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ABSTRACT
Rigid-body methods, particularly
Fourier correlation techniques, are very efficient
for docking bound (co-crystallized) protein conformations using measures of surface complementarity as the target function. However, when docking
unbound (separately crystallized) conformations,
the method generally yields hundreds of false positive structures with good scores but high root mean
square deviations (RMSDs). This paper describes a
two-step scoring algorithm that can discriminate
near-native conformations (with less than 5 Å RMSD)
from other structures. The first step includes two
rigid-body filters that use the desolvation free energy and the electrostatic energy to select a manageable number of conformations for further processing, but are unable to eliminate all false positives.
Complete discrimination is achieved in the second
step that minimizes the molecular mechanics energy of the retained structures, and re-ranks them
with a combined free-energy function which includes electrostatic, solvation, and van der Waals
energy terms. After minimization, the improved fit
in near-native complex conformations provides the
free-energy gap required for discrimination. The
algorithm has been developed and tested using
docking decoys, i.e., docked conformations generated by Fourier correlation techniques. The decoy
sets are available on the web for testing other
discrimination procedures. Proteins 2000;40:525–537.
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INTRODUCTION
The goal of predictive protein docking is to obtain a
model for the bound complex from the coordinates of the
unbound component molecules.1 The ability to predict
whether and how two proteins are likely to interact would
be an immensely useful tool in the analysis of biochemical
processes. However, the problem is clearly a very difficult
one if little or no information on the binding site is
available, as the search must explore the very large
configurational space of potential complex conformations.2
Current methods that address the above problem are
based on the rigid body approximation, whereby the
proteins are treated as solid objects.1,3– 6 Such methods
can explore vast numbers of docked conformations, evalu©
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ating a simple function that describes the geometric fit or
surface complementarity of each structure, possibly allowing for some overlap. The approach is very successful when
docking bound (co-crystallized) protein conformations. In
this case the structures ranked at the top are generally in
the correct orientation, provided a sufficiently dense grid is
used in the calculation.7,8 However, the situation is very
different when docking unbound (independently crystallized) conformations of the component proteins. Due to the
incorrect conformations of some key side chains in the
binding site, all near-native structures may have relatively poor surface complementarity, and hence the higher
ranked conformations are frequently false positives, i.e.,
structures with good score but high root mean square
deviation (RMSD). While we discuss this problem in the
context of Fourier correlation docking methods which have
generated considerable interest in recent years7,8,10 –18 it
has also been well-documented in conjunction with other
rigid-body docking techniques, including the geometric
hashing system by Fisher et al.,6 and the bit-mapping
algorithm of Palma et al.9
Substantial efforts have been devoted to the development of methods for screening the docked conformations in
order to eliminate the false positives. In the simplest case
this involves re-ranking the structures using scoring functions that attempt to measure the affinity of the proteinprotein association in the given conformation. Such functions include solvation potentials, empirical atom-atom or
residue-residue contact energies, and continuum electrostatics.19 –24 For example, Jiang and Kim5 measured the
affinity of protein-protein interactions by counting the
number of favorable and unfavorable pairwise interactions defined for six atom types, whereas Wallqvist and
Covell25 derived a free energy approximation from observations of surface burial of various atom pairs across the
interface of known enzyme-inhibitor complexes.
More complex procedures have also been developed
combining several functions and, in some cases, the refinement of the interacting surfaces. Jackson and Sternberg20
optimized the positions of polar hydrogens and removed
some steric overlaps before calculating the electrostatic
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free energy by the Poisson-Boltzmann equation. This same
group developed a more elaborate refinement of protein
interfaces, including a mean-field representation of sidechain rotamers and a Langevin dipole solvation model.23
More recently, they added a filter based on an empirical
residue-residue potential.24 Weng et al.21 applied a systematic side-chain conformational search before calculating
the binding free energies using an empirical free-energy
potential. Palma et al.9 used a neural network to optimize
a scoring function that incorporated terms representing
geometric complementarity, electrostatic interactions, desolvation free energy, and pairwise propensities of amino
acid side chains.
The above methods improve the ranking such that some
near-native conformations (with less than 5 Å RMSD) are
generally within the top hundred or even within the top
ten structures.23,24,9 However, for most complexes the
highest ranked structures are still false positives with
large RMSD from the native. Thus, in spite of all efforts
and the relative sophistication of some of the scoring
functions, no currently available technique has been reported that reliably discriminates near-native conformations from the other structures generated by rigid-body
docking techniques.26 The failure to eliminate all false
positives is clearly a major drawback to practical applications of predictive protein docking, and may be partially
responsible for the fact that, in spite of the computer
programs available on the web,12,13,17 protein-protein
docking is rarely used in applications. A notably successful
exception is predicting the interaction domain for cytochrome c on cytochrome c oxydase,27 which was shown to
be consistent with and explanatory of experimental results
in a companion paper.28
In this paper we show that the discrimination problem
can be solved by putting together, in a novel way, computational elements that are already available in the literature, and can be easily added to the existing programs. The
resulting procedure discriminates near-native docked conformations from other structures in two simple and computationally efficient steps. The first step includes two,
distinct rigid-body filters that select a manageable number
of conformations (one thousand or less) for further processing. While this is a realistic goal that has been achieved by
a number of scoring methods reported in the literature,
most current work is directed toward further improving
the potentials in order to eliminate all false positives
which, we argue, can not be achieved within the framework of the rigid-body approximation. In fact, improving
the specificity of a scoring function also increases its
sensitivity to the differences between bound and unbound
protein conformations, and the quality of discrimination
does not necessarily improve.
Complete discrimination is achieved in the second step
of the scoring procedure, and is due to two factors. The first
factor is the application of a free-energy function that
combines molecular mechanics with an empirical solvation model. The second factor is the extensive refinement
of the docked conformations by energy minimization preceding the free-energy evaluation. Before the minimization, the van der Waals energy is very sensitive even to

very small overlaps, and hence provides little or no information on the overall geometry of a docked structure. Since
the minimization removes such overlaps, the van der
Waals energy becomes highly correlated with RMSD, and
including it in the free-energy function substantially improves the discrimination.
As we mentioned, the above computational elements can
be found in the literature, but have not been used in the
context described here. For example, Shoichet and Kuntz19
and Cherfils et al.29,30 minimized the energy of conformations obtained by rigid-body docking, and also performed
solvation calculations, but did not attempt to incorporate
these terms into a single free-energy expression for improved scoring. Weng et al.21 studied the conformations
generated by Shoichet and Kuntz19 and improved their
results by minimizing the structures (including the search
for some side-chain conformations), followed by freeenergy evaluation. However, they failed to include the van
der Waals term in the expression. A scoring function,
similar to the one we will describe here, has been used by
Totrov and Abagyan31 in a quasi-global Monte Carlo
minimization. In this work we substantially simplify the
calculation by exploiting the fact that rigid-body methods
can generate near-native conformations, and no further
search is necessary. Since both rigid-body docking and
local minimization are very efficient, computer time requirements are substantially reduced compared to traditional flexible-docking methods.
The discrimination procedure has been developed
using two powerful analysis tools. The first is the
systematic mapping of electrostatic and desolvation
interactions between two proteins. This helped us to
understand the complementary roles of these two contributions to the binding free energy, as well as the limitations
of the rigid-body approximation. The second tool is testing
the algorithm using specially generated docking decoys.
Decoy studies have been extensively employed in the
development of potentials for protein fold discrimination
and structure prediction32–35 but much less in the context
of docking. An early example we already mentioned is the
set of protease-protein inhibitor conformations generated
by Shoichet and Kuntz.19 The appeal of the decoy approach
is shown by the facts that, shortly after their publication,
these structures have been re-examined by two other
groups who were able to improve the discrimination using
empirical free-energy functions.20,21 Using Fourier correlation methods it is now possible to generate more challenging sets of docking decoys, and we hope that the analysis of
such decoys will result in improved scoring algorithms.
MATERIALS AND METHODS
Empirical Free Energy Functions
The scoring function we use is based on a free energy
potential that combines a molecular mechanics energy
with empirical solvation terms.21,36 –39 The potential has
been developed for the calculation of the binding free
energy ⌬G ⫽ Grl ⫺ Gr ⫺ Gl, where Grl, Gr, and Gl denote
the free energies of the receptor-ligand complex, the free
receptor, and the free ligand, respectively. In the most
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TABLE I. Protein Complexes Studied
Co-crystallized structures
PDB code
1cho
1ppf
2sni
2sni
2kai
1brs
1brs
1mlc
2ptc
2ptc
2cgi

Receptor

Unbound structures

Charge

Ligand

Charge

␣-chymotrypsin
H. Leuk. elastase
Subtilisin novo

⫹3
⫹11
⫺1

OMTKY
OMTKY
Chymotrypsin inh. 2

Kallikrein A
Barnase

⫺17
⫹2

PTI
Barstar

⫹5
⫺5

0
0
0

Fab D44.1 (Antibody)
Trypsin

⫺3
⫹6

Hen egg lysozyme
BPTI

⫺3
⫹6

Chymotrypsinogen

⫹4

HPTI

⫺1

general case the binding free energy is calculated by the
expression
⌬G ⫽ ⌬Eelec ⫹ ⌬Evdw ⫹ ⌬Gdes ⫹ ⌬Eint ⫺ T⌬Ssc ⫹ ⌬Gother (1)
where ⌬Eelec and ⌬Evdw denote the changes in the electrostatic and van der Waals energy, respectively; ⌬Gdes is the
desolvation free energy, ⌬Eint is the internal energy change
due to flexible deformations (including bond stretching,
angle bending, torsional and improper energy terms), and
⌬Ssc is the loss of side-chain entropy upon binding. The
last term, ⌬Gother, accounts for translational, rotational,
vibrational, and cratic effects.40,41 Since ⌬Gother is a weak
function of the size and shape of the interacting proteins20,36,42– 44 it will be considered constant.
The above free energy expression can be substantially
simplified when used for docking or scoring. Since Gr and
Gl are constant (i.e., they do not depend of the conformation of the complex), in an arbitrary reference state ⌬G ⫽
Grl. The constant ⌬Gother is also dropped. Furthermore, we
assume that ⌬Eint is small compared to the other terms in
the free energy expression, and hence can be neglected.36,42– 48 This condition is trivially met in rigid-body
association. Since ⌬G ⫽ Grl, ⌬Eelec and ⌬Evdw denote the
electrostatic and van der Waals energies of the complex.
These terms are calculated using version 19 of the Charmm
potential49 with polar hydrogens only, and with the distance-dependent dielectric of ⑀ ⫽ 4r.
The expression ⌬Gdes ⫺ T⌬Ssc is replaced by the atomic
contact energy term ⌬GACE. The atomic contact energy37
(ACE) is an atomic level extension of the quasichemical
potential of Miyazawa and Jernigan.50 In ACE the local
interactions are given by ¥i¥jeij, where the sum is taken
over all atom pairs that are less than 6 Å apart.37 The term
eij denotes the atomic contact energy of interacting atoms i
and j, and it is defined as the effective free-energy change
when a solute-solute bond between two atoms of type i and
j, respectively, is replaced by solute-solvent bonds. Although the atomic contact energies were estimated by a
statistical analysis of atom pairing frequencies in highresolution protein structures rather than in complexes, the
function has been used to calculate the contribution
⌬Gdes ⫺ T⌬Ssc to the binding free energy in a number of
applications. For example, the binding free energies, calcu-

PDB code

PDB code

5cha
1ppg
1sbc
1sup

2ovo
2ovo
2ci2
2ci2

1bao
1a2p
1mlb
2ptn
2ptn
1chg

1bta
1a19
1lza
6pti
4pti
1hpt

lated for nine protease-inhibitor complexes were typically
within 10% of the experimentally measured values.37
With the above simplifications the free energy function
given by Eq. 1 is reduced to the form
⌬G ⫽ ⌬Eelec ⫹ ⌬GACE ⫹ ⌬Evdw.

(2)

The function is often further simplified by assuming van
der Waals cancellation. According to this assumption, the
solute-solute and solute-solvent interfaces are equally
well-packed, and hence the intermolecular van der Waals
interactions in the bound state are balanced by solutesolvent interactions in the free state,20,42– 44,51–53 reducing
the free energy to
⌬G ⫽ ⌬Eelec ⫹ ⌬GACE.

(3)

We will assume van der Waals cancellation as a first-order
approximation when evaluating the binding free energy of
docked conformations in the rigid-body analysis. This
approximation is necessary if no energy minimization is
performed, because the docked conformations are not
completely free of steric conflicts, resulting in wildly
varying ⌬Evdw values. Since the correlation between ⌬Evdw
and the RMSD is close to zero, in the rigid-body analysis
the van der Waals term is not much more than some high
frequency noise. However, the minor overlaps can be easily
removed by the minimization, and ⌬Evdw becomes an
important part of the free-energy function in the second
step of the discrimination algorithm.
Mapping of Electrostatic and Desolvation
Interactions
We have recently reported the systematic mapping of
the electrostatic energy ⌬Eelec and the desolvation free
energy ⌬GACE on a grid over the entire configurational
space of diffusion-accessible encounter complexes.54 In
these encounter complexes the two proteins are brought
together to a zero surface-to-surface distance, but extensive surface contacts are not necessarily established. Freeenergy maps have been constructed for four complexes
using bound protein conformations. In this paper we
perform similar calculations for five complexes (1cho, 2sni,
1ppf, 1mlc, and 1brs) using the unbound structures of the
component proteins, listed in Table I. The results will
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provide the fundamentals for the discrimination procedure.
To describe the relative orientation of two proteins in an
encounter complex, a coordinate system is placed at the
receptor’s center of mass such that the positive x axis is
facing toward the binding site. We use two Euler angles, 
and , to describe the position of the ligand in this
coordinate system, and three more, l, l, and l, to specify
the orientation of the ligand around its own center of mass.
The free energy components ⌬Eel and ⌬GACE are calculated on a grid in the space of these five Euler angles, while
keeping the surface-to-surface distance between the two
molecules at zero.
Docking Decoys
The construction of protein decoys used in the development of potentials for structure prediction usually involves
the partial unfolding of the native conformation, either by
high-temperature molecular dynamics or by introducing
small random perturbations into nonregular fragments of
the protein.32–35 It is far from obvious how to generate
decoys for the analysis of docking unbound protein conformations. We use two types of decoys, one obtained by
docking unbound protein structures, and the other by
fitting the unbound proteins to the complex and then
introducing perturbations.
The decoys that will be referred to as Type I have been
developed by Vakser,13 and are available at the website
http://reco3.musc.edu/. The decoy sets include a few nearnative conformations among a large number of false
positives with good surface complementarity, and hence
are highly suitable for testing scoring functions. The false
positives have been generated by docking the unbound
component structures, shown in Table I, for the complexes
1cho, 2sni, 1brs, 2ptc, and 2cgi. The docking was carried
out by the GRAMM program13 at high resolution (grid size
1.2 Å, rotational step size 12°). For each complex, the top
95 structures were selected as decoys. Each set also
includes the “native” conformation, obtained by superimposing the unbound proteins over the complex, as well as
four near-native conformations, obtained by superimposing the unbound proteins over good matches of the bound
structures. In order to remove substantial overlaps, we
slightly minimized the native and near-native structures
by performing 20 adopted basis Newton-Raphson (ABNR)
steps with the Charmm potential. The van der Waals
energies still varied widely after the minimization, and did
not distinguish the near-native complexes from the decoys.
Type II decoys have been generated in our laboratory
and are available at the website http://engpub1.bu.edu/
bioinfo/MERL. The decoys have been designed to test if,
after minimization, the combined free-energy potential
⌬G ⫽ ⌬Eelec ⫹ ⌬GACE ⫹ ⌬Evdw can correctly rank
near-native conformations within 10 Å RMSD from the
native complex. These decoys have been generated for five
complexes (1cho, 1ppf, 2sni, 2kai, and 1mlc) by starting
with the best fit of the unbound protein structures to the
complex (generally less then 1.5 Å RMSD), and then
perturbing the location and orientation of the ligand by
small random translations and rotations. Prior to free

energy evaluation, the structures have been minimized for
500 ABNR steps using the Charmm potential. As we will
show, the RMSD’s of the resulting conformations are
evenly distributed between 1 Å and 8 Å, with a few
structures deviating up to 10 Å.
Scoring Algorithm
The first step of the scoring procedure includes two rigid
body filters (Steps 1a and 1b), based on ⌬GACE and ⌬Eelec,
respectively. As we will show, the filters generally reduce
the number of conformations to be retained for further
processing. The second step involves the Charmm minimization of the filtered conformations, followed by an evaluation of the free energy ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw.
The details of the procedure are as follows:
Step 1a
We calculate the desolvation free energy ⌬GACE for all
docked conformations, and retain only the conformations
min
min
for which ⌬GACE ⬍ GACE
⫹ CACE, where ⌬GACE
is the
lowest ⌬GACE value found, and CACE is an empirical
threshold. In this work CACE ⫽ 5 kcal/mol, but this value
is likely to be adjusted in the light of future results. We
consider ⌬GACE rather than the sum ⌬Eelec ⫹ ⌬GACE
because the desolvation component exhibits much lower
sensitivity to small changes in the atomic positions than
the electrostatic energy, ⌬Eelec. Thus, the differences between the bound and the unbound states affect ⌬Eelec more
than they affect ⌬GACE, and we try to utilize the relatively
error-free information, provided by ⌬GACE, for the selection of potentially good conformations.
Step 1b
The free-energy maps indicate that some complexes
with oppositely-charged component proteins may be primarily stabilized by strong electrostatic interactions.54
For the docked conformations of such complexes we calculate the electrostatic energy ⌬Eelec and select all conformamin
min
tions for which ⌬Eelec ⬍ ⌬Eelec
⫹ Celec, where ⌬Eelec
is
the lowest ⌬Eelec value found, and Celec is an empirical
threshold. We use Celec ⫽ 10 kcal/mol, but will adjust this
value after solving more problems. The selected conformations are retained for further analysis, together with the
ones selected in Step 1a.
Step 2
We minimize the Charmm energy of the retained docked
conformations by applying a relatively large number of
steps (500 to 1,000) of the adopted basis Newton-Raphson
(ABNR) minimization algorithm using the distancedependent dielectric function ⑀(r) ⫽ 4r, and rank the
minimized structures according to the free energy expression ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw. Notice that in this
decoy study we minimize all 100 structures in each set, not
only the ones that would be retained after the rigid body
filtering.
RESULTS AND DISCUSSION
Electrostatic and Desolvation Free Energy Maps
Electrostatic and desolvation free energy maps, constructed for bound protein conformations,54 have already
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TABLE II. Ranking of Ten Best Binding Pockets of 4 Å RMSD Clusters of Encounter Complexes
for Five Independently Crystallized Structures†

Ranking


Degrees

5cha and 2ovo (Complex: 1cho)
1
80
80
2
100
100
3
80
60
4
90
70
5
80
70
6
60
100
7
70
110
8
70
50
9
60
70
10
90
60
1ppg and 2ovo (Complex: 1ppf)
1
70
70
2
80
70
3
90
100
4
90
100
5
60
80
6
80
70
7
90
80
8
90
70
9
110
90
10
130
130
1bao and 1bta (Complex: 1brs)
1
100
120
2
90
110
3
80
90
4
90
100
5
90
90
6
120
130
7
130
130
8
80
110
9
90
100
10
90
120

⌬GACE
⌬ECoul
Kcal/mol


RMSD Å

ⴚ1.84
ⴚ0.93
ⴚ1.08
ⴚ1.33
ⴚ1.22
0.32
ⴚ1.44
0.33
ⴚ1.91
ⴚ0.81

ⴚ2.66
ⴚ2.36
ⴚ2.19
ⴚ1.84
ⴚ1.93
ⴚ3.33
ⴚ1.39
ⴚ3.13
ⴚ0.71
ⴚ1.77

8.6
18.9
23.7
21.7
21.5
19.0
23.5
25.9
26.1
18.1

ⴚ4.42
ⴚ3.11
ⴚ3.33
ⴚ2.82
ⴚ3.36
ⴚ3.31
ⴚ3.12
ⴚ2.78
ⴚ2.77
ⴚ1.52

ⴚ0.09
ⴚ1.24
ⴚ0.98
ⴚ0.98
ⴚ0.14
ⴚ0.18
ⴚ0.31
ⴚ0.39
ⴚ0.26
ⴚ1.42

21.4
20.7
17.3
19.1
23.9
19.3
10.9
17.0
16.4
29.8

5.55
3.05
4.64
2.31
4.12
4.11
1.76
4.19
4.29
4.31

ⴚ5.77
ⴚ5.54
ⴚ5.37
ⴚ5.21
ⴚ5.00
ⴚ4.74
ⴚ4.35
ⴚ4.06
ⴚ3.94
ⴚ3.80

19.4
16.8
14.1
12.3
5.9
28.3
29.2
18.7
19.1
20.3


Degrees

⌬GACE
⌬ECoul
Kcal/mol

1sbc and 2ci2 (Complex: 2sni)
90
90
ⴚ3.18
130
130
ⴚ3.59
80
80
ⴚ3.00
90
80
ⴚ3.14
100
80
ⴚ2.88
50
130
ⴚ2.73
50
110
ⴚ1.81
50
60
ⴚ2.63
50
90
ⴚ2.04
60
130
ⴚ2.40
1mlb and 1lza (Complex: 1mlc)
90
80
ⴚ2.06
90
70
ⴚ1.83
100
100
ⴚ1.86
80
90
ⴚ1.94
80
80
ⴚ1.78
110
120
ⴚ1.58
90
80
ⴚ1.14
110
80
ⴚ1.36
110
60
ⴚ1.45
90
100
ⴚ1.40

RMSD Å

ⴚ0.11
0.44
ⴚ0.13
0.04
ⴚ0.02
ⴚ0.14
ⴚ1.02
ⴚ0.16
ⴚ0.60
ⴚ0.15

9.7
30.6
11.1
13.3
11.5
32.9
29.5
30.9
28.0
31.4

ⴚ0.14
ⴚ0.18
ⴚ0.15
0.04
0.02
0.00
ⴚ0.43
ⴚ0.20
ⴚ0.05
ⴚ0.05

15.6
18.2
20.9
15.0
15.8
30.8
15.1
23.1
29.2
15.4

†
Ranking is according to the average value of ⌬GACE ⫹ ⌬Eelec for all but the 1bao/1bta complex, which was ranked by ⌬Eelec. In the standard Euler
angle representation the complex structure is located at (, ; l, l, l) ⫽ (90°, 90°; 0°, 0°, 0°), where the first two angles correspond to the position
of the center of the ligand, and the last three to its relative orientation. The center-to-center distance of the encounter complexes is constrained to
the position of first contact between the VDW surfaces of the molecules (no overlaps). Mapping was done for a total of 355,014 encounter
complexes corresponding to only half the surface of the receptor and ligand, i.e., (, ) ⫽ [40°, 50°, . . . , 140°] and l ⫽ [0°, 10°, . . . , 90°] (and l
and l were sampled every 20°). Different binding pockets have a pairwise RMSD of 8 Å or more.

been reported. For the purposes of this paper it is important to note that these maps show two different types of
behavior. If the receptor and the ligand have weak charge
complementarity (i.e., the proteins have few charges, or
one of them is neutral), then the desolvation free-energy
map exhibits a well-defined minimum with a broad region
of attraction. By contrast, in the case of oppositely-charged
proteins, a region of low electrostatic energy surrounds the
binding site. Desolvation provides some added adhesion,
and for molecules with strong electrostatics, the best
predictor of the binding site is the minimum of the
desolvation free energy within the region of low electrostatic energy. The main point is that either the desolvation
free energy (in the neutral case), or the electrostatic
energy (in the strongly-charged case) has a well-defined
minimum that provides approximate information on the
relative orientation of the two molecules even before a
tight complex is formed.

The results of examining desolvation and electrostatic
maps, constructed for five complexes using unbound protein conformations, are summarized in Table II. For each
protein pair the table shows the ten lowest energy regions,
defined by clusters of encounter complexes within 8 Å of
each other. Notice that for each (, ) pair we show only the
lowest ⌬Eelec and ⌬GACE values. Ranking is based on the
sum ⌬G ⫽ ⌬Eelec ⫹ ⌬GACE for all but the 1brs complex,
which was ranked by ⌬Eelec. As we mentioned, in terms of
the Euler angles the native complex is located at (, , l,
l, l) ⫽ (90°, 90°, 0°, 0°, 0°), where the first two angles
correspond to the position of the center of the ligand, and
the last three to its relative orientation (see Materials and
Methods).
As shown in Table II, for the weakly-charged complexes
the desolvation free energy ⌬GACE has relatively low
values close to the binding site at ( ⫽ 90°,  ⫽ 90°),
whereas for the charged complex 1brs the electrostatic
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Fig. 1. Rigid-body docking of BPTI and trypsin. A. Surface complementarity ranking of the top 1,000
conformations obtained by docking the bound protein structures (PDB entry 2ptc). B. The free energy ⌬GACE ⫹
⌬Eelec of the docked conformations shown in part A as a function of the RMSD from the native complex. C. The
free energy ⌬GACE ⫹ ⌬Eelec, calculated for the top 10,000 conformations obtained by docking the unbound
trypsin and BPTI structures (2ptn and 6pti).

energy ⌬Eelec has a number of minima around this point.
However, unlike in the case of bound conformations, these
minima are not global, and similar or even lower values
are reached at other locations. For example, using the
bound conformations of barnase and barstar (1brs), the
electrostatic energy was shown to have a global minimum
of ⫺9.2 kcal/mol close to binding site.54 With unbound
proteins (PDB structures 1bao and 1bta), we find a local
minimum, ⌬Eelec ⫽ ⫺ 5.0 kcal/mol at ( ⫽ 90°,  ⫽ 90°)
(see Table II). The cluster with the lowest electrostatic
energy, ⫺5.77 kcal/mol, is at 19.4 Å RMSD from the native.
In the uncharged complexes 1cho and 2sni, ⌬GACE has a
well-defined global minimum around the binding site if the
bound protein conformations are used in the calculation.54
The use of unbound structures, 5cha/2ovo and 1sbc/2ci2,
raises the ⌬GACE value for these near-native encounter
complexes, which then cease to be global minima. The
⌬GACE map is particularly complex for the antibodyantigen complex 1mlb-1lza, where the cluster closest to the
binding site at 13.45 Å RMSD ranks 40th, although the
lowest free-energy region is not much further (15.66 Å). In
summary, we conclude that for unbound conformations
neither the desolvation free energy nor the electrostatic
energy can definitely predict the binding site, and hence
are unable to eliminate all false positives.
In Figure 1 we present some results for trypsin and
BPTI in order to emphasize the difference between docking bound and unbound protein conformations. Figure 1A
shows the surface complementarity ranking of the top
1,000 conformations obtained by docking the bound structures (PDB entry 2ptc), using a Fourier correlation docking method as implemented in the program DOT.12 We
used a grid step of 1 Å and an angular step of 12°. At this
low resolution the surface complementarity ranking is not
very good, even for the bound structure, and the first
near-native structure ranks 90th. However, as shown in
Figure 1B, the free energy function ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec
provides excellent ranking of the same docked conforma-

tions, with a well-defined docking “funnel” at the binding
site, and an almost 20 kcal/mol free-energy gap between
near-native and other conformations.
Bound and unbound protein structures frequently differ
in the conformations of some key side chains in the binding
site, and this can dramatically change the result of the
docking. Figure 1C shows ⌬GACE ⫹ ⌬Eelec for the top
10,000 structures, obtained by docking unbound conformations of trypsin and BPTI (PDB entries 2ptn and 6pti,
respectively). The DOT program12 was used with the same
parameters as in the docking of the bound conformations.
Figure 1C emphasizes the two new problems we are
likely to encounter when docking unbound proteins. First,
there are very few “hits”, i.e., docked conformations with
low RMSD from the native complex. In particular, for 2ptn
and 6pti the lowest RMSD is 4 Å, and this structure is
ranked 9,067th. Second, there is no well-defined docking
“funnel” around the binding site. Thus, the free energy
⌬GACE ⫹ ⌬Eelec does not fully discriminate between
near-native and other structures, and simply re-scoring
the conformations using a free-energy function can not
eliminate all false positives. However, some partial affinity is retained close to the binding site, and hence ⌬GACE
and ⌬Eelec still provide some structural information, particularly when used separately. The rigid-body filtering
step of our discrimination algorithm will exploit this
remaining affinity for reducing the number of conformations.
Rigid-Body Analysis
Figures 2 and 3 show ⌬GACE and ⌬Eelec, respectively, as
functions of the RMSD for the five Type I decoy sets, each
containing 100 structures. The five near-native structures
are indicated by circles. As expected, the correlations
between the free-energy terms and the RMSDs are not
fully discriminatory, and do not enable us to eliminate all
false positives. We can, however, use the relationships for
filtering. As described in the Materials and Methods, we
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Fig. 2. Discrimination of unminimized Type I decoys by the desolvation free energy ⌬GACE in the first
rigid-body filter. The near-native conformations are indicated by circles.

always retain the conformations with low desolvation free
energy, and for charged complexes we retain additional
conformations with low electrostatics. The energy thresholds used here, CACE ⫽ 5 kcal/mol and Celec ⫽ 10
kcal/mol, are empirical parameters, although we might
argue that they could correspond to some minimum energy
gap for binding. The larger threshold for ⌬Eelec is due to
the substantially larger uncertainty in the value of the
electrostatic energy, calculated for the unbound conformations with incorrect side chains.
As shown in Figure 2, retaining all conformations within
5 kcal/mol of the lowest ⌬GACE value would retain most,
but not necessarily all, near-native conformations in four
of the five decoy sets. The exception is the barnase/barstar
complex (1a2p-1a19), which is very strongly charged (see
Table I) and desolvation in the bound structure is known to
be repulsive.54 Since the native conformation of this
complex is determined almost exclusively by electrostatic
interactions, it is not surprising that desolvation is unable
to identify the near-native folds. By contrast, ⌬GACE
discriminates very well the near-native structures from
the decoys for the two complexes in which one of the
proteins is neutral (1sup-2ci2 and 5cha-2ovo, see Table I).
For the 1chg-1hpt complex, in which 1hpt is weakly
charged, the near-native structures also have relatively
low ⌬GACE values, but the discrimination is not perfect.
The same applies to 2ptn-4pti with strong but like charges.

For the two complexes with charged proteins (1a2p-1a19
and 2ptn-4pti), the filtering retains all conformations
within 10 kcal/mol of the lowest ⌬Eelec value. As shown in
Figure 3, these include all near-native structures for
1a2p-1a19, the only complex among the five that is predominantly stabilized by electrostatics, and two of the five
near-native conformations for 2ptn-4pti. Notice that the
latter conformations would have already been selected on
the basis of ⌬GACE. Electrostatics does not provide any
useful information for the other three complexes in which
one of the proteins is neutral or weakly charged.
We emphasize that the strategy of using ⌬GACE and
⌬Eelec separately provides a much better filter than the one
based on ⌬GACE ⫹ ⌬Eelec, because the sum is frequently
dominated by outliers with very low electrostatic energy.
These false positives are inherent to the sensitivity of the
electrostatic energy to small charge overlaps. As we have
shown, the same function provides very good discrimination in the docking of bound protein conformations (see
Fig. 1B). Thus, the major factor limiting discrimination is
the difference between bound and unbound states, rather
than the inadequacy of the simple electrostatic and desolvation models. In agreement with previous results reported in the literature23,24,9 improving the accuracy of
free-energy calculations in the rigid body framework may
improve discrimination, but generally does not result in
the complete elimination of all false positives.
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Fig. 3. Discrimination of unminimized Type I decoys by the electrostatic energy ⌬Eelec in the second
rigid-body filter. The near-native conformations are indicated by circles.

Discrimination After Energy Minimization
All structures in the five sets of Type I decoys have been
minimized by applying 1000 ABNR minimization steps
within the Charmm program.49 Figure 4 shows the combined free energy expression ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec ⫹
⌬Evdw of the minimized structures as a function of RMSD.
The major result of this paper is that after extensive
minimization the lowest value of ⌬G is attained on a
near-native structure in all five decoy sets. Furthermore,
⌬Evdw becomes an important factor in discriminating
near-native from non-native conformations. The correlation between the RMSD and ⌬Eelec generally improves by
the minimization due to the removal of some overlaps,
whereas ⌬GACE remains almost invariant. Although the
sum ⌬GACE ⫹ ⌬Eelec is still unable to eliminate all false
positives on its own, adding it to ⌬Evdw improves the
discrimination. We note that the minimization may end up
in local minima, and hence may be unable to reduce the
van der Waals energy of some docked conformations in
spite of a relatively low RMSD. For example, three of the
minimized near-native structures for 1sup-2ci2 lie outside
the range of the plot in Figure 3, and are thus lost. The
number of such “false negatives” could have been reduced
by employing a minimization method such as Monte Carlo
that can cross energy barriers. However, according to our
experience false negatives are rare, and therefore we

perform computationally less demanding local minimizations.
Ranking Near-Native Structures
Type II decoys were used to show that the combined free
energy function, ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw, not
only discriminates the near-native conformations from the
far-from-native decoys but also ranks conformations in the
2 to 10 Å RMSD range relatively well. We recall that the
structures in the five decoy sets have already been refined
by performing 500 steps of ABNR minimization using the
Charmm potential.49 Figure 5 shows the free energy ⌬G of
the minimized structures as a function of the RMSD, and
demonstrates that for most decoy sets there is a significant
correlation between the two quantities. For four of the five
complexes, the free energy function ⌬G reaches its minimum on docked conformations which are within 2 Å RMSD
from the native, whereas for the antibody-antigen complex
1mlb-1lza the minimum occurs within 3 Å RMSD.
We use the correlation coefficients between the RMSD
and various free-energy components, as well as their sums,
to assess the quality of scoring. Table III shows the
correlation coefficients calculated for the five sets of Type
II decoys. These generally support the conclusions based
on the analysis of free-energy maps and Type I decoys. In
particular, the correlation coefficient between RMSD and
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Fig. 4. Discrimination of minimized Type I decoys by the combined free-energy potential ⌬G ⫽ ⌬GACE ⫹
⌬Eelec ⫹ ⌬Evdw. All structures have been subjected to 1,000 ABNR steps of minimization using the Charmm
potential.

⌬G ACE is relatively large for the three complexes in
which one of the components is neutral (1cho, 2sni, and
1ppf). In contrast, the correlation is negative for the two
charged complexes (1mlc and 1brs), indicating that in
the presence of charges ⌬G ACE may be a weak discriminator. Indeed, we mentioned that the conformation of
the barnase/barstar complex is determined by strong
electrostatics interactions, and the correlation coefficient between RMSD and ⌬E elec is the highest for the
barnase-barstar complex.
Ranking by the combined free-energy function ⌬G ⫽
⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw is always better than ranking
by any of its components, thus adding ⌬GACE ⫹ ⌬Eelec
slightly improves the discrimination provided by ⌬Evdw
alone. The final correlation coefficient is much worse for
the antibody-lysozyme complex 1mlc than for the other
four systems. Adding the internal energy change, ⌬Eint to
⌬Evdw ⫹ ⌬Eelec ⫹ ⌬GACE makes the ranking worse in all
cases. This is somewhat surprising, since ⌬Eint plays an
important role in discriminating near-native protein structures from misfolded models.55
It is interesting that after the minimization, the correlation coefficient (Electrostatics ⫹ ACE) between ⌬Eelec ⫹
⌬GACE and the RMSD, and the correlation coefficient
(Van der Waals) between ⌬Evdw and the RMSD, are very
close to each other (Fig. 6), with a correlation coefficient of
0.89. This suggests that the quality of discrimination by

these two functions is determined by a common factor,
most likely by the difference between bound and unbound
conformations of some key side chains.
Application to the Trypsin-BPTI Complex
We applied the discrimination algorithm to the 10,000
conformations, generated by docking unbound conformations of trypsin and BPTI (PDB entries 2ptn and 6pti), and
shown in Figure 1C. Figure 7A shows the lowest 5 kcal/mol
range of desolvation free energies. There are 93 structures
with ⌬GACE values within 5 kcal/mol of the minimum,
which are thus retained for further analysis. Figure 7B
shows the lowest 10 kcal/mol range of electrostatic energies. We find only eight docked structures with ⌬Eelec
values within 10 kcal/mol of the minimum, thus altogether
we retain 101 conformations. Figure 7C shows the free
energy ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw for the 101
structures after 1,000 steps of ABNR minimization using
the Charmm potential. The lowest value of ⌬G is attained
on the conformation closest to the native, at 4 Å RMSD.
Although the discrimination is successful, the second
lowest free energy value is at 17.6 Å, which is clearly too
large. The problem is due to the fact that the set of 10,000
docked conformations includes too few “hits” (i.e., nearnative conformations) to begin with. As will be further
discussed, some current docking methods perform substan-
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Fig. 5. Ranking of the minimized Type II decoys by the combined free-energy potential ⌬G ⫽ ⌬GACE ⫹
⌬Eelec ⫹ ⌬Evdw. All structures have been subjected to 500 ABNR steps of minimization using the Charmm
potential.

TABLE III. Correlation Coefficients Between Free-Energy Terms and RMSD
Complexb
a

Free energy term

1cho

1ppf

2sni

1mlc

1brs

⌬GACE
⌬Eelec
⌬GACE ⫹ ⌬Eelec
⌬Evdw
⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw
⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw ⫹ ⌬Eint

0.59
0.44
0.65
0.66
0.69
0.36

0.26
0.36
0.53
0.55
0.60
0.35

0.51
0.17
0.47
0.47
0.52
0.29

⫺0.21
0.29
0.25
0.31
0.33
0.25

⫺0.02
0.54
0.45
0.39
0.54
0.50

⌬GACE-desolvation free energy; ⌬Eelec-electrostatic energy; ⌬Evdw-van der Waals energy; ⌬Eint-internal energy.
The unbound structures used in the docking are as follows: 5cha and 2ovo (1cho); 1ppg and 2ovo (1ppf); 1sbc and 2ci2 (2sni); 1mlb and 1lza (1mlc);
1bao and 1bta (1brs).
a
b

tially better,9 and providing more hits increase the robustness of the procedure.
Why Does Minimization Improve Discrimination?
Figure 8 attempts to explain graphically the important
role minimization plays in the improvement of discrimination. The continuous curve in the figure represents the free
energy surface of the docked conformations formed by
unbound protein structures. The open circles indicate
conformations found by the Fourier correlation docking
algorithm. As shown in Figure 1C, due to the incorrect
conformations of key side chains the free energy does not
fully discriminate the few near-native structures from the

very large number of other conformations. The entire
free-energy expression is dominated by the van der Waals
term which, in turn, is related to surface complementarity.
Therefore, the conformations found by the Fourier docking
algorithm are generally close to the local minima of ⌬G ⫽
⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw, but most of these minima are
very far from the native structure, and assuming rigid
body association the potential does not provide any discrimination.
As shown in Figure 8, the minimization can substantially change the free energy surface. Indeed, starting from
a relatively good docked conformation, the minimization
“pushes” the ligand further into the binding site, and
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Fig. 6. The correlation coefficient between RMSD and ⌬Evdw as a
function of the correlation coefficient between RMSD and ⌬GACE ⫹
⌬Eelec, calculated for the five sets of Type II decoys.

yields a tight complex with large contact area, good surface
complementarity, and low van der Waals energy. In contrast, starting from a docked conformation that is far from
the native, the minimization is unable to create a comparable fit, and thus will not reduce the van der Waals energy
as much as in the previous case. Thus, the minimization
amplifies the differences between near-native and other
structures, generally resulting in a free-energy gap of 5
kcal/mol or more.
The low free energy of near-native structures after the
minimization is due the fact that, once minor clashes have
been removed, the two molecules exhibit an overall shape
complementarity. We note that the same overall shape
complementarity has been exploited by Vakser in lowresolution docking methods.13,56 This latter approach is
based on the fact that low resolution representations (e.g.,
through the use of a coarse grid or a mean force approach)
are not sensitive to local structural perturbations, including moderate conformational changes between bound and
unbound states. Thus, at low resolution the rigid-body
free-energy surface exhibits funnel-like behavior in the
vicinity of the binding site, even when calculated for
unbound conformations. Therefore, the docked ligand positions converge to this region,56 and Fourier correlation
docking can identify the general binding configuration.13
However, it is still an open problem how these solutions
can be used to build high resolution, near-native structures.13,56
Potential Difficulties
As shown in Figure 4, we found satisfactory discrimination of near-native structures from decoys for all five of the
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systems studied. However, these results are based on the
analysis of a limited number of complexes, and hence it is
important to assess potential problems we may face when
the discrimination method is applied to other systems. In
particular, most results presented here are for proteaseinhibitor pairs. The atomic structure and flexibility of
protein-protein recognition sites may be different in other
complexes. For example, the discrimination of near-native
docked structures from decoys seems to be more difficult
for antibody-antigen than for protease-inhibitor complexes.17 Indeed, the correlation coefficient between RMSD
and the free energy is much lower for 1mlc than for the
other four complexes (see Table III).
An obvious problem occurs if the top 10,000 or so
structures from the rigid-body docking include too few
“hits”, i.e., near-native conformations. Notice that the
subsequent minimization may be unable to reduce the van
der Waals energy of some structures, and these “false
negatives” will be lost. We have seen this situation in the
trypsin/BPTI example, where two of the three near-native
structures were lost during minimization. However, current results suggest that the number of “hits” can be
increased by using improved target functions or filters
within the rigid-body docking algorithms. For example,
electrostatics was shown to provide moderate improvement.12,17 Another approach is the inclusion of structurebased interaction potentials as part of the target function.
For example, Palma et al.9 substantially increased the
number of “hits” within the top 1,000 structures through
the use of a built-in filter, based on the pairwise propensities of amino acid side chains.
Docking Decoys
Decoy studies had a major impact on the development of
potentials for protein fold discrimination and structure
prediction.32,22,34,35 The principles of decoy construction
for protein structure prediction and refinement are well
established.32 Extending these principles to docking implies that good decoys (a) include near-native structures,
(b) are native-like in all properties of the complex, except
the particular docked conformation, (c) provide enough
diversity to test various scenarios, and (d) are numerous
enough for sensitive testing.
It is not completely clear how to generate docking decoys
that are optimal in terms of the above properties. As
described, we used two very different types of decoys that
are available at http://reco3.musc.edu/ and http://
engpub1.bu.edu/bioinfo/MERL, respectively. Our intention is to add further decoys to the latter webpage, and
invite other groups to contribute. We strongly believe that
an appropriate set of decoys will provide a powerful tool for
the development of scoring functions to be used in docking.
CONCLUSIONS
We addressed the problem of discriminating near-native
docked conformations from other structures generated by
rigid-body docking. The discrimination algorithm has been
tested on sets of decoys that included both near-native
structures and others with good surface complementarity
but large RMSD. Our results suggest the following conclusions:

536

C.J. CAMACHO ET AL.

Fig. 7. An example: Docking the unbound conformations of BPTI to
the unbound conformation of trypsin. A. 93 structures, selected from the
10,000 shown in Figure 1C, with low ⌬GACE values (within 5 kcal/mol of
the minimum). B. 8 structures, selected from the 10,000 shown in Figure

1C, with low ⌬Gelec values (within 10 kcal/mol of the minimum). C. The
free energy ⌬G ⫽ ⌬GACE ⫹ ⌬Eelec ⫹ ⌬Evdw of the 101 minimized
structures.

3. Decoys provide a powerful tool for the development of
discriminatory potentials. Scoring functions can be
tested and objectively compared. Thus, we believe that
decoy studies involving docked conformations will make
an important contribution to the development of discrimination methods.
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Fig. 8. Sketch of the free-energy surface of docked conformations
obtained by docking unbound protein structures. The solid line shows the
free energy in rigid-body docking, with open circles representing the
conformations found by the Fourier correlation docking algorithm. The
minimization lowers the free-energy surface in the vicinity of the native
complex (dashed line), and results in lowered free energies for a number
of near-native conformations, shown as filled circles.

1. The initial structure of the component proteins substantially affects the binding free-energy calculated for
docked conformations. In particular, using unbound
(separately crystallized) protein conformations, a number of high RMSD structures are found to be energetically comparable to near-native conformations, and
complete elimination of false positives is not possible
within the framework of a rigid body analysis. However,
in spite of the differences in the side-chain conformations between bound and unbound states, the binding
free energies calculated for near-native conformations
are still among the lowest. Thus, the binding freeenergy enables us to reduce the number of conformations to be retained for further analysis.
2. While the docked conformations of separately crystallized proteins are not accurate enough to provide the
energy measures that could discriminate near-native
structures from decoys, simple local minimizations
yield “improved fits,” i.e., tight complexes with a wellpacked interface, and a free-energy gap between nearnative complexes and other structures.
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