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Specific binding of transcription factors to DNA is crucial for gene regulation. We derived models
for the binding specificity of transcription factors of the nuclear receptor family to DNA using
two QSAR methods: a Free-Wilson-like method and COMparative BINding Energy (COM-
BINE) analysis. The analysis is based on experimental data for the interaction of 20 mutant
glucocorticoid receptor DNA-binding domains with 16 different response elements in a total of
320 complexes (Zilliacus, J.; Wright, A. P.; Carlstedt-Duke, J.; Nilsson, L.; Gustafsson, J. A.
Proteins 1995, 21, 57-67). The predictive abilities of the models obtained by the two methods
are similar. The COMBINE analysis indicates that the most important properties for
determining binding specificity for this dataset are the changes upon binding of the solvation
free energies of the bases that are mutated in the dataset and the electrostatic interactions of
the mutated nucleotides with certain charged amino acids. Further important descriptors are
the changes of solvation free energy and surface area of the side chain of the mutated residue.
It is clear, however, that there are additional features important for the specificity of binding
that are not included in the models, such as differences in interfacial hydration of the complexes.

Introduction
The glucocorticoid (GR) and estrogen (ER) receptors

are receptors for steroid hormones. They are ligand-
inducible transcription factors and members of the
nuclear receptor family which also includes receptors
for thyroid hormones, retinoic acid, and vitamin D3.1,2

These proteins have a common amino acid sequence
organization composed of discrete functional domains:
a highly conserved DNA binding domain (DBD) com-
posed of two zinc fingers and consisting of about 70
residues and a domain for transcriptional regulation.
The receptors mainly bind as dimers to partially pal-
indromic repeats of DNA.3 It is known that the DNA
binding specificity of nuclear receptors is mediated, at
least in part, by the three variable residues of a region
called the P box which is situated at the end of the first
zinc finger3 (Figure 1a).

Specific binding of the DBD of the transcription factor
to DNA is crucial for gene regulation. Clearly, the ability

to predict binding specificity would be of great value.
The factors that govern DNA-protein recognition are
complex and incompletely understood.4 Only recently
have sufficient structural data become available to begin
to derive, by statistical analysis, quantitative param-
eters for predicting binding for a set of DNA-protein
partners.5 Most previous analysis has been restricted
to computing energy differences for the binding of a
small number of protein or DNA sequences differing by
single-point mutations. This has been done using mo-
lecular dynamics simulation to sample conformation
flexibility and free energy perturbation theory for
computing relative free energies of binding (see refs 6,
7). Another approach that has been applied to protein-
DNA complexes is to compute electrostatic interaction
energies by numerical solution of the Poisson-Boltz-
mann equation and combine these with nonelectrostatic
energy terms to estimate binding free energies (see refs
8-12). These approaches are computationally intensive,
and approaches amenable to the study of large datasets
are necessary.

An alternative route to estimating binding free ener-
gies is to use not just structural information but also
information about experimentally measured activities
or binding affinities for a series of related compounds.
The use of this information both demands (because more
complexes must be studied) and enables less computa-
tionally intensive approaches to be employed. Usually
QSARs are derived by correlating information about
ligand properties, which may be three-dimensional
information, as in the CoMFA (comparative molecular
field analysis) method,13 and activity or binding data
(using partial least squares (PLS), neural networks, or
similarity indices). More recently, information about the
structure of the protein receptor has been used in QSAR
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studies. In most cases, protein structure information has
been used solely for aligning ligands prior to a CoMFA
study. In several cases, authors have correlated ligand-
protein interaction energies computed by molecular
mechanics with binding affinities.14,15 The binding free
energy is, however, rarely a linear function of binding
energy. We therefore developed the COMBINE (COM-
parative BINding Energy) analysis16,17 approach, in
which, instead of correlating the total interaction energy
of each complex with binding affinity, the interaction
energy is partitioned into fragment- and property-based
components. QSARs are derived, using PLS methods,18

relating binding free energy to a weighted sum of terms
dependent on interaction energy components describing
physical features important for binding. COMBINE
analysis is applied in this work where it is used for the
first time for a system consisting of two macromolecules.
The macromolecules are mutants of the glucocorticoid
receptor and DNA.

Zilliacus et al.19-22 studied how mutations of a few
residues in the GR and ER DBDs modulate DNA
binding specificity. The GR DBD binds as a dimer to
the glucocorticoid response element (GRE), a partially
palindromic repeat consisting of two hexameric half-
sites with a three-base-pair spacing inbetween (Figure
1b).21,23 The hexameric half-sites bound by the GR and
ER differ from each other at the two central base pair
positions, i.e., at the bases at positions 3 and 4 in the
REs (Figure 1b).24 The initial preferential binding of the
GR DBD to one of the two half-sites facilitates binding

of the dimer to the other half-site.24-26 Zilliacus et al.22

performed measurements on 20 mutants of the GR
differing in the amino acid at position 439 which is
positioned close to the two central base pairs in the RE
in the 3D structure of the GR DBD-DNA complex
determined by X-ray crystallography27 (Figure 2). They
measured how this particular mutation modulates bind-
ing affinity to 16 different REs, i.e., GREs in which the
two central base pairs were mutated to the remaining
15 combinations of the four nucleotides naturally oc-
curring in DNA. We used their functional data from a
transactivation assay performed on 320 complexes in
Free-Wilson-like QSAR analysis28,29 and COMBINE
analysis.16,17

Aim of This Study. The aim of this work is to derive
models predictive of the specificity of binding of tran-
scriptor factor DBDs to DNA REs. These models should
enable the physicochemical features that are important
for binding specificity to be elucidated, thus providing
useful insights for the design of DBD-DNA interac-
tions. The models should provide a quantitative link
between three-dimensional structural models of the
DBD-DNA complexes and the experimental observ-
ables of binding and activity. They should thus enable
objective interpretation of binding and activity data
using three-dimensional structural models.

A Free-Wilson-like analysis was performed previ-
ously on a different set of 8 GR mutants binding to four
different REs.19 The model obtained on the set of 32
objects had good predictive ability, although its inter-
pretation was complicated. We performed a similar
Free-Wilson-like analysis for the present dataset. This
analysis is fast to perform and does not require any
models of three-dimensional structures. This analysis
provided a baseline and guide for subsequent COM-
BINE analysis, with which a variety of models, depend-
ent on different properties of the system, were derived.
While predictive abilities are similar for the two meth-
ods, COMBINE analysis provides physical insights into
the factors determining binding specificity.

Methods

(0) Experimental Data. DNA binding affinities were
assigned as the logarithmic (log10) values of the activities
obtained in an in vivo transactivation assay for 320 DBD-

Figure 1. (a) Amino acid sequence of the human glucocorti-
coid receptor DNA binding domain (GR DBD). In the mutated
GR DBD for which the specificity of binding was measured,
the GR-specific residues in the P box (boxed) Ser-440 and Val-
443 are replaced with the ER-specific residues Gly and Ala,
and Gly-439 (shaded) is mutated to all possible amino acids.
(b) Sequences of the glucocorticoid (GRE) and estrogen (ERE)
response elements. The palindromic response element for
which specificity of binding of mutated GR DBDs was mea-
sured contains all possible base pair combinations (indicated
by N in the top sequence) at positions 3 and 4.

Figure 2. Ribbon diagram of a mutant DBD-DNA complex.
All atoms of the mutation sites, residue 439 (mutated to Glu)
and the central base pairs (TA, CG), are shown.
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DNA combinations.22 A previous study by Zilliacus et al.19

showed reasonable consistency between directly measured in
vitro binding affinities and the logarithmic values of the
activities obtained in a transactivation assay for similar DBD-
DNA interactions.

(I) Free-Wilson Analysis. The Free-Wilson approach
was the first QSAR procedure to be developed.28,29 In this
approach, it is assumed that biological activity can be described
by the additive properties of substituents on a basic molecular
structure. In addition to a model incorporating only additive
occupation variables, we also used a Free-Wilson-like ap-
proach incorporating association variables that was applied
earlier to a set of wild-type and mutant GR DBDs binding to
the GRE, ERE, and two intermediate sequences.19

Two different models were constructed in which DNA
binding affinities were described by: (a) 28 occupation vari-
ables (for each of the 20 possible amino acid residues at
position 439 of the DBD and each of the 4 possible pairs of
nucleotides at positions 3 and 4 of the DNA half-site) and (b)
28 occupation and 480 association variables, making 508
variables in total. The association variables consist of 160
variables describing each combination possible between an
individual nucleotide pair (at either position 3 or 4) and the
amino acid at position 439 and 320 variables describing each
combination possible between both pairs of nucleotides and
the amino acid at position 439. A value of 1 or 0 was assigned
to each variable, corresponding to the presence or absence,
respectively, of a particular residue or base(s) or combination
thereof. To determine how the amino acid residue at position
439 of the GR DBD and the base pairs at positions 3 and 4 of
the mutated GRE contribute to the DNA binding specificity,
i.e., to derive occupation and association coefficients, the values
were subjected to PLS analysis30 as implemented in the
GOLPE program.31,32 Validation of the model was performed
by two methods: (a) by cross-validation and (b) by dividing
the dataset into a training set and an external test set and
testing on the latter.

(II) COMBINE Analysis. The basis of COMBINE analy-
sis16,17 is the assumption that the protein-receptor (in our case
DBD-DNA) binding free energy, ∆G, can be approximated by
a weighted sum of n selected terms, ∆ui

sel, each describing the
change in property ui upon binding:

The weights, wi, are determined by PLS analysis18 and, if
necessary variable selection, as implemented in the GOLPE
program.31,32

The expression used in this work to provide an estimate of
the DBD-DNA binding free energy is:

where ∆uij is an intermolecular energy term between group i
in the DNA and group j in the DBD; ∆∆Ghyd

j and ∆∆Ghyd′
k are

the changes on binding of the free energy of solvation of the
side chain of residue j and of the base of the mutated nucleotide
k, respectively (see eq 3 below); ∆SAj

p and ∆SAj
np are the

changes on binding of the polar and nonpolar, respectively,
solvent-accessible surface areas of the amino acid residue j;
∆SA′i is the change on binding of the solvent-accessible surface
area of the nucleotide i; ∆Srot

j is the change on binding of the
rotational entropy of residue j; ∆Econf and ∆Econf′ are the

changes in potential energy of the protein and DNA, respec-
tively, upon binding; nDNA and nDBD are the number of
groups in the DNA and DBD, respectively; and NDNA and
NDBD are the number of residues and nucleotides in the DBD
and DNA hexameric half-site, respectively. For this study,
groups are defined as follows. Each amino acid residue except
the N-terminal one was split into two groups: side chain and
backbone; each nucleotide was split into three groups: base,
phosphate, and sugar. So the following intermolecular interac-
tion energies were considered for each residue and nucleotide
pair: side chain-base, backbone-base, side chain-phosphate,
backbone-phosphate, side chain-sugar, and backbone-sugar.

Not all terms were used in all models. The terms ∆Econf and
∆Econf′, describing the conformational changes of the molecules
on binding, were omitted from most models as they are poorly
correlated (R < 0.1) with measured activities and do not
improve predictive ability. Single conformations of each DNA,
DBD, and DNA-DBD complex were modeled with molecular
mechanics force fields and it was assumed that these are
representative of the full ensemble of structures that would
be sampled in solution. However, to treat the conformational
changes of molecules upon binding more thoroughly, a more
detailed modeling of bound and free molecules should be
performed than was possible here. The considerable size of the
system and number of complexes to be modeled prevented a
detailed characterization of conformational changes in this
case. Eriksson and Nilsson have performed simulations of the
GR DBD and two of its mutants33 and of the ER DBD,34 free
in solution and bound to the RE, and have found that 500-
1000 ps of simulation can be required to observe conforma-
tional changes in the DBDs.

(a) Building Models of the DNA-DBD Complexes.
Systems consisting of the 73-residue long mutated GR DBD
(Figure 1a) bound to 6-base pair (bp) mutants of the GRE were
modeled22 (Figure 1b). The structures of the mutated com-
plexes were derived from the crystallographically determined
structure of the rat GR DBD-DNA complex (Luisi et al., 1991).
The sequence of the rat GR DBD is identical to that of the
human GR DBD used in the transactivation assays,22 the
results of which are utilized in this work.

The mutants were modeled as follows. Residues Ser-440 and
Val-443 in the specifically bound protein monomer (DBD1)
from the crystal structure were replaced with the correspond-
ing side chains from the ER, Gly-440 and Ala-443. The
experiments were performed on mutants of this ER-GR
hybrid DBD because its binding specificity is not restricted to
the GRE. This made it possible to examine the influence of
any amino acid introduced at position 439 on specificity of
binding to different response elements. Gly-439 of this DBD
(Figure 1a) was replaced with the other 19 naturally occurring
amino acids, and the base pairs at the central positions (3 and
4, Figure 1b) of the GRE were mutated to a total of 16 different
combinations. In this way, 320 structures, one for each possible
residue/base combination, were obtained.

(b) Energy Minimization of the DNA-DBD Com-
plexes. Initially, all complexes were energy minimized for 290
steps with restraints with the CHARMM program;35 details
of the procedure are described elsewhere.22 The complexes as
well as each macromolecule on its own were further energy
minimized using the AMBER 4.0 program with the all-atom
force field.36 Minimization was performed without constraints
using a distant-dependent dielectric constant. The parameters
for the Zn2+ ion (partial atomic charge: +2e; Lennard-Jones
σ and ε parameters: 1.22 Å and 0.25 kcal/mol; Zn-S bond
length and force constant: 2.229 Å and 50 kcal/mol/Å2) were
derived from the results of MOPAC 6.0 AM137,38 calculations
using the standard procedure available in the AMBER 4.0
program. The coordinates of the DBDs, REs, and their
complexes, obtained after 30, 70, and 300 steps of energy
minimization with the AMBER program, were utilized for the
COMBINE analysis. More complete minimization was not
carried out as artifacts might be introduced because the
minimizations are done in the absence of explicit water
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molecules and for a protein monomer rather than the dimer
for which experiments were performed.

(c) Estimation of the Free Energy of Hydration. It is
known39 that the change of entropy due to release of water
molecules and ions as well as the change of conformational
entropy upon binding influence binding affinity. To estimate
the change of solvation free energy on binding, the following
procedure was adopted. For the side chains of amino acid
residues, the change in solvation free energy was calculated
using the modified Fauchere-Pliska40 values determined by
Wimley et al.41 For mutated bases, values calculated by
Kollman et al.42 and recently determined experimentally by
Shih et al.43 were used. The computed and experimentally
determined values of the relative solvation free energies differ,
but the trends are the same and the models obtained with each
of the sets of values are similar.

The following expression was used to calculate the free
energy change:

for an amino acid side chain or mutated base, i. ∆Gi
hyd is the

relative free energy of solvation of the whole side chain/base,
and SAi

T is its total solvent-accessible surface area. For amino
acids, values of ∆Gi

hyd relative to Gly in the pentapeptide
AcGG-Xi-GG 40 were used. For bases, values of ∆Gi

hyd′ relative
to thymine42 were used. For the latter, SAi

T is the solvent-
accessible surface area of the base in an isolated nucleotide
calculated with the NACCESS program.44,45 The change of the
solvent-accessible surface area per residue/base upon binding
(∆SAi) was also calculated using the NACCESS program.

Additionally, the change upon binding of the solvent-
accessible surface area of each nucleotide from the palindromic
unit of the REs and the change of polar and nonpolar surface
areas of each amino acid side chain (∆SAnp, ∆SAp) were
determined and included in the model as separate X-variables.

(d) Estimation of Side Chain Rotational Entropy. The
change upon binding of the conformational entropy, ∆Srot, of
the protein was approximated by the change in side chain
rotational entropy upon binding DNA. This was estimated by
sampling torsional degrees of freedom in the unbound and
bound DBD. The Biopolymer module of the InsightII program
package46 was used for this purpose. For each residue j:

where nRj
co and nRj

p are the number of accessible rotamers of
the residue j in a complex and in the free protein, respectively.
The cutoff energy for considering a rotamer as accessible was
1000 kcal/mol. Other cutoff energies were tested, but the
results were similar.

(e) Data Preparation for PLS Analysis with the GOLPE
Program. The matrix of X-variables contained 320 rows (1
for each complex) and 10541 columns assigned as follows:
1-5148, van der Waals interaction energies between the
groups (∆uij); 5149-10296, electrostatic interaction energies
between the groups (∆uij); 10297-10367, ∆∆Gj

hyd per amino
acid residue j; 10368-10371, ∆∆Gk

hyd′ per mutated base k;
10372-10517, ∆SAj

p and ∆SAj
np for each residue j; 10518-

10537, ∆SAi′ per nucleotide i (for the mutated nucleotides, the
base, sugar, and phosphate groups were considered sepa-
rately); 10538-10539, ∆Srot

439 (the change of rotational entropy
of residue 439) and ∆Srot

T; 10540-10541, ∆Econf and ∆Econf′.
Models were constructed using either the whole set of

X-variables described above or subsets of it. When both inter-
and intramolecular interactions were considered, a different
matrix of X-variables containing 32105 columns was used,
which included the columns listed above and additional
columns to describe intramolecular energy terms.

The 1D Y-matrix was the same as for the Free-Wilson
analysis and consisted of 320 logarithmic values of activities
from in vivo transactivation assays.22

(f) Chemometric Analysis of the Data. (i) Before PLS
analysis, the data were pretreated using different proce-
dures: zeroing (X-variables, i.e., columns in the X-matrix, with
values below a certain threshold were eliminated), applying a
minimum standard deviation cutoff (columns in the X-matrix
with a standard deviation below a certain threshold were
eliminated), and block scaling using block unscaled weights32

(the X-matrix was divided into blocks of related data, with
blocks scaled either so that the same total weight was given
to each or so that differences in weights between blocks of
variables were reduced) or autoscaling (the X-matrix was
transformed so that each column of data had an average of 0
and a standard deviation of 1).

(ii) PLS18 statistical analysis was performed to derive models
and determine the variables that are the most important for
specificity of binding.

(iii) The models were subjected to internal and external
validation. For internal validation, cross-validation using 5
random groups and 20 randomizations as implemented in the
GOLPE program32 was used. The predictive ability of a model
was characterized by SDEP and Q2 values:

where Y is experimental activity, Y′ is predicted activity, 〈Y〉
is the average experimental activity, and N is the number of
DBD-DNA complexes. External validation was performed for
test sets of objects. In addition, the predictive ability of the
models was checked in computations with Y-values scrambled
and with Y-values assigned random numbers.

(iv) To extract the most predictive X-variables, variable
selection was performed for some models by fractional factorial
design (FFD) as implemented in the GOLPE program; 2-3
cycles of FFD were performed according to the improvement
in Q2 computed by the cross-validation procedure described
above. Dummy variables were introduced with the ratio of true
variables to dummies set to 4:1 and a design combinations-
to-variables ratio of 2:1. Variables which were determined to
be noise were excluded and uncertain variables were retained.

(g) Datasets Used in the Analysis. Besides the models
obtained for the entire set of 320 objects (complexes), models
were also derived for reduced data sets. The 289- and 41-object
datasets were selected based on the results of the Free-Wilson
analysis (see Results section). Further datasets were selected
according to the chemical properties of the mutated residue
in the DBD.

Results
(I) Free-Wilson Analysis. (a) 320-Object Dataset.

Free-Wilson QSAR analysis was performed in order to
determine how the amino acid residue at position 439
of the GR and the base pairs at positions 3 and 4 of the
GRE mutants contribute to DNA binding specificity.
The results are summarized in Table 1.

The Y-variable is the logarithmic value of the level of
transactivation observed in yeast cells expressing DBDs.
In the model, the mean Y-value is normalized to 0. Thus,
a positive coefficient indicates that a particular X-
variable improves binding, while a negative coefficient
indicates the negative influence of the X-variable on
binding. The X-variables that mainly determine the first
latent variable (LV), which is the only significant
component of the model, are the nucleotide occupancy
variables: the presence of T and A at positions 4′ and
3′, respectively, of the RE improves binding, while the
presence of G and C at any of these positions decreases

SDEP ) x∑(Y - Y′)2

N
(5)

Q2 ) 1 -
(Y - Y)2

∑(Y - 〈Y〉)2
(6)

∆∆Gi
hyd ) ∆Gi

hyd(∆SAi/SAi
T) (3)

∆Sj
rot ) ln

nRj
co

nRj
p

(4)
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binding (Figure 3). The second LV is mainly determined
by the type of amino acid at position 439 of the DBD.
The presence of Trp improves binding, while the pres-
ence of Ile or Leu decreases binding. This is in accord
with the attractive interactions between Trp and G and
C at positions 3 and 4 noted earlier by Zilliacus et al.22

It is also consistent with the observation that removal
of the two highest activity objects, Trp-GT and Trp-GC,
from the dataset reduced the contribution of the second
LV and the highest Q2 value (0.40) was obtained with
one LV. The same is valid after further removal of the
next highest activity object, Tyr-GT. The most important
association variable is Glu-C4′ which positively defines
the second LV. This interaction is present in the ER-
ERE complex. Its identification is also in agreement
with the specific and attractive hydrogen-bond interac-
tion found between a Glu side chain at residue 439 and

a C base at nucleotide 4′ when using the COMBINE
procedure (see below).

Although after FFD X-variable selection, the number
of X-variables was reduced to 313, the distribution of
X-variables in the partial weight plot of the first and
second LVs did not change significantly. The main
difference is that the Glu-C4′ association variable
becomes less important in the partial weight plots of
these LVs. However, the number of LVs for which the
predictive ability of the model reaches a maximum
increased after variable selection from two to three, and
the third LV is mostly determined by the Glu-C4′
variable (positively) and by the Glu-T4′ variable (nega-
tively).

The Free-Wilson model derived for the 320-object
dataset with only the 28 occupancy variables fits the
data less well and is slightly less predictive than the
models derived with both occupancy and association
variables.

(b) Reduced Datasets. While the models derived
with the 320-object dataset are robust to scrambling of
Y-values or using random Y-values, predictive ability
is limited. However, after removing the 31 objects with
the lowest predictive ability from the original set of data,
leaving 289 objects, the internally cross-validated Q2

values of all models improved (e.g. for 508 X-variables,
Q2 changed from 0.42 to 0.54; see Table 1). Similar
improvement is noticed in the COMBINE model when
switching from the entire dataset to this reduced dataset
(see below). The majority of the objects excluded from
the reduced dataset have extreme values of activity,
mostly low, suggesting that they are likely to provide
less reliable data points.

By further reduction of the number of objects, i.e., by
selecting only the 41 objects for which very good
predictive ability is obtained with the Free-Wilson
model, it was possible to obtain a model with excellent
fit and very high internal predictive ability that is
robust to scrambling of activities or using random
activities (e.g. for 508 X-variables, Q2 ) 0.86, SDEP )
0.24; see Table 1). When this reduced dataset was then
used in COMBINE analysis, models with similar inter-
nal predictive ability were obtained (see Table 4 below).
The predictive ability of this Free-Wilson model was
tested on four datasets: the entire dataset, the 289-
object dataset, and external datasets with 279 and 248
objects. The latter two datasets are complements of the
41-object dataset to the entire dataset and to the 289-
object dataset, respectively. The respective SDEP values
determined for these datasets with the model derived
for the 41-object dataset using 508 variables are 0.59,
0.50, 0.63, and 0.53. These values are similar to the
internal SDEP values determined for the 320- and 289-
object datasets. Similar results are obtained using
COMBINE analysis (see below). Thus the 41-object
dataset appears to represent the full dataset well and
with less “noise”. It contains most of the DBDs (16 out
of 20), and a majority of the response elements (13 out
of 16) are present. Missing are complexes with Arg, Asp,
Glu, and Leu and those with response element nucle-
otides 3′ and 4′ being CG, AG, and TC.

After FFD X-variable selection on models derived with
the reduced datasets, the number of LVs for which the
maximum internal predictive ability of the model is

Table 1. Predictive Performance of the Free-Wilson-like
Models

Na Yb Xc LVd SDEP Q2 SDEC R2

320 L o + a (508) 2 0.58 0.42 0.43 0.68
320 L o + a (508f313)e 3 0.53 0.51 0.50 0.75
320 S o + a (508) 1 0.67 0.22 0.62 0.33
320 R o + a (508) 1 0.45 -0.20 0.35 0.26
320 L o (28) 2 0.59 0.41 0.54 0.50

289 L o + a (508) 1 0.51 0.54 0.46 0.62
289 L o + a (477f408)e 1 0.50 0.55 0.46 0.61
289 S o + a (508) 1 0.67 0.22 0.62 0.33
289 R o + a (508) 1 0.47 -0.25 0.38 0.17
289 L o (28) 1 0.51 0.54 0.49 0.57

41 L o + a (508) 3 0.24 0.86 0.04 0.99
41 L o + a (134f130)e 3 0.24 0.87 0.04 0.99
41 S o + a (508) 1 0.68 -0.05 0.37 0.65
41 R o + a (508) 1 0.41 -0.27 0.24 0.57
41 L o (28) 3 0.15 0.95 0.08 0.98

a Number of complexes. b Activity: L ) logarithmic (base 10)
value of the measured activity, S ) scrambled logarithmic activi-
ties, R ) random numbers. c Free-Wilson-like X-variables: o )
occupation (28), a ) association (480). The number of X-variables
is given in parentheses. d Number of LVs giving highest value of
Q2. Note that for models derived with the 320-object dataset only
the first LV is significant, and for the 41-object dataset only two
LVs are significant. For both datasets, adding one further LV
results in an increase of only ca. 0.02 in the value of Q2. e Model
obtained after FFD variable selection with the number of selected
variables shown after the arrow.

Figure 3. Partial weight plot for the X-variables and the
activity (Y) in the first two LVs obtained for the entire dataset
by Free-Wilson QSAR analysis for the model listed first in
Table 1.
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obtained remains unchanged, and the internal and
external predictive abilities of the models change little.

The dominant X-variables in the models derived for
the reduced datasets are, as for the models for the entire
dataset, nucleotide occupation at positions 3′ and 4′ with
A and T positively and C and G negatively defining the
first LV. This finding is in accord with the results
obtained by Plaxco and Goddard.47 They found that any
protein-DNA complex that excludes solvent from the
base pairs will select AT (or TA) because of shielding of
the thymine methyl group from solvent. However, the
second LV in the model obtained for entire dataset and
the second and third LVs in the model obtained for the
289-object dataset are defined by the amino acid oc-
cupation variables as well.

(II) COMBINE Analysis. (a) Sensitivity of COM-
BINE Models to Implementation Parameters. To
derive a reliable 3D-QSAR model, different atomic
coordinates, types of pretreatment, variable selection,
and datasets were evaluated.

(i) Influence of structure optimization on the
predictive ability: To check the influence of structural
optimization on the models, the complexes (objects)
optimized by 30, 70, and 300 energy minimization steps
with the AMBER 4.0 program were analyzed. The
quality and the structure of the QSAR models without
intramolecular interaction energy terms are similar for
the datasets with 320 objects optimized with 30 and 70
steps. The models obtained for the dataset with objects
optimized with 300 steps have a slightly different
structure, and their fitting and predictive abilities are
lower. However, when both inter- and intramolecular
interactions were used, models with similar predictive
ability were obtained for all three datasets. Overall, the
models were best with the coordinates optimized with
the 70-step energy minimization, and these were used
for subsequent models.

(ii) Influence of different variable pretreat-
ments on the predictive ability: Pretreatment was
performed to reduce noise by zeroing and imposing a
minimum standard deviation cutoff; i.e., the X-variables
with low absolute values (e0.1) and standard deviations
(e0.05) were excluded from the PLS analysis. This
reduced the number of X-variables (from ca. 10000 to
ca. 300) so that the model could be subjected to the FFD
variable selection procedure and the degree of uncer-
tainty introduced by the modeling procedure could be
minimized. This pretreatment had no significant influ-
ence on the predictive ability and structure of the
models. Indeed, the X-variables selected as important
in the COMBINE models have absolute values and
variances that are at least several times the cutoff
thresholds; thus variables of small magnitude or vari-
ance are not overemphasized in the models.

Autoscaling does not improve predictive performance
in any model. Application of block unscaled weights
results in models for all datasets with similar internal
predictive performance but fewer latent variables than
models derived without scaling. A range of block scaling
parameters was tested. Both default scaling factors
between blocks and more conservative choices of scaling
factors were tested, but this choice rarely resulted in
significant changes in external predictive measures or
the structure of the models, and the models with the

best external predictive ability were chosen. The great-
est scaling factor was applied to the free energy of
solvation block: scaling factors of 3-10 (default value)
times the factor for the block of intermolecular energy
terms were used. Block scaling with electrostatic and
van der Waals interactions treated as separate blocks
of X-variables did not improve the predictive ability of
models. The results of the PLS analysis performed
separately on van der Waals and electrostatic interac-
tions show that the predictive ability of the former
interactions is lower than of the latter (see Table 2).
However, block scaling with the van der Waals and
electrostatic interactions as one block has a positive
effect on the predictive performance of the models. The
relative importance of different kinds of X-variables in
these models is better balanced and physically more
justified when block scaling is performed. The predictive
ability of these models is higher for a few LVs than when
block scaling is not used and is robust as tested by
scrambling of the activity data, as illustrated for the
ISA model in Table 2.

(iii) Variable selection: Variable selection by the
FFD strategy was performed for selected models, and
it improved their performance. For most of the models
derived from all datasets, it resulted in reduction of the
optimal number of LVs (see, e.g., the IG model in Table
2). For models derived for the reduced datasets (289 and
41 objects), variable selection also increases both inter-
nal and external predictive performance; see, e.g.,
Figure 4. For the 41-object dataset, variable selection
has a greater positive effect on models excluding in-
tramolecular terms than models including them.

(iv) Datasets considered: Three datasets were
considered in detail: the full 320-object dataset and the
reduced datasets of 289 and 41 objects. The objects in
the reduced datasets were selected on the basis of the
results of the Free-Wilson QSAR analysis and are the
same as in the reduced datasets in the Free-Wilson
analysis. Further datasets were selected on the basis
of the chemical properties of the mutated residue in the
DBD.

The main structure of the partial weight plots for the
models derived for the 289-object dataset is very similar
to that determined for the entire dataset. For the models
obtained for the 41-object dataset, similarity exists but
the parameters related to residues other than that
mutated are more important in these models. Models
obtained with the 41-object dataset were tested on the
entire dataset and the 289-object dataset as well as
external datasets which are complements of the 41-
object dataset to these: the 279- and 248-object datasets.
The external SDEPs for these datasets are similar or
slightly better than those determined internally, using
the same models (Table 4). This is in accord with the
observation that the main structure of the models, i.e.,
the part of the model described with only the first few
LVs (up to 5), is similar for all datasets considered. Note
that the exclusion of the highest activity objects does
not influence the robustness of the models: the 289-
object dataset lacks the two highest activity objects (Trp-
GT and Trp-GC) and the 41-object dataset lacks the
three highest activity objects (Trp-GT, Trp-GC, and Tyr-
GT). Some models were also derived with a 317-object
dataset consisting of the full dataset with the three
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highest activity objects removed. The performance and
structure of the models did not change significantly from
that of models for the full dataset.

(b) COMBINE Models Derived Without Intramo-
lecular Energy Terms as X-Variables. The best
COMBINE model, which we name the IGSA model for
the X-variables contributing to it (see Tables 2-4), was
obtained by using three blocks of X-variables: the
partitioned van der Waals and electrostatic intermo-
lecular interactions, the change in the free energy of
solvation, and the change in solvent-accessible surface
area terms. Addition of terms describing the change of
side chain rotational entropy per residue did not im-
prove predictive ability (see Tables 2-4), and after
variable selection, side chain rotational entropy terms
did not appear as important X-variables. We first

describe the I0 models which have only intermolecular
interaction energy terms, as do models in other applica-
tions of the COMBINE method,16,17,48,49 and thus pro-
vide reference models. Then we describe the effect of
adding other X-variables to the models.

(i) I0 models (intermolecular energy terms only):
Only models derived without data scaling are dis-
cussed, as separate block scaling of the partitioned elec-
trostatic and van der Waals intermolecular energy
terms decreases predictive ability (see above). Without
variable selection, the I0 models have low predictive
ability when fewer than 6 LVs are considered, but their
predictive ability increases steadily with the number
of LVs (Table 2), indicating that the specificity of
binding of transcription factors to DNA is a complex
process.

To determine the structure of the X-variables and the
distribution of objects based on it, we performed prin-
cipal component (PC) analysis. In the score plot of the
first and second PCs, the complexes with Arg and Lys
at residue 439 are distinguished from those with Glu
and Asp in the first PC and the other complexes are
clustered inbetween (Figure 5). Among the complexes
with Glu and Asp at residue 439, those with a DNA RE
with cytosine at position 4′ are separated, primarily in
the second PC, from all the others. This is probably
because a hydrogen bond is formed between the cytosine
base and the carboxylic group of the residue. In the score
plot of the third and fourth PCs, the complexes are
evenly distributed and there is no clustering in the
middle of the plot (not shown).

The main PCs and the most important LVs are
described with the same X-variables. In all I0 models,
the first two LVs and PCs are defined mainly by the
following interactions: electrostatic and van der Waals
SC439-B4′ (side chain of residue 439 in DBD-base of

Table 2. Predictive Performance of the COMBINE Models Derived with the Complete 320-Object Dataset

model
identifier pretreatmenta

FFD
var sel Yb

vdw
interc

ele
interc

vdw
intrad

ele
intrad ∆∆Ghyd e ∆SAf ∆Srot g LVh SDEP Q2 SDEC R2

i P L + 4 0.73 0.08 0.71 0.14
i P L + 4 0.65 0.27 0.62 0.33
I0 P L + + 5 0.65 0.27 0.61 0.36
I0 P L + + 13 0.58 0.42 0.48 0.60
I0 P + L + + 5 0.60 0.38 0.56 0.47
IG PB L + + + 5 0.60 0.38 0.57 0.45
IG PB L + + + 11 0.57 0.44 0.51 0.54
IG PB + L + + + 5 0.57 0.43 0.54 0.49
ISA P L + + + 5 0.69 0.21 0.63 0.30
ISA PB L + + + 5 0.66 0.26 0.62 0.35
ISA P L + + + 13 0.56 0.45 0.50 0.57
ISA PB L + + + 13 0.56 0.46 0.49 0.59
ISA PB S + + + 7 0.71 0.13 0.67 0.24
IGSA PB L + + + + 5 0.59 0.40 0.55 0.47
IGSA PB L + + + + 10 0.56 0.46 0.50 0.55
IGSA PB + L + + + + 4 0.57 0.44 0.54 0.50
IGSASrot PB L + + + + + 4 0.60 0.38 0.56 0.45
IGSASrot PB + L + + + + + 4 0.59 0.40 0.56 0.46
II0 P L + + + + 5 0.59 0.40 0.55 0.48
IIG PB L + + + + + 7 0.57 0.44 0.52 0.53
IIGSA PB + L + + + + + + 5 0.59 0.41 0.53 0.51

a Types of X-variable pretreatment: P, zeroing (0.1) and minimum standard deviation cutoff (0.05) (for detailed explanation, see Methods
section); B, block scaling of X-variables with the van der Waals and electrostatic interactions considered as one block. b Activity: L )
logarithmic and S ) scrambled values of measured activity. c Intermolecular van der Waals and electrostatic interactions. d Intramolecular
van der Waals and electrostatic interactions. e Changes of the free energy of solvation (per amino acid residue and mutated base). f Changes
of the surface area (per amino acid residue and nucleotide). g Changes of the rotational entropy of the mutated amino acid residue and
the DBD. h Number of LVs; when the SDEP continues to steadily decrease as the number of LVs exceeds 8, values are given for the
model with the lowest determined SDEP and the model with 5 LVs. i Coordinates after a 70-step energy minimization was used for all
models except those marked, for which coordinates after 30 steps of energy minimization were used.

Figure 4. Development of predictive measures during deriva-
tion of the IGSA model as a function of the number of LVs.
Key: fitted R2, dashed line; internal cross-validated Q2, solid
line; variable selection, before - thin line, after - thick line.
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nucleotide 4 in the upper part of the half-binding site),
electrostatic SC439-S4′ (sugar 4′), and van der Waals
SC439-B3′ interactions (Figure 6a). With refinement
of the structures by 300-step energy minimization with
the AMBER program, LV 1 is additionally defined by
the electrostatic SC439-S3′, SC470-P2′ (phosphate
group of nucleotide 2′), and SC470-P3′ interactions. The
electrostatic interactions between the zinc ion and the
4′ sugar and phosphate groups also contribute to LVs

1-4. LVs 3 and 4 are also defined by the electrostatic
and van der Waals interactions between SC439 and the
sugar and phosphate groups of nucleotides 3′ and 4′ and
the electrostatic interactions between the side chain of
Lys-442 and the bases of the mutated nucleotides
(Figure 6b).

The structure of the partial weight plots for the 289-
object dataset is almost identical to that for 320 objects.
In contrast, in the partial weight plot of the first two
LVs for the 41-object dataset, the electrostatic interac-
tion energy SC447-B3′ appears as important. The same
term appears as important in the partial weight plot of
LVs 3 and 4 for the most energy-minimized (300 steps)
dataset for 320 objects after variable selection. From
analysis of the loading plots, it can be seen that the more
energetically optimized a dataset is, the more amino
acid residues appear as important for the specificity of
binding; i.e., their importance for discriminating be-
tween different REs increases. The reason for this is
that conformational differences between complexes
increase with the amount of minimization.

After variable selection for the 320-object dataset (70-
step energy minimization), not only terms relating to
the mutated components but also other terms, such as
for the electrostatic interactions between the Zn2+ ion
and nucleotide 4′ and between the bases of the mutated
residues and the side chains of the residues Glu-427,
His-432, Lys-442, Lys-446, Arg-447, Glu450, and Arg-
470, appear as important descriptors (Figure 7). Inter-
actions involving residue 439 only become important in
LVs 3 and 4. Consistent with these data, in the crystal
structure27 and during MD simulations,50 Lys-442 and

Table 3. Predictive Performance of the COMBINE Models for the 289-Object Dataset

model
identifier pretreatmenta

FFD
var sel Yb interc intrad ∆∆Ghyd e ∆SAf ∆Srot g LVh SDEP Q2 SDEC R2 SDEPi

I0 P L + 7 0.57 0.42 0.52 0.52
I0 P + L + 5 0.52 0.52 0.48 0.58 0.57
IG PB L + + 7 0.53 0.50 0.49 0.56
IG PB + L + + 4 0.52 0.52 0.50 0.57 0.56
ISA PB L + + 7 0.54 0.47 0.49 0.57
IGSA PB L + + + 4 0.53 0.51 0.49 0.56
IGSA PB + L + + + 5 0.50 0.55 0.46 0.61 0.56
IGSASrot PB + L + + + + 4 0.52 0.52 0.48 0.58 0.58
II0 P L + + 4 0.51 0.53 0.48 0.59
IIG PB + L + + + 4 0.51 0.54 0.48 0.58 0.59
IIGSA PB + L + + + + 3 0.52 0.52 0.49 0.57 0.55

a-h See the corresponding footnotes in Table 2. i SDEP for the entire 320-object dataset.

Table 4. Predictive Performance of COMBINE Models for the 41-Object Dataset

model
identifier pretreatmenta

FFD
var sel Yb interc intrad ∆∆Ghyd e ∆SAf ∆Srot g LVh SDEP Q2 SDEC R2 SDEP(320, 279, 289, 248)

I0 P L + 5 0.52 0.29 0.18 0.81 0.69, 0.74, 0.65, 0.70
I0 P L + 13 0.34 0.71 0.07 0.99
I0 P + L + 4 0.28 0.81 0.15 0.95 0.60, 0.66, 0.52, 0.59
IG PB1 L + + 7 0.29 0.78 0.17 0.93 0.66, 0.71, 0.58, 0.63
IG PB1 + L + + 5 0.17 0.93 0.12 0.97 0.58, 0.62, 0.50, 0.53
ISA PB1 L + + 5 0.49 0.39 0.30 0.77 0.72, 0.76, 0.68, 0.73
ISA PB1 + L + + 5 0.30 0.76 0.17 0.93 0.60, 0.64, 0.53, 0.56
IGSA PB1 L + + + 5 0.27 0.80 0.18 0.92 0.62, 0.66, 0.52, 0.56
IGSA PB1 + L + + + 5 0.15 0.94 0.10 0.98 0.59, 0.63, 0.50, 0.54
IGSASrot PB1 + L + + + + 4 0.19 0.91 0.12 0.97 0.61, 0.65, 0.53, 0.57
II0 P L + + 5 0.13 0.96 0.08 0.98 0.61, 0.65, 0.50, 0.54
II0 P + L + + 5 0.12 0.97 0.08 0.98 0.61, 0.65, 0.50, 0.54
IIG PB1 + L + + + 5 0.12 0.97 0.08 0.98 0.61, 0.65, 0.50, 0.54
IISA PB1 + L + + + 2 0.13 0.96 0.10 0.98 0.61, 0.65, 0.51, 0.55
IIGSA PB1 + L + + + + 4 0.12 0.96 0.09 0.98 0.61, 0.65, 0.50, 0.54

a-i See corresponding footnotes in Tables 2 and 3. In the last column, SDEP values are given for the 320-, 279-, 289-, and 248-object
datasets, respectively. The 279- and 248-object datasets are external datasets.

Figure 5. Distribution of the complexes in the score plot of
the first and second PCs of the I0 model obtained for the entire
dataset by COMBINE analysis. Encircled objects are labeled
by the identity of residue 439. XC represents a response
element with cytosine at the 4′ position.
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Arg-446 form direct contacts with the REs, and Arg-
470 is connected to DNA via water molecules.

(ii) IG, ISA, and IGSA models (intermolecular
interaction energy with free energy of solvation

and/or solvent-accessible surface area terms): The
IG, ISA, and IGSA models have better predictive ability
than the I0 model for all datasets considered when block
scaling is applied (Tables 2-4).

In the IG model for the full dataset, LV 1 is described
mainly by the decrease upon binding of ∆∆Ghyd

3′ and
∆∆Ghyd

4′, as expected from the results of the Free-
Wilson model. LV 1 is also defined by ∆∆Ghyd

3 in the
41-object dataset model. LVs 3 and 4 are additionally
described by ∆∆Ghyd

4, ∆∆Ghyd
439, and the electrostatic

SC439-B4′ and SC439-B3′ interaction energies. The
negative change of the free energy of solvation of the
bases upon binding is correlated with increasing activity
in this model. Thus, the score in the first LV results in
complexes with AT nucleotide pairs predominantly
having the highest activity and those with GC nucle-
otide pairs having the lowest activity.

In the ISA model, the most important LVs are
described by the changes of the solvent-accessible
surface areas of the mutated nucleotides and the
mutated amino acid residue and the electrostatic inter-
action energy between the mutated amino acid residue
and the mutated base B4′.

The IGSA models with block scaled X-variables have
better internal and external predictive ability than the
IG and the ISA models (see Tables 2-4). The internal
predictive ability of the model for the entire 320-object
dataset steadily increases with the number of LVs and
reaches its maximum (before variable selection) for 10
LVs (SDEP ) 0.56, Q2 ) 0.46; Table 2). However, the
lowest SDEP (0.53, Q2 ) 0.51) in the 289-object dataset
is obtained with only 4 LVs (Table 3). Thus, as for the
Free-Wilson model, the maximum predictive ability of
the IGSA model for the 289-object dataset is reached
with fewer LVs than for the entire dataset. However,
the X-variables that have a high influence on the models
are very similar for these datasets (Figure 8). The
important X-variables in the IGSA model are those
already mentioned for the I0 and IG models and, in
addition, the changes of the solvent-accessible surfaces
areas of the mutated bases, the nucleotide 2′, and the
mutated amino acid 439.

After FFD variable selection, the internal and exter-
nal predictive abilities of the models improved (Tables
2 and 4) and the distribution of X-variables in the
partial weight plots changed. As for the I0 model
obtained after variable selection, the importance of the
terms (intermolecular interaction energy, hydration free
energy, and solvent-accessible surface area) related to
the mutated amino acid residue decreases and the
importance of the terms related to the charged amino
acid residues (Glu-427, Lys-442, Lys-446, Arg-447, Glu-
450, Arg-470, and Arg-477) increases (Figure 8). How-
ever, the terms related to solvation of the mutated bases
remain as important X-variables. In the IGSA model,
the terms describing the change of the solvent-accessible
surface area of the mutated nucleotides, mainly the
mutated base pair B4-B3′ and nucleotide 2, are impor-
tant X-variables before and after the FFD variable
selection. However, the terms describing the change of
the solvent-accessible surface area of the mutated
residue (∆SAnp

439, ∆SAp
439) disappear from the partial

weight plots of the IGSA model after variable selection

Figure 6. Partial weight plot for the X-variables and the
activity (Y) in (a) the first two LVs and (b) the third and fourth
LVs of the I0 model obtained for the entire dataset by
COMBINE analysis.

Figure 7. Partial weight plot for the X-variables and the
activity (Y) in the first two LVs of the I0 model obtained for
the entire dataset by COMBINE analysis after variable
selection.
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and the term ∆SAp
447 appears as an important X-

variable instead.
Only the models derived with the 41-object datasets

could be tested on large external test sets (see Table 4).
The correlation coefficient between experimental and
predicted activities for the IGSA model derived for the
41-object dataset is 0.75 for the 289-object dataset and
0.65 for the 320-object dataset. For the complement
external datasets, the correlation coefficients are 0.73
for the 248-object dataset and 0.62 for the 279-object
dataset. Predicted activities are plotted against experi-
mental activities in Figure 9.

(c) COMBINE Models Including Intramolecular
Energy Terms as X-Variables. It was noticed that the
conformational energy of the complex as well as of the
hexameric DNA binding half-site alone is quite well-

correlated with the logarithmic value of the activity (R
∼ 0.5). However, neither the change in the total con-
formational energy of the DNA and the protein upon
binding nor its components are correlated with the
logarithm of the activity (R < 0.1). Inclusion of the latter
energies into models does not improve their predictive
ability (data not shown). In contrast, inclusion of the
conformational energy of the complex into models
increases their predictive ability. Because of this, we
decided to use the partitioned intramolecular energy of
the complex in the COMBINE analysis. Physically, this
quantity is not expected to be directly related to the free
energy of binding, although recent data have shown that
the binding energy of a molecule to a protein with a
loose structure can derive in part from changes occur-
ring within the protein.51

(i) II0 models (inter- and intramolecular inter-
action energy terms only): The predictive abilities
of the II0 models are, when considering the smaller
number of LVs, significantly higher than that of the I0
models (see Tables 2-4). The predictive performance is
similar to that of the IG and IGSA models, i.e., models
obtained using ∆∆Ghyd terms.

In the II0 model, the most predictive variables are
the electrostatic and van der Waals intramolecular
interaction energies between the paired bases of the
mutated nucleotides. However, it is not the decrease of
intramolecular interaction energies but the increase
that is correlated with activity. Obviously, the predictive
performance of these variables is not directly related
to their physical meaning but points to an implicit effect,
presumably the hydration free energy of the mutated
bases and the conformational change of the DNA. LV 2
of the II0 model is additionally described by the elec-
trostatic intermolecular SC439-B4′ and the intramo-
lecular B4′-S4′ and B3-S3 interaction energies. LVs 3
and 4 are defined by both the DNA and the protein
intramolecular interaction energy terms as well as by
the electrostatic intermolecular interaction energies
between the mutated amino acid residue and other

Figure 8. Normalized weighted coefficients for the most
important X-variables in the IGSA model for the 289-object
dataset before (hatched) and after (filled) variable selection.
Normalization is performed with respect to the largest coef-
ficient for each model.

Figure 9. Plot of predicted against experimental log activities
computed with the IGSA model derived with the 41-object
dataset and applied to the external 248-object complement
dataset.
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predominantly charged amino acid residues and the
mutated nucleotides.

The score in LV 1 results in complexes in which both
mutated nucleotide pairs are AT having high activity
and those in which both pairs are CG having low
activity. The other complexes are inbetween, but the
complexes with T or A at position 4′ are predicted to
bind more strongly than those with T or A at position
3′. Thus, the presence of nucleotides A and T in the RE
enhances binding. This was also found in the IG and
IGSA models and in the Free-Wilson models, although
in the II0 and the Free-Wilson models, discrimination
of the complexes on the basis of the identity of the
mutated nucleotides is more apparent than in the IG
and IGSA models.

From inspection of the score plots obtained by PC
analysis, it is obvious that the mode of interaction of
the DBD and DNA also strongly depends on the identity
of the mutated residue. Arg and Lys at the mutated
residue have the opposite effect on activity to Asp and
Glu, and these charged amino acids are distinguished
from other amino acids. Further discrimination between
complexes shows that the binding specificity depends
largely on the identity of the mutated bases and on
intermolecular electrostatic interactions between the
DNA and some charged DBD residues.

FFD variable selection does not significantly increase
the predictive ability (internal or external) of the II0
model. In addition, the most important X-variables, the
electrostatic intramolecular energy terms, B3-B4′, B4-
B3′, B4′-S4′, and B3-S3, remain unchanged upon
variable selection.

(ii) IIG, IISA, and IIGSA models (with inter- and
intramolecular interaction energy terms and com-
binations of free energy of solvation and/or solvent-
accessible surface area terms): The internal and
external predictive abilities of these block scaled models
are, for all datasets, similar to that of the II0 model
(Tables 2-4). The first LV of the block scaled IIG model
is described by the ∆∆G3′ and ∆∆G4′ values, negatively,
and by the electrostatic intramolecular interaction
energies B4′-B3 and B3′-B4, positively (see Figure 10).
As expected, the negative change in free energy caused
by the replacement of an AT (or TA) pair by CG (or GC)

is correlated with the positive change of the intramo-
lecular interaction energy between the paired bases.
Accordingly, the score plot of LV 1 and activity is the
combination of corresponding PLS plots of the IG and
the II0 models.

In the IISA model, LV 1 is predominantly determined
by the electrostatic B3-B4′ and B4-B3′ interactions
and LV 2 is mostly defined by the changes of surface
area of the mutated amino acid residue (polar and non-
polar) and nucleotides. In the partial weight plot of LVs
3 and 4, X-variables that appear as important are the
electrostatic interaction energies between the side chain
of the mutated residue and the mutated nucleotides.

FFD variable selection has no significant influence
on the predictive performances of all these models.
Important X-variables besides the electrostatic intramo-
lecular energy terms, B3-B4′, B4-B3′, B4′-S4′, and
B3-S3, are terms (∆∆G3, ∆∆G4, ∆SAB3, ∆SAB3′, ∆SAnp

443,
and ∆SAnp

446) describing the free energies of hydration
and solvent-accessible surface areas of the mutated
bases and some charged amino acid residues.

Discussion

The best COMBINE model for all the datasets ana-
lyzed is obtained by using the partitioned intermolecular
interaction energies, the free energy of solvation, and
the solvent-accessible surface area terms (IGSA model).
In this model, the most predictive X-variables, obtained
after FFD variable selection which significantly in-
creases its internal and external predictive abilities, are
the electrostatic energy terms describing the intermo-
lecular interaction between the mutated nucleotides,
mostly their bases, and the mutated residue 439, the
Zn2+ ion, and the side chains of the amino acid residues,
Glu-427, Lys-442, Lys-446, Arg-447, Glu-450, Arg-470,
and Arg-477, the change of solvation free energies of
the mutated bases B3′ and B4′, and the change of the
solvent-accessible surface areas of the B4-B3′ base pair
and the bases 2 and 5 (Figure 8). The same X-variables
appear as predictive after variable selection in the
COMBINE models that include additional X-variables
such as intramolecular energy and side chain rotational
entropy. Inclusion of the latter did not improve the
predictive abilities of the models, and after variable
selection, side chain rotational entropy terms disap-
peared from the partial weight plots of the low LVs. On
the other hand, addition of the solvation free energy
term to any combination of X-variables generally in-
creases the predictive ability of the model.

Comparison of the Free-Wilson and COMBINE
models shows a similarity between the former and the
IG and II0 models. The first LV in all these models is
determined by the mutated nucleotides: in the Free-
Wilson model by the occupancy variables of the mutated
nucleotides, in the IG model by the change of the free
energy of solvation of the mutated bases, and in the II0
model by the electrostatic intramolecular interaction
energies between the mutated base pairs. The presence
of either A or T at the mutation sites is predicted by all
these models to enhance binding. The physical meaning
of these variables is most clear in the IG model.
Apparently, for the set of transcription factor DBDs
considered in this work, the change of the free energy
of solvation of the DNA is a dominant influence on the

Figure 10. Partial weight plot for the X-variables and the
activity (Y) in the first two LVs of the IIG model obtained for
the entire dataset.
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specificity of binding. Eriksson and Nilsson6 estimated
the difference in Gibbs free energy of three different REs
in solution and in complex with the GR DBD. They
found that the affinity of the GRE decreases after
replacement of the T3A4′ base pair with the C3G4′ base
pair. This is consistent with more beneficial desolvation
of the GRE(T3A4′), and the likelihood that this is due
to the thymine methyl group is supported by the study
of Plaxco and Goddard.47 The COMBINE analysis also
shows that this is probably due to the hydrophobic
thymine methyl group as the partial weight plots of the
IIG model show that an increase of the intramolecular
electrostatic energy between paired bases is accompa-
nied by a decrease of the free energy of the mutated
bases and correlates with an increase in activity. How-
ever, the specificity of binding is defined by other phys-
ical features as well. In the majority of models obtained
before variable selection, the electrostatic interaction
between SC439 and B4′ is the dominant interaction
energy term. In addition, other electrostatic (as well as
some van der Waals) interaction energies between
different groups of the mutated nucleotides and the side
chain of the mutated residue, a few other charged amino
acid residues and the Zn2+ ion, often appear as impor-
tant. The importance of intramolecular terms in the II0
model also hints at the important role of conformational
changes of both DNA and the DBD for specificity of
binding. This would be consistent with a recent study
of transcription factor-DNA binding.33,34 Note, however,
that interactions of the protein backbone rarely appear
as important X-variables in the models indicating that
the protein-DNA recognition mechanism for this sys-
tem is direct rather than indirect readout.

For the dataset we studied in the present work,
binding affinities were not available, so instead we used
in vivo transactivation capacities. Although the authors
of the previous QSAR analysis19 found that in vivo
transactivation capacity is generally consistent with the
level of in vivo DNA binding in their dataset, this might
not be true for the entire dataset that we used. Better
predictions of the experimental values for the 320- and
289-object datasets are obtained with the models de-
rived for the 289- and 41-object datasets, respectively,
than with the model derived on the larger dataset itself.
Consistent with this, for 4 models for each physico-
chemical class of amino acids at residue 439 (neutral,
alkyl, positive, negative), models with internal predic-
tive Q2 values up to 0.5 could be obtained for all residue
types except “negative” (i.e. Asp and Glu) for which no
predictive models could be derived. Moreoever, of the
20 models for each residue type, the worst model, which
was not predictive, was for Asp. Complexes containing
Asp and Glu at position 439 are absent from the 41-
object dataset. While this may point to some systematic
errors in structural modeling or energy computation, it
is worth noting that most of the complexes omitted in
the 289-object dataset had low activities, pointing to the
presence of noise which obstructs derivation of a model
with good predictive performance for the entire dataset.
On the other hand, from comparison of the previous
Free-Wilson analysis19 with our Free-Wilson analysis,
it seems that the identity of residue 439 is not sufficient
to define the specificity of binding of transcription
factors to DNA. It would not be surprising that binding

specificity is more completely defined in Free-Wilson
analysis with the set of complexes analyzed in ref 19
with DBDs in which three variable positions were
considered: 439, 440, and 443, than within the set of
complexes with the DBDs varying only at position 439.

Kosztin et al.52 performed MD simulations of two ER
DBD-DNA systems, one consisting of the ER DBD
dimer and the consensus segment of DNA and the other
including the dimer and the nonconsensus segment of
DNA. Comparing these two systems, they found that
binding specificity is the result of a network of protein-
DNA hydrogen bonds (direct and water-mediated). The
protein residues identified in the network are Glu-439,
Lys-442, Lys-446, Arg-447, Arg-470, Lys-471, and Arg-
477. These residues were also identified as making
protein-DNA hydrogen bonds in simulations of the ER
DBD-ERE system by Eriksson and Nilsson.34 Some of
these residues, particularly Lys-442, Arg-447, and Arg-
470, appear as important variables in our COMBINE
models.

In the investigations presented here, we have not
included explicit water molecules that, according to MD
simulations of the ER DBD-DNA,52 the GR DBD-
DNA,50 and mutants of the GR DBD-DNA33 complexes,
play an important role in the binding of transcription
factor DBDs to DNA. The effects of ionic strength are
also neglected here, and it has been demonstrated that
this can have a substantial effect on electrostatic
interactions in protein-DNA complexes.8,10 In addition,
we neglected the effect of cooperativity of binding of the
GR DBD dimer to DNA. In vivo, the GR binds to DNA
as a dimer, and Eriksson and Nilsson33 found that even
point mutations in the DBD region determined to be
the most important for the specificity of binding (P box)
significantly influence the conformations of the residues
that form the protein dimer interface in the GRE-(GR
DBD)2 complex.

Inclusion of explicit water molecules as well as
detailed conformational analysis that would allow better
detection of differences in conformational changes upon
formation of different complexes would certainly im-
prove our model. Bearing these limitations in mind, we
conclude that the specificity of binding of the transcrip-
tion factor DBDs studied to DNA is largely determined
by the energetic cost of DNA desolvation and is tuned
by intermolecular electrostatic interactions and confor-
mational changes. The most important interactions are
those between mutated bases and the mutated residue
(439), the Zn2+ ion, and the side chains of charged
residues Lys-442, Lys-446, Arg-447, and Arg-470.
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