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Polarizable Force Fields for Scoring
Protein–Ligand Interactions
Jiajing Zhang, Yue Shi, and Pengyu Ren

6.1
Introduction and Overview

Molecular mechanics-based protein–ligand binding free energy (BFE) calculation
has been an active research area and holds the promise for in silico drug discovery
[1–8]. Despite the progressmade on various fronts, such as the rigorous treatment of
long-range electrostatic interactions and solvation models, challenges remain in
order to make chemically accurate prediction of ligand binding affinities. Significant
advancement in this field requires improvement on the effectiveness of configu-
rational sampling and the accuracy of physics-based force field [1]. The current
generation forcefields [9, 10] treat electrostatic contributionswithfixed atomic partial
charges and neglect electronic polarization due to local electrostatic environment.
Such force fields have served as cornerstones in molecular dynamics simulations of
biological systems over decades. However, the oversimplified fixed atomic charge
model is problematic and limits the further progress of molecular mechanics [9–12].
It has long been noted that atomic charges are inadequate and higher ordermoments
are needed for accurate representation of electrostatic potentials nearmolecules [13].
In addition, the charge distribution within a molecule can be significantly distorted
due to induction. Such nonadditive induction effect could account for 10–20% of the
total interaction energy in typical molecular complexes at the van der Waals (vdW)
minimum [11] andmore in highly charged systems [14]. Protein–ligand binding is a
process where both molecules experience significant changes in the environment
upon dehydration and association.

There has been growing effort to develop general forcefields that explicitly treat the
electronic polarization effect. There exist a few models for incorporating the
polarization effect into the molecular mechanics framework, by means of point
dipole induction [15], fluctuating charge [16], or Drude oscillator [17], each with its
own advantages and drawbacks [10–12]. AMOEBA is the first general-purpose
polarizable force field that has been utilized in molecular dynamics simulations of
protein–ligand binding and calculation of absolute and relative binding free ener-
gies [18–20]. AMOEBA force field uses permanent atomic multipoles (up to quadru-
poles) and accounts for polarization effect explicitly via atomic dipole induction
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[10, 20–22]. The development of AMOEBAmodel puts its emphasis on reproduction
of molecular polarizability, electrostatic potential, and interaction energy from gas to
condensed phase. These features enable AMOEBA to produce accurate electrostatic
interaction and better transferability. In this chapter, we describe the effort to apply
the AMOEBA polarizable force field to predict protein–ligand binding affinity with
both explicit and implicit solvent methods. We begin by introducing the basic
principles and formula underlying the AMOEBA force field. Along with small-
molecule and ion hydration free energy (HFE) studies, we describe the calculation of
binding free energy of benzamidine analogs to trypsin using AMOEBA-based
molecular dynamics alchemical transformation. Next, we review the theoretical
development of continuum solvent models for polarizable solutes, including the
polarizable multipole Poisson–Boltzmann surface area (PMPB/SA) [23] and gener-
alized Kirkwood surface area (GK/SA) [24] models. Both models are evaluated again
in the calculation of binding affinities of the trypsin–benzamidine systems.

6.2
AMOEBA Polarizable Potential Energy Model

The interaction energy among atoms in the AMOEBApotential function is expressed
as the sum of various contributions:

U ¼ Ubond þUangle þUb� þUoop þUtorsion þUvdW þUperm
ele þU ind

ele ; ð6:1Þ
where the first five terms describe the short-range valence interactions: bond
stretching, angle bending, bond–angle cross-term, out-of-plane bending, and tor-
sional rotation. The last three terms are the nonbonded van der Waals and electro-
static contributions. The individual terms are elaborated in the following sections.

6.2.1
Bond, Angle, and Cross-Energy Terms

For atoms directly bonded and separated by two bonds, the covalent energies are
represented by empirical functions of bond lengths and angles adopted from MM3
force field [25]. In addition, a Wilson–Decius–Cross function [26] is used at sp2-
hybridized trigonal centers to restrain the out-of-plane bending.

Ubond ¼ Kbðb� b0Þ2 1� 2:55ðb� b0Þ þ 3:793125ðb� b0Þ2
h i

: ð6:2Þ

Uangle ¼K�ð�� �0Þ2½1� 0:014ð�� �0Þ þ 5:6� 10�5ð�� �0Þ2

� 7:0� 10�7ð�� �0Þ3 þ 2:2� 10�8ð�� �0Þ4�:
ð6:3Þ

Ub� ¼ kb� b� b0ð Þ þ b0 � b0�ð Þ½ � �� �0ð Þ: ð6:4Þ

Uoop ¼ kxx
2: ð6:5Þ
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6.2.2
Torsional Energy Term

Utorsion ¼
X
n

Knw½1þ cosðnw� dÞ�: ð6:6Þ

A traditional Fourier expansion (typically from1 to 3) torsional functional is used to
merge the short-range �valence� with the long-range �nonbonded� interactions. For
dihedral angles involving two joined trigonal centers, such as the amide bond of the
protein backbone, a Bell torsion [27] functional is applied in addition to the regular
torsional terms to allow appropriately increased flexibility of atoms bonded to two
trigonal centers (e.g., amide hydrogen atoms) [28]. In AMOEBA protein force field,
the backbone torsional energy uses a bicubic interpolation function that depends on
both phi and psi angles. This term essentially makes up the difference between
AMOEBA and ab initio conformational energy on the dipeptide Ramachandranmap,
an approach first adopted by CHARMM [29]. Note the torsional contribution only
accounts for partially the conformational energy, which is generally dominated by
vdWand electrostatic interactions. In the early development of AMOEBA, the LMP2/
cc-pVTZ(-f) relative conformational energies on a 24� 24 grid of the phi–psi surface
are taken as target for AMOEBA to reproduce. Recently, we updated the QM energy
map with extrapolated RI-TRIM MP2/aug-cc-pVT(Q)Z values [30].

6.2.3
Van der Waals Interactions

The pairwise additive vdW interaction in AMOEBA adopts the buffered 14-7
functional form [31]

UvdWðijÞ ¼ eij
1:07

rij þ 0:07

 !7
1:12

r7ij þ 0:12
� 2

 !
; ð6:7Þ

where the potential well depth eij is in kcal/mol and rij ¼ Rij=R0
ij whereRij in A

�
, is the

actual separation between i and j, and R0
ij is the minimum energy distance. For

heterogeneous atom pairs, the combining rules are given by

eij ¼ 4eiiejj

ðe1=2ii þ e
1=2
jj Þ2

and R0
ij ¼

ðR0
iiÞ3 þ ðR0

jjÞ3
ðR0

iiÞ2 þ ðR0
jjÞ2

: ð6:8Þ

The buffered 14-7 form is considered superior as it provides a better fit to gas-phase
ab initio results and liquid properties of noble gases [31].

6.2.4
Permanent Electrostatic Interactions

The electrostatic energy in AMOBEA consists of contributions from both per-
manent and induced multipole moments. The permanent atomic multipole
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moments at each atomic center consist of the monopole, dipole, and quadrupole
moments:

Mi ¼ qi; dix; diy; diz;Qixx ;Qixy;Qixz;Qiyx;Qiyy;Qiyz;Qizx;Qizy;Qizz
� �T

; ð6:9Þ
where qi is the point charge located at the atom i, d is the dipole, and Q is the
quadrupole moment. In the Cartesian polytensor formalism [32], the interaction
energy between atoms i and j separated by rji is represented asU

perm
ele ðijÞ ¼ MT

i TijMj,
or in expanded form as

Uperm
ele ðijÞ ¼

qi

dix

diy

diz
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ð6:10Þ
The dipole and quadrupole are definedwith respect to a local reference frame set by
neighboring atoms [21]. The permanent atomic multipole moments remain
constant with respect to their local frames as the molecule moves over time and
space. At the beginning of each calculation,multipolemoments at each site are first
rotated from the local frame as defined in the parameter file into the current global
coordinate frame by

Mglobal ¼ RMlocal; ð6:11Þ

where R is the rotation matrix transforming the local into the global reference
frame [32].

6.2.5
Electronic Polarization

Electronic polarization refers to the distortion of electron density in response to the
external field. It represents a significant contribution to the many-body effect
experienced in molecular clusters or condensed phases, even though situations
exist where other contributions related to charge transfer, dispersion, and repulsion
are significant [13]. In the current AMOEBAmodel, a classical point dipole moment
is induced at each polarizable site (typically atomic center) and proportional to the
electric field generated by other permanent and induced multipoles. Molecular
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polarization is achieved via an interactive induction strategy with distributed atomic
polarizabilities based on Thole�s method [33]. This interactive or mutual induction
scheme requires that an induced dipole produced at any site will further polarize all
the other sites, and such mutual induction will continue until the induced dipoles at
all sites achieve convergence. One key feature of Thole�s approach is the damping of
the polarization interaction at very short range to avoid a well-known artifact of point
polarizability models, namely, the �polarization catastrophe.� The damping is
effectively achieved by smearing one of the atomic multipole moments in each pair
of interaction sites. The smearing function for charges adopted by AMOEBA has the
functional form

r ¼ 3a
4p

expð�au3Þ; ð6:12Þ

where u ¼ rij=ðaiajÞ1=6 is the effective distance as a function of linear separation rij
and atomic polarizabilities of sites i(ai) and j(aj). The factor a is a dimensionless
width parameter of the smeared charge distribution to effectively control the
damping strength and, therefore, avoids polarization catastrophes at small
separations.

Starting from the ab initio atomic multipoles, distributed multipole analysis
(DMA) [34] for an arbitrary conformer of a model compoundMDMA

i , one can derive
the intrinsic �permanent� atomic multipole moments Mi that satisfy

MDMA
i ¼ Mi þ mi; ð6:13Þ

where mi is the dipole induced by intramolecular polarization by Mi [22]. In other
words, the combination of one set of permanent {Mi} and conformation-dependent
induced dipole {mi} moments is expected to reproduce the QMelectrostatic potential
of flexible molecules at various conformations.

6.2.6
Polarization Energy

Formally, the induced dipole vector on any polarizable site i can be expressed as

mindi ¼ ai

X
j 6¼i

T1
ijMj þ

X
k6¼i

T11
ik mk

� �
ð6:14Þ

and the energy is

U ind
ele ¼ � 1

2

X
i

mindi

� �T
Ei; ð6:15Þ

where T1
ij ¼ r1;r2;r3; . . .

� �
is a 3� 13 matrix with rlþmþn ¼ ð@ l=@xlÞ

ð@m=@ymÞð@n=@znÞ, representing the second through fourth rows of the matrix T
in Eq. (6.10). T11

ik ¼ r2
ik, a 3� 3 submatrix, consists of elements in T1

ij corresponding
to the dipole moments. In Eq. (6.14), the first term within the parenthesis on the
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right-hand side is the �direct� electric field E, due to permanent multipoles from
outside the group (index j). The second term corresponds to �mutual� induction by
other induced dipoles (index k). Direction induction occurs only among groups of
atoms, while mutual polarization involves every atom pair. The induced dipole in
Eq. (6.14) is solved iteratively to obtain the final induced dipoles. The convergence is
accelerated via a successive overrelaxation fashion. The particle-mesh Ewald (PME)
for polarizable point multipoles developed by Sagui et al. [35] has been implemented
in TINKER [36] and AMBER programs [37], which significantly improved the
computational efficiency.

6.3
AMOEBA Explicit Water Simulation Applications

Alchemical transformation, which gently perturbs one chemical system to another,
allows computing the free energy difference reliably. Techniques such as free energy
perturbation (FEP) [38] and thermodynamic integration (TI) [39] are most widely
employed to fulfill this process. Compared to fixed charge models, AMOEBA
polarizable model shows its advantage by including the explicit treatment of dipole
polarization in response to changing or heterogeneous environments [20]. Here, we
highlight a number of applications in which AMOEBA is utilized in alchemical
simulations to compute hydration free energies of smallmolecules and ion solvation,
and protein–ligand binding thermodynamics. In this rigorous approach, hydration
free energy is an important component in the protein–ligand binding thermody-
namic cycle.

6.3.1
Small-Molecule Hydration Free Energy Calculations

In recent years, there have been extensive studies of hydration of organic small
molecules using explicit solvent MD simulations and alchemical transformation
[40, 41]. The mean unsigned error (MUE) of predicted hydration free energy is
typically over 1 kcal/mol and worse for polar molecules [42]. With AMOEBA
polarizable force field, it is possible to obtain HFE within an accuracy of 0.4 kcal/
mol (MUE) using gas-phase atomic multipoles from MP2/aug-cc-pVTZ, with the
polarization modeled via induced atomic dipoles. While the improvement is only a
fraction of kcal/mol, as we will show in the protein–ligand binding section,
neglecting polarization will lead to significant errors in the protein environment
and likely in the opposite direction to that in hydration.

To calculate HFE using AMOEBA, the small molecule is decoupled from bulk
water in several steps. First, the electrostatic interactions between the smallmolecule
and water are turned off by scaling down the electrostatic parameters of the small
molecules linearly in 10 steps. Subsequently, the vdWinteractions are turned off in 12
steps. During the decoupling of the vdW interactions, soft-coremodifications [43] are
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introduced to the buffered 14-7 vdW potential function to avoid the singularity
problem at the endpoint:

Uij ¼ lneij
1:077

½að1� lÞ2 þ ðrþ 0:07Þ7�
1:12

að1� lÞ2 þ r7 þ 0:12
� 2

 !
; ð6:16Þ

where e is thewell depth and l is the scaling factor.MDsimulations are performed for
each step along the decoupling pathways for 500 ps. Bennett acceptance ratio
estimator (BAR) [44] allows computing free energy differences between the properly
defined adjacent intermediate states based on configurations sampling:

DAðjÞli ! liþ1
¼ �RT ln

1= 1þ expððEli � Eliþ1 þ CÞ=RTÞ� �� �
liþ1

1= 1þ expððEliþ1 � Eli þ CÞ=RTÞ� �� �
li

þ C;

ð6:17Þ

where C is given by C ¼ DAðj � 1Þli ! liþ1
and j is the iteration index. Here, Eli is the

total energy of the systemevaluated using the simulation snapshots at li,with a dipole
convergence of 10�6D.DA is solved iteratively until the value of (DA(j)�DA(j� 1)) is
less than 0.01 kcal/mol.While a relatively looser induced dipole convergence (0.01D)
has been used for computational efficiency during the simulations, a tighter
convergence of 10�6 D per atom is applied to reanalyze the saved snapshots and
compute the results. The reweighting can be incorporated rigorously into the BAR
formula:

DAðjÞli!liþ1

¼�RT ln
1=ð1þexpððEli �Eliþ1 þCÞ=RTÞÞ� �� expððE0

liþ1 �Eliþ1 Þ=RTÞ
� �� �

l0iþ1
= expððE0

liþ1 �Eliþ1 Þ=RTÞ
� �

l0iþ1

1=ð1þexpððEliþ1
�Eli þCÞ=RTÞÞ� �� expððE0

li �Eli Þ=RTÞ½ �� �
l0i
= expððE0

li �Eli Þ=RTÞ
� �

l0i

þC;

ð6:18Þ

where E0
li is the total energy of the system evaluated at li using a dipole convergence

of 0.01D, while Eli indicates the potential energy evaluated using full convergence. l
0

indicates the ensemble obtained using the looser dipole convergence.
To verify the numerical reliability of the reanalysis method, we have used a tighter

convergence of 10�6 D in both the MD simulation and the free energy analysis
(Eq. (6.17)) and the resulting electrostatic decoupling free energy of the benzami-
dine–water system is �48.31 kcal/mol. With the reanalysis method based on
Eq. (6.18), we obtained �48.19 kcal/mol. The difference of 0.12 kcal/mol is well
within the statistical error. The computational saving is almost a factor of 3. With the
reanalysis approach, the computational cost of AMOEBA is within an order of
magnitude of that of fixed charge AMBER. It should be noted that we decoupled the
electrostatic interaction by zeroing out both inter- and intramolecular electrostatic
interactions of the small molecule. The free energy contributions of intramolecular
interaction cancel out between ligand–protein and ligand–water decoupling during
the calculation of protein–ligand binding affinity. However, this contribution cannot
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be ignored in HFE calculations. The intramolecular interaction is therefore restored
by gradually recharging the ligand in vacuum. A time step of 0.1 fs should be used.

In Table 6.1, HFEs of seven organic small molecules have been calculated using
atomic multipoles obtained from different basis sets (6� 311G��, 6� 311þþ
G(2d,2p), cc-pVTZ, and aug-cc-pVTZ) at the MP2 level. The overall comparisons
show a basis set �convergence� with the aug-cc-pVTZ set giving the best perfor-
mance. Results from 6� 311þþG(2d,2p) are also comparable although it seems to
produce too favorable hydration free energy systematically. The cc-pVTZ and
6� 311G�� basis sets give similar results with each other. RMSD in HFEs between
these two basis sets is 0.23 kcal/mol. This study suggests that it is important to use
basis sets with diffusion functions to derive electrostatic parameters in order to
capture intermolecular interactions accurately. This is however not necessarily
applicable to fixed charge parameters that are also scaled empirically from their
gas-phase value to account for �polarization� in condense phase.

6.3.2
Ion Solvation Thermodynamics

Nearly half of all proteins contain metal ions, and ions play essential roles in many
fundamental biological functions. Metal ions can act as signaling molecules, like
Naþ, Kþ, and Ca2þ, and can also be involved in specific bindings with proteins,
especially divalent ions such as Mg2þ and Zn2þ. Not only do these metal ions help
modify and stabilize the protein structures, they also take part in catalytic processes.
In enzymes, the ions can bind and orient the substrates through electrostatic
interactions at the active sites, and thus control the enzyme catalytic reaction, of
which the contribution is a key ingredient. In addition, ion solvation thermodynam-
ics are of great interest and significance, as the interplay between the ion–water and
ion–protein interactions could provide the basis for unraveling the mystery of ion
selection mechanism. However, modeling these ions with classical models has
always been a challenging task because of the high electron density and softness
of the metal ions.

AMOEBA potential energy function has been very successful in modeling ions,
frommonovalent to divalent [14, 48–51]. For Ca2þ, Mg2þ, and Zn2þ, we discover that
it is necessary tomodify the polarizable damping factor, which to some extent reflects
the size of the charge distribution of these ions. The vdW parameters and damping
factors are typically obtained by fitting to the ab initio binding energies of ion–water
dimers in gas phase. The contribution of the polarization effect to ion–water
interaction energy in AMOEBA model has been verified by comparing it to QM
decomposition [14, 51]. Using QM-derived AMOEBA polarizable ion models, we
have been able to accurately predict the hydration free energies of these ions. It is
worth noting that experimental hydration energy exists only for whole salt, not for
single ions, for which the �experimental� values were extracted based on certain extra
thermodynamic assumptions and varied significantly from source to source. As seen
in Table 6.2, HFEs of Ca2þ, Mg2þ [50], and Zn2þ [14] are as large as about�400 kcal/
mol, which are about four–five times larger than the monovalent ions [48, 49].

108j 6 Polarizable Force Fields for Scoring Protein–Ligand Interactions



Ta
bl
e
6.
1

C
om

pa
ri
so
n
of

hy
dr
at
io
n
fr
ee

en
er
gi
es

of
sm

al
lm

ol
ec
ul
es

w
ith

fo
ur

di
ff
er
en

t
ba
si
s
se
ts
.

Et
hy
lb
en
ze

p-
Cr
es
ol

Is
op

ro
pa
no

l
Im

id
az
ol
e

M
et
hy
le
th
yl
su
lfi
de

A
ce
tic

ac
id

Et
ha

no
l

M
U
E

R
M
SE

cc
-p
V
T
Z

�0
.6
8

�6
.5

�4
.0
4

�9
.0
7

�1
.6
1

�4
.5
7

�4
.1
9

0.
63

1.
09

6–
31

1G
��

�0
.5
3

�6
.4
7

�4
.3
4

�8
.7
0

�1
.5
3

�4
.4
5

�4
.5
1

0.
61

1.
15

6–
31

1
þþ

G
(2
d,
2p

)
�0

.7
0

�7
.2
6

�5
.5
8

�1
0.
11

�1
.8
7

�5
.5
3

�5
.6
7

0.
64

0.
77

au
g-
cc
-p
V
T
Z

�0
.4
4

�7
.0
5

�4
.3
2

�9
.7
2

�1
.5
6

�5
.4
8

�5
.0
4

0.
41

0.
63

E
xp
er
im

en
ta
)

�0
.7
0

�6
.1
0,

�6
.6
0

�4
.7
0,

�4
.8
0

�9
.6
3

�1
.5
0

�6
.7
0

�4
.9
0

A
ll
u
n
it
s
ar
e
in

kc
al
/m

ol
.
St
at
is
ti
ca
l
er
ro
rs

ar
e
fr
om

0.
04

to
0.
22

kc
al
/m

ol
[4
5]
.

a)
E
xp
er
im

en
ta
l
va
lu
es

ar
e
re
po

rt
ed

in
R
ef
.[
46
],
ex
ce
pt

fo
r
im

id
az
ol
e
ta
ke
n
fr
om

R
ef
.[
47
].

6.3 AMOEBA Explicit Water Simulation Applications j109



The calculated hydration free energies of the three divalent ions using AMOEBA
polarizable model are all in excellent agreement with both the best �experimental
data� available and quasi-chemical approximation.

In addition to the thermodynamic energetics, the structure of solvent environment
can also be well predicted byMD simulations with AMOEBApolarizable ionmodels.
Based on the radial distribution function (RDF), simulations show that the Zn2þ

interacts with water molecules in a similar fashion asMg2þ, only a little tighter at the
first water shell. The first peak of Ca2þ-O RDF is at 2.41 A

�
, indicating a looser binding

of water molecules to Ca2þ than the other two ions (2.07A
�
for Mg2þ and 1.98A

�
for

Zn2þ). The Born radius, characterized by the first minimum in the ion–O RDF,
shows an order of Ca2þ>Mg2þffiZn2þ.

6.3.3
Binding Free Energy of Trypsin and Benzamidine Analogs

The first attempt to predict the absolute binding affinity using AMOEBApolarizable
force field is focused on the trypsin–benzamidine system [18]. Trypsin is a serine
protease characterized by the serine residue in the active site. S1 pocket is a common
target for inhibition because the aspartic acid residue in S1 site can provide strong
electrostatic interactions with countercharged substrates. In this study, double
decouplingmethod [55] was utilized to calculate the absolute and relative free energy
of benzamidine analogs binding to trypsin. The nonbonded interactions between
ligand and its environment were gradually �disappeared� in both bulk water and
protein, using the similar approach as mentioned in Section 6.3.1, except that the
intramolecular electrostatic interaction energies do not have to be restored due to the
cancellation between the ligand–protein and ligand–water systems.

To prevent the ligand drifting away from the binding pocket as the nonbonded
interactionsaregettingweaker,aharmonicpotentialwasusedtorestraintheligandtothe
proteinpocketduringthedecouplingprocess[55,56].Thisartificialbiasshouldfinallybe
removed from the binding free energy obtained from decoupling with a correction:

DAbind ¼ DAwatðL! 0Þ � DAr
proðL! 0Þ � DArðLÞ � RT ln C0 2pRT

k

� �3=2" #
;

ð6:19Þ

Table 6.2 Hydration free energy of divalent metal ions in watera) (in kcal/mol).

Ion Mg2þ Ca2þ Zn2þ

DA �431.1 �354.9 �458.9
Experimental �435.4b) �357.2b) �467.7c)

Quasi-chemicald) �435.2 �356.6 �460.0

Statistical errors of the calculations are <4.4 kcal/mol.
a) A 1mol/L solution is chosen as the standard state.
b) Ref. [52].
c) Ref. [53].
d) Ref. [54].
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in which the third term is the free energy change via exerting the restraint when the
interactions between the protein and the ligand are intact. The last term was
calculated as �RT ln(C0V), where C0 is the standard concentration and V is the
sampling volume of the ligand under the restraint [55]. In addition, the restraint
between ligand and protein at fully interacting state needs to be removed using
alchemical transformation [19].

Table 6.3 shows the absolute free energy of benzamidine binding to trypsin
computed with different force constants and soft-core coefficients. The calculated
absolute binding affinities range from �6.7 to �7.3 kcal/mol, in reasonable agree-
ment with experiments [57–59]. Results from different restraint constants show that
the restraint mostly affects the vdW decoupling. After taking the corrections into
account, the vdWcontributions inwater and protein environmentsmostly cancel and
thus we conclude that electrostatic force is the main driving force for binding.

To investigate the effect of polarization, free energy change was calculated by
disabling dipole induction between benzamidine and its environment. It is inter-
esting to note that the free energy change due to the removal of the polarization
between benzamidine and water is 4.49 kcal/mol, while �22.37 kcal/mol between
benzamidine and trypsin. The negative sign in the latter indicates that polarization is
weakening benzamidine–trypsin interaction. This observation may be counterintu-
itive at first sight, but is easily understood as a dielectric effect of the protein itself,
which acts to screen the charge–charge interaction within proteins. Even implicit
solvent model can capture this and various arguments exist in the literature that a
large �effective� dielectric constant (e.g., 4 or 10) is more appropriate [1, 3, 60]. The
significant contribution by polarization to protein–ligand binding is consistent with
early findings that electrostatics is sensitive to local environment [61, 62]. A fixed
charge force field that neglects polarization effect within protein environment would
potentially overestimate the binding free energy.

Using alchemical transformation, one can also obtain the relative binding affinities
of other benzamidine like ligands. In Figure 6.1, ligands B through Ewere perturbed

Table 6.3 Absolute free energy of benzamidine binding to trypsin (in kcal/mol) computed using
different force constants (in kcal/(mol A

� 2)) and soft-core coefficients.

Restraint
constant

Soft-core DAwat (L ! 0) DApro (L ! 0) Restraint
correction

DAcalc DAexp

DAele DAvdW DAele DAvdW

20 0.5/4 1.27 �2.27 7.78 3.42 6.26 �6.72 �6.3a)

20 0.7/5 1.27b) �2.42 7.78b) 3.72 6.26 �7.27 �7.3c)

40 0.7/5 1.27b) �2.35d) 7.57 4.56 7.03 �7.28 �6.4e)

The standard errors are from 0.2 to 0.4 kcal/mol.
a) Ref. [57].
b) The value is taken from the row above.
c) Ref. [59].
d) Averaged from the two ligand–water vdW decoupling free energies in the rows above.
e) Ref.[58].
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Figure 6.1 Chemical structures of trypsin ligands studied (A–F).

Table 6.4 Binding free energies from the explicit solvent alchemical simulations (Section 6.3) and
implicit methods (Section 6.4).

A B C D E F

DAbind (explicit water
alchemical)a)

�6.7 �5.0 �4.9 �7.0 �5.4 �4.8

DAbind (implicit GK
alchemical)b)

�6.7 �5.3 �5.5 �7.5 �5.3 �6.4

DAbind (implicit MM-
PMPB/SA)c)

�8.2 �6.3 �2.7 �9.4 �6.6 �7.7

Experiment �6.3d),e),
�6.4f),
�7.3g)

�4.7d) �4.8d) �7.0f),
�7.2e)

�3.8h),
�4.7i)

�5.0e)

Other computation �6.4d),
�6.8e)

�7.0d) �6.5d) �6.1e) �4.2h),
�2.4i)

�4.7e)

a) Absolute binding free energy (BFE) calculated for ligand A; for ligands B–F, the absolute BFEs
are listed for comparison purpose based on their relative BFEs computed after perturbed to
ligand A during the simulations.

b) Same as above, except the average value of experimental BFE of ligand A is used as the reference
point (�6.7 kcal/mol).

c) Absolute binding free energies.
d) Ref. [63]. Calculation using PB/SA combined with QM/MM.
e) Ref. [57]. Calculation using PB/SA.
f) Ref. [58].
g) Ref. [59].
h) Ref. [64]. Non-Boltzmann thermodynamic integration (NBTI) MD simulations.
i) Ref. [65]. NonLinear interaction energy (LIE).
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from ligand A, and ligand D was transformed into ligand F. Compared to absolute
binding free energy, the relative binding free energy is more likely to be predicted
accurately due to systematic error cancellation. Table 6.4 shows the relative and
absolute free energy of six benzamidine analogs binding to trypsin [18]. The
calculated binding affinities using explicit solvent alchemicalmethod are in excellent
agreement with experimental measurements.

6.4
Implicit Solvent Calculation Using AMOEBA Polarizable Force Field

An implicit description of solvent using a continuum dielectric model has always
been of great interest toward the study of molecular recognition due to the lower
computational cost. Recently, Schnieders et al. developed two continuummethods
for solutes containing polarizable point multipoles [23, 24]. The first couples the
polarizable multipole solute with Poisson–Boltzmann continuum solvent, which
we refer to as a �PMPB� method. The second approach extends the generalized
Born model for monopoles to the generalized Kirkwood (GK) model for multi-
poles. Both PMPB and GK continuummethods have been compared with explicit
solvent simulations for several small proteins [23, 24]. The solvent effects on the
protein electrostatic moments produced by the two methods are in good agree-
ment. Here, wewill introduce two implicit solventmethods to investigate protein–
ligand interactions for their computational efficiency and simplicity, that is, the
molecular mechanics-based polarizable multipole Poisson–Boltzmann surface
area (MM-PMPB/SA) approach [19] and alchemical transformation using implicit
solvent GK [60].

Similar to the original MM-PB/SA [6, 66], the MM-PMPB/SA method represents
the postprocessing scheme to evaluate the absolute binding free energies by
evaluating the binding energy of the snapshots from the MD simulation. In each
snapshot, the free energy is calculated using the following equations:

DAbind ¼ DAgas þ DAPL
solv � DAP

solv � DAL
solv ¼ DUgas � TDSþ DAPL

solv � DAP
solv � DAL

solv;

ð6:20Þ

DUgas ffi DEgas ¼ DEelec þ DEvdW; ð6:21Þ

where DEgas is the gas-phase potential energy change upon ligand and protein
binding and DAP

solv, DA
L
solv, and DAPL

solv are the solvation free energies of protein,
ligand, and complex, respectively. Each solvation free energy is further decomposed
into polar and nonpolar parts: PMPB continuum electrostatic (polar) solvation and
the nonpolar solvation approximated by solvent-accessible surface area [67].

DAsolv ¼ DApolar þ DAnonpolar: ð6:22Þ
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The gas-phase entropic changes (TDS) upon binding were estimated by subtracting
the entropies of the ligand-free protein and the ligand from that of the complex. For
every molecule, the translational, rotational, and vibrational entropies can be
calculated based on normal mode analysis approach [68]. The protein atoms further
than 8A

�
away from the ligands were frozen in the calculation of vibration entropies.

Note that the contribution due to conformational restriction requires additional
treatment [69].

The calculated absolute binding free energies are compared with experimental
data in Table 6.4 and Figure 6.2. Excluding ligand C (1,4-diazamidine), the calculated
absolute binding free energies of all the other ligands are in good correlation with the
experimental data (R¼ 0.94).When ligandC is included, the correlation coefficient is
0.67. Given that PMPB/SA model has not been extensively parameterized or tested,
the results are quite promising. In the trypsin systems studied, the sum of gas-phase
binding energies and polar solvation energies determines the ranking of the binding
affinities. In fact, the contributions of other energy terms, nonpolar solvation energy,
and entropy have little effects on the ranking order. While the nonpolar solvation
contribution is favorable for all six ligands, theirmagnitudes vary only slightly, which
may be a result of the oversimplified surface area term we adopted during the
calculation. Although the entropy contribution (unfavorably) to binding is signifi-
cant, it is almost invariant across the six ligands. Therefore, for the purpose of ranking
ligand affinity, entropy and nonpolar solvation energymay be ignored. However, this
may not be true especially when ligands differ significantly in size, shape, or
structure.
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Figure 6.2 Comparison of calculated versus experimental binding free energies. The experimental
values from top to bottom are for ligands E, B, C, F, A, and D.
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Continuum methods are expected to have limitations when specific water mole-
cules are critically interacting with solutes or are deep in the binding pocket [6, 70].
Even with the sophisticated electrostatic model in PMPB method, the treatment of
nonpolar solvation and entropy is challenging and can be computationally expen-
sive [6, 71]. On the other hand, due to the elimination of intermediate perturbation
steps, PMPB method is orders of magnitude more efficient than the explicit solvent
simulations.

In addition, we have also evaluated an implicit solvent-based alchemical trans-
formation approach. The electrostatic solvation energy is calculated using the
polarizable GK model and nonpolar solvation contribution have both cavitation and
dispersion terms [60]. The relative binding energy is computed as in the explicit
solvent (Section 6.3.3) approach bymutating one ligand into another in 10 steps. The
difference is that here implicit solvent is used and the calculation is performed using
TINKER program [36]. The same soft-core buffered 14-7 vdW potential is used to
prevent energetic instabilities as these annihilated atoms could be penetrated by
other atoms. Each simulation at the intermediate perturbation states is run for 150 ps
and the time step is 1.5 fs.

Table 6.4 and Figure 6.2 compare the binding free energies calculated from MM-
PMPB/SA,GKalchemical simulationswith those fromexperiment and explicit water
alchemical simulations. Note that we choose the calculated explicit water alchemical
simulation results of ligand A as the reference point (�6.7 kcal/mol) for GK results,
as only the relative binding free energy has been computed. Although GK-based
alchemical approach tends to predict the free energy change slightly more favorable,
it is almost as accurate as the explicitwater alchemical simulation. The results suggest
that including intermediate states may be the best way to account for the entropy
contribution, although additional verification on a broad range of protein–ligand
complexes is necessary. Given the computational efficiency and effectiveness,
implicit solvent-based alchemical approach could be of practical use for virtual
screening, particularly optimizing small molecules against macromolecular targets.

6.5
Conclusions and Future Directions

In this chapter, we have discussed recent progress in the development and appli-
cation of AMOEBApolarizable forcefield to compute protein–ligand binding affinity.
In the past, AMOEBA has been successfully applied to modeling water [21, 72],
mono- anddivalent ion solvation [14, 48, 49], organicmolecules [73] andpeptides [22],
small-molecule hydration free energies [45], trypsin–ligand binding prediction
[18, 19, 60, 74], and computational X-ray crystallography [75] with promising results.
Wehope thatwehave demonstrated that prediction of protein–ligandbinding affinity
can benefit significantly from rigorous electrostatic treatment and incorporation of
electronic polarization effect. In addition to the quality of force field, configurational
entropy calculation remains an enormous challenge, especially for protein–ligand
binding that involves a large number of conformational degrees of freedom. Explicit
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but perhaps smart sampling of the configurational space, such as the implicit solvent-
based alchemical approach that we have discussed, seems promising.

Continuing effort has been made to refine the AMOEBA force field and its
parameters. Electrostatic parameters are found to have better transferability when
the permanent multipoles are derived using the original DMA method [34] at the
level of MP2/6� 311G�� basis set and then optimized to reproduce QM electrostatic
potential from a higher level basis set (e.g., MP2/aug-cc-pVTZ). A new and
more comprehensive AMOEBA protein force field is under development to
enhance the parameter transferability and improve the accuracy. Parameterization
for small molecules to score protein–ligand binding involves a substantial
amount of work. A public-available software tool is available to automate the
parameterization of arbitrary molecules (http://water.bme.utexas.edu/wiki/index.
php/Software:Poltype) [76], in a way consistent with the existing AMOEBA protein
and small-molecule force fields.

The current computational efficiency of AMOEBA model is slower than that of a
fixed-point charge model by a factor of 8–10. Methods to accelerate the dipole
convergence and to improve the parallelization are being actively pursued. To date,
AMOEBA force field has been implemented with a number of software programs,
including AMBER [37], OpenMM [77], Force Field X (http://ffx.kenai.com/), and
TINKER [36]. We expect that AMOEBA and other polarizable force fields will see
increasing applications in protein–ligand binding prediction.
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7
Quantum Mechanics in Structure-Based Ligand Design
P€ar S€oderhjelm, Samuel Genheden, and Ulf Ryde

7.1
Introduction

The prediction of the free energy for the binding of a small ligand to amacromolecule
is undoubtedly one of the most important challenges of computational chemistry.
If the affinity of any ligand could be predictedwith good accuracy, enormous amounts
of money could be saved in pharmaceutical industry because the number of drug
candidates synthesized could be strongly reduced. Consequently, many methods
have been developed with this aim, ranging from methods based on statistical
mechanics and a physical formulation of the problem, for example, free energy
perturbations (FEPs) and thermodynamic integration, to methods based on a
statistical analysis of available experimental data [1].

Owing to the size of themacromolecule, the physicalmethods have normally been
based on a molecular mechanics (MM) description of the molecules, that is, by
treatingmolecules as a collection of balls, interacting with each other by an empirical
potential, a force field. Typically, such a force field for a macromolecule includes
terms for bonded interactions (bonds, angles, and dihedral angles), as well as
electrostatic and van der Waals interactions between nonbonded atoms. This
provides a classical mechanics description of the system and treats the electrons
only implicitly. The advantage of MM methods is their speed – the energy of a
biomacromolecule, including the ligand and several thousands of water molecules,
can be calculated within seconds. The disadvantages are that the force field is an
approximation with a limited accuracy [2] and that you need to determine the force
field for all molecules of interest (typically at least two parameters for each bond and
angle, three for each dihedral, two for each pair of nonbonded atoms, and a charge on
every atom), a very significant task, especially as drug candidates often show a great
variation in their chemistry. In addition, some molecules, for example, metal
complexes, are hard to treat with MM methods.

These disadvantages of MM can be cured by using quantum mechanics (QM)
methods: They do not require any parametrization and they are applicable to any type
of ligand ormacromolecule. On the other hand, they are computationallymuchmore
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demanding. Unfortunately, the Schr€odinger equation (which is the basis of QM)
cannot be solved analytically for systems with more than one electron. Therefore, a
large number of QM methods have been developed that solve this equation
approximately, having varying computational demands and accuracies, ranging from
semiempirical methods (which require parametrization, but can treat a full macro-
molecule), via Hartree–Fock (HF) and density functional theory (DFT), to high-level
correlated methods, for example, Møller–Plesset perturbation theory and coupled
cluster methods (which may give an accuracy similar to that by experiments, but are
applicable only for small molecules) [3].

Lately, there has been a great interest in using QM methods in structure-based
ligand design [4–9]. In this chapter, we review such efforts. The subject is wide and
QM methods in some way are now used in most projects of computational drug
design. Therefore, we will focus onmethods to calculate binding affinities (scoring),
whereas studies of structures [10] and reactionmechanisms [5, 11, 12], as well as the
use of QM methods to obtain QSAR descriptors [4, 13–15] are excluded.

7.2
Three MM-Based Methods

Before turning to the QM-based methods, we will briefly describe three commonly
usedMMapproaches for ligand binding, because they nicely introduce the problems
encountered in binding affinity calculations and they are the basis of many QM
approaches.

The physically most strict method to obtain binding affinities is free energy
perturbation [16], in which the binding affinity is calculated by converting one
ligand to another or to nothing by several small steps involving nonphysical
intermediate states. For each state, extensive sampling is performed by either
molecular dynamics (MD) or Monte Carlo simulations. Consequently, the method
is computationally expensive and therefore little used in drug design. Instead,
methods based only on sampling of the end states (the complex, the free macro-
molecule, and the free ligand) have been more popular.

For example, Kollman et al. have developed the MM/PBSA method [17], in which
the free energy of a system is estimated from

G ¼ Eint þ Eele þ Evdw þ Gsolv þ Gnp � TS; ð7:1Þ
where the first three terms on the right-hand side are the internal (i.e., bonds, angles,
and dihedrals), electrostatic, and van der Waals energies, calculated at the molecular
mechanics level; Gsolv is the polar solvation energy, calculated either with the
Poisson–Boltzmann (PB) or with the generalized Born (GB) (giving the MM/GBSA
approach) continuum solvation methods; Gnp is the nonpolar solvation energy,
estimated from a linear relation to the solvent-accessible surface area (SASA); and
the last term is the product of the absolute temperature and the entropy, estimated
from vibrational frequencies calculated at MM level. All these energy terms are
typically averaged over an MD simulation and the binding free energy is estimated
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from the difference in free energy of the complex, the free macromolecule and the
free ligand. Normally, only the complex is simulated, in which case the internal
energy cancels.

A
�
qvist has developed another endpoint approach, the linear interaction energy

(LIE) method [18], in which the binding affinity of a ligand is estimated from

DGbind ¼ bðhEL�S
el ibound � hEL�S

el ifreeÞ þ aðhEL�S
vdw ibound � hEL�S

vdw ifreeÞ; ð7:2Þ

where hEL�S
el i and hEL�S

vdw i are the electrostatic and van der Waals interaction energy
between the ligand and the surroundings (macromolecule and solvent), averaged
overMD simulations of the ligand free in solution or bound to themacromolecule. a
and b are parameters; b should be 0.5 according to linear response theory, but has
later been shown to depend on the functional groups of the ligand [18, 19]. a was
originally found to be 0.18, but it seems to depend on the system and is often treated
as a fitting parameter [18]. Later, this approach has been extended by additional terms
(and fitting parameters), making it approach the quantitative structure–activity
relationship (QSAR) methods [20].

7.3
QM-Based Force Fields

The first step toward the use of QM methods for drug design is to perform the
calculations atMMlevel, but employingQMcalculations in theparametrizationofMM
force field. In fact, essentially all modern MM force fields are based at least partly on
QMcalculations andmost studies on the binding of drug candidates employ charges of
the ligand calculatedwithQM.However, threepotentials standout bybeing specifically
developed to give close agreement with QM methods with a minimum of fitted
parameters: SIBFA (sum of interactions between fragments ab initio computed) [21],
EFP (effective fragment potential) [22], and NEMO [23]. SIBFA has been extensively
used for protein–ligand interactions, especially for metalloproteins [21].

Moreover, in several studies, QM calculations have been used to obtain specific
MM parameters for certain macromolecule–ligand complexes. For example,
Hayes et al. have shown that predictions of ligand binding energies can be
improved by reparametrization of the charges and torsion parameters, based on
QM calculations [24].

Curioni et al. have developed amethod to improveMMcharges inMDsimulations
of protein–ligand complexes [25]. They recalculated the charges for the ligand and
possibly the closest residues by fitting them to the electrostatic potential (ESP),
including a harmonic restraint to the original MM charges. These QM-refined
charges improved the correlation between averaged MM protein–ligand interaction
energies and experimental binding affinities for 36 inhibitors toHIV-1 protease. This
method has also been used for the scoring of 38 inhibitors of cyclin-dependent kinase
2 using an extended LIE approach [26]. QM charges gave slightly improved results
over other scoring functions.
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Likewise, Friesner and coworkers have developed a docking strategy in which the
ligand charges are updated by a QM/MM calculation (see below) [27]. They include
only the ligand in the QM system and treat it at the B3LYP/6–31G� level. They
demonstrate that QM/MM charges in many cases give clear improvements in the
docking accuracy. This approach, calledQM-polarized liganddocking (QPLD), is now
a standard tool in the Schr€odinger software package and it has been employed in
many studies [28–35]. For metal binding ligands, themetal and all its ligating groups
need to be included inQMsystem [36–38]. This approachhas also beenused to obtain
charges for MM/GBSA calculations of binding affinities of two DNA binding
ligands [39]. It was shown that QM/MM charges perform better than standard MM
charges for both the root mean-squared deviation (RMSD) during MD simulations
and the calculated binding affinities.

Reynolds and coworkers have made a systematic investigation of how the docking
of 12 ligands change when the charges were recalculated by QMmethods [40]. They
compared the results of Gasteiger, AMBER, and QM charges for the ligand, the latter
obtained both in vacuum or polarized by the surrounding protein. Moreover, they
also tested to change the charges of all amino acids within 5.5 A

�
of the ligand

(polarized by the ligand and the protein), both from a single-point calculation and
after an iterative procedure. They did not observe any consistent improvement in the
docked poses when the charges were improved.

A few groups have tried to recalculate all charges in the protein and ligandwithQM
methods. For example, Fischer et al. used the FMOmethod (see below) at the HF/6–
31G� level [41]. Using a simple scoring function with Coulomb, Lennard-Jones, and
hydrogen bond interaction energies for single docked structures, they obtained good
correlations between calculated and experimental affinities for the binding of both 11
ligands to the human estrogen a-receptor and 4 ligands to the human retinoic acid
c-receptor (r2¼ 0.66 and 0.90, respectively).

A similar approach has been developed for MFCC method (see below), in which
charges are calculated iteratively for the whole protein in a PB continuum solvent.
This approach has been applied to the binding of biotin and an analog to avidin using
the MM/PBSA approach, indicating that the calculated difference in the binding
affinity is improved with the polarized charges [42].

Menikarachchi and Gasc�on have evaluated the effect of using polarized charges
obtained for thewhole protein by amoving-domainQM/MMapproach, inwhichQM
charges are iteratively calculated for each amino acid in turn with an updated point
chargemodel of the remaining protein [8]. They studied the docking of a ligand to the
catalytic zinc ion of carbonic anhydrase and obtained improved results compared to a
fixed charge model.

We have recalculated charges of all atoms in 20 snapshots fromMDsimulations of
seven biotin analogs to avidin by QM methods (HF/6–31G�) [43]. The charges were
used in a MM/PBSA calculation, but no improvement in the correlation between
calculated and experimental affinities were found and they gave rise to unstable MD
trajectories. Further analyses showed that the electrostatic interaction energy
between the protein and the ligands differ by 43 and 8 kJ/mol on average between
QM charges calculated for the correct conformation and standard MM charges for
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charged and neutral ligands, respectively, illustrating the conformational depen-
dence of the charges [44]. Fortunately, this difference is reduced by 7 and 3 kJ/mol
when solvation effects are included. For accurate results, QM charges need to be
recalculated for all residues within 7A

�
of the ligand.

Moreover, the instability of MD simulations can be avoided by averaging QM
charges over the snapshots or over all residues of the same type in the protein [44].
This represents an alternative approach to the restrained ESPmethod used to obtain
MM charges in the AMBER force fields [45], avoiding the arbitrary restraint used in
that approach. Such charges are transferable between different proteins and gave
slightly improved correlation for MM/GBSA binding affinities of two different
proteins (avidin and factor Xa) [46].

A full NEMO potential, that is, multipoles up to quadrupoles and anisotropic
polarizabilities in all atoms and bond midpoints, has also been calculated at the
B3LYP/6–31G� level for 10 MD snapshots [47]. It was combined with standard MM/
PBSA van der Waals, SASA, and entropy terms, as well as polarized continuum
model (PCM) solvation energies to give complete binding affinities for the same
seven biotin analogs, but still no significant improvement was seen compared to a
standard MM force field.

7.4
QM Calculations of Ligand Binding Sites

Another possible use of QM methods is to study only the ligand and the closest
protein residues. The advantages with such an approach is that no force field
parameters are needed and that electronic polarization is included in the calculation.
The disadvantage is of course that parts of themacromolecule are ignored.Moreover,
entropic and dynamic effects are typically ignored.

Several investigations have had this aim. The simplest approach is to compare the
raw QMenergies directly with the experimental binding affinities [48–51]. However,
it ismore common to include solvation, either in theway of a number of explicit water
molecules [52–54] or by a continuum solvation method [55, 56]. Unfortunately,
including solvation does not always lead to a consistent improvement in the predicted
affinities [55]. Per€akyl€a and Pakkanen went one step further by including also MM
electrostatic interaction energy between the ligand and the rest of the protein [57, 58],
thereby approaching aQM/MMmethod. Rogacheva et al.usedQMstacking energies
(including a continuum solvent correction) to enhance a normal docking score [59].

Most studies have employed the ligand and a rather small number of nearby
residues (typically within 4–5A

�
, 100–200 atoms). DeChancie and Houk even trun-

cated the ligand [56]. However, Nikitina et al. use up to 450 atoms [52], while Thirot
andMonard use over 700 atoms [51]. In one case, the calculationswere performed for
the ligand and one amino acid model in turn, that is, a fractionation approach [48].
Most of the studies have been performed at the semiempirical level (AM1 or PM3),
especially with the larger QM systems [51–55]. A few studies were performed at the
Hartree–Fock level with small basis sets (3–21G or 6–31G) [57, 58], whereas most
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recent studies are performedwithDFTand basis sets ofDZPquality [48–50, 56].Only
a few studies have been performed at the MP2 level [56, 59], at which dispersion
effects are included.However, the basis sets are still too small (6–31G� or 6–31þG��)
to give any quantitative results. For example, it has been shown that the interaction
energy between biotin and avidin changes by 160 kJ/mol if the basis set is increased
from 6–31G� to aug-cc-pVTZ [60].

Another important effect that needs to be considered inQMbinding calculations is
the basis set superposition error. For the binding of drug-like ligands with medium-
sized basis sets, this effect is very significant, being 105 and 214 kJ/mol for the
binding of biotin to avidin calculated with the 6–31G� basis set at HFandMP2 levels,
respectively [2]. Unfortunately, only a few studies correct for this error [50, 56–58].

This approach is often used for metal ligands, because it is likely that the binding
affinity is dominated by the metal–ligand interaction, whereas interactions with the
surrounding protein may be less important. Then, it is enough to include in the
calculations the ligand, the metal, and the other ligating groups. For example, many
theoretical studies have been performed on the structure, binding, reactivity, and
toxicity of cisplatin and similar anticancer drugs [61–63]. Likewise, this approach has
been tested for the binding of M-arene-PTA ligands to cathepsin B (M¼RuII, OsII,
RhIII, or IrIII) [63–65]. It was shown that a correlation of r2¼ 0.52 could be obtained
between calculated and experimental affinities, including only the first-sphere
ligands of themetal. The best resultswere obtainedwithout any continuumsolvation,
but with zero-point, thermal, and entropic corrections to the Gibbs free energy
included (from a frequency calculation). The results were also improved by a
conformational search of the orientation of the arene ligand.

QM calculations have mainly been used to estimate ligand binding affinities, but
Thirot and Monard have developed a genetic algorithm for protein–ligand docking
using semiempirical calculations [51]. Moreover, Zhou and Caflisch have devised an
approach to perform extensive virtual screening with semiempirical QM calcula-
tions [66]. They calculate interaction energies between small models of polar groups
in the binding site and the ligands of interest. Using only five such groups as amodel
of the human hepatocellular carcinoma receptor B4, they screen�100million poses
of 2.7 million commercially available compounds, obtained from high-throughput
docking. Supplementing QM energy with hydrophobic matching and ligand strain
calculations, a micromolar inhibitor was obtained after experimental tests of only 23
molecules.

7.5
QM/MM Calculations

At the next level of approximation, the whole macromolecule is included in the
calculations by treating the most interesting parts by QM methods, whereas the
surroundings are treated by MM methods, the QM/MM approach, which has
received much interest in the study of biochemical reactions [67, 68]. Often only
the ligand is included in QM system [35, 69–83], but for metalloproteins, it is
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necessary to include allfirst-sphere ligands of themetal in theQMsystem [65, 84–86].
At the highest level of QM/MMapproximation, several groups close to the ligand are
also included in QM system [49, 87–96].

The focus of QM/MM investigations has varied between polarization [71], struc-
tures [78, 91], docking (rescoring) [70, 79, 80, 89, 90], and affinity estimation [35, 65,
72–77, 81, 87, 95, 96]. Only two studies [87, 88] used QMmethods (MP2/6–31G� or
BLYP-D) that include dispersion, whereas the other studies were performed at the
semiempirical (AM1 or sometimes PM3) [69–77, 81, 91, 92, 95], DFT [35, 49, 65, 76,
78–80, 82, 84–86, 90, 91, 93, 94, 96], or HF levels [89, 90, 93]. However, if only the
ligand is included in QM system, the interaction between the ligand and the
surroundings is treated by MM, in which dispersion is properly included.

Alzate-Morales et al. used a nonstandard approach in which most of the ligands
and four amino acid side chainswere treated byB3LYP/6–31G�, the rest of the ligands
were treated with HF/3–21G, whereas �10 additional residues were treated at the
PM3 level (i.e., a three-layer QM/QM/QM approach) [97].

Many studies have considered only the pure QM/MM energies. However, single
minimizedQM/MMstructures willmiss effects fromdynamics and entropy, and the
solvation and long-range electrostatics may be misleading because the systems are
truncated after a few layers ofwatermolecules and the outer atoms typically havefixed
positions.

Several studies have addressed these problems. Ideally, they should be solved by
performing QM/MM FEP, as was done in a study of the relative free energy of
binding for five AMP analogs to fructose-1,6-bisphosphatase at AM1/MM level [75].
They reproduce experimental observations within 1 kJ/mol, but FEPs at MM level
give the same results (within the statistical uncertainty). Essex and coworkers have
used QM/MM calculations to improve the results of FEPs at MM level. They also do
this by performing one-step FEPs from MM to QM/MM description [83].

Balaz and coworkers [84–86] have instead developed a QM/MM variant of the
extended LIE approach with two or three terms, using single-point calculations on
averaged MD structures.

Several groups [65, 72, 76, 81, 96, 98] have used QM/MM calculations in MM/
PBSA approach, by replacing the first three terms in Eq. (7.1) with QM/MM
interaction energy. The advantage with this approach is that is does not contain any
adjustable parameters and includes a proper solvation, involving both polar and
nonpolar terms, as well as entropy and some dynamic effects. The results of QM/
MM-PBSA approaches have been varying. For example, no consistent improvement
has been observed compared to a pureDFTstudy for the binding of seven RuII-arene-
PTA ligands to cathepsin B [65].

7.6
QM Calculations of Entire Proteins

Finally, the whole protein can be treated by QM methods. The advantage of this
approach is that polarization of both the ligand and the macromolecule is treated at
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equal footing and that the calculations allow charge transfer between the macro-
molecule and the ligand. However, despite the recent progress in computer tech-
nology and parallelization techniques, a standard QM calculation of a full protein–
ligand system is not only technically impossible but also unnecessary, because
electron correlation is a local effect.

Many approximatemethods have been developed that take advantage of the locality
of QM.Normally, these are referred to as either linear scalingmethods, if they compute
the electron density for the full system, or fragmentation methods, if they combine
independent calculations of smaller subsystems to directly compute the quantities of
interest. Linear scaling methods have been recently reviewed [99], so we will only
mention some applications to ligand binding, whereas the fragmentation methods
will be somewhat more thoroughly described. It should be noted that some of the
linear scaling methods, such as the divide and conquer (D&C) approach [100], also
use fragmentation as part of their solution.

7.6.1
Linear Scaling Methods

Although it is possible to study at least small proteins with DFTmethods [101], all
linear scaling whole-protein studies of ligand binding have been performed at the
semiempirical level: AM1, PM3, PM5, or PM6-DH2 [102–112]. This approach was
pioneered by Merz and coworkers. They studied 18 carbonic anhydrase and 5
carboxypeptidase inhibitors with the AM1method, using their D&C approach [102].
They supplemented the QM energy by the dispersive part of the AMBER MM
potential, a PB-based continuum solvation energy, a nonpolar solvation term based
on the surface area burial for heavy atoms, and an entropy term, calculated from the
number of degrees of freedom that was lost in the protein and the ligand upon
binding. Thus, this approach already included most important terms for ligand
binding, except dynamic sampling. The authors obtained correlation coefficients (r2)
of 0.69 or 0.80without or afterfitting a singleweight factor before the SASA term. In a
later study, the same approach (QMScore) was applied to 165 protein–ligand
complexes and 49 metalloenzyme complexes, giving r2¼ 0.48 and 0.55 without and
withfitting of weights of each of thefive terms in the energy function [105]. They have
also devised a method for pairwise decomposition of the observed interaction
energies to understand the observed differences [113].

The same group has also developed amoreMM/PBSA-like version of thismethod,
in which QM energies (calculated at AM1 and PM3 levels) are supplemented by a
dispersive term, PB polar solvation, SASA nonpolar solvation, and an entropy term
from MM vibrational frequencies, calculated for a truncated model [104]. They
compared the binding of a penicillin and a celphalosporin to the TEM-1 b-lactamase.
Unfortunately, the standard deviations of QM/PBSA estimates (20–36 kJ/mol) were
too large to give any significant difference in the binding energy between the two
substrates.

QMScore has also been used to study the binding of 45 inhibitors to protein
kinase B with reasonable results (r2¼ 0.68) [111]. However, the main aim of the
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study was to improve this model by QSAR-like comparative binding energy
approach.

Pichierri has studied the binding of a phosphotyrosyl peptide to the SH2domain of
Lck kinase [103]. He only studied a single complex and included continuum
solvation, but no dispersion, nonpolar solvation, entropy, or dynamic effects.
Consequently, he reports an unrealistic binding energy of �800 kJ/mol.

Sakurai and coworkers have studied how the binding of an antigen to the 48G7 is
improved during maturation [106]. They enhance QM energies with COSMO contin-
uum solvation, a nonpolar SASA term, and anMMentropy term froman earlier study.

Anikin et al.have developed a semiempiricalQMapproach to study the special case
whenmany ligands are docked to afixed protein structure, using afixed density of the
protein [107]. Using only the pure QM energy, they dock 1783 ligands with 30–
144 atoms to the FKBP-12 protein with an average time consumption of only 5min
per ligand. With a similar approach, 200 000 poses of 20 000 ligands were docked to
the p56 LCK SH2 domain [109].

Zhou et al.have tested semiempirical QMcalculations in a LIE-like approach [108].
They supplement QM energy with a PB continuum solvation term and a van der
Waals energy term, all calculated for minimized structures. They fit three multipli-
cative parameters to the experimental data and compare theQMresultswith standard
LIE calculations (also with a continuum solvation term). For the binding of 44
peptidic inhibitors to West Nile virus NS3 serine protease, the QM approach gave
slightly better results than the conventional MM calculations (RMS error decreased
from 4 to 3 kJ/mol), whereas for the binding of 24 peptidic inhibitors to HIV-1
protease and 73 neutral inhibitors to human cyclin-dependent kinase 2, both
approaches showed a similar accuracy.

Li and Reynolds have used the PM5 method to estimate the affinities of six
stromelysin-1 inhibitors with two different zinc binding groups (carboxylate and
hydroxamate) [110]. They supplemented theQMenergieswith aCOSMOcontinuum
solvation energy and a SASA term, but ignored dispersion, entropy, and dynamics.
They obtained an excellent correlation between calculated and experimental affinities
(r2¼ 0.95), although the calculated relative energies are almost 10 times larger than
the experimental ones.

Finally, Hobza and coworkers have employed the recent PM6 method, combined
with corrections for dispersion and hydrogen bonding [112]. They include entropies
from vibrational frequencies calculated at MM level, as well as deformation and
continuumsolvation energies of the ligand. They study the binding of 22 inhibitors of
HIV-1 protease and are able to distinguish between binders and nonbinders in a
docking rescoring, in contrast to conventional DOCK calculation.

7.6.2
Fragmentation Methods

Two types of fragmentation methods have been used for ligand binding. The first
aims at calculating the total energy for any system,whereas the second calculates only
binding energies, assuming that the geometry of the macromolecule and the ligand
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do not change upon binding (as in MM/PBSA). Of course, the former methods are
more general and versatile, whereas the latter typically are more effective and faster.

The fragmentmolecular orbital (FMO)method is probably themost developed and
used approach of thefirst type [114]. For a cluster of nmolecules, FMOfirst optimizes
the wavefunction of each monomer in separate calculations, including the electro-
static potential from then� 1 other fragments as afixed external potential. This has to
be done iteratively, approximating the potential from distant fragments, for example,
by a point charge model. Next, the energy of each pair of fragments (dimers) is
computed, using the electrostatic potential from then� 2 other fragments as external
potential (taken from the converged monomer stage, so no iterations are needed). If
greater accuracy is needed, the procedure can be continued by also computing
trimers (the FMO3 method), which has been shown to give essentially exact results
(cf. Table 7.1), but to a much higher cost.

If the fragments are connectedwith covalent bonds, each nucleus and electron pair
is assigned to one fragment using chemistry-based rules. The monomer calculation
of a given fragment is then performed in the basis set spanned by its assigned nuclei
and if the fragment has a dangling bond, the valence orbital of the missing atom is
included in the basis set by a projection operator [114].

FMO formulations for many QMmethods have been developed, of which MP2 is
most relevant for ligand binding. However, it should be noted that the electron
correlation is not treated self-consistently (it is only a dimer energy correction) and
thus normally gives a larger error than that at the HF level [115]. Recently, FMO
method has been interfaced with EFP force field [116] and with two implicit solvent
models: PCM [117] and PB [118]. However, FMOhas two problems relevant to ligand
binding energies. Due to the neglect of Pauli effects [119], the method does not work
well with large and diffuse basis sets, which are needed for a quantitative account of,
for example, dispersion. Moreover, no rigorous correction for the basis set super-
position error has been presented.

Nevertheless, there have been several applications of FMO to ligand binding.
For human estrogen receptor with 11 ligands, it was found that raw FMO-HF/
STO-3G binding energies were much better correlated to experiment (r2¼ 0.70)
than binding energies from a standard force field [120]. Similarly, a good
correlation (r2¼ 0.83) was obtained for progesterone receptor with eight

Table 7.1 Mean absolute errors in kJ/mol for interaction energies between a 216-atom model of
avidin and 3 charged ligands (12 structures) or 4 neutral ligands (4 structures), respectively, relative
to the exact HF/6–31G� results [2].

Method Charged Neutral

MFCC 29.4 6.2
EE-PA 14.2 4.2
FMO 12.1 3.8
FMO3 0.9 0.3
PMISP 11.0 1.1
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ligands [121]. On the other hand, for the FK506 binding protein, studied with a
higher level of theory (MP2/6–31G�) and including solvent effects, no correlation
with experimental values was found [122]. This demonstrates the significant
system dependence of performances and highlights that it is impossible to assess
a theoretical method using only one target. A more pragmatic way is to use FMO
interaction energies as a QSAR descriptor, as was done for HIV-1 protease with 12
ligands [123, 124]. A simple model using the interaction energy and SASA as
descriptors gave r2¼ 0.85.

Other complexes studied with FMO include the catabolite activator protein with
cAMP [125], vitamin D receptor with 1a,25-dihydroxyvitamin D3 [126, 127], avian
influenza A virus hemagglutinin with human and avian receptors [128–131],
peroxisome proliferator-activated receptor-gamma with rosiglitazone and farglita-
zar [132], cyclicAMP receptor proteinwith cyclic AMPbound toDNA [133] (forwhich
the interactions were quite different between FMOandMM), and retinoid X receptor
with steroid receptor coactivating factor-1 coactivator [134]. Several of these studies
were performed at theMP2 level [122, 127, 130–134]. Inmost studies, it was assumed
that differences in vacuum interaction energy correlate with the binding free energy
in water. However, two of the studies included solvation through the PCM meth-
od [130, 131] and only one of them [130] shows such a correlation. FMOhas also been
used as an integrated tool for drug development in the visualized cluster analysis of
the protein–ligand interaction [135].

The simplest fragmentation methods of the other type, aiming at calculating
binding energies, rely on the approximate atomwise additivity of interaction ener-
gies. For a polymer P1P2. . .Pn (of monomers Pi) interacting with a ligand L, the total
interaction energy is related to the sum of Pi–L interactions, but the problem is that
the subsystems Pi are not closed-shell systems and thus the Pi–L interaction energies
have no meaning. The basic idea of the fragmentation reconstruction method is to
cap eachPi system, compute the interaction energies, sum them, and then correct for
the artificial introduction of caps [136]. In the original formulation, the correctionwas
done atomwise, but Zhang et al. introduced the notion of conjugate caps [137], which
are simply two neighboring caps joined together, as is illustrated in Figure 7.1. By
subtracting all interaction energies involving conjugate caps, the effect of the caps is
eliminated to a first order. This approach is called the molecular fractionation with
conjugate caps (MFCCs).

Applications of MFCC to ligand binding include streptavidin with biotin [137],
adipocyte lipid binding protein with propanoic acid [138], b-trypsin with benzami-
dine [139], HIV-1 protease with various ligands [140, 141], HIV-1 reverse transcrip-
tase with efavirenz and nevirapine [142, 143], a-thrombin with various ligands [144,
145], andp53withMDM2 [146].Most of these studies employed the very approximate
HF/3–21G level of theory, but some have used B3LYP/6–31G� to assess correlation
effects [140, 144, 145]. Several studies have used MP2/6–31G� [142, 143] or MP2/6–
31þG� [141, 144, 145] to get a more quantitative account of the most important
interactions, and one study adds bond-centered basis functions to test the limitations
of a small basis set [146]. Only one investigation (addressing the interaction energy
with a specificwatermolecule) includes solvation effects through aPCMmodel [141],
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and none of the studies attempts to do any quantitative comparison with experi-
mental binding affinities.

Similar add-and-subtract schemes can also be used to compute total energies.
For example, the systematic fragmentation method (SFM) [147] uses classical expres-
sions for well-separated dimers, most recently the EFP expressions [148]. Bettens and
Lee adapted the SFM method for protein–ligand interaction energies [149], by
ignoring intraprotein fragment dimers, and improved the level of theory to
MP2/6–311(þ)G(2d,p). They studied the binding of an inhibitor to neuraminidase.

The polarizable multipole interaction with supermolecular pairs (PMISP) meth-
od [2, 60] combines theMFCCapproach for short-range interactions with the NEMO
polarizable multipole description for long-range electrostatics and many-body polar-
ization of the whole system. The method can also be seen as a limiting case of a
polarizable force field, in which the short-range terms are computed directly by
fragmented QMon the fly. The same idea but implemented using another force field
(EFP) is used in the EFMO method [150].

The accuracy of this approach was tested for a set of ligands binding to avidin [2]
and compared with the standard MFCC approach, the electrostatically embedded
pairwise additive (EE-PA) model [151], and the FMO method. As can be seen from
Table 7.1, the inclusion of many-body effects significantly reduces the errors
compared to the MFCC model. In fact, the accuracy of the PMISP method is better
than that of the computationally more expensive EE-PA and FMO methods, unless

Figure 7.1 The cutting scheme used for a polypeptide in, for example,MFCC and PMISPmethods,
giving two capped fragments (middle row) and a conjugated caps fragment (lower row), the
interactions of which are subtracted instead of added.
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trimers are explicitly included. The remaining error for charged ligands (11 kJ/mol)
comes from the difficulty of the polarizable multipole model to treat strong inter-
actions and can be reduced by combining themodel with an embedding approach [2].

The PMISPmethod has been used to compute protein–ligand interaction energies
at a high level of theory, MP2/aug-cc-pVTZ [60]. We also investigated the distance
dependence of various approximations to the energy, showing that the explicit QM
dimer calculations can be replaced by a sum of a polarizable multipole model and a
standard Lennard-Jones term for distances greater than 6A

�
, whereas the use of

standardMMalso for the classical terms has amuchmore long-range effect, 15–20A
�
.

The PMISP method has been interfaced with PCM to provide self-consistent
solvation energies and used in an MM/PBSA-like approach to compute binding free
energies for 7 ligands to avidin at theMP2/cc-pVTZ level using 10MD snapshots per
ligand [47]. Unfortunately, no significant improvement was obtained compared to a
standard force field, probably because the remaining terms, in particular the
nonpolar solvation energy, were not simultaneously improved [152].

7.7
Concluding Remarks

In this chapter, we have reviewed various approaches to improve calculated ligand
binding estimates by the use of QM methods. QM methods have many attractive
characteristics, for example, that the accuracy can be systematically improved, that
there is no need of any parameterization, that any systems can bemodeled, including
metal complexes or systems where covalent bonds are formed or broken, and that
polarization and charge transfer effects are explicitly accounted for. Moreover, many
interesting properties are available only from QMmethods. On the other hand, QM
methods are time-consuming.

Themost important lesson from the applications ofQMmethods to ligandbinding
is that even if a method works for one target, it might fail for another. Of course, this
type of varying performance is what onewould like to avoid by usingQMmethods. In
fact, it has not yet been clearly demonstrated that QM gives better binding free
energies than MM, despite the greater computational cost.

For the simplest QMmethods (e.g., semiempirical methods and HF or DFTwith
small basis sets), this is understandable, because it is not evident that these QM
calculations give more accurate interaction energies than well-calibrated MM force
fields. Moreover, we have pointed out that dispersion is missing in all QMmethods
currently used for ligand binding, exceptMP2, and that large basis sets (at least TZP)
are needed to get near-quantitative results. Very few studies have been performed at
this level [47, 60, 149]. It is also important that the basis set superposition error is
properly treated.

However, as has been discussed above, many other terms contribute to the ligand
binding, besides the macromolecule–ligand interaction energy, for example, polar
and nonpolar solvation, entropy, dynamic effects, and geometric reorganization. It is
most likely that ligand binding predictions in many cases are limited by these terms
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rather than the interaction energy. Thismay explain the varying performance of QM-
based ligand affinity estimates. Although many QM methods include continuum
solvation effects, it is mainly the QM extensions of the LIE and MM/PBSA
approaches that include all relevant terms for ligand binding [47, 65, 72, 76, 81,
84–86, 96, 102, 104, 105]. Unfortunately, it seems that even methods like LIE and
MM/PBSAhave problems to provide accurate and consistent binding affinities for all
types of macromolecules, probably because of the limitations in the endpoint or
continuum approximations [1, 16–18, 99, 152, 153]. The only method that is
guaranteed to give correct results (with perfect interaction potentials and sampling)
is FEP, which has so far been used only twice with a QM potential [75, 83].

Themain problemwith the QMmethods is the cost of the calculations in terms of
computer time, which makes proper sampling problematic. It is interesting to note
that the only QM-based method that has reached a wide use for ligand binding also
outside the developers is theQPLDmethod [27], that is, the recalculation of the ligand
charges by single-point QM/MM calculations during a docking procedure. This is
probably because these calculations are rather fast and automatic. However, it also
indicates that there is some gain of usingQMcharges that are obtained for the correct
conformation of the ligand, polarized by the surrounding protein.

Thus, even if it has not yet been shown that the expense of QMapproaches is offset
by improved accuracy in drug design applications [4, 6, 9], we can most likely expect
an increasing use of QM methods in structure-based drug discovery in the coming
years. In the near future, the largest gainmay come from improvingMMdescription
by QM calculations, but at the end we will probably see more and more pure QM
calculations, based on combinations of various methods (like QM/MM and PMISP)
and perhaps within the FEP approach.
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8
Hydrophobic Association and Volume-Confined
Water Molecules
Riccardo Baron, Piotr Setny, and J. Andrew McCammon

8.1
Introduction

Water is the most important solvent for life as we know it [1, 2]. In recent years, it is
becoming evident that in contrast to the passive role of embedding medium usually
ascribed to solvent, water appears as amajor player in noncovalentmolecular binding,
affecting the thermodynamics of mutual interactions of solvated biomolecules.

For example, water is known to (i) modulate electrostatic interactions, (ii) drive
hydrophobic association, and (iii) play an important role in stabilizing specific
receptor–ligand interactions in case of individual, precisely located molecules. In
this chapter, we will focus on the two latter scenarios, involving water at two extreme
levels of its spatiotemporal organization.

First, as a medium composed of countless indistinguishable particles, water
contributes to the phenomenon of hydrophobic association. Hydrophobicity (a com-
bining form of Greek hydro (water) and phobos (fear)) is the physicochemical property
of a molecule (known as a hydrophobe) that is expelled from a mass of water.
Counterintuitively, however, there exists no repulsion between such molecules and
water. Indeed, the observed separation arises not due to repulsion, but due to
particularly favorable water–water interactions. In other words, hydrophobes and
water actually attract each other, but not as strongly as water molecules do.

When hydrophobic objects are immersed into water, the system seeks a particular
configuration, for which the number of water molecules maintaining a direct
contact with the hydrophobic surface is minimal. Consequently, such configuration
corresponds to maximal number of water molecules remaining in the bulk, with all
most favorable water–water interactions preserved. Such condition is achieved when
the considered objects are clustered together with no or little solvent in between
them. The resulting effective attraction of hydrophobic objects in water is called
hydrophobic interaction. It is important to note that the objects actually do not need to
attract each other directly. Instead, it is the influence of surrounding watermolecules
that sticks them together. In the context of hydrophobic association, it is preferable to
consider water as a whole.
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A second determinant of water contribution to protein–ligand association arises
from the presence of individual watermolecules occupying specific locationswithin the
binding region. Upon complex formation, either none, some, or all such water
molecules can be displaced to the bulk or stay in place, usually bridging specific host–
guest interactions. The thermodynamic contribution of these volume-confined
water molecules is typically of relevant magnitude compared to the overall binding
free energy. Thus, in the context of modeling approaches, it is often preferable to
account for their thermodynamic impact separately from the remaining solvent
component.

In the next two sections, we will introduce the reader to both these alternative
scenarios for water in protein–ligand binding (Figure 8.1). We first present a general
view of the physicochemical background, followed by a brief introduction to the
theoretical and computational approaches particularly suited to study water ther-
modynamics, together with the key assumptions involved and their promising
features in the context of protein–ligand binding.

8.2
Water as a Whole in Hydrophobic Association

8.2.1
Background

The concept of hydrophobic association was originally introduced by Kauzmann in
1954 [3]. Specifically, he coined the term hydrophobic bonding to describe the tendency
of oils to associate with a separate phase in aqueous solution. Joel Hildebrand –

among others – objected to the word hydrophobic because oil has a favorable enthalpy
of interaction with water [4]. This terminology ultimately prevailed with the reali-
zation thatmolecular affinity is determinedby favorable free energies, not enthalpies.
Hildebrand also objected that the term bondingwas inappropriate, because it implies
covalent interactions [5]. In this respect, the terms association or noncovalent binding
seem preferable from a physicochemical standpoint, and the term hydrophobic
association became widely accepted based on practical utility. A number of intrinsic
features make the direct access to hydrophobic association difficult. Its underlying
physicochemical interpretation still remains largely ambiguous for complex biolog-
ical systems.

The first important obstacle is the fact that hydrophobicity and hydrophilicity are
relative, not absolute properties, defined on scales that are not easy to quantify [6–9].
Typical example is the classification of certain hydrophobic amino acids in biochem-
istry. These are amino acids that display more unfavorable free energy of hydration,
thus phase separate in aqueous solution due to hydrophobic association. However,
defining a protein region asmore or less hydrophobic on the basis of the presence of
�hydrophobic amino acids� might result in crude approximations, because electro-
static interactions between water and other neighboring residues can dramatically
change hydration properties (e.g., water accessibility) of hydrophobic surfaces.
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Similarly, the definitions of hydrophobicity andhydrophilicity aremeaningful only in
comparison with pure water as a solvent. These concepts are useful heuristic
simplifications; however, they are not strictly transferable to solutions with different
physicochemical properties. We refer the reader to Ref. [8] for an extensive review of
this and other aspects of the intrinsic difficulties of quantifying hydrophobic effects,
including unusual heat capacity behavior and underlying thermodynamics.

Figure 8.1 Alternative scenarios for water in
protein–ligand binding. (a) Water as a whole
determines hydrophobic association. In this
case, computational modeling relies on the
explicit treatment of hydrophobic
interactions. (b) Volume-confined water

molecules are crucial for protein–ligand
binding. In this case, association or
displacement of individual water molecules
can be – to some extent – preferably
modeled separately from the rest of
solvent component.
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A second obstacle is the dependence of hydrophobic interactions on the subtle
reorganization of water at the molecular level. In this context, the complexity of
hydrophobic association depends on the discrete nature of water. As a nonhomo-
geneous embedding medium, water assumes alternative structural and dynamic
phases in the surrounding of hydrophobic bodies. Examples are changes of water
density and peculiar hydrophobic effects, such as dewetting transitions and solvent
fluctuations [10–15]. This is particularly relevant from the viewpoint of experiment
interpretation: sophisticated experimental approaches are needed to directly probe
the discrete water structure and dynamics and disentangle its particular role in
hydrophobic association with the dominating background of bulk solvent. One
current goal of experiments is to be able to directly observe fast timescale thermal
equilibrium chemical events without changing the equilibrium behavior of the
system under study. An example of a promising technique that meets this challenge
is the ultrafast two-dimensional infrared (2D IR) vibrational echo chemical exchange
spectroscopy (CES) [16, 17]. Nevertheless, our textbook knowledge is generally based
on more traditional types of experiments, such as calorimetry, which largely masks
individual watermolecule-related effects. Examples of these limitations can be found
in Refs [18–21].

Important progress has been made in the last decade in understanding hydro-
phobic effects based on theoretical considerations. Particularly relevant is the
distinction between qualitatively different hydration behaviors at small and
large length scales [22–26]. Upon hydration of small (A

�
ngstrom scale) hydrophobes,

like small hydrocarbons, the hydrogen bond network among water molecules is only
moderately distorted compared to its geometry in the bulk. The presence of solute–
solvent van der Waals interactions accounts for the overall favorable hydration
enthalpy [27]. Unfavorable hydration free energy appears to be dominated by
the entropic effect of restricting spontaneous solvent fluctuations to only those
permitting the presence of the solute [28, 29]. Similarly, based on explicit solvent
molecular dynamics (MD) simulations, it is inferred that the association of two or
more such small hydrophobes, like methane molecules, is accompanied by only
moderatewater reorganization. The resulting solvent-mediated interactions display a
characteristic, entropy-stabilized free energy minimum [30–35]. Nonetheless,
the spontaneous assembly of small isolated hydrophobic molecules is not
observed [36], owing to a comparatively larger configurational volume of the
solvent-separated pairs.

At large length scales (nanometer scale), hydrophobic association usually involves
at least one interacting partner with an extended apolar region. The hydrogen bond
network of interfacial water molecules is distorted, inducing a variety of large length
scale hydrophobic effects [10, 37]. The actual solvent behavior critically depends on
the strength of solute–solvent attraction and varies from the persistent hydration of
strongly interacting objects [38, 39], through the formation of a thin vapor-like
interface next to flat or moderately concave hydrophobic surfaces [40–42], to the
complete dewetting of sterically hydratable regions [43, 44]. The importance of such
effects for the assembly of nanoscopic bodies was investigated in a number of MD
simulation studies [11, 12, 45–52]. This important work remains in line with the
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conventional view of entropy-driven hydrophobic association, at least for hydro-
phobes with relatively simple geometries like paraffin plates or ellipsoids [45, 49, 52].

The situation may be different, however, for more complex shapes, for example,
involving typical concave geometries as in protein binding cavities. Only recently, a
model apolar cavity–ligand system was considered in which concave (cavity) and
convex (ligand) apolar components were simultaneously brought into play [53, 54].
This model system can be considered as the simplest prototype to generalize
hydrophobic cavity–ligand binding. MD simulations showed that – contrasting with
the common, dominant view – hydrophobic binding into such hydrophobic receptor
can be indeed strongly driven by enthalpy and opposed by entropy [55]. The
explanation of this effect is counterintuitive. Such thermodynamic signature is
possible because of the peculiar hydration of the binding pocket by disordered
water. In contrast to convex or flat hydrophobes considered thus far, hydration in this
case is favored by entropy due to solvent fluctuations within concave geometry [53].
These fluctuations are suppressed upon binding, giving unfavorable entropic
signature. At the same time, the expelled water molecules, no longer exposed to
hydrophobic enclosure, gain more favorable interactions with the bulk solvent
[53, 54]. Themagnitude of these newly formedwater–water interactions even exceeds
direct cavity–ligand interactions, and together they contribute to enthalpy-driven
association.

Model systems, representative of complex biological recognitionwith a same cavity
geometry and yet with added charge distributions, were also investigated [54].
Interestingly, completely different thermodynamic signatures were found in this
second case. Themost important factor to determine association occurs to be not the
direct cavity–ligand interaction, but rather the impact of water-mediated interactions
and their complex coupling. Hence, computational modeling based on direct cavity–
ligand interactions only (considered predominant) would intrinsically fail to capture
the underlying thermodynamics. These findings highlight the determinant aspects
of the role of water as a whole in cavity–ligand binding and are crucial for under-
standing why only some of the computational models and methods available are
reliable for the prediction of hydrophobic association.Wewill introduce the reader to
the latter aspect in the next section.

This novel picture on hydrophobic cavity–ligand binding also helps interpreting
experimental measurements. A more complete understanding of the thermody-
namic basis of hydrophobic hydration and dehydration is fundamentally important
for the interpretation of virtually all ligand binding processes in molecular recog-
nition [55]. Indeed, recent experiments present thermodynamic signatures that are
overall consistent with those calculated inmodel cavity–ligand systems. For example,
it was reported that the displacement of a few, unstructured water molecules from a
hydrophobic pocket is enthalpy dominated upon binding of phosphonamidate to the
thermolysin protein [56]. Experiments also provided strong evidence of the role of
water in driving hydrophobic cavity–ligand binding in the cases of both protein and
model systems [57–59]. Consistent with this view, numerous apolar protein cavities
may be weakly hydrated [60] or even dehydrated [44], implying nontrivial effects on
ligand binding affinity.
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8.2.2
Computational Modeling of Hydrophobic Association

A variety of methods have been proposed in the literature to determine the change in
free energy between two physical states of interest, for example, the unbound and
bound states for two partners A and B. However, only a few approaches capture
explicitly hydrophobic interactions and are well suited for hydrophobic association.
Conceptually, they rely on the thermodynamic cycle of Figure 8.2. Estimating each
step along this cycle requires two main components.

The first component is the sampling method to access the phase space of the
thermodynamic ensemble at each state, including the water component. Popular
examples are explicit solvent molecular dynamics and Monte Carlo (MC) simula-
tions. The water component is treated explicitly (i.e., each water molecule is taken
explicitly into account) and as a whole (i.e., all hydratable regions are considered,
together with the bulk solvent). This also allows taking explicitly into account the
water-related interactions (water–water interactions and water–hydrophobe interac-
tions) and their fundamental coupling.

The second component is the free energy method based on statistical mechanics
concepts to calculate the free energy change whenmoving from one state to another.
For simplicity, we consider – as in Figure 8.2 – the case of theN; p;T ensemble, thus
Gibbs free energies.

The first class of free energy methods relies on potential of mean force (PMF)
calculations. They allow to estimate the work WðjÞ, made to move the associating

Figure 8.2 Hydrophobic association and
its underlying thermodynamic cycle. The
hydrophobic interaction dGHI in the association
of two hydrophobes A and B is the difference
between the corresponding free energy of
association in the presence of water, DGW, and
in the absence of water, DGg. Computational
methods giving insight into dGHI can rely on the
calculation of potential of mean force (PMF) for
bringing A and B together along a physical

reaction coordinate j. They provide direct
estimates for DGW and DGg, the horizontal
steps in the cycle. BecauseG is a state function,
dGHI can also be obtained by moving along
the vertical steps by determining the hydration
free energies of A, B, and A þ B species (DGA,
DGB, and DGAB, respectively). A variety of
methods ranging from thermodynamic
integration or perturbation to simplified surface
area-based models can be used in this respect.
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hydrophobe along a physical reaction coordinate j between two thermodynamic
states of interest in Figure 8.2, and hence can give access to the complete free energy
profiles (e.g., barriers, not only endpoint values). For this reason, they have been
undoubtedly the most valuable thus far in the study of hydrophobic association at
both small and large length scales. The umbrella sampling procedure is a most
valuable approach to obtain PMF in practice [61]. It relies on the fact that overall
sampling is enforced by using restraining potentials at discretized, intermediate
points along j. From umbrella sampling, the biased effect of the potentials used to
focus sampling along j can be removed using the weighted histogram analysis
method and actual PMF profiles are efficiently obtained [62, 63]. The Gibbs free
energy at a given point along j reads

GðjÞ ¼ WðjÞþGð¥Þ: ð8:1Þ

PMFapplications in complex protein–ligand systemshold great promise for future
biological applications [64].

Alternative computational approaches to describe hydrophobic interaction rely on
the properties of G as a state function: the calculation of alternative processes (see
Figure 8.2, vertical arrows) is oftenmore effective, yet formally identical to derive the
free energy change of interest (see Figure 8.2, horizontal arrows). For example,
integration methods rely on the calculation of the integral of the work needed to
connect such two thermodynamic states via a reversible path, as suggested by
Kirkwood [65]. A popular prototype of integration method is thermodynamic
integration (TI) [66, 67]. Other approaches have been proposed in the literature to
determine free energy changes based, instead, on the perturbation formula by
Zwanzig [68]. A popular example of perturbation method is free energy perturbation
(FEP), also known as exponential averaging [69]. Both TI and FEP approaches are
described in Chapter 11.

Once free energies are estimated at several temperatures, the corresponding
entropy can be obtained numerically through the temperature dependence of the
free energy,

SðjÞ ¼ � qGðT ; jÞ
qT

� �
N;p

: ð8:2Þ

The corresponding enthalpy can be then determined as

HðjÞ ¼ GðjÞþTSðjÞ: ð8:3Þ

Reference [53] describes a numerical approach for obtaining thermodynamic sig-
natures, that is, G, H, and S.

Why are these three major computational approaches well suited for modeling
hydrophobic association? Potential of mean force, integration, and perturbation
methods all share the fundamental feature of capturing water as a whole, and directly
probe thermodynamic quantities as resulting from complex-coupled interactions.
Explicit treatment of hydrophobic interactions is the strength of thesemethods in this
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context. Computational cost of such explicit treatment is their major, practical
limitation in biological applications.

8.2.2.1 Explicit versus Implicit Solvent: Is the Computational Cost Motivated?
Severalmodels represent the water component as an implicit, effective region. At the
cost of a reduced resolution of the solvent component, a significant gain in
computational efficiency could be obtained. Thus, these implicit solvent methods
have an important role in virtual screening of large compound databases [70].

Implicit solvent models belong to a class of approaches in which the free energy is
decomposed in independent terms. Such decomposition implies unphysical approx-
imations, but it is often attractive, because a complex thermodynamic quantity can be
simplified as the sum of more treatable terms [71, 72].

Common ground of these models is the concept of solvent-accessible surface. Such
surface is obtained based on the solute shape using geometrical considerations.
A typical example is defined by points visited by the center of a solvent probe that is
rolled over solute atoms. The hydrophobic or apolar part of the hydration free energy
is then assumed to be proportional to such solvent-accessible surface area (SASA).
It is physically motivated by the observation that a roughly linear relationship
between free energy of hydration and SASA exists for small hydrocarbon mole-
cules [73–75]. Consequently, the corresponding thermodynamic contributions to the
association process are evaluated based on the change in SASA upon binding as

DGSASA � DSASA � cþC; ð8:4Þ

wherecplays the role of amicroscopic surface tension,C is an arbitrary constant, and
both are usuallyfitted to experimental data. Improvements include the use of weights
depending on the specific surface atoms, as in wSASA type of approaches [76, 77].

Electrostatic contributions to the binding free energy are treated by separate terms,
usually evaluated using Poisson–Boltzmann (PB) or generalized Born (GB)
approaches, leading to PBSA or GBSA methods, respectively [78]. Most authors
place DGSASA values to be approximately in the range of 5–45 kcal/mol (see, for
example, Ref. [79]). This agrees with the established observation that the magnitude
of the desolvation free energy is sizable compared to that of the typical binding free
energies of protein–ligand binding.

Thequestionthatwewouldlike toaddress in thisshort– far fromexhaustive–sectionis
the following: Is such a simplification possible in the context of hydrophobic association?
Most assumptionsofpopular implicit solvent approaches are typically problematic in this
context:

1) The solvent-accessible surface need not to be the solvent-accessed surface.
The solvent-accessible surface is a geometrical construct following closely the
solute shape, while actual solvent distribution results from the interplay between
solute topography and its physicochemical properties.

2) As discussed in the previous sections, solvent fluctuations – not only solvent
accessibility – can play a crucial role in water thermodynamics [53, 54].

3) Decomposition of a term accounting for the hydrophobic effect clearly breaks
down in the presence of net or partial charges (see, for example, Ref. [80]).
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4) The observation of a roughly linear dependence in Eq. (8.4) has been based on
experimental data on small hydrocarbons only. This relationship does not hold
for larger hydrophobes (see, for example, Refs [23, 81]).

5) The surface term c is not constant. It depends on the curvature of the surface
considered [81].

The success of implicit solvent models has been at variance with the physico-
chemical properties of the systems considered [82]. Thus, novel approaches are being
developed by addressing assumption 1 through an adjustable SA description [83, 84].
Such type of improvements display features that are certainly extremely promising
for future model development.

Thus far, we conclude that the computational cost of an explicit representation of
water as a whole seems very strongly motivated to capture realistically hydrophobic
association and its thermodynamics. Note that none of the assumptions 1–5 is strictly
required when explicit solvent coarse-grained models are employed (see, for exam-
ple, Ref. [85]). The latter might be a preferable route to reduce computational costs
while keeping the underlying models sufficiently simple, transferable, and reliable.

8.3
Confined Water Molecules in Protein–Ligand Binding

8.3.1
Protein Hydration Sites

The available structures of biomolecules typically reveal multiple water molecules
bound at the biomolecular surface and buried inside cavities or at binding interfaces.
Experimentally, water sites can be detected in the crystal state by X-ray [86, 87] and
neutron diffraction or in solution by nuclear magnetic resonance (NMR) [88] and
other spectroscopy approaches [89, 90]. Most of the current structural information is
based on X-ray crystallography [86]. It allows the detection of positionally ordered
water molecules that are usually directly or indirectly hydrogen bonded to polar
groups of the protein. Additional information on water molecule orientation,
tumbling, and residence times [91] can be obtained using computer simulations [92].
For unambiguous atomic level interpretation of X-ray electron density maps, the
resolution of structural data of at least 2.0 A

�
is required [86, 93]. The identification of

water molecules is often the final step in structural refinement, and electron density
regions are sometimes misleadingly attributed to water molecules to improve the fit
of the data [94]. Therefore, modeling of water sites from X-ray crystallography
experiments should be interpreted with caution.

A statistical analysis of crystallographic protein structures indicates on average 1
buriedwatermolecule per 27 residues [95], with 45%watermoleculesmaking 3 polar
contacts, 37% 4 or more, and 18% 2 or fewer. In another study, 94% of buried water
molecules was identified to form three or four hydrogen bonds with protein
atoms [96]. Most of these buried water molecules are solitary (58%), while the rest
belongs to clusters containing two (22%) or more (20%) water molecules.
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In general, water molecules in the protein core are supposed to promote protein
stability by hydrating polar atomswhose burial during folding is unavoidable [97, 98].
The statistical analysis of high-resolution protein structures indicates that well-
resolved internal watermolecules are preferentially located in the vicinity of residues
without secondary structure and form hydrogen bonds with their main chain
atoms [98]. The importance of individual water molecules for protein structure is
further supported by the fact that about half of them appears to be conserved among
structures solved independently under diverse conditions [99–106].

Upon biomolecular association, for example, protein–ligand binding, water mole-
cules can be sequestrated from the solvent and remain trapped. These can be either a
persistent constituent of the binding site, not displaced by the ligand, or may be
restricted by the approaching ligand (see Figure 8.1). According to the recent analysis
of high-resolutionX-ray structures, such interfacial water accounts for about 1%of all
(i.e., not only buried) detectedwatermolecules [107].On average, ligands are found to
make contacts with 4.6 water molecules, 3 of which bridge ligand and protein atoms
(so-called bridging water molecules). Conversely, some interfacial water molecules do
not directly connect protein and ligand binding partners, but contribute indirectly to
the stability of the complex by holding bridging water molecules through hydrogen
bond networks [108]. Interestingly, only 15% of protein–ligand complexes do not
display any bridging water molecule, indicating that water participation to binding is
a norm rather than exception.

Interfacial water molecules may have a twofold role. On one hand, they serve as an
extension of peptide polar groups and mediate specific interactions via hydrogen
bonds. On the other hand, by rearrangement of the hydrogen bond network, they can
make a single binding site able to accommodate different ligands [109–113]. A PDB
analysis that focused on topologically related ligands binding to the same biological
target showed that – in response tomoderate ligand variability – changes in interfacial
water architecture are more frequent than in the side chain rearrangements. This
observation strongly suggests that confined water molecules are a crucial adapta-
tional mechanism for promiscuous binding sites [114].

In contrast to X-ray crystallography, NMR spectroscopy allows probing proteins in
aqueous solution at room temperature. At the cost of overall resolution, it has the
advantage of detecting internal water at low occupancies. NMR studies indicate that
some buried apolar cavities may be occupied by disordered water molecules that do
not make stable contacts with the surrounding protein [60, 115–117]. Whether such
disordered water molecules have a direct functional role or just fill the otherwise
empty space remains poorly understood [44, 118]. Certainly, their expulsion due to
ligand binding has major thermodynamic consequences [53–55].

8.3.2
Thermodynamics of Volume-Confined Water Localization

The change in standard Gibbs free energy DG0 for transferring one water molecule
from the bulk to a hydration site is related to the ratio of probabilities for finding this
site occupied (f ) and empty (1�f ):
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DG0 ¼ �kBT ln
f

1�f

� �
; ð8:5Þ

where kB is the Boltzmann constant and T is the absolute temperature. Note that an
additive constant may apply to DG0, depending on the definition of standard state
(see Section 8.3.3).

Unfortunately, direct experimental thermodynamic measurements for tying up
isolated watermolecules are not possible. Examples of these limitations can be found
in Refs [8, 18–21]. Computational methods and theory are thus a primary tool to
accessDG0 estimates. Two clearly distinct scenarios can be described in this context.

First is the case of tightly boundwatermolecules. Their confinement is entropically
unfavorable, because of reducedmobility compared to that of the bulk, mostly due to
the restriction of rotational freedom. An elegant argument by Dunitz – comparing
experimental standard entropies for hydrated and anhydrous inorganic salts – points
to a 2 kcal/mol as qualitative upper limit of entropic penalty for the immobilization of
one bulk water molecule at 300K [119]. In order for confinement to occur, this has to
be offset by a favorable change in enthalpy. Indeed, a similar reasoning for the
enthalpy gain due to transfer of a water molecule to a well-structured hydrophilic
environment gives about�3.8 kcal/mol [94], which sums up to a corresponding free
energy change of about �1.8 kcal/mol.

Second is the case of hydrophobic cavities [14]. Supposedly, their hydrationmay be
entropy driven [116], but thermodynamic signatures are expected to depend on subtle
balancing among actual water content, physicochemical properties [54], cavity size,
shape, and other properties. On one hand, solitary water molecules are likely to have
favorable entropy of transfer, though not necessarily the overall free energy. On the
other hand, increasing cavity occupationmay lead to the formation of water clusters,
which, instead,maybe enthalpydrivenowing tomutual hydrogenbonding [120, 121].

The thermodynamic contribution of localized water molecules to protein–ligand
binding remains elusive. Classically, it is assumed that binding free energy should
benefit from the entropy gain accompanying the release of bound water molecules.
The rationale behind this assumption is that functional groups displacing water –
while capable of making equivalent interactions – do not need to pay large entropic
penalty upon loss of mobility in the binding site, as they are already restricted in
solution as parts of the ligand. Indeed, ligands designed to displace water from the
well-defined hydration sites can exhibit higher affinity than their nondisplacing
analogs [122–124]. On the other hand, it has also been reported that such displace-
ment may have little effect [125] or even reduce ligand binding affinity [126–128].
These results indicate that the actual thermodynamic outcome ofwater displacement
is highly system specific. However, some general rules of thumb for improving the
ligand design through water displacementmay be summarized as follows [129, 130]:

1) The new ligand should maximize its interactions with both the protein and the
remaining water molecules.

2) Additional functional groups shouldminimize the disruption of the interactions
among localized water molecules.

3) The overall conformational entropy loss should be minimized.
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8.3.3
Computational Modeling of Volume-Confined Water Molecules

Estimates of DG0 can be obtained using computational approaches, like the double
decoupling method (DDM) [131]. The binding process is usually divided into two
decoupled processes:

1) The transfer of one water molecule from bulk water into the ideal gas phase,
described by a corresponding free energy change DG0

w! g.
2) Its insertion into the receptor hydration site, with a free energy change DG0

g! p.
Note that for technical reasons, opposite processes are generally simulated, for
example, the displacement of a water molecule from the receptor, which yields
�DG0

g! p.

Decoupling from pure solvent can be quantified by free energy calculation (e.g., TI
or FEP) using a simulation in which interactions of selected water molecule with
the rest of the solvent are gradually switched off. It usually provides estimates close to
the experimental excess water chemical potential DG0

w! g of 6.3 kcal/mol at
298K [132], with an entropic contribution of �TDS0w! g ¼ �3:7 kcal/mol and an
enthalpic contribution of DH0

w! g ¼ þ 10:0 kcal/mol.
Decoupling from the protein cavity requires some additional considerations. First,

while interactions of the decoupled water molecule are annihilated, such water can
leave the localized volume. Thus, in order to obtain good sampling of bound
configurations and �DG0

g! p convergence, restraining potentials are employed to
keep the water molecule within its hydration site [131, 133, 134]. In principle, the
thermodynamic effect of introducing such restraints should be evaluated explicitly by
a separate free energy calculation in which the restraining potential is gradually
switched on [134, 135]. In practice, if the restraining potential is adjusted to not affect
much the confining volume, this step can be likely omitted with small error. Once the
decoupling is complete, the effect of subsequent restraints removal can be calculated
analytically and added to the overall DG0 [136].

Second, as a water molecule is decoupled from the receptor and becomes
an additional free particle in the system, DG0 can be precisely defined only
with respect to the so-called standard state, that is, some assumed concentration
C0 [134, 137, 138]:

DG0 ¼ �kBT ln
C0Cpw

CwCp

� �
eq

; ð8:6Þ

where Cpw, Cp, and Cw denote the equilibrium (eq) concentrations of protein–water
(pw) complex, free protein (p), and water (w), respectively. The magnitude of C0 is
generally set to 1mol/l for protein–ligand binding. However, for water localization,
C0 ¼ Cw ¼ 55mol/l (bulk water concentration) is the most appropriate choice
because of the following:

1) Bulk water concentration is imposed by temperature and pressure, that is, under
standard conditions it is not arbitrarily defined during experiments.
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2) The quantity DG0 then describes the ratio between the population of occupied
and free protein cavity, as in Eq. (8.5).

The effect of standard concentration is included in calculations, resulting in

DG0 ¼ DG0
w! g þDG0

g! p ¼ DG0
w! g þDGint

g! p�kBT lnðC0VIÞ; ð8:7Þ

where G0
g! p is divided into contributions from water–cavity interactions (DGint

g! p)
and from the change in volume available for the localized water molecule, with VI

corresponding to the estimated volume allowed by restraints (see above).
The difference between standard binding free energies calculated forC0 ¼ 1mol/l

and C0 ¼ 55 mol/l is roughly 2.4 kcal/mol in favor of C0 ¼ 55 mol/l, reflecting the
fact that it is easier to bind a water molecule that in its free state already occupies a
smaller volume. We stress that a careful comparison of results from different
calculations is fundamental, because different authors may use different standard
states, and some erroneously do not specify (or employ) them at all.

A number of DDM studies estimated the free energy of tying water molecules in
protein cavities [44, 133, 136, 139–144]. In general, the magnitude of free energy,
enthalpy, and entropy changeswas found to correlate well with the change in number
of hydrogen bonds in the system upon association, including the effects of rear-
rangement of the whole hydrogen bond network in the binding site. Instead, poor
correlationwas foundwith the number of hydrogen bonds that watermolecules form
in the cavity [143, 145]. DDM transfer free energy estimates range from þ 15 kcal/
mol, for hydration sites that are most likely crystallographic artifacts [139], to �14
kcal/mol [133]. Thus, binding in some cases appears to be much stronger than
predicted by simple estimates mentioned in the previous section, which is partic-
ularly due to favorable enthalpies observed for some highly hydrophilic cavities.
Entropic contributions, in turn, donot exceed þ 3 kcal/mol, in reasonable agreement
with the value suggested by Dunitz [119]. A favorable entropic term of �5 kcal/mol
was calculated for the transfer of a single water molecule to the hydrophobic cavity of
barnase [140], though it was offset by an unfavorable enthalpy,making stable binding
rather unlikely. Similarly, unfavorable DG0 values were obtained for other hydro-
phobic cavities [44, 144], though it does not rule out their transient filling by
water [144]. In the context of ligand binding, tightly bound bridging water molecules
thatmake at least three hydrogen bonds with protein and ligand tend to be conserved
for a given binding site hosting different ligands [142]. Instead, watermolecules with
moderately favorableDG0 can be easily displaced, and their presence largely depends
on the ligand properties.

Another successful computational approach for the investigation of water binding
thermodynamics relies on inhomogeneous fluid solvation theory (IFST) [146].
A perturbation in solvent distribution (inhomogeneity) due to the presence of solute
– for example, protein or protein–ligand complex – is considered, and solvation
thermodynamics is obtained in the form of corresponding energetic and entropic
contributions. They include a solute–solvent term and a solvent reorganization term.
The first depends on the one-particle distribution of the solvent around the solute,
while the second depends on the two-particle distribution of the solvent [146].
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The necessary spatial and orientational solute–solvent and solvent–solvent correla-
tion functions can be obtained from explicit solvent MD simulation in which the
solute remains fixed in some representative configuration.

A most appealing feature of IFST is that it provides the decomposition of free
energy into entropy- and enthalpy-related terms based on one simulation only.
Moreover, it allows the distinction of thermodynamic contributions arising due to
both direct solute–solvent interactions and solvent reorganization. Calculations are
particularly simple for solitary buried water molecules, as in this case the most
problematic solvent–solvent correlations are not needed. A drawback of IFST is the
fact that solute thermal motions are neglected due to the need of maintaining a
constrained conformation, thus affecting solute–solvent interaction energy [147]. It is
also worth noting that thermodynamic variables obtained by IFST do not refer to
the physical process of water binding, as the related effects of solute structural
rearrangement and changes in its internalmobility are disregarded. This is why IFST
and DDM estimates should not be directly compared with each other.

IFST application to protein and protein–ligand systems have been reported
[43, 130, 148, 149]. The results confirm the general view that localization of water
molecule in binding cavity is stabilized by enthalpy and disfavored by entropy. The
obtained binding free energies tend to be more favorable than those resulting from
DDM approach, most likely due to the IFSTdrawbacks described above. The results
for hydration of large apolar cavities [43] are consistent with the hypothesis of stable
water clusters that are entropically unfavorable even though they do not interact
strongly with the protein [120, 121].

8.3.4
Identifying Hydration Sites

Robust modeling of protein–ligand association relies on the inclusion of explicit
water molecules. To date, most of the available and practically usable approaches
involve placing a water probe at different positions within the protein structure and
performing force field-based energy calculations or knowledge-based scoring to
determine favorably hydrated locations [139, 150–152]. Although fast and efficient,
such approaches have several drawbacks. They ignore the entropic component of
hydration free energy and do not take into account interactions between neighboring
hydration sites, thus neglecting the stabilizing effect of water–water hydrogen
bond network.

Amore accurate prediction of buried hydration sites can be obtained by employing
grand canonical Monte Carlo (GCMC) methods [153]. The system of interest – for
example, protein inwater– is assumed to exchange solvent particleswith a bulkwater
reservoir that has a fixed chemical potential [154]. Apart from regular MC displace-
ment moves, GCMC attempts to insert a solvent particle at a random position or to
remove randomly selected particle. The acceptance of suchmoves is governed by the
difference between the change in system energy due to particle insertion–deletion
and the assumed chemical potential of bulk reservoir [155]. In principle, this allows
watermolecules to reach all favorable sites in the systemwithout the need to cross the
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steric barriers. Some complications may arise due to additional simulations
necessary for the selection of bulk chemical potential yielding the desired density
of the explicit solvent compartment [156]. To alleviate the considerable computational
cost of the method, largely due to low acceptance rates for random water insertions
and deletions, GCMC variants such as cavity-biased sampling have been
developed [157].

A recently developed approach called just add water molecules (JAWS) effectively
combinesMC sampling with FEP free energy estimation [158]. The sampled volume
is limited to grid points spanning the cavities of interest. It is initially filled with
multiple, so-called �-water molecules. Such �-water behaves as a regular water
molecule for � ¼ 1, but its interactions with the rest of the system can be gradually
switched off as � goes to 0. An additional biasing potential is introduced, which for
� ¼ 1 corresponds to the free energy cost of transferring onewatermolecule from the
bulk to ahypothetical hydration sitewith restricted volumeVI (a sphere of 2.8A

�
radius

is assumed forVI) and vanishes at � ¼ 0. DuringMC simulation, steps in � space are
performed in addition to water translations on the grid and rotations. Grid points
hosting water molecules with particularly high �-values are designated as potential
hydration sites and their occupancy is further evaluated in subsequent MC simu-
lation. Finally, free energy estimate for water transfer to a given hydration site can be
obtained based on the ratio of probabilities for it holding water with high and low �.
The advantage of such method over GCMC is that sampling of extreme �-values is
more efficient as change from � ¼ 0 to � ¼ 1 can happen gradually over several
attempted moves. JAWS method has already been used for several systems giving
promising results [158–160].

Another recently designed approach is based on discrete solvent representation:
water molecules are allowed to occupy the nodes of body-centered cubic (BCC) grid
extending across the investigated solute [161]. Each node can hold a single water
molecule that can adopt 12 unique orientations pointing its hydrogen atoms toward
the nearest grid points. Water molecules are assumed to interact with the solute and
each other using standard force field energy terms. The free energy of each occupied
node is calculated based on the ensemble of all possible orientations of its water
molecule. The solvent distribution in the presence of a solute is obtained in a self-
consistent way, by iteratively removing water fromnodes whose free energy is higher
than an assumed threshold. In addition, upon completion of such procedure, the free
energy of the resulting solvent distribution is also provided.

The model seems to be advantageous over simple approaches based on the
insertion of the solvent probe. It accounts for the interactions between neighboring
hydration sites and to some extent incorporates the influence of water rotational
entropy onhydration. At the same time, it remains computationally efficient owing to
discrete solvent representation. The method was shown to give good results for both
the prediction of protein cavities occupancy and estimation of hydration free energies
for drug-like molecules [161].

A notable success in the modeling of macromolecular hydration was also
reported with the use of a three-dimensional reference interaction site model (3D
RISM) [162, 163]. The high predictive power for localizedwatermolecules holds great
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promise for future applications of integral equation theories to biomolecular systems
(Chapter 9) [164, 165].

8.3.5
Water in Protein–Ligand Docking

Ligand docking used for virtual screening of large compound databases focuses on
fast assessment of binding energy rather than accurate thermodynamics. As may
be expected, significant improvement in docking results upon including
explicit structured water molecules was reported [106, 166, 167]. However, docking
speed-oriented routines and scoring functions rarely account for all complex con-
tributions of buried water thermodynamics. Thus, in some cases, observation of
only moderate or no improvement upon inclusion of explicit water was also
found [168–170].

It is reasonable to expect that each ligand requires its specific hydration pat-
tern [114]. Hence, predictions based on protein apo structure or complex with a
different ligand may be far from optimal in this respect. Having identified the
putative hydration sites, one solution is to distinguish potentially conserved water
molecules from those easily displaceable and leave only the former ones prior to
docking [103, 171, 172]. A common approach to this problem is to introduce a set of
descriptors for interfacial water molecules and, based on crystallographic data for
pairs of free and ligand-bound protein structures, train amathematical model to best
discriminate between conserved and displaceable molecules.

In the program Consolv [103], water descriptors include atomic density and
hydrophobicity of nearby protein environment, number of hydrogen bonds with
the protein, and crystallographic temperature B-factors. The water molecules in
question are then categorized based on the status of their k-nearest neighbors in the
descriptor space populated by the training on 13 nonhomologous proteins, with the
use of genetic algorithm to establish weights fore each descriptor. The program
WaterScore [171], in turn, uses B-factors, accessible surface area, the number of
protein–water contacts, and hydrogen bonds in combination with logistic model.
Another, recently introduced, method relies on HINT force field that gives an
estimate of protein–water interaction strength and RANK algorithm that evaluates
the quality of hydrogen bonds, coupled into nonlinear polynomial regression
model [172]. An advantage of such methods is that, once trained, they provide
instant results without the need for costly simulations. The reported rate of
successful predictions was estimated in the range of 70–90%.

Many docking workflows allow a dynamic tuning of binding site hydration.
Alternative approaches include switching on and off interactions of water molecules
in predefined hydration sites [168, 173], downscaling water steric repulsion so that
the ligand can simultaneously feel water-related interactions and overlap with water
sites [174, 175] or codocking water molecules along with the ligand [176, 177]. In
the GOLD software [168], important water molecules indicated by the user are
considered in all atom representation during docking. They can be automatically
switched on and off, depending on whether their contributions to the considered
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binding mode are favorable enough to compensate for the presumed localization
penalty. In the programAutodock, binding site with explicit watermolecules can be
treated as a separate state in the ensemble of considered protein conforma-
tions [174]. The presence of water molecules is then included in the combined,
average interaction grid, but the effect of their steric repulsion is scaled down. As a
result, the ligand can benefit from the interactions with water, but can also overlap
with its position if other contacts are strong enough. Conceptually similar idea was
used in the FITTED program [175]. The Lennard-Jones potential for interactions
with water molecules is scaled by a switching function that introduces a limited
penalty for partially overlapping ligand atoms, but it favors placements that either
fully displace water or warrant optimal contact distance. The program Slide [176]
uses the Consolv algorithm to predict potentially important water molecules and
then allows their translations in the presence of docked ligand atoms. If steric
clashes cannot be resolved, water molecules are regarded as displaced, and a
penalty is added depending on the number of hydrogen bonds that are lost upon
displacement. A different approach, called particle concept, is adopted in FlexX
program [173]. Water molecules aremodeled as particles that can interact sterically
and through hydrogen bonds with the protein and the ligand. Instead of relying on
crystallographic hydration sites, multiple energetically favorable positions for
particles in the binding site are calculated prior to docking. At each docking run,
particles can be inserted to those positions whenever they provide favorable
interactions they can be accounted for in scoring. In the program GLIDE [177],
explicit water molecules are docked into the binding site for each high-scoring
ligand pose and their presence or absence is used to estimate the effect of ligand
desolvation on binding free energy.
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9
Implicit Solvent Models and Electrostatics
in Molecular Recognition
Tyler Luchko and David A. Case

9.1
Introduction

Electrostatics and solvent interactions are often important determinants of the
strength and specificity of protein–ligand interactions. Popularmethods for studying
them by computer simulation can be classified as �explicit� methods, which treat the
solvent in full atomic detail, and �implicit�methods, whichmodel solvent influences
in a thermally averaged fashion. Explicit solvent methods, by definition, offer a more
detailed description of biomolecular solvation; however, they also require averaging
over the many solvent degrees of freedom, which can be an onerous computational
task, especially for mobile co- and counterions. These extra degrees of freedom
dramatically increase computational requirements and can limit the ability to use
explicit solvent methods to generate converged estimates of thermodynamic and
kinetic observables from a biomolecular simulation.

The sampling issues associated with explicit solvent treatments have driven the
development of implicit solvent approaches. As the name implies, implicit solvent
techniques are derived by preaveraging over the solvent and counterion coordinates.
Three general types ofmodels are in commonuse. Thefirst (discussed inSections 9.2
and 9.3) uses a linear and local continuum dielectricmodel for solvent response and a
mean field charge continuum for the counterion distribution [1, 2], and is the most
widely used approach. A second model, which has many similarities with the first,
uses a lattice of �Langevin dipoles� to model the solvent response to electrostatic
changes [3]. A thirdmodel (Section 9.4) uses integral equation methods to perform the
Boltzmann averaging of solvent and mobile ion distributions [4]; this is an implicit
solvent model, but not a continuum one: in principle, the discrete nature of solvent
and ions is represented in its distributions and thermodynamics.

In this chapter, wewill focus onways to approach such electrostatic interactions for
proteins, and protein–ligand interactions, in water. In the first approach, the solute is
described as a region of low dielectric (where water cannot penetrate) with an
embedded solute whose charge distribution is treated either quantummechanically
or by partial atomic charges in a molecular mechanics fashion. The quantum option
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demands self-consistency between the electronic structure and the reaction potential
arising from the partial orientation of solute dipoles around the solute. Applications
of this idea were pioneered by Tomasi and coworkers [5], which is called the polarized
continuum model (PCM) or self-consistent reaction field (SCRF) model.

The application of continuum model to the entire solvent region (including water
molecules in direct contact with the solute) seems like a severe approximation, but
actually is known to give quite a good account of solvation free energies and pKa

behavior in small, fairly rigid molecules [5–8]. This is undoubtedly due in part to an
empirical parameterization of the boundary between the solvent and the solute, so
that (at least on average) the energetic consequences of even first-shell water
molecules are incorporated into the continuum model. In practice, this dividing
surface is reasonably transferable, and not overly dependent on the detailed chemical
nature of the solute. (The effective boundary varies with temperature in a way that is
not easy to model; for this reason, continuum models are much less successful in
predicting quantities such as solvation enthalpies and entropies.)

A simpler, molecular mechanics, model describes the electrostatic properties of
the solute with a set of fixed partial charges, usually centered on the atoms. The
essential energetic idea, illustrated in Figure 9.1, is to break the process of bringing a
molecule from vacuum to solvent into three hypothetical steps: reduction to zero of
the molecule�s charges in vacuum; solvation of the purely nonpolar molecule; and
restoration of the original partial charges in the solvent environment. The overall
solvation free energy is then

DGsol ¼ DGnp�Wvac þWsol ¼ DGnp þDGpol; ð9:1Þ
where Wvac and Wsol are the work of charging in the vacuum and solvent environ-
ment, respectively, and DGnp is the free energy of solvation of the hypothetical
molecule with all partial charges set to zero. The DGnp term can be estimated as the
solvation energy of a sterically equivalent alkane, or empirical formulas relatingDGnp

∆Gnp ∆Gsol

−Wvac

Wsol

1=

80=

Figure 9.1 Thermodynamic cycle for computing solvation free energies. Filled circles represent
atoms having partial charges, whereas empty circles represent a hypothetical molecule in which the
partial charges have been set to zero.
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to surface area and/or volume can be used [9, 10]. In the next two sections, we
describe methods to compute the electrostatic component, DGpol, by continuum
methods. In Section 9.4, we discuss computing DGsol using integral equation
methods.

9.2
Poisson–Boltzmann Methods

The Poisson–Boltzmann (PB) equation is derived from a continuum model of the
solvent and aqueous counterionmedium around the biomolecules of interest [1, 11].
We begin with Poisson�s equation [12]

�r � eðxÞrwðxÞ ¼ 4prðxÞ; ð9:2Þ
which describes the electrostatic potential wðxÞ in an inhomogeneous dielectric
medium of relative permittivity eðxÞ due to a charge distribution rðxÞ. For a system
with mobile aqueous counterions, the charge distribution includes not only the
�fixed� biomolecular charges, rf , usually modeled as point charges centered on the
atoms, but also a term that describes themeanfield distribution ofm different species
of mobile ions:

rmðxÞ ¼
Xm
j¼1

�njqjexp½�qjwðxÞ=kT�VjðxÞ=kT �; ð9:3Þ

where �n is the bulk concentration of some type of ion, q is its charge, andV is the steric
interaction between the biomolecule and ion, which prevents overlap between the
biomolecular and mobile counterion charge distributions.

Substitution of these two charge densities into thePoisson equation gives the �full�
or nonlinear PB equation:

�r � eðxÞrwðxÞ�4p
Xm
j¼1

�njqjexp½�qjwðxÞ=kT�VjðxÞ=kT � ¼ 4prf ðxÞ: ð9:4Þ

This equation can be simplified somewhat for a 1: 1 electrolyte, such as NaCl, where
q1 ¼ 1 and q2 ¼ �1. Assuming the steric interactions with the biomolecule are the
same for all ion species (V1 ¼ V2 ¼ V), Eq. (9.4) reduces to

�r � eðxÞrwðxÞþ 8p�n e�V=kT sinh½wðxÞ=kT � ¼ 4prf ðxÞ: ð9:5Þ

For many systems, where the mean field linear dielectric approximations implicit
in the PB equation are valid, the nonlinear PB equation can be reduced to a linear
equation by assuming wðxÞ � 1. In this case, the exponential functions can be
truncated at first order in the Taylor series. By also assuming all steric factors are the
same Vj ¼ V , this linearization yields the linearized PB equation:

�r � eðxÞrwðxÞþ �k2ðxÞwðxÞ ¼ 4prf ðxÞ; ð9:6Þ

9.2 Poisson–Boltzmann Methods j173



where �k2ðxÞ is proportional to the bulk ionic strength and the steric exclusion term is
exp½�VðxÞ� [2]. The dielectric function eðxÞ is related to the shape of the biomolecule,
assuming lower values of 2–20 in the biomolecular interior and higher values
proportional to bulk solvent outside the biomolecule. The ion accessibility parameter
�k2ðxÞ usually varies from a value proportional to the bulk ionic strength outside the
biomolecule to a value of zero at positions �inside� the biomolecule.

Some of the primary uses of the PB equations are the calculation of electrostatic
energies and forces for use in biomolecular simulations. In the course of its
derivation, the PB equation directly defines a free energy functional [13–15]. For
the nonlinear PB equation in Eq. (9.5), this function is

G w½ � ¼
ð
V

rf w�
e

8p
ðrwÞ2�2kT�n e�V=kT cosh

w

kT

� �
�1

� �� �
dx: ð9:7Þ

This functional involves several physically intuitive terms, including (in order, inside
the integral) the charge–potential interaction energy, the dielectric polarization
energy, and the energy required to assemble the counterion distribution. Like the
nonlinear PB equation, this can be linearized for smallwðxÞ to give the linearized PB
equation for free energy:

G w½ � ¼
ð
V

rf w�
e

8p
ðrwÞ2� �k2

2
w2

� �
dx: ð9:8Þ

This expression can be further simplified through integration by parts and substi-
tution of the original PB equation (9.6) to give the much simpler equation

G w½ � ¼ 1
2

ð
V

rfw dx: ð9:9Þ

Asmentioned above, it is important to note that both the nonlinear and linearized
PB equations are approximate theories that should not be applied blindly to
biomolecular systems – particularly those with high charge densities. The PB
equation neglects counterion correlations and fluctuations that become important
at high ion concentrations and valencies. Furthermore, the Poisson equation is based
on the assumption of linear and local polarization of the solvent with respect to an
applied field. This assumption can break down under high fields or in highly ordered
systems of water. In short, the PB equation (and other implicit solvent models
described in this chapter) works best for describing the electrostatic properties of
biomolecules with low linear charge density in solutions of monovalent ions at low
concentration.

The PB equations can be solved numerically by a variety ofmethods [2]. The details
are beyond the scope of this chapter, but the time requirements (typically on the order
of seconds for each protein or ligand configuration), and the difficulty of obtaining
accurate gradients with respect to nuclear coordinates,make thismodel poorly suited
for molecular dynamics simulations. It is, however, widely used for the sort of
�snapshot� analysis of protein–ligand interactions described in Section 9.5.1.
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9.3
The Generalized Born Model

The computational burden associated with numerical solutions to the PB equations
has spurred a search for approximate but faster methods, and the generalized Born
(GB) model has received much attention. The underlying physical picture on which
the generalized Born approximation is based is the same as for the Poisson–
Boltzmann calculations discussed above. In the case of simple spherical ion of
radius a and charge q, the potentials can be found analytically and the result is the
well-known Born formula [16]:

DGpol ¼ � q2

2a
1� 1

esol

� �
: ð9:10Þ

If we imagine a �molecule� consisting of charges q1; . . . ; qN embedded in spheres of
radii a1; . . . ; aN , and if the separation rij between any two spheres is sufficiently large
in comparison to the radii, then the solvation free energy can be given by a sum of
individual Born terms and pairwise Coulombic terms:

DGpol ’
XN
i

� q2i
2ai

1� 1
esol

� �
þ 1

2

XN
i

XN
j„i

qiqj
rij

1
esol

�1

� �
; ð9:11Þ

where the factor ð1=esol�1Þ appears in the pairwise terms because the Coulombic
interactions are reduced by the dielectric constant of the solvent.

The project of generalized Born theory can be thought of as an effort to find a
relatively simple analytical formula, resembling Eq. (9.11), which for real molec-
ular geometries will capture as much as possible the physics of the Poisson
equation. Note that in calculations ofDGpol based on direct solution of the Poisson
equation, the effect of the dielectric constant is not generally restricted to the form
of a prefactor, ð1=esol�1Þ, nor is it a general result that interior dielectric constant,
ein, has no effect. With these caveats in mind, we seek a function fGB to be used
as follows:

DGpol ’ 1� 1
esol

� �
1
2

X
ij

qiqj
f GB
ij

: ð9:12Þ

Here the self (i ¼ j) f GB terms can be thought of as �effective Born radii,� while in
the off-diagonal terms, it becomes an effective interaction distance. The most
common form chosen [17] is

f GBij ðrijÞ ¼ ½r2ij þRiRj expð�r2ij=4RiRjÞ�1=2; ð9:13Þ

in whichRi are the effective Born radii of the atoms, which generally depend not only
on ai, the radius of atom i, but also on the radii and relative positions of all other
atoms. By adopting a Coulomb field approximation, an expression for the effective
radius can be reduced to three-dimensional volume integral over the region inside
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the biomolecule, excluding a radius ai around the origin [18]:

R�1
i ¼ a�1

i � 1
4p

ð
in;r>ai

1
r4
dx: ð9:14Þ

Note that in the case of a monatomic ion, where the molecular boundary is simply
the sphere of radius ai, this equation becomes Ri ¼ ai and the Born formula is
recovered exactly.

The integrals in Eq. (9.14) can be calculated numerically by a variety of quadrature
schemes [17, 19, 20], which have the usual trade-offs between accuracy and compu-
tational efficiency. One widely used approximation is the pairwise descreening
approximation [19], which converts the integral into a sum over pairs of atoms and
scales the atomic van der Waals radii a by factors S to account for overlaps. The
expression for the generalized Born radii takes the form

R�1
i ¼ a�1

i �
X
j

Hðrij; SjajÞ; ð9:15Þ

whereH is a rather complex expression, but one that is easy to calculate by computer,
and is differentiable. Several �flavors� ofGBmodels exist that depend ondetails of the
integration scheme and the ways in which the boundary between high- and low-
dielectric regions is defined [21].

Several studies [20, 22] have analyzed deviations from the Coulomb field approx-
imation for the case of charges at arbitrary positions within a spherical dielectric
boundary, a case for which analytical solutions of the Poisson equation are avail-
able [23]. TheCoulombfield approximation leads to significant overestimationof self-
energies and underestimation of the screening of charge–charge interactions. It is
not yet clear to what extent these limitations in the generalized Born approachmight
be ameliorated by clever parameterization, or by explicit attempts to go beyond the
Coulomb field approximation [24, 25].

9.4
Reference Interaction Site Model of Molecular Solvation

In contrast to PB and GB methods, the 3D reference interaction site model
(3D-RISM) is a statistical mechanics method that calculates the equilibrium distri-
bution of a complex solvent around biomolecules [26, 27]. These solvent distributions
provide microscopic detail of the solvent environment (see Figure 9.2 for an
example) and allow the calculation of equilibrium thermodynamic properties of
an input explicit solvent model. The 3D-RISM approach requires little or no
parameterization beyond that already done for the explicit models used as input.
However, compared to PB and GB calculations, 3D-RISM requires considerably
more computational resources [28, 29]. 3D-RISM calculations can be performed on
their own or coupled with other techniques such as quantum chemistry [30–33],
molecular dynamics [28, 34], trajectory analysis [29, 35], or thermodynamic
integration [36].
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The3D-RISMequation relates the total correlation function (TCF),h, of abulk solvent,
V, distributed about an arbitrary shaped solute, U, at infinite dilution in terms of the
direct correlation function (DCF), c, and the solvent site–site susceptibility, xVV:

hUVc ðrÞ ¼
X
a

ð
cUVa ðr�r0ÞxVVac ðr 0Þdr0; ð9:16Þ

wherea and c denote solvent sites and r is the position in 3D space, usually represented
onagrid.TheTCFis theequilibriumdistributionof solvent sitec about theentiresolute,
regardless of the number of solute sites: there is one distribution function for each
solvent site and orientational averaging is done over the solvent degrees of freedomonly.

In practice, the bulk site–site susceptibility of the solvent is first calculated using
dielectrically consistent 1D-RISM [37, 38] and has the form

xVVac ðrÞ ¼ vVV
ac ðrÞþrVah

VV
ac ðrÞ; ð9:17Þ

where hVV is the solvent site–site TCF, rV is the bulk solvent density, and, in
reciprocal space, the intramolecular correlation function is

v̂acðkÞ ¼ sinðklacÞ
klac

; ð9:18Þ

with the solventmolecular geometry accounted for through the intramolecular distance,
l. The output of the 1D-RISM calculation can then be used for any number of 3D-RISM
calculations so long as the required bulk properties of the solvent are the same.

Equation (9.16) and its 1D-RISM counterpart contain two unknown functions
and require a second, closure, relation to obtain a self-consistent solution. Dropping the

Figure 9.2 Cross section of water oxygen
(a) and hydrogen (b) pair distribution functions,
gðrÞ, around methanol as computed by 3D-
RISM. Isosurfaces at integer values of gðrÞ
are indicated with solid white lines. Relative
density varies from zero (black) to 4.5 times

the bulk density (white). Solvation shells
are labeled � þ � for enhanced density
and �� � for density depletion. The surface
of the methanol molecule, where
uLJðrÞ ¼ 0, is indicated by the dashed
white line.
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UV superscript for convenience, the general 3D closure equation has the form

gaðrÞ ¼ haðrÞþ 1

¼ expð�buaðrÞþ haðrÞ�caðrÞþ baðrÞÞ
¼ expðt*aðrÞþ baðrÞÞ;

ð9:19Þ

where gaðrÞ ¼ raðrÞra is the pair distribution function (in 1D, the radial distribution
function), b is the bridge functional, t� is the renormalized indirect correlation function,
and b ¼ 1=kT , where k is the Boltzmann constant and T is the temperature. The
nonbonded pair potential makes direct uses of all-atom force fields for both solute and
solvent, and has the form

ua ¼
X
i

uia ¼
X
i

qiqa
jr�Rij þ eia

rmin
ia

jr�Rij
� �12

�2
rmin
ia

jr�Rij
� �6 !

; ð9:20Þ

where i is the solute site, q is the site partial charge,R is the solute site position, and e and
rmin are the Lennard-Jones parameters combined with the standard Lorentz–Berthelot
mixing rules. Analytic expressions for the bridge functional in the form of density
expansionof functionals are known [39, 40]; however, even thefirst few termsof these are
infeasible to compute and approximations to the bridge functional typically are simple
functions rather than functionals. The simplest and one of themost useful for polar and
ionic solutions is the hypernetted chain equation (HNC) [41], where

gHNC
a ðrÞ ¼ expðt*aðrÞÞ: ð9:21Þ

HNC has the property of very strong correlations in regions of density enhancement,
making it difficult to converge solutions to the RISM equations. The Kovalenko–Hirata
(KH) closure overcomes this by linearizing the problematic regions [42]

gKHa ðrÞ ¼ expðt*aðrÞÞ , t*aðrÞ � 0;

1þ t*ar , t*aðrÞ > 0:

�
ð9:22Þ

The KH closure has recently been generalized as the partial series expansion of order n
(PSE-n), providing intermediate approximations to HNC [43].

These closures have the important property of path independence, ensuring an
exact expression for the excess chemical potential, which is equivalent to the solvation
free energy for the case of a single solute at infinite dilution. ForKH, this has the form

DGKH ¼ DmKH ¼ 1
b

X
a

ð
h2aðrÞ
2

Hð�haðrÞÞ�caðrÞ� haðrÞcaðrÞ
2

; ð9:23Þ

whereH is theHeaviside function,which is omitted in theHNCexpression [44]. Path
independence also provides an exact expression for themean solvation force on each
particle:

f UV Rið Þ ¼ � @Dm

@Ri
¼
X
a

ra

ð
gaðrÞ @uiaðr�RiÞ

@Ri
dr;

necessary for minimization and molecular dynamics calculations [28].
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Solvent distributions from 3D-RISM naturally account for solvent structure such
as hydrogen bonding, long-range order, and orientation, as is illustrated in Figure 9.2
for methanol immersed in modified SPC/E water [28, 45]. Hydrogen bonding is
clearly demonstrated by the increased water hydrogen density around the methanol
oxygen and a density increase in the first solvation shell of water oxygen near this.
Similarly, water oxygen accumulates near methanol�s polar hydrogen and excludes
water hydrogen from this region. Though the nonspherical shape of themethyl does
cause some nonuniform accumulation of water oxygen, no ordering due to hydrogen
bonding is observed. Long-range structure is apparent in solvation shells that extend
into the bulk as alternating rings of density enhancement and depletion; the
amplitudes of these diminish quickly with distance. Note that the short-range solvent
structure causes the density oscillations of the oxygen and hydrogen to be slightly out
of phase.

3D-RISM calculations are not limited to water but are capable of handling
complex mixtures of solvents, including ions [27, 46] and other small molecules [47].
Of course, as the solvent molecules become more complex, the RISM
approximation will break down. Restricting attention, as we do here, to solvents
containing just water and monatomic ions minimizes the errors inherent in the
RISM approximations.

9.5
Applications

Implicit solvent models have been widely used to study protein–ligand interactions,
and we have space here for only a few examples. It should be noted that explicit
solvent simulations are still considered to be the most physically correct computa-
tional approach, and in practice generally seem to provide results in better accord
with experiment. It is the complexity and computational expense of explicit solvent
models that have primarily driven development of the alternatives discussed here. It
is worth noting, however, that computational efficiency, although an important
consideration, is not the only or even the primary reason for an interest in implicit
solvent models. Here are some additional considerations that make many investi-
gators willing to put up with the inevitable loss of physical realism that arises from
replacing explicit solvent with a continuum:

1) There is no need for the lengthy equilibration of water and ions that is typically
necessary in explicit water simulations; implicit solvent models correspond to
instantaneous solvent dielectric response. This is important for applications such
as constant pH simulations [48].

2) Continuum simulations generally give improved sampling, due to the absence of
viscosity associated with the explicit water environment; hence, the macromol-
ecule can more quickly explore the available conformational space.

3) There are no artifacts of periodic boundary conditions; the continuum model
corresponds to solvation in an infinite volume of solvent.
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4) New (and simpler) ways to estimate free energies become feasible; since solvent
degrees of freedom are taken into account implicitly, estimating free energies of
solvated structures is much more straightforward than with explicit water
models [49, 50]. It is these alternative free energy estimates that we consider next.

9.5.1
The �MM-PBSA� Model

Conventional free energy calculations based on MD simulations rely on a coupling
parameter (l) that can smoothly transform oneHamiltonianmodel into another. For
example, if VðlÞ is the potential energy, the free energy change on transforming l

from 0 to 1 can be written in a �thermodynamic integration� form:

DG ¼
ð1
0

@V
@l

� �
l

dl; ð9:24Þ

where the angle brackets indicate a Boltzmann average (generally carried out by
Monte Carlo or molecular dynamics simulations) usingVðlÞ as the potential energy.
This is a rigorous approach, given sufficient sampling, and can be used with either
explicit or implicit solvent methods. However, it does require the construction and
sampling of a pathway along intermediate values of l, which may be difficult to
obtain.

An alternative approach can be constructed with implicit solvent models, which
uses only calculations of the physical endpoints of the free energy transformation. In
this model [49], the free energy of a state is modeled as

G ’ V þDGsolh i�TSconfig: ð9:25Þ
The angle brackets signify averages that use solute configurations sampled as
�snapshots� from a molecular dynamics simulation using explicit solvent. For each
solute configuration, the potential energy V is estimated using the same molecular
mechanics potential that was used to perform the simulation, but all solvent
molecules are ignored, and no cutoffs are used in evaluating the nonbonded
interactions. Free energies of solvation (DGsol) are then reintroduced, using the
implicit solvent models outlined above. (There are also kinetic energy terms that
contribute to the enthalpy, and hence free energy, of a given state; in classical
statistical mechanics, such terms will always cancel in any balanced chemical
reaction, and hence they are not included in Eq. (9.25). Enthalpy contributions
arising from changes in partial molar volumes are also assumed to be negligible.)
Since DGsol includes entropic contributions arising from the solvent degrees of
freedom, the only explicit entropy contribution required is Sconfig, the
�configurational� entropy of the solute. This can be rather troublesome to estimate,
especially if the solute hasmany soft orfloppy degrees of freedom, or if there are large
changes in this term on going from the initial to the final configuration. The most
popular approximation uses a harmonic or quasi-harmonicmodel for which entropy
can be analytically computed from the vibrational frequencies. It is worth empha-
sizing that such an approximation is not appropriate for systems with multiple local
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energy minima, and that in practice, the need to estimate configurational entropies
can be a major stumbling block to this approach to free energies.

As an �endpoint�method, then, the free energy of ligand binding, for example, can
be constructed from Eq. (9.25):

DGbinding ¼ Gcomplex�ðGreceptor þGligandÞ: ð9:26Þ
Here, three explicit MD simulations would be required, for the complex, free
receptor, and free ligand, and snapshots from each would be used to construct the
averages needed in Eq. (9.25). Thismethodwas first explicitly used to study the �A� to
�B� helix transition in DNA [49], and was termed the �MM-PBSA� model to indicate
the combination ofmolecularmechanics energies and the particular implicit solvent
model (Poisson–Boltzmann electrostatics plusmolecular surface area forDGnp) used
at the time [50]. This early name for calculations that embody Eq. (9.25) is still in wide
use, even though other implicit solvent methods besides PBSA can be employed.

In addition to the use of alternative implicit solventmodels, there are other variants
of the MM-PBSA model that have been employed. First, it is not necessary that the
method of generating solute snapshots be based on an explicit solvent simulation.
The calculations would be simpler, andmore internally self-consistent, if the implicit
solvent model used to estimate DGsol were also used to generate the snapshots
themselves. Since MD simulations using generalized Born models can be very
efficient, many �MM-GBSA� calculations (such as those described in Section 9.5.2)
have been carried out. Second, some noise in the energy estimates can be eliminated
by extracting the snapshots needed in Eq. (9.26) from a single simulation of
the complex. This �single-trajectory� approximation ignores energy of relaxation
of the receptor and ligandwhen the complex dissociates. In return for this unphysical
assumption, one typically has less variation in energy from one snapshot to the next,
and hence a simpler statistical challenge in estimating the averages [51].

Asmentioned, theMM-PBSAmodelwasfirst used in this explicit form to study the
A to B helix transition in DNA and RNA [49]. This is a unimolecular conformational
transition, and the estimated change in configuration entropy is quite small, as are
the estimated changes in DGnp; these features, which are not present in most
protein–ligand interactions, may have contributed to the initial good results. Since
the method could be used to analyze existing simulations, it was quickly applied to a
variety of problems [50], with somewhat varying levels of success. Its simplicity and
wide range of possible applications have led to a large number of applications (Google
Scholar lists over 1500 papers for the keyword �MM-PBSA�), and other reviewsmust
be consulted to obtain even a general overview [52–58]. In addition to inadequacies in
force fields, system setup, and sampling (which will limit the accuracy of any
computational study), two aspects that are unique to the MM-PBSA model have
proved troublesome in actual applications. First, the need to estimate changes in
configurational entropy can represent a real challenge [59–61]: arguably, if one could
identify or sample all of the conformational states (and their populations) needed to
estimate configurational entropies, one could also estimate free energy changes by
more direct methods. In practice, many studies have used methods that are easy to
apply in general (such as harmonic or quasi-harmonicmodels [62]) but that do a poor
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job with floppy degrees of freedom that may dominate entropy changes. Second,
the use of the simple �surface area� model for nonpolar solvation has serious
limitations that contribute to errors in estimates of an important component of
many protein–ligand interactions [63, 64].

9.5.2
Rescoring Docking Poses

Molecular docking computationally screens thousands to millions of organic mole-
cules against protein structures, looking for those with complementary fits. Many
approximations are made, often resulting in low �hit rates.� A strategy to overcome
these approximations is to rescore top-ranked docked molecules using a better but
slower method. One such is afforded by MM-GBSA techniques, which better model
solvation and electrostatic interactions and conformational change than do most
docking programs [56, 65, 66]. In one recent example [65], we re-ranked docking hit
lists in three small, buried sites: a hydrophobic cavity that binds apolar ligands, a
slightly polar cavity that binds aryl and hydrogen bonding ligands, and an anionic
cavity that binds cationic ligands. These sites are simple; consequently, incorrect
predictions can be attributed to particular errors in the method and, since the
molecules they bind are small, many likely ligands may actually be tested. Further-
more, the sites lend themselves to detailed analyses by affinity measurements and
crystallography. The MM-GBSA techniques better distinguished the known ligands
for each cavity from the known decoys, compared to docking calculations alone. This
encouraged experimental tests of 33 ligands that ranked poorly by docking but that
ranked well when rescored by MM-GBSA. Of these, 23 were observed to bind, and
X-ray crystal structures often showed that the geometry prediction by MM-GBSA
closely resembled the crystallographic result; but in several cases, the rescored
geometry failed to capture large conformational changes in the protein. The
strengths and weaknesses of this sort of approach are under active investigation
in many places.

9.5.3
MM/3D-RISM

In MM/3D-RISM [29, 35, 67], 3D-RISM (typically with the KH closure) is used as a
drop-in replacement for PBSA and GBSA solvation models. As already noted, 3D-
RISM calculates the total solvation free energy as given in Eq. (9.1), while PB and GB
calculate onlyDGpol with the remaining terms calculated via a surface area or related
model. Though using a single calculation to obtainDGsol is convenient, decomposing
the solvation free energy into various contributions can be useful for validating
models or providing valuable insight into the role of solvation in ligand binding.

In one recent example, DGpol values of four conformers of deca-alanine were
calculated by 3D-RISM-KH, the Poisson equation (PE), and several flavors of
generalized Born theory (HCT [19, 68], OBC2 [69, 70], and neck [71]) and compared
to explicit solvent thermodynamic integration to assess the relative qualities of the
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methods [28, 72]. As the explicit solvent model (TIP3P [73]) was used as the
benchmark, the solute trajectories from thermodynamic integration were analyzed
by the various implicit solvation methods. 3D-RISM-KH gave results closest to
TIP3P,with an absolute difference<3% for each conformer. This compareswellwith
differences up to 8% for PE and 6% for the best GB method. Similarly, root mean
squared deviations of differences between conformers (DDGpol) were 0.99 kcal/mol
for 3D-RISM-KH, 1.39 kcal/mol for PE, and 2.51 kcal/mol for GBneck, the best GB
method. While this approach does demonstrate that the 3D-RISM-KH can reason-
ably reproduce DGpol for an explicit solvent model, it does not compare DGnp nor
does it compare against experiment.

Comparison with experiment has been made for avidin–biotin binding using
3D-RISM-KH, two implementations of PBSA (Delphi and Amber [74]), and four
flavors of GBSA (HCT, OBC1 [69, 70], OBC2, and neck) [29]. For 3D-RISM-KH, two
alternate expressions were used for the solvation free energy, Eq. (9.23) and the
Gaussian fluctuation (GF) approximation [75]:

DGGF ¼ 1
b

X
a

ð
�caðrÞ� 1

2
haðrÞcaðrÞ;

though the same solvent distributions are used in both cases. The absolute binding
affinities of seven biotin analogs (three charged and four neutral) were calculated
with the various methods and compared against known experimental results using
the mean absolute difference (MAD), translated MAD (trMAD), correlation coeffi-
cient, and predictive index as metrics (see Table 9.1). While 3D-RISM-KH did
relatively well in these various metrics, a significant qualitative difference was
observed when the binding energy was decomposed into polar and nonpolar
contributions (see Figure 9.3). Consistent with the deca-alanine results, DGpol

generally correlated well between 3D-RISM-KH(-GF) and the other methods,
0.80–0.99, though higher correlations were achieved for the neutral ligands. Notably,
3D-RISM-KH gave DGnp approximately 60 kJ/mol higher than the SASA method
used for PBSA and GBSA results. Further, 3D-RISM-KH results were negatively

Table 9.1 Metrics comparing solvation methods for the binding of biotin analogs with avidin to
experiment [29]: MAD, trMAD, correlation coefficient (r2), and the predictive index.

MAD trMAD r2 Predictive index

DGbinding (3D-RISM-KH-GF) 70:7� 1:0 16:3� 1:0 0:80� 0:02 0:87� 0:02
DGbinding (3D-RISM-KH) 36:8� 1:0 17:4� 1:1 0:90� 0:02 0:99� 0:02
DGbinding (PB

Amber) 48:2� 1:0 36:4� 1:0 0:91� 0:01 1:00� 0:01
DGbinding (PB

Delphi) 16:3� 1:0 9:7� 1:0 0:93� 0:02 0:99� 0:00
DGbinding (GB

HCT) 42:1� 0:8 14:6� 0:9 0:59� 0:03 0:85� 0:06
DGbinding (GB

OBC1) 40:5� 0:9 12:3� 0:9 0:69� 0:03 0:85� 0:03
DGbinding (GB

OBC2) 86:8� 1:0 30:4� 0:6 0:85� 0:01 1:00� 0:00
DGbinding (GB

neck) 93:3� 1:1 43:3� 1:1 0:89� 0:01 0:99� 0:03

a) MAD and trMAD are reported in kJ/mol.
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correlated to SASA, were of opposite sign, and had much larger variance. Generally,
DGnp was larger for the neutral ligands, consequently overestimating the difference
between charged and neutral ligands. Shortcomings in the nonpolar contribution
were expected due to the known issues of theHNCandKH closures with noble gases
and other hydrophobic solutes [76–79], and possible fixes have been explored [80].
The GF approximation has been used for small molecules to compensate for this
behavior with good results [47, 81, 82]; however, in this study the problem was
exacerbated. Of course, in addition to the solvent model, several other details of the
calculation affect the comparison to experiment, including the protein and ligand
force fields and the explicit solvent model that 3D-RISM used as input.

It is also possible to decompose the solvation free energy into energetic and
entropic contributions [35, 83–85]:

DGsol ¼ DEsol�TDSsol

¼ DEUV þDEVV�TDSsol;
ð9:27Þ

where DEUV is the solute–solvent interaction energy, DEVV is the change in solvent
self-energy due to the introduction of the solute, andDSsol is the change in entropy. In
practice, the entropy is calculated by a finite difference in temperature [86]:

DSsol ¼ � @DGsolv

@T

� �
rV

� �DGðT þDTÞ�DGðT�DTÞ
2DT

;

requiring three 3D-RISM calculations.
For example, energetic/entropic decomposition was used to understand the

thermodynamics of Ab17�42 aggregating into amyloid fibrils, the formation of which
is linked to several neurodegenerative diseases [35]. Metastable conformations of
wild type and the Dutch mutant, E22Q, Ab17�42 were studied at pH 4 and 7 using

Figure 9.3 Total (a) and solvent nonpolar components (b) of binding free energy of biotin analogs
with avidin. Reprinted with permission from Ref. [29]. Copyright 2010 American Chemical Society.
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MM/3D-RISM. In agreement with some experiments, only the dimeric form of the
wild type at pH 4 was thermodynamically stable. Through decomposing the total
solvation free energy into the various components of Eqs. (9.1,9.26) and (9.27), it was
observed that the solute–solvent and solute–solute electrostatic interactions strongly
favored the free forms of the peptide. These repulsive interactions overcame the
largest contributions to oligomer stability, van der Waals interactions between the
peptides, and the solvent entropy.

It is also worth noting that decomposition techniques can be applied successively.
Imai et al. combined both energy/entropy and polar/nonpolar decomposition in a
thermodynamic study of protein solvation [85]. The solvation free energy was com-
puted for the experimental structures of eight proteins, ranging in size from 27 to 245
residues. Of the three terms in Eq. (9.27), onlyDEUV was found to contribute favorably
to protein solvation and this was overwhelmingly due to solvent polarization (85–95%).
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10
Ligand and Receptor Conformational Energies
Themis Lazaridis

The binding free energy is typically decomposed into distinct components: direct
interactions, desolvation, ligand reorganization energy, protein reorganization ener-
gy, ligand conformational entropy, protein conformational entropy (global or local,
side chain entropy), and ligand translational/rotational entropy loss [1–3]. This
chapter focuses on the ligand and receptor conformational energy changes upon
binding, that is, the energetic cost of ligand and receptor adaptation that happens so
as to optimize the interactions between them. These components are variably
referred to in the literature as �strain energy,� �reorganization energy,� �deformation
energy,� �conformational energy penalty,� or �inducedfit energy.�Wewillfirst review
theway that receptor and ligand conformational energies are accounted for in various
theoretical approaches for calculating binding affinity. Then, computational results
for these components will be surveyed.

The discussion below focuses on calculations of absolute binding free
energies. Calculations of relative free energies, that is, free energy differences upon
a small change in the ligand or the protein, usually done with rigorous free energy
methods (free energy perturbation or thermodynamic integration), do not typically
decompose the free energy into contributions and do not consider explicitly changes
in ligand and receptor conformational energy. These are of course included in the
calculated free energy values if both the ligand and the receptor are allowed full
flexibility.

10.1
The Treatment of Ligand and Receptor Conformational Energy in Various Theoretical
Formulations of Binding

Different theoretical formulations are available for treating binding and calculating
absolute binding free energies.Not all of themcalculate explicitly the contributions of
ligand and receptor conformational adaptation to binding free energy. Below we
review approaches to compute the absolute binding free energy with emphasis on
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how the ligand and receptor conformational energies are treated. This list is by no
means comprehensive.

The methods are presented roughly in order of decreasing rigor.

10.1.1
Double Decoupling Free Energy Calculations

Thismethod is an extension of the double annihilationmethod [4]. It originates in the
works of Roux et al. [5], Hermans and Wang [6], and Gilson et al. [7], who combined
restrained free energy simulations with analytical results that incorporate the choice
of standard state, thus obtaining absolute binding free energies. A similar method-
ology was applied to the binding of camphor to cyt P450 [8], and of biotin to
streptavidin [9]. Further work on this method was done by Boresch et al. [10], Roux
and coworkers [11, 12], and Mobley and Dill [13, 14].

This method provides free energies that include the contribution of protein
and ligand reorganization, although they do not provide separate estimates for
them. Recently, Ge and Roux [12] formulated the double decoupling method in a
way that separates the binding free energy into four terms: one arising from the
ligand–receptor nonbonded interactions, two from the ligand translational and
rotational entropy, and one for the ligand conformational free energy (including
both energetic and entropic effects). Until now, it has been mostly applied to
small ligands without much internal structure. It will be interesting to extend to
flexible ligands.

As an alternative to double decoupling, a method based on integration of the PMF
has been proposed [15]. Its treatment of ligand and protein reorganization is similar
to the double decoupling scheme.

10.1.2
MM-PB(GB)SA

In this method, propounded by Kollman et al. [16], an explicit solvent
simulation is used to sample the conformational space of a complex and, if so
desired, the free receptor and ligand. The Poisson–Boltzmann equation and a
surface area model are then used to estimate the electrostatic and nonpolar free
energy, respectively, of each frame in the trajectory. The entropic terms are
calculated using a harmonic or quasi-harmonic approximation. This method has
been applied to calculate relative stabilities of nucleic acid helices [17], absolute
binding free energies of a p53 peptide and its alanine mutants to oncoprotein
Mdm2 [18], human growth hormone to its receptor [19], RNA–protein binding [20],
various ligands to avidin and streptavidin [21], hapten–antibody interaction [22], and
many others. A similar approach has been used to evaluate candidate protein
folds [23–26].

For more computational efficiency, the PB model can be replaced by analytical
implicit solvation models. The most popular of these is the generalized Born
model [27–29] for the electrostatic free energy supplemented by a surface area term
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for the nonpolar contributions (GB/SA). Other implicit solvationmodels can be used
as well, for example, the 3D-RISMmodel [30]. MM-GBSA has been applied to a wide
range of problems [31, 32]. In the latter study, it was found that the GB/SA
model gives smaller desolvation penalties compared to PB calculations and cannot
reproduce well the experimental binding affinity trends.

In MM-PB(GB)SA, two approaches are available: �single trajectory� and �three
trajectories.� In the single-trajectory approach [21], only a simulation of the complex
is run. The energetics of the unbound receptor and ligand are obtained from this
trajectory omitting one of the two components. This means that any conformational
adaptation is neglected [33]. In the �three-trajectory� approach, separate simulations
are run for the complex and the unbound partners. Of course, the latter approach is
more physically correct but also more costly and less precise. In this way, adaptation
energies are included in the estimated binding free energy, although they usually are
not separated from the total free energy [34]. The results from the two approaches
often differ substantially [35].

Earlier work with continuum electrostatics calculations was done on single
configurations, either the crystal or energy-minimized structures. These are essen-
tially MM/PBSA calculations without MD averaging. In the work of Froloff et al. [36],
the translational/rotational entropy and the protein reorganization upon binding
were neglected, and, as expected, the calculated binding free energies were more
negative than the experimental values. The same methodology was applied to
trypsin–inhibitor complexes [37]. A number of other studies used single structures
and the GBSA model [38–41]. The reorganization energies were either calculated
from the known structures of complexed and uncomplexed DNA [38] or obtained as
thedifference between the calculated contributions and the experimental affinity [39].
The possibility of using single structures has been recently revisited and it was found
that the use of a single structure does not impair the correlation with experimental
binding free energy [42].

10.1.3
Mining Minima

A rigorous method to compute binding affinities was proposed by Gilson and
coworkers [43]. They sampled conformational space using implicit solvation, typi-
cally GB/SA, to locate local energyminima and then calculated approximations to the
configurational integrals. Doing this for the free and bound states of the ligand allows
an estimate of the binding free energy [44]. Ligand reorganization (both energetic and
entropic effects) is naturally accounted for in this way. Separation of the various
contributions (translational/rotational entropy, conformational entropy, ligand
enthalpy) is possible. The method has been applied to adenine binding to small,
synthetic receptors [31] and to cyclic ureas binding to HIV-1 protease [32]. Purisima
and coworkers had earlier used a similar approach to compute relative binding free
energies of different thrombin inhibitors [45]. A second generation of the algo-
rithm [46] has been applied to fully flexible host–guest systems [47], and small
molecules to cyclodextrins [48]. In most of these calculations, the receptor is kept
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rigid, and thus receptor reorganization energy is neglected. In others, however, the
receptor is flexible and reorganization energy is included in the final result, although
usually not reported separately [47, 49, 50].

10.1.4
Free Energy Functional Approach

An alternative approach that leads to a detailed decomposition of the binding free
energy into well-defined and physically meaningful contributions is based on a
formalism [51] where the free energy of a system with two macromolecules and
solvent is written as

A ¼ A� þ kT ln
L3M

V8p2

� �
þ Ð

pðRÞd R
Ð
pðqA; qBjRÞWðqA; qB;RÞd qA d qB

þ kT
Ð
pðRÞln pðRÞdRþ kT

Ð
pðRÞd R

Ð
pðqA; qBjRÞln pðqA; qBjRÞd qA d qB;

ð10:1Þ

where the p(.) are probability distributions. The first term is the free energy of pure
solvent and the second term the ideal contribution from translational motion. These
terms are constant and make no contribution to the binding free energy. The third
term is the average effective energy (sum of vacuum energy plus solvation free
energy), the fourth term the relative translational/rotational entropy, and the last term
the conformational entropy. The above equation is exact. However, the separation of
the translational/rotational entropy from the conformational entropy in not unique
because it depends on the choice of R [7].

In general, entropic terms can be further broken down if we assume that
certain degrees of freedom are independent (uncoupled) of each other. For example,
if we can assume that the translational and rotational degrees of freedom are
decoupled, that is,

pðRÞ ¼ pðrÞpðvÞ; ð10:2Þ

then the translational/rotational entropy term can be further split into translational
and rotational terms:

kT
ð
pðrÞln pðrÞdrþ kT

ð
pðvÞln pðvÞdv: ð10:3Þ

Also, the conformational entropy term in Eq. (10.1) can be broken into two terms,
one for each molecule, if we assume that their degrees of freedom are uncoupled
(p(qA,qB|R)¼ p(qA|R)p(qB|R)).

For the unbound state the expression can be simplified, since qA and qB are
now decoupled (p(qA,qB|R)¼ p(qA)p(qB)) and p(R) is constant (from normalization
p(R)¼ 1/V8p2). Also, the two macromolecules do not interact, so that W¼WA þ
WB. Therefore,
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AðA;B in VÞ ¼ A� þ kT ln
L3M

V8p2

� �
þ Ð

pðqAÞWA dqA þ Ð
pðqBÞWB dqB

þ kT
Ð 1
V8p2

ln
1

V8p2
dRþ kT

ð
pðqAÞln pðqAÞdqA

þ kT
ð
pðqBÞln pðqBÞdqB: ð10:4Þ

The standard free energy change is then the difference betweenEqs. (10.1) and (10.4):

DG ¼ DW�TDStr=rot�TDSconf A�TDSconf B; ð10:5Þ

where the terms on the right-hand side are differences in the corresponding terms of
Eqs. (10.1) and (10.4) and decoupling of the conformational degrees of freedom has
been assumed.

The change in effective energy can be further decomposed. DW contains two
terms: DE (change in vacuum energy) and DDGslv (change in solvation free energy).
Most molecular mechanics force fields that are used for DE are pairwise additive.
Therefore, DE can be split into DEinte þ DEintra1 þ DEintra2, where DEinte is the
interaction energy between the two partners and the other two terms are the
reorganization energies upon binding. Due to the pairwise additivity of the energy
function, each of them can be further decomposed into group contributions. The
decomposition of the solvation free energy is in principle a more complicated issue
(a formal scheme for group decomposition of the solvation free energy has been
presented [52]). In practice, many popular solvation models are readily decompos-
able [53, 54]. This separation is also possible for the PB and GB approaches [55].
Assuming group decomposability of the solvation free energy,DDGslv can be written
asDDGslvA þ DDGslvB and each of theDDGslv terms can be further decomposed into
group contributions.

This approach was applied to the biotin–streptavidin system [51] and has been
extended to the transmembrane association of transmembrane helices [56]. Some
aspects of it have been used in analyzing the oligomeric state of coiled coils [57].

10.1.5
Linear Interaction Energy Methods

The linear interaction energy (LIE) method, proposed by Aqvist et al. [58], approx-
imates the binding free energy as a linear combination of the difference in average
van derWaals and electrostatic interactions of the ligand with its surroundings in the
complex and in its unbound state:

DGbind ¼ aD V vdW
l�s

� �þ bD Vel
l�s

� �þc: ð10:6Þ
The coefficients a, b, and c are empirical. The initial set of parameters was a¼ 0.16,
b¼ 0.5 (theoretically justifiable based on the linear response approximation of
continuum electrostatics), and c¼ 0. Later work found that better performance is
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obtained by different values of b, depending on the chemical structure of the ligand.
As is clear from Eq. (10.6), ligand and receptor reorganization energies are neglected
in LIE methods.

Earlier computational methods based on polar and nonpolar surface area buried
upon binding [59] or a combination of electrostatic interactions calculated by a
molecular mechanics force field and a surface area-based solvation model [60, 61]
also neglect the reorganization penalties.

10.1.6
Scoring Functions

Various physics-based [62–66], knowledge-based [67–73], or empirical [74–81]
functions exist for rapid evaluation of ligand–receptor binding affinity. Most of them
focus on ligand–receptor interactions and neglect ligand and receptor conforma-
tional adaptation contributions. There are, however, notable exceptions. Many
scoring functions include a special term for ligand flexibility that is proportional
to the number of rotatable bonds [64, 75, 77, 79]. In some cases, protein side chain
entropy is included [65], although this was not found to improve results in
another study [80]. These terms account for conformational entropy but not
enthalpy. GOLD [74] includes a term for the internal energy of the ligand, computed
as the sum of Lennard-Jones and torsional energies. AutoDock [64] represents the
ligand energy in terms of van der Waals and Coulomb terms. VALIDATE [81] used a
force field to estimate ligand strain energy. Ligand reorganization energy is
accounted for in some rescoring schemes [82]. SCORE [80] assumes that the ligand
deformation energy is proportional to the number of rotors. The difficulty of
including protein reorganization energy in scoring was discussed by Friesner
et al. [83]. The general neglect of ligand and protein reorganization in scoring
functions could play a role in their rather disappointing performance in many
several extensive tests [84, 85].

Below we review computational studies of the ligand and receptor conformational
energies in the light of the theoretical formulations presented above.

10.2
Computational Results on Ligand Conformational Energy

The role that ligand conformational energy plays in binding affinity is well appre-
ciated [60]. Nicklaus et al. [86] compared the conformations of small molecules in the
Protein Data Bank and in the Cambridge Structural Database and computed their
global energyminimumusing the CHARMM force field in vacuum. They found that
both the pure crystal and the protein-bound conformationswerewell above the global
energy minimum. Semiempirical calculations confirmed these results.

The caveat of the above calculations was that they were conducted in vacuum
and thus overestimated the energy penalty. Bostrom et al. [87] calculated differences
in energy between receptor-bound conformations and global energy minima in
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aqueous solution (�conformational energy penalties�) for a large number of com-
plexes. They used amolecular mechanics force field and the GB/SA solvationmodel.
They found that in the majority of small ligands the energy penalty was less than
3 kcal/mol. Larger values observed for some larger ligands were attributed to
uncertainties in the experimental structures or limitations in the computational
method.

Vieth et al. [88] compared receptor-bound structures of 10 representative ligands to
energy minima resulting from systematic search of their conformational space in
solution. They found substantial differences in terms of torsional angles but similar
positioning of �anchor points� (key atoms important for binding). They also
computed free energy differences between conformational clusters using the PB
equation to estimate solvation effects and the cluster population as a measure of
entropy. They found free energy differences between 0 and 9 kcal/mol between
lowest free energy solution clusters and clusters resembling the receptor-bound
conformation.

In our study of binding of biotin and small peptides to avidin and streptavidin
using an implicit solvationmodel [51], simulations of the ligands alone and bound to
the protein were used to compare their intramolecular energies in the two states. For
biotin, the ligand reorganization energy was essentially zero but for the peptides it
could go up to 10 kcal/mol.

A larger scale study was conducted by Perola and Charifson [89] on 150 complexes
of pharmaceutical interest and known crystal structure and binding affinity. They
used two different force fields and performed the calculations with either a distance-
dependent dielectric constant (e¼ 4r) or a GB/SA continuum solvent. They found
that approximately 60%of the ligands exhibited strain energies lower than 5 kcal/mol
and about 10% of them exhibited strain energies over 9 kcal/mol.

Tirado-Rives and Jorgensen [90] considered both the energetic and entropic effects
for the ligand upon ligand binding. They termed the free energy cost of ligand
adaptation to the binding site �conformer focusing� and evaluated it for four
complexes of pharmaceutical interest using molecular mechanics and quantum
chemical calculations with GB solvation. They found that a large amount of
uncertainty comes from the evaluation of ligand conformational energy and thus
more accurate force fields are essential for true predictive ability in computer-aided
drug design.

Hao et al. [91] analyzed 21 common torsion motifs found in protein-bound
ligands. The torsional potentials computed using DFTquantummechanical calcula-
tions were in agreement with the distributions found in the crystal structures.
They found that the average strain energy of a torsion motif in ligands bound to
proteins is about 0.6 kcal/mol. Yang et al. [92] found that major improvement
was achieved in the correlation between calculated and experimental binding
affinities by inclusion of the ligand reorganization free energy.

Most studies consider the ligand as amonomer in solution. If there are substantial
interactions between ligand molecules in the free state, then an additional unfavor-
able contribution to the binding free energy would be the ligand �disaggregation
energy.� This issue is largely unexplored.
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10.3
Computational Results on Receptor Conformational Energy

The �induced fit� model of binding [93] envisions that the receptor adapts to the
structure of the binding ligand. This is now well established, even though in many
cases the changes are quite small, involving rearrangement of side chains. Receptor
flexibility has attracted a lot of interest in the field of docking. The �cross-docking�
problem (the difficulty to dock ligands to ligand-free structures or to structures
crystallizedwith another ligand) shows the importance of slight receptor adjustments
for proper ligand binding. However, compared to ligand energy penalties, receptor
conformational energy penalties have received little attention.

Protein reorganization energies are difficult to calculate because they correspond
to a small difference between large numbers. Most work on binding affinities so far
has either assumed a rigid protein or neglected the contribution of protein reorga-
nization. In earlier work, protein reorganization was either neglected [36, 37, 94, 95]
or deduced as the difference between calculated and experimental binding free
energies [96]. In other attempts to calculate absolute protein–protein binding free
energies, reorganization was accounted for and found to be essential for agreement
with experiment but its energetic contribution was not reported separately [41].

In our study of biotin/streptavidin [51], the calculated protein reorganization
effective energies (intramolecular energies þ solvation free energies) make the
largest, unfavorable contribution to the binding free energy (10–30 kcal/mol
depending on the ligand). These large values result from many van der Waals
interactions and hydrogen bonds, including reorientation of side chains. The major
problem of these calculations is the large uncertainty resulting from taking a small
difference between large numbers. One trick used to reduce uncertainties was
to allow only the vicinity of the binding site to relax during ligand binding.
This removes the fluctuations in regions far from the binding site that are most
likely irrelevant to binding, at the cost of neglecting important, larger scale
rearrangements. This technique was also found useful in rescoring of docking
results by MM-GBSA [97].

In a study of ligand binding to a cavity of amutant T4 lysozyme, it was found that a
Val residue changed rotameric state upon ligand binding [11]. The energetic cost of
this rotameric change was estimated at about 4 kcal/mol [13]. This is the simplest
possible form of protein reorganization and it already costs a substantial amount
of free energy.

Receptor strain is also important for binding to nucleic acids. For example,
intercalation of a ligand into DNA distorts its structure substantially. Baginski
et al. used thermodynamic integration and PB continuum solvation to obtain a
DNA reorganization energy of þ 32.2 kcal/mol upon binding of intercalating anti-
biotics [98]. This unfavorable energywas dominated by the solvation terms. In a study
of protein–RNA binding using MM/PBSA, a 10 kcal/mol reorganization energy was
calculated for the protein [20]. Jayaram et al. [38] applied a similarmethod to calculate
the energy of reorganization ofDNAuponbinding a protein and obtained the value of
63 kcal/mol.
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The importance of receptor conformational energy has become evident in flexible
receptor docking. Wei et al. [99] found that a protein conformational energy
correction improves the discrimination toward known ligands. The conformational
energywas estimated as proportional to the buried cavity size in one case and the sum
of electrostatic energy and a nonpolar hydration term in the case of a solvent-exposed
binding site.

The MM-PB(GB)SA methods could give unphysical results for the receptor (or
even the ligand) reorganization energy as a result of the internal inconsistency of
sampling conformational space using the explicit solvent energy function and
evaluating the free energy using a differentmodel. For example, Gohlke andCase [35]
found that the binding affinity using the �three-trajectory� approach was more
favorable than that obtained using the �single-trajectory� approach that neglects
protein and ligand reorganization. This result is contrary to basic thermodynamic
principles, since allowing molecules to relax should always lower the free energy of
the unbound state and thus reduce the binding affinity. In contrast,
�preorganization� of ligand and receptor should always enhance binding affinity.

10.4
Concluding Remarks

Ligand conformational energy changes upon binding have received considerable
attention. Over the past 20 years, a large number of computational estimates have
been obtained in a variety of systems. In most cases, the ligand energy penalty is less
than 3–5 kcal/mol, but in some cases it can be much larger. The results on protein
conformational energies are much fewer but they also suggest that this contribution
is substantial. Given that the overall binding free energy is typically 10–15 kcal/mol at
1Mstandard state, it is clear that these contributions cannot be ignored.However, the
accurate calculation of these contributions is challenging due to three reasons: force
field inaccuracies, sampling inadequacies, and statistical noise. The last two are
especially critical for protein relaxation energies, which correspond to small differ-
ences between large numbers. Smart techniques that could separate the useful
information from irrelevant fluctuations are desperately needed.

Acknowledgments

The author�s lab is supported by the National Science Foundation (MCB-0316667)
and NIH (SC1-AI084899).

References

1 Lazaridis, T. (2002) Binding affinity and
specificity from computational studies.
Current Organic Chemistry, 6, 1319–1332.

2 Gohlke, H. and Klebe, G. (2002)
Approaches to the description and
prediction of the binding affinity of

Referencesj199



small-molecule ligands to
macromolecular receptors. Angewandte
Chemie, International Edition, 41,
2644–2676.

3 Huang, N., Kalyanaraman, C.,
Bernacki, K., and Jacobson, M.P. (2006)
Molecular mechanics methods for
predicting protein–ligand binding.
Physical Chemistry Chemical Physics, 8,
5166–5177.

4 Jorgensen, W.L., Buckner, J.K.,
Boudon, S., and Tirado-Rives, J. (1988)
Efficient computation of absolute free
energies of binding by computer
simulations: application to the methane
dimer in water. Journal of Chemical
Physics, 89, 3742–3746.

5 Roux, B., Nina, M., Pomes, R., and
Smith, J.C. (1996) Thermodynamic
stability of water molecules in the
bacteriorhodopsin proton channel: a
molecular dynamics free energy
perturbation study. Biophysical Journal,
71, 670–681.

6 Hermans, J. and Wang, L. (1997)
Inclusion of loss of translational and
rotational freedom in theoretical
estimates of free energies of binding.
Application to a complex of benzene
and mutant T4 lysozyme. Journal of the
American Chemical Society, 119,
2707–2714.

7 Gilson, M.K., Given, J.A., Bush, B.L.,
and McCammon, J.A. (1997) The
statistical-thermodynamic basis for
computation of binding affinities: a
critical review. Biophysical Journal, 72,
1047–1069.

8 Helms, V. and Wade, R.C. (1998)
Computational alchemy to calculate
absolute protein–ligand binding free
energy. Journal of the American Chemical
Society, 120, 2710–2713.

9 Dixit, S.B. and Chipot, C. (2001) Can
absolute free energies of association
be estimated from molecular
mechanical simulations?
The biotin–streptavidin system revisited.
The Journal of Physical Chemistry A, 105,
9795–9799.

10 Boresch, S., Tettinger, F., Leitgeb, M., and
Karplus, M. (2003) Absolute binding free
energies: a quantitative approach for their

calculation. The Journal of Physical
Chemistry B, 107, 9535–9551.

11 Deng, Y.Q. and Roux, B. (2006)
Calculation of standard binding free
energies: aromatic molecules in the T4
lysozyme L99A mutant. The Journal of
Chemical Theory and Computation, 2,
1255–1273.

12 Ge, X. and Roux, B. (2010) Absolute
binding free energy calculations of
sparsomycin analogs to the bacterial
ribosome. The Journal of Physical
Chemistry B, 114, 9525–9539.

13 Mobley, D.L., Chodera, J.D., and
Dill, K.A. (2007) The confine-and-release
method: obtaining correct binding free
energies in the presence of protein
conformational change. The Journal of
Chemical Theory and Computation, 3,
1231–1235.

14 Mobley, D.L., Graves, A.P., Chodera, J.D.,
McReynolds, A.C., Shoichet, B.K., and
Dill, K.A. (2007) Predicting absolute
ligand binding free energies to a simple
model site. Journal of Molecular Biology,
371, 1118–1134.

15 Woo, H.J. and Roux, B. (2005) Calculation
of absolute protein–ligand binding free
energy from computer simulations.
Proceedings of the National Academy of
Sciences of theUnited States of America, 102,
6825–6830.

16 Kollman, P.A., Massova, I., Reyes, C.,
Kuhn, B., Huo, S., Chong, L., Lee, M.,
Lee, T., Duan, Y., Wang, W., Donini, O.,
Cieplak, P., Srinivasan, J., Case, D.A.,
and Cheatham, T.E., III (2000)
Calculating structures and free energies
of complex molecules: combining
molecular mechanics and continuum
models. Accounts of Chemical Research, 33,
889–897.

17 Srinivasan, J., Cheatham, T.E., III,
Cieplak, P., Kollman, P.A., and Case, D.A.
(1998) Continuum solvation studies of the
stability of DNA, RNA, and
phosphoramidate–DNA helices.
Journal of the American Chemical Society,
120, 9401–9409.

18 Massova, I. and Kollman, P.A. (1999)
Computational alanine scanning to probe
protein–protein interactions: a novel
approach to evaluate binding free

200j 10 Ligand and Receptor Conformational Energies



energies. Journal of the American Chemical
Society, 121, 8133–8143.

19 Huo, S., Massova, I., and Kollman, P.A.
(2002) Computational alanine scanning of
the 1:1 human growth hormone–receptor
complex. Journal of Computational
Chemistry, 23, 15–27.

20 Reyes, C.M. and Kollman, P.A. (2000)
Structure and thermodynamics of
RNA–protein binding: using molecular
dynamics and free energy analyses to
calculate the free energies of binding and
conformational change. Journal of
Molecular Biology, 297, 1145–1158.

21 Kuhn, B. and Kollman, P.A. (2000)
Binding of a diverse set of ligands to avidin
and streptavidin: an accurate quantitative
prediction of their relative affinities by a
combination of molecular mechanics and
continuum solvent models. Journal of
Medicinal Chemistry, 43, 3786–3791.

22 Chong, L.T., Duan, Y., Wang, L.,
Massova, I., and Kollman, P.A. (1999)
Molecular dynamics and free energy
calculations applied to affinity maturation
in antibody 48G7. Proceedings of the
National Academy of Sciences of the United
States of America, 96, 14330–14335.

23 Lee, M.R., Duan, Y., and Kollman, P.A.
(2000) Use of MM-PB/SA in estimating
the free energies of proteins: application to
native, intermediates, and unfolded villin
headpiece. Proteins, 39, 309–316.

24 Lee, M.R., Baker, D., and Kollman, P.A.
(2001) 2.1 and 1.8 A

�
average Ca RMSD

structure predictions on two small
proteins, HP-36 and S15. Journal of the
American Chemical Society, 123,
1040–1046.

25 Vorobjev, Y.N., Almagro, J.C., and
Hermans, J. (1998) Discrimination
between native and intentionally
misfolded conformations of proteins:
ES/IS. Proteins, 32, 399–413.

26 Vorobjev, Y.N. and Hermans, J. (1999)
ES/IS: estimation of conformational free
energy by combining dynamics
simulations with explicit solvent with an
implicit solvent continuum model.
Biophysical Chemistry, 78, 195–205.

27 Still, W.C., Tempczyk, A., Hawley, R.C.,
andHendrickson,T. (1990)Semianalytical
treatment of solvation for molecular

mechanics and dynamics. Journal of
the American Chemical Society, 112,
6127–6129.

28 Qiu, D., Shenkin, P.S., Hollinger, F.P.,
and Still, W.C. (1997) The GB/SA
continuum model for solvation. A fast
analytical method for the calculation of
approximate Born radii. The Journal of
Physical Chemistry A, 101, 3005–3014.

29 Dominy, B.N. and Brooks, C.L., III (1999)
Development of a generalized Bornmodel
parameterization for proteins and nucleic
acids. The Journal of Physical Chemistry B,
103, 3765–3773.

30 Genheden, S., Luchko, T., Gusarov, S.,
Kovalenko, A., and Ryde, U. (2010)
An MM/3D-RISM approach for ligand
binding affinities. The Journal of Physical
Chemistry B, 114, 8505–8516.

31 Luo, R. and Gilson, M.K. (2000) Synthetic
adenine receptors: direct calculation of
binding affinity and entropy. Journal of the
American Chemical Society, 122,
2934–2937.

32 Mardis, K.L., Luo, R., and Gilson, M.K.
(2001) Interpreting trends in the binding
of cyclic ureas toHIV-1 protease. Journal of
Molecular Biology, 309, 507–517.

33 Swanson, J.M.J., Henchman, R.H., and
McCammon, J.A. (2004) Revisiting free
energy calculations: a theoretical
connection to MM/PBSA and direct
calculation of the association free energy.
Biophysical Journal, 86, 67–74.

34 Gohlke, H., Kiel, C., and Case, D.A. (2003)
Insights into protein–protein binding by
binding free energy calculation and free
energy decomposition for theRas–Raf and
Ras–RalGDS complexes. Journal of
Molecular Biology, 330, 891–913.

35 Gohlke, H. and Case, D.A. (2004)
Converging free energy estimates: MM-
PB(GB)SA studies on the protein–protein
complex Ras–Raf. Journal of
Computational Chemistry, 25, 238–250.

36 Froloff, N.,Windemuth, A., andHonig, B.
(1997) On the calculation of binding free
energies using continuum methods:
application to MHC class I protein–
peptide interactions. Protein Science, 6,
1293–1301.

37 Polticelli, F., Ascenzi, P., Bolognesi, M.,
and Honig, B. (1999) Structural

Referencesj201



determinants of trypsin affinity and
specificity for cationic inhibitors. Protein
Science, 8, 2621–2629.

38 Jayaram, B., McConnell, K.J., Dixit, S.B.,
and Beveridge, D.L. (1999) Free energy
analysis of protein–DNA binding: the
EcoRI endonuclease–DNA complex.
Journal of Computational Physics, 151,
333–357.

39 Jayaram, B., McConnell, K.J., Dixit, S.B.,
Das, A., and Beveridge, D.L. (2002)
Free energy component analysis of 40
protein–DNA complexes: a consensus
view on the thermodynamics of binding
at the molecular level. Journal of
Computational Chemistry, 23, 1–14.

40 Blakaj, D.M., McConnell, K.J.,
Beveridge, D.L., and Baranger, A.M.
(2001) Molecular dynamics and
thermodynamics of protein–RNA
interactions: mutation of a conserved
aromatic residue modifies stacking
interactions and structural adaptation in
the U1A–stem loop 2 RNA complex.
Journal of the American Chemical Society,
123, 2548–2551.

41 Noskov, S.Y. and Lim, C. (2001) Free
energy decomposition of protein–
protein interactions. Biophysical Journal,
81, 737–750.

42 Rastelli, G., Del Rio, A., Degliesposti, G.,
and Sgobba, M. (2010) Fast and accurate
predictions of binding free energies using
MM-PBSA and MM-GBSA. Journal of
Computational Chemistry, 31, 797–810.

43 Head, M.S., Given, J.A., and Gilson, M.K.
(1997) Mining minima: direct
computation of conformational free
energy.The Journal of Physical Chemistry A,
101, 1609–1618.

44 Kolossvary, I. (1997) Evaluation of the
molecular configuration integral in all
degrees of freedom for the direct
calculation of binding free energies:
application to the enantioselective binding
of amino acid derivatives to synthetic host
molecules. Journal of the American
Chemical Society, 119, 10233–10234.

45 Wang, J., Szewczuk, Z., Yue, S.-Y.,
Tsuda, Y., Konishi, Y., and Purisima, E.O.
(1995) Calculation of relative binding free
energies and configurational entropies: a
structural and thermodynamic analysis of

the nature of nonpolar binding of
thrombin inhibitors based on hirudin.
Journal of Molecular Biology, 253, 473–492.

46 Chang, C.E. and Gilson,M.K. (2003) Tork:
conformational analysis method for
molecules and complexes. Journal of
Computational Chemistry, 24, 1987–1998.

47 Chang, C.E. and Gilson, M.K. (2004)
Free energy, entropy, and induced fit in
host–guest recognition: calculations with
the second-generation mining minima
algorithm. Journal of the American
Chemical Society, 126, 13156–13164.

48 Chen, W., Chang, C.E., and Gilson, M.K.
(2004) Calculation of cyclodextrin binding
affinities: energy, entropy, and
implications for drug design. Biophysical
Journal, 87, 3035–3049.

49 Chen, W., Chang, C.E., and Gilson, M.K.
(2006) Concepts in receptor optimization:
targeting the RGD peptide. Journal of
the American Chemical Society, 128,
4675–4684.

50 Chen, W., Gilson, M.K., Webb, S.P., and
Potter, M.J. (2010) Modeling protein–
ligand binding by mining minima.
The Journal of Chemical Theory and
Computation, 6, 3540–3557.

51 Lazaridis, T., Masunov, A., and
Gandolfo, F. (2002) Contributions
to the binding free energy of ligands
to avidin and streptavidin. Proteins, 47,
194–208.

52 Lazaridis, T. and Karplus, M. (2003)
Thermodynamics of protein folding: a
microscopic view. Biophysical Chemistry,
100, 367–395.

53 Eisenberg, D. andMcLachlan, A.D. (1986)
Solvation energy in protein folding and
binding. Nature, 319, 199–203.

54 Lazaridis, T. and Karplus, M. (1999)
Effective energy function for proteins in
solution. Proteins, 35, 133–152.

55 Hendsch, Z.S. and Tidor, B. (1999)
Electrostatic interactions in the GCN4
leucine zipper: substantial contributions
arise from intramolecular interactions
enhanced on binding. Protein Science, 8,
1381–1392.

56 Zhang, J.M. and Lazaridis, T. (2006)
Calculating the free energy of association
of transmembrane helices. Biophysical
Journal, 91, 1710–1723.

202j 10 Ligand and Receptor Conformational Energies



57 Ramos, J. and Lazaridis, T. (2006)
Energetic determinants of oligomeric
state specificity in coiled coils. Journal
of the American Chemical Society, 128,
15499–15510.

58 Aqvist, J., Luzhkov, V.B., and
Brandsdal, B.O. (2002) Ligand binding
affinities from MD simulations. Accounts
of Chemical Research, 35, 358–365.

59 Bardi, J.S., Luque, I., and Freire, E. (1997)
Structure-based thermodynamic analysis
of HIV-1 protease inhibitors. Biochemistry,
36, 6588–6596.

60 Vajda, S., Weng, Z., Rosenfeld, R., and
Delisi, C. (1994) Effect of conformational
flexibility and solvation on receptor–ligand
binding free energies. Biochemistry, 33,
13977–13988.

61 Weng, Z., Vajda, S., and Delisi, C. (1996)
Prediction of protein complexes using
empirical free energy functions. Protein
Science, 5, 614–626.

62 Ewing, T.J., Makino, S., Skillman, A.G.,
and Kuntz, I.D. (2001) DOCK 4.0: search
strategies for automated molecular
docking of flexible molecule databases.
Journal of Computer-Aided Molecular
Design, 15, 411–428.

63 Pang, Y.P., Perola, E., Xu, K., and
Prendergast, F.G. (2001) EUDOC: a
computer program for identification of
drug interaction sites in macromolecules
and drug leads from chemical databases.
Journal of Computational Chemistry, 22,
1750–1771.

64 Morris, G.M., Goodsell, D.S.,
Halliday, R.S., Huey, R., Hart, W.E.,
Belew, R.K., and Olson, A.J. (1998)
Automated docking using a Lamarckian
genetic algorithm and an empirical
binding free energy function.
Journal of Computational Chemistry, 19,
1639–1662.

65 Jain, T. and Jayaram, B. (2005) An all
atom energy based computational
protocol for predicting binding affinities
of protein–ligand complexes.FEBSLetters,
579, 6659–6666.

66 Raha, K. and Merz, K.M., Jr. (2005)
Large-scale validation of a quantum
mechanics based scoring function:
predicting the binding affinity and
the binding mode of a diverse set of

protein–ligand complexes. Journal of
Medicinal Chemistry, 48, 4558–4575.

67 Gohlke, H., Hendlich, M., and Klebe, G.
(2000) Knowledge-based scoring function
to predict protein–ligand interactions.
Journal of Molecular Biology, 295, 337–356.

68 Muegge, I. and Martin, Y.C. (1999) A
general and fast scoring function for
protein–ligand interactions: a simplified
potential approach. Journal of Medicinal
Chemistry, 42, 791–804.

69 Muegge, I. (2006) PMF scoring revisited.
Journal of Medicinal Chemistry, 49,
5895–5902.

70 Zhang, C., Liu, S., Zhu, Q., and Zhou, Y.
(2005) A knowledge-based energy
function for protein–ligand, protein–
protein, and protein–DNA complexes.
Journal of Medicinal Chemistry, 48,
2325–2335.

71 Mitchell, J.B.O., Laskowski, R.A., Alex, A.,
and Thornton, J.M. (1999) BLEEP:
potential of mean force describing
protein–ligand interactions. I. Generating
potential. Journal of Computational
Chemistry, 20, 1165–1176.

72 Mitchell, J.B.O., Laskowski, R.A., Alex, A.,
Forster, M.J., and Thornton, J.M. (1999)
BLEEP: potential of mean force
describing protein–ligand interactions.
II. Calculation of binding energies and
comparison with experimental data.
Journal of Computational Chemistry, 20,
1177–1185.

73 DeWitte, R.S. and Shakhnovich, E.I.
(1996) SMoG: de novo design method
based on simple, fast, and accurate free
energy estimates. 1. Methodology and
supporting evidence. Journal of the
American Chemical Society, 118,
11733–11744.

74 Jones, G., Willett, P., Glen, R.C.,
Leach, A.R., and Taylor, R. (1997)
Development and validation of a
genetic algorithm for flexible docking.
Journal of Molecular Biology, 267,
727–748.

75 B€ohm, H.-J. (1998) Prediction of binding
constants of protein ligands: a fastmethod
for the prioritization of hits obtained from
de novo design or 3D database search
programs. Journal of Computer-Aided
Molecular Design, 12, 309–323.

Referencesj203



76 Rarey, M., Kramer, B., Lengauer, T., and
Klebe, G. (1996) A fast flexible docking
method using an incremental
construction algorithm. Journal of
Molecular Biology, 261, 470–489.

77 Eldridge,M.D.,Murray, C.W., Auton, T.R.,
Paolini, G.V., and Mee, R.P. (1997)
Empirical scoring functions. I. The
development of a fast empirical scoring
function to estimate the binding affinity
of ligands in receptor complexes. Journal
of Computer-Aided Molecular Design, 11,
425–445.

78 Krammer, A., Kirchhoff, P.D., Jiang, X.,
Venkatachalam, C.M., and Waldman, M.
(2005) LigScore: a novel scoring function
for predicting binding affinities. Journal
of Molecular Graphics & Modelling, 23,
395–407.

79 Wang, R., Lai, L., and Wang, S. (2002)
Further development and validation
of empirical scoring functions for
structure-based binding affinity
prediction. Journal of Computer-Aided
Molecular Design, 16, 11–26.

80 Wang, R., Liu, L., Lai, L., and Tang, Y.
(1998) SCORE: a new empirical
method for estimating the binding
affinity of a protein–ligand complex.
Journal of Molecular Modeling, 4,
379–394.

81 Head, R.D., Smythe, M.L., Oprea, T.I.,
Waller, C.L., Green, S.M., and
Marshall, G.R. (1996) VALIDATE: a new
method for the receptor-based prediction
of binding affinities of novel ligands.
Journal of the American Chemical Society,
118, 3959–3969.

82 Fanfrlik, J., Bronowska, A.K., Rezac, J.,
Prenosil, O., Konvalinka, J., andHobza, P.
(2010) A reliable docking/scoring scheme
based on the semiempirical quantum
mechanical PM6-DH2 method accurately
covering dispersion and H-bonding:
HIV-1 protease with 22 ligands.
The Journal of Physical Chemistry B, 114,
12666–12678.

83 Friesner, R.A., Murphy, R.B.,
Repasky,M.P., Frye, L.L.,Greenwood, J.R.,
Halgren, T.A., Sanschagrin, P.C., and
Mainz, D.T. (2006) Extra precision glide:
docking and scoring incorporating a
model of hydrophobic enclosure for

protein–ligand complexes. Journal of
Medicinal Chemistry, 49, 6177–6196.

84 Warren, G.L., Andrews, C.W.,
Capelli, A.M., Clarke, B., LaLonde, J.,
Lambert, M.H., Lindvall, M., Nevins, N.,
Semus, S.F., Senger, S., Tedesco, G.,
Wall, I.D., Woolven, J.M., Peishoff, C.E.,
and Head, M.S. (2006) A critical
assessment of docking programs and
scoring functions. Journal of Medicinal
Chemistry, 49, 5912–5931.

85 Kim, R. and Skolnick, J. (2008)
Assessment of programs for ligand
binding affinity prediction. Journal of
Computational Chemistry, 29, 1316–1331.

86 Nicklaus, M.C., Wang, S., Driscoll, J.S.,
and Milne, G.W. (1995) Conformational
changes of small molecules binding to
proteins. Bioorganic and Medicinal
Chemistry, 3, 411–428.

87 Bostrom, J., Norrby, P.-O., and Liljefors, T.
(1998) Conformational energy penalties
of protein-bound ligands. Journal of
Computer-Aided Molecular Design, 12,
383–396.

88 Vieth, M., Hirst, J.D., and Brooks, C.L., III
(1998) Do active site conformations of
small ligands correspond to low free
energy solution structures? Journal
of Computer-Aided Molecular Design, 12,
563–572.

89 Perola, E. and Charifson, P.S. (2004)
Conformational analysis of drug-like
molecules bound to proteins: an extensive
study of ligand reorganization upon
binding. Journal of Medicinal Chemistry,
47, 2499–2510.

90 Tirado-Rives, J. and Jorgensen, W.L.
(2006) Contribution of conformer
focusing to the uncertainty in predicting
free energies for protein–ligand binding.
Journal of Medicinal Chemistry, 49,
5880–5884.

91 Hao,M.H.,Haq,O., andMuegge, I. (2007)
Torsion angle preference and energetics of
small-molecule ligands bound to proteins.
Journal of Chemical Information and
Modeling, 47, 2242–2252.

92 Yang, C.Y., Sun, H., Chen, J.,
Nikolovska-Coleska, Z., and Wang, S.
(2009) Importance of ligand
reorganization free energy in protein–
ligand binding-affinity prediction.

204j 10 Ligand and Receptor Conformational Energies



Journal of the American Chemical Society,
131, 13709–13721.

93 Koshland, D.E. (1958) Application of a
theory of enzyme specificity to protein
synthesis. Proceedings of the National
Academy of Sciences of the United States
of America, 44, 98–104.

94 Novotny, J., Bruccoleri, R.E., and
Saul, F.A. (1989) On the attribution of
binding energy in antigen–antibody
complexes. Biochemistry, 28, 4735–4749.

95 Novotny, J., Bruccoleri, R.E., Davis, M.,
and Sharp, K.A. (1997) Empirical free
energy calculations: a blind test and
further improvements to the method.
Journal of Molecular Biology, 268, 401–411.

96 Horton, N. and Lewis, M. (1992)
Calculation of the free energy of

association for protein complexes. Protein
Science, 1, 169–181.

97 Graves, A.P., Shivakumar, D.M.,
Boyce, S.E., Jacobson, M.P., Case, D.A.,
and Shoichet, B.K. (2008) Rescoring
docking hit lists for model cavity sites:
predictions and experimental testing.
Journal of Molecular Biology, 377, 914–934.

98 Baginski,M., Fogolari, F., and Briggs, J.M.
(1997) Electrostatic and non-electrostatic
contributions to the binding free energies
of anthracycline antibiotics to DNA.
Journal of Molecular Biology, 274, 253–267.

99 Wei, B.Q., Weaver, L.H., Ferrari, A.M.,
Matthews, B.W., and Shoichet, B.K. (2004)
Testing a flexible-receptor docking
algorithm in a model binding site. Journal
of Molecular Biology, 337, 1161–1182.

Referencesj205



11
Free Energy Calculations in Drug Lead Optimization
Thomas Steinbrecher

This chapter will deal with the use of free energy calculations in the field of drug
design.Wewill focus on their potential suitability to serve as tools in lead optimization,
a process in the late stages of pharmaceutical development that aims to improve
compounds of moderate affinity. As this is an area of science in rapid development,
we will try and outline underlying principles as well as current applications of such
structure-based drug design studies. For various reasons, we will see that free energy
calculations appear particularly well suited to support experimental efforts in this
narrow field of application. Nevertheless, precise calculations based on molecular
simulation methods have not been widely adopted into the mainstream of the
pharmaceutical industry yet. The reasons why this is the case and the question if
a breakthrough of free energy calculations as everyday modeling tools is imminent
will be engaged in the final discussion.

11.1
Modern Drug Design

The drug design process unitesmany aspects of chemistry, pharmacology,molecular
biology, industrial process engineering, the clinical sciences, and increasingly
modeling techniques under the goal of finding, producing, and understanding new
medicines to better treat diseases. This extensive and complex endeavor, of both
scientific and commercial importance, has undergone dramatic changes over the
hundred plus years of its existence. Paul Ehrlich�s seminal chemoreceptor theory,
giving the underlying cause for phenotypical changes as the influence of small
molecules, specifically binding biological (macromolecular) receptors, can be con-
sidered the origin of the field.With only rudimentary understanding of biochemistry
and the functioning of the human body, early drug design approaches were
necessarily trial-and-error affairs [1, 2], nevertheless leading to the discovery of
milestone drugs such as morphine, chloral hydrate, and aspirin. The most lasting
effect of this early phase may be Fleming�s discovery of penicillin [3], which initiated
the era of mass-produced antibiotics. Drug design was put on a solid structural basis
with the advent of X-ray crystallography, making the three-dimensional structure of
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target receptors known for the first time. The development of combinatorial
synthesis and high-throughput screening has vastly increased the number and
diversity of molecules that can be tested. Over the past few decades, a variety of
theoretical chemistry tools have become available that promise to make the drug
design process yet again faster, easier, andmore powerful. It remains to be seen if the
lasting effect of these new modeling tools will be as revolutionary as initially hoped,
but it is a certainty thatmodern drug design remains a highly active and evolving area
of scientific development.

Modern drug design can be divided into several stages (Figure 11.1). At the
beginning stands the identification of a target receptor, involved in the physiological
process to be influenced. Hundreds of such targets are known, and many more are
estimated towait for discovery [4–6]. This target, typically but not necessarily a protein
receptor, is then characterized, ideally including the elucidation of its high-resolution
X-ray structure. Obtaining a crystal structure is not always possible, especially since a

Figure 11.1 Stages of the drug design process.
A receptor is screened for active compounds,
typically using high-throughput screening tools.
Active hits or lead compounds are further

optimized until a molecule of desired
properties, especially a high binding affinity, is
obtained. A drug candidatewould then progress
into in vivo and later clinical testing.
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large number of drug targets turn out to be G-protein-coupled receptors, membrane
proteins that are difficult to crystallize. Based on an activity assay, the initial screening
stage aims at finding compounds that are actively influencing the target and
presumably binding to it. Today, this stage involves automated high-throughput
screening techniques, as well as ligand docking calculations, able to rapidly test large
chemical libraries containing hundreds of thousands of compounds [7–10]. Once
promising lead compounds are found, the process of lead optimization begins [11].
In this stage, the initial compound is subject to chemical modifications aiming to
increase its binding affinity, if necessary specificity, and to maintain or improve
favorable ADME properties [12, 13]. For lead optimization, the brute-force speed-
over-accuracy tactics of earlier screening methods are no longer suitable [14, 15],
instead quantitative determination of binding strengths and the effect of small
chemical modifications is needed. At this point, more costly and elaborate methods
can be applied, as long as they offer accurate information. It is this process of lead
optimization for which the free energy calculations introduced in the following offer
promising and still mostly untapped potential.

Before we take a look at the application of molecular modeling methods in drug
design, we will give a short introduction to ligand binding, themolecular recognition
phenomenon underlying most drug�s actions [16, 17]. The main portion of this
chapter will deal with the determination of binding free energies of small molecules
to protein receptors, and they mostly assume a common straightforward model. A
small-molecule ligand L present in excess of a macromolecular receptor R is capable
of reversibly binding to form a complex C:

Lþ RÐkon
koff

C

DF0
bind ¼ �RT ln K0

A;

K0
A ¼ 1

K0
D

¼ kon
koff

¼ C½ �
L½ � � R½ � :

ð11:1Þ

The thermodynamics of this process are directly connected to the corresponding
binding free energy DF0

bind (often also DG0 is used, since binding occurs in a
constant-pressure environment). While both binding rates and equilibrium con-
stants can in principle be measured [18–21], in practice they are rarely determined
quantitatively. In drugdesign, the ligand in question is often a competitive inhibitor I,
designed to displace another high-affinity ligand L. Experimental data are then
commonly given as IC50 values, the inhibitor concentration at which the receptor
occupancy is halved compared to the inhibitor-free one. The IC50 value is related to
the inhibitor�s binding free energy, dependent on the original ligand�s initial
concentration [L0], via the Cheng–Prusoff equation [22]

IC50 ¼ K I
D 1þ L0½ �

KL
D

� �
: ð11:2Þ

The above represents a minimal model of ligand binding, which does not take into
account complicating factors such as multiple binding sites and allosteric effects,
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receptor oligomerization, unspecific or covalent binding, and more complex mul-
tistate kinetics. Equations (11.1) and (11.2) are often used as approximations, even
when the true mode of binding is unknown.

11.1.1
In Silico Drug Design

Drug design as outlined above has matured from the past exploratory process to a
modern applied field of science [23, 24]. Experimental efforts are aided and
supplemented by theoretical work in nearly all of the various stages of drug
design [25]. While a unified in silico drug design approach �from target sequence
to active compound� with little need for experimental input during the process
remains elusive, theoretical methods have found their way into any part of the drug
design field [26]: To name just a few, bioinformatics methods are used in the early
stages of target identification, homology modeling aids in receptor structure
determination, QSAR predictions help categorizing ligands using physical prop-
erties, and ligand docking algorithms help in predicting likely binding poses for
new compounds. On top of all these efforts, free energy calculations aim at
obtaining the single most important characteristic of a potential inhibitor in the
context of the model above, its receptor binding free energy DF0. This task can be
seen as the holy grail of computational drug design and even though substantial
effort has been invested and many advances have been made over the past few
decades, it is far from routinely applied today [27–31].

This chapter will deal with attempts to calculate binding free energies, especially in
the context of improving lead compounds. The different theoretical approaches to
calculateDF0 values can be grouped into several categories, roughly ordered by rising
computational cost and accuracy:

. Ligand docking calculations aim to simultaneously compute binding poses and
energies of ligands to a known receptor structure without prior knowledge of the
bindingmodes [32]. Their emphasis on quick and robust analysis requires the use
of efficient heuristic ligand placement algorithms and simple empirical scoring
functions to minimize the computational effort needed for each ligand evalua-
tion. Docking methods are widely used in the pharmaceutical industry, with
several well-established program packages, such as DOCK, AutoDock, FlexX,
Glide, or GOLD [33–40]. Each of these implements different algorithms to solve
the docking problem, but their overall performance is roughly comparable [41].
For most cases, docking involves the placement of a flexible ligand into a static
receptor binding site, but techniques to include at least somemeasure of receptor
flexibility are gaining popularity [42–46].

. Endpointmethods attempt to compute free energy differences between two states
from molecular dynamics simulations of these states. One such approach is the
MM-PBSA scheme that combines conformational ensembles of solutes with a
continuum solventmodel. The underlying ideas have been presented in Refs. [47,
48], andmany applications of themethod have been published [49–53]. Themain
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idea can be summarized as following: A binding free energy is given as the
vacuum binding free energy of a ligand to a receptor, corrected for changes in
solvation free energy and entropy upon complex formation. MM-PBSA relies on
error cancellation between large energy results computed from different models,
making the reliability of the method somewhat system dependent [54, 55].
Nevertheless, theMM-PBSAmethod generated somehighly encouraging results,
and it is obviously appealing for protein–ligand binding studies.

Another popular endpoint method is the linear interaction energy (LIE)
approach pioneered by A

�
qvist, which calculates binding free energies from MD

simulations of bound or free ligands only [56–60]. The LIE approach has been
reviewed and applied extensively in the past, and we will only briefly present the
main idea here: LIE computes the binding free energy of a ligand from the
difference in the electrostatic and nonpolar components of the interaction energy
with its surroundings when the bound and free states are compared. Further-
more, empirical parameters derived from a linear response approximation are
applied to correct for changes in internal energies. The LIE approach has been
used in multiple studies, and it generally leads to reliable binding free energies
when compared to experimental data [61].

. Real-space free energy approaches aim at computing the free energy change, or
potential of mean force, along a reaction coordinate defined in real coordinates
(in contrast to the virtual l-axis of the methods described below). They include
nonequilibrium simulations applying the Jarzynski equation [62] or biased
equilibrium methods such as umbrella sampling [63–65]. In the context of
ligand binding studies, real-space approaches can be used to simulate the
binding (or more common unbinding) process of a ligand directly, �pulling� it
between a receptor-bound and a dissociated state. Unfortunately, a minimum
energy path for a ligand binding/unbinding reaction may not be known in
many cases or involve slow conformational changes not accessible on the
simulation timescale. Therefore, real-space methods, despite their success in
other areas of computational chemistry, remain rarely employed in the drug
design field.

. Computational alchemy type free energy calculations try to compute free energies
based on the principles of statistical thermodynamics, often involving several
hypothetical intermediate states with no physical equivalent. They use molecular
dynamics simulations [66] to provide appropriately weighted conformational
ensembles and thereby automatically include both ligand and receptor flexibility.
No case-by-case parameter fitting is performed, so results should be system
independent. Free energy calculations are among the most computationally
extensive computer simulations in the molecular modeling field, requiring
computational efforts several orders of magnitude higher than the above tech-
niques when biomolecules are studied. They can deliver accurate and precise
result in often quantitative agreement with experiment. The field has generated
much interest in the past few years [61, 67–73]; nevertheless, rigorous MD-based
free energy calculations have only recently become employed to compute ligand
binding affinities.
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The discussion here will focus on the last type of binding energy calculations as
these seem to be best suited in the context of improving inhibitors by targeted
structural modifications. Ligand docking calculations are widely used in the early
stages of drug design, to screen large libraries of compounds for potential binders,
but their focus on quick evaluation and the necessary approximations made therefor
leaves them less useful when quantitative predictions for a few compounds, which
are known to be active, are needed. Both endpoint methods and computational
alchemy types of free energy calculations are in principle suitable for the task of lead
optimization. The former allow the comparison of arbitrary compounds and the
straightforward determination of absolute binding free energies atmoderate compu-
tational cost, but require system-based validation since they rely on empirical
corrections and fortuitous cancellation of errors. In contrast, the latter have high
computational cost, and they are best suited to study only small changes in chemical
systems, but their ability to accurately predict the effect of chemical modifications
makes them ideally suited for ligand improvement studies, as has been noted even in
the earliest of published applications [74, 75]. It is the direct connection between
microscopic DF0 values and macroscopic experimental results such as IC50 values
that makes molecular simulation-based free energy calculations such valuable tools
for theoretical chemists.

In the following,wewill introduce the theory behind free energy calculations of the
latter type, and we will give results for simple example calculations before turning to
recent applications.

11.2
Free Energy Calculations

Free energy calculations aim at determining a fundamental property of chemical
systems, the Gibbs or Helmholtz free energy based on fundamental statistical
thermodynamics. These methods employ the connection between the free energy
F0 and the configuration integral or partition function Z of a system:

F0 ¼ �kB ln Z; Z ¼
X
i

expð�Ei=kBTÞ; ð11:3Þ

with the sum over i replaced by an integral over all of phase space when classical
models are used.A good estimate of the free energy therefore requires good sampling
of a system�s accessible conformational space. Free energy calculations usually rely
here on molecular dynamics or Monte Carlo simulations to generate ensembles of
Boltzmann-weighted conformational snapshots that are taken as representative of
the true conformational ensemble.

AsF0 can only be givenwith respect to an arbitrary zero, all free energy calculations
aim at computing the free energy difference between two chemical systems or two
physical states of one system, labeled A and B here. In the most common formu-
lation, these two systems are taken to be connected via a virtual coordinate, usually
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called l, in a way so that changes in the l-coordinate result in changes in the nature of
the chemical system. Typically, l ¼ 0 is taken to be equivalent to system A and l ¼ 1
to system B. This means that intermediate values of 0 < l < 1 correspond to
nonphysical mixed-state systems that combine some of the properties of both states.
A transition along the l-axis from 0 to 1 results in a transformation of system A into
system B, and free energy calculations aim at evaluating the change in F0 associated
with this process.

A common way of describing the system at any point during a free energy
calculation is to use the potential functions of states A and B, VA and VB, and
combine them into a mixed, l-dependent potential:

VðlÞ ¼ f ðlÞVB þ ð1� f ðlÞÞVA; ð11:4Þ
with the most straightforward case of f ðlÞ ¼ l referred to as linear mixing. As the
resulting free energy change is a state function and path independent, different
mixing functions based on Eq. (11.4) can be constructed and optimized for ease of
numerical computation (see below). Since in principle free energy differences
between arbitrary states can be calculated, including generation and removal of
atoms during the l-transformation process, the general approach is also occasionally
called computational alchemy.

Once a l-dependent potential function is chosen, the change in F0 can be derived
in two straightforward ways, leading to either the Zwanzig formula or free energy
perturbation (FEP) approach [76]:

DF0
FEP ¼ F0

B � F0
A ¼ �kBT lnhexpð�½VB � VA�=kBTÞiA; ð11:5Þ

inwhich the angular brackets indicate averaging over a Boltzmann-weighted ensemble
of conformations generated on the potential energy landscape indicated in the
subscript. An FEP calculation therefore requires calculating the energy difference
between the two end state potential functions based on the conformational ensemble
of one of them. This gives the FEP method a sense of direction, for example, from
state A!B in Eq. (11.5). The connection between the FEP free energy change and
the instantaneous work of switching between potential functions has been explored
[77, 78]. While the virtual coordinate l does not explicitly appear in Eq. (11.5), it is
usually introduced when a given transformation is divided into several substeps,
replacing the single-step transformation fromA to B by a series of smaller transforma-
tions between n intermediate l-values:

DF0
FEP ¼

Xn�1

i¼0

DFli ! liþ1 ;

with the mixed potential functions VðliÞ and Vðliþ1Þ replacing the end state potential
functions.

A comparable approach of breaking down a transformation into several fixed
l-windows is used in the related thermodynamic integration (TI) formalism, which
gives the free energy change as [79]
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DF0 ¼
ð1
0

qVðlÞ
ql

� �
l

dl �
X
i

wi
qVðlÞ
ql

� �
li

; ð11:6Þ

requiring integration over the, again Boltzmann-weighted, l-derivative of the mixed
potential function. As the integral cannot be solved analytically in most cases,
numerical integration techniques have to be used in which qV=qlh i is calculated
at several l-values, and the free energy curve is constructed via intra- or extrapolation
from these points [80]. Fixed l-windows are normally used, but dynamical l-schemes
exist as well [81]. Unlike the FEP approach, a TI calculation has no forward or
backward direction, except for implicit bias that may be introduced by choosing
starting system conformations that are much closer to one of the end states.

The TI and FEP formalisms are both widely used, of comparable accuracy, and
implemented in many molecular modeling tools. However, a direct application of
FEP via the Zwanzig relationship, Eq. (11.5), has the disadvantage of taking the
logarithm of an averaged exponential of energies, leading to a potentially very large
influence of a small number of data points on the final result, especially when
sampling of different phase space regions is very uneven. For this reason, TI
calculations have been viewed as somewhat of a standard free energy approach, at
least until a few years ago, when more advanced, FEP-based methods have become
widely available. These arebasedon theBennett acceptance ratio (BAR) approach [82],
which complements the FEP formula by considering not only a forward A!B
energy difference but also the corresponding back process. The BAR theory gives the
ratio in the configuration integrals of the two states ZA and ZB as

ZA

ZB
¼ h f ðVA � VB þ CÞiB

h f ðVB � VA � CÞiA
; ð11:7Þ

with f ðxÞ an arbitrary weighting function (the Metropolis and Fermi functions
are given as examples in the original formulation, with the latter shown to im-
prove expected errors) and C a system-dependent constant to be determined self-
consistently during data analysis. While this approach is not new, it has only recently
been brought to the attention of a wider audience by Shirts et al., who have also
extended the theory to a multistate framework [83, 84]. It has been argued that the
BAR technique is close to statistically optimal for computing free energies and that it
should be superior to TI calculations in some cases [85]. While few direct compar-
isons of the two methods have been published up to now, it is likely that such
advanced FEP methods will start to play a larger role in the field of free energy
computations in the future.

The theory as presented so far contains no restriction on the nature of the potential
functionsV representing the end states of the transformations.However, in nearly all
practical applications involving biomolecular complexes, molecular mechanics force
fields serve as the potential function, since they offer a near-optimal combination of
atomistic or near-atomistic granularity important for accurately renderingmolecular
interactions, and computational speed and scalability that allows the treatment of
large systems containing tens of thousands of atoms in extensive simulations. The
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alternative of using quantummechanical potential functions in drug design studies
has been seriously investigated in recent works [86–95] and we refer to Chapter 7 for
an overview of recent applications of QM calculations in this field. Clearly, the ever-
rising computational power available to theoreticians will continue to make high-
level QM calculations, even for large systems, a competitive alternative to classical
models. However, the paradigm of quantum mechanical descriptions as naturally
superior to empirical models has not gone unchallenged in the field of ligand–
receptor interaction studies [96].

While the general theory behind Eqs. (11.5) and (11.6) is widely applicable in
theoretical chemistry and physics, some important considerations limit the achiev-
able accuracy of results, some of which we will discuss in the following part.
Thereafter, we will deal with the question of how to apply the free energy formalism
to the specific problem of biomolecular complexes, binding strengths, and lead
optimization.

11.2.1
Considerations for Accurate and Precise Results

As mentioned above, free energy calculations mostly rely on molecular dynamics
simulations to provide the Boltzmann-weighted averaging of energies required for
the calculation of free energies [97]. The goal of such a molecular dynamics
simulation is to produce a set of structural snapshots over a given simulation length
(typically in the multinanosecond range) from which average system properties can
be determined according to the ergodicity theorem. While MD simulations are
mature and powerful tools to conduct such conformational searches, applying them
to the complex and intractable potential energy surfaces of biomolecules leads to the
well-known sampling problem of computational chemistry. The issue of phase space
sampling or equilibration of the conformational ensemble is a central problem in all
molecular simulations. Only a fully converged simulation, one in which the con-
formational ensemble generated is reasonably similar to that of a hypothetical infinite
length simulation, yields time-averaged system properties for one simulated particle
that should be equal to the thermodynamic averages over a large number of particles.

Biomolecules such as proteins pose exemplary sampling problems not only
because of their intricate potential landscapes with a multitude of degrees of
freedom, but also because of the large degree of conformational flexibility they
exhibit. A single minimum energy structure, for example, derived from X-ray
crystallography, may be quite a poor model for a molecule that exists as an ensemble
of several, interchanging conformations corresponding to local energy minima,
connected by high barriers and slow, large-scale conformational changes. Any MD
simulation result will be strongly influenced by the choice of initial system coordi-
nates and enhanced sampling techniques have to be utilized to explore larger sections
of phase space around this starting point. Therefore, selecting and preequilibrating a
suitable starting structure and testing the convergence of results, crucially important
for any MD simulation, is particularly critical for free energy calculations, which
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require not only well-equilibrated simulations at many intermediate l-points, but
also significant overlap between phase spaces mapped by neighboring simulations.
This makes MD-based free energy calculations on biomolecules some of the most
computationally demanding tasks in molecular modeling and theoretical chemistry.

Sampling issues aside, when dealing with the accuracy of free energy calculations,
a second complication should be taken into account: Every usable potential energy
function, even highest level ab initio treatments of molecules, must make approx-
imations. In the case of classical force field potential functions, these turn out to be
quite severe, typically using simple point charge models, harmonic approximations
to bondpotentials, andpurely classicalmechanics. Therefore, the simulated potential
energy landscape explored by the simulation trajectory is never quite the true physical
one.Unfortunately, amore accurate theoretical description of amoleculewould often
be computationally more expensive, limitingmaximum simulation times, so using a
more accurate potential function will only exacerbate the sampling problem.

Free energy calculations not only have to provide accurate results for simulations at
individual l-windows, but also need to avoid errors when combining individual
results into a free energy change for the total transformation. In FEP calculations, it is
desirable that all substeps represent comparable changes in free energy, otherwise
the total DF0 will strongly depend on only a few l-windows, with correspondingly
larger uncertainty from insufficient sampling. A similar problem occurs in TI
calculations, where the shape of the free energy curve will influence its suitability
for numerical integration. Steady and flat curves are easier and less error-prone to
construct from comparably few data points. A common problem that plagued early
free energy calculations was a divergent behavior of the results close to l¼ 0 or 1, the
so-called endpoint singularity that occurred when van der Waals (vdW) particles were
introduced or removed from the system [98–100]. This behavior was shown to be
caused by the functional form of the repulsive part of the Lennard-Jones equation,
which leads to numerical instabilities when scaled down linearly. Different solutions
to this problem have been proposed [101–105] and one common approach was to
replace the LJ equation with a modified l-dependent form, the so-called soft-core
potential in which atomic pair potentials are given as

Vij ¼ 4eijð1� lÞtð½aLJl
s þ ðrij=sijÞn��12=n � ½aLJl

s þ ðrij=sijÞn��6=nÞ; ð11:8Þ

where eij andsij are the commonLJ parameters, t, s, andn are integer parameters, and
aLJ, the softness parameter, controls how fast interactions are scaled down. As written,
the equation covers particles that have disappeared at l ¼ 1; for the corresponding
equation for appearing atoms, replace l by 1� l. Note that Eq. (11.8) simplifies to the
ordinary form of the LJ equation at l ¼ 0 or 1. This is a good example of how the exact
form of the potential energy function at intermediate l-values can be freely chosen
since DF0 is path independent. Here, a potential mixing recipe more complicated
than Eq. (11.4) has proven to result in easier integrable free energy curves.

A similar consideration occurs when free energy transformations involve changes
in atomic partial charges as well as vdW particles. A straightforward attempt to
modify both properties simultaneously can again lead to simulation instabilities if the
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vdW repulsion between two particles of opposite charge is sufficiently weakened so
that they can get close enough for electrostatic interactions to become dominant. The
first of two possible solutions to this is to conduct all transformations with chargeless
appearing and disappearing atoms only, changing electrostatic properties in separate
simulations. Breaking down a transformation into smaller substeps prevents these
numerical problems but leads to an obvious increase in required simulation effort. In
addition, if the electrostatic substeps first remove, then later again introduce, large
and similar partial charges, for example, when transforming polar functional groups
into each other, they will unnecessarily cause additional sampling requirements. An
alternative way to conduct all possible transformation in a single step is offered by
treating both vdW and electrostatic interactions by a soft-core potential similar to
Eq. (11.8).However, the resulting potential function has an odd shape at intermediate
l-values, potentially containing two energyminima in the pair interaction functions.
Balancing the parameter settings so that a smooth transformation is accomplished
can depend very subtly on the studied system and is still an open issue [106].

Error estimation can be difficult in free energy calculations, sincemany individual
sources of uncertainty like those described here need to be combined into an overall
estimate. InFEPcalculations, that canbe amendedby conducting simulations inboth
the forward and backward directions, generating hysteresis data that serve as both an
independent error estimate and a way to identify problematic l-regions where
simulations are not converged. For TI calculations, the problem of error estimation
is hindered by the need to conduct the numerical integration. Uncertainties for
individual l-windows can be estimated from sqV=ql and the qV=ql autocorrelation
times, but the effect of integrating the free energy curve is harder to quantify. In
general, closely spaced l-points appear to reduce expected errors both by increasing
sampling and by reducing interpolation errors. From that it appears that conducting
shorter simulations at more l-values is a better use of resources, as long as each
individual simulation can be shown to be sufficiently converged.

11.3
Example Protocols and Applications

So far, free energy calculations have been presented as tools that compute the free
energy difference between two chemical systems. The DF0 resulting from such a
transformation is, however, not physically interpretable by itself, since the two
potential functions do not give energies with respect to the same zero point, unless
systems A and B are related by, for example, symmetry transformations or a null
transformation is simulated [107]. In most cases, the DF0 will not correspond to a
possible chemical transformation, and the free energy result can only be interpreted
in the context of a thermodynamic cycle selected to connect it with observable free
energy differences. Such a cycle will combine the same transformation in two
different environments, so that in total all nonphysical terms cancel. An example
thatwould be typical for drug design studies is schematically displayed in Figure 11.2:
The binding free energies of two different ligands A and B to the same receptor shall
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be compared. To accomplish this, two free energy transformations, each one
changing ligand A into B, are set up, one of them with the changing ligand bound
to the receptor and one in which the change happens in solvent. The difference in the
two free energy calculation results is then related to the ligand�s relative binding
strength:

DDF0 ¼ DF0
bound � DF0

unbound ¼ DF0
bind;B � DF0

bind;A: ð11:9Þ

This setup is obviously suitable in the context of a lead optimization study, as it allows
us to explore the effect structural changes have on a ligand�s binding properties. One
can immediately envision an in silico lead optimization project: Starting with an
existing inhibitor of moderate strength and known binding pose, suitable chemical
modifications that are both likely to affect binding and synthetically achievable are
tested in several parallel free energy calculations. Allmodified structures forwhich an
improvedDF0 is predicted are used as starting points for further rounds of structural
optimization until a new compound displaying the desired increase in binding
strength is found. To increase confidence in the calculated DDF0 values, additional
free energy calculations transforming modified ligands into each other can be
conducted to serve as validation [108]. The strength and weaknesses of free energy
calculations match well with the demands of such a study: They are capable of
determining changes in free energy quite precisely, especially if the chemical change
investigated is small, for example, when a single functional group is added or
removed. This is needed, as most ligand improvements change the binding free
energy by 1 kcal/mol or less [109]. Furthermore, since starting conformations are
biased in favor of the initial structure if at all, a predictionwill be less prone to the false
positive predictions that can affect ligand docking studies [110]. Problems associated

Figure 11.2 A thermodynamic cycle linking the
transformation free energy of two ligands to
their relative binding free energies. Horizontal
arrows indicate transformations along the

l-axis, and vertical arrows represent
experimentally accessible ligand binding
phenomena. The free receptor can be omitted in
the transformation of the free ligands.
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with free energy calculations, mainly their high computational cost, human work-
load, and need for good starting structures, are of less concern here, since a known
inhibitor lead isworthy of investing significant time into its study and likely to have its
binding mode elucidated.

The thermodynamic cycle displayed in Figure 11.2 is only one possible way to
calculate physical properties from free energy transformations. Other cycles to
determine solvation free energies, pKa values, or the effect of amino acid point
mutations can easily be devised. One common addition to the above cycle would be to
add a third transformation of the ligands in vacuum. This effectively allows the
determination of their relative solvation free energy as well, which shows if a given
modification changes the relative binding strength due to changing interactions with
the receptor or rather with the solvent. This second effect (the part of DDF0 due to
changes in solvation) is an important and often overlooked one in ligand binding
studies. Since every lead molecule requires appropriate solvation in addition to
binding properties to become a drug candidate [111], this additional step is well worth
conducting in most studies, especially since the third transformation in vacuumwill
be of low computational cost and rapidly converge.

The description so far has focused on determining relative binding free energies.
In principle, the absolute binding free energy of a compound can be computed aswell
using free energy calculations, by setting up the transformation between a given
ligand and �nothing,� effectively disappearing the whole molecule from both water
and a receptor binding site. Two problems make applications of this type more
demanding than normal free energy calculations. The first is that the removal of a
whole ligand is a very large change in the system, requiring possibly prohibitively
large amounts of sampling. The removal of a ligand from an internal binding cavity
would probably require water molecules to diffuse into the vacated space or large-
scale conformational changes of the receptor to arrive at an equilibrated end state,
neither of which may occur spontaneously on the submicrosecond timescale
accessible to dynamics simulations. Second, complete removal of a ligand means
that at higher l-values it will have mostly disappeared, and therefore its interactions
with the remainder of the system have become very weak. At this point, random
diffusion will allow the ligand to drift away from its binding side, again leading to
severe sampling problems. A solution to this is to keep the ligand in place relative to
the receptor by introducing artificial restraints. The free energy effect of restraining
the ligand to only a part of phase space canbedealt with by analytical correction terms.
Computations of absolute ligand binding strengths are among the more difficult
types of free energy calculations, but with the theoretical framework to evaluate them
firmly established, they enjoy increasing popularity [112–117].

11.3.1
Example 1: Disappearing an Ion

To give a general example of the data collected during a free energy calculation, we
present here a transformation of a chloride ion, solvated in water, into a chargeless
particle of unchanged vdW radius. This could be interpreted as the first substep in
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a calculation of a chloride ion�s solvation free energy, the second substep being the
removal of the chargeless vdW particle from the solvent. An independent second
transformation would not be necessary in this case, as the ion has no internal
energy terms in the force fieldmodel. The systemwas parameterized according to
the Amber99SB force field and contained 1 ion and about 1000 watermolecules in
a simulation box under periodic boundary conditions. Figure 11.3 shows a short
time series of qV=ql values collected at a given l and the total free energy
curve constructed from multiple independent simulation windows. Integrating
the curve via linear interpolation yields a total free energy change of 93.99 kcal/
mol (quite positive, since the aqueous environment strongly stabilizes the
charge). Each l-window shows a standard deviation (s) of about 10 kcal/mol,
which translates into an estimate of the standard error of the mean of

Figure 11.3 Example results froma free energy
calculation. The simulated transformation is the
removal of the charge of a chlorine ion solvated
inwater. (a) qV=ql results over a 2 ps lengthpart
of an MD simulation. Large fluctuations can be
observed. Data shown are for l ¼ 0:5. (b)
Histogram of qV=ql values from the above
simulation. Even for the short simulation
displayed above, the histogram begins to

approachGaussian shape. (c) Free energy curve
combined from 49 MD simulations of 1 ns
length each (l-values are 0.02, 0.04, . . ., 0.98).
The averaged qV=ql values change smoothly
and almost linearly with l indicating that the
obtained curve is suitable for numerical
integration. Displayed error bars indicate each
l-window�s standard deviation.
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about 0.3 kcal/mol via

sSEM ¼ s=
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
tsim=2t

p
; ð11:10Þ

where tsim is the total simulation time (1 ns) and t indicates the qV=ql autocor-
relation time (estimated here to be 1 ps, with test calculations consistently
showing even lower values). Combining the individual uncertainties of the
l-windows into a total error estimate via Gaussian propagation yields a total
error estimate of only 0.04 kcal/mol. While this estimate assumes normal
distribution of qV=ql values and excludes errors from numerical integration, it
clearly shows that free energy calculations can be conducted with high precision,
certainly higher than the expected accuracy of the underlying force field model.

11.3.2
Example 2: Relative Ligand Binding Strengths

To give an example of what a typical free energy calculation on a receptor–ligand
complex to evaluate a chemicalmodification of the boundmoleculemay look like, we
will in the following present a step-by-step account of calculating the relative binding
free energy of two small molecules, benzene and phenol, to bacteriophage T4
lysozyme. We will use an engineered version of the enzyme, which contains an
artificial hydrophobic cavity introduced by an amino acid point mutation [118, 119].
This system has been advanced as a model case for the study of protein–ligand
binding phenomena since the binding cavity is buried deep in the protein, uniformly
hydrophobic, and capable of binding a variety of small molecules without large
conformational changes. Several studies based on this system have been
reported [120–123]. We will here follow the work of Mobley et al. [114, 124], with
slightlymodified simulation parameters.1) The free energy calculation will be carried
out as outlined in Figure 11.2, consisting of two individual thermodynamic inte-
gration �computational alchemy� transformations. Each of these will transform a
benzene into a phenol molecule, while the changing ligand is either bound to the
receptor or solvated in water.

Thefirst step consists of generating parameterfiles of all four possible end states of
the calculations: (A) a benzenemolecule bound to the receptor, (B) a phenolmolecule
bound to the receptor, (C) a benzenemolecule in water, and (D) a phenolmolecule in
water. The two transformations conducted will correspond to changing state A!B
andC!D.The difference between the twoTI calculation results will then be equal to
the difference in the two molecules� binding free energies (with the thermodynamic
cycle ensuring that all additional contributions to DF0 cancel), allowing us to judge
which ligand binds stronger to the T4 lysozyme. The starting structure of the complex
was derived from the X-ray crystal structure of the benzene–lysozyme complex. Note
that while TI calculations, unlike their FEP counterparts, have no inherent forward or

1) To enable readers to tryout this example calculationby themselves, a detaileddiscussion of conducting
it using the Amber molecular modeling suite, complete with input files and results, has been made
available as part of the Amber tutorial website (A9 on www.ambermd.org/tutorials) by the author.
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backward direction of the transformation, the choice of a starting conformation
derived from one of the end states (A in this case) might make it necessary to run
individual l-windows subsequently from lowest to highest, using the final structure
of the preceding l-window as initial structures, to ensure that the simulations start
out reasonably close to their respective, l-dependent equilibrium conformations.
This was not done here; since the chemical change in the ligand involves only a single
functional group, we assume that the same starting structure will serve as a good
model for all intermediate l-states after equilibration. For the preparation of the
starting states, care was taken to have the end states differ only by the chemical
change to simulate, namely, changing a benzene hydrogen atom into a hydroxyl
group (with the accompanying change in ligand partial charges), so that the solvated
states contained the samenumber ofwatermolecules and all protein side chainswere
in identical rotamer states for complexes A and B.

The transformations were further broken down into three consecutive substeps
(Figure 11.4) : In step 1, only the atomic partial charge on the hydrogen atom to
disappear frombenzene is removed. In step 2, the vdW transformation is performed,
removing the chargeless hydrogen from the ligand and adding a chargeless hydroxyl
group in its place and changing all other ligand partial charges. Finally, in step 3 the

Figure 11.4 Resulting free energy curves for an
example binding strength comparison. Each
graph plots qV=qlh i against l. The first column
gives results from the three transformation
substeps of the complex-bound ligands, and the

second for solvated ligands. The third column
gives the differences for both transformations.
Errors bars give the standard deviation of
qV=qlh i for each window. See the text for
details.
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hydroxyl group has its atomic partial charges introduced. This setupmakes sure that
only vdWparticles of zero partial charge are introduced or removed from the system.
This is done to avoid simulation instabilities, as described above. In addition, also for
reasons of simulation consistency, the vdW transformation will use separation-
shifted soft-core potentials, to prevent an origin singularity type of free energy
divergence [98, 105].

Each individual substep transformation is performedby combining data fromnine
different l-values, evenly spaced from 0.1 to 0.9. The total free energy calculation
therefore consists of 2� 3� 9 ¼ 54 individual MD simulations, each conducted
with a different, l-dependent potential function. As the simulations donot depend on
each other, this illustrates the trivial linear scaling behavior of free energy calcula-
tions, at least up to dozens of CPUs. Each MD simulation consisted of a typical
equilibration protocol combining a preliminary energy minimization to remove bad
contacts with 50 ps length temperature and density equilibration, followed by
production runs under ambient conditions in the NPTensemble. Simulations were
conducted using an Amber force field [125], a 2 fs time step applying the SHAKE
algorithm to bonds involving hydrogen atoms, and a Langevin thermostat to control
the temperature. The data summarized here are from 200 ps length simulations per
l-window, representing over 10 ns of total simulation time. Nevertheless, a real
application simulating more complex chemical changes may require significantly
more sampling to yield converged results.

Performing the numerical integration for the free energy difference curves yields
three DDF0 values for the substeps: DDF0

step 1 ¼ 0:05 kcal/mol, DDF0
step 2 ¼ 1:72

kcal/mol, and DDF0
step 3 ¼ 0:06 kcal/mol. All steps combined give a DDF0

total of
þ1.83 kcal/mol. It should be noted that even though steps 1 and 3 deal only with
changing atomic partial charges, a partitioning of the substep results into an
electrostatic and a steric contribution to binding is not unambiguously possible.
Even though such a partitioningmay seem straightforward, only the total free energy
change is a state function. The substep results are path dependent and may change
for different simulation protocols. Since the transformation was set up so that a
change of l from0 to 1 changed benzene into phenol, the total result indicates that the
binding free energy of phenol to the receptor is more positive; therefore, it is
predicted to be a weaker inhibitor. While such a simple example calculation cannot
be expected to yield quantitative results (the experiment gives aDDF ofþ2.5 kcal/mol
or larger [114]), it allows us to clearly judge the investigated ligand change (addition of
a hydroxyl group) as not beneficial to the binding strength.

11.3.3
Applications

We will now turn to applied examples of computational lead optimizations using
free energy calculations in conjunction with protocols similar to the ones introduced
above. Due to space constraints, the selected recent exemplary studies can
only be highlighted very briefly, and much alternative work has to go unmen-
tioned [126–143]. Without focusing too much on details of the respective studies,
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we will try to demonstrate that free energy calculations have become powerful and
reliable methods in the medicinal chemists� toolkit.

The first example will deal with caffeic acid derivative inhibitors of human
neutrophil elastase. The enzyme is a serine protease secreted by white blood cells,
capable of cleaving peptide bonds after small, aliphatic amino acid residues. Its
normal function is to degrade foreign proteinmatter, but the enzyme is implicated in
various inflammatory diseases, and elastase inhibitors are of therapeutic interest.
Natural compounds have been suggested as a potential starting point for new
inhibitors and various caffeic acid derivatives are known to bind with moderate
strength [144]. In our previous work, we have constructed a binding modemodel for
caffeic acid derivatives and calculated the effect of various aromatic ring substitutions
on their binding affinities [145]. It was possible to suggest a new, improved
compound, bornyl (3,4,5-trihydroxy)-cinnamate, that after synthesis and activity
testing turned out to be the strongest caffeic acid derivative-based inhibitor of
elastase known at the time [146]. However, the data given in Table 11.1 show that
a direct comparison of experimental and theoretical results via Eqs. (11.1) and (11.2)
does not lead to quantitative agreement, since the compounds exhibit different
binding kinetics. Nevertheless, this study showed that small-scale ligand improve-
ment studies can be readily conducted combiningmodern prediction, synthesis, and
analysis methods.

Amuchmore extensive study, involving multiple rounds of subsequently improv-
ing nonnucleoside inhibitors of HIV reverse transcriptase (NNRTIs), has been
published over the past years by the Jorgensen group [147–151]. Here, free energy
calculations are embedded in a comprehensive lead compound discovery and
optimization framework [152]. Starting from a high-resolution crystal structure,
ligand docking and de novo design techniques are used to scan a large chemical space

Table 11.1 Residue variations of caffeic acid derivative neutrophil elastase inhibitors (given are the
chemical modifications investigated, the predicted binding free energy differences DDF0 with
respect to bornyl caffeate, and the measured IC50 values).

Ligand R1 R2 DDF0
calc (kcal/mol) IC50

Bornyl caffeate OH H � 0:0 1.6 mM
Bornyl coumarate H H þ2.0 69 mM
Bornyl ferulate OMe H þ3.3 78 mM
Bornyl (3,4,5-trihydroxy)-cinnamate OH OH �3.7 540 nM
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for prospective binders. After an ADME filter stage, retaining only sufficiently drug-
likemolecules, a binding assay is conducted to find initial (typically mM) leads. These
are then subject to systematic free energy chemical modification scans, selecting
molecules with improved predicted binding properties and refining their structures
further in subsequent free energy optimization steps. By changing substituents of a
common structural core, exploring variations of the heterocycle scaffold, and con-
ducting small group scans in which hydrogens are replaced by functional groups
such as�Cl,�CH3, or�OH, it was possible to improve the compounds from a first
lead of 10 mM inhibition constant to a low nanomolar one. Note that even such a
dramatic increase in binding strength corresponds to a free energy change of only
about 5 kcal/mol, illustrating the high-accuracy requirements demanded in these
applications. This study exemplifies the improvements made in computational drug
design in the past few years, up to a point where the authors confidently conclude that
�with moderate computer resources, the bottleneck in lead optimization is the
synthetic chemistry� [152].

The preliminary results of an ongoing study of ours [153] add a less optimistic note
to the notion that accurate and well-converged free energy estimates can readily be
obtained in reasonable time today. The binding of the natural kinase inhibitor
fascaplysin (FAS), compared to its hypothetical chargeless derivative carbofascaply-
sin (CRB), to the two related cell cycle regulator enzymes CDK2 and CDK4 was
investigated to elucidate the effect ofmolecular charge on the compound�s specificity.
While passing over many of the details, we would like to point out the main result of
the TI calculations. The ligand transformation CRB to FAS was conducted in three
different environments, in pure solvent, with the changing ligand bound to CDK2,
and with the changing ligand bound to CDK4. The simulation efforts were sub-
stantial, if by modern standards no longer exceptional, conducting hundreds of
nanoseconds of total MD simulation time. From Figure 11.5, several points can be
made: (1) The natural ligand FAS binds stronger to both kinases than CRB. (2) CDK4
would strongly favor binding FAS over CRB, while CDK2 would favor it slightly. (3)
Results for both protein-bound transformations vary widely over the course of 5 ns,
but are nevertheless qualitatively predictive. (4) Only the simulation in pure solvent
fully converges within the simulated time frame. The slow convergence behavior
shows that while free energy calculations clearly can be predictive, obtaining
quantitative answers still requires large, possibly prohibitive, efforts and the accuracy
of results may be system dependent.

The studies described so far have dealt with computing relative binding free
energies for small chemical modifications of ligands. As a final example, we will
present studies aimed at computing absolute binding strengths for FKBP, the FK506
binding protein. This small, rigid protein is of interest for binding immunosup-
pressive drugs and remains an important model system in biochemistry. A set of
comparably large and flexible, experimentally known inhibitors has been investi-
gated by Shirts et al. among other studies of the system, who were able to compute
binding free energies in good agreement (to within 1–2 kcal/mol) to experimental
data [117, 154–157]. Even so, agreement among different theoretical studies was not
always good, potentially due to different calculation protocols used or varying
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amounts of sampling performed. Nevertheless, these studies show that, even though
the details of performing an optimal ligand binding free energy calculation are still
being discussed, the computation of accurate, absolute binding free energies for
large and complex systems is well within reach of today�s tools,finally fulfilling a long
sought goal of computational chemists.

11.4
Discussion

In the preceding paragraphs, we have intended to give an overview about the
theoretical foundation of free energy calculations, typical protocols on how to employ
them, and a few examples on how they can be applied to the study of protein–ligand
interactions.When taken togetherwith theneeds ofmoderndrugdesign and a look at
the areas where computational techniques have been used to advance its progress, it
is obvious that free energy calculations are in principle particularly well suited to
provide medicinal chemists with exactly the kind of information they need in the
course of a lead optimization study. Therefore, computational alchemy type simula-
tions appear perfectly posed to fill a specific niche in the drug design business.While
that has been clear since the inception of those methods, adopting them for practical
applications has been a slow process [158, 159]. The reasons for that are various,
including until recently insufficient computer power [160], strong competition from
alternative experimental and theoretical methods, programs that are difficult to use
even for experts, and a lack of thorough testing and validation of most simulation
methods [161].

Figure 11.5 Free energy result of three
different TI calculations, transforming
carbofascaplysin into fascaplysin. While the
transformation converges quickly in water, the
protein simulation results vary widely over the

course of 5 ns. Each data point gives the DF0

result of a 200 ps part of the simulation, with
estimated uncertainty. Data taken with
permission of the authors from Ref. [153].
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In the past few years, two main questions have come into focus: Is the increased
accuracy of a free energy calculation compared to simpler and quicker tools worth the
additional effort? Can free energy calculations be conducted with a speed and
reliability that would allow them to be incorporated into existing drug development
pipelines [54]? Due to the advances in algorithms, quality and efficiency of the
underlying molecular dynamics simulations, and careful testing and fine-tuning of
protocols, the answer to these questions increasingly tends to be �yes.� The current
high activity and interest in the field will certainly produce results that make this
conclusion more definite in the future.

As a note of caution, we will point out that predictions for an imminent
breakthrough of free energy calculations to enter the mainstream of applied drug
design are not much older than reviews on the subject [162, 163]. Still, the trend
mentioned in Ref. [164] continued over the past 2 years, as a literature search [165] on
the topics �free energy calculations� and �ligand binding� reveals (Figure 11.6).

Figure 11.6 An ISI Web of Knowledge search for studies on the topics �ligand binding� and �free
energy calculation,� grouped into 2-year periods. Data for the year 2010 do not include studies
published after November.
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12
Scoring Functions for Protein–Ligand Interactions
Christoph Sotriffer

12.1
Introduction

Scoring protein–ligand interactions is a fundamental prerequisite for any compu-
tational endeavor dedicated to the identification, investigation, or optimization of
ligands binding to a protein. As such, it is an essential component of structure-based
virtual screening and drug design. Scoring is meant to quantify the quality of a
protein–ligand binding mode, most commonly in the form of an estimate of the
binding affinity or free energy of binding. Although such an estimate may also
be obtained by simulation methods based on rigorous statistical thermodynamics,
the term �scoring functions� generally rather refers to much faster approaches.

Because scoring functions are a subject well covered by a respectable number of
reviews [1–8], it is worthwhile to define the scope of the chapter at hand. Given the
recent extensive discussion of scoring functions in the context of virtual screening
(cf. Volume48of this book series [9]), the goal of this account is to present a somewhat
different perspective, focused more on the nature of the protein–ligand interactions
and theway these are (or are not) accounted for by scoring functions. To set the scene,
an overview of the available strategies and approaches is provided first, along with
examples of the most recent developments. This is followed by a report of the status
quo in terms of prediction quality as revealed by comparative assessments of scoring
functions. Subsequently, contributions to the binding affinity and their treatment in
scoring approaches are discussed, with emphasis on empirical scoring functions.
A brief perspective on future developments concludes this account.

12.2
Scoring Protein–Ligand Interactions: What for and How to?

The general goal of scoring functions is to predict the change in Gibbs free energy
under standard conditions, DG�

bind, for the equilibrium process of noncovalent
protein–ligand complex formation from the isolated interaction partners in aqueous
solution. This �binding affinity� or �free energy of binding�DG�

bind is directly related
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to the equilibrium constant of the corresponding reaction, provided as either
association constant Ka or – more commonly – dissociation constant Kd:
DG�

bind ¼ �RT ln Ka ¼ RT ln Kd, where R is the gas constant and T is the temper-
ature. For competitive enzyme inhibition, the inhibition constant Ki corresponds to
the dissociation constant of the enzyme–inhibitor complex and, hence, is commonly
used as an experimentalmeasure of binding affinity (often reported as�logKi¼ pKi).
Scoring functions are, thus, often trained to reproduce Ki or pKi values.

With access to the true free energy of binding of a given ligand in a specific binding
mode, a scoring function would perfectly fulfill all of its tasks, that is,

1) The prediction of the correct binding mode: This is essential in the context of
docking,wherethescoreisusedasoptimizationparameteror,alternatively,wherea
largeensembleofposesisgeneratedandthebestnear-nativeposemustbedetected.

2) The ranking or relative affinity prediction: This is essential in the context of
virtual screening and refers to the goal of ranking compounds and/or separating
actives from inactives.

3) The absolute affinity prediction: Even though not strictly required in virtual
screening, the ability to predict the absolute affinity of a given compound
irrespective of the availability of reference compounds or experimental SAR
data is an important goal. In lead optimization, a gross ranking as in virtual
screening is not sufficient, and more precise estimates of affinity are required.
Accordingly, a high correlation of the score with the experimental binding
affinity is necessary to make a scoring function practically useful in this context.

If the true DG�
bind for any given ligand pose was available, all problems could be

solved simultaneously with the same accuracy. In contrast, current scoring functions
show clearly different performances with respect to these three tasks. This is related
to the simplifying assumptions and strategies followed to obtain practically applicable
(i.e., sufficiently fast) scoring functions.

A common general assumption in scoring functions is the additivity of molecular
interactions and contributions to the binding affinity, ignoring cooperative effects
[10, 11]. Furthermore, most scoring functions attempt to score a ligand based on a
single configuration of the complex, ignoring the conformational ensemble in the
bound state and often also the unbound state of the ligand and the protein. Obviously,
this imposes some fundamental limitations on the accuracy that can be expected.
Within this framework, three common classes of approaches can be distinguished,
which are the knowledge-based scoring functions, the force field-based methods, and
the empirical scoring functions, all ofwhichwill be briefly introduced in the following.
Transitions among these classes exist, aswell as further approaches that cannot strictly
be assigned to any of them; these will be discussed in a separate section.

12.2.1
Knowledge-Based Scoring Functions

To capture the knowledge about protein–ligand binding that is implicitly stored
in structural databases, knowledge-based methods use statistical analyses of
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interatomic contacts to derive atom-type- and distance-dependent pseudopotentials
for protein–ligand interactions. This approach is based on the assumption that
intermolecular interactions between certain atom types occurringmore frequently at
certain distances than expected by random or seen in an average distribution are
likely to be energetically favorable [2]. Conversely, for less frequently observed
contacts, repulsive or unfavorable interactions are anticipated. The mathematical
formulation is based on the inverse Boltzmann law by which �potentials of mean
force� are calculated from the statistical probability distribution in the analyzed
ensemble of experimental structures. The resulting potentials can then be used to
score a protein–ligand complex.

In general, the Protein Data Bank (PDB) [12, 13] is used as source of structural
information, but also the Cambridge Structural Database (CSD) [14] has beenmined
to derive potentials of intermolecular interactions for scoring protein–ligand com-
plexes [15]. Examples of knowledge-based scoring functions include ASP [16],
BLEEP [17, 18], DFIRE [19], DrugScorePDB [20], DrugScoreCSD [15], ITScore [21],
M-Score [22], PMF [23], and SMoG [24]. They differ by the number of complexes used
for deriving the potentials, the atom type definitions, the covered distance range, and
the chosen reference state.

A major advantage of the approach is that the derivation of the potentials is based
exclusively on structural data and does not depend on experimental affinity values.
This avoids all problems associated with affinity data for training, as mentioned
below in the context of empirical scoring functions. Related to that, larger data sets
can (and must) be used for deriving the functions in order to obtain statistically
meaningful potentials. In turn, this reduces the problem of the applicability domain
and the need for extrapolation. For atom-type combinations still underrepresented in
the PDB, the use of the CSD is a valuable alternative, yielding improved functions, as
shown for the DrugScore potentials [15]. As a further advantage, no explicit
interaction terms as in empirical scoring functions must be predefined (although
approaches exist where such additional terms are used; cf. below). Rather, contribu-
tions difficult to quantify are in general assumed to be implicitly included to a certain
extent. However, no absolute estimate of binding affinity is obtained (unless an
empirical scaling factor is derived), and the strength of the functions lies on structural
aspects, that is, pose prediction and the identification of near-native poses (cf.
Section 12.3). Improvements in terms of prediction accuracy for particular, struc-
turally well-covered targets or target classes have been obtained by constructing
targeted knowledge-based scoring functions: for CDK2 with the ASP functions [16];
for kinases as a target class by exclusively using kinase complexes (872 structures) for
the derivation of PMF-like functions [25]; and by using affinity data for tailoring
knowledge-based interaction fields to a particular binding site in a PLS-based
procedure [26].

Among the most recent developments in the field of knowledge-based scoring
functions, Huang and Zou have described an approach for adding to their ITScore
function explicit terms accounting for the solvation effect and – bymeans of relatively
rough approximations – for the configurational entropy of the ligand [27].
The resulting ITScore/SE function led to significantly improved prediction accuracy
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for near-native poses and better correlation with experimental affinities in compar-
ison to the original ITScore. Based on the reported tests, it belongs to the best-
performing knowledge-based scoring functions [27]. In another study, Shen et al.
have presented an iterative procedure for deriving PMF-like knowledge-based
potentials with the inclusion of binding affinity data, giving rise to the IPMF
function [28]. Not unexpectedly, the performance in activity prediction tests was
significantly improved; however, �in the test of reranking binding poses, IPMF
demonstratedminor improvements over other evaluated knowledge-based functions
and showed an inferior performancewith respect to the other scoring functions� [28].

12.2.2
Force Field-Based Methods

At first sight, a relatively straightforward approach to scoring protein–ligand inter-
actions consists in the application of amolecularmechanics (MM) force field. Unless
the intramolecular strain energy of the ligand is included, only the nonbonded
interaction terms are used for this purpose. In general, these are the Lennard-Jones
potential for the van der Waals interactions and the Coulomb potential for the
electrostatic interactions. Force fields depend on empirical parameters, which are
commonly derived from physical measurements or quantum mechanical ab initio
calculations, but generally not from binding affinity data. This is due to the main
purpose of force fields, which is the accurate description of the structure and the
conformational energies of a molecule. Given the need for empirical parameteriza-
tion, force fields can normally only be applied to themolecular classes they have been
parameterized for. Consequently, in the context of scoring functions, biomolecular
force fields such as AMBER [29, 30], CHARMM [31], and OPLS [32] are of most
interest.

Approximating the total free energy of binding solely by the intermolecular force
field terms, however, neglects important contributions (in particular, entropic
effects), leading to a large size dependency of the scores (i.e., the larger the ligand,
the better the score) and frequently to an overestimation of polar contributions.
Accordingly, force field-based scoring schemes generally need to take into account at
least the contributions arising fromdesolvation of ligand and protein. This is possible
by adding either a continuum solvent Poisson–Boltzmann (PB) [33] or generalized
Born (GB) [34] term for polar solvation and a solvent-accessible surface area (SA) term
for nonpolar solvation. In some approaches, as for example in the RankScore
functions [35], the desolvation terms and the intermolecular force field terms are
used as descriptors for calibrating an empirical scoring function. In general, however,
forcefield and desolvation terms are directly combinedwithout further calibration on
experimental binding affinities.

By modeling the ligand as fully desolvated, the ligand desolvation penalty has also
been approximated as the full transfer free energy from high-to-low dielectric
medium [36]. This, however, frequently overestimates the magnitude of the deso-
lvation penalty. Thus,more recently, an improved physicalmodel has been suggested
by introducing a context-dependent ligand desolvation term [37]. Here, the GB
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effective Born radii for every ligand atom are related to a fractional desolvation, which
is precomputed on a grid (tomake the approach fast enough for docking applications)
by integrating over the volume of receptor proximal to a ligand atom andweighted by
distance. This fraction is then used to scale an atom-by-atom decomposition of the
full transfer free energy. The new method has been found to improve docking
performance across receptor types and to lead to somewhat better enrichments in a
large-scale test on the 40 DUD [38, 39] targets.

Among the most prominent methods combining force field terms with solvation
terms without further calibration is the MM-PBSA [40–43] or MM-GBSA [44–48]
methodology, following either the PB or the GB approach for obtaining the polar
solvation term. Although frequently omitted, it originally also includes a term
accounting for the vibrational entropy, as estimated from a normal mode analysis
of harmonic frequencies at the molecular mechanics level. The large standard
deviations typically observed in calculations of this term impose a major limitation
to the precision of the MM-PBSA results; this led not only to its omission in many
application studies, assuming cancellation within an congeneric ligand series with
conserved binding mode, but also to studies proposing improved calculation pro-
tocols, resulting in largely reduced standard deviations [49].

MM-PBSA in particular is computationally expensive and, thus, normally only
useful for rescoring of preselected poses. However, studies directed toward improv-
ing the computational efficiency of the approach [50, 51] have demonstrated its
applicability also to larger data sets in industrial drug designworkflows [52]. Although
in general MM-PBSA is applied to ensembles sampled by molecular dynamics
simulations, it has also been shown that using only singleminimized configurations
may not significantly reduce the discriminatory power for distinguishing between
low- and high-affinity ligands [41]. Similarly, the LIECE (linear interaction energy –
continuum electrostatics) approach replaces the sampling used in LIE [53] by an
energy minimization of the free and the bound state of the binding partners; the
binding free energy is then estimated from the empirically scaled van der Waals and
electrostatic interaction energies of free and bound states combined with a treatment
of solvation within the continuum electrostatics approximation by numerical solu-
tion of the Poisson equation [54].

Further methods relying on force field-based molecular dynamics or Monte
Carlo simulations for calculating binding free energies, ranging from the rigorous,
but computationally most expensive free energy perturbation and thermodynamic
integration methods [55–59] to the microscopic linear response approximation
LRA/b [60] and related approaches such as the linear interaction energy meth-
ods [53, 61, 62] to the protein dipoles Langevin dipoles method (PDLD/S-LRA
version [60, 63]), are beyond the scope of this chapter, which is focused on scoring
functions rather than simulation methods.

Due to the steadily increasing computing power, it has also become possible to go
beyond the molecular mechanics approach and replace or supplement at least some
of the force field terms by expressions calculated with quantum mechanical (QM)
methods. In particular, hybrid QM/MM or semiempirical QM (SQM) methods have
already found application in the context of drug design [64].WithQMScore,Merz and
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Raha have pioneered the field by developing a scoring function based on a full QM
potential that uses a linear scaling semiempirical method to calculate properties of
the protein, the ligand, and the complex and to combine them to obtain a binding free
energy [65, 66]. In particular, QMScore calculates the electrostatic interactions and
contributions to the solvation free energy using semiempirical QMmethods with an
AM1 or PM3Hamiltonian and the PB/SCRFmethod. Besides the heat of interaction
calculated quantummechanically, themaster equation includes the dispersive (1/R6)
part of the classical Lennard-Jones potential, as well as terms accounting for the
solvation/desolvation free energy, the solvent entropy, and the number of freely
rotatable bonds.Multiple linear regressionwas used to obtainweights for these terms
by fitting to experimental affinity data for a set of 165 protein–ligand complexes,
resulting in an R2 of 0.55 [66]. Instead of the AM1 or PM3Hamiltonians, Hobza and
coworkers proposed to use the semiempirical PM6-DH2 method, which includes
corrections for dispersion energy and hydrogen bonds [67]. Accordingly, they
introduced a fast rescoring scheme for docked complexes, where the total score is
constructed as the sum of the PM6-DH2 interaction enthalpy, the empirical force
field (vibrational) interaction entropy, and the sum of the deformation and the
desolvation energies of the ligand [68]. No empirical parameter for any of the
components is added. The method was applied to rescoring the docking results of
a set of 22 HIV protease complexes, and a clear improvement was observed in
comparison to the results obtained directly from DOCK [68]. Docking to HIV
protease was also used as a test case for scoring with QM/MM approaches as
described by Fong et al. [69]. Here, either the QM part contained only the ligand
andwas calculated at theHF/6-31G�, AM1, andPM3 level of theory or– alternatively –
the QM part consisted of the ligand and the active site and was calculated with the
semiempirical PM3-D method. However, for the six complexes analyzed, the best
QM/MM method only performed comparably to a solvent-corrected MM scoring
function. Finally, the groupofMerz also proposed aQM/MMscoring scheme to avoid
the time-consuming SQM calculation for the entire protein in QMScore [70]. The
method was compared with QMScore results based on the full QM calculation for a
set of zincmetalloenzymes, illustrating that theQM/MM-based scoring function can
be optimized to perform nearly as well as the full QM calculation.

12.2.3
Empirical Scoring Functions

Based on the assumption of additivity, empirical scoring functions try to estimate the
affinity as a sum of individual contributions believed to be important for the free
energy of binding. In general, these contributions are evaluated in terms of geometric
descriptors of localized, chemically intuitive interactions, such as hydrogen bonds,
ionic interactions, and hydrophobic contact surfaces, or entropic factors, such as the
freezing of rotatable bonds. The descriptors depend on the structural data (distances,
angles, surface areas, etc.) of the complex and attempt to capture the essential
geometric characteristics of the interaction. The contribution to the affinity is
obtained by multiplying the descriptor with a weighting coefficient, which is
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determined by regression analysis or related statistical methods. For this purpose, a
training set of experimental affinity values for protein–ligand complexes of known
structure is required. Typically, in the past only a few dozen complexes were (and
could be) used for training and even fewer for testing, whereas nowadays through
efforts of data collection like PDBbind [71, 72], AffinDB [73], and SFC [74], or Binding
MOAD [75, 76] in the order of 2000 complexes are available for this purpose. Besides
the differences in the training set size and composition, significant differences also
exit in the number and type of the descriptors used in the equation, as summarized in
various reviews [1, 4, 77–79]. Further comments about the descriptors and the
interaction terms captured by empirical scoring functions can be found in
Section 12.4. Examples of empirical scoring functions include the archetypical
functions SCORE1 [80] and SCORE2 [81] of Boehm, as well as the functions
ChemScore [82], GlideScore [83], SFCscore [74], VALIDATE [84], and X-Score [85]
(cf. Ref. [9] for a more comprehensive list).

Empirical scoring functions critically depend on the quality and quantity of
experimental affinity data. Besides nontransferability issues because of the limited
sample of data used for training, the consistency and quality of the biological data
used for regression analysis point to amajor source of uncertainty. Just as an example,
the measured affinity of a single complex may differ by almost 2 pK units depending
on the buffer and salt concentration [86]. Clearly, any attempt to calibrate a scoring
function for a data set of different proteins with affinity data obtained with different
methods and under different conditions will necessarily be of limited accuracy.
Furthermore, structural data of protein–ligand complexes are mostly available for
high-affinity ligands, whereas structures for complexes with weak binders are much
less populated in the data sets. Although these problems have been recognized and
efforts to improve scoring functions by using larger and more consistent data sets
including SAR series have been initiated [74, 87], some fundamental problems
related to these issueswill be difficult if not impossible to overcome (e.g., consistency
of assay conditions across different proteins, structure determination of low-affinity
complexes).

As one of the most recent efforts along these lines, a new empirical scoring
function named PHOENIX has been developed exclusively on the basis of thermo-
dynamic data obtained from isothermal titration calorimetry (ITC) [88]. Interestingly,
models of enthalpic and entropic contributions were fitted individually by means of
PLS regression analysis, building on descriptors of the VALIDATE scoring func-
tion [84], but adding further shape and volume descriptors to better capture entropic
contributions.Overall, 42 descriptors and 112 protein–ligand complexeswere used to
derive functions for the change in enthalpy (DH) and the change in entropy (TDS).
Although the enthalpy and entropy predictions were of limited accuracy individually,
the calculation of the binding free energy (DG) in external validation tests led to
results that placed PHOENIX clearly among the better performing scoring functions
tested on the same data sets [88].

Given the problems with experimental training of empirical scoring functions,
Tarasov and Tovbin argued that a function with parameters selected on the basis of
general physical considerations without any adjustment or training on experimental
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data may circumvent these problems, but nevertheless be practically useful [89]. In
fact, they could show that the simple function NScore (naive score), which they
developed in this way, reached performance values for affinity prediction, docking,
and virtual screening at least in the range of other established andmore sophisticated
scoring functions. The simplicity and the lack of training on a set of protein–ligand
complexes, as well as the low sensitivity of the results on the chosen parameters, may
be advantageous for a robust and generally applicable function. Clearly, NScore does
not strictly belong to the class of empirical scoring functions, but rather to the �master
equation�-based approaches for estimating binding affinities [3].

A further recent addition to the class of empirical scoring functions is the
PLANTSCHEMPLP/PLP scoring function that was designed for the docking algorithm
PLANTS [90]. The emphasis, thus, lies on pose prediction. The functions are related
to parts of published scoring functions and force fields, in particular PLP [91],
GOLD�s ChemScore implementation [92], and the Tripos force field [93]. The
parameterization of the weighting parameters used a test set of only 31 complexes
from theCCDC/Astex data set [94], but included an explicit docking strategy to obtain
the values with best performance in docking pose prediction. This resulted in a clear
improvement in pose prediction performance for two external test sets, the CCDC/
Astex clean listnc and the Astex diverse set [95].

12.2.4
Further Approaches

Besides the three �classical� classes of scoring functions, an increasing number of
approaches are being described that either correspond to transitions among these
classes or introduce techniques that cannot be strictly assigned to any of the three
categories. In addition, methods for tailoring scoring functions to particular targets
are a possibility to obtainmore predictivemodels. Some of the newest developments
in these fields are described below. Classification or filter methods (as, for example,
those applied in the context of docking and virtual screening for separating binders
from decoys) providing no numeric estimate of the binding affinity are not included
in the following discussion.

Machine learning approaches are becoming increasingly popular for the deriva-
tion of scoring functions. They offer the advantage of circumventing the sometimes
problematic modeling assumptions via nonparametric methods. Ballester and
Mitchell report the first application of Random Forests to develop a scoring function
for the prediction of protein–ligand binding affinity [96]. Thereby, the assumption of
a predetermined theory-inspired functional form for the relationship between the
descriptors (which include a set of parameters that are fitted to experimental or
simulation data) and the binding affinity is avoided. As features for the character-
ization of the complex structures, the authors use the number of occurrences of
particular protein–ligand atom-type pairs (36 in total) interacting within a distance
range of 12 A

�
. Using the PDBbind core set of 195 structures described by Cheng

et al. [97] as test set and the remaining PDBbind refined set (1105 structures) as
training set, Random Forests for regression was used to train the RF-Score as new
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scoring function. RF-Score outperforms all other scoring functions tested by Cheng
et al. on the PDBbind core set and reaches a Pearson�s correlation coefficient (RP) of
0.776 and an RMS error (RMSE) of 1.58 (pK units). The disadvantage of RF-Score is
the lack of interpretability, which is in part due to the coarse atom types and the
absence of any distance dependency, but also related to the entirely data-driven,
model-free approach (which is a frequent problem ofmachine learning approaches).

Using support vector machine (SVM) techniques and property-encoded shape
distributions (PESDs) as molecular signatures, Breneman and coworkers developed
new scoring functions with training sets from the PDBbind database [98]. PESD
signatures account for distribution of polar and apolar regions as well as electrostatic
potential on the molecular surface and were originally developed to determine
similarities between functionally related binding sites [99]. In the PESD-SVM
approach, they were shown to be applicable also in the context of scoring, leading
to models that were able to achieve accuracy comparable to SFCscore (a classical
empirical scoring function including surface- and non-surface-based descriptors)
when applied to independent validation sets [98].

Similar to Ballester andMitchell, Kramer andGedeck developed a scoring function
using distance-dependent atom-type pair descriptors, which, however, were chosen
on the basis of distance-binned, Crippen-like atom-type pairs [100]. Instead of a
machine learning approach, classical QSAR-type fitting (i.e., multiple linear regres-
sion, here in the form of bagged stepwise multiple linear regression) was used. The
Crippen atom typing scheme [101] is generally applied rather in the context of QSPR
models and the prediction of physicochemical properties such as distribution
coefficients, but not typically for scoring functions. Here, its usefulness in this
context could be demonstrated, as training on a large subset of the PDBbind led to a
function with a Pearson�s correlation coefficient (RP) of 0.69 and an RMSE of 1.44 pK
units.

Support vector machines were also used to train a tailored scoring function for
direct inhibitors of M. tuberculosis InhA [102]. This was done by associating sets of
individual energy terms retrieved from molecular docking (with the program
eHiTS [103]) with the experimentally determined binding affinity (in this case, IC50

data). The obtained model resulted in a significant improvement in the correlation
coefficient when compared with the original eHiTS scoring function. Moreover, the
authors pointed out that �unlike the eHiTS scoring function, the SVM does not
assume the addition of the individual energy terms. Instead, for each molecule, it
uses an experimentally determined IC50 value to weight these energy terms accord-
ing to their likely contribution to the overall binding affinity. In this way, the
cooperative effects of noncovalent interactions may be taken into account.� [102].

A variety of other approaches are available for deriving such target-specific or
�tailored� scoring functions, trained in particular for one target or target class, as
summarized by Seifert [104]. In addition, methods making use in different ways of
residue-specific protein–ligand interaction terms should be mentioned in this
context. This includes the COMBINE approach by Wade and coworkers [105], in
which forcefield energy terms are decomposedon a per-residue basis and empirically
weighted on the basis of experimental affinity data (cf. Ref. [106] for a recent
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application example in the context of target selectivity prediction); the TScore
function, where individual protein–ligand interactions are evaluated for each residue
within 8 A

�
of the ligand by means of descriptors from other scoring functions and

individually weighted in a PLS analysis [107]; the w-SIFt (weighted structural
interaction fingerprints) approach, where the residue-based fingerprint of the inter-
actions of a ligand pose in the binding pocket is weighted (by a stochastic optimi-
zation procedure after dimensionality reduction) to capture the relative importance
of the binding interactions [108]; and MotifScore, a non-energy-based scoring
function for docking applications that transforms protein–ligand interactions into
three-dimensional geometric networks fromwhich recurring network substructures
(�motifs�) are selected and used to provide probability-ranked interaction templates
with which to score the docking solutions [109]. Yet another approach for targeted
scoring functions called knowledge-guided scoring (KGS) summarizes key protein–
ligand interactions as a pharmacophore model and identifies the reference complex
(with known affinity) with maximal similarity to the query complex to obtain an
improved affinity estimate from the empirically scaled difference between the scores
of the reference and the query complex [110].

12.3
Application of Scoring Functions: What Is Possible and What Is Not?

Obviously, thorough comparative evaluations are of utmost importance for the
selection and application, as well as the improvement of scoring functions.
Practically relevant and truly unbiased comparative assessments, however, are not
easily obtained, as amply discussed in the literature (cf. Ref. [111] and references
therein). Besides that, it would be helpful to know the limits of accuracy that may
ideally be reached by the available approaches. Along this line, Kenneth Merz has
presented a detailed error analysis for the computation of protein–ligand interaction
energies, suggesting that the error for computed energies quasi-linearly increases
with the increasing number of interactions present in a protein–ligand complex,
and may, thus, frequently represent a large percentage of the target free energies of
binding, particularly in absolute binding free energy determinations [112]. For a set
of 15 þ 7 protein–ligand complexes, different physics-based methods relying on
(short) simulations for calculating absolute binding free energies have been
evaluated by Singh and Warshel [63]. They concluded that the error range in the
microscopic models remains>2 kcal/mol, with the PDLD/S-LRA/bmethod staying
within an error range of <3 kcal/mol, but the MM-PBSA method exceeding
10 kcal/mol in some cases.

Clearly, affinity prediction is the major problem for current scoring functions,
whereas much better performance is generally observed for pose prediction in
docking or enrichment in virtual screening studies. This is the general conclusion
that may be drawn from the comparative assessments of scoring functions carried
out to date. A list of such studies has been compiled byMoitessier et al. [7] and further
evaluations have appeared since then [97, 113–115].
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Two of the most comprehensive studies are those conducted byWarren et al. [116]
and Cheng et al. [97]. In the former, 10 docking programs and 37 scoring functions
were tested against eight proteins of seven target types, primarily in the context of
virtual screening.With respect to pose prediction, 19 docking protocols (i.e., 10 dock-
ing programs with one to five scoring variants) were tested on a total of 136
structurally known complexes. The success rates in correctly identifying the pose
closest to the crystal structure varied considerably across the targets and protocols,
with best values close to 75%, but also many results of less than 10%. Also with
respect to virtual screening, performance across different targets varied considerably.
For six of the seven targets at least one docking program/scoring function combi-
nation showed an enrichment factor �5 at 10% of the rank-ordered compound list.
Most troubling was the lack of correlation between the ability to reproduce binding
modes and enrichment in virtual screening. In fact, enrichment may be due to
screening out compounds that are wrong for the target rather than selecting those
that are right [87], whereas distinguishing among the sensible candidate ligands (by
correctly predicting the binding free energy) remains a major challenge. Related to
that, in testing the affinity prediction (for lead optimization), �the data revealed that
there is no statistically significant correlation between measured affinity and any of
the scoring functions evaluated across all eight protein targets examined� [116], with
0.57 as the best correlation coefficient for a single target and scoring function
combination.

With their work on the PDBbind database [71, 72], the group ofWang has provided
the scientific community with large data sets of affinity values for protein–ligand
complexes from the PDB. This constituted a major advance in the sense that the
formerly very limited size and diversity of affinity test sets may have led to far too
optimistic estimates of the actual scoring power. Moreover, it appears that over the
past years the PDBbind data sets have become a de facto standard for the development
and comparative evaluation of scoring functions [74, 96–98, 100, 117]. In the study of
Cheng et al. [97], theWang group has presented a refined test set of 195 diverse, high-
quality structures to assess prediction accuracy of scoring functions in a way that the
evaluations are independent of the context of docking or virtual screening [97].
Summarizing the results of their assessment, the currently best functions reach close
to 80% success rate in detecting a near-native pose (RMSD< 2A

�
) as top-ranked result

(with knowledge-based potentials performing best); correlations with experimental
affinity of �0.65 in terms of Pearson�s correlation coefficient for the entire data set,
and between 0.34 and 0.82 for four target-specific data sets; and 58% success rate in
the ability to correctly rank the low-, medium-, and high-affinity ligands for each of
the 65 targets in the data set. Thus, while respectable success rates are obtained in
pose prediction, the correlationwith experimental affinity is disappointinglyweak for
all tested functions.

Significant improvements could be obtainedwith newer functions developed since
then. The RF-Score of Ballester andMitchell [96] was tested on the 195 complexes of
the Cheng data set and reached an RP of 0.776 with an RMSE of 1.58, as already
mentioned above. Kramer and Gedeck have pointed out, though, that the estimated
prediction quality from standard validation techniques looks too optimistic if
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proteins from the same family are present in both the training and validation
sets [118]. They suggested that instead a leave-cluster-out cross-validation would be
more appropriate for validating scoring functions derived from diverse protein data
sets. Subjecting RF-score to a leave-cluster-out cross-validation based on the 2009
version of the PDBbind database clustered into 23 protein families (with at least 10
members per family) revealed a strongly varying prediction quality for different
protein families. For 5 of the 23 clusters, R2 values >0.5 were obtained, whereas 7
clusters showed R2 values<0.1. Thus, more detailed information about the variance
of the performance can be obtained, and further improved scoring functions will
have to show a more stable performance across different protein families in leave-
cluster-out cross-validation.

With respect to pose prediction, Feng and Marshall have provided additional test
results en route of the development of the docking program SKATE, which decouples
systematic sampling from scoring [119]. The systematic sampling of SKATE was
shown to generate a near-native pose (with an RMSD of less than 2 A

�
from the crystal

structure) in 95–98% of the cases for the Astex/CCDC set [95], the Surflex set [120],
and the Vertex set [121], comprising a total of 266 different complexes. Ranking the
generated poses with four different scoring functions led to success rates between 87
and 66% at an RMSD threshold of 2 A

�
for the Astex/CCDC set. For the Surflex set the

values were between 84 and 52%, and for the Vertex set between 77 and 69%. Thus,
similar to the Cheng results, 80% success rate ormore appears to be possible in pose
prediction with the best available approaches.

As a further effort to provide data sets for benchmarking, the CSARdock project
has come up with a high-quality data set (CSAR-NRC HiQ data set; http://csardock.
org) based on data from the BindingMOAD [75, 76]. Initiated through a workshop in
2010, this data set was used for a benchmarking exercise carried out by different
groups to examine the performance and improvements of scoring functions across
diverse proteins. The collective results have been announced to be published in a
special issue in the Journal of Chemical Information and Modeling and will certainly
provide a further in-depth view of the status quo in the field of scoring functions.

12.4
Thermodynamic Contributions and Intermolecular Interactions: Which Are
Accounted for and Which Are Not?

To illustrate some of the strengths and weaknesses of (empirical) scoring functions
with respect to the consideration of particular thermodynamic contributions, the
complexes of tRNA-guanine transglycosylase (TGT) with two closely related small
ligands are analyzed with the scoring function SFCscore [74] and compared in
Figure 12.1. The complex with the 4-aminophthalhydrazide 1 (PDB 1enu) [122] is
shown on the left-hand side and the complex with the butyl-imidazopyridazinedione
2 (PBD 1n2v) [123] on the right-hand side. The experimental pKi of 1 is 5.08, whereas
for 2 a value of 4.08 was measured. Scoring the two complexes with the SFCscore
function sfc_290m yields a calculated pKi of 5.72 for 1 and 5.34 for 2 (none of the two
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complexes was part of the sfc_290m training set). While slightly overpredicting the
affinity of 1 (þ 0.64) and more significantly of 2 (þ 1.26), the scoring function
provides a reasonably correct estimate of the affinity range and the ranking of the two
compounds. This result can be analyzed in detail, as sfc_290m is an interpretable
function derived by multiple linear regression. Because no metal ions are present in
the binding site, the score arises fromfive different descriptors: neutralH-bond score
(n_hb), number of rotatable bonds (n_rot), ring–ring interaction score (RRscore),
atom hydrophobicity difference (AHPDI), and the total buried ligand surface area
(TotBurSurf). The lower affinity of 2 in complex 1n2v is essentially due to a less

Figure 12.1 The two TGT complexes with
compound 1 (PDB 1enu, left column) and
compound 2 (PDB1n2v, right column) and their
analysis with SFCscore as an example for the
strengths and weaknesses of empirical scoring
functions for protein–ligand complexes. In the
middle row, the different interaction of Leu231

with the two ligands is highlighted. In the
bottom row, some of the descriptors calculated
with SFCscore are visualized. See the text for a
further detailed discussion. The figures of the
complexes were generated with PyMOL [124],
augmented with an in-house routine for
visualizing SFCscore descriptors.
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favorableH-bond score (n_hb:�0.45 pKunits relative to 1enu) and a loss in torsional
degrees of freedom due to the butyl chain (n_rot: �0.19 pK units). These terms are
only partially counterbalanced by the increase in the buried surface area term
TotBurSurf (þ 0.36 pK units). The ring–ring interaction with Tyr106 is scored
slightly worse in 1n2v (�0.02 pK units), as is the atom hydrophobicity difference
(�0.07 pK units). Looking at the structures, this appears reasonable, as 1 (1enu) has
no torsional degrees of freedom to lose, does not burry as much surface area as 2
(1n2v), and places its aromatic ring system virtually perfectly next to the Tyr106 ring.
In terms of neutral hydrogen bonds, 1 forms an excellent H-bond to Gly230 (dark
green in the bottom left section of Figure 12.1), two very goodH-bonds to Leu231 and
Gln203 (light green in thefigure), and a veryweakly scoredH-bond toMet260 (shown
in red in thefigure). In contrast, for 2 only theH-bond toGly230 receives the same full
score (dark green in the bottom right section of Figure 12.1), whereas the H-bond
interaction with Gln203 is scored much weaker (shown in orange in the figure) and
the H-bonds with Leu231 and Met260 are completely lost. (Note that the function
sfc_290m does not consider H-bonds with charged groups, as this term was not
found to be beneficial in the calibration of the function. Accordingly, the H-bonds
formed with Asp156 do not contribute to the score, even though the corresponding
descriptors can be calculated with SFCscore and are also illustrated in Figure 12.1.)

Although these findings speak for a geometrically very sensitive consideration of
protein–ligand hydrogen bonding, it is also immediately apparent that important
contributions are completely neglected. In particular, the example illustrates how the
local binding site may differ even for closely related ligands binding to the same
protein. While 1 forms a direct interaction with Leu231, the backbone of this residue
is flipped in the complex with 2 and the direct interaction is replaced by a water-
mediated interaction (cf.middle rowof Figure 12.1)! The scoring function completely
neglects this effect, as neither the energy difference between the two protein
conformers nor the interaction with water molecules is explicitly considered. The
latter is also of relevance with respect to the �bottom� carbonyl group of the ligands
shown in Figure 12.1. While this acceptor appears to remain unsaturated in the
binding site, in reality it formsH-bondswithwatermolecules located at the bottomof
the pocket. Onemay argue that not considering them is acceptable in the present case
because it resembles the solvated state and, hence, no significant affinity contribu-
tions should arise. On the other hand, there are certainly at least subtle energetic
differences that are definitely not taken into consideration here.

Hydrophobic interactions are primarily accounted for by the AHPDI descriptor, as
well as partially by the total buried ligand surface (TotBurSurf). The latter is the largest
contribution to the score (1.68 pK units for 1 and 2.04 for 2), but a rather unspecific
and mostly size-dependent descriptor, because it does not distinguish between
different surface types. Although SFCscore partitions the surfaces into hydrophobic,
aromatic, and polar, the descriptors derived thereof did not lead to improved
functions upon calibrating sfc_290m.Thehydrophobic–hydrophobic contact surface
is illustrated for 2 in the bottom right section of Figure 12.1 as yellow spheres, which
correspond to the centers of the surface cubes forming the contact interface between
hydrophobic protein surface patches and hydrophobic ligand surface patches
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(descriptor �SURFC-HYDROPHOBIC-HYDROPHOBIC�). For 2, 58 such surface
cubes are detected, whereas only 10 are counted for 1 (the latter not shown in
Figure 12.1). Qualitatively, this indicates indeed more favorable hydrophobic inter-
actions for 2. Finally, aromatic (aryl–aryl) interactions are taken into account by the
RRscore descriptor, albeit only in a crudemannerwith very simple distance and angle
criteria. The interaction between two aromatic rings fulfilling these criteria (as in the
case of 1) contributes 0.142 pK units to the overall score in sfc_290m. This is a small,
but significant contribution, which can add to larger values if multiple ring–ring
interactions occur. In the development of sfc_290m, RRscore was found to be a
valuable descriptor, whose omission led to decreased overall performance.

In summary, this example illustrates the advantages and difficulties of empirical
scoring functions: On the one hand, certain (directed) interactions can be encoded
quite straightforwardly in terms of geometric descriptors, which in turn yield well-
interpretable functions. On the other hand, many contributions (in particular those
dominated by entropic effects) cannot be reduced to simple descriptors; furthermore,
the model-dependent partitioning into different contributions is hardly able to
capture all relevant interactions, either because the training set composition does
not contain sufficient variance to make the descriptors statistically useful in the
regression analysis or because the partitioning itself is ultimately arbitrary and leads
to a plethora of problems when attempting to accurately model a particular contri-
bution in isolation.

Although it is well known that the enthalpic and entropic components of protein–
ligand binding cannot be partitioned into individual terms and behave in a nonad-
ditive fashion [125], for many practical purposes, in particular in medicinal chem-
istry, it is highly advantageous to define rules for molecular interactions and to
describe these interactions in terms of the dominant forces or contributions. Most
commonly, these are then phenomenologically analyzed and classified by the
interacting partners (e.g., �hydrogen bond,� �aryl–aryl interaction,� �cation–p inter-
action�). An excellent overview of such a �medicinal chemist�s guide to molecular
interactions� has been provided by Bissantz et al. [126]. Based on this guideline, one
may ask which thermodynamic contributions and specific interactions are actually
accounted for in typical scoring functions (cf. Ref. [9] for amore detailed discussion of
the different interaction terms in the context of scoring functions). Regarding specific
intermolecular interactions influencing the enthalpy of binding, the following terms
need to be considered: hydrogen bonds, including salt bridges and weak hydrogen
bonds as subclasses; halogen bonds; orthogonal multipolar interactions; aryl–aryl
and aryl–alkyl interactions, as well as aryl–halogen interactions; interactions with
metal ions; hydrophobic interactions; desolvation; and intramolecular conforma-
tional strain. With respect to the entropic contributions, the following terms require
consideration: loss of translational and rotational degrees of freedom; changes in
vibrational degrees of freedom; intramolecular effects based on conformational
degrees of freedom; and desolvation effects.

None of the present scoring functions considers all possible terms explicitly.
Rather, the approaches rely on implicit methods or on a set of generally dominant
terms. Knowledge-based scoring functions built on statistical pair potentials use a
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completely implicit description. These pair potentials derived from frequency
distributions of interatomic distances in experimentally determined protein–ligand
complexes can be expected to capture at least the distance preferences of the
intermolecular interactions to a reasonable extent. Some approaches also attempt
to include the contributions arising from water molecules into the implicit descrip-
tion [127] or to account for desolvation contributions by considering the degree of
burial or solvent accessibility of the interacting atoms [20, 27, 128]. Furthermore, as
mentioned above, the addition of extra terms has been proposed to account for
conformational and vibrational entropy effects affecting the liganduponbinding [27].
Even though the corresponding terms appear overly simplistic, it is clear that without
them these contributions would hardly be considered at all by knowledge-based
scoring functions.

Similarly, functions relying on sums of protein–ligand element pair counts (e.g.,
RF-Score [96]) or on distance-dependent atom-type pair descriptors [100] attempt to
implicitly capture all the relevant contributions to binding. In particular, as pointed
out by Ballester and Mitchell, nonparametric machine learning provides an
alternative to modeling assumptions in scoring functions; by not imposing a
particular functional form, any possible kind of interaction can be inferred from
experimental data [96]. Although such approaches may ultimately be very success-
ful in scoring binding poses or predicting binding affinities, the resulting models
or functions may be difficult to interpret in terms of enthalpic or entropic
contributions or in the context of lead optimization efforts in medicinal chemistry
(i.e., �which interaction features of a given ligand (series) should be modified to
optimize the affinity?�).

Force field-based functions, on the other hand, rely on more physics-based
models in the sense that the interactions are not partitioned into phenomeno-
logical interaction types, but rather described by physical models, such as the
Coulomb and Lennard-Jones potential. With an appropriate charge model and a
careful parameterization of the atom types, this should account for most of the
enthalpic intermolecular interactions. As a matter of fact, the primary forces acting
between a protein and a ligand are all of electrostatic nature: interactions between
explicit charges, dipoles, induced dipoles, and higher electric multipoles lead to
phenomena that are usually referred to as salt bridges, hydrogen bonds, van der
Waals interactions, or further classified into the phenomenological interaction
types mentioned above. Approaches to account for solvation/desolvation as well as
entropic contributions within the force field ansatz have been mentioned in
Section 12.2.2.

In contrast, the empirical scoring functions typically model the affinity as a sum
of contributions describing the intermolecular interaction types, the conforma-
tional energy, and some entropic components. Certainly, the emphasis is on the
most common or dominant interaction types (such as hydrogen bonds), whereas
less frequent or weaker (phenomenological) interactions are not explicitly modeled
(such as halogen bonds or orthogonal multipolar interactions) or simply neglected.
Major limitations exist with respect to the entropic contributions, which are
probably the most difficult to be modeled explicitly. Nevertheless, different
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functions also include somewhat more �exotic� terms; some examples are briefly
listed in the following:

. The PLANTSCHEMPLP function [90] based on the GOLD implementation of
ChemScore [82, 92] includes an explicit hydrogen bonding term accounting for
CH donor hydrogen bonds (with oxygen as acceptor), where a CH donor is
defined as a hydrogen attached to a carbon atom neighbored to an aromatic ring
nitrogen acceptor.

. AIScore disregards CH acidic hydrogen bonds, but extends the FlexX scoring
function with hydrogen bonding terms derived from quantum chemical calcula-
tions for 19 types of hydrogen bond donors and 34 types of acceptors [129].
Charged and resonance-assisted hydrogen bond energies were fitted separately,
and the treatment of multifurcated hydrogen bonds was improved.

. Specialhydrogenbondingmotifs arerewardedintheGlideXPscoringfunction [83],
includingneutral singleorcorrelatedhydrogenbonds inahydrophobicallyenclosed
environment, as well as different categories of charged–charged hydrogen bonds.
Thesamefunctionalso includesanimprovedtreatmentofhydrophobic interactions
by accounting in particular for hydrophobic enclosure, where lipophilic parts of the
ligand are enclosed on opposite faces by lipophilic protein atoms.

. Simple terms to account explicitly for ring–ring (aryl–aryl) and ring–metal
interactions were found to improve the SFCscore functions [74] and hence
included, as mentioned above. The eHiTS scoring function uses a separate term
to account for p–p stacking [102, 103, 130].

Apart fromthedirect interactions, intramolecularstrainenergiesandconformational
entropies would also have to be considered. For the latter, rotatable bond counts are
commonly used, sometimes combinedwith andweightedby thedegreeof burial of the
involved groups. As far as intramolecular strain energies are concerned, Friesner et al.
pointed out that these are probably the most difficult to model in an empirical scoring
function, in particular in the context of docking [83]. Similar observations have
previously been made by others, as for example in the context of the development of
the AutoDock empirical scoring function [131]. On the one hand, it is difficult to
determine whether strained ligand geometries arise due to the rigid receptor approx-
imationandtheinappropriateaccountingforinducedfiteffects.Ontheotherhand,even
native ligand geometries can exhibit high strain energies [132]. The determination of
accuraterelativeenergiesofthebioactiveconformationisalsohinderedby�thedifficulty
in carrying out an exhaustive sampling of the conformational space and the short-
comings of the energy functions, usually based on parametric methods of limited
accuracy� [133]; furthermore, theexperimentaluncertaintyontheatomiccoordinates in
protein–ligand complexes precludes an unequivocal definition of the bioactive confor-
mation. In fact, by using sophisticated QM-basedmethods and physically meaningful
constraints to refine the bioactive conformation, Butler et al. were able to show that in
contrast to previous observations, the majority of the investigated ligands display only
very moderate conformational penalties in their bioactive conformation [133].

Similarly, the effect of protein conformational changes on the binding free energy
would have to be considered, but this lies generally in the realm ofmethods based on
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statistical thermodynamics and simulation techniques, the fastest variants of which
are the so-called �end-point methods� [134], such as MM-PBSA [40], LIE [53], or
MiningMinima [134]. Classical scoring functions, instead, try to estimate the affinity
from a single configuration of the complex, which necessarily precludes an appro-
priate consideration of contributions arising from changes in the structure (and
dynamics) of the protein upon ligand binding.

With respect to watermolecules, the two simplest options are either neglecting the
consideration of explicit water molecules (common to many scoring functions) or
considering bound water molecules as an integral part of the binding pocket. If the
latter is followed, it is in general necessary to first decide which water molecules
should be considered as part of the pocket and which should be removed.
AIScore [129], for example, follows a protocol similar to WaterScore [135]. To be
included, a water molecule (a) must be bound to the protein pocket with one ormore
hydrogen bonds, (b) needs to form at least one hydrogen bond with the ligand, and
(c) should be sufficiently immobile, as estimated from the isotropic temperature
factor. As recently summarized in a review about consideration of water in virtual
screening [136], in the context of docking a variety of further algorithms have been
developed for either considering explicit water molecules simultaneously with the
ligand degrees of freedom (e.g., in FlexX [137], GOLD [138], FITTED [115, 139]) or
adding water molecules after ligand poses have been generated (e.g., in DOCK [140],
Glide [141]). While some improvements in docking performance could be obtained,
the problem remains to accurately quantify the actual affinity contribution of
individual water molecules with fast methods not relying on simulations.

12.5
Conclusions or What Remains to be Done and What Can be Expected?

Scoring functions in general rely on overly simplistic models of protein–ligand
interactions. Nevertheless, respectable and practically useful results can be obtained,
in particular in docking and binding mode prediction, but also in virtual screening.
The accuracy of affinity predictions, however, is still rather moderate. Clearly,
improvements are required, but also conceivable, both in terms of the experimental
data used for deriving the functions and with respect to the underlying models and
descriptors.

As for the experimental data, the necessity of a larger amount of consistent,
balanced, andhigh-quality structure and affinity data haswidely been recognized [87],
and various efforts of concerted data collection have been initiated, as mentioned
above [71–76]. Althoughbetter functions have already beenobtained fromsuch larger
and improveddata sets and even though further improvements are certainly possible,
it should also be clear that certain limits exist. With respect to crystal structures, the
limitations and potential pitfalls are amply discussed in the literature [95, 142]. As for
the affinitymeasurements, a hardly surmountable problem is to ensure identical or at
least comparable experimental conditions (pH, buffer and salt concentration, tem-
perature, etc.) across a large set of different protein systems. In fact, each protein has
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its particular requirements and may allow the variation of certain parameters only
within narrowboundaries. Furthermore, not every system is equallywell amenable to
a particular type of assay or binding measurement. This limits the possibilities to
compile a data set of high quality and consistency for diverse targets or target classes.

Obviously, even with perfect experimental data sets, the fundamental model
deficiencies of many scoring functions still remain. Consideration of cooperativity
instead of strict additivity, the issue of protein flexibility and how it is affected by
ligand binding, the role of water molecules with respect to enthalpic and entropic
contributions, and the treatment of entropic effects in general are the areas where
further developments are most needed. Also for the enthalpic terms more sophis-
ticated descriptors are required, to better account for the entire hierarchy of
electrostatic interactions, in particular with respect top-systems. Themain challenge
with these issues is to improve the underlying models while keeping the approaches
sufficiently fast for application in scoring functions. The future will certainly bring
new developments along these lines.
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13
Druggability Prediction
Daniel Alvarez-Garcia, Jesus Seco, Peter Schmidtke, and Xavier Barril

13.1
Introduction

Modern drug discovery starts with the selection of a target biological component,
usually a protein, whose activity is associatedwith the condition forwhich a therapy is
sought. Target selection involves a thorough revision of the biological and patho-
physiological data, sometimes involving a target validation stage during which the
therapeutic potential of the target is assessed [1]. By nature, the target selection and
target validation processes focus on molecular biology aspects, but they must also
consider the ability of drug-likemolecules to bind and to alter the biological activity of
the target (target druggability). Most known drugs act on a handful of target types
(Figure 13.1) and protein classification is often taken as an indication of druggability.
However, such an approximation may lead to the exclusion of valid targets (e.g.,
certain protein–protein interactions) or to the prioritization of targets that turn out to
be intractable; for instance, 50% of drug discovery programs targeting enzymes at
GSK failed to produce viable leads [2]. The latter situation results in a major waste of
resources, whereas the former leads to a loss of opportunities. Understanding and
predicting when a target will be druggable is therefore of the utmost importance in
pharmaceutical research. In the next two sections, the determinants of target
druggability are discussed. We then proceed to present experimental and compu-
tational means to predict or assess this property. This is followed by the presentation
of a test case that enables us to illustrate some of the concepts introduced. Finally, the
main points are reviewed and a perspective is offered.

13.2
Druggability: Ligand Properties

The physical and chemical properties of small organic molecules determine, to a
large extent, their fate in a biological system. In the case of drugs, an adequate
administration, distribution, metabolism, and excretion (ADME) profile is essential
to reach the site of action. Considering that oral administration is the most desirable
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route (and the most difficult to achieve), the properties of oral drugs have been
thoroughly investigated and they set the gold standard for drug candidates. As
initially proposed by Lipinski et al., drug absorption and permeability are more likely
for molecules with molecular weight below 500 Da, calculated log P (a measure of
lipophilicity) below 5, number of hydrogen bond acceptors less than 10, and number
of hydrogen bond donors less than 5 [4]. The so-called rule of five has gained
widespread acceptance and is supported by more recent and detailed studies that
reinforce the idea that increased molecular weight or excessive lipophilicity is a
handicap for oral drug candidates [5–8]. As drugs must achieve tight binding (often
below 10 nM), a high level of complementarity must exist between the ligand and
the receptor. This usually requires that the latter wraps around the former, thus
increasing the contact area. Considering the rules of molecular recognition, the
physical and chemical properties of druggable binding sites must mirror those of
drugs [9]. In summary, to be druggable, a binding site must consist of a surface that
grants maximal shape complementarity (i.e., concave) and it must present a balance
of polar and apolar features matching those of a drug-like ligand.

13.3
Druggability: Ligand Binding

Most biomacromolecules have a tendency to interact with other organic molecules
(proteins, nucleic acids, metabolites, etc.), but this property is unevenly distributed
over the protein surface. Surface patcheswith a larger interaction potential are known
as �hot spots,� a concept originating from alanine scanning experiments that probed
the interface betweenprotein–protein complexes. These studies revealed thatmost of
the binding free energy is contributed by a few residues only [10, 11]. The O-ring
theory, initially introduced by Bogan and Thorn, suggests that hot spot residues are

Figure 13.1 Targets of small-molecule drugs classified by function or protein family. Data taken
from Ref. [3].
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easily desolvated because the local environment induces solvent exclusion [12–14].
Although structurally different, ligand binding sites display the same behavior: some
regions in the binding area interact very favorably with particular functional groups,
while the rest may provide the right shape and solvent exclusion capacity [15]. The
presence of hot spots is, therefore, necessary for binding to occur, but what are the
distinct properties of druggable binding sites? This has been investigated in parallel
with the development of druggability prediction methods.

As expected from the properties of drug-like ligands (see above), closed and
lipophilic binding sites are more likely to be druggable. This is supported by the
usefulness of related parameters to obtain predictive models following inductive
[16, 17] or deductive [18] reasoning. Binding site curvature relates to the necessity to
maximize the contact surface area between the ligand and the protein, while the
positive correlation of apolar surface area with druggability would presumably
suggest that binding potency is entirely due to hydrophobic interactions. This was
justified on the basis that electrostatic interaction and desolvation energies act in
opposition, resulting in an overall negligible contribution [16, 18]. However, this
contradicts the empirical observation that polar interactions often constitute anchor-
ing points, featuring predominantly in pharmacophoric models of binding sites. In
fact, the contribution of polar interactions is context dependent, and a single
hydrogen bond can contribute as much as 1.8 kcal/mol [19], comparable to the
hydrophobic gain provided by the side chain of a Val residue [20]. The increased
proportion of apolar surface area in druggable binding sites compared to nondrug-
gable (70% versus 50%) can, actually, be reconciled with the importance of polar
interactions: polar atoms in druggable binding sites are less solvent exposed andhave
a predominantly hydrophobic environment, resulting in lower dielectric environ-
ment that potentiates electrostatic interactions. This effect has been quantified in
proteins, demonstrating that hydrogen bonds can be up to 1.2 kcal/mol stronger
in hydrophobic environments [21]. This clearly indicates that – beyond the obvious
gain in hydrophobic potential – a decrease in the polar surface ratio can
have the paradoxical effect of increasing the hydrogen bonding potential of the
binding site.

An intriguing property of druggable binding sites is that, in spite of being
mostly buried, polar atoms protrude more from the cavity surface than apolar
atoms [17]. In such disposition, they are readily available to interact with
incoming ligands, providing anchoring or selectivity points. It has been suggested
that this type of environment can also transform polar atoms into kinetic traps.
The molecular mechanism consists in a simple decoupling of the ligand/water
exchange processes due to the steric impediments imposed by the local envi-
ronment. In such circumstances, protein–ligand hydrogen bonds must start to
break before a water molecule can mediate the process (and vice versa), thus
penalizing the exchange process and slowing down diffusion rates (Schmidtke
et al. [22]). This might stabilize transient encounter complexes, facilitating their
mutual recognition [23] and, once formed, lock the binding mode of the inter-
acting molecules.
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13.4
Druggability Prediction by Protein Class

An inspection of Figure 13.1 suggests that enzymes and receptors are druggable
targets, while other protein classes are difficult to target or undruggable. This is
generally a good assumption because these protein classes have evolved to interact
with small organicmolecules (substrates, hormones, neurotransmitters, etc.), which
means that drugs can compete in equal terms and achieve high affinity for the
binding site. Depending on the type of natural substrate, their difficulty as targetswill
also vary: proteins binding bona fide small molecules (e.g., class A GPCRs, kinases)
are more druggable than those binding non-drug-like ligands, such as peptides (e.g.,
class B and C GPCRs, proteases). The influential paper by Hopkins and Groom and
other works estimating the size of the so-called �druggable genome� [3, 24] relied on
protein domain annotations (e.g., fromPFAM [25]) to predict the number of proteins
containing domains experimentally known to be targeted by small-molecule drugs. A
support vector machine method has also been developed to predict protein drugg-
ability based on amino acid sequence independent of sequence similarity [26].
However, the financial disclaimer �past performance is no guarantee of future
results� also applies here and, while those approaches may be valid at a statistical
level, the chances of success when selecting a particular target become a probability
game. Another weakness of such approaches is that they potentially ignore some
mechanisms of action that are not linked to a particular sequence or domain topology.
Allostericmodulation [27] and protein–protein inhibitors [28, 29] are two examples of
target types and, although each individual structure has a low probability of being
druggable, their ubiquity and abundance (current estimates for the human inter-
actome are 130 000 protein–protein pairs [30]) warrant many new therapeutic
opportunities.

13.5
Druggability Predictions: Experimental Methods

13.5.1
High-Throughput Screening

In theory, the most rigorous form of assessing druggability is to test the ability of
drug-like compounds to modify the biological activity of the target of interest. In this
regard, examining the rate of success of high-throughput screening (HTS) results is
very informative. In 2006, Macarron published a retrospective analysis of HTS
campaigns at GlaxoSmithKline, grouping the results by target families. The analysis
is particularly interesting because success was defined as the ability to produce a
confirmed hit (i.e., activity in a biologically relevant assay with a tractable chemical
structure and an initial indication of SAR such that a chemical optimization effort can
begin). As expected, some target families offer very good results (e.g., a lead could be
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identified from HTS in >70% of nuclear hormone receptors and ion channels),
whereas the success rate was only 33% for targets not belonging to the main
classes [2]. Gupta et al. from AstraZeneca also published a retrospective analysis
of HTS on 22 enzymes (identified by function), but in this case the hit rate (i.e.,
percentage of compounds with readouts about a certain threshold) was reported as a
measure of success [31]. The values reported range from 0.06 to 3.85% for a common
collection of 37 275 compounds. As pointed out byMacarron, one of the limitations of
these retrospective analyses is that it is not possible to know if failure happens
because the target is undruggable or because the collection of compounds tested does
not cover the adequate chemical space: a 30%of all targets that failedwhen tested on a
subset of the historical collections turned out to be tractable when tested against the
unified GSK collection [2]. Considering the vastness of the drug-likemolecular space
(estimated at 1020–1024 synthetically accessible compounds [32]), this is an important
issue and suggests that success with novel target types is partly limited by the
composition of current historical collections. It also raises questions about the
usefulness of hit rates as druggability predictions. One should also be aware of
the limitations of the specific assay, for instance, a binding assaymay not be themost
suitable to identify allosteric modulators.

13.5.2
Fragment Screening

Fragment screening was initially described in 1996 [33], adopting new detection
methods and becoming an extremely popular hit identification strategy in the
2000s [34–37]. Its main advantage is the superior ability to detect binders because
it exploresmuch simpler compounds thanHTS [38]. Considering that the number of
possible chemical compounds grows as a quadratic function with the number
of atoms [39], even if the number of compounds tested is usually three orders of
magnitude smaller than HTS, it can in fact explore a much larger proportion of the
corresponding chemical space. In consequence, the fragment screening hit rates
may bemore informative about the druggability of a given protein than those coming
from HTS. Abbott and Vernalis have published data for 23 and 12 targets, respec-
tively [16, 40], and in both cases there is a good correlation between poor hit rates and
the difficulty to obtain high-affinity ligands. This is a strong indication that fragment
screeningmay be a suitablemethod to detect good binding sites for small molecules.
Once the necessary infrastructure and know-how is in place, the cost of fragment
screening and the time needed to set up the experiment are much lower than the
corresponding HTS assay, so carrying out a fragment screening experiment before
launching a full drug discovery project may be a wise and feasible approach for small
and large pharmaceutical companies.One potential limitation of this approach is that
it is difficult to predict the drug-likeness of future ligands based on the chemical
structure of the fragment hits. In other words, the method seems adequate to detect
targets that do not offer binding opportunities, but does not warrant that hits can be
developed into drugs.
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13.5.3
Multiple Solvent Crystallographic Screening

Before the fragment screening era, it was detected that organic solvents have a large
propensity to interact with binding sites of proteins both in solution and in crystals
[41, 42]. This raised the possibility of using �solvent mapping� to detect and
characterize binding sites, something that has been achieved for a few systems
[41, 43, 44]. In perspective, this canbe seen as an extreme formof fragment screening:
as the ligands tested are smaller, they are more likely to bind and fewer compounds
need to be tested, but more sensitive methods are needed to detect binding. The
detection method is precisely the limitation of this approach: few proteins form
crystals sufficiently stable to withstand the high concentrations of organic molecules
necessary to carry out multiple solvent crystallographic screening. It is, however,
conceivable that current methods in fragment screening could be adapted to test
simpler and weaker ligands with the specific aim of predicting druggability.

13.6
Druggability Predictions: Computational Methods

13.6.1
Cavity Detection Algorithms

Due to the shape complementarity requisite, the binding sites of ligands correspond
to protein surfaces with inward curvature. Deep pockets are generally assumed to
play a functional role and, in consequence, cavity detection algorithmshave longbeen
used to predict ligand binding sites. A large range of computer programs have been
developed to identify pockets and to predict their likelihood to act as ligand binding
sites (reviewed in Ref. [45]). The algorithms can roughly be classified into geometric
or energetic approaches. In the first class – which is the most common – the protein
shape is directly probed to detect void spaces surrounded by protein atoms. In the
second approach, the interaction energy of chemical probes (ranging from a simple
spherewith van derWaals parameters to a diverse set of chemical fragments with van
der Waals, hydrogen bonding, and electrostatic potentials) is mapped on the three-
dimensional space of the protein and ligand binding sites are identified on the basis
of interaction energy profiles.

Themain objective of those programs is to distinguish the true ligand binding site
from the rest of cavities in a protein structure. As ligand binding sites often coincide
with the largest protein pocket [15, 46], size alone is a good predictor but most
methods use a combination of parameters to rank the pockets, which in some cases
also include information on residue conservation. Success rates for themost recently
publishedmethods are close to 70% for the highest ranked pocket and 90%when the
top three pockets are considered [47–49].

Achieving a representation of pockets that matches the space occupied by the
ligands in an automatedmanner is far from trivial, because the ligand binding site is
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usually part of a larger network of pockets on the protein surface. However, cavity
detection algorithms have a long history and have reached a fair level of maturity. At
the same time, these programs are evolving to incorporate new functionalities that
can be extremely useful in drug design [45]. These include consideration of pocket
flexibility, pocket comparison algorithms, andpocket druggability, which is discussed
in the next section.

13.6.2
Empirical Models

The first druggability prediction methods were developed at Abbott Laboratories [16]
andPfizer [18] to fulfill an unmet need in the pharmaceutical research industry. These
and a number of more recently published methods build on cavity detection algo-
rithms to extract pocket surface descriptors for druggability predictions. However,
they differ in twomainpoints from their parentmethods: (1) pockets are comparednot
only within but also across protein structures; and (2) instead of distinguishing
binding sites from nonbinding sites, their goal is to predict the likelihood that the
pocket displays high affinity for drug-like ligands. Naturally, they require a completely
new parameterization based on a distinct training set. In fact, obtaining a sufficiently
large set of binding sites encompassing a wide range of druggability scores has been
one of the main factors limiting progress in the field. It should also be noted that
binding site druggability is a complex and somewhat fuzzy concept that can be defined
inmore than one way. As the predictions will be – at most – as good as the data set on
which themethod has been trained, attention should be paid to the precise definition
of druggability and to the composition of the training set. For this reason, here we
focus only on published approaches that use a manually curated training set.

13.6.2.1 Training Sets
The first druggability prediction method was trained to reproduce NMR fragment
screening hit rates. The data set consisted of 28 binding sites on 23 different proteins,
on which 10 000 compounds were tested. Using heteronuclear NMR, perturbations
anywhere on the protein can be detected and ligands with Kd values as high as 5mM
can be identified [33]. The physicochemical properties of the screening library
conform to the definition of fragments (average molecular weight of 220 and an
average clogP of 1.5) and, being tested at high concentrations (0.5–1.0mM), they are
highly soluble. The hit rates – ranging from0.01 to 0.94% –were used as ameasure of
druggability [16]. As demonstrated in the paper, high correlation is observed between
the experimental NMR hit rate and the ability to identify high-affinity (Kd< 300 nM)
ligands. In linewith this approach, researchers at AstraZeneca have used theHTS hit
rates as ameasure of druggability. Using a set of 22 undisclosed targets, they obtained
predictive models [31]. However, this definition of druggability presents two main
limitations:

1) Ligand drug-likeness implicitly derives from the composition of the screening
library, but its physicochemical properties can be very different from typical
drugs, particularly in the case of fragments.
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2) A major practical bottleneck is that screening data are proprietary, expensive to
obtain, and rarely made publicly available. In addition, extension of published
data sets would require using the same screening library and methodology,
limiting its transferability across organizations.

In 2007, Cheng et al. presented an alternative view of druggability, defined as the
maximal affinity that a drug-like ligand (ideally an orally bioavailable compound) can
achieve for a binding pocket [18]. This definition also presents some limitations, such
as the fact that the drug-likeness of a compound is sometimes difficult to assess or
that the classification of a target may change over time. Obtaining good quality data
can also be difficult, particularly when it comes to undruggable binding sites, because
they can only be classified as such after substantial research efforts have been
invested and negative data are often not published. However, the definition is useful
in decisionmaking, because it can distinguish between targets that are likely to have a
successful outcome (i.e., deliver an orally bioavailable lead) and those that are more
likely to prove very challenging and may require other approaches (e.g., a prodrug
strategy). Subsequent druggability prediction methods have mostly adhered to this
definition.

In order to facilitate further developments and to establish a benchmark that could
be used in prediction performance, the initial set of 27 targets presented by Cheng
et al.was extended by Schmidtke and Barril [17] with 1070 structures representing 70
different targets. The set was obtained crossing a list of oral drugs with information
from the PDB [50] and the DrugBank [51], followed by visual inspection. The unified
catalog is publicly available as the Druggable Cavity Directory (http://fpocket.source
forge.net/dcd), a resource that can also be used to extend the data set or to reassess
target classification in a collaborative manner.

13.6.2.2 Applicability and Prediction Performance
Some of the published druggability predictionmethods are difficult to apply because
they used a combination of algorithms that included commercial and proprietary
software that any potential userwould have to reimplement [16, 18, 31]. An additional
limitation of those methods is that cavity definition may also involve a manual
procedure, which precludes their applicability in an unsupervised and high-through-
put manner. Fortunately, more recent contributions can be used out of the box.
Particularly noticeable in this regard are SiteMap, from Schr€odinger, which includes
a druggability score trained on Cheng�s data set [18], and the open source program
fpocket [47], which provides a druggability score trained and tested on the afore-
mentioned extended druggability data set. Both can be used in an unsupervised
manner and applied to large collection of structures to screen for druggable cavities,
delivering similar performance [17]. For such applications, computational perfor-
mance is also an important consideration and the Voronoi tessellation shape-based
algorithm in fpocket is clearly superior to the grid-based interaction energy algorithm
in SiteMap (2–4 s compared to several minutes). As different crystallographic
structures of the same binding site may correspond to different conformations, the
reproducibility of the druggability score must be assessed. With the exception of
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closed and rigid cavities, predictionsmay be substantially different due to changes in
the properties of the cavity or due to variability introduced by the automated cavity
definition algorithm.However, both themean values and the values of the top scoring
cavities are clearly different between druggable and nondruggable cavities, suggest-
ing that confidence in druggability predictions may increase when multiple struc-
tures are considered [17].

13.6.3
Physical Chemistry Predictions

Computational methods based on the principles of physical chemistry can be used to
predict the interaction free energy between a ligand and a protein binding site. As this
property is intimately linked to the druggability concept, molecular simulations offer
an alternative to empirical approaches. Themain difficulty in predicting binding free
energies is that they are the end result of multiple terms of large and opposing
magnitude. Consequently, accurate predictions are computationally very demanding
and extremely hard to achieve [52]. The concept has nevertheless been used
successfully in energy-based binding site detectionmethods, which rely on extremely
crude but very fast approximations [45]. With increasingly rigorous approaches, it is
theoretically possible to carry out the in silico equivalent of experimental druggability
prediction methods. For instance, Huang and Jacobson have demonstrated that hit
rates in docking-based virtual screening experiments correlate with the experimental
hit rates obtained by NMR [53]. Other methods that also combine exhaustive
sampling of the ligand–receptor configurational space with severe approximations
on the interaction energy predictions have proven useful to identify and characterize
the most druggable binding sites of a target protein with a reasonable computational
cost [54, 55]. Obtaining quantitative predictions, however, requires more rigorous
approaches that take into account often neglected terms such as solvation or entropy.
This is achieved by the druggability index developed by Seco et al., which predicts the
maximal binding affinity that a drug-like compound could achieve for a binding site
from molecular simulations based on first principles [56]. Initially, the method
reproduces a solvent mapping experiment, in which the protein is exposed to a
certain concentration of an organic solvent. Both NMR and crystallographic experi-
ments have demonstrated that organic solvents tend to localize on binding sites
[41, 43, 44], which is a natural consequence of the tendency of binding hot spots to
become desolvated (see above). Molecular dynamics simulations using 20% isopro-
pyl alcohol (IPA) as solvent reproduce this behavior, correctly identifying the
experimentally determined IPA binding sites. Knowing that the method provides
a correct sampling of the protein–ligand space, the collection of configurations
generated bymolecular dynamics can be subjected to a statistical treatment leading to
binding site identification and druggability predictions. The process is illustrated in
Figure 13.2 and summarized here:

1) A grid encompassing the whole of the simulation box is generated and the
number of times that a solvent atom type (IPA-OH, IPA-CH3, water-O) falls

13.6 Druggability Predictions: Computational Methods j275



within each grid element is counted. Comparing the observed population (Ni)
with the expected value (N0), the associated free energy can be obtained using
Eq. (13.1), where kB is the Boltzmann constant and T is the temperature at which
the simulation was run.

DGi ¼ �kBT ln ðNi=N0Þ: ð13:1Þ
2) The points with the best interaction free energies are identified, taking care that

all points are separated by – at least – the distance of a covalent bond.
3) Points corresponding to IPA atom types (OH and CH3) are considered transfer-

able to aliphatic and polar neutral features of drug-like compounds, respectively.
They are clustered together to formbinding sites ofmaximal binding efficiencies.

13.7
A Test Case: PTP1B

The protein phosphatase 1B (PTP1B) is a target for the treatment of type II diabetes
and obesity that has proven extremely challenging. Many inhibitors acting on the
phosphotyrosine binding site have been described [57], but potency is heavily
dependent on the presence of a negative charge, which greatly damages its phar-
macokinetic properties [58]. In consequence, its druggability classification is debat-
able: it has been considered druggable based on fragment screening hit rates [16]
and success in hit identification motivated a sustained effort by many groups [59],
but turning inhibitors into drugs has not been possible and an �undruggable�

Figure 13.2 Detection of binding sites and estimation of the maximal binding free energy that a
drug-like ligand can achieve, following the procedure by Seco et al. [55].
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classification seems more appropriate. Empirical methods reproduce the prediction
for which they have been trained, so it is considered druggable by Hajduk et al. [16]
but undruggable by the other published methods [17, 18, 60]. A prediction based on
first principle methods reveals that there is not a single hot spot for lipophilic or
neutral polar features around the phosphotyrosine binding site, which not only
classifies it as undruggable, but also explains the total dependency of the charge to
achieve potency [56].

Although the target is objectively difficult, development of an oral drug can never
be ruled out. In fact, there have been two interesting developments that illustrate the
importance of protein flexibility – one of the major challenges in drug design [61] –
and the need to consider additional mechanisms of action. Two distinct conforma-
tions had been described for the so-calledWPD loop (residues 179–184), which lines
the catalytic site of PTP1B. In the apo form, this loop adopts an open conformation,
whereas substrate binding induces a closing of the loop, thus reducing the size of the
cavity that now fits tightly around the phosphotyrosine [62] (Figure 13.3). Interest-
ingly, this conformational change is coupled to a larger amplitude transition in thea7-
helix (residues 287–295), located some 20 A

�
away. In the WPD closed conformation

this helix is ordered and in contact with the a3-helix, but in the WPD open form it is
disordered and separated from the rest of the protein. Researchers at Sunesis
discovered nonionic inhibitors that bind to a hydrophobic pocket that appears
upondisplacement ofW291 (part of thea7-helix). Occupation of this pocket stabilizes

Figure 13.3 Superposition of active (pale gray)
and inactive (dark gray) conformations of
PTP1B. In the active form, the catalytic siteWPD
loop (dashed circle) is closed and the a7-helix
(box) is packed against the rest of the protein. In

the inactive form, the loop is open, leaving a
large and shallow binding site. Allosteric
inhibitors bind to a pocket that opens upon
movement of the a7-helix, thereby
overstabilizing the inactive conformation.
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the inactive WPD open conformation and results in allosteric inhibition. In addition
to providing a completely different chemotype with good cell permeation, the
allosteric binding site is poorly conserved among phosphatases, making these
compounds highly selective for PTP1B [63]. The druggability of this site is difficult
to assess at present because, although the ligands are drug-like, they areweak binders
(low mM). The empirical method based on fpocket identifies this binding site, but
assigns a borderline druggability value [17], while the physics-basedmethod predicts
a maximal Kd of 500 nM [56].

Very recently, the WPD open conformation (inactive form) has been exploited to
identify noncompetitive inhibitors. Although they bind to the phosphotyrosine
binding site, rather than competing with the substrate, they simply stabilize the
inactive conformation, reducing the concentration of the catalytically competent
enzyme, amode of action known as conformational trapping [64]. Unlikemost direct
inhibitors, thesemolecules do not bear a negative charge, can crossmembranes, and
achieve cellular activity [65].

13.8
Outlook and Concluding Remarks

Formal investigation of the causes of druggability has only started in recent years.
Sitting at the interface of pharmacokinetics,molecular recognition, andbiomolecular
structure, this incipient knowledge area builds on previous methods and under-
standing about drug-likeness, binding site identification, and structure-based drug
design, amongst others. Driven by a real necessity from the pharmaceutical industry,
significant progress has been achieved. Of particular note is the existence of a small
but diverse set of druggability prediction methods and the creation of a catalog of
systems with various degrees of druggability against which new methods can be
trained and tested. Future challenges include explicit consideration of protein
flexibility and achieving more quantitative and informative predictions.

Druggability prediction methods are expected to have two seemingly opposed
consequences: on the one hand they will help concentrate on those targets offering
better prospects, on the other hand they will also raise awareness about less obvious
binding sites that may be used to exert a biological effect through nonstandard
mechanismssuchasprotein–protein inhibition [66], protein–proteinstabilization [67],
target chaperoning [68], conformational trapping [64], and allosterism in general [27].
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14
Embracing Protein Plasticity in Ligand Docking
Manuel Rueda and Ruben Abagyan

14.1
Introduction

Structure-based drug design (SBDD) is routinely used in early stages of drug
development. Among the computational approaches, docking methods are usually
the tools of choice for the prediction of ligand–receptor interactions. Unfortunately,
although docking methods have overcome multiple challenges and computational
capacity has increased dramatically, their success is still hampered by our inability to
simulate the ligand binding process. In this regard, one of the most challenging
issues faced by modelers is the representation of the flexibility of the receptor. When
the protein is considered to be �rigid� in docking experiments, even small �1–2 A

�

variations in the binding pocket can impede the formation of the critical ligand–
receptor interactions. According to our results, this is the case in around half of the
targets when attempting to dock new ligands into known pockets [1, 2].

Experimental evidence has shown that proteins undergo changes in order to
accommodate new ligands [3]. Depending on the dynamic nature of the target
system, ligandbinding can be associatedwith local adjustments in side chains and/or
backbone, or associated with large-scale motions involving loops, domains, or even
subunits [4]. In cases where the receptor-bound structure does not change substan-
tially, one single rigid structure (i.e., crystal) may be enough to achieve satisfactory
results in cross-docking or virtual ligand screening (VLS) experiments. Otherwise,
the receptor flexibility must be taken into account.

Several approximations to incorporate receptor flexibility have been proposed,
thoroughly reviewed elsewhere [5–9]. Among them, one simple and efficient way of
representing the structural plasticity is by usingmultiple �static� receptor conforma-
tions, also known as ensemble docking [2]. In principle, if the conformational
substates are well chosen, a greater variability of ligand–receptor interactions can
be achieved. The ensembles can consist of multiple experimental structures,
computationally created models, or both.

Advances in structural proteomics have fueled the number of solved protein
structures. Unfortunately, for �50% of therapeutically relevant targets the structure

Protein-Ligand Interactions, First Edition. Edited by Holger Gohlke.
� 2012 Wiley-VCH Verlag GmbH & Co. KGaA. Published 2012 by Wiley-VCH Verlag GmbH & Co. KGaA.

j283



is not yet available. For these cases, a three-dimensional (3D)model can be built using
a homolog protein as template by standard comparative modeling methods [10]. The
chances of creating a predictive model depend not only on the sequence identity
between template and target, but also on the extent of backbone and side chain
displacements, which can be �2 A

�
[11]. According to our experience as partici-

pants [11] and organizers of a recent assessment ofGPCRmodeling and docking [12],
ligand recognition of homologymodels can be greatly improved by including protein
flexibility.

Dealing efficiently with receptor flexibility and understanding the effects of dynam-
ics in ligandbindinghas beenoneof themain challenges of SBDDduring thepast few
years. In the next sections, we will describe the ligand–receptor docking strategies
along with other computational tools developed in our laboratory to characterize the
conformationalflexibility (seeFigure14.1).Thiswill be followedbyabriefpresentation
of a worldwide assessment on GPCR structure that enabled us to obtain a real picture
about the state of the art of the ligand–receptor interaction modeling. In the final
section, the main points will be highlighted and future challenges revised.

14.2
Docking by Sampling Internal Coordinates

Most of the conclusions presented in this chapter come from results obtained with
internal coordinate mechanics (ICM) [13], but our principal observations should be
transferable to other platforms as long as their docking accuracy has been validated.
The ICM ligand docking performs a biased probability Monte Carlo (BPMC)
optimization of the ligand internal coordinates in the set of potential grid maps of
the receptor, representing van der Waals potentials for hydrogens and heavy atoms,
electrostatics, hydrophobicity, and hydrogen bonding. Flexible ligands are automat-
ically placed into the binding pocket in several random orientations used as starting

Figure 14.1 Diagram representing themain sources of receptor flexibility discussed in this chapter.
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points for Monte Carlo optimization. The optimized energy function includes the
ligand internal strain and a weighted sum of the grid map values in ligand atom
centers. The ligand binding poses are evaluated with an all-atom ICM empirical
ligand binding score that was derived fromamultireceptor screening benchmark as a
compromise between approximated Gibbs free energy of binding and numerical
errors as described elsewhere [13].

In multiple receptor conformation (MRC) docking, each ligand is docked sepa-
rately at each receptor conformation and the ligand pose having best overall score
coming from the ensemble is kept. The receptor and ligand preparations, the docking
simulations, and the energy evaluations were carried out with ICM 3.7 (Molsoft LLC,
La Jolla, CA).

14.3
Fast Docking to Multiple Receptor Conformations

A standard single receptor conformation flexible ligand docking run takes around
30–90 s per ligand with ICM. MRC docking time scales linearly with the number of
receptor conformations; thus, time can become limiting if not enough computational
resources are available for large ligand data sets (e.g., thousands, or even millions of
compounds). To alleviate that situation, we recently developed the four-dimensional
(4D) docking method, an approach that allows seamless incorporation of receptor
conformational ensembles in a single docking simulation and reduces the sampling
time while preserving the accuracy of traditional ensemble docking [14]. The 4D
docking method adds the complementary grids as an extra dimension to the Monte
Carlo search space, allowing the entire ligand to move from one 4D �plane� to
another, thus switching between different receptor conformations.

14.4
Single Receptor Conformation

Until now, most examples of SBDD have been achieved without consideration of
protein flexibility. However, this fact is largely due to the selection of relatively �rigid�
targets, such as those present in PDB [15]. Despite being the major source of
structural information, X-ray structures display idiosyncrasies that oftennarrow their
full potential in drug design applications [16, 17]. For instance, crystals are solved at
low nonbiological temperatures, where exposed residues are �frozen� in a space-
averaged structure not representative of the full biological spectrum of possible
equilibrium conformations [18]. Structural analysis of a large number of incorrect
docking solutions in terms of ligand–receptor poses or binding scores unveiled
alternative sources of error beyond receptor flexibility. The errors include �fantasy�
(outside the electron density) positions of the ligand pocket atoms (side chains or
loops), incorrect orientations of His, Asn, and Gln side chains, improperly assigned
histidine tautomers and charged states for aspartate, glutamate, and histidine, and
improper proline ring puckering, among others [19].
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Small-molecule docking is often discretized into two overlapping categories: (i)
geometry prediction (a.k.a., pose prediction, binding mode prediction) and (ii)
screening (a.k.a., virtual screening (VS) or virtual ligand screening). As the name
suggests, geometry prediction aims to predict the ligand position in the binding site,
whereas the objective of screening is to rank putative actives from a large pool of
chemical compounds according to their interaction energies.Most docking tools and
their scoring functions are parameterized, tested, and tuned by attempting to predict
correctly the geometry of the ligands from available complexes. As a result, self-
docking exercises, on which the cognate ligand is docked into the cognate receptor,
usually achieve high levels of success (as measured by ligand RMSD to crystal). ICM
self-docking procedure was recently tested with the DUD data set [20] that consists of
40 protein targets, known active ligands, and a set of decoys aimed at representing a
difficult background. According to our results, in 91% of the targets the best scored
pose displayed a RMSD� 2A

�
with respect to the X-rays.

Thepowerofdockingas adrugdiscovery tool comes fromitspotential for capturing
unknown actives from a large pool of chemical compounds. The modelers �expect�
that theaccuracyof thescoringfunctionwillbeable todiscriminateactive ligandsfrom
inactive ones. For example, ligands receiving docking score values below a threshold
(e.g., �32 kcal/mol in ICM) are considered as potential binders in prospective VLS.
ICMVLS performance was also assessed via DUDdata set (see above). ICMprovided
an average area under the receiver operating characteristic curve (AUC) value of
71.6� 16.3 for the 40 targets, with a minimum AUC value of 27.1 for the PDGFRB
protein �beta-type platelet-derived growth factor receptor� (note that PDGFRB is a
homology model, according to DUD [20]) and a maximumAUCvalue of 95.8 for the
NA protein �influenza virus B/Beijing/1/87 neuraminidase� (PDB ID: 1a4g).

Depending on the nature of the receptor and changes upon ligand binding, a single
structure may or may not be enough for achieving satisfactory docking results. The
limitations of single conformation representation of experimental protein structure
have recently been brought to the attention of the X-ray crystallography community
and methods for generation of crystallographic ensembles are being developed [21].
Eventually, if deposition of multiple crystallographic conformers in PDB becomes a
common practice, the ensembles will become another natural source of input for
MRC docking studies. In this scenario, the modelers are and will be faced with the
decision ofwhich and howmany structures should be used for screening. A few basic
rules will be given in the section about conformer selection.

14.5
Multiple Receptor Conformations

14.5.1
Exploiting Existing Experimental Conformational Diversity

Several studies have shown that success of small-molecule docking can be improved
by the use of multiple experimental structures [2]. In the simplest case, optimized
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crystal structures can be used to represent uncertainties in specific atomic details of
the binding pocket, such as alternative tautomers, isomers, ring puckering, proton-
ation states, hydrogen positions, and presence/absence of specific water molecules
potentially participating in ligand binding.

Through the years we have collected a �cross-docking� data set of ligand–receptor
complexes, the Pocketome, to exploit the structural variability present in the PDB.
ThePocketomeprovides a comprehensive representation of transient protein–ligand
interactions in PDB and allows characterization of the protein and induced confor-
mational changes. Currently, the data set consists of 952 unique pocket ensembles,
from which 365 are human (see example in Figure 14.2). More statistics about the
Pocketome data set can be found at the website http://pocketome.org.

According to our recent studies [22, 23], ensemble receptor-based protocol dis-
played a stronger discriminating power between active and inactive molecules,
compared to its standard single rigid receptor counterpart. At the benchmark level,
on average, the use of randomly created ensembles (up to five conformers) generated
better AUC recognition values than randomly selected isolated conformations.
Interestingly, this number was independent of the number of experimental con-
formers available and correlates with the findings reported in Ref. [24]. Moreover,
ensemble docking not only enriched a higher number of active compounds, but also
enhanced their chemical diversity [23]. In spite of the superior performance ofMRC,
caution is advised with respect to the addition of conformers to the ensembles.

Figure 14.2 Visualization of a Pocketome entry with ICM software. The entry consists of multiple
PDB complexes of the adenosine deaminase protein, as well as tables and related data. More
information about the Pocketome can be found at http://pocketome.org.
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As pointed out previously [25], some conformations display anticooperative behavior,
thus deteriorating the ensemble performance.

14.5.2
Selecting �Important� Conformations

The success of ensemble docking depends on how representative are the conformers
of the bound substates. If the extent of the induced-by-binding motion is limited, for
example, upon antagonist binding in a GPCR, and the protein is not promiscuous in
terms of scaffolds, then a �one-size-fits-all� experimental conformer may provide
satisfactory results. If the extent of the event involves the generation of relatively
distinct protein conformations, and/or the protein recognizes distinct scaffolds, then
the use of several conformations may be more convenient. The line dividing �small�
versus �large� movements is somewhat arbitrary. There exist mixed cases like some
enzymes in which residues involved in recruiting the drug at the first stages of the
binding event experience greater mobility than catalytic residues [4, 26]. Unfortu-
nately, explicit experimental information about the dynamic events occurring during
ligand binding is scarce [27].

There are a few basic rules of thumb that expert modelers use in order to select
�important� or �essential� conformations for VLS. The first rule is to prefer holo
conformations to apo ones. We have found many times that, on average, apo con-
formers provided worse scores for the active ligands than holo conformers, and thus
worse enrichment factors [22]. Structurally, apo structures usually present side chains
sticking inside the binding cavity that prevent ligand binding,whereas holo structures
are more representative of a state ready for binding. Among holo, we also found that
conformersbeingcocrystallizedwith larger ligandsoftenprovide thebestenrichments
among theensembles.Another simplerule thatworkswell is todiscardconformations
consistently creating unfavorable docking scores (e.g., positive scores in ICM) [23].

If enough active ligand data are available (some preexisting knowledge of specific
small molecule exist for many therapeutically targets), the best way to maximize the
recognition and avoid false positives is by using a ligand-guided approach to validate
the alternative protein conformations. In a ligand-guided assessment, a small-scale
VLS is performed for each of the protein conformers and the selectivity of eachmodel
is evaluated by discriminationmeasures, such as the enrichment factors or the AUC.
The best performing conformer(s) are selected a posteriori to be used in large-scale
VLS. In caseswhere only a limitednumber of known actives are available (e.g., targets
in early stages of validation, orphan receptors, or putative allosteric pockets), one can
attempt other pocket optimization methods (e.g., SCARE [1] or �fumigation� [19])
that do not require a known ligand set.

14.5.3
Generating In Silico Models

The simplest way of introducing receptor variations is via energy-based refinement
of the side chains with a cocrystal ligand (if available). It is possible, though, that the
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reason why the modeler has routed himself to the in silico path is because the initial
crystal was performing badly already. Thus, it is very likely that the refinement itself
will be insufficient when attempting to dock new ligands.

Several simulation techniques can be used to generate receptor conformations
depending on the extent of the deviations from the startingmodel. Probably, themost
rigorous approach for the atomistic description of flexibility is molecular dynamics
(MD) simulation, in which the (bio)molecules are modeled in near-physiological
environments using rigorous physical potentials [28, 29]. Unfortunately, despite
recent encouraging results [30, 31], molecular dynamics or any form of an exhaustive
sampling of the protein–ligand conformational space remains to be evaluated and
benchmarked within the framework of VLS. Nonetheless, it is possible to use
precomputed snapshots coming from atomistic MD (or another force field-based
method) sequentially in ensemble docking protocols [32].

Protein plasticity can also be obtained by methods that drastically simplify the
description of protein, such as discrete molecular dynamics, Brownian dynamics, or
the widely used normal mode analysis (NMA) [33]. NMA received somemomentum
in the field of simulation after Tirion�s [34] discovery that a single parameter potential
was sufficient to reproduce the protein dynamics in gooddetail (a.k.a., elastic network
model). The use of elastic network-based NMA eliminated costly and inaccurate all-
atom energy minimizations, thus opening the door to larger and more complex
systems. NMA methods in the context of SBDD were first applied by Cavasotto
et al. [35], later being expanded and applied to multiple systems [11, 36]. The
limitation of NMA is that it cannot overcome the energy barriers or multiple energy
minima.

14.6
Improving Poor Homology Models of the Binding Pocket

Comparative modeling has become the technique of choice to build 3D models of
proteins of known amino acid sequence but unknown experimental structure. In
particular, homology modeling involves starting from a known homolog (i.e., the
�template�), and relying on an energy function to predict the differences in the
modeled �target� protein [10]. The potential use of such models in drug design is
affected by several factors. For instance, to provide �meaningful� results the sequence
identity between template and target must be above �35% threshold. If the two
sequences are distinct, significant deviations of side chain atoms and also shifts in
protein backbone position are expected.Moreover, in the final refinements steps, the
energy function alone does not provide unambiguous discrimination between
multiple low-energy conformations.

In the laboratory, we have been using experimental ligand data to improve the
recognition and therefore the VLS success of many �raw� homology models.
Selective high-affinity ligands are available for many therapeutically relevant targets,
such as kinases, proteases, and GPCRs. Our ligand-guided optimization framework,
LiBERO (ligand-guided backbone ensemble receptor optimization), consists of two
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main steps: (i) generation of multiple receptor conformers – with or without seed
ligands, and (ii) selection of the conformers according to docking/VLS performance.
The method was recently implemented in an automated version (ALiBERO) that
allows iteration of the conformer generation and selection steps, as well as simul-
taneous optimization of cooperative conformers. The LiBERO method has proved to
be useful in several applications including optimization of homologymodels for A2a
adenosine receptor [11] and other adenosine receptor subtypes [37]. It was also tested
for prediction of conformational changes in binding pockets induced by specific
ligand classes, including full and partial agonists of the b2-adrenergic receptor
[38, 39], for human androgen receptor [40],melanin-concentrating hormone receptor
MHC-R1 [41], and A2a adenosine receptor [42].

14.7
State of the Art: GPCR Dock 2010 Modeling and Docking Assessment

A great example of the state-of-the-art challenges faced by the SBBD community
comes from analysis of the results obtained in the GPCRDock 2010 assessment [12].
GPCRs comprise a large family of transmembrane receptors transmitting essential
signals from a wide range of hormones and neurotransmitters. Their pharmaco-
logical importance is enormous, being the target of almost half of the existing
drugs [37]. Similar to GPCR Dock 2008 [43], the GPCR Dock 2010 community-wide
assessment was conducted to evaluate the status of molecular modeling and ligand
docking for three recent GPCR targets of varying modeling difficulty: dopamine D3
and CXCR4 chemokine receptors bound to small-molecule antagonists and CXCR4
with a synthetic cyclopeptide. Thirty-five groups submitted their receptor–ligand
complex structure computational predictions prior to the release of the crystallo-
graphic coordinates. According to the results (see Figure 14.3), the fact that D3 had
closer homolog for comparative modeling, combined with the use of modern
docking protocols and QSAR information, allowed for prediction of complexes with
atomic details of accuracy approaching experimental. On the contrary, CXCR4
complexes that only possess distant homology to the available GPCR structures still
remained very challenging. The results of GPCRDock 2010 highlighted the benefits
of combining experimental information about the target and its ligandswith docking-
based approaches [12].

14.8
Conclusions and Outlook

The inclusion of protein flexibility into docking-based protocols is still an unresolved
task due to the complexity of the conformational space to be searched and the
inaccuracy of scoring functions. One way of representing the conformational
flexibility of the receptor is by usingmultiple receptor conformations. The ensembles
can consist of experimental structures, computer-generatedmodels, or both. The use
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of ensembles has been demonstrated to improve geometry prediction in cross-
docking exercises and screening, especially if the conformers have been validated and
selected a posteriori by small-scaleVLS experiments. The degree of success infinding
new actives will depend on the plasticity of the receptor, and how local the protein
changes are to accommodate new ligands. In cases where no experimental structure
is available, homology models can also provide satisfactory results as long as close
homologs exist. For targets having low sequence identity to templates, a ligand-
guided approach in which the models are refined and selected according to their
discrimination of actives from decoys seems a reasonable alternative.

The challenges that the docking community is facing are multiple. There are still
essential chemical details that influence the results, such as the protonation,
tautomerization, and stereoisomerism. A better understanding of the protein energy
landscape and water-mediated effects will enable us to better incorporate the
flexibility dimension into the scoring functions. Efforts from the experimental side,
such as increasing the coverage of structural templates and biophysical character-
ization of ligand–receptor complexes, will surely help us in this long and winding
road we all modelers are immersed.

Figure 14.3 Plot summarizing the main
results obtained in the GPCR Dock 2010
modeling and docking assessment. The plot
shows the coverage of ligand–receptor crystal

contacts versus the ligand RMSD to the crystal.
More detailed information about the
assessment results can be found at http://
ablab.ucsd.edu/GPCRDock2010.
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15
Prospects of Modulating Protein–Protein Interactions
Shijun Zhong, Taiji Oashi, Wenbo Yu, Paul Shapiro, and Alexander D. MacKerell Jr.

15.1
Introduction

Protein–protein interactions (PPIs) play crucial roles in all molecular processes that
regulate normal cellular functions, and dysfunctional cells associated with disease
states such as cancer. In recent years, a tremendous amount of data on PPIs has been
obtained due to rapid progress in high-throughput data production, leading to the
identification of a range of PPI networks [1–5]. A number of PPI studies have
investigated events that regulate intracellular signaling. The Src homology 2 (SH2) [6]
and 3 (SH3) [7] domains are found in a number of signaling proteins and are
important for mediating extracellular signals associated with the activation of mem-
brane-bound receptors. SH2 domains recognize phosphorylated tyrosine residues on
binding partners and are found inmany eukaryotic proteins such as receptor tyrosine
kinases, proto-oncogenic tyrosine kinase Src [8], spleen tyrosine kinase (Syk) [8], Zeta
chain-associated protein kinase 70 (Zap70) [9], and lymphocyte-specific protein
tyrosine kinase (Lck) [10]. Syk [11–13] regulates signaling through the B-cell receptor
for antigen (BCR) [14] via SH2-mediated protein–peptide interactions [15] with ITAM
(immunoreceptor tyrosine-based activationmotif) and Lck interactswith several other
proteins such as CD4 and CD8alpha to conduct T-cell signaling [10, 16–18]. SH3
domains generally recognize proline residues on binding partners and are found on
proteins such as p54 S6 kinase 2 (S6K2) [19], growth factor receptor-bound protein 2
(Grb2) [20], andRasGTPase activating protein (RasGAP) [21].While the SH2 andSH3
domains represent recurring structural motifs, there are differences in the individual
structures of the domains that offer the potential for the identification of chemical
agents that bind specifically to these proteins and may be used to specifically modify
their PPIs. Details of a strategy to design specific low molecular weight (MW)
compounds that are inhibitors of the Lck SH2 are detailed below. This paradigm is
seen in other systems, for example, the substrate docking domains of kinases such as
ERK1/2, JNK, and p38 MAP kinases [22], and the BTB domains of BCL6 and other
transcriptional regulators [23]. Accordingly, strategies are needed to develop chemical
agents that disrupt specific PPIs that will be of utility for the study of protein signaling
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pathways via a chemical biological approach as well as have the potential to be
developed into novel therapeutic agents.

An important aspect in the study of PPI in the context of drug discovery is the
identification of binding motifs involved in particular PPIs. For example, oriented
peptide arrays and complementary biochemical assays have been used to identify
specific motifs recognized by the SH2 domain and could also be applied to other
modular domains including catalytic domains that recognize peptides [24]. Identi-
fication of conserved motifs on a protein�s surface indicates that these residues are
important in forming PPIs [25]. Such information may then be combined
with structural information on the protein involved in the PPI from crystallography
or NMR spectroscopy to identify putative binding sites for the application of
computational methods to facilitate ligand identification and design.

Once experimental data on the protein structure and location of an interaction
region on the protein surface are available, the groundwork is set for the
application of molecular modeling approaches to facilitate the identification of
chemical modulators of PPIs. This can range from the design of small molecules
up to peptidomimetics as modulators of PPIs. A number of recent reviews
have covered the utility of peptidomimetics for targeting PPIs [26, 27] and they will
not be considered further in this chapter. The remainder of this chapter will focus
on low molecular weight drug-like compounds [28] identified using computational
approaches.

Molecular modeling takes advantage of the capability of computational chemistry
methods to quantify the interfaces of proteins involved in PPIs in the context of their
particular arrangement of structural clefts (of different geometrical shapes) and
chemical functional groups (i.e., charged or neutral polar side chains or nonpolar side
chains). The surfaces of two binding partners comprising the interface must be
complementary both in shape and in functional groups to form favorable intermo-
lecular interactions including hydrophobic, electrostatic, and hydrogen bonding
interactions. Such complementarity is the basis of PPI affinity and, importantly,
specificity. Accordingly, structural features of the surfaces involved in PPI may be
anticipated to be suitable as binding sites for low MW (e.g., <500 Da) compounds
with adequate affinity and specificity such that those compounds will have utility as
agents to study the biology of PPIs and as potential therapeutic agents. Indeed, an
inhibitor of the PPI involving antiapoptotic regulator Bcl-xL, a member of the Bcl-2
family, has been considered for clinical trials [29]. Other inhibitors have been
reported for PPIs including XIAP [30], HIV-1 Nef protein [31], and BCL6 [32], with
the latter discussed in more detail below.

Recently, a database of inhibitors of PPIs, termed the 2P2I database, has beenmade
available [33]. In addition, several other databases of protein–ligand complexes are
available, although themajority of compounds in those databases are not inhibitors of
PPIs. PDBbind database [34] contains a refined subset of 1300 protein–ligand
complexes with experimentally measured binding affinity (about 500 with Kd and
800 with Ki). The ligand–protein database (LPDB) [35] provides not only the
experimental binding data but also the files required to perform MD simulation.
BioDrugScreen [36] contains more than 3 million binding modes that can be
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classified using automatic clustering methods such as AuPosSOM (automatic
analysis of poses using self-organizing map) [37] and can be further used as a source
for the assessment of computational scoring and rescoring approaches.

15.2
Thermodynamics of Protein–Protein Interactions

It is important to emphasize that a PPI is the same as any other intermolecular
interaction between two species i and j, such as protein–ligand binding, which may
be expressed as the following equilibrium:

Proteini þ Proteinj , Proteini � Proteinj: ð15:1Þ
Based on such an equilibrium, the dissociation constant, Kd, which is the reciprocal
of the association or equilibrium constant, Ka, is defined as

Kd ¼
Proteini½ � Proteinj

� �

Proteini � Proteinj
� � ; ð15:2Þ

where the three quantities on the right-hand side are the molar concentrations of
individual proteins and the complex. The binding free energy DG of the protein–
protein interactions may then be calculated based on the van�t Hoff equation

DG ¼ RT ln Kd; ð15:3Þ

whereR is the gas constant (1.986 cal/(mol K)) andT is the temperature. UsuallyKd is
in the range of 10�4 to 10�9M. Correspondingly, DG values range from �5.5 to
�12.4 kcal/mol, though the standard state must be properly taken into account [38].
The change in DG, DDG, as a function of the change in Kd may be obtained from
manipulation of Eq. (15.3) and it is of utility to emphasize the nature of that
relationship. DDG will be �1.4 kcal/mol if the dissociation constant changes by a
factor of 10 (e.g., from 10 to 1mM) or �4.12 kcal/mol if Kd is reduced by a factor
of 1000 from 1mM to 1 nM. Considering that hydrogen bonds are in the range of
1–5 kcal/mol, it is evident that the change in structure required to significantly
perturb a binding interaction may be relatively small.

Consideration of the DDG associated with changes in Kd is important when
thinking in terms of low MW inhibitors of PPIs. Traditionally, it was thought that
PPIs were �undruggable�; that is, they could not be inhibited by low MW com-
pounds [39]. This was largely due to the large interface between the proteins in PPIs,
in the range of 1000A

� 2 [40], which could not be adequately blocked by a small
molecule. However, as emphasized by the energetic discussion above, to perturb a
PPI by a factor of 1000 only a loss of 4 kcal/mol is required, a perturbation that can be
attained by a small molecule that only interacts with a portion of the overall protein
surface involved in the PPI. Importantly, it has been suggested that perturbations of
the PPI equilibrium by a factor of 2 or 3, rather than fully blocking the PPI, may
suffice to achieve the desired biological outcome [32]. In addition, the concentration
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of the lowMW inhibitor relative to its Kd as well as to that of the proteins involved in
the PPI is important as it will impact the overall binding equilibrium, especially when
either of the concentrations of the participating proteins is limiting.

Finally, it should be noted that binding affinity is usually expressed using Kd, IC50,
EC50, and Ki, although other representations exist. Importantly, the IC50, the
concentration of an inhibitor at which 50% of the target protein is bound, is
dependent on the concentration of protein, which is not true for Kd. Accordingly,
to compare IC50 and Kd, it is necessary to correct for the concentration of the second
species in the binding equilibrium. EC50 is the effective concentration at which 50%
of the maximal biological response is attained; similarly, the concentration of
the receptor protein impacts the measured EC50 and must be accounted for
appropriately.

15.3
CADD Methods for the Identification and Optimization of Small-Molecule
Inhibitors of PPIs

A wide variety of computational methods have been used to identify inhibitors of
PPIs [41]. These computer-aided drug design (CADD) methodologies can be clas-
sified into two categories: structure-based drug design (SBDD) for discovering new
leads via virtual screening or receptor-based pharmacophores based on known
protein 3D structure [42–44], and ligand-based drug design (LBDD) based on known
active compounds for a PPI [45–47]. The initial stages of SBDD involve character-
ization of the protein surface, including the identification of hot spots [48] and
conserved regions on the PPI interface [49] followed by the determination of binding
sites in those regions [50]. Once the putative binding sites are identified, ligand
docking [51] and scoring [52] can be used to search databases for putative chemical
modulators. The methods can involve database searching for compounds similar to
known drugs [53–57] and scoringmethods can range from those based on simplistic
interaction energy scores [58] to calculations of free energies of binding and other
thermodynamic quantities [59–63]. In the context of LBDD, a lead compound
must be available to act as a starting part for the application of CADDmethodologies,
which are generally classified into quantitative structure–activity relationships
(QSARs) [64–67] and pharmacophore analysis [45, 68, 69].

The remainder of this section will focus on CADD approaches to PPI
modulator discovery and optimization. The first part includes a general overview
of the steps in ligand discovery followed by details associated with preparation of
the target protein, including conformational sampling required to partially
account for receptor flexibility, and the identification of putative binding sites.
This is followed by issues associated with virtual database screening methods such
as the compound database itself, scoring methods to rank compounds, and con-
siderations associated with selection of compounds for experimental validation. The
final part of this section briefly addresses issues associated with the optimization of
active compounds.
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15.3.1
Identifying Inhibitors of PPIs Using SBDD

The typical process of identifying PPI inhibitors involves three stages: (1) charac-
terization of the protein–protein interface and binding site identification, (2) virtual
database screening for selecting putative chemical modulators, and (3) experimental
validation at the protein level and/or cellular level for identifying active compounds.
In this chapter, we focus on the use of database screening approaches for ligand
identification as they allow for screening of commercially available compounds,
thereby avoiding the need for chemical synthesis during the early stages of ligand
discovery. However, other methods, such as de novo drug design [70, 71], which
includes fragment-based methods [72–74], exist that allow for the creation of
totally novel chemical species, though such compounds typically require
synthesis. Given that CADD lead identification methods typically have success rates
of 10% or lower, it may be difficult to convince your friendly neighborhood
organic chemist to synthesize a compound that has a less than 1 in 10 chance of
being successful.

15.3.1.1 Protein Structure Preparation
Protein structures need to be prepared to be suitable for identification of putative
binding sites and for database screening/docking. Two major issues must be
considered: the correct chemical nature and the conformation of the protein.
Protein 3D structures are typically obtained from the protein database (PDB) [75]
and need to be checked for a number of possible problems including missing
protein atoms, metal ions, water molecules buried in the protein interior, disulfide
bonds, the orientation of certain side chains (i.e., His, Asn, and Gln), and the
protonation status of ionizable residues, with the latter being particularly important
in the vicinity of the putative binding site. These items can be checked using
commercial software packages such as MOE (MOE (Molecular Operating Environ-
ment), 2007.05 edn, Chemical Computing Group Inc., Montreal, Quebec, Canada,
2007.), SYBYL (SYBYL, 7.3 edn, Tripos, Inc., St. Louis, MO, 2006.), Schr€odinger
(Schr€odinger, Schr€odinger LLC, 2010.), and Accelrys Discovery Studio (Discovery
Studio, Accelrys, Inc., 2010.), and a range of academic programs such asAMBER [76],
GROMACS [77], andCHARMMallow for these issues to be checked, though often in
a less automated fashion. The Reduce algorithm [78] is of utility for preparation of
protein structures with respect to the position of hydrogens (e.g., on OH, SH) and
orientation of Gln and Asn side chains and programs that estimate pKa values
based on continuum solvent models, as required to assign protonation states, are
available [79–81].However, whenpossible experimentalmeasurements of pKa values
should be used.

The second consideration is the protein conformation due to the known change in
protein structure in the presence of different ligands and protein partners. Several
docking algorithms [82] consider the flexibility of protein to a limited extent during
ligand screening, thoughmost docking algorithms [83] treat the protein as rigid.With
those approaches, as well as methods that do consider flexibility to varying degrees,
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to maximize the potential of including protein conformations relevant to ligand
binding during screening, screening may be performed against multiple conforma-
tions of the protein [84].

Molecular dynamics (MD) simulations are a practical way to generate multiple
conformations. A range of commercial and academic programs allow for MD
simulations of proteins to be performed. Commercial programs includeMOE (MOE
(Molecular Operating Environment), 2007.05 edn, Chemical ComputingGroup Inc.,
Montreal, Quebec, Canada, 2007.), SYBYL (SYBYL, 7.3 edn, Tripos, Inc., St. Louis,
MO, 2006.), Schr€odinger (Schr€odinger, Schr€odinger LLC, 2010.), and Accelrys
Discovery Studio (Discovery Studio, Accelrys, Inc., 2010.), while a number of
academic MD codes exist, including AMBER [76], CHARMM [85], GROMACS [77],
NAMD [86], and Desmond [87], among others. In addition to the simulation
program, an empirical force field is required; while a number of force fields exist,
it is important that one validated for proteins be used. Examples include the
CHARMM with the CMAP correction [88, 89], AMBER [90], GROMOS [91], and
OPLS [92] protein force fields.

While details of the simulationprotocol used in our laboratory have beenpresented
elsewhere [93–95], a number if important issues need to be emphasized.
When performing simulations, an important consideration is the length of the
simulations. When obtaining conformations for CADD, the root-mean-square
difference (RMSD) of the entire protein or of the binding region residues is typically
monitored as a function of simulation time to assure that the structure has
stabilized and a range of conformations of the protein are being sampled in the
vicinity of that conformation. In cases where large changes in protein structure occur
upon ligand binding, such as large changes in loops, it is advisable to initiate
simulations from the different conformations, ultimately using conformations from
all the simulations for ligand discovery. Conformations of the protein for docking
may be obtained from theMDsimulations based on simpleRMSDconsiderations, or
based on RMSD-based clustering. Clustering approaches, such as that by NMR-
Clustal [96], increase the likelihood of selecting conformationally diverse structures
for ligand discovery.

15.3.1.2 Binding Site Identification
Binding site identification is of particular importance for the identification of PPI
chemical modulators. For protein–ligand complex with known structures, as occurs
with many enzymes to which substrate or product analogs are bound, binding site
identification is trivial and the known site can be used to identify new ligands.
However, for most proteins involved in PPIs there is no experimentally determined
complex structure. In addition, there are oftenmultiple possible binding sites on the
PPI interface. Therefore, it is necessary to identify putative binding sites before
screening. Four classes ofmethods have been developed to rank the possible binding
sites on protein surfaces, that is, geometry-based, energy-based, knowledge-based,
and docking-based methods, which have recently been reviewed [97]. In the remain-
der of this section, we discuss some recently developed methods. It should also be
noted that it is often advantageous to apply these methods to multiple protein
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conformations obtained from different experimental structures or fromMD simula-
tions as binding sites suitable for smallmoleculesmay not occur in all conformations
of a protein. In addition, during binding site identification it is important to consider
available experimental data, typically mutation data or information from sequence
alignment, to facilitate selection of the appropriate binding sites. For example,
mutation data can show if certain residues are involved in the PPI while sequence
alignment data can identify both conserved and nonconserved residues, information
that may be used for the selection of sites that may bind ligands that are specific for
the protein of interest.

A number of new methods have been developed recently. FINDSITE uses
binding site similarity across groups of weakly homologous template structures
identified from threading [98]. PocketDepth uses geometrical parameters, that is, the
depth of a subspace in a pocket, to assist binding site prediction [99]. Energy-
basedmethodsusually place a probe on the protein surface and calculate interactions,
such as the van der Waals (vdW) interaction energy, to predict ligand binding
sites [100]. The knowledge-based method BUMBLE builds ligands from smaller
fragments onto the protein surface to identify possible binding sites [101]. Infor-
mation such as the conservation of protein surface residues and the physical
properties in structurally similar proteins can be used to identify local surface
similarity that may reveal the location of a binding site [102]. Blind docking
methods detect different sites for different ligands by scanning the entire protein
surface when docking a set of drug-sized compounds [103]. The prediction accuracy
of blind docking can be improved usingMD-based global optimization starting from
previously determined conformations of ligands docked at the concerned sites [104].
The idea of blind ligand–protein docking has been extended to blindly docked
protein–protein pairs to identify the PPI interface [105]. As a variation of blind
docking, SILCS (site identification by ligand competitive saturation) determines
putative binding sites on a protein by runningMD simulation of a system containing
protein and several organic fragments in aqueous solution [106, 107]. All fragments
in the system compete for all sites on the protein surface from which the probability
of different types of fragments occupying sites on the protein surface can be
identified. A higher frequency of finding a fragment in a site during the MD
simulation indicates a preferable match between the particular fragment and the
particular site.

In actual screening, the representation of a binding site is associated with
the docking algorithm being used. Binding response [50] is a method in which
the information used to identify the binding site can be directly used in the
docking computation. Both geometrical match and the binding energy are used
in the binding response method to score the docking poses of a set of diverse
drug-like compounds in putative binding sites identified based on conformational
considerations using the SPHGEN approach in the program DOCK [83]. A site with
a large percentage of well-bound compounds is regarded as having a higher
probability of binding low molecular weight ligands. The binding response
method is currently used in our lab to identify ligand binding sites before screen-
ing [93, 108].
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15.3.1.3 Virtual Chemical Database
An obviously essential component of CADD ligand identification based on database
screening is the availability of the appropriate in silico database. A publicly accessible
database of compounds for virtual screening is ZINC [109] that contains 2.7 million
commercially available drug-like compounds for primary screening. The ZINC
interface allows for similarity searching aswell as screening based onphysiochemical
properties. Auseful tool, especially for the development of novel screeningmethods,
is the directory of useful decoys (DUD) [110, 111]. DUD contains nearly 3000
annotated ligands and 95,000 property-matched decoys for 40 targets and
serves as a benchmark for separating ligands from nonligands. It is helpful for
testing a screening approach and for calibrating parameters in rescoring approaches
using algorithms such as the machine learning algorithms [112].

A number of individual research groups maintain in-house databases for partic-
ular screening protocols. In our laboratory, database screening using the program
DOCK [83, 113] typically targets a collection of more than 1.5 million commercially
available compounds obtained from eight online-searchable chemical companies
(i.e., ChemBridge, ChemDiv, MayBridge, MDD, Nanosyn, Specs, Timtec, Tripos).
The 2D SDF files of the compounds provided by the vendors are converted to 3D
MOL2 format files through geometry optimization, assignment of partial atomic
charges, assignment of the correct protonation state corresponding to pH7.2, and, in
the case of salts, removing the counter ion. Each compound is then optimized using
theMMFF94 [114] or CGenFF [115] forcefields as implemented in the softwareMOE
(MOE (Molecular Operating Environment), 2007.05 edn, Chemical Computing
Group Inc., Montreal, Quebec, Canada, 2007.), Discovery Studio (Discovery Studio,
Accelrys, Inc., 2010.), or CHARMM [85]. Partial atomic charges for database
screening are assigned based on CM2 charge model at the semiempirical AM1
level using AMSOL [116, 117] or obtained from CGenFF. The AMSOL calculations
also yield estimates of the free energy of aqueous solvation that may be used to
facilitate ligand scoring selection based on solvation considerations.

15.3.1.4 Virtual Screening of Compound Database
Virtual screening involves placing, or posing, ligands on the protein surface followed
by scoring or ranking of the compounds as required to identify the top �hits.�
Comprehensive description of virtual screening approaches can be found in several
good reviews [41, 118]. Here we present a brief description with some recent
advances in database screening.

Docking or posing is virtual placement of a ligand in a putative binding site on a
protein surface using a sampling algorithm.Multiple poses can be generated for each
ligand, with those retained for further consideration being the poses ranked
according to a scoring function.Most sampling algorithms treat the ligand as flexible
and treat the receptor as rigid, though some docking algorithms do consider local
flexibility in the binding site of the protein [62, 119, 120]. The sampling algorithms, as
summarized in the literature [118, 121], include the following types: (1) incremental
construction that divides ligands into fragments and assembles the fragments in the
binding site [83] (e.g., DOCK, FlexX, FLOG, Hammerhead, Surflex), (2) stochastic
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methods that randomly generate ligand conformations using genetic algo-
rithms [122, 123] (e.g., AutoDock, DARWIN, DIVALI, GOLD, EADock, FITTED,
PSI-DOCK) or Monte Carlo simulations [124] (e.g., DockVision, ICM, MCDOCK,
ProDOCK, SLIDE), (3) multiconformer geometrical matching algorithms that
generate multiple ligand conformations prior to matching the ligands with the
protein surface (e.g., DOCK, ADA, FRED, Ftock, LIGIN, SANDOCK, YUCCA), (4)
MD simulations that allowmore extensive consideration of proteinflexibility, though
at an expensive computational cost [125], and (5) consensus docking that combines
multiple docking algorithms for deriving a universally applicable approach [24].
While it is not feasible to discuss all the abovemethods, a general consideration is the
extent of sampling desired versus the computational costs. For example, if it is
necessary to screen 1 million compounds against multiple protein conformations, it
will be necessary to use an algorithm that rapidly screens compounds often focusing
on a single site on the protein surface (e.g., DOCK [83, 113]). Alternatively, if one
wants to screen a smaller database against the entire protein surface, alternative
algorithms (e.g., AutoDock [126]) should be considered.

Three types of scoring functions are typically used in conjunction with docking
tools. The first are the empirical scoring functions (which are not to be confused with
empirical force fields, see below), which are usually fitted to a training set of protein–
ligand complexes with known experimental binding affinities. Scoring functions in
this class include LUDI [127], FlexX F-Score [128], GlideScore [129], LigScore [130],
PLP [131], X-CScore [132], and ChemScore [133]. Notable is the LUDI scoring
function developed by Bohm [134], due to its inclusion of terms that dominate
protein–ligand interactions in a simple fashion that allows for rapid scoring with a
satisfactory level of accuracy.

Some empirical methods developed for the prediction of ligand binding affinities
provide novel ideas for scoring ligand binding poses. For example, descriptors related
to protein sequence, ligand structure, and binding pocket have been associated with
binding affinity via least squares support vector machine (LS-SVM) analysis on
structurally diverse protein–ligand complexes (PLCs) available in the PDBbind
database [34]. This method yielded acceptable correlation coefficients between
estimated and experimental values of 0.83 for Kd and 0.74 for Ki [135]. Ligand
efficiency indices such as DeltaG/W (Wiener index), DeltaG/NoC (number of
carbons), and DeltaG/P (partition coefficient) derived from the analysis of pro-
tein–ligand complexes have been used to improve the correlation between
experimental and calculated values of binding affinity [136]. As is evident, there are
a variety of empirical terms that may be applied to rank ligands, though care must
always be taken that the success rate of a given method is not too limited by the
training set of compounds used to the develop the approach, a consideration that
holds for any scoring method.

Knowledge-based scoring functions are a second approach that are built based on
statistical partitioning of the distribution of interatomic distances between protein–
ligand atom pairs, derived based on analysis of protein–ligand complexes found in
the PDB. These scoring functions include the potential of mean force (PMF) [137],
distance-scaled finite ideal-gas reference (DFIRE) [138], small-molecule growth
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(SMoG) [139], M-Score [140], DrugScoreCSD [141], and ITScore [142] methods.
Another knowledge-based scoring function, DrugScoreCSD [141], is based on non-
bonded interactions for small organic molecules. As the knowledge-based functions
are typically attractive in nature for docking purposes, the scores add a vdW term to
account for short-ranged repulsive interactions [143].

Force field-based scoring functions (i.e., analogous to the empirical force fields
used for protein simulations) are another type of scoring, which express the binding
energy of a protein–ligand complex as a sum of several classical mechanics terms,
such as electrostatic interactions, vdW interactions, and solvation contributions.
These kinds of functions include those used in the DOCK [113], AutoDock [126], and
GOLD [119] software packages. A variation from the functional forms typically
included in force fields is a soft-core Coulombic potential as an alternative for the
electrostatic term [144]. To save computational time, the summation over receptor
atoms performedduring the energy calculation can be computed in advance on a grid
overlaid on the binding site [145] such that only the summation over ligand atoms and
the grid lattice points has to be computed during the conformational searching to
obtain the interaction energy.

In principle, force field-based scoring functions are constructed based on physical
interactions and thus possess a higher possibility of being improved to improve their
accuracy. The most important aspects of these force fields are the parameters for the
atom, bonds, angles, and so on that comprise the ligands, as well as the protein, being
studied.While beyond the scope of this chapter, careful optimization of parameters is
required for high-accuracy calculations and in the case of force fields used for drug
design the direct transfer of parameters to novel ligands must be performed with
care. These issues have been discussed in detail elsewhere [115, 146, 147].

15.3.1.5 Rescoring
Several treatments have been developed to rescore previously docked poses, includ-
ing scaling and normalization, consensus scoring, and accurate calculation of
ligand–protein binding free energy. To provide an improved ranking of the ligand
binding poses for the desired screening purpose, a scaling factor f can be applied to an
established scoring functionE yielding a scaled function fE. The scaling factor f can be
defined according to (1) the geometrical match between the ligand and the target
binding site or (2) the empirical distribution of the molecular property (e.g.,
molecular weight) for drug-like compounds. The rationale for using geometrical
match to scale a score is that higher binding selectivity may be obtained for docked
ligands with a good 3D geometrical match between the ligand and the geometric
space of the binding site. A pose scaling factor has been proposed to address this via
counting the number of ligand atoms located in the target binding space and the
relative size of the part of ligand located out of the binding pocket [148]. Binding
selectivity can be improved using the comparative binding energy (COMBINE)
analysis in conjunction with protein interaction property similarity analysis (PIPSA)
as has been applied with GOLD [149]. Vectors from surface points can be derived
from a spherical harmonic expansion (SHEF) to define 3D surface shape for
evaluating the geometrical match between the surface of a binding site and the
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ligand surface, resulting in a scoreV that can be simply organized to form the scaling
factor f¼ (1�V/Vmax), where Vmax is the lowest match [150]. The geometrical match
can bemeasured using a similarity score S that is defined as the sumof the reciprocal
exponential of the atom pair distances between the docked compound and the native
ligand in the experimentally determined protein–ligand complex [151], the score S
leading to a scaling factor f¼ S/Smax, where Smax means maximum volume overlap.

Normalization approaches based on molecular size have been applied to scale
scores based on interaction energies. Most energy-based scoring functions sum all
pairwise contributions to yield the total interaction energy so that larger compounds
usually give higher scores (or more favorable energies), with the exception of
FlexX [128], which contains a penalty term for highly rotatable compounds that are
usually present in large compounds. Therefore, size normalization is aimed at
reducing the size bias of energy-based scoring functions, a problem that leads to the
selection of higher MW compounds. In one simple normalization approach, the
scoring function is divided by the number of ligand heavy atoms to a power that leads
to a more drug-like distribution of molecular weights [152]. An alternate normal-
ization uses a power function [1� (MW�min)/(max�min)]1/4 as the scaling factor
f, where max and min are the maximum and minimum of molecular weight in the
ranked set [153]. These methods may often be tuned to select a desired molecular
weight range of the selected compounds. For example, it is often desirable to select
smaller compounds at the initial stages of drug discovery to allow for optimization of
the ligands, which often requires increasing the ligand size [154].

Consensus scoring usesmultiple scoring functions to overcome the deficiencies of
individual functions [155]. The rationale of consensus scoring is based on two
assumptions [156]: (1) the errors of individual scoring functions are randomly
distributed around zero in a statistical sense and can be reduced to an average value
near zero so that significant systematic errors will not appear in consensus scoring
and (2) individual scoring functions are derived from different parameterizations
and thus these single scoring functions can be independent and complementary to
each other so that the accuracy can be increased in consensus scoring. There are three
standard consensus scoring approaches, called rank-by-number, rank-by-vote, and
rank-by-rank [156]. The rank-by-number consensus scoring uses an averaged linear
combination of individual scoring functions where each score can be scaled as
(S�Smin)/(Smax�Smin) so that their amplitudes become comparable as used in the
average of autoscaled score (AASS) [157]. The rank-by-vote consensus scoring counts
the votes assigned to each compound by each individual scoring function as the
compound is ranked over the individual threshold [158]. The rank-by-rank consensus
scoring is themean of the ranks derived from individual scoring functions where the
use of only two scoring functions is the fastest approach [24]. The correlation and
complementarity between individual scoring functions are two major factors in
constructing efficient consensus scoring. If only two individual scoring functions are
used for consensus scoring, one scoring function can be selected from the set of
scoring functions that gives good performance in predicting ligand binding poses
while the second scoring function, that is, the complementary one, may be the one
that is expected to distinguish ligands from nonligands [159].

15.3 CADD Methods for the Identification and Optimization of Small-Molecule Inhibitors of PPIs j305



Recent advances in consensus scoring have been made. A general nonlinear
consensus scoring function GFscore was proposed to discriminate true positives
from false positives by combining five scoring functions in the CScore package from
Tripos Inc. in a nonlinear neural network manner [160]. Multiple-objective optimi-
zation using evolutionary or genetic algorithms was applied to combine conflict
scoring function terms, for example, energy score and contact score into a consensus
scoring approach [161]. Supervised learning with algorithms including support
vector machines, ensemble learning, and random forests [162] can be used to
generate a global model for regression and classification, and thus used to construct
consensus scoring approaches [163–165].MonteCarlo simulated annealingwas used
to select optimal subset of individual scoring functions to extend the standard
consensus scoring approaches [166]. The above-mentioned treatments apply con-
sensus scoring after docking. An alternative is to combine scoring functions before
docking as used in the approach AutoxX, which uses the AutoDock force field-based
scoring function and FlexX empirical scoring function during docking [167].

While the field of ligand scoring/ranking continues to improve, those rankings are
often approximate. The level of confidence is proportional to the computational effort
per ligand. In cases where significant sampling of both the ligand and protein is
performed and scoring functions applied, the level of confidence in the ranking of the
ligands studied will be higher. In contrast, when a large number of ligands are being
sampled with limited sampling of the ligand conformation and often an assumption
of a rigid receptor, the level of confidence in the ranking of ligands will be low. This is
problematic in new ligand discovery projects where the requirement to cover a large
range of chemical space necessarily requires screening a large number (i.e., 105–106)
of ligands. In such cases, it is not appropriate to simply select, for example, the top 100
ranked compounds and obtain them for experimental evaluation. Rather additional
criteria should be applied to maximize the potential of identifying active ligands
despite known limitations in posing and scoring methods.

15.3.1.6 Final Selection of Ligands for Experimental Assay
Final selection of compounds for experimental assay should emphasize chemical
diversity as well as physiochemical properties. Chemical diversity may be achieved
via similarity clustering based on BIT_MACCS fingerprints in combination with the
Tanimoto similarity index [168]. While the effectiveness of clustering varies between
methodologies as well as sets of compounds, the goal is to place the top-ranked
compounds in chemically similar clusters selecting one or two from each cluster for
biological assay. This is an effectivemethod to overcome limitations in the posing and
scoring methods by allowing, for example, the top 1000 compounds to be selected
from which 100 diverse compounds are selected for biological assay. Application of
this general approach has been shown to identify active compounds that would have
been omitted if only the top ranking compounds were considered for experimental
assay [169]. Concerning physiochemical properties, compounds selected for exper-
imental assay should be consistent with those of the drug-like compounds as
defined by Lipinski�s rule of five [154, 170]. These rules include molecular weight
(MW< 500), adequate solubility expressed by the octanol/water partition coefficient
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(�5< log P(o/w)< 5), number of hydrogen bond acceptors (H-bond acceptors<10),
number of hydrogen bond donors (H-bond donors <5), number of rotatable single
bonds (rotatable bonds <10), and number of rings (rings <5). Considering the
possible increase of molecular size that may occur during lead optimization, the
above molecular properties for lead-like compounds are further restricted to slightly
narrower ranges according to Oprea�smodifications [154]. Recently, a function based
on an analysis of the World Drug Index was derived from which a scalar quantity
representative of bioavailability has been presented [171]. Such a quantity allows for
more automated selection of compounds for assay.

15.3.2
Lead Optimization

Leadoptimization represents anessential process to improve theproperties of ligands
and is certainly central to the development of novel therapeutic agents. Typical lead
optimization represents a resource-intensive iterative approach that combines bio-
logical assays, structural biology, CADDapproaches, and chemical synthesis. Below a
brief summary of CADD methods to facilitate lead optimization will be presented.

A first step in lead optimization that avoids the need for chemical synthesis is
similarity searching. This approach simply takes active compounds identified based
on the appropriate biological assays and searches a virtual database for similar
compounds that may be purchased and then assayed. Such an approach is useful to
validate active compounds as true leads for further development as well as to identify
compounds with improved activity. Similarity searching can be performed based, for
example, on either BIT_MACCS fingerprints [172] or MPMFP fingerprints [173], in
combinationwith the Tanimoto similarity index [168, 174],methods that are available
in a number of commercial packages such as SYBYL (SYBYL, 7.3 edn, Tripos, Inc., St.
Louis, MO, 2006.), MOE (MOE (Molecular Operating Environment), 2007.05 edn,
Chemical Computing Group Inc., Montreal, Quebec, Canada, 2007.), and Discovery
Studio (Discovery Studio, Accelrys, Inc., 2010.). BIT_MACCS structural codes assign
fingerprints to molecules based on their structural features. Accordingly, searching
based on BIT_MACCS codes allows for structurally similar compounds to be
identified. In contrast, the MPMFP codes are based on physicochemical properties.
Use of these codes will identify a more diverse collection of compounds with
the potential of identifying novel chemical scaffolds (i.e., lead hopping). Once the
necessary virtual compound databases are in place similarity searches may be
performed quickly, representing a step in the drug discovery process that can yield
significant progress in a short period of time.

15.3.2.1 Ligand-Based Optimization
LBDD is widely used in drug discovery and is advantageous as it does not require 3D
structural information on the protein–ligand complex [45, 147, 175]. Rather a
collection of compounds for which experimental data are available may be used to
develop a structure–activity relationship (SAR) that can be used to direct ligand
optimization in the context of either pharmacophores or QSAR. Initial generation of
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the SAR can be facilitated by the similarity search methods discussed in the
preceding section.

Apharmacophoremodel contains the relative 3Dgeometrical information, such as
distances and angles of chemical functional sites including hydrogen bond donors
and acceptors and aromatic rings, essential for biological activity. A number of
methods are based on the pharmacophore approach, and automated methods to
generate pharmacophores and subsequently apply them are available. These include
Catalyst, CoMFA [176], and CoMSIA [177]. Recently, we have developed the
conformational sampled pharmacophore (CSP) [45, 178] that takes all accessible
conformations of the ligands being studied into account. An alternative to a
pharmacophore model is quantitative structure–activity relationship [179]. The
hypothesis behind QSAR models is that compounds with similar physicochemical
properties will have similar activity. A typical QSAR model is built from a set of
training compounds with a range of physiochemical properties and different values
of the concerned biological activity to predict the activity of other compounds [180].
While QSAR has been widely used, it is typically limited to structural analogs (e.g.,
a congeneric series). It should also be noted that pharmacophore models can be
combined with physical properties to yield combined 3D QSAR models [181].

15.3.2.2 Computation of Binding Free Energy
As discussed above, the free energy is directly related to the binding affinity of a
ligand to a protein. Given that CADD methods are largely based on energy
calculations, a range of methods to estimate free energies of binding and, more
commonly, relative free energies of binding (e.g., free energy perturbationmethods)
are available [63, 182, 183]. For ligand optimization, suchmethodsmay be utilized in
two ways. First, careful analysis of the energetics of binding can identify regions of
an inhibitor on which chemical modifications can lead to improved affinity. More
generally, thesemethods can yield the individual contributions of direct interactions
with the protein versus desolvation considerations to facilitate rational lead opti-
mization. Once such analysis is done, free energy perturbation methods may be
used to computationally test modifications to lead compounds prior to synthesis.
While such methods are traditionally computationally intensive, improvement in
algorithms and increases in computer power are making these methods more
accessible to CADD lead optimization. In addition, a number of implicit solvent
methods [184, 185] are available that are computationally tractable and of adequate
accuracy for drug discovery that may be used to estimate free energies of binding.
The topics of free energy calculation methods and implicit solvation models are
covered in Chapters 11 and 9, respectively.

15.4
Examples of CADD Applied to PPIs

As discussed in the introduction, PPIs represent a class of interactions that play a
significant role in almost all aspects of biology. A number of reviews on specific

308j 15 Prospects of Modulating Protein–Protein Interactions



systems that involve PPIs were cited above allowing the reader to access information
on these systems. In this section, overviews of published results from our laboratory
for four well-studied systems are presented. These overviews are designed to
allow the topics discussed above to be placed in more concrete terms, yielding a
clearer understanding of howCADDmay be applied to identify lead compounds that
inhibit PPIs.

15.4.1
ERK

The extracellular signal regulated kinases (ERK1/2) are members of the mitogen-
activated protein kinase (MAPK) superfamily and play an integral role in signaling
events that regulate cell division, proliferation, and survival [186]. Unregulated
activation of ERK1/2 signaling has been found in a variety of cancers [187–190]
and inflammation [191]. Activation of ERK1/2 is tightly regulated exclusively through
MAP or ERK1 and ERK2 (MEK1/2) proteins, which dually phosphorylates residues
Thr183 and Tyr185 (ERK2) and facilitates movement of the ATP binding site in the
N-terminal lobe in proximity with the C-terminal lobe to allow phosphorylation of
over 160 substrate proteins [192–196]. Thus, ERK1/2 represents an interesting
system to apply a chemical biology approach to understand its physiological function
as well as a potential drug target. Accordingly, it would be desirable to develop highly
selective compounds that can inhibit interactions between ERK1/2 and specific
substrates involved in cancer cell proliferation or inflammatory responses while
preserving ERK-mediated regulation of substrates involved in normal cell functions.

To attain the goal of substrate-specific ERK1/2 inhibitors, a strategy was developed
to identify compounds that function in an ATP-independent manner and target
unique substrate docking sites involved in PPIs. As such, these compounds are
predicted to be substrate selective as opposed to complete inhibition of ERK-
mediated phosphorylation as occurs with inhibitors of upstream kinases [197,
198] or MEK proteins [190, 199]. The basis of the study was the availability of crystal
structures of ERK2 for both the unphosphorylated [200] and phosphorylated
forms [201]. In addition, residues in ERK1/2 involved in PPIs have been character-
ized through mutational analyses, showing them to be involved in interactions with
MEK1/2 and substrates [202]. From these studies, two major substrate docking
domains have been identified in the C-terminal lobe of ERK2: (1) common docking
(CD) (D316 and D319) [203] and ED (T157 and T158) domains [204] located in the
hinge region of the kinase opposite to the active site, and (2) F-site recruitment site
(FRS) (L198, H230, Y231, L232, L235, Y261), which is near the activation loop [205,
206]. The CD domain is relatively well conserved among MAPK family mem-
bers [203], while the ED domain and FRS have distinct features that confer specificity
for interactions with activators, substrate proteins, and other binding partners [204–
206]. Notably, the ED and CD domains are adjacent to each other and a putative site
for small molecules is located between the domains. Therefore, this site was selected
as the putative target for low MW inhibitors that would inhibit phosphorylation of a
selective group of ERK substrate proteins. The sites targeted are shown in Figure 15.1
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along with the ATP site and the residues involved in activation. As is evident, the
targeted site is removed from the kinase (ATP) and activation sites as required to
avoid a general inhibition of ERK1/2 phosphorylation of all substrate proteins.

Based on the above strategy, a virtual database of more than 0.8 million low
molecular weight compounds available from commercial vendors was screened with
the resulting compounds subjected to a number of experimental assays [207–210].
Screeningwas performedwith in-housemodifiedMPI version ofDOCK4 [211] using
flexible ligand docking based on the anchored search method [212]. Bias toward the
selection of highly polar compoundswasminimized via the use of a two-step docking
algorithm that initially focused on the vdW attractive interaction energy to evaluate
ligand–pocket shape complementarity followed by MWnormalization [213]. Twenty
thousand compounds were selected from the primary docking and subjected to a
more rigorous secondary docking considering either total interaction or vdW
attractive energy with the top 500 compounds selected from each scoring regimen
after MWnormalization. The top 500 compounds were then clustered using Jarvis–
Patrick algorithm [214] and BIT-MACCS fingerprints into dissimilar subsets of
compounds. One or two compounds with desirable physiochemical properties were
selected from each group based on Lipinski�s rule of five [215] with 80
compounds obtained for experimental assay. Several CADD-identified compounds
inhibited the phosphorylation of two ERK substrates, RSK-1 and ELK-1, and direct
binding to ERK2 was confirmed via fluorescence spectroscopy. Compounds also

Figure 15.1 Docking domains in ERK2. The CD/ED domains are shown as blue spheres, the
activating phosphorylation residues (T183 and Y185) are shown as red sticks, and the ATP binding
site (K52) is shown as magenta sticks.
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showed dose-dependent inhibition of proliferation in several cancer cell lines. More
recently, inhibitors of ERK targeting the FRS have been identified and additional
characterization and lead optimization studies are ongoing (P. Shapiro and A.D.
MacKerell Jr., work in progress).

15.4.2
BCL6

B-cell lymphoma 6 protein (BCL6) is a potent transcriptional repressor [216] and is
the most frequently involved oncogene in diffuse large B-cell lymphoma
(DLBCL) [217]. In normal B-cell biology, BCL6 is required for mature B cells to
form germinal centers and undergo antibody affinity maturation [218]. Transloca-
tions or pointmutations in theBCL6 locus can lead to constitutive expression ofBCL6
and contribute tomalignant transformation [219], such that the protein plays a critical
role in the pathogenesis ofDLBCL [220]. Peptide inhibitors that block the interactions
of BCL6with its corepressor proteins have been shown to kill DLBCL cell lines in vitro
and in vivo [221, 222], suggesting that BCL6 is a therapeutic target for the develop-
ment of novel treatments for DLBCL.

BCL6 is comprised of an N-terminal BTB domain, a central unstructured region,
and a C-terminal C2H2-type zinc finger (ZF) DNA bindingmotif. The BTB domain is
a well-known PPI motif that mediates self-associations as well as interactions
involving a number of proteins [223]. The BCL6 BTB domain mediates interaction
with three corepressors, including SMRT (silencingmediator of retinoid and thyroid
hormone receptor), N-CoR (nuclear receptor corepressor), and BCOR (BCL6 core-
pressor), leading to its autonomous repressor activity [224, 225]. These corepressors
bind with micromolar affinity to an exposed surface groove (lateral groove) at the
interface of the BCL6BTBdimer. The peptide inhibitormentioned abovewas derived
from the SMRT protein and binds in the lateral groove as shown by crystallogra-
phy [224]. To facilitate the development of novel therapeutic agents of DLBCL, a
collaborative effort was undertaken to identify low molecular weight peptides that
act in a similar fashion as the peptide inhibitors to block BCL6–corepressor
interaction [32] but do not have the limitations associated with peptide-based
therapeutics [221].

Liganddiscovery started from identification of putative binding sites on the protein
surface based on the X-ray crystal structure of the BCL6:SMRTcomplex (PDB: 1R2B).
The SMRT peptide was removed from the complex structure and sphere sets were
generated by SPHGEN module in the DOCK program [212] from which a binding
site in the lateral groove was identified; this region interacts with residues known to
be important for binding based on alanine scanning mutagenesis [225]. Following
the use ofMDsimulations to generatemultiple conformations of the protein,DOCK-
based screening was undertaken targeting an approximately 1 million compound
database. The initial round of screening used a single conformation of the protein.
From this screen, 50,000 compounds were selected based on the vdW attractive
energy normalized for compound molecular weight [213]. It should be emphasized
that in this procedure compounds are initially posed based on the total interaction
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energy but scored based on the vdWattractive energy as the latter selects compounds
with maximal steric complementarity with the protein rather than compounds with,
for example, one very favorable electrostatic interaction that do not complement the
shape of the binding pocket. The selected compounds were subjected to a second,
more rigorous screen that used several conformations of the protein to account for
binding site flexibility. The screening method includes additional minimization of
ligands with scoring based on the MW normalized total interaction energy with
the score for each compound being the most favorable for the compounds studied.
The top 1000 compounds from this screen were obtained with the final compounds
for assay selected based on chemical diversity and physiochemical considera-
tions [226]. Compounds were purchased from commercial vendors and initially
subjected to an experimental reporter assays to determine the fold change in
repressor activity compared to the uninhibited BCL6 BTB domain. Ten compounds
were identified to consistently attenuate BCL6 BTB-mediated transcriptional repres-
sion compared with vehicle control and were considered candidate inhibitors.
Similarity searching was then performed on our in-house virtual database of over
5 million compounds to identify chemically similar analogs of these active com-
pounds and another round of biological assays was performed. From these efforts,
the 79-series family, which had the largest number of active compounds, was selected
for further experimental studies. One of these compounds, 79-6, was observed to
bind in the lateral groove by X-ray crystallography and NMR and to kill BCL6-positive
DLBCL cell lines. Notably, it was found to suppress DLBCL tumors in vivo by mouse
xenotransplantation experiments as well as kill primary DLBCLs from human
patients. Figure 15.2 shows the CADD predicted orientation of 79-6 compound
along with its X-ray determined orientation on the protein surface. As may be seen,
CADD predicted the approximately correct binding orientation, though differences
with respect to the experimental orientation are evident. Such differences are
expected, as subtle conformational changes in the protein binding site accompanying
ligand binding are not taken into account in DOCK-based database screening.

Figure 15.2 BCL6 BTB domain dimer (two
chains in pink and blue, respectively) with the
sphere set demarcating the binding site (green
transparent spheres) and compound 79-6

(licorice) in the CADD predicted (white) and
X-ray crystal orientation (atom-type coloring).
The right panel is a partial zoom of the binding
site shown in the left panel.
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15.4.3
S100B

S100B is a calcium binding protein that binds to the C-terminus of p53. Binding of
S100b to p53 facilitates degradation of p53, thereby inhibiting its tumor suppressor
function [227, 228]. Notably S100B is used as a marker of malignant melanoma [229]
and siRNA experiments indicate that knockdown of S100B restores normal p53
transcriptional levels and apoptotic activity [230]. Accordingly, S100B represents an
ideal target for novel agents treating malignant melanoma. A number of NMR and
crystallographic studies have been performed on S100B [227, 228, 231–233].
These studies show that calcium leads to the protein undergoing a conformational
change that exposes a hydrophobic patch of residues that interact with p53. The
presence of this well-defined �hot spot� laid the groundwork for the application of
CADD screening approaches to block this PPI [234]. Virtual screening of 640 000
compounds from an in-house database of small molecules [169, 235] was done using
DOCK [236, 237]. The binding sitewas definedbased on spheres created by SPHGEN
that were within 14 A

�
of the amino acids involved in the S100B–p53 interaction. Two-

step docking was performed with compound scoring from the first step based on the
attractive vdW interaction energy to ensure that the compounds had good steric
complementarity with the binding pocket. Scoring was based on the total interaction
energy for the second screening step, with the final compounds for biological assay
chosenbased on their drug-like properties, their similarity to drug scaffolds, and their
chemical diversity. From60purchased compounds, 7were soluble anddetermined to
bind to the S100B site by fluorescence spectroscopy with Kd values between 1 and
120 mMand by heteronuclear single quantum coherence NMR titrations [238]. NOEs
obtained for one of the compounds showed that the intended hydrophobic area was
being targeted. Five compounds inhibited growth of melanoma cancer cells at
micromolar concentrations and are currently being subjected to lead optimization
studies. Notable from that studywas a careful comparison of the compounds selected
from CADD screening with FDA approved drugs. This led to the identification of a
compound, pentamidine, which was shown to inhibit S100B–p53 interactions and
subsequently verified to bind to S100B via crystallography [239]. Pentamidine, which
was initially approved by the FDA as an antiviral agent, is currently undergoing phase
II clinical trials for the treatment of melanoma [240].

15.4.4
p56Lck Kinase SH2 Domain

p56Lck is a kinase expressed in T lymphocytes where it performs a central role in
immune response. The protein participates in phosphate-mediated PPIs via its SH2
domain, most notably with ITAM sequences that become phosphorylated following
T-cell activation by external interactions with the CD3 receptor, whose intracellular
region contains the ITAM. This initiates the T-cell activation cascade ultimately
leading to the expression of IL2 and the proliferation of T cells. Thus, blocking the
Lck–ITAM interaction offers the potential of suppressing immune response, which
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may be of therapeutic benefit for the treatment of rheumatoid arthritis as well as
acting as an immunosuppressant of potential utility following transplants. However,
targeting an SH2 domain is potentially problematic due to a large number of
signaling proteins containing this motif. Of PPIs involving SH2 domains, the most
obvious feature to target is the pY (phosphotyrosine) binding pocket on the SH2
domain. Such a strategy has two significant limitations. First, compounds targeting
the pY binding site would be expected to contain a phosphate or other negatively
charged moiety, which would have negative implications with respect to oral
bioavailability. The second and more important issue is due to the large number
of SH2 domains such that ligands whose binding affinity is dominated by the pY
interaction would be anticipated to bind to a range of SH2 domains, thereby leading
to a severe lack of specificity. To overcome this, we applied a strategy that avoided the
pY binding pocket. Analysis of the crystal structure of the Lck SH2 domain with a
pYEEI target peptide showed a pocket at the pYþ 3 position where an Ile side chain
binds that might be suitable for small molecular binding. In addition, mutagenesis
experiments showed that swapping the appropriate residues in the region of the
pYþ 3 binding pocket leads to SH2 domain specificity reversal [241, 242]. Accord-
ingly, CADD screening was undertaken targeting the pYþ 3 site of the Lck SH2
domain [169].

Ligand identification for the SH2 domain pYþ 3 site targeted a database of
2 million commercially available compounds using the program DOCK in combi-
nation with a collection of in-house scripts [243]. During screening a phenol
phosphate, assigned a neutral charge, was placed in the pY binding site of the SH2
domain to avoid docked compounds interacting with that pocket. Docking again
involved two tiers going from 2million to 25 000 in the first round of screening, with
compounds selected based onMWnormalized vdW interaction energy, to two sets of
1000 compounds in the second round of screening. These two sets were based on the
total interaction energy and theMWnormalized total interaction energy. Both sets of
compounds were subjected to similarity-based clustering followed by selection of
compounds for biological assay via the selection of compounds from individual
clusters, prioritizing the compounds based on Lipinski�s rule of five. It should be
emphasized that in this, as well as in all our studies, Lipinski�s rules act as a guideline
but are not rigorously followed as compounds were selected for assay that did not
follow these rules in certain cases. From this procedure, 196 compounds were
obtained from commercial vendors for biological assay. The initial assay involved
direct assessment of compounds at 100 mM to inhibit direct binding between the
phosphorylated ITAM2 peptide and the Lck SH2 domain. From this assay 34
compounds showed activity, a 17% hit rate, and were then subjected to a cell-based
mixed lymphocyte culture assay. This assay involves mixing lymphocytes from two
different mice leading to an immune response; of the 34 compounds tested, 13
inhibited the immune response. Physical validation of binding was performed based
on fluorescent titrations taking advantage of the tryptophan in the SH2 domain.
Several of these compounds were subsequently validated as true leads [244] using
similarity searching followed by experimental validation using an ELISA-based high-
throughput assay that measures phosphorylated ITAM2–SH2 domain binding.
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Ultimately, two of the identified compounds were shown to have activity in an
immune responsemousemodel [245]. Finally, a recent overview of the determinates
of SH2 domain specificity indicates the generality of the strategy applied for the
discovery of specific inhibitors of the Lck SH2 domain to a wide range of SH2
domain-containing proteins [246].

15.5
Summary

PPIs represent biologically essential interactions that are difficult to studywith respect
to their physiological roles and traditionally are thought to be difficult to inhibit via the
use of lowMWdrug-like compounds. However, recent combined CADD/experimen-
tal studies have identified modulators for a range of PPIs, with some of the those
compounds being considered for clinical trials. While successes are present, the
identificationof chemicalmodulators ofPPIs requires special attentionwith respect to
the selection of putative binding sites and to properly take conformational flexibility of
the protein into account.When care is taken in performing these tasks in combination
with the application of structure-based screening and consideration of chemical
diversity and physicochemical properties during final compound selection, it is
possible to successfully target PPIs. Given the large number of PPIs that are present
as well as waiting to be identified, it is evident that the application of CADD in
combination with experimental analysis will yield novel tools for chemical biological
manipulationofPPIs aswell as lead compoundswith thepotential tobedeveloped into
therapeutic agents for a range of disease states.

Acknowledgments

This work was supported by NIH grants MH092940, CA120215, and CA107331, the
Samuel Waxman Cancer Research Foundation, and the Computer-Aided Drug
Design (CADD) Center at the University of Maryland, Baltimore.

References

1 Tsai, C.J., Ma, B., and Nussinov, R. (2009)
Protein–protein interaction networks:
how can a hub protein bind so many
different partners? Trends in Biochemical
Sciences, 34, 594–600.

2 Franzosa, E., Linghu, B., and Xia, Y.
(2009) Computational reconstruction of
protein–protein interaction networks:
algorithms and issues. Methods in
Molecular Biology, 541, 89–100.

3 Raman, K. (2010) Construction and
analysis of protein–protein interaction
networks. Automated Experimentation,
2, 2.

4 Encinar, J.A., Fernandez-Ballester, G.,
Sanchez, I.E., Hurtado-Gomez, E.,
Stricher, F., Beltrao, P., and
Serrano, L. (2009) ADAN: a database
for prediction of protein–protein
interaction of modular domains

Referencesj315



mediated by linearmotifs.Bioinformatics,
25, 2418–2424.

5 Ramani, A.K., Bunescu, R.C.,
Mooney, R.J., and Marcotte, E.M. (2005)
Consolidating the set of known human
protein–protein interactions in
preparation for large-scale mapping of
the human interactome. Genome Biology,
6, R40.

6 Drewry, J.A., Fletcher, S., Yue, P.,
Marushchak,D.,Zhao,W., Sharmeen, S.,
Zhang, X., Schimmer, A.D.,
Gradinaru, C., Turkson, J., and
Gunning, P.T. (2010) Coordination
complex SH2 domain proteomimetics:
an alternative approach to disrupting
oncogenic protein–protein interactions.
Chemical Communications, 46, 892–894.

7 Leon, E., Navarro-Aviles, G.,
Santiveri, C.M., Flores-Flores, C.,
Rico, M., Gonzalez, C., Murillo, F.J.,
Elias-Arnanz, M., Jimenez, M.A., and
Padmanabhan, S. (2010) A bacterial
antirepressor with SH3 domain
topology mimics operator DNA in
sequestering the repressor DNA
recognition helix. Nucleic Acids Research,
38, 5226–5241.

8 Bradshaw, J.M. (2010) The Src, Syk, and
Tec family kinases: distinct types of
molecular switches. Cellular Signalling,
22, 1175–1184.

9 Fischer, A., Picard, C., Chemin, K.,
Dogniaux, S., le Deist, F., and Hivroz, C.
(2010) ZAP70: a master regulator of
adaptive immunity. Seminars in
Immunopathology, 32, 107–116.

10 Romir, J., Lilie, H., Egerer-Sieber, C.,
Bauer, F., Sticht, H., and Muller, Y.A.
(2007) Crystal structure analysis and
solution studies of human Lck-SH3;
zinc-induced homodimerization
competeswith the binding of proline-rich
motifs. Journal of Molecular Biology, 365,
1417–1428.

11 Falet, H., Pollitt, A.Y., Begonja, A.J.,
Weber, S.E., Duerschmied, D.,
Wagner, D.D., Watson, S.P., and
Hartwig, J.H. (2010) A novel interaction
between FlnA and Syk regulates platelet
ITAM-mediated receptor signaling and
function. The Journal of Experimental
Medicine, 207, 1967–1979.

12 Han, C., Jin, J., Xu, S., Liu, H., Li, N., and
Cao, X. (2010) Integrin CD11b negatively
regulates TLR-triggered inflammatory
responses by activating Syk and
promoting degradation of MyD88 and
TRIF via Cbl-b. Nature Immunology, 11,
734–742.

13 Kroczek, C., Lang, C., Brachs, S.,
Grohmann, M., Dutting, S.,
Schweizer, A., Nitschke, L., Feller, S.M.,
Jack, H.M., and Mielenz, D. (2010)
Swiprosin-1/EFhd2 controls B cell
receptor signaling through the
assembly of the B cell receptor, Syk,
and phospholipase C gamma2 in
membrane rafts. Journal of Immunology,
184, 3665–3676.

14 Zhang, Y., Oh, H., Burton, R.A.,
Burgner, J.W., Geahlen, R.L., and
Post, C.B. (2008) Tyr130 phosphorylation
triggers Syk release from antigen
receptor by long-distance conformational
uncoupling. Proceedings of the National
Academy of Sciences of the United States of
America, 105, 11760–11765.

15 Wunderlich, Z. and Mirny, L.A. (2009)
Using genome-wide measurements for
computational prediction of SH2–
peptide interactions. Nucleic Acids
Research, 37, 4629–4641.

16 Chrobak, P., Simard,M.C., Bouchard,N.,
Ndolo, T.M., Guertin, J., Hanna, Z.,
Dave, V., and Jolicoeur, P. (2010) HIV-1
Nef disrupts maturation of CD4þ T cells
through CD4/Lck modulation. Journal of
Immunology, 185, 3948–3959.

17 Davis, A.M. and Berg, J.M. (2009)
Homodimerization and
heterodimerization of minimal zinc(II)-
binding-domain peptides of T-cell
proteins CD4, CD8alpha, and Lck.
Journal of the American Chemical Society,
131, 11492–11497.

18 Nunes, R.J., Castro, M.A.,
Goncalves, C.M., Bamberger, M.,
Pereira, C.F., Bismuth, G., and
Carmo, A.M. (2008) Protein
interactions between CD2 and Lck are
required for the lipid raft distribution
of CD2. Journal of Immunology, 180,
988–997.

19 Lee-Fruman, K.K., Kuo, C.J.,
Lippincott, J., Terada, N., and Blenis, J.

316j 15 Prospects of Modulating Protein–Protein Interactions



(1999) Characterization of S6K2, a novel
kinase homologous to S6K1. Oncogene,
18, 5108–5114.

20 Jang, I.K., Zhang, J., and Gu, H. (2009)
Grb2, a simple adapter with complex
roles in lymphocyte development,
function, and signaling. Immunological
Reviews, 232, 150–159.

21 Pamonsinlapatham, P.,
Hadj-Slimane, R., Lepelletier, Y.,
Allain, B., Toccafondi, M., Garbay, C.,
and Raynaud, F. (2009) p120-Ras
GTPase activating protein (RasGAP):
a multi-interacting protein in
downstream signaling. Biochimie, 91,
320–328.

22 Liu, S., Sun, J.P., Zhou, B., and
Zhang, Z.Y. (2006) Structural basis of
docking interactions between ERK2
and MAP kinase phosphatase 3.
Proceedings of the National Academy of
Sciences of the United States of America,
103, 5326–5331.

23 Stogios, P.J., Downs, G.S., Jauhal, J.J.,
Nandra, S.K., and Prive, G.G. (2005)
Sequence and structural analysis of BTB
domain proteins.Genome Biology, 6, R82.

24 O�Boyle, N.M., Liebeschuetz, J.W., and
Cole, J.C. (2009) Testing assumptions
and hypotheses for rescoring success in
protein–ligand docking. Journal of
Chemical Information and Modeling, 49,
1871–1878.

25 Harauz, G. and Libich, D.S. (2009)
The classic basic protein of myelin:
conserved structural motifs and the
dynamic molecular barcode involved in
membrane adhesion and protein–
protein interactions. Current Protein &
Peptide Science, 10, 196–215.

26 Avenda~no, C. and Men�endez, J. (2007)
Peptidomimetics in cancer
chemotherapy. Clinical and Translational
Oncology, 9, 563–570.

27 Robinson, J.A. (2008) Beta-hairpin
peptidomimetics: design, structures and
biological activities. Accounts of Chemical
Research, 41, 1278–1288.

28 Arkin, M.R. and Wells, J.A. (2004)
Small-molecule inhibitors of protein–
protein interactions: progressing towards
the dream. Nature Reviews. Drug
Discovery, 3, 301–317.

29 Tomillero, A. and Moral, M.A. (2008)
Gateways to clinical trials. December
2008. Methods and Findings in
Experimental and Clinical Pharmacology,
30, 761–782.

30 Rajapakse, H.A. (2007) Small molecule
inhibitors of the XIAP protein–protein
interaction. Current Topics in Medicinal
Chemistry, 7, 966–971.

31 Betzi, S., Restouin,A.,Opi, S., Arold, S.T.,
Parrot, I., Guerlesquin, F., Morelli, X.,
and Collette, Y. (2007) Protein–protein
interaction inhibition (2P2I) combining
high throughput and virtual screening:
application to the HIV-1 Nef protein.
Proceedings of the National Academy of
Sciences of the United States of America,
104, 19256–19261.

32 Cerchietti, L.C., Ghetu, A.F., Zhu, X.,
Da Silva, G.F., Zhong, S., Matthews, M.,
Bunting, K.L., Polo, J.M., Fares, C.,
Arrowsmith, C.H., Yang, S.N.,
Garcia, M., Coop, A., Mackerell, A.D., Jr.,
Prive, G.G., and Melnick, A. (2010)
A small-molecule inhibitor of BCL6
kills DLBCL cells in vitro and in vivo.
Cancer Cell, 17, 400–411.

33 Bourgeas, R., Basse, M.J., Morelli, X.,
and Roche, P. (2010) Atomic analysis of
protein–protein interfaces with known
inhibitors: the 2P2I database. PLoS One,
5, e9598.

34 Wang, R., Fang, X., Lu, Y., Yang, C.Y.,
and Wang, S. (2005) The PDBbind
database: methodologies and updates.
Journal of Medicinal Chemistry, 48,
4111–4119.

35 Roche, O., Kiyama, R., and Brooks, C.L.,
3rd (2001) Ligand–protein database:
linking protein–ligand complex
structures to binding data. Journal of
Medicinal Chemistry, 44, 3592–3598.

36 Li, L., Bum-Erdene, K., Baenziger, P.H.,
Rosen, J.J., Hemmert, J.R., Nellis, J.A.,
Pierce, M.E., and Meroueh, S.O. (2010)
BioDrugScreen: a computational drug
design resource for ranking molecules
docked to the human proteome. Nucleic
Acids Research, 38, D765–773.

37 Bouvier, G., Evrard-Todeschi, N.,
Girault, J.P., and Bertho, G. (2010)
Automatic clustering of docking poses
in virtual screening process using

Referencesj317



self-organizing map. Bioinformatics,
26, 53–60.

38 General, I.J. (2010) A note on the
standard state�s binding free energy.
Journal of Chemical Theory and
Computation, 6, 2520–2524.

39 Juliano, R.L., Astriab-Fisher, A., and
Falke, D. (2001) Macromolecular
therapeutics: emerging strategies for
drug discovery in the postgenome era.
Molecular Interventions, 1, 40–53.

40 Bahadur, R.P. and Zacharias, M. (2008)
The interface of protein–protein
complexes: analysis of contacts and
prediction of interactions. Cellular and
Molecular Life Sciences, 65, 1059–1072.

41 Zhong, S.J., Macias, A.T., and
MacKerell, A.D., Jr. (2007)
Computational identification of
inhibitors of protein–protein
interactions. Current Topics in Medicinal
Chemistry, 7, 63–82.

42 Andricopulo, A.D., Salum, L.B., and
Abraham, D.J. (2009) Structure-based
drug design strategies in medicinal
chemistry. Current Topics in Medicinal
Chemistry, 9, 771–790.

43 Kroemer, R.T. (2007) Structure-based
drug design: docking and scoring.
Current Protein & Peptide Science, 8,
312–328.

44 Cavasotto, C.N. and Orry, A.J. (2007)
Ligand docking and structure-based
virtual screening in drug discovery.
Current Topics in Medicinal Chemistry, 7,
1006–1014.

45 Acharya, C., Coop, A., Polli, J.E., and
Mackerell, A.D., Jr. (2010) Recent
advances in ligand-based drug design:
relevance and utility of the
conformationally sampled
pharmacophore approach. Current
Computer-Aided Drug Design, 7, 10–22.

46 Bacilieri, M. and Moro, S. (2006)
Ligand-based drug designmethodologies
in drug discovery process: an overview.
Current Drug Discovery Technologies, 3,
155–165.

47 Pozzan, A. (2006) Molecular descriptors
and methods for ligand based virtual
high throughput screening in drug
discovery. Current Pharmaceutical Design,
12, 2099–2110.

48 Wells, J.A. (1996) Binding in the
growth hormone receptor complex.
Proceedings of the National Academy
of Sciences of the United States of America,
93, 1–6.

49 Gruber, J., Zawaira, A., Saunders, R.,
Barrett, C.P., and Noble, M.E. (2007)
Computational analyses of the surface
properties of protein–protein interfaces.
Acta Crystallographica Section D:
Biological Crystallography, 63, 50–57.

50 Zhong, S. and MacKerell, A.D., Jr. (2007)
Binding response: a descriptor for
selecting ligand binding site on
protein surfaces. Journal of
Chemical Information and Modeling, 47,
2303–2315.

51 Dias, R. and de Azevedo, W.F., Jr. (2008)
Molecular docking algorithms. Current
Drug Targets, 9, 1040–1047.

52 Zhong, S., Zhang, Y., and Xiu, Z. (2010)
Rescoring ligand docking poses. Current
Opinion in Drug Discovery & Development,
13, 326–334.

53 Cao, Y., Jiang, T., and Girke, T. (2010)
Accelerated similarity searching and
clustering of large compound sets by
geometric embedding and locality
sensitive hashing. Bioinformatics, 26,
953–959.

54 Nisius, B. and Bajorath, J. (2009)
Molecular fingerprint recombination:
generating hybrid fingerprints for
similarity searching from different
fingerprint types. ChemMedChem, 4,
1859–1863.

55 Al Khalifa, A., Haranczyk, M., and
Holliday, J. (2009) Comparison of
nonbinary similarity coefficients for
similarity searching, clustering and
compound selection. Journal
of Chemical Information andModeling, 49,
1193–1201.

56 Tan, L., Lounkine, E., and Bajorath, J.
(2008) Similarity searching using
fingerprints of molecular fragments
involved in protein–ligand interactions.
Journal of Chemical Information and
Modeling, 48, 2308–2312.

57 Batista, J. and Bajorath, J. (2008)
Similarity searching using compound
class-specific combinations of
substructures found in randomly

318j 15 Prospects of Modulating Protein–Protein Interactions



generated molecular fragment
populations. ChemMedChem, 3, 67–73.

58 Krumrine, J., Raubacher, F.,
Brooijmans, N., and Kuntz, I.D. (2003)
Principles and methods of docking and
ligand design. Methods of Biochemical
Analysis, 44, 443–476.

59 Steinbrecher, T. and Labahn, A. (2010)
Towards accurate free energy calculations
in ligand protein-binding studies.
CurrentMedicinal Chemistry, 17, 767–785.

60 Christ, C.D., Mark, A.E., and van
Gunsteren,W.F. (2010) Basic ingredients
of free energy calculations: a review.
Journal of Computational Chemistry, 31,
1569–1582.

61 Zhou, H.X. and Gilson, M.K. (2009)
Theory of free energy and entropy in
noncovalent binding. Chemical Reviews,
109, 4092–4107.

62 Meirovitch, H., Cheluvaraja, S., and
White, R.P. (2009) Methods for
calculating the entropy and free energy
and their application to problems
involving protein flexibility and ligand
binding.Current Protein & Peptide Science,
10, 229–243.

63 Knight, J.L. and Brooks, C.L.,
3rd (2009) Lambda-dynamics free
energy simulation methods. Journal
of Computational Chemistry, 30,
1692–1700.

64 Verma, J., Khedkar, V.M., and
Coutinho, E.C. (2010) 3D-QSAR in
drug design: a review. Current Topics in
Medicinal Chemistry, 10, 95–115.

65 Andrade, C.H., Pasqualoto, K.F.,
Ferreira, E.I., and Hopfinger, A.J. (2010)
4D-QSAR: perspectives in drug design.
Molecules, 15, 3281–3294.

66 Santos-Filho, O.A., Hopfinger, A.J.,
Cherkasov, A., and de Alencastro, R.B.
(2009) The receptor-dependent QSAR
paradigm: an overview of the current
state of the art. Journal of Medicinal
Chemistry, 5, 359–366.

67 Potemkin, V. and Grishina, M. (2008)
Principles for 3D/4D QSAR
classification of drugs. Drug Discovery
Today, 13, 952–959.

68 Leach, A.R., Gillet, V.J., Lewis, R.A., and
Taylor, R. (2010) Three-dimensional
pharmacophore methods in drug

discovery. Journal of Medicinal Chemistry,
53, 539–558.

69 Gao, Q., Yang, L., and Zhu, Y. (2010)
Pharmacophore based drug design
approach as a practical process in
drug discovery. Current Computer-Aided
Drug Design, 6, 37–49.

70 Oprea, T.I., Ho, C.M.W., and
Marshall, G.R. (1995) De Novo design:
ligand construction and prediction of
affinity, in Computer-Aided Molecular
Design: Application in Agrochemicals,
Materials, and Pharmaceuticals
(eds C.H. Reynolds, M.K. Holloway,
and H.K. Cox), American Chemical
Society, Washington, DC, pp. 64–81.

71 Pegg, S.C., Haresco, J.J., and Kuntz, I.D.
(2001) A genetic algorithm for
structure-based de novo design.
Journal of Computer-Aided Molecular
Design, 15, 911–933.

72 Babaoglu, K. and Shoichet, B.K. (2006)
Deconstructing fragment-based
inhibitor discovery. Nature Chemical
Biology, 2, 720–723.

73 Hadjuk, P.J. (2006) Fragment-based
drug design: how big is too big?
Journal of Medicinal Chemistry, 49,
6972–6976.

74 Chen, Y. and Shoichet, B.K. (2009)
Molecular docking and ligand specificity
in fragment-based inhibitor discovery.
Nature Chemical Biology, 5, 358–364.

75 Berman, H.M., Battistuz, T., Bhat, T.N.,
Bluhm, W.F., Bourne, P.E.,
Burkhardt, K., Feng, Z., Gilliland, G.L.,
Iype, L., Jain, S., Fagan, P., Marvin, J.,
Padilla, D., Ravichandran, V.,
Schneider, B., Thanki, N., Weissig, H.,
Westbrook, J.D., and Zardecki, C. (2002)
The Protein Data Bank. Acta
Crystallographica Section D: Biological
Crystallography, 58, 899–907.

76 Case, D.A., Cheatham, T.E., Darden, T.,
Gohlke, H., Luo, R., Merz, K.M.,
Onufriev, A., Simmerling, C., Wang, B.,
and Woods, R.J. (2005) The Amber
biomolecular simulation programs.
Journal of Computational Chemistry, 26,
1668–1688.

77 Van der Spoel, D., Lindahl, E., Hess, B.,
Groenhof, G., Mark, A.E., and
Berendsen, H.J.C. (2005) GROMACS:

Referencesj319



fast, flexible, and free. Journal of
Computational Chemistry, 26, 1701–1718.

78 Word, J.M., Lovell, S.C., Richardson, J.S.,
and Richardson, D.C. (1999) Asparagine
and glutamine: using hydrogen atom
contacts in the choice of side-chain amide
orientation. Journal of Molecular Biology,
285, 1735–1747.

79 Demchuk, E., and Wade, R.C. (1996)
Improving the continuum dielectric
approach to calculating pKas of ionizable
groups on proteins. The Journal of
Physical Chemistry, 100, 17373–17387.

80 Gordon, J.C., Myers, J.B., Folta, T.,
Shoja, V., Heath, L.S., and Onufriev, A.
(2005)Hþþ: a server for estimating pKas
and adding missing hydrogens to
macromolecules. Nucleic Acids Research,
33, W368–W371.

81 Kieseritzky, G. and Knapp, E.W. (2008)
Improved pKa prediction: combining
empirical and semimicroscopic
methods. Journal of Computational
Chemistry, 29, 2575–2581.

82 Verdonk, M.L., Cole, J.C.,
Hartshorn, M.J., Murray, C.W., and
Taylor, R.D. (2003) Improved protein–
ligand docking using GOLD. Proteins, 52,
609–623.

83 Ewing, T.J., Makino, S., Skillman, A.G.,
and Kuntz, I.D. (2001) DOCK 4.0: search
strategies for automated molecular
docking of flexible molecule databases.
Journal of Computer-Aided Molecular
Design, 15, 411–428.

84 Totrov, M. and Abagyan, R. (2008)
Flexible ligand docking to multiple
receptor conformations: a practical
alternative. Current Opinion in Structural
Biology, 18, 178–184.

85 Brooks, B.R., Brooks, C.L., III,
MacKerell, A.D., Jr., Nilsson, L.,
Petrella, R.J., Roux, B., Won, Y.,
Archontis, G., Bartels, C., Boresch, S.,
Caflisch, A., Caves, L., Cui, Q.,
Dinner, A.R., Feig,M., Fischer, S., Gao, J.,
Hodoscek, M., Im, W., Kuczera, K.,
Lazaridis, T., Ma, J., Ovchinnikov, V.,
Paci, E., Pastor, R.W., Post, C.B., Pu, J.Z.,
Schaefer, M., Tidor, B., Venable, R.V.,
Woodcock, H.L., Wu, X., Yang, W.,
York, D.M., and Karplus, M. (2009)
CHARMM: the biomolecular simulation

program. Journal of Computational
Chemistry, 30, 1545–1614.

86 Phillips, J.C., Braun, R., Wang, W.,
Gumbart, J., Tajkhorshid, E., Villa, E.,
Chipot, C., Skeel, R.D., Kale, L., and
Schulten, K. (2005) Scalable molecular
dynamics with NAMD. Journal of
Computational Chemistry, 26, 1781–1802.

87 Shaw, D.E. and Fast, A. (2005) Scalable
method for the parallel evaluation of
distance-limited pairwise particle
interactions. Journal of Computational
Chemistry, 26, 1318–1328.

88 MacKerell, A.D., Jr., Feig, M., and
Brooks, C.L., III (2004) Accurate
treatment of protein backbone
conformational energetics in empirical
force fields. Journal of the American
Chemical Society, 126, 698–699.

89 MacKerell, A.D., Jr., Bashford, D.,
Bellott, M., Dunbrack, R.L., Jr.,
Evanseck, J., Field, M.J., Fischer, S.,
Gao, J., Guo, H., Ha, S., Joseph, D.,
Kuchnir, L., Kuczera, K., Lau, F.T.K.,
Mattos, C., Michnick, S., Ngo, T.,
Nguyen, D.T., Prodhom, B., Reiher, W.E.,
III, Roux, B., Schlenkrich, M., Smith, J.,
Stote, R., Straub, J., Watanabe, M.,
Wiorkiewicz-Kuczera, J., Yin, D., and
Karplus, M. (1998) All-atom empirical
potential for molecular modeling
and dynamics studies of proteins.
The Journal of Physical Chemistry B, 102,
3586–3616.

90 Cornell, W.D., Cieplak, P., Bayly, C.I.,
Gould, I.R., Merz, K.M., Ferguson, D.M.,
Spellmeyer, D.C., Fox, T., Caldwell, J.W.,
and Kollman, P.A. (1995) A second
generation force field for the simulation
of proteins, nucleic acids, and organic
molecules. Journal of the American
Chemical Society, 117, 5179–5197.

91 Oostenbrink, C., Soares, T.A., van der
Vegt, N.F.A., and van Gunsteren, W.F.
(2005) Validation of the 53A6 GROMOS
force field. European Biophysics Journal,
34, 273–284.

92 Jorgensen, W.L. and Tirado-Rives, J.
(1988) The OPLS potential function for
proteins. Energy minimizations for
crystals of cyclic peptides and crambin.
Journal of the American Chemical Society,
110, 1657–1666.

320j 15 Prospects of Modulating Protein–Protein Interactions



93 Yu, W.M., Guvench, O., Mackerell, A.D.,
and Qu, C.K. (2008) Identification of
small molecular weight inhibitors
of Src homology 2 domain-containing
tyrosine phosphatase 2 (SHP-2) via in
silico database screening combined with
experimental assay. Journal of Medicinal
Chemistry, 51, 7396–7404.

94 Zhong, S., Chen, X., Zhu, X.,
Dziegielewska, B., Bachman, K.E.,
Ellenberger, T., Ballin, J.D.,Wilson,G.M.,
Tomkinson, A.E., andMacKerell, A.D., Jr.
(2008) Identification and validation of
human DNA ligase inhibitors using
computer-aided drug design. Journal of
Medicinal Chemistry, 51, 4553–4562.

95 Sorci, L., Pan, Y., Eyobo, Y., Rodionova, I.,
Huang, N., Kurnasov, O., Zhong, S.,
MacKerell, A.D., Jr., Zhang, H., and
Osterman, A.L. (2009) Targeting NAD
biosynthesis in bacterial pathogens:
structure-based development of
inhibitors of nicotinate mononucleotide
adenylyltransferase NadD. Chemistry &
Biology, 16, 849–861.

96 Kelley, L.A., Gardner, S.P., and
Sutcliffe, M.J. (1996) An automated
approach for clustering an ensemble of
NMR-derived protein structures into
conformationally related subfamilies.
Protein Engineering, 9, 1063–1065.

97 Laurie, A.T. and Jackson, R.M. (2006)
Methods for the prediction of protein–
ligand binding sites for structure-based
drug design and virtual ligand screening.
Current Protein & Peptide Science, 7,
395–406.

98 Brylinski, M. and Skolnick, J. (2008)
A threading-based method (FINDSITE)
for ligand-binding site prediction and
functional annotation. Proceedings of the
National Academy of Sciences of the United
States of America, 105, 129–134.

99 Kalidas, Y. and Chandra, N. (2008)
PocketDepth: a new depth based
algorithm for identification of ligand
binding sites in proteins. Journal of
Structural Biology, 161, 31–42.

100 Morita, M., Nakamura, S., and
Shimizu, K. (2008) Highly accurate
method for ligand-binding site prediction
in unbound state (apo) protein structures.
Proteins, 73, 468–479.

101 Kasahara, K., Kinoshita, K., and Takagi, T.
(2010) Ligand-binding site prediction of
proteins based on known fragment–
fragment interactions. Bioinformatics, 26,
1493–1499.

102 Konc, J. and Janezic, D. (2007) Protein–
protein binding-sites prediction by
protein surface structure conservation.
Journal of Chemical Information and
Modeling, 47, 940–944.

103 Hetenyi, C. and van der Spoel, D.
(2006) Blind docking of drug-sized
compounds to proteins with up to a
thousand residues. FEBS Letters, 580,
1447–1450.

104 Vorobjev, Y.N. (2010) Blind docking
method combining search of low-
resolution binding sites with ligand
pose refinement by molecular
dynamics-based global optimization.
Journal of Computational Chemistry, 31,
1080–1092.

105 Lensink, M.F. and Wodak, S.J. (2010)
Blind predictions of protein interfaces by
docking calculations in CAPRI. Proteins,
78, 3085–3095.

106 Guvench, O. and MacKerell, A.D., Jr.
(2009) Computational fragment-based
binding site identification by ligand
competitive saturation. PLoS
Computational Biology, 5, e1000435.

107 Raman, E.P., Yu, W., Guvench, O., and
Mackerell, A.D. (2011) Reproducing
crystal bindingmodes of ligand functional
groups using Site-Identification by Ligand
Competitive Saturation (SILCS)
simulations. Journal of Chemical
Information and Modeling, 51, 877–896.

108 Chen, X., Zhong S., Zhu, X.,
Dziegielewska, B., Ellenberger, T.,
Wilson, G.M, Bachman, K.,
MacKerell, A.D., Jr., and Tomkinson, A.E.
(2008) Rational design of human DNA
ligase inhibitors that target cellular DNA
replication and repair. Cancer Research,
68, 3169–3177.

109 Irwin, J.J. and Shoichet, B.K. (2005)
ZINC: a free database of commercially
available compounds for virtual
screening. Journal of Chemical
Information and Modeling, 45, 177–182.

110 Irwin, J.J. (2008) Community
benchmarks for virtual screening.

Referencesj321



Journal of Computer-Aided Molecular
Design, 22, 193–199.

111 Huang, N., Shoichet, B.K., and Irwin, J.J.
(2006) Benchmarking sets for molecular
docking. Journal of Medicinal Chemistry,
49, 6789–6801.

112 Melville, J.L., Burke, E.K., and Hirst, J.D.
(2009) Machine learning in virtual
screening. Combinatorial Chemistry &
High Throughput Screening, 12, 332–343.

113 Moustakas, D.T., Lang, P.T., Pegg, S.,
Pettersen, E., Kuntz, I.D., Brooijmans,N.,
and Rizzo, R.C. (2006) Development
and validation of a modular, extensible
docking program: DOCK 5. Journal of
Computer-Aided Molecular Design, 20,
601–619.

114 Halgren, T.A. (1999) MMFF VII.
Characterization ofMMFF94,MMFF94s,
and other widely available force fields for
conformational energies and for
intermolecular-interaction energies and
geometries. Journal of Computational
Chemistry, 20, 730–748.

115 Vanommeslaeghe, K., Hatcher, E.,
Acharya, C., Kundu, S., Zhong, S.,
Shim, J., Darian, E., Guvench, O.,
Lopes, P., Vorobyov, I., and
MacKerell, A.D., Jr. (2010) CHARMM
General Force Field (CGenFF): a force
field for drug-like molecules compatible
with the CHARMM all-atom additive
biological force fields. Journal of
Computational Chemistry, 31, 671–690.

116 Chambers, C.C., Hawkins, G.D.,
Cramer, C.J., and Truhlar, D.G. (1996)
Model for aqueous solvation based on
class IVatomic charges and first solvation
shell effects. Journal of Physical Chemistry,
100, 16385–16398.

117 Li, J.Z.T., Cramer, C.J., and Truhlar, D.G.
(1998) A new class IV charge model for
extracting accurate partial charges from
wave functions. Journal of Physical
Chemistry A, 102, 1820–1831.

118 Moitessier, N., Englebienne, P., Lee, D.,
Lawandi, J., and Corbeil, C.R. (2008)
Towards the development of universal,
fast and highly accurate docking/scoring
methods: a long way to go. British Journal
of Pharmacology, 153 (Suppl. 1), S7–S26.

119 Jones, G., Willett, P., Glen, R.C.,
Leach, A.R., and Taylor, R. (1997)

Development and validation of a genetic
algorithm for flexible docking. Journal of
Molecular Biology, 267, 727–748.

120 Cavasotto, C.N. and Abagyan, R.A. (2004)
Protein flexibility in ligand docking and
virtual screening to protein kinases.
Journal ofMolecular Biology, 337, 209–225.

121 Kontoyianni, M., Madhav, P.,
Suchanek, E., and Seibel, W. (2008)
Theoretical and practical considerations
in virtual screening: a beaten field?
CurrentMedicinal Chemistry, 15, 107–116.

122 Fuhrmann, J., Rurainski, A.,
Lenhof, H.P., and Neumann, D. (2010)
A new Lamarckian genetic algorithm
for flexible ligand–receptor docking.
Journal of Computational Chemistry, 31,
1911–1918.

123 Kang, L., Li, H., Jiang, H., and Wang, X.
(2009) An improved adaptive genetic
algorithm for protein–ligand docking.
Journal of Computer-Aided Molecular
Design, 23, 1–12.

124 Sperandio, O., Souaille, M., Delfaud, F.,
Miteva,M.A., and Villoutreix, B.O. (2009)
MED-3DMC: a new tool to generate 3D
conformation ensembles of small
molecules with a Monte Carlo sampling
of the conformational space. European
Journal of Medicinal Chemistry, 44,
1405–1409.

125 Mangoni, M., Roccatano, D., and
Di Nola, A. (1999) Docking of flexible
ligands to flexible receptors in solution by
molecular dynamics simulation. Proteins,
35, 153–162.

126 Morris, G.M., Huey, R., Lindstrom, W.,
Sanner,M.F., Belew, R.K., Goodsell, D.S.,
and Olson, A.J. (2009) AutoDock4 and
AutoDockTools4: automated docking
with selective receptor flexibility.
Journal of Computational Chemistry, 30,
2785–2791.

127 Bohm, H.J. (1992) LUDI: rule-based
automatic design of new substituents
for enzyme inhibitor leads. Journal of
Computer-Aided Molecular Design, 6,
593–606.

128 Rarey, M., Kramer, B., Lengauer, T., and
Klebe, G. (1996) A fast flexible docking
method using an incremental
construction algorithm. Journal of
Molecular Biology, 261, 470–489.

322j 15 Prospects of Modulating Protein–Protein Interactions



129 Friesner, R.A., Banks, J.L., Murphy, R.B.,
Halgren, T.A., Klicic, J.J., Mainz, D.T.,
Repasky, M.P., Knoll, E.H., Shelley, M.,
Perry, J.K., Shaw, D.E., Francis, P., and
Shenkin, P.S. (2004) Glide: a new
approach for rapid, accurate docking and
scoring. 1. Method and assessment of
docking accuracy. Journal of Medicinal
Chemistry, 47, 1739–1749.

130 Krammer, A., Kirchhoff, P.D., Jiang, X.,
Venkatachalam, C.M., and Waldman, M.
(2005) LigScore: a novel scoring function
for predicting binding affinities. Journal
of Molecular Graphics & Modelling, 23,
395–407.

131 Gehlhaar, D.K., Verkhivker, G.M.,
Rejto, P.A., Sherman, C.J., Fogel, D.B.,
Fogel, L.J., and Freer, S.T. (1995)
Molecular recognition of the inhibitor
AG-1343 by HIV-1 protease:
conformationally flexible docking by
evolutionary programming. Chemistry &
Biology, 2, 317–324.

132 Wang, R., Lai, L., and Wang, S. (2002)
Further development and validation
of empirical scoring functions for
structure-based binding affinity
prediction. Journal of Computer-Aided
Molecular Design, 16, 11–26.

133 Eldridge, M.D., Murray, C.W.,
Auton, T.R., Paolini, G.V., and Mee, R.P.
(1997) Empirical scoring functions. I.
The development of a fast empirical
scoring function to estimate the binding
affinity of ligands in receptor complexes.
Journal of Computer-Aided Molecular
Design, 11, 425–445.

134 Bohm, H.J. (1994) The development
of a simple empirical scoring function
to estimate the binding constant for a
protein–ligand complex of known
three-dimensional structure. Journal
of Computer-Aided Molecular Design, 8,
243–256.

135 Li, S., Xi, L., Wang, C., Li, J., Lei, B.,
Liu, H., and Yao, X. (2009) A novel
method for protein–ligand binding
affinity prediction and the related
descriptors exploration. Journal of
Computational Chemistry, 30, 900–909.

136 Garcia-Sosa, A.T., Hetenyi, C., and
Maran, U. (2010) Drug efficiency indices
for improvement of molecular docking

scoring functions. Journal of
Computational Chemistry, 31, 174–184.

137 Muegge, I. (2006) PMF scoring
revisited. Journal of Medicinal Chemistry,
49, 5895–5902.

138 Zhang, C., Liu, S., Zhu, Q., and Zhou, Y.
(2005) A knowledge-based energy
function for protein–ligand, protein–
protein, and protein–DNA complexes.
Journal of Medicinal Chemistry, 48,
2325–2335.

139 DeWitte, R.S. and Shakhnovich, E.I.
(1996) SMoG: de novo design method
based on simple, fast, and accurate free
energy estimates. 1. Methodology and
supporting evidence. Journal of the
American Chemical Society, 118,
11733–11744.

140 Yang, G., Rosen, D.G., Zhang, Z.,
Bast, R.C., Jr., Mills, G.B., Colacino, J.A.,
Mercado-Uribe, I., and Liu, J. (2006)
The chemokine growth-regulated
oncogene 1 (Gro-1) links RAS signaling
to the senescence of stromal fibroblasts
and ovarian tumorigenesis. Proceedings
of the National Academy of Sciences
of the United States of America, 103,
16472–16477.

141 Velec, H.F., Gohlke, H., and Klebe, G.
(2005) DrugScoreCSD-knowledge-based
scoring function derived from small
molecule crystal data with superior
recognition rate of near-native ligand
poses and better affinity prediction.
Journal of Medicinal Chemistry, 48,
6296–6303.

142 Huang, S.Y. and Zou, X. (2006)
An iterative knowledge-based scoring
function to predict protein–ligand
interactions. I. Derivation of interaction
potentials. Journal of Computational
Chemistry, 27, 1866–1875.

143 Muegge, I. and Martin, Y.C. (1999)
A general and fast scoring function for
protein–ligand interactions: a simplified
potential approach. Journal of Medicinal
Chemistry, 42, 791–804.

144 Li, W., Ma, B., and Shapiro, B.A. (2003)
Binding interactions between the core
central domain of 16S rRNA and the
ribosomal protein S15 determined by
molecular dynamics simulations.
Nucleic Acids Research, 31, 629–638.

Referencesj323



145 Goodford, P.J. (1985) A computational
procedure for determining energetically
favorable binding sites on biologically
important macromolecules. Journal of
Medicinal Chemistry, 28, 849–857.

146 MacKerell, A.D., Jr. (2004) Empirical
force fields for biological
macromolecules: overview and issues.
Journal of Computational Chemistry, 25,
1584–1604.

147 Shim, J. and MacKerell, A.D., Jr. (2011)
Computational ligand-based rational
design: role of conformational sampling
and force fields in model development.
MedChemComm, 2, 356–370.

148 Zhong, S. and MacKerell, A.D., Jr. (2008)
Pose scaling: geometrical assessment
of ligand binding poses. Journal of
Theoretical and Computational Chemistry,
7, 833–852.

149 Henrich, S., Feierberg, I., Wang, T.,
Blomberg, N., and Wade, R.C. (2010)
Comparative binding energy analysis for
binding affinity and target selectivity
prediction. Proteins, 78, 135–153.

150 Cai, W., Xu, J., Shao, X., Leroux, V.,
Beautrait, A., and Maigret, B. (2008)
SHEF: a vHTS geometrical filter using
coefficients of spherical harmonic
molecular surfaces. Journal of Molecular
Modeling, 14, 393–401.

151 Fukunishi, Y. and Nakamura, H. (2008)
Prediction of protein–ligand complex
structure by docking software guided
by other complex structures. Journal
of Molecular Graphics & Modelling, 26,
1030–1033.

152 Pan, Y., Huang, N., Cho, S., and
MacKerell, A.D., Jr. (2003) Consideration
of molecular weight during compound
selection in virtual target-based database
screening. Journal of Chemical
Information and Computer Sciences, 43,
267–272.

153 Carta, G., Knox, A.J., and Lloyd, D.G.
(2007) Unbiasing scoring functions: a
new normalization and rescoring
strategy. Journal of Chemical Information
and Modeling, 47, 1564–1571.

154 Oprea, T.I., Davis, A.M., Teague, S.J., and
Leeson, P.D. (2001) Is there a difference
between leads and drugs? A historical
perspective. Journal of Chemical

Information and Computer Sciences, 41,
1308–1315.

155 Yang, J.M., Chen, Y.F., Shen, T.W.,
Kristal, B.S., and Hsu, D.F. (2005)
Consensus scoring criteria for
improving enrichment in virtual
screening. Journal of Chemical
Information andModeling, 45, 1134–1146.

156 Wang, R. and Wang, S. (2001) How does
consensus scoring work for virtual library
screening? An idealized computer
experiment. Journal of Chemical
Information and Computer Sciences, 41,
1422–1426.

157 Oda, A., Tsuchida, K., Takakura, T.,
Yamaotsu, N., and Hirono, S. (2006)
Comparison of consensus scoring
strategies for evaluating computational
models of protein–ligand complexes.
Journal of Chemical Information and
Modeling, 46, 380–391.

158 Cotesta, S., Giordanetto, F., Trosset, J.Y.,
Crivori, P., Kroemer, R.T., Stouten, P.F.,
and Vulpetti, A. (2005) Virtual screening
to enrich a compound collection with
CDK2 inhibitors using docking, scoring,
and composite scoring models. Proteins,
60, 629–643.

159 Englebienne, P. andMoitessier, N. (2009)
Docking ligands into flexible and solvated
macromolecules. 4. Are popular scoring
functions accurate for this class of
proteins? Journal of Chemical Information
and Modeling, 49, 1568–1580.

160 Betzi, S., Suhre, K., Chetrit, B.,
Guerlesquin, F., and Morelli, X. (2006)
GFscore: a general nonlinear consensus
scoring function for high-throughput
docking. Journal of Chemical Information
and Modeling, 46, 1704–1712.

161 Li, H., Zhang, H., Zheng, M., Luo, J.,
Kang, L., Liu, X., Wang, X., and Jiang, H.
(2009) An effective docking strategy for
virtual screeningbasedonmulti-objective
optimization algorithm. BMC
Bioinformatics, 10, 58.

162 Breiman, L. (2001) Random forests.
Machine Learning, 45, 5–32.

163 Teramoto, R. and Fukunishi, H. (2007)
Supervised consensus scoring for
docking and virtual screening.
Journal of Chemical Information and
Modeling, 47, 526–534.

324j 15 Prospects of Modulating Protein–Protein Interactions



164 Teramoto, R. and Fukunishi, H. (2008)
Consensus scoring with feature selection
for structure-based virtual screening.
Journal of Chemical Information and
Modeling, 48, 288–295.

165 Fukunishi, H., Teramoto, R., Takada, T.,
and Shimada, J. (2008) Bootstrap-based
consensus scoring method for protein–
ligand docking. Journal of Chemical
Information and Modeling, 48, 988–996.

166 Bar-Haim, S., Aharon, A., Ben-Moshe, T.,
Marantz, Y., and Senderowitz, H. (2009)
SeleX-CS: a new consensus scoring
algorithm for hit discovery and lead
optimization. Journal of Chemical
Information and Modeling, 49, 623–633.

167 Wolf, A., Zimmermann, M., and
Hofmann-Apitius, M. (2007) Alternative
to consensus scoring: a new approach
toward the qualitative combination of
docking algorithms. Journal of Chemical
Information andModeling, 47, 1036–1044.

168 Godden, J.W., Xue, L., and Bajorath, J.
(2000) Combinatorial preferences affect
molecular similarity/diversity
calculations using binary fingerprints
and Tanimoto coefficients. Journal of
Chemical Information and Computer
Sciences, 40, 163–166.

169 Huang, N., Nagarsekar, A., Xia, G.,
Hayashi, J., and MacKerell, A.D., Jr.
(2004) Identification of inhibitors
targeting the pYþ3 binding site of the
tyrosine kinase p53lck SH2 domain.
Journal of Medicinal Chemistry, 47,
3502–3511.

170 Lipinski, C.A., Lombardo, F.,
Dominy, B.W., and Feeney, P.J. (2001)
Experimental and computational
approaches to estimate solubility and
permeability in drug discovery and
development settings. Advanced Drug
Delivery Reviews, 46, 3–26.

171 Oashi, T., Ringer, A.L., Raman, E.P., and
MacKerell, A.D., Jr. (2011) Automated
selection of compounds with
physicochemical properties to maximize
bioavailability and druglikeness. Journal
of Chemical Information and Modeling, 51,
148–158.

172 Durant, J.L., Leland, B.A., Henry, D.R.,
and Nourse, J.G. (2002) Reoptimization
of MDL keys for use in drug discovery.

Journal of Chemical Information and
Computer Sciences, 42, 1273–1280.

173 Xue, L., Godden, J.W., Stahura, F.L., and
Bajorath, J. (2003) Design and evaluation
of a molecular fingerprint involving the
transformation of property descriptor
values into a binary classification scheme.
Journal of Chemical Information and
Computer Sciences, 43, 1151–1157.

174 Tanimoto, T. (1957) IBM Internal Report.
175 Khedkar, S.A., Malde, A.K.,

Coutinho, E.C., and Srivastava, S. (2007)
Pharmacophore modeling in drug
discovery and development: an overview.
Journal of Medicinal Chemistry, 3,
187–197.

176 Cramer, R.D., III, Patterson, D.E., and
Bunce, J.D. (1988) Comparative
molecular field analysis (CoMFA). 1.
Effect of shape on binding of steroids to
carrier proteins. Journal of the American
Chemical Society, 110, 5959–5967.

177 Klebe, G., Abraham, U., and Mietzner, T.
(1994) Molecular similarity indices in a
comparative analysis (CoMSIA) of drug
molecules to correlate and predict their
biological activity. Journal of Medicinal
Chemistry, 37, 4130–4146.

178 Bernard, D., Coop, A., and
MacKerell, A.D., Jr. (2007) Quantitative
conformationally sampled
pharmacophore for delta opioid ligands:
reevaluation of hydrophobic moieties
essential for biological activity. Journal
of Medicinal Chemistry, 50, 1799–1809.

179 Verma, R.P. and Hansch, C. (2009)
Camptothecins: a SAR/QSAR study.
Chemical Reviews, 109, 213–235.

180 Sprous, D.G., Palmer, R.K.,
Swanson, J.T., and Lawless, M. (2010)
QSAR in the pharmaceutical research
setting: QSAR models for broad, large
problems. Current Topics in Medicinal
Chemistry, 10, 619–637.

181 Rais, R., Acharya, C., Tririya, G.,
Mackerell, A.D., and Polli, J.E. (2010)
Molecular switch controlling the binding
of anionic bile acid conjugates to human
apical sodium-dependent bile acid
transporter. Journal of Medicinal
Chemistry, 53, 4749–4760.

182 Woo, H.J. (2008) Calculation of absolute
protein–ligand binding constants with

Referencesj325



the molecular dynamics free energy
perturbation method. Methods in
Molecular Biology, 443, 109–120.

183 Grigoriev, F.V., Gabin, S.N.,
Romanov, A.N., and Sulimov, V.B. (2008)
Computation of the contribution from
the cavity effect to protein–ligand binding
free energy. The Journal of Physical
Chemistry B, 112, 15355–15360.

184 Tomasi, J., Mennucci, B., and Cammi, R.
(2005) Quantum mechanical continuum
solvation models. Chemical Reviews, 105,
2999–3093.

185 Wittayanarakul, K., Hannongbua, S., and
Feig, M. (2008) Accurate prediction of
protonation state as a prerequisite for
reliable MM-PB(GB)SA binding free
energy calculations of HIV-1 protease
inhibitors. Journal of Computational
Chemistry, 29, 673–685.

186 Pearson, G., Robinson, F., Beers
Gibson, T., Xu, B.E., Karandikar, M.,
Berman, K., and Cobb, M.H. (2001)
Mitogen-activated protein (MAP)
kinase pathways: regulation and
physiological functions. Endocrine
Reviews, 22, 153–183.

187 McCubrey, J.A., Steelman, L.S.,
Chappell, W.H., Abrams, S.L.,
Wong, E.W., Chang, F., Lehmann, B.,
Terrian, D.M., Milella, M., Tafuri, A.,
Stivala, F., Libra, M., Basecke, J.,
Evangelisti, C., Martelli, A.M., and
Franklin, R.A. (2007) Roles of the
Raf/MEK/ERK pathway in cell growth,
malignant transformation and drug
resistance. Biochimica et Biophysica Acta,
1773, 1263–1284.

188 Roberts, P.J. and Der, C.J. (2007)
Targeting the Raf-MEK-ERK mitogen-
activated protein kinase cascade
for the treatment of cancer. Oncogene, 26,
3291–3310.

189 McCubrey, J.A., Milella, M., Tafuri, A.,
Martelli, A.M., Lunghi, P., Bonati, A.,
Cervello, M., Lee, J.T., and Steelman, L.S.
(2008) Targeting the Raf/MEK/ERK
pathway with small-molecule inhibitors.
Current Opinion in Investigational Drugs,
9, 614–630.

190 Friday, B.B. and Adjei, A.A. (2008)
Advances in targeting the Ras/Raf/MEK/
Erk mitogen-activated protein kinase

cascade with MEK inhibitors for
cancer therapy. Clinical Cancer Research,
14, 342–346.

191 Kyriakis, J.M. and Avruch, J. (1996)
Protein kinase cascades activated by
stress and inflammatory cytokines.
Bioessays: News and Reviews in Molecular,
Cellular and Developmental Biology, 18,
567–577.

192 Chuderland, D. and Seger, R. (2005)
Protein–protein interactions in the
regulation of the extracellular signal-
regulated kinase.Molecular Biotechnology,
29, 57–74.

193 Hong, S.K., Yoon, S., Moelling, C.,
Arthan, D., and Park, J.I. (2009)
Noncatalytic function of ERK1/2 can
promote Raf/MEK/ERK-mediated
growth arrest signaling. The Journal of
Biological Chemistry, 284, 33006–33018.

194 Kolch, W. (2005) Coordinating ERK/
MAPK signalling through scaffolds and
inhibitors. Nature Reviews. Molecular Cell
Biology, 6, 827–837.

195 Yoon, S. and Seger, R. (2006)
The extracellular signal-regulated
kinase: multiple substrates regulate
diverse cellular functions.Growth Factors,
24, 21–44.

196 von Kriegsheim, A., Baiocchi, D.,
Birtwistle, M., Sumpton, D.,
Bienvenut, W., Morrice, N., Yamada, K.,
Lamond, A., Kalna, G., Orton, R.,
Gilbert, D., and Kolch, W. (2009) Cell fate
decisions are specified by the dynamic
ERK interactome. Nature Cell Biology, 11,
1458–1464.

197 Arora, A., and Scholar, E.M. (2005) Role
of tyrosine kinase inhibitors in cancer
therapy. The Journal of Pharmacology and
Experimental Therapeutics, 315, 971–979.

198 Tsai, J., Lee, J.T., Wang, W., Zhang, J.,
Cho, H., Mamo, S., Bremer, R.,
Gillette, S., Kong, J., Haass, N.K.,
Sproesser, K., Li, L., Smalley, K.S.,
Fong, D., Zhu, Y.L., Marimuthu, A.,
Nguyen, H., Lam, B., Liu, J., Cheung, I.,
Rice, J., Suzuki, Y., Luu, C.,
Settachatgul, C., Shellooe,R., Cantwell, J.,
Kim, S.H., Schlessinger, J., Zhang, K.Y.,
West, B.L., Powell, B., Habets, G.,
Zhang, C., Ibrahim, P.N., Hirth, P.,
Artis, D.R., Herlyn, M., and Bollag, G.

326j 15 Prospects of Modulating Protein–Protein Interactions



(2008)Discovery of a selective inhibitor of
oncogenic B-Raf kinase with potent
antimelanoma activity. Proceedings of the
National Academy of Sciences of the United
States of America, 105, 3041–3046.

199 Davies, B.R., Logie, A., McKay, J.S.,
Martin, P., Steele, S., Jenkins, R.,
Cockerill, M., Cartlidge, S., and
Smith, P.D. (2007) AZD6244 (ARRY-
142886), a potent inhibitor of mitogen-
activated protein kinase/extracellular
signal-regulated kinase kinase 1/2
kinases: mechanism of action in vivo,
pharmacokinetic/pharmacodynamic
relationship, and potential for
combination in preclinical models.
Molecular Cancer Therapeutics, 6,
2209–2219.

200 Zhang, F., Strand, A., Robbins, D.,
Cobb, M.H., and Goldsmith, E.J. (1994)
Atomic structure of the MAP kinase
ERK2 at 2.3 A

�
resolution. Nature, 367,

704–711.
201 Canagarajah, B.J., Khokhlatchev, A.,

Cobb, M.H., and Goldsmith, E.J. (1997)
Activationmechanism of theMAP kinase
ERK2 by dual phosphorylation. Cell, 90,
859–869.

202 Akella, R., Moon, T.M., and
Goldsmith, E.J. (2008) Unique MAP
kinase binding sites. Biochimica et
Biophysica Acta, 1784, 48–55.

203 Tanoue, T., Adachi,M.,Moriguchi, T., and
Nishida, E. (2000) A conserved docking
motif in MAP kinases common to
substrates, activators and regulators.
Nature Cell Biology, 2, 110–116.

204 Tanoue, T., Maeda, R., Adachi, M., and
Nishida, E. (2001) Identification of a
docking groove on ERK and p38 MAP
kinases that regulates the specificity of
docking interactions. The EMBO Journal,
20, 466–479.

205 Lee, T., Hoofnagle, A.N., Kabuyama, Y.,
Stroud, J., Min, X., Goldsmith, E.J.,
Chen, L., Resing, K.A., and Ahn, N.G.
(2004) Docking motif interactions in
MAP kinases revealed by hydrogen
exchange mass spectrometry. Molecular
Cell, 14, 43–55.

206 Sheridan, D.L., Kong, Y., Parker, S.A.,
Dalby, K.N., and Turk, B.E. (2008)
Substrate discrimination among

mitogen-activated protein kinases
through distinct docking sequence
motifs.The Journal of Biological Chemistry,
283, 19511–19520.

207 Chen, F., Hancock, C.N., Macias, A.T.,
Joh, J., Still, K., Zhong, S.,
MacKerell, A.D., Jr., and Shapiro, P.
(2006) Characterization of ATP-
independent ERK inhibitors identified
through in silico analysis of the active
ERK2 structure. Bioorganic & Medicinal
Chemistry Letters, 16, 6281–6287.

208 Chen, F., Mackerell, A.D., Jr., Luo, Y., and
Shapiro, P. (2008) Using Caenorhabditis
elegans as a model organism for
evaluating extracellular signal-regulated
kinase docking domain inhibitors.
Journal of Cell Communication and
Signaling, 2, 81–92.

209 Dai, B., Zhao, X.F., Hagner, P.,
Shapiro, P., Mazan-Mamczarz, K.,
Zhao, S., Natkunam, Y., and
Gartenhaus, R.B. (2009) Extracellular
signal-regulated kinase positively
regulates the oncogenic activity of MCT-1
in diffuse large B-cell lymphoma. Cancer
Research, 69, 7835–7843.

210 Hancock, C.N., Macias, A., Lee, E.K.,
Yu, S.Y., Mackerell, A.D., Jr., and
Shapiro, P. (2005) Identification of novel
extracellular signal-regulated kinase
docking domain inhibitors. Journal of
Medicinal Chemistry, 48, 4586–4595.

211 Kuntz, I.D., Blaney, J.M., Oatley, S.J.,
Langridge, R., and Ferrin, T.E. (1982)
A geometric approach to
macromolecule–ligand interactions.
Journal ofMolecular Biology, 161, 269–288.

212 Kuntz, I.D. (1992) Structure-based
strategies for drug design and discovery.
Science, 257, 1078–1082.

213 Pan, Y., Huang, N., Cho, S., and
MacKerell, A.D., Jr. (2003) Consideration
of molecular weight during compound
selection in virtual target-based database
screening. Journal of Chemical
Information and Computer Sciences,
43, 267–272.

214 Jarvis, R.A. and Patrick, E.A. (1973)
Clustering using a similarity measure
based on shared nearest neighbors.
IEEE Transactions on Computers, C-22,
1025–1034.

Referencesj327



215 Lipinski, C.A., Lombardo, F.,
Dominy, B.W., and Feeney, P.J. (2001)
Experimental computational approaches
to estimate solubility and permeability in
drug discovery and development settings.
Advanced Drug Delivery Reviews, 46, 3–26.

216 Chang,C.C., Ye, B.H.,Chaganti, R.S., and
Dalla-Favera, R. (1996) BCL-6, a POZ/
zinc-finger protein, is a sequence-specific
transcriptional repressor. Proceedings of
the National Academy of Sciences of the
United States of America, 93, 6947–6952.

217 Ye, B.H. (2000) BCL-6 in the pathogenesis
of non-Hodgkin�s lymphoma. Cancer
Investigation, 18, 356–365.

218 Dent, A.L., Shaffer, A.L., Yu, X.,
Allman, D., and Staudt, L.M. (1997)
Control of inflammation, cytokine
expression, and germinal center
formation by BCL-6. Science, 276,
589–592.

219 Ye, B.H., Lista, F., Lo Coco, F.,
Knowles, D.M., Offit, K., Chaganti, R.S.,
and Dalla-Favera, R. (1993) Alterations of
a zinc finger-encoding gene, BCL-6, in
diffuse large-cell lymphoma. Science, 262,
747–750.

220 Cattoretti, G., Pasqualucci, L., Ballon, G.,
Tam, W., Nandula, S.V., Shen, Q., Mo, T.,
Murty, V.V., and Dalla-Favera, R. (2005)
Deregulated BCL6 expression
recapitulates the pathogenesis of human
diffuse large B cell lymphomas in mice.
Cancer Cell, 7, 445–455.

221 Cerchietti, L.C., Yang, S.N.,
Shaknovich, R., Hatzi, K., Polo, J.M.,
Chadburn, A., Dowdy, S.F., and
Melnick, A. (2009) A peptomimetic
inhibitor of BCL6 with potent
antilymphoma effects in vitro and in vivo.
Blood, 113, 3397–3405.

222 Polo, J.M., Dell�Oso, T., Ranuncolo, S.M.,
Cerchietti, L., Beck, D., Da Silva, G.F.,
Prive, G.G., Licht, J.D., and Melnick, A.
(2004) Specific peptide interference
reveals BCL6 transcriptional and
oncogenic mechanisms in B-cell
lymphoma cells. Nature Medicine, 10,
1329–1335.

223 Perez-Torrado, R., Yamada, D., and
Defossez, P.A. (2006) Born to bind:
the BTB protein–protein interaction
domain. Bioessays: News and Reviews in

Molecular, Cellular and Developmental
Biology, 28, 1194–1202.

224 Ahmad, K.F., Melnick, A., Lax, S.,
Bouchard, D., Liu, J., Kiang, C.L.,
Mayer, S., Takahashi, S., Licht, J.D.,
and Prive, G.G. (2003) Mechanism of
SMRT corepressor recruitment by the
BCL6 BTB domain. Molecular Cell, 12,
1551–1564.

225 Ghetu, A.F., Corcoran, C.M.,
Cerchietti, L., Bardwell, V.J., Melnick, A.,
and Prive, G.G. (2008) Structure of a
BCOR corepressor peptide in complex
with the BCL6 BTB domain dimer.
Molecular Cell, 29, 384–391.

226 Lipinski, C.A. (2000) Drug-like
properties and the causes of poor
solubility and poor permeability. Journal
of Pharmacological and Toxicological
Methods, 44, 235–249.

227 Rustandi, R.R., Baldisseri, D.M., and
Weber, D.J. (2000) Structure of the
negative regulatory domain of p53 bound
to S100B(beta beta). Nature Structural
Biology, 7, 570–574.

228 Weber, D.J., Rustandi, R.R., Carrier, F.,
and Zimmer, D.B. (2000) Interaction of
Dimeric S100B(bb) with the Tumor
Suppressor Protein: A Model for
Ca-Dependent S100–Target Protein
Interactions, Kluwer Academic
Publishers, Dordrecht, The Netherlands.

229 Abraha, H.D., Fuller, L.C., Du
Vivier, A.W., Higgins, E.M., and
Sherwood, R.A. (1997) Serum S-100
protein: a potentially useful prognostic
marker in cutaneous melanoma. British
Journal of Dermatology, 137, 381–385.

230 Lin, J., Yang, Q., Yan, Z., Markowitz, J.,
Wilder, P.T., Carrier, F., and Weber, D.J.
(2004) Inhibiting S100B restores p53
levels in primary malignant melanoma
cancer cells. The Journal of Biological
Chemistry, 279, 34071–34077.

231 Drohat, A.C., Baldisseri, D.M.,
Rustandi, R.R., and Weber, D.J. (1998)
Solution structure of calcium-bound rat
S100B as determined by nuclear
magnetic resonance spectroscopy.
Biochemistry, 37, 2729–2740.

232 Inman, K.G., Yang, R., Rustandi, R.R.,
Miller, K.E., Baldisseri, D.M., and
Weber, D.J. (2002) Solution structure of

328j 15 Prospects of Modulating Protein–Protein Interactions



S100B bound to the high-affinity target
peptide TRTK-12. Journal of Molecular
Biology, 324, 1003–1014.

233 Drohat, A.C., Amburgey, J.C.,
Abildgaard, F., Starich, M.R.,
Baldisseri, D., and Weber, D.J. (1996)
Solution structure of rat apo-S100B as
determined by NMR spectroscopy.
Biochemistry, 35, 11577–11588.

234 Fry, D.C. and Vassilev, L.T. (2005)
Targeting protein–protein interactions
for cancer therapy. Journal of Molecular
Medicine, 83, 955–963.

235 Chen, I.-J., Neamati, N., and
MacKerell, A.D., Jr. (2002)
Structure-based inhibitor design
targeting HIV-1 integrase.
Current Drug Targets, 2, 217–234.

236 Markowitz, J., Chen, I., Gitti, R.,
Baldisseri, D.M., Pan, Y., Udan, R.,
Carrier, F., MacKerell, A.D., Jr., and
Weber, D.J. (2004) Identification and
characterization of small molecule
inhibitors of the calcium-dependent
S100B–p53 tumor suppressor
interaction. Journal of Medicinal
Chemistry, 47, 5085–5093.

237 Markowitz, J., MacKerell, A.D., Jr.,
Carrier, F., Charpentier, T.H., and
Weber, D.J. (2005) Design of inhibitors
of S100B. Current Topics in Medicinal
Chemistry, 5, 1093–1108.

238 Markowitz, J., Chen, I., Gitti, R.,
Baldisseri, D.M., Pan, Y., Udan, R.,
Carrier, F., MacKerell, A.D., Jr., and
Weber, D.J. (2004) Identification and
characterization of small molecule
inhibitors of the calcium-dependent
S100B–p53 tumor suppressor
interaction. Journal of Medicinal
Chemistry, 47, 5085–5093.

239 Charpentier, T.H., Wilder, P.T.,
Liriano,M.A., Varney, K.M., Pozharski, E.,
MacKerell, A.D., Jr., Coop, A., Toth, E.A.,
and Weber, D.J. (2008) Divalent metal ion
complexes of S100B in the absence and

presence of pentamidine. Journal of
Molecular Biology, 382, 56–73.

240 Smith, J., Stewart, B.J., Glaysher, S.,
Peregrin, K., Knight, L.A., Weber, D.J.,
and Cree, I.A. (2010) The effect of
pentamidine on melanoma.
Anti-Cancer Drugs, 21, 181–185.

241 Marengere, L.E., Songyang, Z.,
Gish, G.D., Schaller, M.D., Parsons, J.T.,
Stern, M.J., Cantley, L.C., and Pawson, T.
(1994) SH2 domain specificity and
activity modified by a single residue.
Nature, 369, 502–505.

242 Songyang, Z., Gish, G., Mbamalu, G.,
Pawson, T., and Cantley, L.C. (1995) A
single point mutation switches the
specificity of group III Src homology (SH)
2 domains to that of group I SH2
domains. The Journal of Biological
Chemistry, 270, 26029–26032.

243 Huang, N., Nagarsekar, A., Xia, G.,
Hayashi, J., and MacKerell, A.D., Jr.
(2004) Identification of non-phosphate-
containing small molecular weight
inhibitors of the tyrosine kinase
p56 Lck SH2 domain via in silico
screening against the pYþ3 binding
site. Journal of Medicinal Chemistry, 47,
3502–3511.

244 Macias, A.T., Mia, M.Y., Xia, G.,
Hayashi, J., and MacKerell, A.D., Jr.
(2005) Lead validation and SAR
development via chemical similarity
searching; application to compounds
targeting the pYþ3 site of the SH2
domain of p56lck. Journal of
Chemical Information and Modeling, 45,
1759–1766.

245 Hayashi, J. andMacKerell, A.D., Jr. (2009)
Immunomodulatory compounds.

246 Kaneko, T., Huang, H., Zhao, B., Li, L.,
Liu,H., Voss, C.K.,Wu, C., Schiller,M.R.,
and Li, S.S. (2010) Loops govern SH2
domain specificity by controlling
access to binding pockets. Science
Signaling, 3, ra34.

Referencesj329



Index

a
acetylcholine binding protein (AChBP) 59
administration, distribution, metabolism, and

excretion (ADME) profile 267
affinity 55
– determination 54
affinity mapping 86
affinity prediction
– absolute 238
– ranking 238
– relative 238
AIScore 253
alchemical perturbation 113
allosteric modulation 270
allosterism 278
AMBER force field 125, 240
AMBER MM potential 128
AMOEBA
– force field 101
– model 102ff.
– polarizable force field 113ff.
– polarizable potential energy model 102
– protein 116
AMSOL calculation 302
anchor point 197
angle 102
applicability 274
Arrhenius plot 37
aryl–aryl interaction 251
association 146
Astex/CCDC set 248
atom hydrophobicity difference

(AHPDI) 249
– descriptor 250
atomic pair potential 216
average of autoscaled score (AASS) 305
avidin 126
AutoDock 196, 303f.

b
B-cell lymphoma 6 protein (BCL6) 311f.
Bennett acceptance ratio (BAR) 107, 214
benzamidine 111
benzamidine analog 110ff.
– binding free energy 110
benzene 221
biased probability Monte Carlo (BPMC)

optimization 284
binding
– estimation of entropy contribution 11
– formulation 191
– free energy 237
– harmonic potential 7
– nucleic acid 198
– salt effect 16
– square well potential 6
– statistical mechanical treatment 4
binding affinity 27f., 80, 237
– improving 27
binding capacity (BC) 49ff.
binding constant 3
binding contribution
– engineering 25
binding enthalpy 23ff.
binding entropy contribution 23
binding free energy (BFE) 7f., 112, 191ff.
– benzamidine analog 110
– calculation 9, 101
– computation 308
– molecular mechanics-based protein–ligand

BFE calculation 101
– trypsin 110
Binding MOAD 248
binding mode
– prediction of the correct binding

mode 238
binding model 3

Protein-Ligand Interactions, First Edition. Edited by Holger Gohlke.
� 2012 Wiley-VCH Verlag GmbH & Co. KGaA. Published 2012 by Wiley-VCH Verlag GmbH & Co. KGaA.

j331



binding pocket 289
binding site curvature 269
binding site identification 300
binding strength
– relative 218ff.
binding–uncoupling method 15
biomolecular force field 240
biosensor 47
biotin 126
biotin–streptavidin system 195
BIT_MACCS fingerprints 306ff.
Boltzmannphase volumeof the bound state 6
bond 102
bonding 146
Born formula 175
Born radius
– effective 175
bornyl (3,4,5-trihydroxy)-cinnamate 224
bridging water molecule 154
BUMBLE 301

c
caffeic acid derivative 224
Cambridge Structural Database (CSD) 239
cAMP 131
candidate drug (CD) 47
carbofascaplysin (CRB) 225
Carr–Purcell–Meiboom–Gill (CPMG)

sequence 76
Carr–Purcell–Meiboom–Gill relaxation

dispersion (CPMG-RD)
– data 80
– measurement 76
Cartesian polytensor formalism 104
Catalyst 308
cathepsin 126
cation–p interaction 251
cavity detection algorithm 272
cavity–ligand binding 149
CCDC/Astex data set 244
CDK2 (cyclin dependent kinase 2) 225, 239
CDK4 (cyclin dependent kinase 4) 225
CHARMM 299
– force field 196, 240
chemical shielding anisotropy (CSA) 73
chemical shift 72
chemical shift perturbation (CSP) 78
– mapping 78
chemodynamics 63
chemoreceptor theory 207
ChemScore 243ff., 303
Cheng–Prusoff equation 209
cofactor 61
COMBINE (comparative binding energy)

– analysis 304
– approach 245
combined 3D QSAR model 308
CoMFA 308
compensation temperature 33ff.
compound
– designing with optimal properties 65
computational alchemy 213ff.
computational alchemy transformation 221
computational alchemy type free energy

calculation 211
computational lead optimization
– application 223
computational method
– druggability prediction 272
computational modeling
– hydrophobic association 150
– volume-confined water molecule 156
computer-aided drug design (CADD)

methodology 298ff.
– applied to PPI 308
– ligand identification 302
CoMSIA 308
configurational entropy 180
conformation
– essential 288
– important 288
conformational change
– ligand-induced 84
conformational energy
– ligand 191ff.
– receptor 191ff.
conformational energy penalty 191ff.
conformational entropy 12, 194
conformational sampled pharmacophore

(CSP) 308
conformational selection 58, 81f.
conformational selection hypothesis 81
conformational trapping 278
conformer focusing 197
continuum dielectric model 171
continuum model 172
correlation coefficient 183
COSMO continuum solvation 129
– energy 129
Coulomb potential 252
CREB 82
Crippen-like atom-type pair 245
cross-correlated relaxation (CCR) 83
cross-docking 283ff.
cross-energy term 102
cross-saturation 79
CSARdock project 248
CXCR4 chemokine receptor 290

332j Index



cyclic nucleotide binding domain
(CNBD) 84ff.

cyclic nucleotide-gated (CNG) channel 84

d
DARWIN 303
deformation energy 191
degree of freedom 115, 171ff., 254
descriptor SURFC-HYDROPHOBIC-

HYDROPHOBIC 251
Desmond 300
desolvation enthalpy 26
1,4-diazamidine 114
diffuse large B-cell lymphoma (DLBCL) 311f.
dihydrofolate reductase (DHFR) catalysis 82
dipolar coupling 74
direct association simulation 9
directory of useful decoys (DUD) 302
disappearing an ion 219
Discovery Studio 307
distance-scaled finite ideal-gas reference

(DFIRE) 303
distributed multipole analysis (DMA) 105
DIVALI 303
DNA reorganization energy 198
DOCK 242, 254, 301ff.
– calculation 129
docking 182, 284
– fast 285
docking assessment 290
4D docking method 285
double decoupling free energy

calculation 192
double decoupling method (DDM) 156ff.
drug candidate
– thermodynamic optimization 23ff.
drug design 207
– computer-aided (CADD) 298ff.
– ligand-based (LBDD) 298ff.
– structure-based (SBDD) 283, 298f.
drug design study 217
drug discovery
– performance 51
drug lead optimization 207ff.
drug-like compound 306
druggability 268ff.
– prediction 267ff.
– score 274
druggable genome 270
DrugScoreCSD 304

e
EADock 303
EFMO method 132

EFP (effective fragment potential) 123
– force field 130
eHiTS scoring function 245ff.
electronic polarization 104
electrostatic interaction
– permanent 103
electrostatic potential (ESP) 123
electrostatically embedded pairwise additive

(EE-PA) model 132
electrostatics
– molecular recognition 171ff.
empirical model 273
empirical potential 18
endpoint method 181, 210, 254
endpoint singularity 216
energetic effect 197
energy diagram 64
ensemble docking 283
enthalpy 151
– eliminating unfavorable 25
– estimation 39
– measurement 34
enthalpy–entropy compensation 33ff.
– temperature dependence 33
entropic effect 197, 251
entropy 184
– estimation 39
– favorable entropic term 157
– measurement 34
entropy contribution to binding
– estimation 11
evolutionary consideration 40
exchange spectroscopy (EXSY)

experiment 76
experimental assay 306
– selection of ligand 306
experimental conformational diversity 286
experimental method
– druggability prediction 270
explicit method 171
explicit solvent 152
exponential averaging 151
extracellular signal regulated kinases

(ERK1/2) 309f.

f
fascaplysin (FAS) 225
FINDSITE 301
FITTED program 161, 254, 303
FlexX
– F-Score 303
– program 161, 254, 302
– scoring 253
FLOG 302

Index j333



force field
– biomolecular 240
– QM-based 123
force field-based method 238ff.
force field-based function 252
fragment molecular orbital (FMO)

method 130
fragment screening 271
fragment-based drug design (FBDD) 78
fragmentation method 128f.
free energy 3ff., 122, 174, 194
– absolute binding 6
free energy calculation 156, 207ff.
– application 223
– lead optimization 207ff.
free energy change 213
free energy functional approach 194
free energy method 150
free energy of binding 237
free energy perturbation (FEP) 14, 106, 121,

151, 213
fumigation 288

g
G protein-coupled receptor (GPCR) 88
– GPCR Dock 2010 Modeling 290
GABARAP 86ff.
– binding site 86
gas-phase entropic change 114
generalized Born (GB) model 11, 152, 175
– GB/SA continuum solvent 197
– GB/SA model 193
– GB/SA solvation model 197
generalized Kirkwood (GK) model 113ff.
generalized Kirkwood surface area (GK/SA)

model 102
genetic algorithm 303
Gibbs energy 24
Gibbs energy of binding 23
Glide 254
GLIDE scoring 161
Glide XP scoring function 253
GlideScore 243, 303
GOLD 303f.
GOLD�s ChemScore implementation 244ff.
grand canonical Monte Carlo (GCMC)

method 158f.
grid 275
GROMACS 299
GROMOS 300

h
H-bond 18, 28
Hammerhead 302

harmonic potential model 7f.
heterogeneous systems/parallel reactions 59
high-affinity protein–ligand complex 82
high-throughput screening (HTS) 270f.
HINT force field 160
hit compound 208
HIV reverse transcriptase (RT) 58
homology model 289
HSQC titration 79
hydration free energy (HFE) 109f.
– study 102
hydration free energy calculation
– small-molecule 106
hydration site
– identification 158
hydrogen bond 251
hydrogen bonding motif 253
hydrophobic association 145ff.
– computational modeling 150
– large length scales 148
– small hydrophobe 148
hydrophobic bonding 146
hydrophobic cavity 155
hydrophobic cavity–ligand binding 149
hydrophobic interaction 145, 250
hydrophobicity 145
hypernetted chain equation (HNC) 178
hyperpolarization-activated and cyclic

nucleotide-gated (HCN) channel 84

i
implicit solvent method 152, 171ff.
in silico drug design approach 210
in silico model 288
induced fit energy 191
induced fit mechanism 82
induced fit model 57, 198
inhibitor
– mechanism-based 60
inhomogeneous fluid solvation theory

(IFST) 157
integral equation method 171
interaction
– evaluation 55
– irreversible 57
interaction energy 130
interaction kinetic data 47ff.
interaction kinetic plot 55
interaction kinetic rate constant 53
interaction model 80
interaction site mapping 78
internal coordinate mechanics (ICM) 284
intrinsically disordered protein (IDP) 82
ion solvation thermodynamics 108

334j Index



ion–protein interaction 108
ion–water interaction energy 108
IPMF function 240
isoaffinity lines 55
isothermal titration calorimetry (ITC) 23, 243
isotope-filtered NOESY experiment 79
ITScore 304
ITScore function 239

j
J-coupling
– electron-mediated 74
1J-coupling 74
2J-coupling 74
3J-coupling 74
Jarvis–Patrick algorithm 310
just add water molecules (JAWS)

approach 159

k
kinetic information 77
kinetic parameter 65
kinetic rate constant 47ff.
– lead generation and optimization 62
kinetic resolution 50
kinetic titration analysis 57
knowledge-based scoring function 238, 304
knowledge-guided scoring (KGS) 246

l
Langevin dipoles 171
Lck SH2 domain 314
lead generation
– kinetic rate constant 62
lead optimization 66, 207ff, 307
– free energy calculation 207ff.
– kinetic rate constant 62
lead selection 66
least squares support vector machine

(LS-SVM) analysis 303
Lennard-Jones
– parameter 178
– potential 252
LiBERO (ligand-guided backbone ensemble

receptor optimization) 289
– automated version (ALiBERO) 290
LIECE (linear interaction energy – continuum

electrostatics) approach 241
ligand
– final selection for experimental assay 306
ligand binding 86, 268
– detection and verification 77
ligand binding site 125
– QM calculation 125

ligand binding strength
– relative 221
ligand conformational energy 191ff.
– computational result 196
ligand decoupling 15
ligand degree of freedom 254
ligand design 155
– structure-based 121ff.
ligand disaggregation energy 197
ligand docking 283ff.
– protein plasticity 283ff.
ligand docking calculation 210
ligand drug-likeness 273
ligand energy 196
ligand identification 302
– computer-aided drug design (CADD) 302
ligand optimization
– ideal parameter 67
ligand position/orientation 9
ligand property 267
ligand-based drug design (LBDD) 298ff.
ligand-based optimization 307
ligand–protein database (LPDB) 296
ligand–receptor binding affinity 196
LigScore 303
line shape analysis 76
linear interaction energy (LIE) method 15,

123, 195, 211, 254
linear response approximation LRA/b 241
linear scaling method 128
Lipinski rule of five 23, 268, 310
lock and key mechanism 81
LUDI 303

m
M-Score 304
maltose binding protein (MBP) 81
mean absolute difference (MAD) 182
membrane protein 88
– transient binding of peptide ligand 88
metarhodopsin II state (Meta II) 88f.
Mining Minima 193, 254
mitogen activated protein kinase (MAPK)

superfamily 309
model apolar cavity–ligand system 149
MOE (Molecular Operating

Environment) 299ff.
molecular docking 245
molecular dynamics (MD) 122, 150
– simulation 289, 300
molecular fractionation with conjugate cap

(MFCC) 131
molecular mechanics (MM)
– description 121f.
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– entropy 129
– MM/3D-RISM 182
– MM-GBSA 193ff., 241
– MM-GBSA calculation 181f.
– MM-PB(GB)SA 192f.
– MM-PB(GB)SA method 199
– MM/PBSA-like approach 133
– Poisson–Boltzmann surface area (MM-

PBSA) method 13, 122, 180f., 241ff., 254
molecular mechanics-based polarizable

multipole Poisson–Boltzmann surface area
(MM-PMPB/SA) approach 113

molecular recognition 81
molecular recognition model 3
molecular signature 245
molecular solvation 176
– 3D reference interaction site model 176
Monte Carlo (MC) simulation 122, 150, 303
MPMFP fingerprints 307
multiple binding site 61
multiple solvent crystallographic

screening 272
multiple receptor conformation (MRC) 285f.
– docking 285

n
NAMD 300
NEMO 123
– potential 125
neutral H-bond score (n_hb) 249
NMR (nuclear magnetic resonance)

method 71ff., 153f.
– experimental parameter 72
– protein–ligand interaction 71ff.
NOESY data 83
nonbonded interaction 103
noncovalent binding 146
nonnucleoside inhibitor of HIV-1 RT

(NNRTI) 58ff., 224
normal mode analysis (NMA) 289
normalization approach 305
NScore (naive score) 244
nuclear Overhauser effect (NOE) 74
nucleic acid
– binding 198
number of rotatable bonds (n_rot) 249

o
OPLS force field 240, 300

p
p53 313
p56Lck kinase SH2 domain 313
paramagnetic relaxation enhancement (PRE) 75

partition coefficient 303
PDB, see Protein Data Bank
PDBbind database 247, 296
peptide ligand
– transient binding to membrane

protein 88
permanent electrostatic

interaction 103
pharmacological efficacy 65
pharmacophore analysis 298
phenol 221
PHOENIX 243
physical chemistry prediction 275
PLANTSCHEMPLP function 253
PLANTSCHEMPLP/PLP scoring

function 244
PLP 303
pocket optimization method 288
PocketDepth 301
Poisson–Boltzmann (PB) 130, 152,

173f.
– linearized 174
Poisson–Boltzmann surface area (PBSA)

model 11
Poisson–Boltzmann (PB) two-dielectric

continuum electrostatics model 13
polar solvation energy 122
polarizable force field 101ff.
– protein–ligand interaction 101ff.
polarizable multipole interaction with

supermolecular pairs (PMISP)
method 132f.

polarizable multipole Poisson–Boltzmann
surface area (PMPB/SA) model 102

polarizable multipole solute with
Poisson–Boltzmann continuum
solvent (PMPB method) 113ff.

polarization catastrophe 105
polarization energy 105
polarized continuum model (PCM) 130f.,

172
– solvation energy 125
population shift 58
potential of mean force (PMF) 5ff., 151,

239, 303
– calculation 150
power function 305
prediction performance 274
predictive index 183
preorganization 199
property-encoded shape distribution

(PESD) 245
protein class 270
Protein Data Bank (PDB) 239
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protein dipoles Langevin dipoles method
(PDLD/S-LRA version) 241

– PDLD/S-LRA/b method 246
protein force field 300
protein hydration site 153
protein interaction property similarity analysis

(PIPSA) 304
protein phosphatase 1B (PTP1B) 276
protein plasticity 283ff.
– ligand docking 283ff.
protein structure preparation 299
protein–ligand binding 11, 297
– confined water molecule 153
– molecular mechanics-based protein–ligand

BFE calculation 101
protein–ligand binding affinity 115
protein–ligand complex (PLC) 303
– structure 82
protein–ligand docking 126
– water 160
protein–ligand element pair count 252
protein–ligand interaction 56ff., 101ff.
– NMR method 71ff.
– polarizable force field 101ff.
– residue-specific 245
– scoring 101ff., 237ff.
protein–protein binding 11
protein–protein binding free energy
– absolute 198
protein–protein inhibition 278
protein–protein inhibitor 270
protein–protein interaction (PPI) 83, 295ff.
– CADD 308
– inhibitor 299
– modulating 295ff.
– small-molecule inhibitor 298
– thermodynamics 297
– undruggable 297
protein–protein stabilization 278
protein–RNA binding 198
pseudocontact shift (PCS) 83
PSI-DOCK 303

q
QMScore 242
quantitative structure–activity relationship

(QSAR) method 123, 298
quantum mechanics (QM) calculation 125
– ligand binding site 125
– semiempirical (SQM) 241
quantum mechanics energy 129
– map 103
quantum mechanics method 121ff.
– structure-based ligand design 121ff.

quantum mechanics-based force field 123
quantum mechanics/molecular mechanics

calculation 126f., 241
– entire protein 127
quantum mechanics-polarized ligand docking

(QPLD) 124
– method 134
quasi-harmonic approximation 10

r
radial distribution function (RDF) 110
RANK algorithm 160
real-space free energy approach 211
receptor conformational energy 191ff.
– computational result 198
receptor flexibility 284
receptor strain 198
receptor–ligand interaction 145
3D reference interaction site model (3D-

RISM) 159, 176ff.
3D-RISM-KH 182f.
relaxation dispersion 76
reorganization energy 191
rescoring 304
residual chemical shielding anisotropy

(RCSA) 73
residual dipolar coupling (RDC) 74ff.
resistance 63
rhodopsin 88f.
ring–metal interaction 253
ring–ring interaction 253
ring–ring interaction score (RRscore) 249
rule of five 23, 268, 310

s
S100B 313
salt effect
– binding 16
sampling internal coordinate 284
sampling method 150
sampling problem 215
saturation transfer 75
saturation transfer difference (STD)

experiment 78ff.
SCARE 288
SCORE 196
– potential 18
SCORE1 243
SCORE2 243
scoring function 196, 237ff.
– application 246
– empirical 238ff.
– knowledge-based 238, 304
– protein–ligand interaction 237ff.
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– QM/MM-based 242
– tailored 245
– target-specific 245
selectivity 63
– improving 28
self-consistent reaction field (SCRF)

model 172
sensorgram
– analysis 54
SFCscore 243ff.
SFCscore function 253
SH2 domain, see Src homology 2
SHAKE algorithm 223
SIBFA (sumof interactions between fragments

ab initio computed) 123
SILCS (site identification by ligand competitive

saturation) 301
similarity clustering 306
simultaneous optimization 290
single receptor conformation 285
single-trajectory approach 193ff.
SiteMap 274
SKATE 248
small-molecule force field 116
small-molecule growth (SMoG) 303
small-molecule hydration free energy

calculation 106
small-molecule inhibitor
– optimization 298
– protein–protein interaction 298ff.
SMRT (silencing mediator of retinoid and

thyroid hormone receptor) 311
soft-core potential 216
solute site position 178
solute–solute electrostatic interaction 185
solute–solvent electrostatic interaction 185
solute–solvent interaction energy 184
solvation free energy 18, 113, 172, 184
– electrostatic 13
solvent mapping 272
solvent self-energy 184
solvent-accessed surface 152
solvent-accessible surface 152
solvent-accessible surface area (SASA)

122, 152
specificity 63
spherical harmonic expansion (SHEF) 304
SPHGEN
– approach 301
– module 311
spin relaxation 75
square well potential model 6ff.
Src homology 2 (SH2) domain 295, 314
Src homology 3 (SH3) domain 295

standard concentration 157
standard Gibbs free energy 154
standard Lorentz–Berthelot mixing rules 178
standard state 156
statistical potential 17
statistical thermodynamics 3
steady-state analysis 54
strain energy 191
structural information 61
structural modeling 66
structure–activity relationship (SAR) 307
structure-based drug design (SBDD) 283,

298f.
structure-based ligand design 121ff.
– quantum mechanics 121
structure–kinetic relationship 62
support vector machine (SVM)

technique 245
surface plasmon resonance (SPR)

biosensor 47f.
– sensitivity 49f.
– technology 48
surface plasmon resonance biosensor-based

interaction data 56
surface plasmon resonance detection 47
SURFC-HYDROPHOBIC-HYDROPHOBIC

descriptor 251
Surflex 302
SYBYL 307
systematic fragmentation method

(SFM) 132

t
target chaperoning 278
target druggability 267
target receptor 208
target-immobilized NMR screening

(TINS) 78
temperature dependence 33ff.
– measurement 33
thermodynamic cycle 219
thermodynamic footprint 65
thermodynamic integration (TI) 14,

106, 121, 180
– formalism 213
thermodynamic optimization
– drug candidate 23ff.
– plot 28f.
thermodynamic parameter 65
thermodynamic pharmacophore 29
thermodynamic work method 14
thermodynamics 64
– protein–protein interaction 297
– volume-confined water localization 154
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three-dimensional reference interaction site
model (3D-RISM) 159, 176ff.

– 3D-RISM-KH 182f.
– MM/3D-RISM 182
three-trajectory approach 193ff.
torsion motif 197
torsional energy term 103
total buried ligand surface area

(TotBurSurf) 249f.
total correlation function (TCF) 177
training set 273
transducin 89
transferred dipolar coupling (TrDC) 83
transferred NOE (TrNOE) 75
translated MAD (trMAD) 183
translational diffusion coefficient 77
transverse relaxation optimized spectroscopy

(TROSY) 71
Tripos force field 244
tRNA-guanine transglycosylase (TGT) 248
trypsin
– binding free energy 110
trypsin ligand 112

u
undruggable 276, 297
unified model for dynamic targets 58

v
valence interaction 103
VALIDATE 196, 243
– scoring function 243
van der Waals (vdw) interaction 25f., 103
– energy 301

– transformation 223
virtual chemical database 302
virtual ligand screening (VLS) 286ff.
– experiment 283
virtual screening (VS) 286, 302
– compound database 302
volume-confined water molecule 145ff.
– computational modeling 156
– thermodynamics 154

w
w-SIFt (weighted structural interaction

fingerprints) approach 246
water 145
– as a whole 145ff.
– benzene 221
– individual water molecule 146
– phenol 221
– protein–ligand docking 160
– volume-confined water molecule 145ff.
water descriptor 160
water localization 156
water simulation application 106
Wiener index 303
Wilson–Decius–Cross function 102
wSASA approach 152

x
X-CScore 303
X-Score 243

z
ZINC 302
Zwanzig formula 213
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