
are summarized along with their validation rates in a
recent publication®®; however, it is important to note
that these rates have been largely derived from tests
on simple model organisms. Some critics have claimed
that such simple tests do not necessarily imply good
performance in more complex organisms.

GENOME-WIDE IDENTIFICATION
OF cis-REGULATORY ELEMENTS

Chromatin Immunoprecipitation
ChIP (Figure 3) is a method for the identification
of DNA fragments that were bound to a protein
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FIGURE 3| Overview of chromatin ()
immunoprecipitation (ChIP)-chip and
ChlIP-seq. (a) Reversible cross-linking of DNA
and protein is performed by treating the
DNA-protein complex with formaldehyde.
The cross-linked DNA—protein complex is
fragmented by sonication. (b) An antibody
specific to the protein of interest is used to
enrich the DNA segments bound to the
protein. (c) The purified DNA is profiled
using a microarray (ChIP-chip; left) or direct
sequencing (ChIP-seq; right).

of interest in vivo. This technique can be used to
profile either a DNA-binding protein or a histone
modification, but we will focus on the case of DNA-
binding proteins here. First, cell extract is treated
with formaldehyde to cross-link the proteins to their
binding sites. Then, the cross-linked chromatin is
broken up into small fragments (generally in the
200-500 bp range), most often via sonication. The
DNA fragments cross-linked to the protein of interest
are immunoprecipitated using an antibody specific
to that protein, although a better alternative, when
possible, is to generate a tagged version of the
protein and use the antibody against the tag. After
purification, the binding of proteins to DNA is
reversed, and the enriched fragments are isolated.
Depending on the quality of the antibody, this process
commonly yields purified DNA with 5- to 50-fold
enrichment for regions of DNA bound by the protein
of interest. When combined with a technique to
determine which regions of DNA have been selected
by immunoprecipitation, this approach allows one
to directly identify DNA-protein-binding sites.
Compared to motif discovery methods that attempt
to infer binding sites indirectly by PWMs and co-
expression clusters, ChIP yields the binding sites that

26 © 2010 John Wiley & Sons, Inc.

Hybridization intensity

LMM.JL.ML 1;”‘41;: i dih.hﬂumu

J OO0 O 60
IR I (e I

www.wiley.com/wires/sysbhio

Crosslinking and DNA
fragmentation

antibody

C:—)é Enrichment with specific
(

Profiling of enriched DNA
using microarray or
sequencing

Individual
sequencing
read (tag)

Read (tag) density

Dk i

are functional in a particular cell type and condition. It
is important to note that the specificity of the antibody
is critical for generating high-quality data.

ChIP-chip

ChIP-chip combines immunoprecipitation and micro-
arrays to determine the binding sites for a protein
of interest. A modern oligonucleotide array can
accommodate hundreds of thousands to millions of
probes on its surface and these probes can be ‘tiled’
across specified regions. For small genomes, the whole
genome can be tiled at high resolution (e.g., a probe
at every 10-100 bp); for large genomes, only selected
regions can be covered. A popular version has been
the promoter array, which covers the upstream region,
e.g., 1-10 kb, of the TSS for every gene and can be
useful for examining transcription factor binding.
ChIP-chip was the first method for genome-
wide mapping of DNA-protein interaction in vivo,
and provided an opportunity for the first time to
examine the regulator—gene interactions in a global
regulatory network. It was applied in multiple studies
on a wide range of organisms and cell types (from
yeast®® to human embryonic stem cells®”) revealing
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network architecture for the first time. As the
microarray technology improved, the quality of data
has also improved. Nearly a decade ago, when ChIP-
chip was first introduced with ¢cDNA microarrays,
two independent studies in yeast focusing on the
same transcription factor complexes showed a 30%
agreement between predicted binding sites.®®%% In a
recent comparison of microarray platforms, Johnson
et al.”? created mock ChIP DNA by enriching a set
of known DNA sequences at various concentrations.
This mock ChIP DNA was then analyzed by three
widely used microarray platforms to determine the
enriched sites. Despite the differences in the platforms,
performance was fairly uniform: each platform
discovered approximately 50% of the enriched sites
with a false discovery rate of 5%.

ChIP-seq

Massively parallel sequencing, often referred to
as ‘next-generation sequencing’ (NGS), is a recent
innovation that takes advantage of sequencing-by-
synthesis (Illumina, San Diego, CA and Helicos,
Cambridge, MA), pyrosequencing (454 Life Sciences,
Branford, CT), and sequencing-by-ligation (Applied
Biosystems, Foster City, CA) to generate hundreds of
millions of short reads in a single run (several hundred
bp for 454 and <100 bp for the rest).”"”> Although
NGS has been applied to numerous areas, ChIP-seq
has been one of its most successful applications. In
ChIP-seq, conventional ChIP is used to enrich the
DNA fragments corresponding to sites of DNA-pro-
tein interactions, but it is followed by NGS to directly
sequence the fragments. The sequenced reads are
then aligned to the genome and one of the several
peak-finding algorithms can be used to determine the
likely binding locations.”? The process is illustrated
in Figure 3. One of the main disadvantages of NGS
in general is that the reads are much shorter than in
conventional Sanger sequencing (800-1000 bp). This
means that the reads are less likely to map uniquely
to the genome and there is a smaller percentage of
the genome to which a read can be aligned. Fortu-
nately, unlike de novo genome assembly or some other
applications, the ChIP fragments to be sequenced are
small (e.g., 200-500 bp) and ChIP-seq is affected only
slightly by the shorter length of the current NGS reads.

In mapping transcription factors for construc-
tion of a regulatory network, there are two primary
advantages to ChIP-seq. First, there is an increased
resolution in the binding sites detected. In ChIP-chip,
the resolution of the binding profile is dictated by the
spacing between tiled probes on the array. Although
it depends on the design of a particular array, the
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resolution is typically >100 bp. In ChIP-seq, the
sequenced reads can be aligned to nearly any loca-
tion in the reference genome, and thus the binding
profile can be single-base-pair resolution in theory. In
practice, the distribution of the ChIP DNA fragment
lengths becomes the limiting factor for spatial reso-
lution, assuming enough reads have been sequenced
to distinguish the peaks clearly. The higher resolution
of ChIP-seq can be important for accurate detection
of binding motifs. In the study by Johnson et al.,”*
the authors aimed to identify the neuron-restrictive
silencer factor (NRSF)-binding sequence motif that
consisted of two half-sites separated by a gap of vari-
able size. It was only with the increased resolution of
ChIP-seq that this motif could be derived.

The second advantage is that the experiment is
cost-effective for large genomes. For tiled microarrays,
binding of a transcription factor can be interrogated
only for the pre-defined regions of the genome.
Covering the entire human genome on microarrays
at ~100 bp resolution requires roughly 30 arrays,”®
which is prohibitively expensive. For ChIP-seq, the
cost of the experiment does not depend on the genome
size, although more reads would be necessary for large
genomes because they are likely to have more binding
sites per factor in general. A recent paper describes a
relationship between the number of reads (sequencing
depth) and peak properties (resolution, enrichment,
and number) in ChIP-seq studies.”’

Some NGS technologies also require less DNA
than microarrays. A recent paper demonstrated that
ChIP-seq can be done with as little as 50 pg on a single-
molecule sequencing platform.”® This is in contrast to
several micrograms needed for microarrays, typically
from millions of cells. In many studies, the number of
cells that can be obtained for ChIP is limited; thus, the
ability to perform experiment with a smaller amount
of starting material can be critical.

Although ChIP-seq is a superior alternative to
ChIP-chip in general, it does require sufficient depth
of sequencing to identify the binding sites comprehen-
sively. When the number of tags is too small, weaker
peaks will be missed and the false-negative rate may be
high. Exactly how many tags are necessary is a difficult
question and the answer depends on the shape and
the number of enriched regions. But some estimates
can be derived by simulation and interpolation based
on the tags already sequenced.”” The NGS technology
also has some artifacts of its own. Its base-calling error
rate is higher than that of traditional Sanger sequenc-
ing and this must be considered in the alignment step.
There are other biases that may occur during ampli-
fication, library preparation, or the actual sequencing
in the machine. In particular, there is GC bias, i.e.,

© 2010 John Wiley & Sons, Inc. 27

85U0 1 SUOWILIOD 3AIERID) 3|cedldde 8Ly Aq peusnob ake SsjoNe O ‘3N JO S3jni Joj Areiq1T 8UIIUO A8|1M UO (SUORIPLOD-PU.-SWLBYW0D" A3 | 1M ALeld 1 pU1jUO//SAIY) SUORIPUOD PUe SWB L 3y} 835 *[9202/20/0€] Uo A%iqiauliuo Ao|Im AISeAIuN pReARH AQ SOT WASM/Z00T OT/I0p/LI0Y A3 1M AReiqjeul|Uo Sa11m)/Sdy Wwo. papeojumod ‘T ‘TTOZ XS006€6T



Advanced Review

reads produced by NGS platforms often have a higher
average GC content than expected,”®”® meaning that
fragments with higher GC content are preferentially
selected for sequencing. Many of these biases can be
addressed by generating a control sample using input
DNA, which goes through exactly the same steps as
the ChIP samples but without immunoprecipitation.

A NETWORK PERSPECTIVE ON
TRANSCRIPTIONAL REGULATION

There are several types of biological networks,
depending on elements and interactions that serve as
nodes and edges, respectively. Well-known examples
include metabolic, protein—protein interaction, and
transcriptional regulatory networks. Although recon-
struction of these networks has been hampered by a
lack of high-quality and comprehensive data, recent
high-throughput methods have improved significantly
and have facilitated a better understanding of the data
in a network- or systems-level context. Accompany-
ing the advances in experimental techniques have been
developments in the analysis of complex networks to
describe the organizing principles of biological and
social networks. In this section, we will address some
network-level properties of transcriptional regulatory
networks and discuss the insights that can be gleaned
from this type of analysis.

Organization of Transcriptional Regulatory
Networks

At a global scale, networks can be categorized
into three classes according to their topology: ran-
dom networks, scale-free networks, and hierarchical
networks.8" The distribution of node degree (connec-
tivity) has been used to distinguish these networks. In
scale-free networks, the distribution of node degree
follows a power-law distribution, i.e., the number of
nodes with k edges is approximately k=7, where y
is a constant that depends on the network.’! Many
biological (e.g., metabolic and interaction networks)
as well as non-biological networks (e.g., social net-
works and the World Wide Web) appear to follow
this scale-free topology.8%82-84 In transcriptional reg-
ulatory networks, connectivity is directional and can
be divided into outgoing (the number of target genes
regulated by each transcription factor) and incom-
ing connectivity (the number of transcription factors
regulating a target gene). Guelzim et al.®% observed
that outgoing connectivity in yeast transcriptional
regulatory network was shown to fit a power-law dis-
tribution, suggesting that a small set of transcription
factors (regulatory hubs) has an exceptionally high

28 © 2010 John Wiley & Sons, Inc.
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number of connections, whereas the vast majority are
minimally connected.®®3% Interestingly, the incoming
connectivity follows an exponential decay after a peak
at a mean, indicating that most of the target genes
have a small number of transcriptional regulators
(e.g., 93% of genes are regulated by one to four
transcription factors). The scale-free topology of out-
going connectivity (i.e., presence of regulatory hubs)
can provide robustness to a system with increased
resilience to random perturbations, but it may be
vulnerable to targeted attack at critical regulatory
hubs.3¢ Such critical failures have been observed in
yeast, where the removal of regulatory hubs tended to
be more lethal.®” Many scale-free networks also show
an ‘ultra-small world’ property in which only a small
number of steps are required to join two nodes.’®
Taken together, the topology of transcriptional reg-
ulatory networks provides robustness and ensures
efficient signal transduction within the network.

At a local level, a network can be decomposed
into subunits called motifs or modules. Network
motifs are the basic building blocks of a network®’
and they represent small-scale interaction patterns that
describe how nodes are connected with their neigh-
bors. In transcriptional regulatory networks, certain
motifs between genes have been found to appear at
a higher frequency than can be found in randomized
networks of similar size.”® Figure 4(a) illustrates the
example of such motifs: autoregulation, feed-forward
loops, and single- or multi-input motifs.®® Network
motifs can provide mechanistic insights regarding how
signals are propagated and integrated. Feed-forward
loops, for instance, are robust to random fluctuation
because the target gene expression is regulated by two
transcription factors; single- and multi-input motifs
have been associated with co-expression of multiple
target genes and the integration of diverse signals via
multiple transcription factors, respectively.

Some network motifs such as feed-forward loops
have been conserved in evolution, supporting the
functional relevance of network motifs.”® From an
evolutionary perspective, it was initially assumed that
a gene duplication event is a major driving force in the
creation of network motifs for a transcriptional regu-
latory network, i.e., the duplicated genes will inherit
the interactions of their ancestors.”! This might be the
case for less diverged genes with recent duplication
histories,”? but detailed examination of known net-
work motifs in transcriptional regulatory networks in
yeast and Escherichia coli has shown that the extent
to which common ancestry is shared is not higher
than expected by chance. This suggests that motifs in
transcriptional regulatory networks follow their own,
convergent evolutionary program.”® It is also of note
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(@)

Analysis of transcriptional regulatory networks

(b)

FIGURE 4 | Examples of network motifs, modules and transcriptional regulatory network. (a) Well-known network motifs in transcriptional
regulatory networks are shown. These are autoregulation, a feed-forward loop, and single- and multiple-input motifs®® (left to right). The red circles
and blue rectangles represent the transcriptional factors (regulators) and their target genes, respectively. (b) An example of modules in a network is
shown. The nodes within the modules are highly interconnected with each other. A clustering coefficient can be calculated to measure the extent of
connectivity or cliqueness of nodes in a module. (c) A yeast transcription regulatory network was constructed here using 17,873 known relationships
between transcription factors and their target genes. The genes were classified into transcription regulators (red circle) and regulated genes (black
circle) according to the annotations in the original manuscript.® The network is visualized using the Cytoscape software with the organic layout

option.”®

that the network characteristics such as motifs and
topology can dynamically change according to cellular
conditions. For example, Luscombe et al.”* reported
that such re-wiring of yeast transcriptional regula-
tory network is highly optimized for required cellular
functions, both for fast signal propagation in exoge-
nous functions (e.g., stress response) and for temporal
progression with highly interconnected transcription
factors in endogenous functions (e.g., cell cycle).
Highly interconnected nodes or motifs can com-
prise higher-order network modules (Figure 4(b)).
Figure 4(c) shows a yeast transcriptional regulatory
network with 17,873 known transcriptional regula-
tory relationships.”® The extent of node connectivity
within a module or within an entire network can
be measured by the average clustering coefficient®’
and it was shown that yeast transcriptional regulatory
networks have fivefold higher clustering coefficients
than expected by chance.®’ Thus, the transcriptional
regulatory network appears to be modular, con-
sistent with the assumption that modularity is a
universal design principle in biological systems.$>%¢
In addition, the separation by modules in network
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topology raised the possibility that these modules rep-
resent functionally independent units exerting partic-
ular biological functions. This notion originated from
the co-expressed gene modules obtained by conven-
tional clustering methods, but a number of algorithms
have been proposed to define modules directly from
the network using hierarchical or graph clustering.””

Integration with Other Biological Networks
A metabolic network is a well-established type of
biological network. Compared to a transcriptional
regulatory network, a metabolic network can be
more easily reconstructed for an organism (whose
genome sequence is available), given that biochemi-
cal relationships between key metabolic genes have
been established.”® This is due to the higher level
of sequence conservation of key metabolic enzymes
(nodes) as well as the fixed relationships between them
(edges) in well-characterized metabolic pathways. The
prediction of nodes (cis-regulatory elements) and
edges (DNA-protein interactions) in transcriptional
regulatory networks using evolutionary constraints,

© 2010 John Wiley & Sons, Inc. 29
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on the other hand, is limited. Integration of these two
types of networks has proven successful in prokary-
otes. For example, Covert et al.'%%191 constructed a
combined metabolic-regulatory model by incorporat-
ing the known relationships between transcription
factors and metabolic enzymes onto the metabolic
network of E. coli. Their model was able to accu-
rately predict the altered metabolic behaviors under
the influence of different transcription factors or exter-
nal signals. This type of integration is challenging,
especially due to the differing reliability and interpre-
tation of network edges. For proper integration of
networks, discrete Boolean networks or probabilistic
Bayesian networks can be used to deal with a combina-
tion of different types of interactions (transcriptional
regulation or metabolic pathway) occurring on the
same gene.!%?

One of the assumptions underlying the clus-
tering of binding sites in CRMs is that multiple
transcription factors interact in complex, combina-
torial patterns. Given that methods for detection of
protein-DNA interactions only provide indirect evi-
dence for combinatorial effects, integration of data
from experimentally validated protein—protein inter-
actions (PPI) is likely to give additional information
on the combinatorial action among transcription fac-
tors. In addition, PPI databases may provide clues
for long-range interactions in transcriptional con-
trol that are mediated by PPI, e.g., interactions
between transcription factors and cofactors.'%® The
main PPI databases include the Human Protein
Reference Database (http://www.hprd.org/) and the
Munich Information Center for Protein Sequences
(http://mips.gsf.de).19%195  Although these databases
are biased toward well-known genes, it is useful to
examine the network structure based on these data.
For example, the proximity of genes in a PPI net-
work represents a putative functional relationship,
i.e., neighboring genes in the network are likely to
share the same biological function.!%® This insight has
been used successfully to identify novel functions for
unannotated genes as well as to discover novel dis-
ease genes. Examples include GIT1, which was found
to be associated with Huntington’s disease by being
in the same PPI subnetwork with the known disease
gene HTT,'%” and Puratrophin-1, which was identi-
fied as one of the novel ataxia-related genes by the
same approach.!%® This idea also can be used to infer
functional relationships of transcription factors in a
transcriptional regulatory network. For example, in
the network describing the C. elegans digestive tract,
Deplancke et al. observed that two candidates (DIE-1
and ZTF-2) that share many target genes indeed have
similar binding motifs and protein structures, %110

30 © 2010 John Wiley & Sons, Inc.
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In a co-expression network, the correlation
between a pair of genes can be measured across
diverse cellular conditions, and potential relationship
(edges) between genes (nodes) is inferred for those
with a high correlation.!'" Although simple corre-
lation does not guarantee a functional relationship
between genes, studies have reported evolutionary
conservation of such relationships and that they
can be used to infer gene function.!'>113 These co-
expression relationships can be integrated into the
reconstruction of transcriptional regulatory networks.
For this purpose, there are a number of reverse-
engineering network-inference algorithms such as
ARACNE,'""* MRNET,!"S and CLR.!''® These algo-
rithms were recently benchmarked with different
correlation estimators.!17>118 One of the popular algo-
rithms, ARACNE (algorithm for the reconstruction of
accurate cellular networks), has been used to infer
transcriptional regulatory networks from large-scale
expression data sets, e.g., the c-Myc-related subnet-
work in human B-cells'’ as well as a network of
STAT3 and CEBPS transcription factors from can-
cer transcriptome.!?? These successes highlight the
potential use of large-scale expression data to evalu-
ate and supplement the construction of transcriptional
regulatory networks.

CONCLUSION

In the past few decades, we have learned a great deal
about global transcriptional regulatory networks in
small organisms (e.g., prokaryotes and yeast). There
are also detailed examples of specific transcriptional
regulatory networks in higher model organisms®%!2!
that illustrate how cis-regulatory elements integrate
inputs from multiple transcription factors and control
the gene output. However, how such controls are
constructed in more complex organisms such as
humans remains largely elusive. Previous motif- or
CRM-based approaches, e.g., predicting tissue-specific
genes using organization of CRMs in the promoter
regions,®>122 in a more complex genome have only
resulted in limited insights.

Fortunately, recent developments in high-
throughput sequencing technologies have added a new
set of tools for studying regulatory relationships. In
particular, ChIP-seq now allows one to accurately
identify genome-wide targets of a transcription factor
in higher eukaryotes with reasonable cost, and RNAi
knockdown and other large-scale screening methods
allow faster identification of key components.
Generation of sufficient amounts of data in diverse
conditions, tissue types, and time points remains a
significant challenge, but these tools will facilitate
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a comprehensive identification of the transcriptional
factors and their interactions with cis-regulatory ele-
ments. With appropriate computational methods,
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