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Abstract Sequence-specific protein-DNA interactions
(PDIs) are critical for regulating many cellular processes,
including transcription, DNA replication, repair, and rearrangement. We review recent experimental advances in
high-throughput technologies designed to characterize
PDIs and discuss recent studies that use these tools,
including ChIP-chip/seq, SELEX-based approaches, yeast
one-hybrid, bacterial one-hybrid, protein binding
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microarray, and protein microarray. The results of these
studies have challenged some long-standing concepts of
PDI and provide valuable insights into the complex transcriptional regulatory networks.
Keywords Protein DNA interactions  Transcription
factors  Unconventional DNA-binding proteins 
Protein microarray  DNA-binding specificity

Introduction
Genetic information encoded in DNA has to be precisely
transcribed to execute cellular functions that are required
for cells to grow, differentiate, divide, and respond to
environmental stimuli. Sequence-specific protein-DNA
interactions (PDIs) play a central role in regulating gene
transcription; mutations in DNA-binding proteins such as
transcription factors (TFs) can often cause diseases and
cancer in humans [1]. Therefore, identifying the underlying
mechanistic rules that control sequence-specific PDIs is a
necessary step towards understanding how gene expression
is regulated.
Biochemical approaches have long been the primary
mechanism by which PDIs have been characterized. Most
studies have traditionally focused on characterizing interactions of one or a few proteins with a relatively limited
number of candidate DNA sequences using methods such
as electrophoretic mobility shift assay (EMSA) and
nuclease footprinting [2–4]. Years of studies have accumulated much important PDI data, much of which is
accessible in the TRANSFAC and JASPAR databases [5,
6]. However, such conventional approaches have several
drawbacks. They are generally low throughput and laborious, and more importantly, they normally generate
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consensus DNA-binding sites of lower resolution because
of the limited number of DNA sequences tested.
In the last decade, the development of high-throughput
technologies has revolutionized the characterization of
PDIs and generated unprecedented datasets of the DNA
sequence preferences for a large number of DNA-binding
proteins. These technologies can be categorized into two
different but complementary approaches [7]. On the one
hand, protein-centered biochemical approaches are used
to determine DNA-binding specificities of individual proteins. Some widely used protein-centered approaches
include SELEX-based approaches, chromatin immunoprecipitation (ChIP)-based approaches, and protein binding
microarray (PBM). On the other hand, DNA-centered
genetic approaches have also been developed that determine the binding proteins for DNA sequences, and
these approaches include the bacterial/yeast one-hybrid
(B1H/Y1H) and protein microarray-based approaches.

The most intensively studied DNA-binding proteins are
TFs, which specifically activate and/or repress expression
of their target genes. In the eukaryotic kingdom, 347
known DNA-binding domains (DBDs) have been annotated so far, and most TFs (with some exceptions) contain
one or more of these DBDs [8]. However, the consensus
binding sites for many TFs remain largely uncharacterized.
Aside from TFs, the target DNA sequences of the larger
universe of DNA-binding proteins have not been extensively explored.
In this review, we provide an overview of highthroughput technologies recently developed for characterizing PDIs. We specifically discuss the advantages
and disadvantages associated with each approach, with
a summary in Table 1. In addition, we also review largescale PDI studies and some widely used PDI
databases, which are summarized in Tables 2 and 3,
respectively.

Table 1 High-throughput technologies for detecting PDIs
Advantages
ChIP-chip/ChIP-seq

PBM

Disadvantages

In vivo

Availability of TF-specific antibody

PDI can be examined under
different cellular conditions and
at different time points

Difficult to retrieve DNA-binding motifs as genomic
sites may associate directly or indirectly with the
protein examined

Unbiased survey of DNA-binding
sites

In vitro

Semi-quantitative measurement

Require relatively high amounts of purified proteins
DNA position effects
Currently limited to oligomers up to 10-mer
Detection of interactions with high affinity because of
extensive washing

SELEX

Protein microarray

Require low amounts of purified
proteins

In vitro

Characterize full-length proteins or
proteins requiring posttranslational modification
Identify DNA-binding sequences
more than 10-mer

Large pools of clones to be screened

Characterize full-length proteins

Positive clones have to be sequenced

In vitro
Not for proteins requiring post-translational
modification

Depending on the completeness of
protein microarray, possible
proteome-scale
Y1H

B1H

Monomer only
Detection of interactions with high affinity because of
extensive washing

Characterize full-length proteins

Detects monomer only

Depending on the completeness of
screened TF library, possible
proteome-scale

Performed in yeast, outside of endogenous context

Selection procedure is fast

In vitro
Detects monomer only

Single round of selection is
required
TF Transcription factor
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Performed in bacteria, outside of endogenous context
Some baits are toxic in bacteria
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Table 2 Summary of high-throughput PDI studies
Study

Species

TF family

Protein length

No. of TFs

Technology

Noyes [36]

Drosophila

Homeobox

DBD

84

B1H

Hu [41]

Human

All the major human
TFs and uDBPs

Full

1013a

Protein microarray

Berger [24]

Mouse

Homeobox

DBD

168

PBM

Badis [27]

Mouse

Major mouse TFs

DBD

104

PBM

Deplancke [34]

Worm

Worm TFs

DBD

112

Y1H

Wei [67]

Human and mouse

ETS

DBD/full

27

PBM and TF DNA-binding
specificity assay

Zhu [26]

Yeast

Major yeast TFs

DBD

89

PBM

Badis [25]

Yeast

Major yeast TFs

DBD

112

PBM

Harbison [15]

Yeast

Major yeast TFs

Full

203b

ChIP-chip

PDI Protein-DNA interaction,TF transcription factor, DBD DNA-binding domains, uDBP unconventional DNA-binding protein
a

A total of 4,191 human TFs tested, 1,013 with DNA-binding activity and 437 with generated DNA-binding motifs

b

A total of 203 yeast TFs tested, 147 DNA-binding motifs generated and 116 with high confidence

Table 3 Summary of PDI database
Database

Species

DNA-binding
protein

No. of defined binding
motifs (logos)

Cost

Approach

TRANSFAC [18]

Multiple

TFs

1,300

Commercial and
free versions

Multiple

JASPAR [77]a

Multiple

TFs

457a

Free

Multiple

UniPROBE [78]

Multiple, mainly mouse,
worm, yeast

TFs

393

Free

PBM

hPDI [55]

Human

TFs and uDBPs

437

Free

Protein microarray

TF Transcription factor, uDBP unconventional DNA-binding protein
a

Overlapped with UniPROBE

O=

High-throughput PDI techniques and studies
+

ChIP-chip/ChIP-seq
Chromatin immunoprecipitation (ChIP) is a well established
method used to characterize PDIs in vivo. A comprehensive
review on the recent progress of all the ChIP-based approaches can be found in [9]. In brief, ChIP-based approaches
include the following steps (Fig. 1). First, chemicals such as
formaldehyde are applied to cells to covalently crosslink
proteins and DNA that are in direct contact. Chromosomal
DNA is then fragmented, and specific antibodies are used to
immunoprecipitate their target TFs along with any crosslinked DNA fragments. Finally, the bound DNA fragments
are analyzed using polymerase chain reaction (ChIP-PCR),
for which is it necessary to have some prior knowledge
of candidate regions. Alternatively, the genomic regions
bound in vivo can be characterized in a comprehensive

H-C-H

Crosslink proteins to DNA
using formaldehyde
Lyse cells and shear DNA
by sonication

Immunoprecipitate proteinDNA complex with antibodies
Reverse crosslink protein-DNA
complex and purify DNA
fragments
Amplify, label, and
hybridize to genomic DNA
microarrays (ChIP-chip)

Sequence DNA
fragments and map to
genome (ChIP-seq)

Fig. 1 Workflows of ChIP-chip and ChIP-seq

and unbiased manner using chromatin immunoprecipitation
coupled with either microarray readout (ChIP-chip) [10, 11]
or high-throughput sequencing (ChIP-seq) [12–14].
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Compared to ChIP-chip, ChIP-seq is a more unbiased
method for precisely mapping transcription factor binding
sites, as it is not restricted by predetermined probe sets.
Furthermore, recent improvements in DNA sequencing
technology now allow tens of millions of individual sequence
reads to be generated in a single experiment, greatly
increasing both the sensitivity and resolution of ChIP-seq.
The unique strength of ChIP is that it captures PDIs in
vivo in the context of cellular chromatin and is at present the
only readily useable method that can reliably measure PDIs
in vivo. However, it is technically challenging, and highquality ChIP-grade antibodies are available for only a limited number of TFs, particularly for metazoan model
organisms. Although the limited availability of ChIP-grade
antibodies is one of the most seriously limiting factors for
ChIP-base approaches, it may be circumvented by using
epitope-tagged TFs, although these modified genes typically
must be introduced into the endogenous genetic locus via
homologous targeting in order to be expressed at normal
physiological levels [15]. ChIP-based approaches may also
be ineffective at detecting TFs that are expressed at low
levels or in a small fraction of cells in a tissue sample.
Finally, ChIP-based data does not discriminate between
proteins that directly bind DNA and those that merely
interact with proteins that do, thus adding a note of caution
when interpreting any results obtained.
Applications
Large-scale ChIP-chip study was first applied to yeast
where the genomic binding sites of 106 yeast TFs were
surveyed [16]. Later, the same group surveyed DNAbinding sites of the epitope-tagged yeast TFs using ChIPchip [15]. They determined the genomic occupancy of 203
yeast epitope-tagged TFs, and 11,000 unique interactions
were identified between regulators and promoter regions.
Computational analysis of the binding data from this study
yielded sequence-specific binding motifs for 147 yeast TFs,
116 with high confidence. DNA-binding specificities of
102 TFs are in good agreement with previously reported in
vitro data. For the TFs that did not display a consensus
binding motif or do not agree with the in vitro data, this
may be caused by low levels of TF expression. Furthermore, some predicted TFs may not selectively bind DNA at
all, but rather interact with TFs that demonstrate highly
selective DNA binding. DNA motifs identified by
ChIP analysis are thus often different from the in vitro
DNA-binding motifs of the TFs themselves [17].
SELEX-based high-throughput approaches
The systematic evolution of ligands by exponential
enrichment (SELEX) is a well-established approach that
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enables in vitro selection of enriched sequences from
libraries of random DNA sequences that are bound by a
recombinant TF (Fig. 2). This has been used more
extensively than any other experimental approach to
obtain the preferred in vitro TF binding motifs for most
entries in the TRANSFAC database [18]. However, it is
difficult to use this approach for analysis of large numbers
of DNA-binding proteins, as it requires multiple rounds of
selection to complete. It is also difficult to apply this
method for obtaining DNA-binding motifs with high
resolution as SELEX contains typically 20–70 sites. To
overcome the problems, a modified protocol called
SELEX-SAGE was proposed, where SAGE stands for
serial analysis of gene expression [19]. SELEX-SAGE
includes two improvements that make this approach highthroughput. Firstly, a radiolabeled oligonucleotide probe
is used to monitor binding conditions to prevent selections
of only high-affinity binding sites. Secondly, SAGE is
used to increase the sequencing throughput by concatenation of DNA sequences obtained through in vitro
selection of TF binding sites. More recently, an improved
SELEX-based protocol was reported that enables a
higher-throughput detection of PDIs [20]. Instead of
concatenation of bound DNA sequences, the method
instead utilizes massively parallel sequencing technology
of individual TF binding sites, which eliminates all costly
and labor-intensive cloning steps. Furthermore, the modified protocol can generate a very large number of
individual sequencing reads, resulting in dramatically
increased sequence yield and throughput.

DNA fragment pool

Bind to a TF with
different affinities
Wash unbound DNA
fragments and elute
bound DNA fragments

PCR amplification

Sequencing

Fig. 2 Workflow of systematic evolution of ligands by exponential
enrichment (SELEX)

Protein–DNA interactions
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Applications
In the original proof-of-principle study for parallel
sequencing-based SELEX, the approach was validated by
determining binding specificities of 14 TFs from different
gene families [20]. For all the TFs tested, the number of
sequences was of the same order of magnitude as the ones
using SELEX-SAGE, with lower cost and simpler procedure. The results are in good agreement with the previous
knowledge of the DNA-binding motifs of these TFs. The
DNA-binding preferences of two TFs were also successfully validated using ChIP-seq.
Protein binding microarray
Protein binding microarray (PBM) analysis allows highthroughput characterization of PDIs by directly probing
purified proteins to a double-stranded DNA (dsDNA)
microarray (Fig. 3). The basic idea is that a given recombinant TF protein is labeled and then bound directly to the
dsDNA microarray. The DNA-binding specificity of that
protein can be directly determined by measuring the signal
intensity of bound dsDNAs.
In an early proof-of-principle study, Bulyk et al. [21]
synthesized and printed short dsDNAs onto a microarray
and then probed the microarray with C2H2 zinc finger
DNA-binding domain of Egr1. They found that spots with
higher signal intensities contained higher affinity binding
sites, which suggested that the dsDNA microarray can
indeed be used to determine specific PDIs. Later, Warren
et al. [22] created microarrays with short synthetic dsDNAs covering all possible sequence variants of 10 base
pairs (bp). Exhaustive search of the entire 10-bp DNA
space allows one to detect subtle differences in

Double-strand a singlestranded DNA microarray
by primer extension

Hybridize a GST-tagged
TF on the microarray

Detect binding events by
using a fluorophore-labeled
anti-GST antibody

Data analysis

Fig. 3 Workflow of protein binding microarray (PBM)

DNA-binding activity, and thus a highly accurate consensus DNA-binding site is generated. This DNA microarray
design permits a rapid and unbiased approach to determine
DNA-binding specificity given a protein without any prior
knowledge about its possible DNA-binding profiles.
However, as the length of DNA-binding sites to be
examined increases, it becomes difficult to fit all possible
binding sequences on a single microarray. To overcome
this limitation, a compact universal DNA microarray
design was proposed [23], where a number of DNA-binding sites are allowed to overlap within a given DNA spot.
For example, 31 overlapping 10-bp DNA sequences can be
packed in a 40-bp DNA molecule. Such design permits a
comprehensive examination of all possible sequence variants of a given length, which saves great space on a chip
and therefore lowers experiment costs.
Compared to the SELEX-based in vitro selection, PBM
provides a larger number of sequence variants to be
examined and therefore defines more precise DNA-binding
motifs. However, as the PBM method needs relatively high
amounts of recombinant protein, it is difficult to analyze
proteins that do not express well, such as many full-length
TFs, or proteins that require post-translational modifications. Because extensive washing is required to avoid nonspecific binding, PBM can normally only detect interactions with high affinity. Moreover, PBM cannot currently
effectively determine binding specificities for TFs that
prefer longer than 10-bp DNA-binding sequences due to
the limited number of sequences that can be placed on a
chip.
Applications
The power of the PBM approach was dramatically demonstrated in a large-scale PDI study by Bulyk, Hughes, and
their colleagues, in which the sequence preferences of the
majority mouse homeodomain-containing TFs (168) were
characterized via probing all possible 8-mer dsDNA
sequences [24]. A total of 168 DNA-binding motifs were
identified and clustered into 65 distinct groups, showing a
rich and diverse sequence preference in homeodomain TFs.
Using the identified binding profiles, the authors sought to
predict the DNA profiles of a TF from the primary amino
acid sequence of the protein. The authors compared previously published chromatin immunoprecipitation data for
individual homeodomain TFs with the PBM data obtained
in this study and found a considerable amount of overlap.
After these first successful efforts, the Bulyk and
Hughes’ groups continued characterizing DNA-binding
specificities for the majority of yeast TFs. The Hughes’
group identified binding specificities for 112 DNA-binding
proteins representing 19 different gene families [25]. More
than half of the identified binding motifs corresponded to

123

1662

previously identified ones. In addition, new consensus sites
were identified for 36 TFs whose binding preference was
not previously characterized. Using previously published
ChIP-chip datasets, the authors further characterized two
TFs in greater detail and found that their binding sequences
tend to cluster at roughly -100 bp relative to the transcription start site (TSS), illustrating the biological
relevance of the in vitro PDI. Using PBMs that cover all
possible 8-mers, the Bulyk group also characterized the
DNA-binding preferences for 89 yeast TFs [26]. The
authors predicted the potential target genes, regulatory
roles, and condition specificities of these TFs using their
8-mer binding profiles. Finally, the authors proposed that
these PBM data may be used to interpret ChIP-chip data in
order to distinguish direct versus indirect binding targets of
immunoprecipitated TFs.
More recently, the Bulyk and Hughes’s groups together
profiled the binding site preferences for 104 mouse TFs of
different TF families [27]. When the DNA-binding preferences for 21 members of the Sox (SRY-related highmobility group box)/TCF (T cell factor) family were
compared, most of them (14/21) preferentially bound to an
identical sequence, indicating conserved DNA-binding
activity in this subfamily. For the homeodomain family,
most of the members recognized the canonical TAAT core
sequence, as demonstrated previously [24]. However, when
examining the top 100 8-mer DNA sequences bound by
each individual protein, one-third of them contained
sequences that were substantially different from this
canonical consensus homeodomain binding site. Even
many well studied homeodomain TFs were found to be
able to recognize two distinct binding sites. This observation is consistent with a previous study in which Nkx2-5
was shown to recognize two distinct consensus sites,
though binding affinity for each site was significantly different [28].
Yeast one-hybrid
The SELEX and PBM approaches are well suited for
identifying the preferred DNA-binding sequences for a
given protein. However, when the goal is to identify proteins that can specifically recognize a given DNA sequence
(e.g., a piece of DNA in the promoter of a gene of interest),
the yeast or bacterial one-hybrid (Y1H or B1H) system
would be a proper choice [29, 30]. More recently, a large
number of metazoan TFs have been cloned into expression
constructs suitable for Y1H analysis, increasing the extent
to which it is possible to systematically interrogate TFs that
bind a specific target sequence [31, 32].
Originally, the Y1H system used DNA cloning methods
based on restriction digestion for generating the plasmid
constructs required, a substantial roadblock for scaling up
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Bait sequence

Positive marker

+

Negative marker

Negative
selection
medium

Remove self-activation
clones by the negative
marker

AD+TF

Transform the construct
encoding a fusion of a
transcription activation
domain (AD) and a TF

AD
TF
Bait sequence

Positive marker

Integrate bait sequence
and two selective markers
into yeast genome

Negative marker

The transcription of the
selective marker is
activated if the TF interacts
with the bait sequence

Fig. 4 Workflow of yeast one-hybrid (Y1H)

to high-throughput analysis. This problem was recently
solved by using the Invitrogen Gateway-compatible Y1H
system, which allows high-throughput subcloning of multiple DNA baits (cis-regulatory DNA elements) into a Y1H
destination vector and detects PDIs based on the selection
of reporter gene expression in yeast (Fig. 4) [33]. This
provides a high-throughput method for the identification of
interactions between a DNA ‘‘bait’’ and a protein ‘‘prey.’’
In brief, DNA baits are subcloned to two reporter genes and
the two bait::reporter constructs are integrated into the
genome of the host yeast strain, where one reporter (HIS3)
is used for positive selection of constructs that drive
reporter expression, while the other (lacZ) can be measured
for a more quantitative readout of transcriptional activation
levels [33]. As a control, the baits are first tested for their
ability to activate reporter gene expression in the absence
of prey proteins, which consist of a fusion of a protein of
interest and a transcription activation domain. In the
presence of prey proteins, when the protein of interest can
recognize and bind to the DNA bait, expression of the
reporter gene is activated, and PDIs between the prey
protein and its DNA targets can thus be identified.
Applications
Using the Y1H approach, the Walhout group used the
promoters of 72 C. elegans digestive tract gene as ‘‘baits’’
and 117 proteins as ‘‘preys’’ and identified 283 specific
PDIs [34]. This study identified target sites for 10% of all
worm TFs, many of which were previously uncharacterized, and the newly annotated TFs are enriched in the
digestive tract. Interestingly, they found that 10 proteins
not possessing any known DBDs also bound to specific
DNA sequences. Using ChIP-PCR assays, eight of these
ten proteins were confirmed to bind these sequences in
yeast, suggesting that there might be additional uncharacterized DBDs in worms. Because large DNA fragments can
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be used in the one-hybrid approach (e.g., promoter
sequences in this study), an obvious advantage is that the
identified TFs are readily connected to their target genes,
resulting in a more informative PDI network from which
testable hypotheses about transcriptional regulatory circuitry can be more readily generated.
Bacteria one-hybrid
Similar to the Y1H method, which is derived from yeast
two-hybrid technology, the B1H system arose as a variation of the bacterial two-hybrid platform aimed towards
identification of specific PDIs (Fig. 5) [35]. The B1H
system contains three components: a protein of interest is
expressed as a fusion to a RNA polymerase subunit, a
library of randomized oligonucleotides is cloned upstream
of the promoter of two selectable markers, and the bacterial
strain is used for selection of PDIs. When a DNA bait is
recognized by the prey protein, RNA polymerase will be
recruited to the promoter and will activate the reporter gene
expression. To reduce false positives, self-activating baits
are selected from the library of randomized oligonucleotides using URA3 reporter.
The selection procedure of B1H is rapid because only a
single round of selection is required to identify a set of TF
binding sites. However, the B1H system may not be suited
for determining the specificity for all the DBDs or TFs, as
some foreign TFs may be toxic to the bacteria, resulting in
an insufficient number of clones. Furthermore, the use of a
prokaryotic selection system implies that eukaryotic-specific protein cofactors, such as histones, and a whole host
of post-translational modifications will be absent. This may
result in PDIs that differ from those measured in the Y1H
system.

Randomized region Positive marker

Transform prey vector
containing a randomized
region and two selective
markers to E.coli

+

Negative
selection
medium

Remove self-activation
clones by the negative
marker

Prey

α/ω+TF

Co-transform prey vector
and bait vector that
encodes a fusion of α or
ω subunit of RNA
polymerase and a TF

Prey

Prey
Bait

Negative marker

Bait

α/ω
TF
Randomized region Positive marker

Negative marker

Applications
In the manuscript that first described the B1H system, the
Wolfe group analyzed 84 homeodomains from Drosophila
[36]. The majority of those factors can be organized into 11
different DNA-binding specificity groups, with additional
six homeodomain TFs that display unique specificities.
They further tested DNA-binding specificities for 16
mutant homeodomain TFs containing point mutations in
residues that contribute to DNA recognition and yielded
reasonable agreement with the prediction. The authors also
predicted with a high success rate the binding specificities
of homeodomain TFs from other organisms based on the
DNA-binding profiles of Drosophila TFs.
Protein microarray
In contrast to the PBM approach, a labeled DNA motif is
queried against thousands of proteins on a glass slide using
a functional protein microarray approach (Fig. 6). This
approach is complementary to the PBM in terms of the
methodology and questions to ask. By definition, a functional protein microarray is formed by immobilizing
thousands of individually purified proteins in a single glass
slide [37, 38]. A functional protein microarray offers a
flexible platform that has been applied to characterize
many different types of protein activity, including proteinDNA, protein-RNA, protein-lipid, protein-drug, proteinprotein, and protein-antibody interactions [39–42]. Moreover, a unique application of the functional protein
microarrays is to identify substrates of various enzymes.
Protein arrays have been used to identify proteins modified
by phosphorylation, ubiquitylation, acetylation, and
SUMOylation [41, 43–48].
When a functional protein microarray is used for analysis of PDIs, it is not intended to comprehensively survey
the entire 8-mer DNA space as in the PBM approach;
rather, it is designed to simultaneously screen a large
number of proteins for their ability to selectively interact

Hybridize a fluorophorelabeled DNA fragment
on protein microarray

Wash away unbound
DNA fragments and
acquire binding signals

The transcription of the
selective marker is
activated if the TF interacts
with the randomized region

Sequence positive clones

Fig. 5 Workflow of bacteria one hybrid (B1H)

Data analysis

Fig. 6 Workflow of protein microarray
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with an individual DNA sequence. For example, when one
seeks to identify TFs that can bind to the promoter region
of a gene of interest, or to a predicted DNA motif, one can
label the DNA fragment and probe it to a protein microarray composed of thousands of TF proteins. In addition,
one need not limit one’s search simply to annotated TFs but
can also interrogate proteins from a broad range of other
functional classes to determine whether they might also
show unexpected sequence-specific DNA-binding activity.
Though it is still technically challenging to fabricate a
functional protein microarray of high content and high
density, once it is made, it becomes rather easy to screen
hundreds of labeled DNA probes, generated either by PCR
reactions or DNA oligo synthesis. Protein-DNA binding
can be measured by the signal intensity of fluorescence
after probing protein microarray with DNA samples. It
should be noted that for a similar reason that the PBM
assay requires extensive washing to avoid nonspecific
binding, protein microarrays can only detect interactions
with high affinity. Because this approach provides simultaneous profiles of PDIs for thousands of proteins and
because multiple DNA probes can be tested in parallel, it
enables a rapid mapping of PDIs on a proteome-wide scale.
Applications
To identify novel DNA-binding activity in yeast, Hall et al.
[44] probed a yeast proteome microarray composed of
5,800 yeast proteins with labeled total genomic DNA. They
identified [200 proteins, half of which were not previously
known to encode any DNA-binding activity. To validate
this surprising result, eight of them were chosen and four
were confirmed to interact with DNA in vivo by using
ChIP-chip assay. They then focused on a yeast metabolic
enzyme Arg5,6, which is involved in arginine biosynthesis,
and found that it indeed bound to a specific DNA motif in
the promoter of a mitochondrial gene, COX1, and regulated
its expression in vivo. This study is the first to demonstrate
the power of functional protein microarray in identifying
unconventional DNA-binding proteins (uDBPs).
Later, the Snyder and Johnston groups collaborated to
identify yeast TFs that could bind to 75 evolutionarily
conserved DNA motifs using a yeast TF microarray containing 287 known and predicted yeast TF proteins [45].
Besides a number of previously known PDIs they recovered, they also identified more than 100 novel PDIs. One of
the previously uncharacterized DNA-binding proteins,
Yjl103, was validated both in vitro and in vivo.
More recently, protein microarrays containing 802
Arabidopsis TFs were constructed for identification of
protein-DNA and protein-protein interactions. To evaluate
the efficacy of detecting protein–DNA-binding activity, the
authors focused on the AP2/ERF family by designing
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dsDNAs based on the known binding sites for four representative members [49]. Subsequent analysis showed that
in addition to the eight previously reported TFs, the
microarray analysis also detected sequence-specific DNA
binding by 49 previously uncharacterized members of the
AP2/ERF family.
To date, the largest PDI study using protein microarray
was undertaken by our team using protein microarrays
composed of 4,191 unique human proteins in full length
probed with 460 individual DNA motifs [41]. The unique
feature of this human protein microarray is that it not only
contains *90% of known and predicted human TFs, but
also proteins that were not previously known to specifically
interact with DNA (i.e., uDBPs), including protein kinases,
RNA binding proteins, transcription coregulators, and many
metabolic enzymes. Of the 460 DNA motifs, 400 were
transcriptional regulatory motifs predicted using various
bioinformatic algorithms based on comparative genomics,
tissue specificity, and gene expression profiles [50–54].
However, the proteins that bound these sites were not
known. The other 60 motifs were known ones retrieved from
the TRANSFAC database and used as positive controls [18].
To identify proteins that specifically recognize these
DNA motifs, protein microarrays were individually probed
with 460 labeled DNA motifs. A total of 17,718 PDIs were
determined using a stringent identification threshold. Many
known PDIs were recovered for TFs, illustrating the high
quality of our PDI dataset. More importantly, many new
DNA consensus sites were determined for over 200 TFs,
which doubled the number of previously reported DNA
motifs for human TFs [41, 55]. EMSA analysis was used to
confirm 17 of 21 (82%) new PDIs between a TF and its
predicted consensus sequence, suggesting that these newly
identified PDIs were also of high fidelity.
Surprisingly, over 300 proteins previously not known to
specifically bind to DNA showed sequence-specific PDIs.
Forty-one of the 45 randomly chosen PDIs between a uDBP
and its predicted motif were validated by EMSA. These
uDBPs include RNA-binding proteins, chromatin-associated proteins, nucleotide-binding proteins, mitochondrial
proteins, protein kinases, and metabolic enzymes, which
raises an intriguing hypothesis that many uDBPs may regulate transcription as a moonlighting function. To further
investigate the physiological relevance of the DNA-binding
activities of these uDBPs, we decided to focus on a well
studied MAP kinase, ERK2. Using a series of in vitro and in
vivo approaches, including EMSA, luciferase reporter
assay, mutagenesis, and ChIP, a novel DBD was identified
in ERK2 and showed that its DNA-binding activity is
independent of ERK2’s kinase activity. Using a combination of mutants detected in DNA binding or kinase activity,
it was further demonstrated that ERK2 directly regulates
expression of IRF9 and OAS1, two interferon-induced

Protein–DNA interactions

genes, which led us to determine that ERK2 acts as a
transcription repressor during the course of the interferongamma signaling in cells. The study illustrates the power of
protein microarrays used for an unbiased identification of
PDIs on a proteome-wide scale.

A complex landscape of DNA-binding activities
DNA-binding specificities for TFs
Although it was known that some homeodomain TFs recognize substantially different DNA sequences using a
common DNA-binding structure [56, 57], the large-scale
PDI studies as described above provided dramatic confirmation that recognition of multiple different DNA
sequences is quite common among members of this protein
family [24, 36, 58]. In general, overall amino acid sequence
similarity in the homeodomain correlates overall with
DNA-binding specificity. There are also many cases that
two homeodomains with very similar protein sequences
bind to diverse DNA sequences. This is not completely
unanticipated, as it has long been known that single amino
acid changes are sufficient to drastically alter DNA-binding
specificity for some TFs, both by directly altering
DNA-contacting residues and by changing the secondary
structure of the DBD [59, 60]. Some later studies examining the DNA sequence preferences for many members of
other DBD family extended this observation, reporting that
diverse DNA-binding specificities exist for similarly related proteins in some other DBD families, such as nuclear
hormone receptors [27].
A more recent study by Badis et al. makes the concept of
diverse DNA-binding specificities even more complex
[27]. Secondary binding sites were found for a large fraction of TFs tested using PBM (nearly half of 104 mouse
TFs). Based on the different types of secondary sites, the
authors categorized the binding activities into four classes:
(1) variable spacer lengths, (2) positional interdependence
of base preference, (3) alternate recognition interfaces, and
(4) multiple combinations of the first three classes. To find
out the possible physiological relevance of these secondary
binding sites, the authors analyzed in vivo usage of secondary motifs by considering their TF occupancy.
Interestingly, the secondary motifs are enriched among
sequences bound by the TF that lack primary motifs for this
TF, suggesting the secondary motif may recruit the TFs to
genomic loci independently of the primary motif.
Unconventional DNA-binding proteins
Perhaps one of the most striking findings among the largescale PDI studies is the notion that a large number of
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proteins that are not currently annotated as TFs do in fact
function as TFs [34, 41, 61, 62]. These studies add yet
another dimension to this increasingly complex model of
transcriptional regulation by identifying more players from
a variety of different protein families. They also broaden
our functional understanding of a large number of proteins.
Recent data, primarily from microorganisms, have begun
to indicate that many proteins belonging to well-annotated
gene families are actually associated with unconventional
or moonlighting functions, among them regulation of
transcription [63, 64]. We envision that such moonlighting
functions may also be widespread in higher eukaryotes,
given the fact that the study only examined around 20% of
human proteins.
In vitro versus in vivo DNA-binding specificities
Except for the ChIP-based approaches, all the techniques
we discussed in this review interrogate PDIs either in
vitro—as is the case for SELEX, PBMs, and protein
microarrays—or, in the case of one-hybrid approaches, in
heterologous cell-based systems. The direct physiological
relevance of data obtained using these approaches is thus
not necessarily clear. However, for many domain classes,
and in organisms ranging from yeast to human, in vivo
binding sites detected by ChIP-based approaches typically
contain sequences that reflect those preferred in vitro [15,
24, 65]. For four Drosophila homeodomain-containing
proteins, a good correlation was found between monomer
binding in vitro and in vivo on many actively transcribed
genes [66]. Berger et al. examined six ChIP-chip or ChIPseq data sets in the literature that involved immunoprecipitation of homeodomain proteins analyzed by PBM [24].
They observed a strong enrichment for binding sites
identified by PBM in immunoprecipitated genomic DNA,
suggesting a good agreement between ChIP and PBM data.
A similar observation was also found for ETS proteins
between the in vitro data studied by PBM and in vivo data
studied by ChIP-seq [67]. Jolma et al. analyzed whether the
binding profiles obtained via SELEX matched those
detected using ChIP-seq for 14 different human TF classes.
They tested two cases and found that TF binding sequences
identified using ChIP-seq closely matched those obtained
using SELEX [20]. More interestingly, good agreement
between in vitro and in vivo data was also seen for uDBPs,
where protein microarray was used for in vitro PDI identification [41].
On the other hand, there is also ample evidence that
DNA-binding sequences of a TF retrieved from in vitro
experiments may not necessarily match those seen in vivo
[68]. For example, the majority of sequences bound in vivo
by the TF HNF1 do not contain the highest affinity binding
sequences identified in vitro by PBM analysis [24]. There

123

1666

are several reasons that may explain the disparity of in vitro
and in vivo DNA-binding motifs: (1) A TF may interact
with other proteins in vivo (coregulators), which may
induce its conformational change. Therefore, the TF may
bind to a different DNA sequence that does not correspond
to its in vitro DNA-binding sequences [69]. (2) The
accessibility of cis-elements in vivo is greatly influenced
by the packaging of genomic DNA in chromatin [70]. (3)
ChIP-based approaches only measure PDI occurring in a
particular cell or at a particular time point. (4) PDIs identified by ChIP-based approaches may reflect both direct
interactions between genomic DNA and the TF of interest,
and indirect interactions between DNA and protein complex containing the TF of interest. So the observed binding
sequences may in fact be mediated by other DNA proteins
than the target TF [65].
Given the complementary strengths and weaknesses of
the various technologies available for analyzing PDIs, an
integrated approach that brings biochemical, genetic, and
ChIP-based approaches to bear on the problem may ultimately prove the best approach to obtain a clear picture of
the myriad PDIs that underlie the cellular transcriptional
regulatory network.

Conclusion
Experimental technologies have significantly advanced in
the last decade, allowing the high-throughput analysis of
PDIs. A number of complementary approaches are now
available to characterize PDIs with substantially lower cost
and higher resolution than were previously possible. Each
of these approaches has unique strengths and limitations,
and investigators should carefully choose or combine the
approaches before designing experiments.
Many recent studies using these technologies have
provided large-scale, high quality sets of PDI data from
multiple different organisms. These resources will greatly
facilitate analysis of the complex DNA-binding mechanisms for proteins. Furthermore, many findings also
challenged some conventional concepts of PDI, such as
multiple distinct sequence preferences observed for some
TFs and the recent detection of large numbers of different
unconventional DNA-binding proteins.
Although we have addressed six high-throughput
approaches for charactering PDIs here, this is by no means
an exhaustive review describing all the recent advances in
this field. Some other important technologies include the
luciferase-based PDI mapping technique [71] and the microfluidics-based PBM approach [72], where both
techniques can not only discover DNA-binding sites for a
given TF, but also measure relative binding affinity.
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Finally, it should be noted that analysis of PDIs is just
one step in understanding complex transcriptional regulatory networks. In many cases, monomeric protein binding
sites are not sufficient for the functions of a protein, as we
have discussed in the previous section. There are also many
examples in which DNA-binding proteins often bind DNA
cooperatively to create protein complexes that precisely
control gene expression [73]. Furthermore, the recent
findings suggest that the sequence context of a binding site
may also influence binding energetics [74]. In addition,
there are now more than 1,500 structures of protein-DNA
complexes available in the Protein Data Bank [75] that are
critical in understanding biophysical roles of molecules in
the protein-DNA structures [76]. In the future, understanding of complex DNA-binding specificities of proteins
will benefit from an integrated analysis of multiple data,
including in vitro DNA-binding sites, in vivo PDIs, protein-protein interactions, protein-DNA structures, and other
biochemical and biophysical data.
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