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ABSTRACT: An ultrafast and accurate scoring function for protein−protein docking is presented. It includes (1) a molecular
mechanics (MM) part based on a 12−6 Lennard-Jones potential; (2) an electrostatic component based on an implicit solvent
model (ISM) with individual desolvation penalties for each partner in the protein−protein complex plus a hydrogen bonding
term; and (3) a surface area (SA) contribution to account for the loss of water contacts upon protein−protein complex
formation. The accuracy and performance of the scoring function, termed MM-ISMSA, have been assessed by (1) comparing the
total binding energies, the electrostatic term, and its components (charge−charge and individual desolvation energies), as well as
the per residue contributions, to results obtained with well-established methods such as APBSA or MM-PB(GB)SA for a set of
1242 decoy protein−protein complexes and (2) testing its ability to recognize the docking solution closest to the experimental
structure as that providing the most favorable total binding energy. For this purpose, a test set consisting of 15 protein−protein
complexes with known 3D structure mixed with 10 decoys for each complex was used. The correlation between the values
aﬀorded by MM-ISMSA and those from the other methods is quite remarkable (r2 ∼ 0.9), and only 0.2−5.0 s (depending on the
number of residues) are spent on a single calculation including an all vs all pairwise energy decomposition. On the other hand,
MM-ISMSA correctly identiﬁes the best docking solution as that closest to the experimental structure in 80% of the cases.
Finally, MM-ISMSA can process molecular dynamics trajectories and reports the results as averaged values with their standard
deviations. MM-ISMSA has been implemented as a plugin to the widely used molecular graphics program PyMOL, although it
can also be executed in command-line mode. MM-ISMSA is distributed free of charge to nonproﬁt organizations.

1. INTRODUCTION
Molecular association (binding) plays a key role in cellular
function and communication, and many illnesses can be directly
linked to an improper balance of interactions among distinct
molecular species. Of special importance are those established
between diﬀerent proteins or between small molecules and
proteins. In the latter case, we usually talk about ligands and
receptors, but in the following, we will use this terminology to
refer to the two binding partners. Understanding how binding
takes place and how this event can be theoretically modeled is of
paramount importance in today’s drug discovery campaigns,1
especially in ﬁelds like protein engineering,2 ligand and fragment
docking,3 virtual screening (VS),4 and computational mutagenesis,5 among others.
A large number of methodological advances have been
introduced since the ﬁrst theoretical simulation of a biologically
relevant system6 that, in favorable cases, allow one to reproduce
experimental binding aﬃnities with an error comparable to that
of the experimental measurements.7 On top of that, modern
computers, sometimes including tailor-made architectures (e.g.,
the Anton machine8), and supercomputers9 allow researchers to
undertake calculations that were unimaginable just a few years
ago to address diﬃcult problems such as simulating protein
folding,10 long MD of very large systems,11 or unbiased drug
binding patterns.12
© 2012 American Chemical Society

Nevertheless, although theoretical methods and computer
technologies are continuously improving, there are still some
bottlenecks. Representative examples are intrinsically massive
calculations, as undertaken in VS, where the number of
molecules to be simulated can reach the order of several millions,
and the analysis and interpretation of long MD trajectories
especially when solvent eﬀects must be properly accounted for,
per-residue analyses must be performed, or one wishes to
estimate elusive entropic eﬀects.
Here, we are interested in the electrostatic contribution to the
free energy of binding, and more speciﬁcally in the eﬀect played
by the solvent. There are two opposite, although complementary,
ways to account for this eﬀect:13 either representing the solvent
explicitly by means of a set of discrete water molecules
surrounding the solute or via a mathematical function able to
describe the behavior of the bulk solvent. There are also examples
in which both methods have been combined in a sort of hybrid
solvent model.14 However, both have advantages and caveats,
and selecting the most appropriate description for a particular
study greatly depends on the computational power available, as
explicit models require the calculation of a large amount of
interactions due to the presence of numerous water molecules.
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For docking-related tools, implicit models are usually preferred,
as they are faster than their explicit counterpart while performing
quite similarly. Implicit models start by solving the classical
Poisson equation (PE).15 But, in many cases it is too
computationally expensive, and other alternatives such as the
generalized Born (GB) model are employed instead.16 In
addition, solvation models based on group contributions
(eﬀective energy function, EFF1) have also been proposed and
successfully employed in proteins17 and protein−ligand force
ﬁelds.18
In this paper, we extend our previously developed GB-like
solvent model, called ISM (Implicit Solvent Model),19 to the
protein−protein docking problem and compare its performance
to well-established methods like APBS (PE solver) and MMPB(GB)SA (as implemented in AmberTools20) using two
diﬀerent test sets. For the procedures to be strictly comparable,
we ﬁrst incorporated MM (Molecular Mechanics) and SA
(Surface Area) terms to the APBS (MM-APBSSA) and ISM
(MM-ISMSA) methods. Comparisons between the three
diﬀerent techniques were performed in order to assess their
relative speeds and to validate the diﬀerent values provided by
our method for total binding free energies, individual
components, and per residue energy decompositions. Finally,
to extend the usability of MM-ISMSA within the scientiﬁc
community, we have developed a graphical user interface (GUI)
that allows its use via the popular PyMOL program.21 This
plugin, which can be used to analyze single structures or
complete MD trajectories, can be downloaded following free
registration from the CBM Bioinformatics Unit’s web page
(http://ub.cbm.uam.es).

Figure 1. Graphical representation of the commonly used thermodynamic cycle to estimate ΔGbinding. The shadowed boxes represent the
systems (receptor, ligand, and complex) immersed in the solvent.
RL
R
L
ΔG binding = ΔGint + ΔGsolv
− ΔGsolv
− ΔGsolv

= ΔGint + ΔGsolv

Usually, from Figure 1 and eq 2 the solvation contribution
(ΔGsolv) is obtained as a single term (e.g., in GB) and, as a
consequence, individual solvation energies for the ligand and
receptor are not available. As an alternative, a diﬀerent
description of the binding process25 can be considered (Figure
2) that consists of ﬁrst desolvating the apposing surfaces of both
ligand and receptor and then letting the charges of the two
molecules interact.

2. THEORETICAL BACKGROUND
2.1. Statistical Thermodynamics of Binding: Interaction Terms. According to classical thermodynamics,22 molecular association can be described as an equilibrium ([R] + [L] ⇌
[RL], where R and L represent receptor and ligand, respectively,
and RL, the complex formed between them) governed by the
association and dissociation rate constants. The ratio between
them is the equilibrium binding constant, K, which is related to
the free energy change taking place in the process (ΔGbinding) by
the well-known equation:
ΔG binding = ΔG RL − ΔG R − ΔG L = −R gasT ln K

(2)

Figure 2. Alternative description of the binding process to estimate
ΔGbinding. This type of equilibrium is commonly used in combination
with PE solvers. White molecules are uncharged, and they are used to
replace the high-dielectric solvent with a low-dielectric medium in the
desolvation calculations.

Thermodynamically, ΔGbinding has an enthalpic (ΔHbinding)
and an entropic (ΔSbinding) component:

(1)

ΔG binding = ΔHbinding − T ΔS binding

where Rgas is the universal gas constant, T is the temperature in
Kelvin, and ΔGX represents the free energy corresponding to the
complex (X = RL), receptor (X = R), and ligand (X = L).
The calculation of ΔGbinding would entail extremely lengthy
simulations in which the ligand diﬀuses into the receptor’s
binding site, but this is hardly ever done. As useful alternatives,
the ligand can be “grown” slowly both in the bulk solvent and
inside the binding site to calculate free energy diﬀerences,7 or
ΔGbinding can be estimated as the diﬀerence between the free
energies of bound and unbound states, as in linear interaction
energy (LIE)23 and MM-PB(GB)SA24 “end-point” methods.
It has been customary to describe the binding process through
the thermodynamic cycle in Figure 1, where ΔGint refers to the
R
L
binding process in the gas phase, and ΔGRL
solv, ΔGsolv, and ΔGsolv
are the free energies of solvation for the complex, receptor, and
ligand, respectively. Next, because ΔGbinding is a state variable, the
cycle can be solved to yield:

(3)

ΔHbinding contains van der Waals
hydrogen bonding
(ΔGhb
),
and
solvent-related
contributions
that can be further
binding
p
np
subdivided into polar (ΔGbinding
) and apolar (ΔGbinding
)
components. The former contains the Coulombic interactions
elec,desolvR
(ΔGelec,coul
) and receptor
binding ) together with ligand (ΔGbinding
elec,desolvL
(ΔGbinding ) desolvation terms, whereas the latter includes the
cavitation term (the work required to create a cavity within the
solvent to introduce the solute) and the van der Waals solute−
solvent interactions. A linear relationship is usually assumed
between the composite of the latter two components and the
change in solvent-accessible surface area (SASA) of the ligand
and receptor upon binding. On the other hand, the entropic
contribution arises from the loss of some protein degrees of
freedom that become frozen when the complex is formed and
also from solvent reorganization, as some water molecules
present within the binding site will be released to the bulk solvent
(ΔGvdW
binding),
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α is the so-called eﬀective Born radius, which is the distance from
an atom to the molecular surface. Note that f GB is diﬀerent
depending on the system, that is, the receptor, the ligand, or the
complex. In eq 7, the ﬁrst term (ΔGvac) represents the
electrostatic interaction in vacuo, while the second (ΔGpol)
accounts for the polarization eﬀects due to the solvent. In fact, it is
this second term that is calculated as the electrostatic component
of the free energy of solvation in GB-based methods, and as such
it has been implemented in many diﬀerent programs and, in
particular, in the AmberTools package.
Applying eq 7 to the thermodynamic equilibrium depicted in
Figure 1, it is possible to separate the electrostatic interaction
between charges (in a vacuum and in the solvent) from the pure
desolvation terms for the receptor and ligand:

as a consequence of the binding event. This entropic
contribution is rarely taken into account when ΔGbinding is
computed due to its complexity, high computational demand,
and slow convergence.26 The electrostatic component is the
most challenging term, and this will be the focus of the present
work.
2.2. The PE Model. The classical way to deal with the
electrostatic contribution to the binding energy (ΔGelec) is by
solving the PE, which relates the electrostatic potential ϕ(r) and
the charge distribution ρ(r):
∇[ε(r ) ·∇ϕ(r )] = −4πρ(r )

(4)

where ε(r) is a distance-dependent dielectric function. For a
given ρ(r), ϕ(r) can be calculated via the PE so that
ΔGelec =

1
2

∫

NR

ρ(r ) ϕ(r ) dv

elec
ΔΔGsolv
(GB)

(5)

2
⎛
1⎞q
= − 166⎜1 − ⎟
⎝
ε⎠ r

NR

i=1 j=1

= 332

∑ ∑

qiqj

i=1 j=i+1
N

N

∑∑
i=1 j=1

rij

R
MMGBSA
MMGBSA
ΔΔGdesolv
= ΔGelec
(GB) − ΔGelec
(GB, qiL = 0)
N N
⎡
⎤
⎛
1⎞ R R
1
1
= −166⎜1 − ⎟ ∑ ∑ (qiR )2 ⎢ RL − R ⎥
⎝
ε ⎠ i=1 j=1
⎢⎣ fGB
fGB ⎥⎦

(10)

The same can be done if the receptor’s charges are zeroed:
L
MMGBSA
MMGBSA
ΔΔGdesolv
= ΔGelec
(GB) − ΔGelec
(GB, qiR = 0)
N N
⎡
⎤
⎛
1 ⎞⎟ L L L 2 ⎢ 1
1
⎜
∑
∑
= −166 1 −
(qi ) RL − L ⎥
⎝
ε ⎠ i=1 j=1
⎢⎣ fGB
fGB ⎥⎦

⎛
1⎞
− 166⎜1 − ⎟
⎝
ε⎠

(11)

Choosing this alternative would require (a) manipulating the
topology (top) ﬁles used by AmberTools to set the charges of the
ligand (or the receptor) to zero and (b) an additional GB
calculation (ΔGpol in eq 7) to obtain the Coulombic interaction
screened by the solvent (ΔGscreened, the ﬁrst right-hand term in eq
9). That is, taking into account

where N is the total number of atoms, rij is the distance between
atoms i and j, qi and qj are the atomic charges of atoms i and j, and
f GB is the GB function deﬁned as
/4αiαj) 1/2

]

NL

Unfortunately, as commented upon above, the GB method as
implemented in AmberTools does not allow for such
decomposition, and only the total polarization energy is obtained
(ΔGpol in eq 7). Nevertheless, setting the atomic charges in the
receptor/ligand to zero and subtracting the resulting GB term
from the GB term of a standard calculation would aﬀord the
ligand/receptor desolvation terms independently. Accordingly,
zeroing the ligand’s charges:

(7)

2

⎛
1⎞
− 166⎜1 − ⎟
⎝
ε⎠

(9)

qiqj

fGB (rij , i , j) = [rij 2 + αiαj e(−rij

RL
fGB

⎛
1⎞
− 332⎜1 − ⎟
⎝
ε⎠

N N ⎡ L L
qiLqjL ⎤
⎛
1 ⎞⎟ R L ⎢ qi qj
⎜
∑ ∑ RL − L ⎥⎥
− 166 1 −
⎝
ε ⎠ i = 1 j = 1 ⎢⎣ fGB
fGB ⎦

(6)

fGB

qiR qjL

rij

⎡ q RqR
qiR qjR ⎤
i j
⎢
∑ ∑ ⎢ RL − R ⎥⎥
fGB ⎦
i = 1 j = 1 ⎣ fGB
NR

elec
(GB) = ΔGvac + ΔGpol
ΔGsolv
N

NL

∑∑

where ε is the dielectric constant of the solvent, and q and r are
the charge and the radius of the sphere, respectively. Taking into
account that molecules can be represented as a set of interacting
spheres, eq 6 can be generalized to the expression commonly
used in the GB models:

N−1

= 332 ∑ ∑

qiR qjL

i=1 j=1

Because the analytical solution of PE is possible only for very
simple geometries, for biological molecules we have to rely on
numerical methods such as ﬁnite diﬀerences,27 ﬁnite elements,28
or boundary elements.29 Nonetheless, solving the PE is still a
computationally demanding task in many molecular modeling
areas, despite constant improvements over the years.30
Equation 5 can be used in diﬀerent ways to obtain an
estimation of the binding free energy, either by computing the
desolvation terms of the thermodynamic cycle depicted in Figure
1 (as implemented in the MM-PBSA method) or by applying the
cycle shown in Figure 2 as described in section 3.2.1, where the
Coulombic contribution is obtained by computing the product of
ligand charges times the electrostatic potential generated by the
protein on the ligand charge centers. On the other hand, receptor
and ligand electrostatic desolvation energies are calculated in two
successive steps (Figure 2): a ﬁrst one, where a calculation is
performed for the receptor and ligand alone, and a second one,
for the ligand in the complex, with uncharged receptor, and for
the receptor in the complex, with uncharged ligand.
2.3. The GB Model. The GB model is based on the Born
approximation and can be easily derived from the PE, assuming a
spherical solute that has the whole charge located at its center,
according to
elec
ΔGsolv
(Born)

NL

R
L
ΔGpol = ΔGscreened + ΔGdesolv
+ ΔGdesolv

and the fact that we can calculate both desolvation energies as
shown above:

(8)
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L
elec
R
ΔGscreened = ΔGsolv
(GB) − ΔGdesolv
− ΔGdesolv

atoms concerning the receptor must be considered in the GB-like
term (second term on the right-hand side of eq 14), which is the
same as setting to zero the ligand’s charges (eq 15) or, for the
ligand desolvation term, setting to zero the receptor’s charges (eq
16):

three calculations are needed to obtain the total free energy of
solvation and its components.
2.4. The ISM Model. The model starts from the Lorentz−
Debye−Sack theory of polar liquids,31 which establishes that the
screening eﬀect due to the solvent shows a sigmoidal distancedependent dielectric function of the form:
D(r ) =

ε+1
1 + k e−λ(ε + 1)r

−1

R
ΔGdesolv
=

(12)

where ε is the solvent dielectric constant, k = (ε − 1)/2, λ is a
parameter controlling the rate of change of D(r), and r is the
distance. ISM considers that the main contribution to the
electrostatic desolvation of an atom originates from the
displacement of the ﬁrst shell of water molecules that surrounds
that atom. Taking these two facts into account, ISM’s starting
equation, as proposed by Hassan et al.,32 is the following:
N
elec
ΔGsolv
(ISM)

∑

=

i<j

+

−

L
ΔGdesolv

1
2

N

⎧
⎪

⎤
1 ⎡
1
⎢
⎥
−
1
⎪
⎥⎦
⎩ R i ,Bs ⎣⎢ Ds(R i ,Bs)

⎫
⎤⎪
1 ⎡
1
⎢
⎬
− 1⎥⎪
R i ,Bv ⎣⎢ Ds(R i ,Bv)
⎦⎥⎭

(13)

where Ri,Bs and Ri,Bv are the eﬀective Born radii for the processes
of transferring an atom from a vacuum into a protein interior,
surrounded by either solvent or a vacuum, respectively. The
model has proven to be useful to study the structure and
dynamics of proteins33 and has been implemented as a solvation
method within the molecular dynamics code of the program
CHARMm.34
This model has been extended by us to deal with ligand−
receptor19 and protein−protein interactions (this work).
Considering the thermodynamic cycle of binding depicted in
Figure 1 and the expression for ΔGelec
solv(ISM):
ISM
ΔGelec

1
=
2
+

NR

NL

∑∑
i=1 j=1

1
2

NRL

qiR qjL ⎡ 1 ⎤
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⎢⎣⎝ Ds(R ic, Bs)R ic, Bs
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1 ⎞
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R i , Bs ⎠⎥⎦
⎝ R i , Bs

−

1

−

⎞⎤
1 ⎛⎜ 1
⎟⎟⎥
1
−
R iu, Bs ⎜⎝ Ds(R iu, Bs)
⎠⎥⎦

1
=
2

i

(15)

⎡

⎞
1 ⎛⎜ 1
− 1⎟⎟
c ⎜
c
⎢⎣ R i , Bs ⎝ Ds(R i , Bs)
⎠

NL

∑ (qiL)2 ⎢
i

⎞⎤
1 ⎛⎜ 1
⎟⎟⎥
1
−
R iu, Bs ⎜⎝ Ds(R iu, Bs)
⎠⎥⎦

(16)

2.5. Pairwise Decomposition of the Binding Energy.
The value of the free energy of binding as a whole is useful when
comparing the binding strength of a set of ligands toward a target
of interest. However, it does not provide any information on the
relative contributions of individual residues. Knowing which
residues are the most important in the interaction would allow
the design of speciﬁc mutations to increase or even disrupt the
association in protein−protein complexes. In protein−ligand
docking, this knowledge is essential to suggesting chemical
modiﬁcations on ligand structures guided by the binding site
residues. Accordingly, several approaches have been developed.35,36
The MM-PB(GB)SA method, as implemented in AmberTools, has all the terms already pairwise decomposed, as a
consequence of the double summations in eq 7. On the other
hand, in MM-ISMSA the solvation term entails a single
summation (eq 14), so the individual solvation for each residue
is obtained but not the corresponding contribution of a given
interacting pair. The simple addition of the individual solvation
values would overestimate this contribution, as not only the
atoms involved in the interaction take part in its calculation but
also those from their environments. Therefore, we have devised a
weighting scheme (see Methods) by means of which the
solvation contribution of a given pair is balanced by the sum of
the van der Waals and Coulombic interaction in which any of the
two residues in that pair is involved.

∑ qi2⎨
i

⎞
1 ⎛⎜ 1
− 1⎟⎟
c ⎜
c
⎢⎣ R i , Bs ⎝ Ds(R i , Bs)
⎠

∑ (qiR )2 ⎢

−

qiqj ⎡ 1
1 ⎤⎥
⎢
−
rij ⎢⎣ Ds(rij)
Dv (rij) ⎥⎦

⎡

NR

1
2

⎞
⎟

Ds(R iu, Bs)R iu, Bs ⎟⎠

3. METHODS
3.1. Nonelectrostatics Calculations. We refer here to the
calculations involving the van der Waals and the solvent
accessible-related terms to account for shape complementarity
and the loss in surface area produced upon complex formation
(the nonpolar part of the desolvation), respectively. van der
Waals interactions (ΔGvdW) are calculated through the wellknown 12−6 Lennard-Jones potential:

(14)

where the superscripts c and u stand for complexed and
uncomplexed forms of both the ligand and receptor. There is an
evident resemblance between ISM (eq 14) and GB (eq 9)
formulations: the ﬁrst term describes the interaction established
between the receptor and ligand screened by the dielectric
function, and the second is the desolvation penalty, accounted for
by the diﬀerence between complexed and uncomplexed partners
in terms of their Born radii and dielectric function in the solvent.
As an additional advantage, ISM directly yields individual
desolvation terms without the need to perform any extra
calculations, as commented upon before for GB. In fact, to isolate
the desolvation term for the receptor, only the summation of the

ΔGvdW =

⎡A

∑ ⎢⎢

ij
12
r
ij ⎣ ij

−

Bij ⎤
⎥
rij6 ⎥⎦

where Aij and Bij are the van der Waals parameters of the atom
types to which atoms i and j belong, and rij is the distance
between the ith atom in the protein and the jth atom from the
ligand. Aij and Bij parameters were taken directly from the
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AMBER ﬀ03 force ﬁeld.37,38 The nonpolar part of the
desolvation (ΔGnp) was modeled as a linear relationship to the
change in SASA:

ISM paper and the 15 protein−protein complexes previously
described in section 3.4. Each complex in the training set was
visually inspected in PyMOL to determine the number and
geometrical parameters of all of the possible hydrogen bonds,
whereas for the ﬁrst test set the program LIGPLOT,41 as
implemented in the PDBsum web server,42 was used. The ﬁrst
test allowed us to check to what extent the parameters derived for
hydrogen bonds in protein−ligand complexes could be extended
to protein−protein assemblies. As a default, r was set to 3.5 Å and
α to 90°, and no restrictions were imposed on the β angle.
Finally, for the second test set, the hydrogen bonds obtained with
the HBPLUS program,43 employing default parameters, were
used for comparison.
The distributions of r, α, and β values were analyzed by means
of the nonparametrical BOX plot statistical technique. A set of
ideal values and upper and lower limits were deﬁned for each
variable. These values and the shape of the data distribution were
incorporated into ad hoc block functions to determine the
contribution of each parameter (eq 17) to the total score for each
hydrogen bond (HBScore(i), eq 18):

ΔGnp = a + b·ΔSASA

where a is 0.092 kcal·mol−1, b is 0.00542 kcal·mol−1 Å−2, and the
change in SASA refers to the complex SASA minus the sum of
that of the protein and the ligand alone. SASA values were
obtained with our own implementation of the LCPO
approximation.39
Both terms were added to the ISM electrostatic scoring
function to conﬁgure a more complete tool termed MM-ISMSA,
in clear allusion to MM-PB(GB)SA and related approaches.
3.2. Electrostatic Calculations. In all of the cases where PE
was employed, we refer to the linearized Poisson−Boltzmann
equation; that is, the Boltzmann part of the equation (related to
ions in solution) was not taken into account. Atomic radii were
automatically assigned with the tleap module in AMBER 10 so
that they correspond to the “modiﬁed Bondi” set.40
3.2.1. APBS. APBS uses the adaptive ﬁnite element method to
solve the Poisson−Boltzmann equation numerically.30 First, grid
size, grid center, and the number of grid points were computed
with the psize.py module provided in the APBS package, which
properly ﬁts the input complexes into their respective grid boxes.
Then, the following parameters were chosen: (a) dielectric
constants of 4 and 80 for solute and solvent, respectively, (b) a
dielectric boundary calculated using a solvent probe radius of 1.4
Å, (c) potentials at the grid points delimiting the box calculated
using the multiple Debye−Hückel method, and (d) multigrid PB
calculations conﬁgured to run in automatic mode. All of these
calculations were performed with the APBS program (see section
2.2).
3.2.2. PB/GB. For PB calculations, each complex was
immersed in a cubic box with a grid spacing of 0.5 Å. The solute
dielectric constant was set to 4, while that of the solvent was set to
80, and the dielectric boundary was calculated using a solvent
probe radius of 1.4 Å. The potentials at the grid points delimiting
the box were calculated analytically by treating each charge atom
as a Debye−Hückel sphere. Similar parameters were employed
for GB calculations, namely, the internal and external dielectric
constants and the solvent probe radius. These calculations were
performed with mm_pbsa.pl and MMPBSA.py scripts as provided
in the AMBER package.
3.2.3. ISM. ISM models the screening eﬀect due to the solvent
by means of a sigmoidal distance-dependent dielectric function
(eq 12). Solvent-related parameters are the slope of the sigmoidal
dielectric function (λ), which has two values, 0.013 for all of the
atoms except for those with a formal positive charge and 0.007 for
the latter ones; ε, the dielectric constant of the bulk solvent (80);
and the solvent probe radius (1.4 Å) to calculate the SASA. For
additional parameters, the reader is referred to the original
publications.19,32 All of these calculations were performed with
our in-house version of the ISM program (eq 14).
3.3. Hydrogen Bonding Term. The existence of a hydrogen
bond was characterized by deﬁning the three atoms involved in
the interaction (donor, D; acceptor, A; and the proper hydrogen
atom, H) plus the atom bonded to A (X) and three geometrical
parameters describing the relative disposition of these atoms: (1)
the A···H distance (r), (2) the D···H···A angle (α), and (3) the
H···A···X angle (β).
As a training set, we used the Astex Diverse Set (ADS) of
protein−ligand complexes. On the other hand, the test sets
included the 23 protein−ligand complexes used in the original

⎧
1
⎪
⎪ 1 − xmin −ideal − x
⎪
xmin −ideal − xmin
⎪
⎪
score(x) = ⎨1 − x − xmax −ideal
⎪
xmax − xmax −ideal
⎪
⎪
0
⎪
⎪
0
⎩

if xmin −ideal ≤ x ≤ xmax −ideal
if

xmin ≤ x ≤ xmin −ideal

if

xmax −ideal ≤ x ≤ xmax

if

xmax < x

if

x > xmin

(17)

where x refers to r, α, and β, and ideal and max values are those
obtained from the BOX plot analysis.
HBScore(i) =

∏ score(x)
x

(18)

Hydrogen bonds were further classiﬁed by the type of
interactions in charged−charged (cc), neutral−charged and
charged−neutral (nc), and neutral−neutral (nn) and assigned a
numerical value of −3, −2, and −1 kcal/mol, respectively.
Finally, HBScore(i) was used to weigh the interaction energy for
each hydrogen bond to conﬁgure ΔGHB:
NHB

ΔG HB =

∑ HBScore(i) EHB(i)
i=1

(19)

where i stands for each hydrogen bond; NHB is the total number
of hydrogen bonds; and EHB(i) is equal to −3, −2, or −1
depending on the type of hydrogen bond.
3.4. MM-ISMSA Scoring Function. According to the terms
described in the above sections (3.1, 3.2.3, and 3.3), the starting
equation for MM-ISMSA (eq 20) reads as follows:
R
L
ΔG binding = ΔGvdW + ΔGelec + ΔGdesolv
+ ΔGdesolv

+ ΔGapo + ΔG HB

(20)

3.5. Comparison between Methods. A validation test set
consisting of 15 antigen−antibody complexes with available 3D
structures (PDB ID codes: 1AHW, 1BGX, 1BJ1, 1BVK, 1DQJ,
1FSK, 1I9R, 1IQD, 1JPS, 1KXQ, 1MLC, 1NCA, 1NSN, 1VFB,
and 2E6J) was used to compare the performance between MMISMSA and the other methods in terms of interaction energies
(total, individual terms, and pairwise decomposed). Up to 100
docking poses for each complex were obtained using program
3399
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FRODOCK44 for a total of 1242 structures. Then, the following
protocol was employed for each single complex: (a) The
AMBER ﬀ03 force ﬁeld was used to assign atom types and partial
charges to each atom in the complexes. (b) Hydrogen atoms
were added using the tleap module from the AMBER suite
assuming standard protonation states for titratable groups. (c)
The structures were subjected to an energy reﬁnement process
using the GB implicit solvent model as implemented in sander
(500 cycles of steepest descent followed by 1000 cycles of
conjugate gradient until the root-mean-square value of the
potential energy gradient was below 0.1 kcal·mol−1·Å−1) to
remove possibly existing steric clashes. (d) APBS, MM-ISMSA,
and MM-PB(GB)SA calculations were performed on the reﬁned
complexes. Finally, we compared the numerical values for the
total free energy of binding and its vdW and electrostatic
components (Coulombic and desolvation terms) obtained with
the three methods.
3.6. The MM-ISMSA Scoring Function in Protein−
Protein Docking. A diverse set of 15 protein−protein
complexes with experimentally determined 3D structures was
taken from the PDB (PDB ID codes: 2FUE, 2JK6, 2LYN, 2O3B,
2ONE, 2Y43, 3AAB, 3AIK, 3DH9, 3F1R, 3G3G, 3MIO, 3PC6,
3PY2, and 3KF3) and used to test the ability of the MM-ISMSA
scoring function to select near-native docking poses from a pool
of incorrect solutions (decoys). Each complex was separated into
two individual structure ﬁles containing the receptor and the
ligand. The addition of hydrogen atoms and computation of the
protonation state of ionizable groups at pH 6.5 were carried out
using the H++ server,45 which relies on AMBER force-ﬁeld
parameters and ﬁnite diﬀerence solutions to the Poisson−
Boltzmann equation. Then, for every pair, the ClusPro server46
was used to generate diﬀerent docking poses, and the 10 bestranked solutions were selected. These structures (plus the native
ones) were energy minimized using sander. Finally, MM-ISMSA
calculations were performed on these reﬁned structures.
The quality of the ranking provided by the MM-ISMSA
scoring function was compared to the quality of the docking
poses in terms of the set of common contacts found in the
docking pose and the native structure, that is, the contact overlap
(Coverlap; eq 21). Two residues were considered to be in contact if
any of their respective atoms were closer than a given cutoﬀ
distance, 4 Å in our case:
Coverlap =

∑ij CijaCijb
(∑ij Cija)(∑ij Cijb)

3.7. Pairwise Decomposition. To calculate the pairwise
decomposition of the interaction energy, we have devised a
weighting scheme by means of which the solvation contribution
of a given pair (polar [eq 22] and nonpolar [eq 23]) is balanced
by the sum of other interactions (vdW and Coulombic) involving
any of the two residues in that pair:
i↔j
j
i
ΔGsolv
= wiR↔ jΔGsolv
+ wiL↔ jΔGsolv

(22)

np, j
np
np, i
ΔG binding
= wiR↔ jΔG binding
+ wiL↔ jΔG binding

(23)

where i and j are the interacting residues belonging to the
receptor and ligand, respectively, and
wiR(L)
↔j =

vdW, i ↔ j
elec,coul, i ↔ j
ΔG binding
+ ΔG binding
N (NR )

∑k =L 1

vdW, i ↔ (j)k
elec,coul, i ↔ (j)k
+ ΔG binding
(ΔG binding
)

Based on this scheme, we have classiﬁed receptor−ligand
interaction pairs into three types: (a) hydrogen bonding; (b)
hydrophobic (which includes ΔGvdW and nonpolar contributions
from ΔGRdesolv, ΔGLdesolv, and ΔGapo); and (c) hydrophilic (which
R
includes ΔGelec and the polar contribution from ΔGdesolv
,
L
ΔGdesolv, and ΔGapo). Polar and apolar contributions are
calculated according to atom types. Namely, N and O atoms
are considered polar and the rest apolar. Therefore, any
interacting pair is classiﬁed as (a) hydrogen bonding, whenever
a hydrogen bonding interaction is detected, independently of the
other interactions that may occur; (b) hydrophilic, if the relative
weight of the hydrophilic term in the total interaction energy is
above 60%; (c) hydrophobic, if the relative weight of the
hydrophobic term in the total interaction energy is above 60%;
and (d) mixed, if the relative weight of the hydrophilic term in the
total interaction energy is found to be between 40% and 60%.
3.8. Computational Performance. In this section, we
analyze our scoring function (MM-ISMSA) and the MMPB(GB)SA method in relation to their implementation within
the AMBER suite, including the old version (mm_pbsa.pl) as well
as the new one (MMPBSA.py), and their eﬃciency. First, we
analyze the implementation of the algorithms focusing on the
programming language employed and how the calculated data
are stored and handled. Then, we estimate the eﬃciency (or the
complexity, T) of the algorithms employing the commonly used
asymptotic approach (assuming a very large amount of input
data) and the big O notation as the parameter to state the order of
running time growth. As the elemental unit function, we consider
a single energetic calculation which, depending on the method, is
represented by the following functions:

∈ [0, 1] ⊂ 
(21)

where i and j stand for receptor and ligand residues, respectively,
while a and b represent the native and decoy structures,
respectively. Then, Caij refers to the contacts in the native
structure (1 if the contact between i and j exists, 0 otherwise) and
Cbij, to those in the decoy.
As it is more common to assess the structural goodness of a
scoring function in terms of the root-mean-square deviation
(RMSD) found between a scored solution and the corresponding native structure, we have also employed it for comparative
purposes although it has been demonstrated that in some cases
this measure is devoid of accuracy. We have termed this
parameter RMSDL, and its calculation encompasses two steps:
ﬁrst, the alignment of the receptor structure using the McLachlan
algorithm47 and, second, the evaluation of the RMSD for
backbone atoms of the whole superimposed structure. These
calculations were performed with the ProFit software.48

TMM − ISMSA = (NR ·NL) + NR + NL

(24)

TMM − PB(GB)SA = (NR + NL)2 + NR2 + NL2

(25)

NR and NL stand for the number of atoms in the receptor and
ligand, respectively.
3.9. MM-ISMSA Graphical User Interface. All of the
functionalities available from the MM-ISMSA code have been
implemented in a graphical user interface (GUI), written in the
Python programming language. This allows its facile use as a
plugin to the popular molecular visualization program PyMOL.
The GUI front end uses PyMOL software version 1.2 or higher
and requires the NumPy (version C 1.3) module and the
portable command-line driven graphing utility gnuplot (version
4.6). The GUI has been prepared to be executed on Linux
operating systems. The minimum recommended amount of
3400

dx.doi.org/10.1021/ct300497z | J. Chem. Theory Comput. 2012, 8, 3395−3408

Journal of Chemical Theory and Computation

Article

Figure 3. Correlation between total binding free energies (ΔGbinding in kcal/mol) as obtained by (a) MM-APBSSA, (b) MM-PBSA, and (c) MM-GBSA
methods and by the MM−ISMSA method.

Figure 4. Comparison of total electrostatic binding free energies and their diﬀerent contributions as obtained by APBS and ISM. (a) Total electrostatic
binding free energy. (b) Coulombic contribution. (c) Receptor desolvation. (d) Ligand desolvation.

ﬁnd MM-ISMSA reproduces MM-APBSSA’s ΔGbinding with great
accuracy (r2 = 0.93, Figure 3a) as it does when compared to MMPBSA (r2 = 0.94, Figure 3b) or MM-GBSA (r2 = 0.97, Figure 3c).
In addition, we obtain small deviations from MM-PBSA (slope =
0.92) and MM-GBSA (slope = 1.06) and slightly higher from
APBS (slope = 0.80). Finally, when MM-PBSA is compared to
MM-GBSA in terms of the total interaction energy, the
correlation coeﬃcient (r2 = 0.95), slope (0.86), and intercept
(−3.16) are similar to the values obtained when comparing MM-

main memory is around 800 MB (for an average of 900 residues
in total per system), and no signiﬁcant storage capabilities are
required to hold the outcomes of the calculations.

4. RESULTS AND DISCUSSION
4.1. MM-ISMSA Compared to MM-APBSSA and MMPB(GB)SA. In this section, we ﬁrst compare the numerical values
for the total binding free energies (ΔGbinding) as obtained from
MM-ISMSA, MM-APBSSA, and MM-PB(GB)SA methods. We
3401
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Figure 5. Comparison of total electrostatic binding free energies obtained by ISM with those calculated using (a) PB (as implemented in MM-PBSA)
and (b) GB (as implemented in MM-PBSA).

Figure 6. Comparison between GB and ISM in terms of the diﬀerent contributions to the total electrostatic binding free energy as obtained by applying
the three-calculation method. (a) Coulombic contribution. (b) Ligand desolvation. (c) Receptor desolvation.

As stated above, the thermodynamic cycle on which ISM is
based (Figure 2) directly dissects, by construction, the
electrostatic contribution to binding into its components (eq
13) in just a single step. On the contrary, three calculations are
needed to obtain the same partition scheme when PB or GB
models (eqs 9−11) are employed. In particular, when the triple
calculation is used, ISM compared to GB (Figure 6) aﬀords a
correlation coeﬃcient close to 0.9 (r2 = 0.85) for both
desolvations (Figure 6b,c), while the slopes indicate that these
values are overestimated by the GB model (0.75 and 0.74 for
receptor and ligand desolvation, respectively). The agreement
between Coulombic terms is even better, with both the
correlation coeﬃcient and the slope yielding a value of ∼0.9
(Figure 6a).
4.2. The MM-ISMSA Scoring Function in Protein−
Protein Docking. We have challenged the MM-ISMSA scoring
function by mixing the native structures for a set of 15 protein−
protein complexes with docking decoys (10 for each complex
obtained from the ClusPro program) and then evaluating the
binding free energy for each complex (eq 14). Although this

ISMSA to either MM-GBSA or MM-PBSA. As the nonelectrostatic terms (ΔGvdW and ΔGnp) are always computed in
the same way, the rest of this section will focus on the
electrostatic part (ΔGelec
binding) of ΔGbinding and its decompositions
elec,coul
into the Coulombic (ΔGbinding
) and receptor and ligand
elec,desolvR
elec,desolv
desolvation terms (ΔGbinding and ΔGbinding L, respectively).
In the following, unless otherwise stated, we will refer to the
methods simply as APBS, ISM, GB, or PB.
The correlation between APBS and ISM in terms of ΔGelec
binding
is very good (r2 = 0.83, Figure 4a), and the same is true when
2
individual components are considered: ΔGelec,coul
binding (r = 0.86,
elec,desolvR 2
elec,desolvL 2
Figure 4b), ΔGbinding (r = 0.82, Figure 4c), and ΔGbinding (r
= 0.81, Figure 4d). Slopes are close to unity (1.15 for ΔGelec,coul
binding
L
and 1.17 for ΔGelec,desolv
) or slightly higher (1.24 and 1.25 for
binding
elec,desolvR
, respectively), and the intercepts are
ΔGelec
binding and ΔGbinding
very small in all cases.
Furthermore, when ISM is compared to either PB (Figure 5a)
or GB (Figure 5b), the correlation coeﬃcients (r2 = 0.82 in both
cases), slopes (1.13 and 0.75), and intercepts (1.79 and 1.09) are
on the same order as before.
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correspond to an assembly with high and low Coverlap and
RMSDL values, respectively.
4.3. Pairwise Decomposition. Figure 10 shows the
relationship between all individual inter-residue interaction
energies calculated by MM-ISMSA and MM-GBSA for the 15
proteins in the second test set. A very good correlation was
obtained (r2 = 0.95), indicating the feasibility of employing MMISMSA as an alternative to MM-GBSA.
4.4. Computational Performance. In routine calculations,
when dealing with relatively large protein−protein complexes,
we have found a tremendous bottleneck in the use of the
mm_pbsa.pl module in AMBER to obtain the partition of the
interaction energy into pairwise residue contributions. In fact,
this decomposition scheme is actually impracticable in many
cases due to the large execution times required, not to mention
the huge demands on memory and disk space. After some careful
examination, we concluded that the main culprit for this
appeared to be the use of hash tables to store the data. On the
other hand, we were aware that perl, being an interpreted
language, is not adequate to handle highly computationally
demanding mathematical calculations. To circumvent these
problems, we decided to rewrite in C programming language the
main part of the mm_pbsa.pl module where the statistical
calculations are performed (mm_pbsa_statistics.pm module),
replacing the hash tables with single arrays. We refer to this new
code as optimized mm_pbsa.pl. By the time we were developing
this optimized code, a new version of the mm_pbsa.pl module
was released under the name MMPBSA.py. This new version
avoids some problems of the early module by executing sander
binaries on each snapshot and using a more adequate data
structure and methods from Python programming language.
Then, we compared the performance of the MM-ISMSA code to
the old (mm_pbsa.pl) and new (MMPBSA.py) modules
implemented in the AMBER package and to the C optimized
module (Figure 11) in terms of execution times.
Three main observations can be derived from Figure 11: First,
in the limit of high number of residues, the ISM code achieves
execution times 4 orders of magnitude smaller than the old
mm_pbsa.pl module. Second, at the same limit, the new
implemented MMPBSA.py and our mm_pbsa.pl optimized
module show very close execution times. Third, ISM outperforms all the other codes tested here, irrespective of the number
of residues used in the calculation.
Continuing with the pairwise residue decomposition, and
according to eqs 24 and 25 above, it is relatively straightforward
to realize that the eﬃciency of both algorithms grows on the

function provides more detailed information on the binding
event than just the global value of the binding energy (hydrogen
bond types and count, HBScore, van der Waals and electrostatic
interactions, desolvation terms, etc.), we were not able, however,
to discriminate between the native structure and the decoys on
the basis of this detailed individual information. Rather, it was
only the global binding energy parameter which really selects the
native pose as the best scored pose among the decoys in 12 out of
the 15 complexes studied here (80% of success, Figure 7).

Figure 7. Total free energies of binding for each of the decoys and the Xray structure in the test set. The small black dots represent the decoys,
while the black squares symbolize the X-ray structure.

The ﬁnding that descriptors as important as the types and
number of hydrogen bonds or the electrostatic complementarity
between receptor and ligand, considered as essential in protein−
protein recognition, are not able to discriminate a native
structure from a pool of decoys might be due to the ability of
ClusPro to provide challenging docking poses, although with a
signiﬁcant diﬀerence in contact patterns (Figure 8a). In fact, less
than half of the complexes showed Coverlap values above 0.7. On
the contrary, ClusPro is able to supply in most of the cases (10
out of 15) a decoy closer than 10 Å to the native structure (Figure
8b).
Finally, we have a weak correlation (r2 ∼ 0.5−0.6) between the
rankings provided by MM-ISMSA and the contact overlap
(Figure 9a) or RMSDL (Figure 9b). Despite these modest ﬁgures
it is worth noting that in many cases (10 out of 12 if complexes
without very low Coverlap values are excluded) good docking poses
according to the MM-ISMSA scoring function usually

Figure 8. (a) Contact overlap (eq 21) and (b) RMSDL for the decoys generated with ClusPro for each of the targets in the test set.
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Figure 9. Relationships between (a) contact overlap (eq 21) and (b) RMSDL and ISM ranking based on the total binding energy for the decoys
generated with ClusPro for each of the targets in the test set.

right-hand side of eq 14 with a single index running from 1 to the
total number of atoms in the complex). To analyze in more detail
the relative performance of both algorithms, we studied the two
most representative cases: (a) protein−protein docking
assuming an equal number of residues for both the receptor
and ligand and (b) protein−ligand docking, where the number of
ligand residues (one) can be neglected as compared to the
number of residues in the receptor. Then, in the case of protein−
protein docking:
if NR ≈ NL
TMM − PB(GB)SA(N )

= N , lim

TMM − ISMSA(N )

N →∞

Figure 10. Relationship between the pairwise-decomposed binding
energies obtained by MM-ISMSA and MM-GBSA methods for the 15
proteins in the second test set.

6N 2
=6
N + 2N

= lim

2

N →∞

(26)

and in the case of protein−ligand docking, we obtain:
TMM − PB(GB)SA(NR )

if NR ≫ NL , lim

NR →∞

TMM − ISMSA(NR )

2

= lim

NR →∞

NR
=∞
NR

(27)

Therefore, even though both algorithms scale within the same
complexity order for protein−protein interactions (eq 26), the
diﬀerences are signiﬁcant mainly due to the fact that MM-ISMSA
performs six times less operations than MM-PB(GB)SA. To
illustrate this point, consider a protein−protein complex
consisting of a dimer with an average size of 150 residues per
monomer. Assuming that MM-ISMSA requires the same amount
of time to perform a unit calculation as MM-GBSA or MM-PBSA
does (around 0.005 and 2 s, respectively), these diﬀerences
would be translated into 83% or 98% savings in execution time,
for protein−protein or protein−ligand complexes, compared to
MM-GBSA or MM-PBSA, respectively.
Finally, it is worth commenting that under the assumption that
sander energies are calculated following an optimized compiled
code, and that the statistical optimized code accounts for less
than 0.01% of the total execution time, we can conclude that
sander has reached its optimization limit, and no further
improvement can be performed unless a new implementation
of the part of the code in charge of the energy calculations is
undertaken.

Figure 11. Run time (log scale) dependence on the number of residues
for the diﬀerent methods compared in this study.

order of O(N2), provided that NR and NL are of the same
magnitude. However, the number of operations to be done in
MM-ISMSA is smaller than in MM-PB(GB)SA, and this is due to
the double counting of the cross-interaction terms between the
receptor and the ligand in the latter method (double summation
in eq 7, ΔGpol term, with the indexes running from 1 to N for both
receptor and ligand, respectively), while in the former they are
calculated just once (single summation in the second term on the
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4.5. Hydrogen Bonding. Table 1 contains the geometrical
parameters estimated from the statistical analysis of the hydrogen
bonds.

plugin was designed to execute the application and process the
results of the calculations. Figure 12 shows some of the more
important graphic capabilities of the plugin, while a complete
description is included in the user’s guide available from the Web
site.
Once the plugin is invoked from the PyMOL plugin interface,
it displays a window with four main sections organized in
diﬀerent tabs: Conﬁgure, Run, Global Analysis, and Residue
Analysis. At the bottom of this window, an OK button closes the
plugin. The Conﬁgure tab, which is activated by default,
comprises the following ﬁelds: (a) an area that contains two
user-conﬁgurable variables (the path to the ISM executable ﬁle
and the working directory) and a Save button that allows the user
to save this conﬁguration; (b) a second area that depicts the logos
of the institutions involved in its development; and (c) a
scrollable window with information about the plugin, its authors
and institutions involved, contact details, the license, the
disclaimer, and plugin update information.
The Run tab has two sections: (a) on the left, the user can (i)
select to work with a single structure (either a unique PDB ﬁle or
two top and crd AMBER-type ﬁles) or with an MD trajectory ﬁle,
(ii) set the type of input (single structure or trajectory ﬁle), and
(iii) set up the per residue analysis; (b) on the right, the user can
(i) set up the root name for the output ﬁles, (ii) in the case of an
MD trajectory ﬁle, select the initial, ﬁnal, and step size of the
snapshot to be analyzed, and (iii) explore the output of the
calculation in a small window. A Run button on the right on this
window starts the calculation. A Stop button is also provided to
stop the calculation.
In the Global Analysis tab, the user can do the following: (a)
Load the results from a previous calculation by typing the root of
the ﬁle name or selecting the ﬁle. (b) Export the results of the
current calculation. The options are (i) a PDB ﬁle with the
desolvation energy values per residue loaded into the temperature factor ﬁeld for an easy visualization in PyMOL, (ii) a ﬁle

Table 1. Geometrical Parameters Deﬁning the Hydrogen
Bonding Interactionsa
r
α
β

min

min−ideal

max−ideal

max

1.5a
100b
90

1.8a
130
115

2.4
165b
145

2.7
180
180

a

r, in Å, is the distance between the hydrogen and acceptor atoms, and
α and β, in degrees, are the angles between donor, hydrogen, and
acceptor atoms, and the hydrogen, acceptor, and the atom bound to
the acceptor atom, respectively. bThe ﬁnal values for these variables
were ﬁnely tuned to avoid penalizing those hydrogen bonds that,
although geometrically plausible, are either statistically underrepresented (αmin = 90° and αmax‑ideal = 180°) or already penalized
by the van der Waals term (rmin = 0 and rmin‑ideal = 0).

Using these values, we have been able to correctly recover
92.5% of the hydrogen bonds in the training set and 83.7% in the
ﬁrst test set. In most of the cases, the reason why those hydrogen
bonds were not identiﬁed was either because their deﬁning values
were close to the limiting ones or because their geometrical
arrangement cast some doubts on their formation. But more
importantly, their associated interaction energies were well
below the average energies obtained for the recovered hydrogen
bonds. Finally, for the second test set, all the hydrogen bonds
were identiﬁed when compared to HBPLUS as the reference
method.
4.6. The PyMOL Plugin. Due to the possible steep learning
curve of the application, which requires signiﬁcant knowledge of
the underlying operations, we have implemented a GUI
accessible within the popular molecular editor PyMOL. This

Figure 12. Combined snapshots of some graphical capabilities provided by the PyMOL-implemented MM-ISMSA plugin.
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with the Global Energy and its components, and (iii) a ﬁle with
the Global Statistics in case an MD trajectory is processed. (c)
Visualize the contacts between ligand and receptor in PyMOL at
various levels: (1) all the contacts, (2) only hydrophobics, (3)
only hydrophilics, (4) mixed contacts, and (5) hydrogen bonds.
It is worth remembering that the contact classiﬁcation is not
based on the type of side chains found in the interacting residue
but on the kind of interaction energy (see section 2.5). (d) Plot
the evolution of the diﬀerent energetic terms along the MD
trajectory. These are Coulombic, van der Waals, receptor and
ligand desolvation energies, apolar, hydrogen bond, and total.
The last tab, Residue Analysis, allows the user to perform
single residue analysis and visualization. The main functionalities
available are as follows: (a) Load the results of a previous
calculation by typing the root of the ﬁle name or selecting the ﬁle.
(b) Export the results of the current calculation. The options are
(i) a ﬁle with the energies by residue with its components, (ii) a
ﬁle with the Global Statistics in case an MD trajectory is
processed, and (iii) a matrix with residue−residue interaction
energies. (c) Plot the evolution of the diﬀerent energy terms
along the MD trajectory. These are Coulombic (cross term), van
der Waals (cross term), receptor and ligand desolvation energies
(single and cross terms), apolar (single term), and total (cross
term).
Within PyMOL, there are currently some other plugins
developed to run and analyze MD trajectories produced with the
AMBER suite of programs,49 to compute molecular electrostatic
potentials that can be used as the basis for the estimation of
binding and desolvation energies,30 or to calculate protein−
protein interactions.50 However, they are not as complete as our
MM-ISMSA plugin. On the other hand, a great variety of tools
are included within the molecular visualization program VMD51
to analyze MD trajectories calculated with the CHARMm force
ﬁeld. But again, they appear as separate plugins although they are
completely integrated within the VMD working environment. In
addition, there are some Web-based applications that can
estimate contact and binding free energies in protein−protein
complexes,52 predict hot spot residues in protein interfaces,53
and analyze and visualize contacts at the interface of
biomolecular complexes,42,54 just to mention a few. Finally,
and as far as MD protocols are concerned, GUIs for the most
commonly used MD codes have appeared recently.55 Summarizing, we think that our MM-ISMSA PyMOL plugin condenses
some of the advantages of the aforementioned tools while
maintaining its integrity in a single, uniﬁed tool that is
implemented in a widely used and powerful molecular graphics
program.

that in all cases a good agreement was achieved. The second set
(15 diverse experimentally determined complexes and 135
decoys, with a maximum of 10 per complex) was used to test the
ability of the MM-ISMSA scoring function to select near-native
docking poses from a pool of solutions (decoys). The outcome
was an 80% success rate.
Besides its accuracy, an additional advantage of MM-ISMSA is
its reduced computational cost, as it is able to analyze large
systems (∼1000 residues) in less than 5 s, yielding a complete
report on the diﬀerent energy terms and its decomposition.
Compared to the commonly used MM-PB(GB)SA method (as
implemented in AmberTools), MM-ISMSA performs 6 times
fewer calculations than MM-PB(GB)SA. For this reason, it
should be particularly preferable to process long MD trajectories.
Finally, MM-ISMSA has been implemented as a plugin for the
popular molecular visualization program PyMOL, although it can
also be used in command-line mode. The code is open source
and is oﬀered free of charge to noncommercial parties for
download following registration at the CBM Bioinformatics
Unit’s web page (http://ub.cbm.uam.es/).
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ABSTRACT
A new implicit solvent model for
computing the electrostatics binding free energy
in protein–ligand docking is proposed. The new
method is based on an adaptation of the screening
coulombic potentials proposed originally by
Hassan et al. (J Phys Chem B 2000;104:6490–6498).
In essence, it relies on two basic assumptions; (i)
solvent screening can be accounted for by means
of radially dependent sigmoidal dielectric functions and; (ii) the effective atom Born radii can be
expressed only as a function of the exposed atom
surface. Parameters of the model other than radii
and charges are generic. These were optimized for
a dataset of 826 protein–ligand complexes, comprising both X-ray complexes for 23 receptors as
well as decoys generated by docking computations. We show that the new model provides satisfactory results when benchmarked against reference values based on the numerical solution of
the Poisson equation, with a root mean square
error of 4.2 kcal/mol over a range of 40 kcal/mol
in electrostatics binding free energies, a crossvalidated r2 of 0.81, a slope of 0.97, and an intercept of 1.06 kcal/mol. We show that the model is
appropriate for ligands of different sizes, polarities, overall charge, and chemical composition.
Furthermore, not only the total value of the electrostatic contribution to the binding free energy,
but also its components (coulombic term, receptor
desolvation, and ligand desolvation) are reasonably well reproduced. Computation times of
0.030 s per pose are obtained on a single processor desktop workstation. Proteins 2007;67:606–616.
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INTRODUCTION
An adequate treatment of solvation is yet an unsolved
problem in protein–ligand docking.1 Solvation (or hydration, for simplicity throughout this manuscript we will
interchange both terms) plays an important role in the
energetics of ligand–protein association,2–5 and when
using molecular mechanics energy functions, its physical
model influences ranking in virtual screening,6–10 and to
C 2007 WILEY-LISS, INC.
V

a more limited extent, docking geometry.11,12 Introduction of explicit solvent would possibly be the most rigorous means of incorporating the solvent effect, but this is
impractical in docking computations. On the other hand,
there is ample consensus nowadays that implicit solvation methods, while introducing various approximations
to hydration effects,13 provide an adequate balance between computational efficiency and physical soundness.
The implicit hydration free energy is usually divided
into several components: cavity formation, short-range
solvent–solute interactions, and electrostatic solvation.
In this paper we will only consider the later. Implicit
electrostatic solvation is achieved by presuming that the
solvent is a continuum high-dielectric-constant medium
that responds to the partial charges of a low-dielectricconstant solute. Two major continuum models have been
applied in protein–ligand docking, one that uses the numerical solutions of the Poisson equation (PE),14 and
another that applies the generalized-Born (GB) approximation.15,16 While the use of the PE method for docking
has been explored, it is the GB formulation, due to its
improved computational efficiency, the method most
widely investigated to account for electrostatic hydration
effects in protein–ligand docking.17–20 Nevertheless, the
computational cost of an straightforward implementation of these models is still significant, and in practice
most docking protocols employ PE or GB models only
as a second rescoring step, while the docking scoring
functions employ a crude treatment of electrostatics and
solvation.6,10,19,21
It would be beneficial to develop new or improved approaches to the calculation of the electrostatics binding
free energy with a more appropriate balance of accuracy
and speed for protein–ligand docking. Adaptations of
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PE and GB methods have been proposed earlier to
make them more efficient in docking. These are based
on the realization that when two molecules are brought
together, the main contribution to electrostatic desolvation originates from the displacement of the first shell of
water molecules occupying the interacting surface, the
so-called first shell approximation. Based on this idea,
Arora and Bashford22 presented the solvation energy
density occlusion (SEDO) method as an approximation
PE electrostatic desolvation. With SEDO, a solvation
energy density is stored on a grid for each molecule in
isolation. Desolvation is then calculated by integrating
the solvation energy density of one molecule that is
occluded by the other when the pair associates. Similarly,
Caflisch and coworkers have used the first shell approximation to modify the GB model by using the Coulomb
approximation of the electric displacement via volumeintegration.23 The modification allows estimating the
energy in solution of 300 protein-fragment binding
modes per second on a 550 MHz Pentium III. For two different proteins binding to a set of small molecule fragments a r2 of 0.72 with respect to PE energies and slopes
close to the unit were obtained in each case. However, no
data are available on the overall performance with a large
dataset of structurally different proteins. A limitation in
both approaches is the requirement of a rigid protein structure, in order to efficiently use the grid technology.
Herein, we propose a new implicit solvent model (ISM)
for computing the electrostatics binding free energy in
protein–ligand docking, based on an adaptation to protein–ligand binding of the screening coulombic potentials
(SCP) proposed originally by Hassan et al. to treat electrostatics interactions in proteins.24–26 The model (SCPISM) shares similarities with GB approaches, but also
differs from them in a number of important aspects.
With SCP-ISM the system is described as immersed in a
continuum that permeates all space and is completely
characterized by the screening function. In this way the
model departs from GB approaches, eliminating the need
to define an internal dielectric constant and a (discontinuous) boundary between protein and solvent. This is
advantageous in the computation of protein–ligand docking interactions, which mostly take place in the protein–
solvent interface, where the precise location of the
boundary is not well defined. A second feature of the
model is the use of the first shell approximation, that is,
the effective Born radii for each atom is expressed only
as a function of the atom exposed surface accessible area.
This allows an improved trade off between speed and
accuracy. A third advantage is that the effective Born
radii only appear in the self-energy terms, playing no role
in the calculation of the interaction contributions, allowing storing the protein electrostatic potential in a grid for
a fast computation of the pairwise electrostatic contribution to the electrostatic binding free energy, the so-called
test charge approximation. Finally, the model parameters,
other than radii and charges, are generic, allowing the
model to be easily parametrized and therefore it is adaptable to large scale docking computations.

METHODS
Implicit Solvent Model Based on Screened
Coulomb Potential
We review here for completeness of the most salient
features of the SCP-ISM theory developed by Hassan
et al. More details can be obtained from the original
publications.25,26 The model starts from the Lorentz–
Debye–Sack theory of polar liquids, which establishes that
the screening effect due to the solvent shows a sigmoidaldistance dependent dielectric function of the form:
DðrÞ ¼

eþ1
1
1 þ k exp½kðe þ 1Þr

ð1Þ

where e is the solvent dielectric constant, k ¼ (e  1)/2
and k is a parameter controlling the rate of change of
D(r). A similar screening function has also been previously introduced in the docking program Autodock.27 A
second key aspect of the model is the assumption that
the main contribution to electrostatic desolvation of an
atom originates from the displacement of the first shell
of water molecules surrounding the atom and occupying
the atomic surface. The model defines parameters Ri,BS
and Ri,BV as the effective Born radii for the processes of
transferring an atom from the vacuum into a protein interior, surrounded by solvent or vacuum, respectively.
According to the first shell approximation, these radii
are calculated using linear relationships of the form:
Ri;BS ¼ Ri;w ni þ Ri;p ð1  ni Þ

ð2Þ

Ri;BV ¼ Ri;V ni þ Ri;p ð1  ni Þ

ð3Þ

and,

where ni is the fraction of SASA (Ai) of the i atom: ni ¼
Ai/4p(rvdw,i þ rprobe)2. With Ri,W ¼ Ri,COV þ h(þ,), Ri,P ¼
Ri,COV þ g, and Ri,V ¼ RCOV. RCOV is the covalent radius,
and h(þ,) and g are positive quantities that account for
the enlargement of the cavity due to charge effects. In
particular, h(þ,) depends on the atomic charge (see
below). Applying this function to the solvation process (a
detailed derivation of the model can be found in the original papers by Hassan et al.25,26) the following equation
is obtained:

1
1

rij DS ðrij Þ DV ðrij Þ
i< j





N
1X
1
1
1
1
1 
1
q2i
þ
2 i¼1
Ri;BS DS ðRi;BS Þ
Ri;BV DV ðRi;BV Þ

DGelec ¼

X qi qj 

ð4Þ
where the first term represents Coulombic interactions
between charged particles screened by dielectric sigmoidal function depicted in Eq. (1), s stands for the solvent
and v for vacuum.
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Fig. 1. Thermodynamic cycle employed for the calculation of the electrostatics binding free energy. The
process of binding in solution (DG34), can be alternatively computed as the process of desolvating the
unbound species (DG13), letting them interact in vacuum (DG12), and solvating the resulting complex
(DG24). See text for additional details.

Extending SCP–ISM to the Ligand-Receptor
Docking Problem
To extend Eq. (4) to the problem of ligand–receptor
interactions, the thermodynamic cycle depicted in Figure 1
was built. Boxes represent vacuum (1, 2) and solvent (3,
4) states, in both unbound (1, 3) and bound (2, 4) forms.
DGelec is then calculated from Eq. (5):
DGelec ¼ DG34 ¼ DG12 þ ðDG24  DG13 Þ

ð5Þ

paid for removing atoms from the solvent to form the complex. Eq. (6) is the main result of applying SCP–ISM theory
to the protein–ligand binding problem.
Surface Model
SASA values required in Eqs. (2) and (3) were
obtained with the LCPO approximation28 with a solventprobe radius (rprobe) of 1.4 Å. SASAs were computed
using Eq. (7):
Ai ¼ P1 S1 þ P2

DG13, DG24, and DG12 that can be obtained directly from
Eq. (4), and assuming a rigid ligand–protein binding,
after reorganizing terms, Eq. (6) is obtained:

j2NðiÞ

0

NR
NL X
X

L þNR
qi qj
1 NX
þ
q2
Ds ðrij Þrij 2 i¼1 i
i¼1 j¼1
"
!
1
1
3

þ
U
C
DS ðRU
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NL and NR are the number of atoms in ligand and recepU
tor, respectively, RC
S and RS are the effective Born radii
for complexed and uncomplexed forms of both, ligand and
receptor. In analogy with Eq. (4), the first term represents
charge–charge interactions between the ligand and the receptor, and the second contains desolvation penalties to be

Aij þ P3

ð7Þ

In this equation, S1 in the first term is the surface
area of the isolated sphere corresponding to atom i. Aij
is the area of sphere i buried inside sphere j, while N(i)
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stands for the neighbor list of i, that is, the list of
spheres that overlap with sphere i. Thus, the second
term involves the sum of pairwise overlaps of sphere i
with its neighbors. The third term is the sum of overlaps
of neighbors of i with each other. The fourth and last
term is a further correction for multiple overlaps. See
Weiser et al.28 for additional details. New parameters
P1 to P4 were derived using our own training set of proteins. See the supporting information.
Hydrogen Bond Correction
A correction term was introduced into Eq. (6) to account for the effect of hydrogen bond interactions on the
ligand desolvation energies. The origin for this correction term is analyzed in the discussion section. A regression analysis was performed between the difference
in desolvation energies calculated with Poisson and
SCP–ISM methods and the number and type of hydrogen bonds. The number of hydrogen bonds for each decoy
was deduced using a donor–acceptor cut off distance of
3.4 Å and an angle of 1208 between donor–acceptor–
acceptor antecedents. Definitions for donor and acceptor
atoms types were taken from HBPLUS29 in the case of
protein atoms. For the ligands, all the oxygen and nitrogen atoms were visually inspected and assigned. Hydrogen bonds were then classified by the type of interactions in charged–charged (cc), neutral–charged and
charged–neutral (nc), and neutral–neutral (nn). We
observed that for those cases involving protonated amino
groups, an additional binary variable describing the
presence or absence of this group was required (npn).
This is easily understood bearing in mind the way in
which LCPO surface parameters were obtained, by
linear fitting over the surface accessible area of the residues in the native structures (see supplementary material). Therefore, parameters for protonated nitrogen
atoms where derived from lysine, whose distribution of
exposed surface areas is skewed towards high values,
and consequently resulting in underrepresented counts
for buried protonated amino groups. All in all, the correction term is then of the form:
DGcorr ¼ a þ b  hb  cc þchb  nc þdhb  nn þenpn

ð8Þ

where hbxx is the number of hydrogen bonds of type xx.
The final electrostatics binding free energy computed
with the SCP–ISM approximation is therefore:
DGISM ¼ DGelec þ DGcorr

ð9Þ

Comparison With Electrostatics Binding Free
Energies Obtained With Numerical Solutions
of the Poisson Equation
Because the usefulness of the PE for calculating electrostatics effects in intermolecular interactions is well
established,14 the tests of the SCP–ISM approximation
presented in this article are mainly intended to see how

well it approximates the electrostatics binding free
energy calculated using the full PE approach. The total
electrostatics binding free energy (DGele) was calculated
from the total electrostatic energy of the system
obtained when solving the PE by running three consecutive calculations on the same grid: one for all the atoms
in the complex (GLR
ele ), one for the ligand atoms alone
(GLele ), and a third one for the receptor atoms alone
(GR
ele ). Since the grid definition is the same in the three
calculations, the artifactual grid energy cancels out when
the electrostatic contribution to the binding free energy
is expressed as the difference in energy between the
product and the reactants:
L
R
DGele ¼ GLR
ele  ðGele þ Gele Þ

ð10Þ

Alternatively, we also considered a different description of the binding process, consisting of first desolvating
the opposing surfaces of both ligand and receptor and
then letting the charges of the two molecules interact, in
order to isolate the three different contributions to the
electrostatics binding free energy: the ligand–receptor
interaction energy in the presence of the surrounding
LR
solvent (Eele
), the change in solvation energy of the
L
ligand upon binding (DGdesolv
), and the change in solvaR
tion energy of the receptor upon binding (DGdesolv
):
L
R
DGele ¼ ELR
ele þ ðDGdesolv Þ þ DGdesolv Þ

ð11Þ

The first term, the Coulombic contribution to DGelec,
was obtained by computing the product of ligand
charges and the electrostatic potential generated by the
protein on the ligand charge centres. On the other
hand, receptor and ligand electrostatic desolvation energies were calculated in two successive steps: a first one,
where a calculation is performed for receptor and ligand
alone; and the second one, for the ligand, with
uncharged receptor, and the receptor, with uncharged
ligand.
All these calculations were performed by numerically
solving the linear PE using the finite difference method
as implemented in DelPhi.30 For all calculations with
DelPhi PARSE atomic radii31 were used while charges
were assigned either based on the AMBER force field32
(protein case), or computed with MOPAC33 (ligand case).
Each complex was immersed in a cubic box occupying
65% of the total volume, with a grid spacing of 0.5 Å.
Solute dielectric constant was set to 4, while the solvent
and the dielectric medium was set to 80. We note that
although a bulk dielectric constant of 1 or 2 is commonly
employed to model the solute interior in continuum
calculations, the microscopic value is environment
dependent.34 Higher values can be employed when energetics of processes involving polar sites are of interest,
such as in pKa calculations or when modelling ligand–
DNA interactions.35,36 Although a matter of debate, and
since ligand binding sites are moderately polar, we5 and
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TABLE I. Summary of the Decoy Dataset Used in this Paper
PDB ID
1HVI
1HVJ
1HVK
1HIH
1HPX
1MCJ
1RBP
2UPJ
1ABE
1AJX
5ABP
1DBB
1FKG
1FKH
1MRK
1STP
1B9V
1DBM
1TNG
1TNI
1TNK
1TNL
1BMA

Description

No.of atoms
(heavy)

HIV-1 protease
HIV-1 protease
HIV-1 protease
HIV-1 protease
HIV-1 protease
Immunoglobulin
Retinol binding protein
HIV-1 protease
L-arabinose binding protein
HIV-1 protease
L-arabinose binding protein
Immunoglobulin
FK506 binding protein
FK506 binding protein
a-trichosanthin
Biotin binding protein
Influenza virus neuraminidase
Immunoglobulin
Trypsin
Trypsin
Trypsin
Trypsin
Trypsin

116
115
116
91
87
60
51
81
20
74
22
53
68
74
32
31
50
64
24
27
24
22
73

No. of
decoys

RMSD
min–max (Å)

Total
charge

No. of
HBD

No. of
HBA

43
65
50
57
85
44
40
48
60
64
34
3
20
20
9
78
20
20
3
20
20
3
20

0.3–15.1
0.2–14.1
0.3–15.8
0.4–15.8
0.1–9.6
0.3–11.3
0.2–3.4
0.2–10.1
0.1–3.8
0.1–3.7
0.1–2.5
1.4–6.9
0.4–8.5
0.4–8.0
0.5–4.5
0.1–8.5
0.4–5.0
0.5–3.3
0.7–1.8
0.6–3.2
0.6–2.9
1.6–2.1
0.6–4.2

0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
1
1
þ1
þ1
þ1
þ1
þ1

6
5
6
5
4
4
1
3
4
3
5
0
0
0
6
3
0
0
3
3
3
3
0

8
7
8
5
6
6
1
4
4
3
5
2
3
3
8
7
6
5
0
0
0
0
3

(58)
(57)
(58)
(41)
(46)
(32)
(21)
(41)
(10)
(40)
(12)
(23)
(33)
(33)
(19)
(16)
(25)
(31)
(8)
(11)
(10)
(10)
(37)

See Methods for additional details.

others2,37,38 consider more appropriate a value of four.
The dielectric boundary was calculated using a solvent
probe radius of 1.4 Å. A minimum separation of 11 Å
was allowed between any solute atom and the box walls.
The potentials at the grid points delimiting the box were
calculated analytically by treating each charge atom as
a Debye–Hückel sphere.

Training Set of Complexes Used
in the Development of the SCP–ISM Model
A training set was formed with 23 different proteins
(see Table I) summing up a total of 826 decoys. Some of
the decoys (those for 1HVI, 1HVJ, 1HVK, 1HIH, 1HPX,
1MCJ, 1RBP, 1UPJ, 1ABE, 1AJX, 5ABP, and 1STP) were
taken directly from LPDB database.39 Atom types and
hydrogen atoms definitions where translated from the
CHARMm force field into their equivalents in AMBER.
Hydrogen atoms were removed, and added back with
protonate program from the AMBER 8.0 package, were
also charge and radii for all the atoms in the proteins
assigned. For the ligands, AMBER radii and semiempirical charges fitted to electrostatic potentials with
MOPAC33 were used (keywords 1SCF, MNDO, ESP, and
DIPOLE). The rest of the decoys (those for 1DBB,
1FKG, 1FKH, 1B9V, 1DBM, 1TNG, 1TNI, 1TNK, 1TNL,
and 1BMA) were generated by us using our in-house
docking program.11,40 They were prepared in exactly the
same way as stated before for LPDB data set.
PROTEINS: Structure, Function, and Bioinformatics

Parametrization and Validation
of the SCP–ISM Model
Description of the SCP–ISM parameters and their
optimized values are listed in Table II, and in Table I of
the supplementary material. We arrived at these parameters by performing exhaustive searches in a subset of
the parameter space, using the quadratic error between
the SCP–ISM and PE values as fitness function. The
following parameters were systematically modified: scale
factor for atomic radii (from 0.3 to 1.3 Å in 0.1 Å intervals; enlargement factor h(þ,), from 0.35 to 0.85 Å in
0.1 Å intervals; enlargement factor g, from 0.0 to 1.0 Å
in 0.1 Å intervals; k, from 0.001 to 0.020 in 0.001 intervals; fixed values were used for e (78.39) and the
solvent-probe radius (1.4 Å). To test for the robustness of
the fitted parameters, a Leave One Out (LOO) procedure
was applied. One by one, all decoys from a single target
were removed from the complete set, the model was
rebuilt (internal test) and the excluded decoys blindly
predicted (external validation). At each step the RMSD
and regression coefficients between the values for the
external set and their Poisson counterparts were compared. Calculations were carried out with the R package
(http://www.r-project.org/).
RESULTS
A key aspect of any method development involving parameter fitting is the training set of examples employed
in the fitting process. Here, 826 different decoys have
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TABLE II. Relevant Parameters Used
in our SCP-ISM Model
Parameter
Atomic Radiia
Scale
h(þ,)
g
Solventb
k(þ,)
e
rprobe
Hydrogen bondc
r
a
a
b
c
d
e
PE/SCP-ISMd
A
B
C
D

Value
0.6
0.85 (0.35)
0.5
0.013 (0.007)
78.39
1.4
3.4
120
0.29
1.02
0.25
0.02
10.52
5.3
0.09
1.06
0.97

a

Initial AMBER radii for all the atoms are scaled down by the scale
parameter. h(þ,) and g account for the enlargement of the radii
when immersed in solvent. h(þ,) depends on the type of charge
(0.85 for positive and 0.35 for negative), g is independent of the
charge and it is always equals to 0.5, both in Å.
b
Solvent related parameters are the slope of sigmoidal dielectric
function (k(þ,)) with two values: 0.013 for all of the atoms except
for those with a formal positive charge, and 0.007 for these last
ones. e is the dielectric constant of the bulk solvent and rprobe is the
radius, in Å, of the water probe molecule employed to calculate the
solvent accessible surface.
c
Hydrogen bond parameters: r and a are the minimum radii (in Å)
and angle (in degrees) between donor and acceptor, and donor–
acceptor–acceptor antecedents, respectively. a, b, c, and d corresponds to the fitted parameters to account for the hydrogen bond
correction (see Methods) according to the equation: DGcorr ¼ a þ b 
hbcc þ c  hbnc þ d  hbnn þ e  npn.
d
Final parameters obtained from the comparison between PE and
SCP-ISM according to the equation: PB ¼ C þ D(A exp(B(ISM)),
see Table III and main text.

been employed to test the new solvation model described
in this paper (Table I). Decoys cover a wide range
(around 40 kcal/mol) of electrostatics binding free energies. There is also ample structural variety in the complexes employed, both in protein architectures as well as
in the ligand functional groups. The set includes neutral, zwitterionic, as well as formally charged (both positively and negatively) ligands. Finally, there is also a
considerable number of representative orientations of
each complex within each binding site, about 20 on average, covering a large spectrum of RMSD values, ranging
from close natives to more than 10 Å RMSD. Thus, we
feel confident that our dataset, while not perfect, has
enough variety to warrant the generality of our results.
The LOO tests (see below) seem to confirm this.
A second important aspect is the number of parameters to fit. Our SCP–ISM model has a relatively small

611

number of generic parameters (Table II). Leaving aside
the parameters related to charges, radii, and those
involved in the surface calculation, the model has a total
of 17 or 19 parameters (Table II), depending on the exact
choice of the model (see below). The basic model, corresponding to Eq. (6), contains eight parameters: hþ, h, g,
kþ, k, e, rprobe, and the scale factor of the atomic radii
(see Methods and Table III for definitions and values,
respectively). Six out of these eight were considered for
optimization, while e and rprobe were kept fixed. In order
to properly reproduce PE results with the version of the
SCP–ISM model developed here, a hydrogen bond
correction was deemed necessary. The definition of
the hydrogen bond itself added two parameters to the
model. In order to obtain a reasonable fit, an additional
set of five parameters, accounting for the nature of the
hydrogen bond, were required (Table II). A comparison
of the SCP–ISM and PE electrostatics binding free energies with the optimized set of parameters is shown in
Figure 2(a). The direct comparison suggests that an exponential-type relationship exists between them. The
reason for this dependence is unclear to us, and its
investigation will be left for future work. Noting this
dependence, two different fittings between the two sets
of data were attempted: an exponential one (model1,
Poisson ¼ A exp(B 3 SCP–ISM)); and a second linear
fitting of the exponential model (i.e., model1) was also
investigated (model2, Poisson ¼ C þ D(A exp(B 3 SCP–
ISM)), to account for systematic deviations from the
exponential behavior. Adding the fitting parameters (two
or four, depending on which model is used) yields the
final set of 17 or 19 parameters comprising our complete
SCP–ISM model.
Results for the two fittings (model1 and model2), including LOO tests, can be found in Table III. The results
for the ALL row correspond to the standard crossvalidation case, where each set of decoys for a given protein
were removed, a model derived, and based on the model
the removed complexes were predicted. In this case, as
expected, the crossvalidated RMSD is slightly larger
than fitted one. The rest of the rows in Table III correspond to the partial results of the ALL case. For example, the first row shows the in-fitting columns, the model
obtained after removing decoys for 1HVI, with all other
decoys as training set. The LOO crossvalidation columns
show the result of this model as applied to the 1HVI
decoys. A slightly better RMSD value is obtained with
model2 as compared to model1 with 4.16 versus
4.20 kcal/mol, respectively. A crossvalidated r2, or q2 of
0.81, a slope of 0.97, and an intercept of 1.06 kcal/mol
was found for the best model. A comparison with PE
data is shown in Figure 2(b). The similarity for the
RMSD values between the fitted and crossvalidated electrostatics binding free energies shown in the LOO tests
(4.20 versus 4.33, see Table III) indicates that there is
no evidence of overfitting. Thus, our results are likely to
hold using different sets of complexes. Satisfactory
results are also found for the different components of
the electrostatics binding free energy. The squared corre-
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TABLE III. Evaluation of the SCP-ISM Model
Fitting

LOO crossvalidation

PE ¼ A exp(B 3 ISM)
Complex
1HVI
1HVJ
1HVK
1HIH
1HPX
1MCJ
1RBP
2UPJ
1ABE
1AJX
5ABP
1DBB
1FKG
1FKH
1MRK
1STP
1B9V
1DBM
1TNG
1TNI
1TNK
1TNL
1BMA
ALL

PE ¼ C þ D(A exp(B 3 ISM))

A

B

r2

RMSDa

C

D

r2

RMSDa

Model1
RMSDa

Model2
RMSDa

q2

5.33
5.34
5.31
5.32
5.30
5.47
5.52
5.25
4.69
5.46
4.86
5.30
5.32
5.32
5.28
5.57
5.29
5.24
5.32
5.41
5.37
5.30
5.27
5.30

0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09
0.09

0.80
0.80
0.80
0.80
0.80
0.83
0.81
0.81
0.85
0.81
0.84
0.81
0.81
0.81
0.81
0.82
0.81
0.82
0.81
0.80
0.81
0.81
0.81
0.81

4.11
4.04
4.17
4.15
4.14
4.13
4.22
4.16
4.29
4.28
4.23
4.21
4.25
4.25
4.20
4.25
4.24
4.23
4.20
4.23
4.22
4.21
4.24
4.20

0.79
0.85
0.85
0.82
0.84
1.29
1.10
0.92
1.54
1.31
1.46
1.06
1.12
1.11
1.06
1.06
1.00
1.05
1.03
0.91
1.07
1.07
1.12
1.06

0.99
0.98
0.98
0.98
0.98
0.96
0.97
0.98
0.94
0.96
0.95
0.97
0.97
0.97
0.97
0.97
0.98
0.97
0.97
0.98
0.97
0.97
0.97
0.97

0.86
0.87
0.86
0.87
0.87
0.87
0.86
0.87
0.87
0.86
0.87
0.86
0.86
0.86
0.87
0.86
0.87
0.87
0.86
0.86
0.86
0.86
0.86
0.87

4.07
4.00
4.14
4.12
4.10
4.08
4.18
4.12
4.22
4.23
4.16
4.17
4.20
4.20
4.16
4.21
4.19
4.18
4.16
4.19
4.18
4.17
4.19
4.16

5.88
6.14
4.76
4.96
4.69
5.21
3.37
5.04
5.19
2.46
5.96
1.55
1.48
1.26
2.44
2.59
4.38
3.67
2.59
1.17
2.49
1.36
1.85
4.40

5.70
5.96
4.61
4.69
4.53
5.76
4.12
5.00
4.19
3.18
4.97
2.28
2.16
1.98
2.17
3.22
3.92
3.08
3.41
1.77
3.08
1.80
1.53
4.33

0.70
0.40
0.81
0.76
0.50
0.71
0.44
0.36
0.93
0.73
0.86
0.98
0.66
0.95
0.62
0.80
0.92
0.68
0.87
0.68
0.69
0.73
0.19
0.81

Fitted (for model1, PE ¼ A exp(B 3 ISM); and model2, PE ¼ C þ D(A exp(B 3 ISM)), see main text for more details) as well as crossvalidated results are shown. The results for the ALL row correspond to the standard crossvalidation case, where each set of decoys for a given
protein were removed, a model derived, and based on the model the removed complexes were predicted. Partial results obtained excluding
decoys of specific system shown in the corresponding row during the fitting phase are also presented. In these cases the fitting values correspond to those obtained with the model generated using the rest of the decoys. Reported q2 values correspond to model2.
a
Root mean square deviation (in kcal/mol) between the PE and SCP-ISM results.

lation coefficients oscillate between 0.79 and 0.88 (see
Fig. 3). Slopes are also close to unity (1.13 for the coulombic term and 1.01 for the ligand desolvation term),
except for receptor desolvation term (1.72) (see Fig. 3).
Intercepts are close to zero in all cases (see Fig. 3).
Thus, not only the total energy, but also its contributions
are well reproduced by the SCP–ISM model.
As to the computation times, Figure 4 shows a histogram of the computing times for the 826 decoys. The
average computing time is 40 ms, with a mode at 30 ms.
These times are well below most GB approaches. The
dependency of the computing times with the number of
heavy atoms in the ligand can be found in Figure 5,
which shows a ‘‘box and whisker plot’’. For each bin, the
data is divided into four intervals: a quarter of the data
(25% percentile) is between the lower-lying whisker and
the baseline of the box, another quarter is between this
line and the median line, other quarter is between the
median line and the top line of the box, and finally,
the last quarter is between this last line and the end of
the higher-lying whisker. An approximately linear dependency between number of heavy atoms and computing time is observed.
PROTEINS: Structure, Function, and Bioinformatics

DISCUSSION
Herein we present a new model for the fast calculation
of electrostatics binding free energies in protein–ligand
binding problems. The formulation is a modification of
the original model proposed by Hassan et al. to treat
electrostatics effects in proteins.25,26 As in their case, no
boundary surface between the high (solvent) and low
(receptor and/or ligand) dielectric media is required.
This is achieved by defining the dielectric function in a
sigmoidal distance-dependent manner. Similarly, the
effective Born radii are readily computed only from the
exposed surface accessible area of the atom of interest.
In order to properly account for the PE results, a hydrogen bond correction term in the SCP–ISM model was
necessary. At face value, this requirement may seem
odd, since both models (PE and SCP–ISM) attempt
describe the same process, the electrostatics binding free
energy, and hydrogen bonding has a strong electrostatics
component which should be captured by the model.
However, recent studies by McCammon and coworkers41
have clearly established that the use of atom-centered
surfaces, such as the ones employed here the LCPO
method, or the presence of smooth transitions between
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Fig. 2. Correlation between the total electrostatics binding free
energy (in kcal/mol), as obtained by numerically solving the PE
(y-axis), and by the SCP–ISM method (x-axis). Each point represents
the corresponding energy pair for a different decoy. About 826 different
decoys (summarized in Table I) have been employed. (a) Direct correlation. (b) Correlation after logarithmic correction. See text for details.

low and high dielectric regions, as in our sigmoidal
dielectric function, increase the fraction of interstitial
high dielectric regions in the protein interior. The presence of these regions has been shown to suppress the
electrostatic free energy barriers characteristic of hydro-

Fig. 3. Comparison of the different energy contributions to the electrostatics binding free energy, as obtained by solving the PE and by using
SCP–ISM. (a) Coulombic contribution; (b) receptor desolvation, and
(c) ligand desolvation. Each point represents the corresponding energy
pair for a different decoy. About 826 different decoys were used.
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Fig. 4. Frequency distribution of the SCP–ISM computing time
required to obtain the electrostatics binding free energy per decoy. The
x-axis shows the range of computing times (in ms), while the y-axis
shows the corresponding frequency in the set. The set of 826 decoys
summarized in Table I has been employed. Calculations were performed in a 3.0 GHz Pentium IV computer.

gen bond formation when compared to atomistic potential of mean force simulations, leading to overestimation
of solvation energies, particularly for groups involved
in hydrogen bond interactions.41 We speculate that our
empirical hydrogen bond term might act as an ‘‘ad-hoc’’
correction to account for this effect. Nevertheless, future
studies will address this matter in detail.
On the basis of studies with a large set of 826 decoys,
covering substantial structural variety both in targets
and ligands, satisfactory results have been obtained with
the SCP–ISM model. The new method has a squared
crossvalidated correlation coefficient with the electrostatics binding free energies obtained with the PE of
0.81, a slope of 0.97, an intercept of 1.06 kcal/mol, and a
RMSD of about 4.33 kcal/mol [Fig. 2(b) and Table III].
The different contributions to the electrostatics binding
free energies are also reproduced with similar accuracy
(see Fig. 3). These results compare well with those recently obtained by Liu and Zou,37 who studied the ability
of GB to reproduce electrostatics binding free energies
computed with PE. In their study, using crystal structures for 15 complexes in fitting and another 15 in crossvalidation, Liu and Zou obtained a squared correlation
coefficient of 0.81 and a RMSD of 4.05 kcal/mol in fitting
phase, while in crossvalidation the values obtained were
0.81 and 5.14, respectively. The comparison suggests
that GB and SCP–ISM achieve similar performances in
modelling protein–ligand binding energetics. Nevertheless, a log transformation in the SCP–ISM model was
required to linearly fit the total electrostatics binding
free energy to the PE results. We have found that the
reason for this non linear effect rests on a relative (i.e.,
with respect the reference value computed with PE)
overestimation of the desolvation free energy for proteins hosting long, narrow hydrophobic channels in the
ligand binding site, such as the retinol binding protein
or the biotin binding protein (see Table I for a descripPROTEINS: Structure, Function, and Bioinformatics

Fig. 5. Box and whisker plot showing the relationship between
ligand size and computing time. The number of heavy atoms in the
ligand is plotted versus the corresponding computing time. The set of
826 decoys summarized in Table I has been employed. Calculations
were performed in a 3.0 GHz Pentium IV computer. See text for
details.

tion of the complexes). The reasons for this overestimation are unclear and are being investigated at present.
On the other hand, we wish to emphasize that PE calculations are employed here more as a guideline, upon
which our method should qualitatively conform, than as
a reference quantitative golden standard. The PE
method itself depends on a number of empirical parameters such as internal and external dielectric constants,
boundary definitions, and so forth, which are not
uniquely determined and are subjected to debate. For
this reason we have not attempted to further ‘‘improve’’
fitting by introducing new sets of parameters or more
empiricism into our model, and we have restricted our
parameter search to physically meaningful quantities.
The fact that in these conditions we obtain reasonable
fits attests to the physical soundness of the SCP–ISM
model.
The mean pose calculation time for the SCP–ISM
model is about 30–40 ms (see Fig. 4), and an approximately linear relationship between ligand size and computing time is observed (see Fig. 5). This time is
expected to be reduced further by employing a look-up
table containing neighbouring atoms at each grid point,
accelerating the calculation of the effective Born radii.
Thus, the new method is shown, both in terms of timing
and accuracy, to be good enough to be implemented
directly into a docking algorithm, and compares favorably with other approaches. For example, the GB
method implemented originally by Kuntz and coworkers
in DOCK required 10 s per complex on a SGI Octane
workstation.17 The same group later proposed a pair-
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wise approach to compute the Born radii, reducing the
computational time to 0.5 s per complex.20 These timings prevent its direct use in the docking step, remaining only as a post-DOCK filter. On the other hand,
Caflisch and coworkers proposed a simplified continuum
method based on the assumption that electrostatic desolvation can be approximated by the removal of the first
layer of water molecules at the binding interface, and
the coulombic contribution can be approached by a distance dependent dielectric model.23 Precomputation of
the energy contributions on a set of grids allowed the
authors to estimate the electrostatics binding free energy
in solution in about 3–4 ms for fragments of 5–10 heavy
atoms on a 550 MHz Pentium III. However, their
method is restricted to docking of rigid molecules, since
both ligand and receptor need to be grid-preprocessed,
while our SCP–ISM can be employed for both rigid and
flexible docking cases. This limits the applicability of the
method of Caflisch and coworkers mainly to the docking
of small rigid fragments in rigid binding sites. The accuracy of the total fitted electrostatics binding free energy
obtained with the method of Caflisch and coworkers is
also slightly worst than the one obtained with SCP–
ISM, as judged by the squared correlation coefficients
when compared with PE results (0.75 vs. 0.81,
respectively). Contributions to the electrostatics binding
free energy are similarly reproduced by both methods
(r2 of 0.81 in both cases), but the SCP–ISM provides
slopes close to 1.0 (see Fig. 3), while in the method of
Caflisch and coworkers, the slopes are larger and show
more dispersion (from 1.49 to 2.95).
In summary, although some descriptions are available
to consider solvent effects in protein–ligand binding,
they are either time consuming, inaccurate, or only applicable in very restricted conditions. This limits their
usefulness in virtual screening projects, where millions
of molecules with different conformers, tautomeric, and
protonation states, need to be considered. The method
presented here is a step in the direction of incorporating
realistic, but fast, solvent models in large scale docking.
We are currently incorporating the ISM method in our
in-house docking program. Impact of the new electrostatics model in docking and virtual screening is being
evaluated and will be presented in due time.
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- Installing MM-ISMSA:
The current version of MM-ISMSA is distributed as a package that contains:
−
−
−
−
−

Brief manual: “mm-ismsa.pdf”.
Installation instructions: “README”.
Linux and Win32 compiled program: “MM-ISMSA” folder.
Source Codes: “src” folder.
PyMOL plugin: “pymol-plugin” folder.

The program can be run from the command line or through PyMOL after installing the provided
plugin.
First of all, is worth to check if one of the compiled version works on your computer (Linux-i686,
Linux-x86_64, Win32 with 2GB RAM). In case it does not, you can compile it by previously
installing the free compiler “gfortran”.
Using pymol-plugin requires PyMOL, which is also a free software that can be directly installed
from fedora and Ubuntu repos, or downloading their free versions by “googling” on Internet for
Win and Mac OS.
Once you have installed PyMOL, decompress MM-ISMSA into your programs folder and open
PyMOL. Then, click Plugin → Manage Plugging → Install, search for the “pymol-plugin” folder,
and select “autoism.py” file. Finally, restart PyMOL and you will have MM-ISMSA installed within
your PyMOL.

- Using MM-ISMSA:
Before running MM-ISMSA you need some files with the structural information of your
molecular complex. MM-ISMSA accepts structures stored in amber format (topology and
coordinates files) either for a trajectory or static structure. If you have a PDB file with Radii and
charges MM-ISMSA can compute the electrostatic component but not the MM component.
When running from the command line you need to set up an input file in the following format:
Input File Type:
Receptor Residues:
Ligand Residues:
Molecular Dynamic Box:
pdb/top Name:
crd/mdcrd Name:
output Name:
Initial Snapshot:
Final Snapshot:
Snapshot Step:
Single Residue Energies:

amber
1 248
249 249
yes
complex.top
complex.crd
complex
0
0
0
yes

Note that parameters have to be written in the same order as in this example, and the information
has to start at position 26 of each line. After setting up this file you just run the program as follows:
#

<paht-to-ism>/bin/ISM_Linux_i686.exe example.in

After running the program you will get the raw data files that can be analyzed at your own, or using

the PyMOL plugin. Five different files are created depending on the type of analysis (top-crd, MD,
PDB...). These files are column formatted with headers indicating the information contained in each
column. Running MM-ISMSA from the command line can be a good idea when analyzing a set of
complexes, but using the plugin is a good choice when you want to understand the binding mode of
a particular complex structure.

- Testing on Protein-Ligand Set:
Go to our web page http://ub.cbm.uam.es/publications/teaching.php, and download the data of a set
of docking solutions plus native x-ray structure for five different proteins. There, you can find three
files:
− Table with the global energy values of each complex (“Global energy results raw
complexes”).
− Table with the global energy values of each complex after energy minimization (“Global
energy results minimized complexes”).
− Set of structures in AMBER, PDB files, plus the MM_ISMSA input file ready for running
from the command line.
Looking at these tables you can observe the energy differences before and after some steps of
energy minimizations. It can be seen that the vdW term is the main cause for these unfavorable
results; we can see how this energy improves after the energy minimization. In some cases a simple
energy minimization is not enough for a favorable fit.
Glucocorticoid Receptor (anti-inflammatory target, nuclear receptor...) pdb-id 1m2z
In this case we can observe that the three energy minimized docking solutions have about the same
energies than the X-ray structure. Using the PyMOL-plugin we can help to rationalize these results
for the different complexes. Let’s try with the crystal structure of the glucocorticoid receptor!

---- MM-ISMSA pymol-plugin work flow ------

1)
2)
3)
4)

5)

First download the set of Protein-Ligand complexes from our web.
Extract the downloaded file “Prot-Lig.zip”.
Open a PyMOL.
Load the X-ray-min PDB, (File→Open..) <folder>/1mz2/crystal/1m2z-cryst-min.pdb”.
Now open the MM-ISMSA plugin. (Plugin → ISM), here you have the Configure tab:
- Configure the path to the MM_ISMSA executable file.
- Configure your working directory “<folder>/1mz2/crystal/”.

6) Now press Run tab and configure your files and type of calculation:
- Input type → amber
- PDB/TOP input file → select the “<folder>/1mz2/crystal/complex.top”.
- CRD/MDCRD input file → select the “<folder>/1mz2/crystal/complex.rst”.
- Select the receptor/ligand residues → You can type residue numbers or choose from the selection in main
PyMOL window.
- Single Residue Energies → yes.
- Output →Type a “root-name” for your results.
- Press RUN!

7) Explore Global Analysis tab:
- Load results → Write the “root-name” of the results or pick any generated file.
- Datasets:
+ Global Energy →Displays the different global energy terms.
+ Export PDB with energies → Similar to APBS electrostatic surface representation:
* Type the name of the object that you have already loaded “complex-min”.
* Select the name of a new pdb file (“complex-ENE”) that will contain the ISM desolvation
energy value of each residue stored in the B-factor column.
* You can load the new pdb file “complex-ENE.pdb” and color by B-factor. (More
representative in other examples Prot-Prot)
+ Global statistics → Only when running Molecular Dynamics analysis.
- Contacts Visualization:
+ Show contacts → Creates some new objects in the PyMOL window. You can explore and color
these selections as you want or use the other buttons (“Hydrophobic”, “Hydrophylic”,
“Hyd.bonds”...).
- Plotting global energies → Only when running Molecular Dynamics analysis.

8) Explore Residue Analysis Tab:
(Warning! May be a bug when using this menu, still some work to do, we apologize for the inconvenience! (Try Only
when running Molecular Dynamics analysis)).
- Load results → Write the “root-name” of the results or pick any generated file.
- Residue Energies
+ Plot for Residue → Write residue or pick from the current selection. Select the residues residue the energy values
will be displayed indicated for the analysis of Molecular Dynamics.

Now you can try with the other solutions with similar energy as well as other with lower energy.
You can also check what happened in the other examples as 1kzk, where the crystal structure is
clearly favored.
We recommend you to analyze each complex in separated PyMOL session or delete all objects in
PyMOL and start with another example.

- Testing on Protein-Protein Set:
Go to our web page http://ub.cbm.uam.es/publications/teaching.php, and download the data of a set
of docking solutions plus native X-ray structure of for different protein dimers. There, you can find
two files:
− Table RMSD value to the X-ray structure and the global energy terms of each complex
(“RMSD and global energy values of the docking solutions”).
− Set of structures in AMBER, PDB files, plus the MM_ISMSA input file ready for running
from the command line.
Now, checking the table, we can observe that, for example, in the case of the 3AAB, two of the
docking solutions are at 4 Å RMSD distance and they are the best scored ones in terms of the total
energy. Now you can check again the differences through the PyMOL-plugin of the 3AAB dimmer
and the other complexes. (Remember checking now the B-factor representation of desolvation as
it can be more representative in longer interaction interfaces)

- Testing on Molecular Dynamic:
Go to our web page http://ub.cbm.uam.es/publications/teaching.php, and download the Molecular
Dynamic Data.
Now we can test the analysis of molecular dynamics with a 50 snapshot simulation of the alanin
adenosyltransferase-ATR with pdb-id 2idx. This is a protein trimer with three atp's bound and some
coordination ions. We recommend you to try first with the following Receptor-Ligand scheme, but
we also encourage you to try with different set-ups.
Receptor Residues:
Ligand Residues:

1-184,186-369
185,370,555,371-554

Be aware that now you have to choose the “molDyn” in the “input file type” field. The calculations
may take some time depending on the number of snapshot selected (0-1.5s per snapshot).
Now try the different plots that are allowed for this type of analysis!

