
Many proteins interact with DNA to accomplish a wide 
variety of cellular processes. These include the crucial 
tasks of DNA replication, repair and recombination in 
all cells. In eukaryotes there are, in addition, histones 
and other proteins that determine the structure of 
chromatin within the nucleus. The expression of genes 
requires transcription by RNA polymerase, and usually 
there are a variety of associated proteins, referred to gen-
erally as transcription factors, that facilitate and regu-
late the transcription process. One class of transcription 
factors interacts directly with the DNA in a sequence-
specific manner, binding only to locations within the 
genome that contain the appropriate DNA sequences. 
Upon binding, these transcription factors may regulate 
the expression of associated (usually nearby) genes, 
either activating or repressing their RNA synthesis.

Recently it has also become clear that many of the 
binding sites within the genome do not affect the expres-
sion of nearby genes and it is unknown whether they 
perform some other function or are just non-functional  
binding events1–3. The analysis of the genomic locations 
of transcription factor binding sites, and how they differ 
between distinct cell types, provides a wealth of infor-
mation about the dynamics of the regulatory network 
of cells, but that is not the topic of this Review. Rather, 
the focus of this Review is the intrinsic specificity of 
sequence-specific transcription factors (TFs) — their 
ability to distinguish different DNA sequences in the 
absence of any other cooperative or competitive inter-
actions. In many species, from bacteria to humans, TFs 
represent 5–10% of the genes encoded in the genome4,5 

and are a major determinant of the regulated and  
controlled expression of all genes.

In the last few years technological advances have 
greatly increased our knowledge of the locations of the 
TF binding sites within genomes and the sequence- 
specific binding preferences for many TFs. These 
advances include both in vivo and in vitro experimental 
methods and the development of new computational 
analyses. The in vivo approaches, such as chromatin 
immuno precipitation followed by microarray (ChIP–chip) 
or by sequencing (ChIP–seq), determine the locations 
within the genome that the transcription factors bind 
and provide candidate genes that they are likely to regu-
late6–8. The locations can be determined for different cell 
types, at different stages of development and in different 
environmental conditions to help uncover the regulatory 
changes that are associated with changes in cell physiol-
ogy1. This information alone can provide a framework 
for the regulatory network, indicating which factors are 
likely to regulate which genes. However, the resolution 
of the binding locations is not sufficient to identify the 
binding sites precisely, only to indicate a region of 100 
or more base pairs in which it resides. Applying motif 
discovery algorithms to the sequences of those binding 
regions can usually identify the main features of the bind-
ing patterns and the highest affinity binding sequences 
for the factors9,10, but the accuracy of those specificity 
models is often limited owing to confounding factors 
that occur in vivo. Knowing the intrinsic specificity of 
the factors, together with the binding locations, provides 
additional valuable information. For example, if strong 
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In vivo 
In this context we use the  
term in vivo to refer to any 
experiments performed on 
living cells, whether within  
or outside a whole organism 
(sometimes referred to  
as ex vivo).
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Abstract | Proteins, such as many transcription factors, that bind to specific DNA 
sequences are essential for the proper regulation of gene expression. Identifying the 
specific sequences that each factor binds can help to elucidate regulatory networks 
within cells and how genetic variation can cause disruption of normal gene expression, 
which is often associated with disease. Traditional methods for determining the 
specificity of DNA-binding proteins are slow and laborious, but several new 
high-throughput methods can provide comprehensive binding information much more 
rapidly. Combined with in vivo determinations of transcription factor binding locations, 
this information provides more detailed views of the regulatory circuitry of cells and  
the effects of variation on gene expression.
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Chromatin 
immunoprecipitation 
(ChIP). A technique that is  
used to identify the location  
of DNA-binding proteins  
and epigenetic marks in the 
genome. Genomic sequences 
containing the mark of interest 
are enriched by binding soluble 
DNA chromatin extracts 
(complexes of DNA and protein) 
to an antibody that recognizes 
the mark. ChIP can be followed 
by analysis of the precipitated 
DNA through hybridization to a 
microarray (ChIP–chip) or by 
sequencing of the precipitated 
DNA (ChIP–seq).

Motif 
In this Review motif refers  
to a representation of the 
specificity of a transcription 
factor. For instance, a position 
weight matrix is a motif for a 
transcription factor, but there 
could be other ways to 
represent the specificity.

Microfluidic device 
A device in which fluids are 
conveyed to samples in 
channels with diameters in the 
order of 1 μm; these chambers 
can be used to precisely  
and dynamically control the 
microenvironment to which 
cells are exposed.

Kd 
The dissociation constant 
between two molecules (here, 
for a transcription factor and a 
DNA sequence). It is the ratio 
of the off-to-on rate for the 
formation and dissolution  
of the complex.

Consensus sequence 
A single sequence (possibly 
degenerate) that represents 
the specificity of a transcription 
factor. It is usually the highest 
affinity sequence and would  
be the most frequent base at  
each position in a collection of 
binding sites. It is also possible 
to use degeneracies, for 
example, ‘R = A or G’, if two  
(or more) bases are equivalent.

binding sites are not bound it indicates that those regions 
of the genome are inaccessible to the factor, probably 
owing to the local chromatin organization. Conversely, 
if the factor binds to regions of the genome that lack 
strong binding sites, this indicates that the factor is bind-
ing indirectly (that is, through interaction with another 
factor) or is binding to a weak binding site that requires 
cooperativity with other factors11.  In both cases, that 
information leads to the search for additional interacting 
factors that are involved in the network.

For many years scientists have been measuring the 
binding affinity of TFs to specific DNA sequences, but 
these experiments have generally been undertaken one 
at a time, each determining the affinity of the TF to a sin-
gle DNA sequence (BOX 1). However, in vivo the affinity 
of the TF is not as crucial as its specificity. Inside a bac-
terial cell or a eukaryotic nucleus, the concentration of 
DNA is so high (typically millimolar for potential bind-
ing sites) that TFs will essentially always be bound to  
DNA, even if there are no high-affinity sites. binding 
to their regulatory sites — those that are crucial for the 
proper regulation of gene expression — requires that 
the TFs can distinguish those sites from the vast major-
ity of non-regulatory DNA sequences. The information 
required for understanding and modelling the regula-
tory network is not the affinity to the preferred binding 
sites but the differences in binding affinity for all of the  
potential binding sites, which is what we mean by  
the specificity of the TF (BOX 1). This requires knowing the  
affinity to the entire set of potential binding sites, or at 
least enough of them to construct models that allow the 
complete specificity to be estimated (BOX 2).

several recent technological advances have facilitated 
high-throughput determination of the intrinsic specifi-
city of transcription factors. This information is useful 
not only for more detailed analysis of the regulatory net-
works within genomes and the affects of genetic varia-
tions on those networks but also for aiding the design of 
new proteins with novel specificity. This Review focuses 
on the recent technological advances that facilitate the 
rapid and accurate determination of the specificity of TFs, 
including several new high-throughput experimental  
methods and how computational modelling can be used 
to interpret those data. 

Direct affinity measurements
Microfluidics. One recent method that uses a microfluidic 
device is the mechanically induced trapping of molecular 
interactions (MITOMI). It provides a means for deter-
mining binding specificities accurately through direct 
measurements in a relatively high-throughput proc-
ess, obtaining the binding affinities of a TF to each of 
a few hundred different DNA sites per device12 (FIG. 1A). 
synthetic genes for the TFs are flowed into each chamber 
along with material to support the synthesis of the pro-
teins within the chamber, thus avoiding the problem of 
purifying the TF (a step that is required in many in vitro 
assays). each chamber of the device has antibodies to 
attach the TF to its surface and is seeded with a specific 
DNA binding site at a specific concentration and with a 
fluorescent tag. Overall, the device contains hundreds 

of different DNA binding site sequences, each at mul-
tiple different concentrations. The total DNA binding 
site concentration in each chamber is determined by its 
fluorescent signal, and any DNA that is not bound to 
the TF that is attached to the surface is then flushed out. 
The amount of protein is determined by its fluorescent 
signal, and the amount of DNA bound to the TF is deter-
mined by the remaining DNA signal. by determining 
the fraction of DNA that is bound at several different 
DNA concentrations, the relative affinities of each dif-
ferent sequence can be determined. This does not, by 
itself, determine the absolute dissociation constant (Kd) 
between the TF and the binding site (BOX 1), but compar-
ison to a reference with known Kd allows determination 
of the absolute Kd for each binding site sequence.

Using 17 such devices, Maerkl and Quake12 meas-
ured the binding affinities to 464 different DNA sites 
for four different proteins, all of which were members 
of the eukaryotic basic helix–loop–helix (bHlH) TF 
family. Members of that family generally bind to sites 
with CANNTG consensus sequences (in which N rep-
resents any of the four bases). They took advantage of 
the fact that these bHlH TFs bind as homodimers and 
have symmetric specificities. by keeping one half-site 
fixed, their set of 464 binding sites contained all pos-
sible four-base-long sequences (256) for the other half-
site plus many additional variants of the adjacent bases. 
They showed that the specificities for two yeast proteins, 
centromere-binding protein 1 (Cbf1) and phosphate sys-
tem positive regulatory protein 4 (Pho4), are similar but 
have differences — especially in their preferences in the 
flanking sequences — that could help to distinguish their 
in vivo binding sites and better define their independent 
regulatory roles.

Surface plasmon resonance. surface plasmon resonance 
(sPR) is often used to study protein interactions with 
ligands (including other proteins) but can also be used 
to measure protein–DNA interactions. As an approach 
for determining the affinity of a TF for a DNA sequence, 
sPR can be made moderately high-throughput by using 
arrays of DNA sequences13–15. sPR is based on the fact 
that the angle of light reflection from a thin surface of 
gold, for example, depends on the mass of molecules 
attached to the other side of the surface. DNA can  
be attached to the surface, the TF can be added to the 
solution and the change in reflection can be measured 
over time as the TF–DNA complex accumulates, until 
equilibrium is attained. Then the TF can be allowed to 
dissociate from the DNA by washing the array and the 
change in reflection can be monitored until equilibrium 
is reached again. This ability to measure binding and 
unbinding over time is one of the main advantages of 
sPR; the rate constants kon and koff (BOX 1) can be deter-
mined and from them the affinity, Kd, can be determined. 
Multiple DNAs can be arrayed on the surface so that the 
affinities of many different DNAs to the same protein 
can be determined in parallel13–15. so far, only medium-
sized arrays have been used but it seems feasible to 
increase the number of simultaneous measurements  
substantially.
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Gibbs standard free energy 
The difference in free energy 
between the equilibrium  
state and the standard state 
(all reactants and products  
at 1M concentration).

Gas constant 
(Represented by R). The 
thermodynamic constant 
relating energy per mole  
to temperature.
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Box 1 | Binding affinity and specificity

Affinity
The binding of protein to DNA is a bimolecular 
process governed by two rates: an on-rate for the 
formation of the complex and an off-rate for its 
dissociation. This is shown in the figure (see the 
figure, part a; the transcription factor (TF) is blue  
and DNA sequence (S) is red) and by the equation: 

+  

The affinity of the TF for the sequence S is  
usually defined as the dissociation constant K

d
  

(or its reciprocal, the association constant): 

= = ∆ ° = 
 

The square brackets represent the concentrations 
of those entities at equilibrium, ΔGo is the Gibbs 
standard free energy, R is the gas constant and T is  
the temperature in degrees Kelvin. The K

d
 is the 

concentration of free TF for which the DNA is half 
bound. Such experiments are usually performed  
at excess TF so that the free TF is approximately  
the same as the total TF. The probability of the 
sequence S being bound is: 
 

= = 
 

 + + 

The binding probability to the consensus 
sequence of the A isoform of the human TF MAX  
for different concentrations of MAX isoform A is 
also shown (see the figure, part b). 

specificity
The term ‘specificity’ refers to how well a protein 
can distinguish between different sequences. 
In vivo the TF has the entire genome of potential 
binding sites, and in order for the regulatory 
network to function properly the TF must be able to 
distinguish its functional binding sites from the vast 
majority of competing non-functional potential 
sites (see the figure, part c; each colour represents 
a different DNA sequence). The complete 
specificity of a TF can be defined by the list of K

d
s to 

all possible binding sites, but it is also convenient  
to have a single number to quantify the specificity. 
A useful definition is: 

≡Σ Σ 〈 〉

This is equal to the ‘information content’ of the 
binding sites49 under certain simplifying conditions, 
such as assuming additivity of the positions (BOX 2) 
and that the binding sites are selected in proportion 
to their binding affinities50. It is also useful to view 
the specificity graphically with a three-dimensional 
plot (see the figure, part d). This is similar to the 
two-dimensional  plot in part b, but is for every different sequence. In the two-dimensional plot, a single sequence 
is used and the concentration of TF ([TF]) is varied to obtain the K

d
 for that sequence; this is equivalent to one of  

the lines parallel to the [TF] axis in the three-dimensional plot for one particular sequence. However, in many of the 
high-throughput methods described in this Review, the [TF] is constant and the probabilities are measured over all 
sequences. This corresponds to one of the lines parallel to the binding energy axis in the three-dimensional plot.  
By employing a model for binding, such as a position weight matrix (BOX 2), it is possible to estimate all of the 
parameters of the model, including [TF] and the nonspecific binding energy, from the data37. Data in parts b and d 
are from ReF. 12.
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Microarray 
A high-density array of DNA 
molecules, typically with each 
element of the array containing 
a different DNA sequence. 
Single-stranded DNA arrays are 
used to hybridize to labelled 
DNA (or RNA) sequences  
to determine the relative 
abundances of different 
sequences. Double-stranded 
DNA arrays are used in 
protein-binding microarray  
and cognate site identifier 
methods to determine the 
binding preferences of 
transcription factors or other 
DNA-binding molecules.

Microarray-based methods
Protein-binding microarrays. Protein-binding micro-
arrays (PbMs) are a technology developed in the last 
10 years that has greatly increased the throughput for 
assessing the binding specificities of TFs16–18 (FIG. 1B). As 
with microarrays for gene expression, this technology 
has made possible large-scale, high-throughput analy-
ses to collect information that previously was much 
more laborious to acquire (typically on a gene-by-gene 
basis)19,20. The current version of PbM uses arrays of 
over 44,000 spots that contain all possible ten-base-long 
DNA binding sites once on each array, which means 

that every eight-base-long sequence occurs 32 times, 
taking both orientations into account. A TF, either 
purified from cells or synthesized in vitro, is added to 
the array, which is then washed to remove nonspecific 
binding. The amount of protein binding to any specific 
DNA spot is determined with a fluorescent antibody to 
the protein.

The specificity of the TF can be represented as posi-
tion weight matrices (PwMs; BOX 2), but it is also com-
mon to report enrichment scores for all eight-base-long 
sequences. These scores are based on the rank median 
intensities of array sequences that contain a particular 

Box 2 | Modelling specificity

The specificity of a DNA binding protein is determined 
by its relative affinity to all possible binding sites, or at 
least to a large number of high affinity sites, such that 
one can estimate the probability of binding to any 
particular site given the competition from all of the 
other sites (BOX 1). Using the high-throughput methods 
described in this Review it is possible to simply 
determine the binding affinity for all possible binding sites up to the length 
allowed by the method. However, even when that information is available, 
determining a model for binding can have advantages, as described in the 
main text.

The simplest model to represent the specificity of a DNA-binding protein, 
other than just using the consensus sequence for its highest affinity sites,  
is a position weight matrix (PWM). In the general form of this model there is  
a score assigned to each possible base at each position in the binding site  
(see the figure). The sum of the elements that correspond to a specific 
sequence gives a total score for that sequence. This 
allows the model to provide a score to all possible 
binding sites for the protein. The ‘logo’ provides a 
convenient graphical representation of the PWM51.

The PWM model assumes that each position 
independently contributes to binding, but more 
complex models are easily generated that do not 
assume additivity of the individual bases. For example, it 
is possible to make a matrix model that includes scores 
for adjacent dinucleotides — this requires a PWM-like 
model with 16 rows for all of the possible dinucleotides 
at each position — or other higher-order contributions 
to the binding44. Simple fitting measures can  
determine which model is best, given the number  
of parameters45,52,53. One can also employ models 
composed of two or more PWMs if the TF has multiple 
modes for binding to DNA24. Different methods have 
been developed to assign the elements of the PWM. The 
most useful are those methods that treat the elements 
of the PWM as binding energy contributions (which 
makes the PWM an energy matrix), because this enables 
the probability of binding to be calculated for any 
protein concentration37,54 (BOX 1): 

=
+ µ

E
i
 is the difference in binding energy between the sequence S

i 
and the reference (usually the preferred) sequence 

(which by convention is defined as having energy = 0, see the PWM above). The logarithm of the ratio of the free 
concentration of the TF to the K

d
 of the reference sequence is:

=µ

In general, even if the total concentration of the TF is known, [TF] is not known but μ can be estimated from the data 
along with the parameters of the PWM37.
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Figure 1 | Different methods for studying DnA–protein interactions. A | An overview of the mechanically induced 
trapping of molecular interactions (MITOMI) device for binding affinity measurements. The transcription factor (TF) is 
bound to the surface by antibodies and some fraction of the DNA binds to the TF. The unbound DNA is expelled by 
washing, so the bound fraction can be measured. B | An overview of universal protein-binding microarray (PBM) design 
and use. All possible ten-base-long sequences are included on the array (left panel). Primer-directed DNA synthesis 
creates dsDNA on the array (middle panel). Proteins (shown by purple crescents) are bound, nonspecific binding is 
minimized by washing of the array and the remaining protein is quantified with a fluorescent antibody (right panel). 
Fluorescent groups are indicated by stars. c | An overview of the high-throughput (HT)-SELEX procedure. DNA 
molecules from the random library are exposed to the TF; some sequences are bound, whereas others flow through. 
The bound fraction is sequenced to determine the probability of being bound. Rounds of amplification of bound 
sequences may be used (see the main text). D | An overview of the bacterial one-hybrid (B1H) system. The TF is fused to 
the ω subunit of RNA polymerase and a sequence from a randomized library is inserted upstream of the promoter of  
the HIS3 gene (which encodes a component of the histidine biosynthesis pathway) (Da). When the TF binds to the 
randomized sequence, the HIS3 promoter becomes more active (Db) and this increases the growth rate of the cells. 
PDMS, polydimethylsiloxane. Part A is modified, with permission, from ReF. 12 © (2007) Highwire Press. Part B is 
modified, with permission, from ReF. 16 © (2006) Macmillan Publishers Ltd. All rights reserved. Part D is modified, with 
permission, from ReF. 43 © (2008) Oxford University Press. 
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Gel filtration 
A permeable gel, such a 
polyacrylamide or agarose, is 
used to separate molecules 
and molecular complexes 
based on their size. DNA will 
migrate faster through a gel 
than the same DNA that is 
bound to a protein, so the 
protein–DNA complex can be 
separated from the free DNA.

Barcoding 
The process of adding the 
same unique DNA sequence  
to the ends of DNA molecules 
from the same experiment, so 
that the resulting DNA reads 
can be traced back to the 
experiment that generated 
them, allowing several 
experiments to be sequenced 
simultaneously (multiplexed).

8-mer compared to a background average. An online 
database, UniProbe21, contains information from all 
of the published data sets from Martha bulyk’s group, 
including the 8-mer enrichment scores and PwMs  
for each TF that has been tested. The optimal method for  
modelling the specificity of TFs based on PbM data 
remains an open question, with different methods some-
times leading to different conclusions (see the section on 
computational modelling). TF specificities determined 
by PbM data have been compared to in vivo binding 
location experiments in yeast to assess whether certain 
TFs appear to bind directly or indirectly through inter-
actions with other factors11,22. PbMs have recently been 
used to determine the variations in specificity among 
most of the 42 bHlH proteins of Caenorhabditis elegans 
(including those that form heterodimers), which has 
helped to distinguish their functional roles23. The bind-
ing specificities for many mouse TFs have also recently 
been analysed24.

Cognate site identifier. A similar method, called the 
cognate site identifier (CsI), also uses arrayed DNA 
sequences to measure relative binding by TFs; current 
arrays include all possible ten-base-long sequences25,26. 
One difference between PbMs and CsIs is that in CsIs, 
single-stranded DNAs are synthesized that fold back to 
form dsDNA binding sites, thereby eliminating the need 
for primer directed DNA synthesis to generate dsDNA, 
which is required for PbMs (FIG. 1B). The CsI develop-
ers also have an alternative method of visualizing the 
specificity of the TFs, besides determining PwMs, that 
is called ‘specificity landscapes’ and that may provide 
useful additional information in some cases27. CsI fluo-
rescence intercalation displacement (CsIFID) is a modi-
fication in which the TF and a DNA-binding fluorescent 
dye compete for binding to the DNA; this eliminates the 
need for tagged proteins or antibodies to the TF and may 
simplify the procedure28.

In vitro selection
Using purified proteins to select high-affinity binding 
sites from random libraries in vitro is a very powerful 
technique. Although invented independently multiple 
times, the term seleX seems to be the most commonly 
used name29–32 (FIG. 1C). The general strategy is to create 
a library of potential binding sites, which may be from 
randomly synthesized DNA or created from genomic 
sequences. both ends of the library sequences can have 
primer binding sites so that they can be amplified by 
PCR. Purified TF is added to the library of DNA sites 
and the bound and unbound sequences are separated 
by various means, such as gel filtration, filter binding or 
binding to immobilized protein. Although higher affinity 
sites have a higher probability of being bound by the TF, 
after a single selection most of the bound sequences are 
still low affinity because they greatly exceed the number 
of high-affinity sequences. To increase the fraction of 
high-affinity sites, the bound fraction can be amplified 
and rebound and those steps repeated as many times as 
needed. Typically, after several rounds, the selected sites 
would be cloned and sequenced, often obtaining fewer 

than 100 independent sites33. Alternatively, if the library 
is created from genomic DNA the bound fragments can 
be detected by hybridization to genomic microarrays34. 
These methods are capable of determining important 
aspects of the binding specificity, including the consen-
sus sequence and the relative variability in affinity for 
different bases at different positions within the binding 
sites, but if multiple rounds of selection are used it is 
not straightforward to determine binding energy distri-
butions directly. As sequencing methods are capable of 
much longer read lengths than the size of a binding site, 
ligating several sites together and sequencing them all 
at once — a technique known as seleX-serial analysis 
of gene expression (seleX-sAGe)35 — has made the 
method much more efficient. seleX-sAGe is capa-
ble of obtaining thousands of sequenced binding sites 
and requires fewer rounds of selection, which makes  
quantitative modelling more accurate35,36.

by utilizing new sequencing technologies it is now 
possible to derive binding energy profiles from seleX 
methods quite efficiently using a method called high-
throughput seleX (HT-seleX)37 or bind-and-seq38. An 
advantage of this approach is that the output (the number 
of counts observed for each sequence) is digital and there 
is a very large dynamic range. From a total set of hun-
dreds of thousands or millions of individual sequences 
there will be many nonspecific sites, but they usually only 
occur once, whereas the highest affinity sites may occur 
thousands of times. From millions of reads one can esti-
mate the binding model — such as a PwM, as well as 
nonspecific binding energies and the free-TF concentra-
tion — after a single round of selection and obtain mod-
els that fit the data well37. Performing additional rounds 
of selection may provide more information about specific 
segments of the energy distribution and may give more 
accurate models, particularly for low-specificity TFs or 
those with large non-independent contributions (see the  
section on computational modelling). For example,  
the input to the second round of selection is enriched for 
higher affinity sites and the number of nonspecific sites 
is reduced. by comparing the distribution of sites before 
and after selection, one can obtain better resolution of the 
binding energy differences among the high-affinity sites. 
Multiple rounds may provide highly accurate specificity 
models even for low-specificity TFs.

Another advantage is that there is no inherent limit 
to the length of the binding site that can be selected, 
although the library size will limit the length that is 
covered comprehensively; using a nanomole of DNA 
(about 1015 individual sequences) nearly all possible 
25-base-long potential binding sites are included. Of 
course the number of sites that are sequenced is lim-
ited to about 108, but they can be selected from an enor-
mously larger set of possible binding sites so that one 
can study TFs with very long binding sites, such as bac-
terial TFs that commonly have sites longer than 16 base 
pairs. A recent publication39 has pushed this approach 
much further. Using tagged proteins the authors per-
formed HT-seleX from cell extracts (rather than puri-
fying the TF) and by barcoding individual experiments 
they collected binding sites for several TFs in parallel. 
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Multiplexing 
The process of mixing several 
experimental samples together 
and sequencing them (or some 
other process) simultaneously. 
each sample can be barcoded 
to recover the information 
about its experimental origin.

In total they obtained binding site data for 19 different 
TFs, many of which have low specificity and required 
multiple rounds of selection. This demonstrated that 
HT-seleX can have very high throughput and gener-
ate enormous amounts of specificity data quite rapidly. 
The optimal method for extracting specificity models 
from the data, especially after multiple rounds of selec-
tion, remains an open question (see the section on  
computational modelling).

Bacterial one-hybrid selections
bacterial one-hybrid (b1H) selections are not in vitro 
assays (unlike the methods described above) and can 
be used for any TF that can be cloned and expressed 
in Escherichia coli; this method has the advantage that 
the TF need not be purified or synthesized in vitro40–42. 
The approach uses a library of randomized binding sites 
upstream of a weak promoter that drives the expression of 
a selectable gene, typically the yeast HIS3 (which encodes 
a component of the histidine biosynthesis pathway; the 
E. coli strain lacks the bacterial homologue) (FIG. 1D). 
when the cells are grown in medium lacking histidine, 
expression of the HIS3 gene is required for growth and 
the stringency of the selection can be modulated by the 
addition of 3-amino-1,2,4-triazole (3AT), an inhibitor of 
the HIS3 enzyme. The TF is fused to the non-essential ω 
subunit of RNA polymerase, so that TF binding recruits 
RNA polymerase and increases promoter activity.

In published work the binding sites from selected 
colonies were sequenced individually, typically obtain-
ing about 50 sequences for each selection42,43. However, 
the application of new sequencing methods allows one 
to collect all of the cells on the plate — including the 
large colonies, the microcolonies and even cells that 
were plated but did not grow — and sequence them all 
en masse, obtaining millions of binding sites for each 
experiment (G.D.s., unpublished observations). The 
high-affinity sites lead to more HIS3 expression and so 
allow the cells with those sites to grow the fastest, result-
ing in a higher number of sequence reads. Therefore, 
coupling b1H to high-throughput sequencing provides 
— similar to HT-seleX — a digital read-out with a very 
large dynamic range, the highest affinity sites occurring 
hundreds to thousands of times and the lowest affinity 
sites typically occurring only once or not at all. It can also 
be multiplexed so that the data from several experiments, 
for different TFs or under different selection stringencies 
can be obtained in parallel.

In b1H there is no real limit to the length of the ran-
domized site that can be selected for, although the total 
library size is limited by the efficiency of transforma-
tion into E. coli to about 108 independent sites. That is 
enough to include all possible 12-base-long sequences, 
but it is also possible to select from incomplete librar-
ies of longer randomized regions42,43. Using the data to 
model the binding specificity is not as straightforward as 
with PbM or HT-seleX data because the counts are not 
directly related to binding affinity but are confounded by 
the effects of selection for cell growth over many genera-
tions. by making some simplifying assumptions about 
the growth rate being proportional to the TF occupancy 

of the binding site, up to some saturation level, one can 
treat the counts similarly to HT-seleX or PbM data and 
obtain good quantitative models (see below).

Computational modelling of specificity
Given the data produced by each of the experimental 
methods one can model the specificity using computa-
tional approaches (BOX 2). One can ask why a model is 
needed if the affinities to all possible binding sites can 
be determined directly. However, even in cases in which 
the binding sites are short enough that all possible vari-
ations can be measured, there are still some advantages 
to having a model. The model parameters are averaged 
over many independent measurements and can reduce 
the uncertainty for any particular sequence compared 
to the raw data, which are often fairly noisy. A simple 
model provides an easy method for scanning a genome 
and predicting the most likely binding sites as well as 
the effects of genetic variations. A model has fewer para-
meters than the entire data set, and the complexity of 
the model required for a good fit to the data can provide 
insight into the recognition mechanism. For example, if 
a simple PwM (BOX 2) fits the data very well, this indi-
cates that the protein binds in an additive manner in 
which each position contributes independently to the 
binding energy. If such a model does not fit the data well, 
it indicates more complex interactions between the pro-
tein and the DNA. simple models lend themselves to 
predicting the effects of variants, both in the binding 
sites and also in the protein itself, and can facilitate the 
design of proteins with novel specificity.

Consider the example of studying the bHlH proteins 
using MITOMI12. A simple additive model assumes 
that the binding energy changes at each position can be 
summed to provide the binding energies to any sequence 
with multiple changes. Under such a model one would 
only need to determine the Kd of the consensus sequence 
and each single base variant of that sequence, a total 
of 3l + 1 measurements for a binding site of length  
l. Maerkl and Quake concluded that such an additive 
model does not fit the data very well for the bHlH TFs 
they studied. However, we showed44 that a simple exten-
sion to the simple additive model fits the data well, within 
the variance of the measurements. The simple extension 
is that energy changes are needed for each adjacent dinu-
cleotide pair but not of more distant pairs; the binding 
seems to be additive over adjacent dinucleotides. For the 
four-base-long half sites the extended model requires 
only 40 measurements to capture all of the important 
variables (the nonspecific binding energy may need to be 
determined separately44). In fact a TF that binds to a ten-
base-long site could be assayed directly for binding to 
the preferred site and all possible adjacent dinucleotide 
variants with only 112 different sequences. This opens 
up a method like MITOMI to comprehensive studies of 
TFs with much longer binding sites than have previously 
been studied, provided that the preferred binding site is 
known. This is also within the range of existing array 
sizes for sPR methods14. At this time it is not known 
what fraction of TFs can be well modelled using adjacent 
base-pair energy contributions.
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The other three methods described above do not 
determine affinities directly but rather measure some-
thing related to affinity: the fluorescence intensities 
for microarray-based methods and the counts of indi-
vidual binding sites for in vitro selection and bacterial 
one-hybrid methods (FIG. 2a–c). The data are usually col-
lected at a fixed concentration of the TF, although the 
experiment can be repeated at different concentrations. 
even if the total concentration of the TF is known this 
is not the concentration of free TF, which depends on 
both the concentration of TF and the concentrations and 
affinities of all the potential binding sites. It is the free 
concentration of TF that is needed to relate the binding 
energy to the binding probability (BOXeS 1,2).

The raw data provide relative binding probabilities for 
PbM and seleX data but are related to the growth rate 
for b1H data. If one uses simplifying assumptions that 
the growth rate is proportional to the occupancy of the 
binding site, up to a certain saturation level (or the point 
at which the concentration of HIS3 is no longer limiting 
for growth) b1H data can be treated very similarly to PbM 
and seleX data, which are equivalent to the curves on 
the three-dimensional plot of BOX 1 at a fixed value of the 
concentration of TF ([TF]). with sufficient data, and by 
employing a model of how the binding energy depends 
on the sequence (such as a PwM), it is possible to esti-
mate all of the parameters of the model, including the 
[TF] and the nonspecific binding energy37. Models with 
various complexities can be compared to see which fits 
the data the best, taking into account the number of esti-
mated parameters; more complex models should always 
provide a better fit but there may be over-fitting (that is, 
fitting the experimental noise) if there are excess para-
meters. For example, one could test whether using energy 
terms for adjacent dinucleotides provides a substantially 
better fit than a simple PwM, as was observed for the 
bHlH proteins using MITOMI12,37. As noted above,  
the UniProbe database of the bulyk group21 reports 
PwMs for each TF that they have analysed using PbMs 
and also 8-mer enrichment scores, which are another 
form of model for the specificity of the TF. Using all 8-mer 
scores produces a binding model with 32,896 parameters 
(all unique 8-mers accounting for both orientations), 
but in general only a small number of highly enriched 
8-mers are used to define the specificity. we have found 
that in most cases a PwM, perhaps extended to include 
adjacent dinucleotides, fits the PbM data as well as 8-mer 
enrichment scores (G.D.s. and Y.Z., unpublished observa-
tions), but there can be exceptions that indicate complex  
interactions, perhaps multiple modes of binding.

FIGURe 2 shows the data and results for PbM, HT-seleX 
and b1H using the same protein, the zinc finger protein 
ZIF268 (also known as early growth response protein 1). 
As with other microarrays, PbMs tend to have higher 
backgrounds than the digital counting methods, but there 
is still a very strong signal with the highest intensities being 
about 15-fold higher than the mean background (about 65 
standard deviations above the background distribution). 
ZIF268 has previously been shown to be well represented 
by a simple PwM, with only a small energy contribution 
from adjacent dinucleotides45. Furthermore, each method 

leads to very similar parameters when each data set is 
analysed using the same method for estimating binding 
energies37 (FIG. 2d–f), and in each case they fit the experi-
mental data well (FIG. 2g–i). This suggests that the choice  
of method should depend on factors other than  
the quality of the resulting data, such as the length of the 
binding site, the ease of purifying or synthesizing the TF 
and the cost of sequencing compared to microarrays.

Conclusions
The specificity of TFs — their ability to discriminate 
between different sequences — is essential to the proper 
functioning of regulatory networks and gene expres-
sion. Recent technological advances in several different 
approaches have greatly increased the speed at which 
quantitative affinity measurements can be obtained for 
many different sequences. Methods such as MITOMI 
and sPR can determine binding affinities directly but 
have relatively low throughput compared to the other 
methods described here and require specialized equip-
ment. Using purified or in vitro synthesized proteins, 
PbM and CsI can be used on microarray equipment 
that is commonly available and these approaches have 
many of the attributes of microarrays for gene expres-
sion studies. The cost of microarrays is now quite low, 
which is one advantage of these approaches. HT-seleX 
also requires purified TFs, although recent results show 
that it can also be performed on cellular extracts of tagged 
proteins39. The results are counts of individual binding 
sites, which give HT-seleX a large dynamic range and 
allow assay binding sites of any length. single rounds of 
selection are often sufficient, but low-specificity TFs may 
require multiple rounds to determine good models. b1H 
methods do not require purified protein and are per-
formed by simple selections in bacterial cells. Unlimited 
site sizes can be selected, although library sizes are limited 
by transformation efficiencies. For both HT-seleX and 
b1H only standard laboratory equipment, and access to 
high-throughput sequencing facilities, which are now 
widely available, are needed.

In the few years that these methods have been used, 
information has rapidly accumulated regarding the 
specificities of human TFs as well as the TFs of several 
important model organisms. Many are still unknown, 
but in the coming years our knowledge of TF specifici-
ties should expand enormously. That information will be 
very useful for the next phase of elucidating regulatory 
networks: the identification of interacting TFs in vivo and 
the combinations of TFs that control specific genes and 
pathways. Comparison of the intrinsic specificities with 
location experiments, such as ChIP–chip and ChIP–seq, 
will help in that analysis. In addition, as more specificity 
information is obtained it will facilitate the prediction of 
specificities of proteins without experimental analysis 
and aid the design of new proteins with novel specifici-
ties27,42,46,47. There is already considerable effort devoted 
to the design of zinc finger proteins coupled with nucle-
ases to target specific locations in the genome48. As more 
specificity information emerges for more families of TF 
proteins, it is likely that many more can be modelled well 
enough to develop design criteria.
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Figure 2 | comparison of data and analysis from three methods. a | Histogram of fluorescent intensities from 
protein-binding microarray (PBM) data for the zinc finger transcription factor ZIF268 (also known as early growth 
response protein 1). b | Histogram of counts from high-throughput (HT)-SELEX data for ZIF268 (the total count is about 
260,000). c | Histogram of counts from bacterial one-hybrid (B1H) data for ZIF268 in which just the first six positions 
were randomized (G.D.S., unpublished observations) (experimental conditions were 1 mM 3-amino-1,2,4-triazole, 
50 μM isopropyl β-d-1-thiogalactopyranoside (IPTG), the total count is approximately 160,000). d | Logo of position 
weight matrix (PWM) for data shown in part a. e | Logo of PWM for data shown in part b. f | Logo of PWM for data 
shown in part c. g | Fit of the predicted to observed 8-mer median intensities using the model of part d on the  
data from part a. h | Fit of the predicted to observed counts using the model of part e on the data from part b.  
i | Fit of the predicted to observed counts using the model of part f on the data of part c. Data in part a are from 
ReF. 16. Data in part b are from ReF. 37.
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Note added in proof
A recent paper extended the capability of the MITOMI 
approach by increasing the number of chambers in the 
array and by binding to longer oligonucleotides, such 
that all eight-base-long binding sites are included in 

the analysis55. This increases the throughput consider-
ably over the initial method, but the throughput is still 
substantially less than when all ten-base-long sites are 
included in PbM and CsI, or than for the even longer 
selected sites allowed by HT-seleX and b1H.
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