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ABSTRACT

Protein–DNA interactions play a central role in tran-
scriptional regulation and other biological processes.
Investigating the mechanism of binding affinity and
specificity in protein–DNA complexes is thus an
important goal. Here we develop a simple physical
energy function, which uses electrostatics, solvation,
hydrogen bonds and atom-packing terms to model
direct readout and sequence-specific DNA confor-
mational energy to model indirect readout of DNA
sequence by the bound protein. The predictive cap-
ability of the model is tested against another model
based only on the knowledge of the consensus
sequence and the number of contacts between
amino acids and DNA bases. Both models are used
to carry out predictions of protein–DNA binding
affinities which are then compared with experi-
mental measurements. The nearly additive nature of
protein–DNA interaction energies in our model allows
us to construct position-specific weight matrices by
computing base pair probabilities independently for
each position in the binding site. Our approach is less
data intensive than knowledge-based models of
protein–DNA interactions, and is not limited to any
specific family of transcription factors. However,
native structures of protein–DNA complexes or their
close homologs are required as input to the model.
Use of homology modeling can significantly increase
the extent of our approach, making it a useful tool
for studying regulatory pathways in many organisms
and cell types.

INTRODUCTION

Gene regulation is mediated in part by protein transcription
factors (TFs) binding to cis-regulatory regions of the genome.

Accurate genomewide characterization of TF binding sites
is thus a necessary prerequisite to deciphering complex gene
expression patterns. Probabilistic models of TF binding pro-
files, often called position-specific weight matrices (PWMs),
are typically used as input to such predictions (1–3). With the
weight matrix representation of TF binding sites, the pro-
bability P(S j p) that sequence S is a binding site for the TF
represented by p is given by

P S j pð Þ ¼
YL
i¼1

pi
si

‚ 1

where L is the length of the binding site in base pairs, si is
the base at position i and pi

a is the probability of base a (A, C,
G or T) at position i in the weight matrix, subject to normal-
ization:

P4
a¼1 pi

a ¼ 1 (any i). PWMs can be constructed from
an alignment of binding sites obtained by footprinting meth-
ods, gel-shift analysis and reporter constructs. In addition, TF
binding sites can be characterized using SELEX, DNA
microarray, genomewide location (ChIP-chip) and other
in vitro techniques (1). However, TF binding specificity data
of this type cannot be used to rationalize the mechanism by
which proteins interact with DNA. Moreover, for many TFs
there is little or no experimental binding site information.

In principle, one should be able to predict the TF binding
site profile from a structure of the protein–DNA complex or its
close homolog. At first it was anticipated that structural studies
would reveal a universal protein–DNA recognition code,
which could be used for predicting TF binding sites based
on amino acid identities at the protein–DNA interface (4,5).
It became apparent, however, when more protein–DNA struc-
tures were solved and classified that despite some predomin-
antly occurring interactions, such as Lys-G, the energetics of
amino acid–base contacts depends on their structural context
and, in particular, on the structural family of the DNA-binding
protein (6–10). Many amino acids were observed to form
favorable contacts with different bases, making it necessary
to generalize a deterministic recognition code to a probab-
ilistic binding profile based, for example, on maximizing
the likelihood of observed protein–DNA contacts (11–13).
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Probabilistic recognition codes are more accurate when
developed for a specific structural family, thereby implicitly
taking protein–DNA structural context into account. Indeed,
binding site profiles based on the classification of TFs into
families were found to be useful in bioinformatics pattern
detection algorithms (14). However, data availability has so
far limited knowledge-based PWM predictions to the C2H2

zinc finger family (15,16).
An alternative approach to specificity and binding affinity

predictions is based on all-atom modeling of protein–DNA
complexes (17–19). Starting from a known structure of the
protein bound to its consensus DNA sequence, an ensemble
of models is created by threading novel DNA sequences onto
the binding site. Protein–DNA binding energies, DG, are
then evaluated for each member of the structural ensemble.
DG predictions can be either used to directly infer high-affinity
binding sites in genomic sequence or converted into PWM
probabilities using the Boltzmann formula. In the latter case,
it is only necessary to compute DG values for all one-point
mutations from the consensus-binding site. The main limiting
factor of the structural approach to TF binding site specificity
predictions is the availability of experimentally determined
structures of protein–DNA complexes. The range of applic-
ability of structural methods will significantly increase if
the DNA-binding proteins can be modeled by homology.
Homology modeling involves threading a protein amino
acid sequence onto a suitable structural template chosen on
the basis of its sequence similarity to the protein of interest.
The threading procedure creates a new protein–DNA binding
interface, for which DG and PWM probability calculations are
then carried out as in native structures.

Here we present a computational model for predicting
protein–DNA binding affinities and specificities. The model
can be applied to a wide variety of DNA-binding proteins for
which there is either a native protein–DNA structure or a
sufficiently close homolog. The model is based on a simple
free energy function, which consists of the protein–DNA inter-
action energy and the DNA conformational energy. The
protein–DNA interaction energy is used to describe direct
readout of the DNA sequence by the protein, whereas the
DNA conformational energy takes into account distortion of
B-DNA shape caused by protein binding. We carried out a
series of tests of our PWM and binding energy predictions.
First, we checked the ability of the model to reproduce
experimental binding free energy measurements. We also
assessed the accuracy of the pairwise additivity approximation
in our analysis. Second, we checked the ability of our algo-
rithm to discriminate experimentally known TF binding sites
from random ensembles of sequences. Third, we carried out
PWM predictions for a number of TFs and compared them
with experimental PWMs. For all these predictions native
protein–DNA complexes were used as structural templates.
Finally, the extent of applicability of homology modeling
to protein–DNA binding affinity predictions was explored
with several representative PWM calculations. The relative
accuracy and computational efficiency of our approach
allowed us to carry out numerous predictions of TF binding
affinities and specificities, facilitating future experimental
and computational studies of transcriptional regulation in
different organisms and biological systems.

METHODS

Binding stability and weight matrix predictions

Free energy model of protein–DNA interactions. We extended
Rosetta protein–nucleic acid model developed in Ref. (20)
by adding sequence-specific DNA conformational energy.
The free energy function employed in protein–DNA binding
affinity calculations consists of the protein–DNA interaction
component describing intermolecular readout of the DNA
sequence by the protein, and of the DNA deformation com-
ponent describing intramolecular readout of the binding site
sequence:

Gprot�dna ¼ Gpd þ Gd: 2

Protein–DNA interactions are modeled as a linear combination
of the Lennard–Jones potential (which switches to a linear
repulsive potential at short distances) (20), the orientation-
dependent hydrogen bonding potential describing amino
acid side chain–amino acid side chain and amino acid side
chain–DNA base hydrogen bonds (21), the Generalized Born
electrostatics and solvation model (22), and the implicit sol-
vation model developed by Lazaridis and Karplus (23):

Gpd ¼ wLJrep
ELJrep

þ wLJattr
ELJattr

þ whb Ehb

þ welGel þ wLKsol
GLKsol

‚ 3

where each energy is a sum over all protein–DNA and protein–
protein atomic pairs, and {w} is a set of fitting weights. Para-
meterization of the Lennard–Jones potential, the hydrogen
bonding potential and the Lazaridis and Karplus solvation
model is carried out as described in Ref. (20), whereas the
Generalized Born model with AMBER parm99 atomic partial
charges (24) is adopted from Ref. (22). Other free energy
components, including the knowledge-based potential derived
from residue pair statistics and the solvent accessible surface
area term, were tested but omitted from the final model since
they did not significantly improve the predictions of protein–
DNA binding energies. The model requires an atomic repres-
entation of protein–DNA complexes including all hydrogen
and heavy atoms. Hydrogen atoms and heavy atoms missing
from experimental structures were built using standard
CHARMM27 bond lengths and bond angles, with all rotatable
bonds connecting hydrogens to heavy atoms optimized using
Monte Carlo search with the free energy function described
above.

The DNA sequence-dependent conformational energy
model is based on the effective harmonic potential developed
in Ref. (25). The DNA conformational energy is computed as a
sum over all base pair and base step energies:

Gd ¼ wdna�bp

X
bp

E
ab
dna�bp þ wdna�bs

X
bs

E
ab
dna�bs‚ 4

where the first sum is over all base pairs in the double helical
DNA (a,b denote bases in a base pair), the second sum is over
all consecutively stacked base pair steps (a,b denote base pairs
in a base step), and wdna–bp, wdna–bs are fitting weights. Base
pairs and base steps are counted once in the 50–30 direction.
The first term in Equation 4 is necessary to enforce reasonable
base pairing in the process of DNA minimization, which occurs
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in the space of DNA torsional angles and not in the space of
effective degrees of freedom defined below. Both Edna–bs and
Edna–bp are approximated with harmonic functions (25):

E
ab
dna�bs=dna�bp

¼ 1

2

X6

i¼1

X6

j¼1

f
ab
ij dqai dq

b
j ‚ 5

where the sum runs over effective degrees of freedom {q}
(Twist, Tilt, Roll, Shift, Slide and Rise for base steps; Open-
ing, Buckle, Propeller, Shear, Stretch and Stagger for base
pairs) (26). All effective geometric parameters are calculated
as described in Ref. (27). Every set of six geometric paramet-
ers completely describes the mutual orientation of two bases or
base pairs represented as rigid bodies. dqai is a deviation of qai
from its value averaged over a set of experimental observa-
tions (DNA structures from a non-homologous set of protein–
DNA complexes): dqai ¼ qai � hqai i: The force constants f abij
are evaluated by inverting the covariance matrix of dqi

a
aver-

aged over the same set of DNA structures: f
ab
ij ¼ hdqai dq

b
j i

�1
.

All q distributions are self-consistently trimmed by remov-
ing all data points for which at least one of the geometric
parameters is more than three standard deviations away
from the average, followed by updating all averages and stand-
ard deviations. This procedure is repeated until convergence,
which usually requires 2–3 iterations and removes just a few
percent of the data points (28). A non-homologous, manually
curated set of 101 structures used in Ref. (20) was employed
to derive the force constants for the DNA conformational
potential.

Given free energies of the protein–DNA complex and its
unbound partners, the binding free energy is computed as
follows:

DG ¼ Gprot�dna � Gprot � Gdna: 6

Mutations of one or several base pairs in the binding site result
in changes of protein–DNA binding free energies:

DDG ¼ DGmut � DGwt‚ 7

where DGmut(DGwt) refers to the mutated and wild-type DNA
sequence, respectively.

Weight matrix predictions based on binding
free energies

Computation of weight matrix probabilities pi
si

requires an
assumption of the pairwise additivity of base pair energies:

DG ¼
XL

i¼1

DGi
si

‚ 8

where L is the length of the binding site in base pairs, si is the
base at position i and DGi

a is the binding energy of base a
(A, C, G or T) at position i, which is assumed to be independ-
ent of all other bases. In our model, all energy terms except for
the base step energies are explicitly pairwise independent.
However, even the energies that are pairwise independent
by construction (i.e. computed as sums over individual
atom–atom interactions) can become non-additive if con-
formational rearrangement is allowed at the protein–DNA
binding interface. Thus, it is important to check explicitly if
the energies in our model are approximately pairwise additive.

With the pairwise additivity assumption, a set of 4L pre-
dicted energies DGi

a can be converted into weight matrix
probabilities using the Boltzmann formula (29):

pi
a ¼

exp � bDGi
a

� �
P4

g¼1 exp � bDGi
g

� � ‚ 9

where b ¼ 1/RT is the inverse temperature used as a fitting
parameter [b was changed in steps of 0.25 (kcal/mol)�1 in
all fits].

Experimental datasets

Binding free energies. Table 1 collects structural data for
protein–DNA complexes with binding free energy measure-
ments available from the ProNIT database (http://dna01.bse.
kyutech.ac.jp/jouhou/pronit/pronit.html) and from the literat-
ure. Each dataset in Table 1 consists of a structure of the
protein–DNA complex and a series of binding free energy
measurements DG for wild-type and mutant DNA sequences.
In several cases, association or dissociation constants reported
by the authors were converted into binding free energies using

DDG ¼ 
 RT ln
Kmut

a‚ d

Kwt
a‚ d

 !
‚ 10

with RT ¼ 0.59 kcal/mol. In the case of the MAT a1/a2 TF,
in vivo repression levels of the heterologous reporter promoter
construct were used as a measure of binding affinity:

DDG ¼ � RT ln
Rmut

Rwt


 �
‚ 11

where R is the repression ratio in the presence and absence
of the wild-type or mutant a1/a2 binding site (30). Eleven

Table 1. Experimental binding affinity dataset

Name PDB
code

Method
(Res., Å)

DDG data
points

Organism Reference

Zif268 1aay X-ray (1.6) 15 (8) Mus musculus (42)
Zif268 1aay X-ray (1.6) 6 (6) M.musculus (67)
Zif268

D20A
1jk1 X-ray (1.9) 6 (6) M.musculus (67)

Tus 1ecr X-ray (2.7) 20 (20) Escherichia coli (68)
LacR 1efa X-ray (2.6) 5 (5) E.coli (69)
lR 1lmb X-ray (1.8) 51 (51) l-Phage (51)
TrpR 1tro X-ray (1.9) 9 (9) E.coli (70)
ER 1hcq X-ray (2.4) 7 (7) Homo sapiens (71)
CroR 6cro X-ray (3.0) 56 (56) l-Phage (52)
EcoRI 1ckq X-ray (1.85) 13 (13) E.coli (41)
Crp 1run X-ray (2.7) 15 (15) E.coli (72)
BamHI 1bhm X-ray (2.2) 23 (0) Bacillus

amyloliquefaciens
(49)

PU.1 ETS 1pue X-ray (2.1) 25 (0) M.musculus (50)
Ndt80 1mnn X-ray (1.4) 26 (0) Saccharomyces

cerevisiae
(34)

MAT a1/a2 1yrn X-ray (2.5) 54 (0) S.cerevisiae (30)
c-Myb 1mse NMR (NA) 27 (0) M.musculus (47)
AtERF1 1gcc NMR (NA) 21 (0) Arabidopsis

thaliana
(45)

For protein–DNA structures solved by X-ray crystallography, resolution (Å) is
shown in parentheses. The total number of DDG measurements are shown for
each dataset, with the number of data points used in free energy function
parameterization listed in parentheses.
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datasets in the top part of Table 1 (total of 196 data points) are
used to train the weights in the free energy function.

Binding sites and weight matrices. Table 2 collects protein–
DNA structures for which binding site data and experimental
weight matrix data are available. The Zif268 weight matrix
was taken from a selection experiment (31). The experiment
generated the G-C-G-T/g-G/A-G-G-C/a/t-G-G/T consensus
sequence, which we used to create five binding site variants
(in addition to the consensus sequence from the Zif268 struc-
ture). Binding sites and weight matrices for seven Escherichia
coli TFs were obtained from the DPInteract database (32).
For TrpR, 4 sites from DPInteract were augmented with
10 additional sites from RegulonDB (33). For Ndt80 in
Saccharomyces cerevisiae we used the weight matrix from
Ref. (34); Ndt80 binding sites were collected by searching
promoters of the genes known to be regulated by Ndt80
with the YGNCACAAAA consensus sequence. A collection
of 17 naturally occurring MAT a1/a2 binding sites plus the
synthetic consensus sequence were obtained from Ref. (30).
Eight Gcn4p sites were assembled from Ref. (35) and the
TRANSFAC database (36). Finally, binding sites and weight
matrices for the Prd homeodomain homodimer were taken
from Ref. (37), whereas binding data for the rest of Drosophila
melanogaster TFs were collected by E. D. Siggia and
E. Emberly (unpublished data).

Prediction testing

Protein–DNA interaction model based on the number of
interface atomic contacts. In order to test our DDG and PWM

predictions we developed a simple null model that exploits the
structure of the protein–DNA complex but does not require
any detailed predictions of protein–DNA energetics. This
so-called ‘contact’ model constructs a weight matrix from
the consensus DNA sequence and the number of atomic
contacts N between protein side chains and DNA base
pairs. In particular, we assume that the three non-consensus
bases occur with equal probabilities, whereas the consensus
base is favored over any non-consensus base by (N/Nmax)
if N < Nmax. If N > Nmax, the consensus base becomes
absolutely conserved:

pi
si

Nð Þ

¼
1
4

1 � N=Nmaxð Þ if N < Nmax‚ 0 if N > Nmax i 6¼ wtð Þ;
1
4

1 þ 3N=Nmaxð Þ if N < Nmax‚ 1 if N > Nmax i ¼ wtð Þ

(

12

Here pi
si

Nð Þ is the probability of the base pair type si ¼ {A, C,
G, T} in the PWM column i, wt denotes a consensus base pair
found in the protein–DNA complex at position i, N is the
number of protein–DNA base atomic contacts summed over
the base pair i (protein and DNA atoms are defined to be in
contact if they are separated by <4.5 Å; hydrogen atoms are
excluded from the counts), and Nmax is the number of contacts
above which the native base pair is always conserved. Nmax is
treated as a free parameter in the probability model.

Probabilities defined by Equation 12 are converted into
energies using:

DGi
si

Nð Þ ¼

Emax log pi
si

Nð Þ � log pi
si

0ð Þ
h i.

log pi
si

Nmax � 1ð Þ � log pi
si

0ð Þ
h i

if N < Nmax;

Emax if N > Nmax

8>>><
>>>:

13

The log pi
si

0ð Þ ¼ log 0:25ð Þ offset ensures that mutations from
the consensus sequence are not penalized in the absence of
protein–DNA contacts. The maximum energy penalty is
capped at Emax, which together with Nmax constitute the
free parameters of the model. In all contact model fits Nmax

was changed in steps of 5 kcal/mol and Emax was changed in
steps of 1.0 kcal/mol.

Significance test of PWM predictions. Statistical significance
of PWM predictions is estimated using the y-test, which is a
generalization of the well-known c2-test (38):

y p‚qð Þ ¼ 1

L

XL

j¼1

X
i¼fA‚ C‚ G‚ Tg

qj
i ln

qj
i

pj
i

2
4

3
5‚ 14

where {pj} are predicted probabilities, {qj} are experimental
frequencies and L is the length of the binding site in base pairs.
Both p and q distributions are smoothed by adding 0.05 to all
PWM entries and re-normalizing. The quality of PWM pre-
dictions is further estimated by comparing y(p, q) with the
average value of y computed for an ensemble of 10 000 align-
ments of random weight matrices pj

random to the experimental
weight matrix frequencies {qj} [hy ( prandom, q)i]. Each column
in the random weight matrix is obtained by uniformly

Table 2. Experimental binding site and weight matrix dataset

Name PDB code Method
(Res., Å)

Nseq Organism Reference

lR 1lmb X-ray (1.8) –a l-Phage (51)
CroR 6cro X-ray (3.0) –a l-Phage (52)
AtERF1 1gcc NMR (NA) –a A.thaliana (45)
c-Myb 1mse NMR (NA) –a M.musculus (47)
Zif268 1aay X-ray (1.6) 6b M.musculus (31)
Ndt80 1mnn X-ray (1.4) 8b S.cerevisiae (34)
Gcn4p 1ysa X-ray (2.9) 9c S.cerevisiae (35,36)
MAT a1/a2 1yrn X-ray (2.5) 19c S.cerevisiae (30)
EcR/Usp 1r0o X-ray (2.24) 33c Drosophila

melanogaster
(57)

Ttk 2drp X-ray (2.8) 16c D.melanogaster –
Prd(homeo) 1fjl X-ray (2.0) 15c D.melanogaster (37)
Ubx/Exd 1b8i X-ray (2.4) 4b D.melanogaster –
Trl 1yui NMR (NA) 5c D.melanogaster –
MetJ 1mj2 X-ray (2.4) 16c E.coli (32)
TrpR 1tro X-ray (1.9) 15c E.coli (32,33)
PhoB 1gxp X-ray (2.5) 16c E.coli (32)
Ihf 1ihf X-ray (2.5) 27c E.coli (32)
DnaA 1j1v X-ray (2.1) 9c E.coli (32)
PurR 2puc X-ray (2.7) 23c E.coli (32)
Crp 1run X-ray (2.7) 50c E.coli (32)

For protein–DNA structures solved by X-ray crystallography, resolution (Å) is
shown in parentheses. Nseq is the total number of aligned binding site
sequences (including the DNA sequence from the protein–DNA complex).
aPWM is obtained fromDDG data for all one-point mutations of the binding site.
bPWM is obtained separately from the bindingsites listed in the table, by SELEX
experiments or independently published surveys of genomic sites.
cAlignment of binding sites listed in the Nseq column is used to create an
experimental PWM (binding site from the protein–DNA structure is not
included into PWM; pseudocounts are set to 0.0).
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sampling four numbers in the (0,1) interval and
enforcing normalization afterwards. The difference between
hy (prandom,q)i and y (p, q) can be viewed as a measure of
success of our predictions.

RESULTS AND DISCUSSION

Binding free energy predictions

All-atom free energy models. DNA-binding proteins employ
two complementary mechanisms of binding site recognition.
The intermolecular readout mechanism is based on direct
interactions of protein side chains with DNA bases, whereas
the intramolecular readout mechanism involves sequence-
specific deformation of the DNA site by the bound protein.
We developed a free energy function that takes both these
mechanisms into account. Interactions of protein side chains
with DNA are modeled using an all-atom representation of
both protein and DNA, including all the hydrogen atoms. The
protein–DNA interaction energy is a weighted sum of terms
describing shape complementarity and packing at the inter-
face, polar interactions (electrostatics and hydrogen bonds),
van der Waals forces and solvation energies (Equation 3). The
DNA conformational energy is calculated using a reduced
geometric representation in which DNA bases and base
pairs are represented by rigid bodies and their mutual orienta-
tion serves as a measure of deviation from the B-form DNA.
The DNA conformational energy is a weighted sum of two
terms describing base pairing and stacking of consecutive base
pairs. Using this free energy function, we developed the
following approach to predicting protein–DNA binding affin-
ities. First, a suitable protein–DNA complex is identified as a
structural template for computational modeling. Second, each
novel DNA sequence (i.e. from a set for which experimental-
binding affinity measurements are available) is threaded onto
the DNA phosphate backbone with fixed DNA torsional
angles. The result of this procedure is a set of initial structural
models with novel DNA sequences. Third, binding free ener-
gies, DG, for each member of the set are computed in either of
two different ways.

One approach, which we shall call the static model, does not
allow any side chain or DNA conformational rearrangements
in the protein–DNA complex. The free energy is computed
once for each initial model, and the difference in binding
affinity between mutant and wild-type DNA sequences is cal-
culated as DDG ¼ Gmut

prot�dna � Gwt
prot�dna‚ where Gprot–dna is the

free energy of the protein–DNA complex. The relative weights
of the free energy terms in Equation 2 are found by the least-
squares fit to a set of experimentally observed protein–DNA
binding affinities. The experimental dataset used in the fitting
consists of 11 series of DG measurements with a total of 196
data points (Table 1). For each series of measurements there is
a crystal structure of the protein–DNA complex with <3.0 Å
resolution used as a template for base pair threading and
binding affinity predictions. The set of weights obtained in
this way is cross validated by removing parts of the dataset and
refitting the weights. Very similar weights are obtained in each
case (data not shown). The ratio of protein–DNA to DNA
conformational energies obtained through the least squares
fit to experimental DDG data is necessarily averaged over
protein families included in the fit. Although there are not

enough data to carry out separate fits for each protein family,
restricting the fit to proteins known to significantly bend and
twist DNA results in a larger contribution of the DNA
conformational energies.

In the other approach, called the dynamic model, we min-
imize the total free energy of the protein–DNA complex start-
ing from the initial model. The protein backbone stays fixed
during minimization, whereas the torsional angles of DNA and
interface side chains are allowed to relax (the protein–DNA
interface is defined based on amino acid-dependent distance
cutoffs). The conformational search used in Gprot–dna minim-
ization consists of 10 two-step iterations. (i) Simulated anneal-
ing of amino acid side chains at the protein–DNA interface
with side chains represented as discrete backbone-dependent
rotamers (39) on a fixed protein backbone, and frozen DNA
conformation. (ii) Continuous minimization of amino acid
side chains at the protein–DNA interface together with sim-
ultaneous conformational relaxation of DNA. Amino acid side
chains are no longer represented by rotamers at this step.

Experimental binding affinity data available to us are
insufficient to reliably fit the weights by iterations to self-
consistency when conformational rearrangement is allowed.
Instead, we obtain the weights for components of the protein–
DNA free energy function by maximizing the recovery of
native amino acid side chains at all interface positions in a
non-homologous set of protein–DNA complexes. In other
words, we adopt a strategy used in protein sequence design
in which rotamer conformations for all amino acids are sub-
stituted at all interface positions, and the probability of native
amino acids is maximized by varying the weights (20,40).
Similar to the static model, the ratio of the protein–DNA
energy to the DNA conformational energy is expected to be
protein family dependent and was estimated on average by
requiring that the typical fluctuations from the equilibrium
shape observed in the database of protein–DNA complexes
be on the order of RT: 3�ff iih�qqi

2i � RT (overbar denotes an
average over all base step/base pair types; we neglect off-
diagonal coupling of the effective degrees of freedom). The
estimated ratio of the protein–DNA to intra-DNA energies is
consistent with the non-iterative least squares fit to experi-
mental DDG data from Table 1. In the dynamic model, DDG
is calculated as DDG¼ðGmut

prot�dna �Gmut
dna Þ�ðGwt

prot�dna �Gwt
dnaÞ,

where G
mut=wt
prot�dna is the minimized free energy of the protein–

DNA complex, and G
mut=wt
dna is the reference free energy of the

unbound DNA (Gmut
prot ¼ Gwt

prot since the protein sequence is
fixed). G

mut=wt
dna is computed by continuous minimization of

the DNA conformation in the absence of the protein. Including
separately minimized unbound DNA rather than ideal B-DNA
as a reference state was found to be beneficial in most cases
where DNA was not significantly distorted from its equilib-
rium shape. However, in several more extreme cases, such as
BamHI endonuclease and the PU.1 ETS domain, local DNA
minimization in the absence of bound protein was found to be
insufficient for relaxing DNA conformation and was omitted
from the model. Better conformational sampling might be
provided by simulated annealing of DNA degrees of freedom.

Measures of prediction success and the contact model. We
use three alternative measures to assess the quality of
DG predictions: a linear correlation coefficient r, an average
unsigned error e between predicted and experimental binding
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