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ABSTRACT: Flexibility and dynamics are protein character-
istics that are essential for the process of molecular recognition.
Conformational changes in the protein that are coupled to

ligand binding are described by the biophysical models of U

induced fit and conformational selection. Different concepts
that incorporate protein flexibility into protein—ligand docking
within the context of these two models are reviewed. Several
computational studies that discuss the validity and possible
limitations of such approaches will be presented. Finally,
different approaches that incorporate protein dynamics, e.g,,
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configurational entropy, and solvation effects into docking will be highlighted.

olecular recognition between receptors and ligands plays a
Mfundamental role in virtually all biochemical processes in
living organisms. In many instances, ligands such as hormones or
neurotransmitters are located outside the cell and noncovalently
bind to receptors, e.g., G-protein-coupled receptors' > or ligand-
gated ion channel receptors.* This association process results in
conformational changes that lead to subsequent signaling events
inside the cell. Furthermore, environmental signals are also
known to bind to receptors and cause downstream signaling
events; for example, odors and volatile substances bind to
olfactory and taste receptors and trigger downstream signaling
events that are ultimately translated into smells and tastes.>®

In addition to molecular recognition leading to the down-
stream signaling effect, substrate recognition by enzymes is a
process of central importance that allows the living organism’s
internal processes as well as interaction with the organisms’
environment. For example, compounds that are absorbed from
the environment, including drugs, might have potential adverse
effects on the organism. Enzymes such as cytochrome P450 bind
and chemically modify these compounds to more water-soluble
products that subsequently are excreted from the body.”*

Analyzing examples for molecular recognition as shown in
Figure 1 demonstrates that protein flexibility coupled to ligand
binding often plays a key role in protein—ligand association."
Individual residues in the binding site of the protein change their
side-chain conformation to bind different ligands (Figure 1, top
panel).”*® Large-scale loop reorganization is observed upon
ligand binding to cytochrome P450 119 (Figure 1, middle
panel)."*'” In the estrogen receptor, the binding of agonists
(Figure 1, bottom left) or selective estrogen receptor modulators
(SERM) (Figure 1, bottom right) generates different conforma-
tions of helix 12 resulting in tissue-specific control of signals.'®

In this review, the induced-fit and conformational-selection
biophysical models will be discussed to elucidate the role of
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protein flexibility in ligand binding. On the basis of this
discussion, different approaches that incorporate protein
flexibility into docking will be presented. Additional computa-
tional studies will be presented that discuss the validity of the
different methods that incorporate protein flexibility during
docking. Furthermore, three additional important issues will
be discussed that need further consideration in the develop-
ment of future flexible docking methods: the modeling of
protein dynamics, i.e., configurational entropy, the modeling
of solvation effects, and the precise quantification of the free
energy associated with the protein’s conformational change
coupled to ligand binding.

B MECHANISM OF PROTEIN FLEXIBILITY COUPLED TO
LIGAND BINDING

The coupling between protein conformational change and
ligand binding is commonly explained b?r one of two different
biophysical models, either the induced-fit' (or conformational-
induction) or conformational-selection®® (or population-
shift) mechanism. In a simplified dynamic energy landscape
model (Figure 2), the two mechanisms can be characterized
as either a path from the ligand-unoccupied open (UO)
state to the ligand-bound closed (BC) state either via the
ligand-unoccupied closed (UC) state (in the case of the
conformational-selection mechanism; red path in Figure 2)
or via the ligand-bound open (BO) state to the ligand-bound
closed (BC) state (induced-fit mechanism; green path in
Figure 2). The two different mechanisms of protein flexibility
coupled to ligand binding, induced fit and population shift,
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Figure 1. Three examples of different types of protein flexibility coupled to ligand binding. In the top panel, alternative conformations of the side chain
of Glu276 are observed forming intermolecular hydrogen bonds between influenza A N9 neuraminidase and the inhibitor 2-deoxy-2,3-dehydro-
N-acetylneuraminic acid (left, PDB entry 1nnb”) and forming intraprotein hydrogen bonds with Arg224 when 5-acetylamino-4-amino-6-(phenethyl-
propylcarbamoyl)-5,6-dihydro-4H-pyran-2-carboxylic acid is bound (right, PDB entry 1bji'®). In the middle panel, an extended loop in the apoprotein of
cytochrome P450 119 (left, PDB entry 1i09"") adapts a new fold upon binding of 4-phenylimidazole (right, PDB entry 1f4t'?) stabilizing the ligand. In
the bottom panel, binding of the agonist 17/3-estradiol (left, PDB entry lere'?) to the ligand-binding domain of the estrogen receptor causes a different
conformation of helix 12 compared to the selective estrogen receptor modulator raloxifene (right, PDB entry lerr'*).

relate to the Koshland—Neméthy—Filmer (KNF)*' and To be able to categorize protein—ligand systems by one of
Monod—Wyman—Changeux (MWC)** models describing these mechanisms, Okazaki et al.*> developed a double-basin
allostery, respectively. Hamiltonian quantitatively representing the dynamic energy
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Figure 2. Scheme representing the two mechanisms of protein con-
formational change coupled to ligand binding. In the conformational-
selection mechanism (red line), the apo form of the protein (unoccupied
open, UO) adapts to a certain probability a closed conformation (UC)
to which the ligand binds and stabilizes the conformation (bound closed,
BC). In the induced-fit mechanism (green line), the ligand binds to the
apo conformation of the protein (BO). This binding event triggers the
conformational change to the final BC state. The top curve shows a
model of the free energy of the unbound form of the protein as a function
of an arbitrary reaction coordinate describing the conformational change
between the open and closed form; the bottom curve displays the
associated model of the free energy of the bound form.

landscape model of Figure 2 in which two basins of the Hamiltonian
describe the open and closed protein state. A ligand—protein
interaction term is added to the Hamiltonian that characterizes
the influence of the binding of the ligand to the overall
Hamiltonian of the system. From simulations using this Hamil-
tonian with varying strength and range of protein—ligand inter-
actions, the authors deduced that strong and long-range
interactions favor the induced-fit mechanism whereas weak and
short-range interactions favor the conformational-selection me-
chanism. The trend between the ligand—protein interaction
strength and the mechanism of conformational change is in-
tuitive and can be interpreted utilizing the free energy landscape
model (Figures 2 and 3). If the free energy difference between
the apo and holo conformations (AGoc) of the ligand-free
protein is large (Figure 3, top panel), the unbound protein visits
the holo form infrequently. For protein systems in which this
situation occurs, strong protein—ligand interactions (AGpy) are
required to induce and stabilize the holo conformation and drive
the overall free energy of the protein—ligand complex to a more
negative value versus that of the unbound apo conformation. If
the energy difference between the apo- and holoprotein form is
small (Figure 3, bottom panel), the holo conformation is
frequently visited by the unbound protein and the ligand can
bind to this protein conformation. In this case, a weaker
protein—ligand interaction is required to stabilize the holo form

Figure 3. Two different free energy models that characterize protein—
ligand systems, likely representing the induced-fit (top) and
conformational-selection (bottom) mechanisms of binding, are shown.
The black curve models the free energy of the unbound form of the
protein as a function of an arbitrary reaction coordinate that describes
the conformational change between the open and closed form of the
protein. The red curve displays the associated model of the free energy of
the bound form of the protein. AGoc is the free energy difference
between the open and closed state of the ligand-free protein, and AGpr,
is the stabilizing free energy of the protein upon ligand binding. The
free energy AGpy, contains many contributions, including the direct
protein—ligand interactions typically affected by water screening, hydro-
phobic association, and the conformational and vibrational entropy of
protein and ligand.

of the protein. However, direct interactions between protein and
ligand atoms, such as hydrogen bonds or electrostatic interac-
tions, are not always the dominant contributors to AGpy . The hydro-
phobic association between protein and ligand moieties often domi-
nates the free energy of binding** >’ Until recently, hydrophobic
interactions were considered to be always entropically driven.”® In
this model, water molecules form ordered water shells® around
hydrophobic ligand moieties or amino acids creating a highly
ordered water structure that is entropically unfavorable compared
to the structure of bulk water with its highly dynamic hydrogen
bond network. As the ligand binds to the protein, the water
molecules in the shell surrounding the hydrophobic moieties of
the ligand and the binding site of the protein are released into the
bulk solvent and gain translational, rotational, and vibrational
entropy, thereby lowering the free energy of the protein—ligand
complex. However, recent studies”**””**! demonstrated that
hydrophobic interactions can also be enthalpically driven. Using
a model system for hydrophobic receptor—ligand association,
McCammon and co-workers”**” found that disordered water
molecules with a density lower than the bulk density bind to small
but solvent-accessible hydrophobic cavities. When the ligand
binds, these disordered water molecules are released into the bulk
solvent and actually lose entropy. The gain of water—water
interactions is the major contributor to the net change in enthalpy
that overcompensates for the loss of entropy.
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To separate the two different mechanisms of protein flexibility
coupled to ligand binding, experimental techniques such as X-ray
crystallography, NMR experiments, and kinetic measurements
are utilized to identify holo-like protein conformations preexist-
ing in the ligand-free state of the protein,®*>* in agreement with
the pospulation -shift mechanism, or to identify intermediate
states” that potentially point toward an induced-fit mechanism.
Experiments also suggested the coexistence of both the popula-
tion- shlft and induced-fit mechanisms for ligand binding to a
protein.**** For example, X-ray crystallography and kinetic
measurements of ligand binding to antibody SPE7 showed that
ligands bind to preexisting conformations of SPE7 followed by an
induced ﬁt generating the final high-affinity protein—ligand
complex.** Also, single-molecule AFM measurements showed
that protein—protein binding between a nuclear transport effec-
tor, RanBP1, and a nuclear import receptor, importin 3, can
follow the population-shift or induced-fit mechamsm, depending
on which additional substrate binds to importin 3.*°

B COMPUTATIONAL METHODS FOR SIMULATING
PROTEIN FLEXIBILITY COUPLED TO LIGAND BINDING

Over the past few decades, many computational concepts that
incorporate different levels of protein flexibility into the model-
ing of protein—ligand association have emerged. Many methods
are used to study individual protein—ligand complexes, such as
molecular-dynamics (MD) or Monte Carlo (MC) simulations.
Such methods can be used to locally sample energetically
accessible substates of the protein—ligand complex’s free energy
landscape. Algorithms such as free energy perturbation (FEP)*'
or thermodynamic integration (TT)* in combination with MD
or MC simulations can calculate the relative free energy of
compounds binding to the same drug target within 1—2 kcal/
mol of the experimental value. Unfortunately, the procedures
associated with FEP and TT are computationally demanding and
are typically limited to the comparison of structurally similar
compounds. In addition to being computationally expensive, the
application of these techniques requires a priori knowledge of the
configuration of the ligand and protein in their bound form.

Recently, standard FEP and TI protocols have been extended
to efliciently 1ncoigorate conformational changes associated with
hgand binding.**** Using umbrella sampling in con]unctlon with
the “confine-and-release” framework, Mobley et al.** accurately
predicted the free energy of a ligand binding to a designed
binding site in T4 lysozyme that involves a conformat10nal
change of a Val residue. In a separate study, Lawrenz et al.**
developed an independent-trajectory thermodynamics-integra-
tion (IT-TI) method that computes absolute and relative binding
free energies using multiple independent trajectories to improve
configurational sampling. In their study on peramivir binding to
HSN1 avian influenza virus neuraminidase, I'T-T1 was utilized to
extensively sample the phase space accessible to the flexible loop
regions that interact with the ligand. IT-TI was designed for use
with distributed computing and consequently allows a signifi-
cantly more rapid computation of absolute free energies of
binding compared to standard TT or FEP calculations for a series
of ligands.

An alternative method designed to predict the configuration
and binding affinity of a ligand for a specific receptor is
receptor—ligand docking. Docking methods are less computa-
tionally demanding than simulation-based free energy methods
and are used to virtually screen large libraries of existing or

hypothetical chemicals with the goal of identifying new poten-
tially active chemotypes that bind to the target receptor.
Throughout the docking process, many different ligand orienta-
tions and conformations (binding poses) are generated in the
binding site of the protein using a search algorithm. The free
energy of binding of each pose is subsequently estimated using a
scoring function.

For some target proteins, the search algorithm of a docking
program may generate bioactive conformations (rmsd < 2 A)
throughout the search process for up to 90% of all 11gands, for
other proteins, this percentage can be as low as 40%."* However,
existing scoring functions used in docking are not sufficiently
accurate to reliably estimate the free energy of binding of a
protein—ligand complex. Thus, the bioactive pose is not always
energetically ranked top among all poses generated throughout
the search process.** The correlation between experimental and
predicted binding affinities using scoring functions for a series of
compounds binding to the same protein is usually weak and often
influenced by considerations of ligand size rather than by the
correct modeling of the underlymg physicochemical contribu-
tions to binding affinity.*”

The limitations of docking programs described above origi-
nate from the necessity of finding a balance between accuracy and
speed to screen large ligand libraries. Consequently, scoring
functions quantify a simplified representation of the full protein—
ligand interaction by typically including only elements such
as hydrogen bonds and hydrophobic contacts and typically
neglecting effects such as solvation, polarization, and entropy.
The individual terms of the scoring function are weighted by
prefactors that are optimized using a training set of protein—
ligand complexes. As a consequence of the simplified representa-
tion of the physics of protein—ligand interactions and the
optimization procedure, the success of scoring functions for
binding-pose prediction and virtual screemng is known to be
dependent on the protein system.* In addition to using a
simplified scoring function to reduce the computational time
required to screen ligand libraries, only critical degrees of free-
dom of the ligand are considered during the search algorithm to
limit the conformational space that must be sampled (i.e.,
translation, rotation, and torsional rotations of ligand). On the
basis of the need to keep the computational costs low, protein
flexibility is commonly only partially incorporated into docking,
e.g., side-chain flexibility. Considering only side-chain flexibility
in the binding site, typically containing between 10 and 30
residues, there are approximately 20—70 rotatable bonds that
represent the protein’s degrees of flexibility. The computational
cost significantly increases if additional degrees of freedom,
representing the backbone motion, of the protein are in-
corporated.

B CONCEPTS THAT INCORPORATE PROTEIN
CONFORMATIONAL CHANGES INTO RECEPTOR—
LIGAND DOCKING

As several reviews that discuss existing methods and software
used to model conformational changes during docking have been
published,” % it is not the aim of this review to produce a
detailed description of each method. Instead, general concepts
that include protein flexibility during docking are highlighted in
the context of their relation to the two biophysical mechanisms of
protein flexibility coupled to ligand binding, the induced-fit

versus conformational-selection mechanism.
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Figure 4. Overview of methods discussed in this review that incorporate protein flexibility in docking simulations. Methods that can be assigned to the
conformational-selection mechanism of protein flexibility are colored red, methods utilizing the induced-fit mechanism green, and methods that have
elements from both mechanisms yellow. The different sources of protein flexibility for docking are shown as rectangular shapes, the methods for
generating these sources as rounded rectangles, and the different concepts for using these sources in the docking algorithm as trapezoids. Abbreviations:
MD, molecular-dynamics simulations; MC, Monte Carlo simulations; NMA, normal-mode analysis; ENM, elastic-network model; PCA, principal-

component analysis; EPS, ensemble of protein structures.

In general, algorithms can be divided into two categories
(Figure 4). The first class of methods generates an ensemble of
protein structures (EPS) prior to docking. On the basis of the
ideas of conformational selection, each ligand in the library is
then subsequently docked to each member of the EPS. The
second category of methods generates alternative protein con-
formations on the fly in parallel to the pose generation of the
ligand during docking. In this concept, additional degrees of
freedom are selected that describe important contributions of
protein flexibility. Variables that characterize the magnitude of
the conformational change along the selected degrees of protein
flexibility are optimized in parallel to the ligand degrees of
freedom, such as translational, rotational, and torsional changes.
As the accessible conformational space to the protein—ligand
system scales, in the worst case, as polynomial with the number of
degrees of freedom, the degrees of protein flexibility must be
selected very carefully. This approach can be interpreted as an
implementation of the induced-fit idea into docking.

Docking with Conformational Change Represented by
Additional Degrees of Freedom. Many docking programs
allow side chains of selected binding-site residues to be flexible
throughout the search process. Alternative side-chain conforma-
tions are generated either by an exhaustive search,**® by
selecting states from a pregenerated rotamer library,’ > or by
a minimal change in conformations to resolve steric clashes
between protein and the current ligand binding pose.®® The
estimation of free energy changes between different protein
conformations is an important issue when including protein
flexibility. The energetic cost associated with torsional changes of
side chains is typically estimated in one of two ways. The

6161

interaction between the flexible residues and the rest of the
protein is computed using the same scorin% function used to
estimate the protein—ligand interactions,’"®* or an empirical
energy function is used that is proportional to the size of torsional
changes.”” The lattrer estimation assumes that only small
changes in the torsion angles are observed.

The question of whether the inclusion of selected side chains is
sufficient to accurately model protein flexibility in docking arises.
For protein systems such as neuraminidase (shown in Figure 1,
top panel) this may be the case, but for other systems [e.g., HIV
protease, cAMP-dependent protein kinase, CYP450 (Figure 1,
middle panel) or estrogen receptor (Figure 1, bottom panel)],
protein flexibility beyond the side-chain level plays a significant
role during ligand binding,

To incorporate protein-backbone flexibility into docking, it is
possible to include conformational fluctuations of the protein
structure in terms of collective motions, or “degrees of freedom”.
These collective degrees of freedom are then included as addi-
tional searchable variables in the binding-pose optimization
procedure. Zacharias and co-workers derived collective degrees
of freedom by performing normal-mode analysis (NMA) origin-
ally using a full atomistic representation of the protein.”> NMA is
based on the assumption that protein motion can be approxi-
mated by a combination of harmonic vibrations. In NMA, the
Hessian matrix containing the partial second derivatives of the
potential energy with respect to the atom coordinates is diag-
onalized. The resulting eigenvectors describing the lowest-
frequency modes characterize the slow collective or large-scale
motions of the protein. To increase the computational efficiency,
Zacharias and co-workers later used the collective variables

dx.doi.org/10.1021/bi2004558 |Biochemistry 2011, 50, 61576169
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Figure S. (a) Two-dimensional model of a free energy landscape of a protein system with the apo structure represented by energy minimum (A) and the
holo structure by energy minimum (B). On the basis of the encoding hypothesis, protein motion can be reduced to collective variables (black arrows). A
linear combination of these collective variables allows the transition over low-energy barriers (gray arrow) to the holo structure of the protein. (b) If the
holo structure (C) and apo structure (A) are separated by another stable conformation (B), the apo structure may only encode the transition to state B
and ligand binding may be necessary to stabilize state B and induce a conformational change to holo structure C.

derived from a NMA of an elastic-network model (ENM).** In
an ENM, the residues of the protein are represented by single
three-dimensional points that are connected by mechanical
springs and the fluctuations of the protein are governed by the
difference in local particle density. An alternative approach used
to reduce protein dynamics to a few collective degrees of freedom
is principle-component analysis (PCA) of a protein trajectory
obtained from a MD simulation.*®

The previously described procedures utilize the potential
function of the ligand-free form of the protein to determine
the collective degrees of freedom of the protein. Such methods
assume that the collective degrees of freedom encode the protein
fluctuations necessary for ligand binding to occur. This encoding
hypothesis®®~® is an implication of the conformational-selection
model assuming that the fluctuations in the apoprotein structure
trigger frequent transitions to the holo forms of the protein
(Figure Sa). To test this hypothesis, Ikeguchi et al.®® used linear-
response theory where ligand binding was modeled as an external
perturbation to the atomic fluctuations of the apo form of the
protein. They demonstrated that upon ligand binding, the overall
large-scale change (up to 15 A C, displacement between apo and
holo conformations) of three different protein systems (ferric-
binding protein, citrate synthase, and F;-ATPase) could be
predicted on the basis of five collective modes. However,
differences on the order of 2—5 A between the predicted and
experimental holo structure were observed in some portions of
each protein system.

In another study to test the encoding hypothesis, Cukier
applied PCA analysis to an apo structure of an adenylate kinase
known to undergo large-scale conformational changes in the LID
and AMP binding domain to form a closed form of the binding
site when the substrates AMP and Mg”*-ATP are bound.®® The
authors observed that the conformational change of the LID
domain was encoded in 12 collective modes of the apo form,
whereas the additional AMP-induced conformational change in
the AMP binding domain was not encoded in the collective
modes. These examples demonstrate that holo-like protein
conformations can be generated using collective degrees of
freedom from the apoprotein for many systems, but that addi-
tional induced fit may be necessary to predict a holo-like protein
conformation in some protein systems (cf. Figure Sb).

One issue with many of the studies used to validate the ability
of the collective-mode approach to generate holoprotein struc-
tures was that the experimental end state of the protein is known
a priori (open and closed forms of the protein were obtained
beforehand from experimental studies). Without this structural
information, we are faced with the question of how the different
collective modes should be weighted and what magnitude of
conformational change should be expected.

The weighting of the collective modes and the magnitude of
conformational change to be expected from them directly relate
to the energy difference required to undergo the transition
between the apo and holo forms of the protein (represented as
AGoc in Figure 3). In an attempt to quantify this energy, May
et al.* estimated the energy needed to move the protein between
states as an empirical fourth-order function of the magnitude of
deformation along each collective mode m:

M
Vdeform = Z Km|Rm _R?n|4 (1)

m=1

where |R,, — R9n| is the magnitude of conformational change
along the mth collective mode and k,, is the square of the
eigenvalue of mode m. This empirical quantification approach
was successfully applied to cyclin-dependent kinase 2 cross-
docking studies. The experimental holo structures for the ligands
used in the cross-docking studies differ from the apo form by
rather small shifts of secondary structural elements near the
binding site (backbone rmsd of 0.7—2.2 A). However, it is not
obvious how this quantification of AGoc can be applied to
protein systems known to undergo large-scale conformational
changes between the apo and holo forms and are characterized by
two local minima separated by an energy barrier (see Figure S).
In this situation, the energetic penalty used in the study of May
et al.** would constantly increase with the deviation from the apo
form in contrast to the free energy profile. In another attempt to
quantify the free energy difference associated with conforma-
tional shifts in the loop regions, Cavasotto et al.”® used a
sophisticated scoring procedure comprised of force-field energies
and an implicit solvation model for the protein region of interest,
i.e., the residues in the proximity of the binding site. Even more
difficult than estimating the free energy associated with conformational
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shifts of secondary-structure elements is accurately quantifying
the relative free energies of large-scale conformations that involve
partial refolding of the protein structure, such as unstructured
protein regions in the absence of the ligand or significant refold-
ing of loop conformations. As the difficulties of this problem are
related to those of ab initio protein structure prediction, an
accurate estimation (1—3 kcal/mol) of the free energy of such
protein conformational changes is currently unlikely to be
achieved with current scoring procedures.

An important question concerning the use of collective
variables is the number of degrees of freedom required to gen-
erate a holo-like protein structure. The answer to this question
certainly dg})ends on the required level of accuracy. Pande and
co-workers”" applied NMA on four different protein systems
(myosin, calmodulin, NtrC, and hemoglobin) that undergo
significant conformational changes (2.0—15.1 A rmsd between
experimental apo and holo forms) during ligand binding. Using
the 20 most significant normal modes, less than 50% of the
observed conformational change (measured by the rmsd be-
tween the projected and experimental target structure) was
reproduced and deviations between the predicted and experi-
mental target structure ranged from 2 to 8 A. To achieve an rmsd
of 2 A between the predicted and experimental structures,
hundreds of normal modes were required. In an attempt to limit
the number of additional degrees of freedom required to describe
backbone motion, new approaches were recently devised to
project the collective variables on important regions of the
protein, or individual atoms.®®”°

Docking to a Pregenerated Ensemble of Protein Confor-
mations. NMA, PCA, or ENM can also be used to generate an
ensemble of protein structures (EPS) of alternative templates for
docking (Figure 4). The simplest way to include the EPS is to
perform sequential docking to all members of the ensemble,
linearly increasing the required computational time with the size
of the EPS. To accelerate the docking process, the EPS alter-
natively can be integrated into the docking algorithm as alter-
native states accessible by the protein—ligand system during the
pose generation phase’>””* or can be combined in an average
interaction energy grid used throughout docking.”> A detailed
discussion of different means of handling the EPS throu%hout
docking can be found in a review by Totrov and Abagyan.>

Whereas the previously discussed methods focus on medium-
to large-scale conformational changes of the protein, it has been
recognized that small-scale changes (1—2 A rmsd) are often
critical for successful docking.”®~"® As an alternative to using
collective variables to generate EPS, MD simulations can be
conducted on the protein system. Whereas large-scale conforma-
tional changes are typically missed using a standard MD simula-
tion, this approach has the ability to include small-scale backbone
and side-chain fluctuations in the EPS.

In ensemble docking studies,” it has been recognized that
using an EPS with only a few protein conformations can increase
the success rate for correctly predicting binding poses and
enrichment in virtual screening. Using a very large EPS, however,
leads to a poorer docking performance because of the generation
of a large number of false positives, thereby reducing the
enrichment rate in virtual screening. Thus, an important con-
sideration when using EPS for docking is how many and which
protein conformations should be utilized.

Amaro et al.*° utilized different approaches, e.g., hierarchical
clustering based on pairwise rmsd between MD snapshots, to
reduce the initial EPS generated by MD simulations to a

structurally diverse subset of protein structures representing
the configurational space sampled by MD. This procedure
allowed the authors to reduce the initial size of the EPS by
90—99% without any observable loss of accuracy in virtual
screening experiments. Bolstad et al.*' developed a method for
selecting protein conformations from the EPS on the basis of
their ability to conserve the relative orientations of a core of
amino acids critical for binding. Using dihydrofolate reductase
(DHFR) as a test case, atoms of binding-site residues that have a
conserved relative position in various DHFR cocomplexes with
ligands were manually identified. Distances between these pro-
tein atoms were computed for all MD snapshots and compared
with the conserved distances in the X-ray structures. Only MD
snapshots that approximately preserve the interatomic distances
between the selected protein atoms were chosen as members of
the EPS used for docking. This procedure allowed the reduction
of the initial EPS by 50—75%, increasing the efficiency and
ranking accuracy of ensemble docking.

Armen et al.* studied the influence of different levels of
modeled protein flexibility on cross-docking accuracy using
p38a. MAP kinase that displays significant side-chain and loop
flexibility in the binding site. The level of protein flexibility was
defined by the number and size of segments of nonrestrained
atoms or torsions in the MD simulations utilized to generate
alternative template structures, ranging from a rigid protein
structure over flexible side chains and flexible loop regions to
the fully flexible protein for which no restraints on protein atoms
or torsions are applied. They found that limiting the modeled
protein flexibility to the fewest degrees of freedom necessary to
adequately represent the experimentally observed flexibility (i.e.,
binding-site side chains and two flexible loops in the studied test
case) showed superior cross-docking performance compared to
using rigid or fully flexible proteins as template structures for
docking. The authors reasoned that fully flexible protein models
exhibited decreased docking performance because incorporating
unnecessary degrees of protein flexibility or alternative protein
structures into docking increased the potential for generating
many non-holo-like protein conformations or protein—decoy
complex structures that were highly ranked because of insuffi-
cient scoring functions.

Independent of the approach used to generate the EPS, each
method is based on the conformational-selection model. How-
ever, it must be noted that existing computational methods and
infrastructure typically allow the protein to sample only a portion
of the configurational space accessible to the protein system. In
other words, even if the population-shift mechanism is the
dominant mechanism of protein flexibility associated with ligand
binding, can we actually identify the holo conformation by
computational means? Xu et al.”® recently performed docking
to an EPS generated by long MD simulations on two different
protein systems that involve only small-scale conformational
changes between the apo and holo structures (rmsd < 1 A).
Despite the long simulation time, docking to an EPS generated
by short MD simulations with bound ligands clearly outper-
formed docking to the EPS generated by long MD simulations on
the apo form of the proteins. Two possible conclusions were
drawn from the results. Either there are too many alternative
protein conformations generated by the long MD simulations,
making the identification of the relevant holo-like structures
difficult and ultimately causing many false positive poses, or
ligand binding was required to induce the holo conformation of
the protein.
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Figure 6. Model of the potential energy U of a protein—ligand system
of two different binding modes corresponding to the two energy
minima. For each binding mode, the protein—ligand system samples
slightly different configurations (blue vertical arrows and four selected
protein—ligand snapshots of one binding mode). The left local mini-
mum with a shallow shape (minimum potential energy U, ) allows for
more flexibility of the protein—ligand system and a smaller loss of
configurational entropy compared to the steeper right minimum
(minimum potential energy U,) and consequently has a lower free
energy AG, than the right minimum (AG,). Neglecting configurational
entropy would cause the binding mode corresponding to the right
minimum to be predicted as the top-ranked binding pose in disagree-
ment with the real free energy values. The vertical blue arrows represent
possible protein—ligand conformations at a given temperature T. The
horizontal green arrows represent the remaining configurational entropy
of the system in the two different binding modes, TAS; and TAS,.

The docking results for the apo MD ensemble led Xu et al.”®
to the development of the ligand-model concept that is
capable of sampling protein conformations that are relevant
for binding structurally diverse ligands. In this method, MD
simulations are performed with a dynamically changing set of
restrained functional groups in the binding site of the protein,
essentially representing a large hypothetical ensemble of
different chemical species binding to the same target protein.
Beginning from an apo structure, the ligand-model approach
was used to derive an EPS used for docking, and the results
outperformed docking to an EPS generated from an apo-MD
simulation. Furthermore, the method was only slightly less
successful than docking to the experimentally known holo
form of each individual protein—ligand complex.

All four previously discussed studies demonstrated that
utilizing a large EPS generated from an apo MD simulation
significantly increased the required computing time without
necessarily improving the docking performance. A reduction
of the EPS to a small set of protein structures relevant for
ligand binding or the reduction of protein flexibility to the
smallest relevant number of degrees of freedom has been
shown to increase not only the efficiency but also the accuracy
of ensemble docking.

B CONCEPTS THAT INCORPORATE PROTEIN
DYNAMICS INTO RECEPTOR—LIGAND DOCKING

As mentioned previously, a significant problem in current
docking protocols is the failure to accurately score the different
docking poses and different ligands. Even if the docking study
incorporates all inherent conformational changes coupled to
ligand binding, for example by retrospective docking using the
experimentally determined holoprotein structure for each ligand,
often no correlation between experimental and predicted binding
affinity is observed.** An important factor contributing to the
failure of docking to accurately predict binding affinities is the
lack of inclusion of dynamic information about the pro-
tein—ligand complex. Even if conformational changes of the
protein are included, the docking-predicted free energy of
binding is generally based on a single protein—ligand structure.
However, in reality, the protein—ligand complex samples local
substates in the conformational vicinity of a given binding mode
(Figure 6).

From statistical mechanics, the free energy of binding AG® at
standard concentration C° can be determined by integrating over
all configurations accessible to the protein—ligand complex, and

the protein and ligand in their unbound state: *>**
AG® =

c° /exp{—ﬂ[U(fPL)}} drpr
—RT In

i / exp{—p[U(rp)]} drp X/exp{—ﬂ[U(rL)]} dry
(2)

where Upp, Up, and Uy, are the potential energies for the
protein—ligand complex, protein, and ligand, respectively, as a
function of their internal coordinates. The potential energy
includes the solvation of the individual entities. Via reformulation
of eq 2, the free energy of binding can be calculated, for example,
using the molecular-mechanics Poisson—Boltzmann or general-
ized Born surface area (MMPBSA/GBSA)®% method to de-
termine the average potential energy of the protein—ligand
complex, the free protein, and the unbound ligand and the
difference in configurational entropy:

AG°® = <UPL> - <UP> - <UL> - TASconfig (3)

The average potential energy terms given in eq 3 are deter-
mined using an implicit solvation model, either PBSA or GBSA,
for example, and thus include a simplified representation of
entropic contributions of solvation typically represented by a
cavity term AG,,, that is proportional to the difference in the
solvent-accessible surface between the bound and unbound form
of the protein—ligand complex. AG,,, represents the entropy
penalty associated with the reorganization of water molecules
around the solutes.*® The ensemble of protein—ligand complex,
free protein, and unbound ligand configurations used in the
averaging process are typically sampled by means of MD or MC
simulations.

In an attempt to rapidly predict native binding poses and rank
libraries of compounds, scoring functions used in docking
neglect the averaging process over multiple protein—ligand
conformations. Entropic contributions to ligand binding are
incorporated into scoring functions in simplified forms. For
example, terms describing hydrophobic contacts between the
protein and the ligand are used to model changes in solvation
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entropy upon protein—ligand binding;*”** a count of the number of

rotatable bonds is utilized as a measure of the conformational
restriction of the bound ]jgand.él’89 Changes in vibrational, transla-
tional, and rotational entropy upon ligand binding, however, are
typically neglected. Furthermore, changes in the configurational
entropy of the protein upon lj9gand binding are typically neglected in
standard scoring functions.”””" Nevertheless, the entropic contribu-
tions associated with protein—ligand binding commonly neglected
in today’s scoring functions are important contributions to the
binding affinity, and current research tries to develop extensions to
current scoring schemes that try to address such factors.

Postprocessing of Docking Poses. One category of methods,
named postprocessing, incorporates the dynamic information of the
protein—ligand system after the docking process has been com-
pleted. The top-scored binding pose or several low-scored poses are
used as input for subsequent MD or MC simulations. In combina-
tion with free energy methods such as FEP, TI, MMPBSA/GBSA,
or linear interaction energy analysis (LIE) ,92 a more accurate
estimation of the free energy of binding is possible.”® This post-
processing step can si§niﬁcantly improve the successful prediction of
binding affinities.””* However, this process is relatively time-
consuming and therefore requires that the bioactive binding mode
be within the top-ranked binding poses for each ligand.

Modeling of Configurational Entropy in Docking. Methods
in a second category try to directly estimate the configurational
entropy or averages over the predicted free energy of similar
protein—ligand configurations generated throughout docking.
Chang et al.” utilized a simple cluster size method to estimate
the configurational entropy of each binding mode. For each pose
generated by the docking program, all conformationally related
poses (rmsd < 2 A) are identified. The number of poses within
this rmsd range is used as a measure for accessible configurational
entropy of the protein—ligand system at a particular local
minimum. The underlying assumption is that the search algo-
rithm of the docking software (AutoDock4) more easily identi-
fies binding poses in wide energy wells compared to narrow wells.
On the basis of this assumption, the probability of identifying
similar binding poses correlates with the width of the energy well
and the accessible configurational entropy of the ligand in the
binding site of the protein. A similar estimate of configurational
entropy has also been implemented in a knowledge-based
scoring function.

Ruvinsky et al.”””® clustered the ensemble of binding poses on
the basis of their pairwise rmsd values to estimate the configurational
entropy of each unique binding mode. The entropy of each unique
binding mode was calculated by measuring the variance in transla-
tional (measured by relative translational coordinate r), rotational
(measured by Euler angles ®,, ®,, and ®;), and torsion (torsion
angles ;) values among the members of a cluster:

AS = ASy — kgT ln{H[max(n) — min(r;)]

tor

X H [max(Qy) — min(Q)]} (4)

k—1

The underlying concept of this method is that binding modes
that are restrained within the binding site (i.e., smaller variation

in translational, rotational, and torsion variables) yield a larger
loss of entropy upon binding to the protein than less restrained
binding modes (Figure 6) and are energetically less favorable.

Applying the previously described methods to estimate the
configurational entropy of 22 ligands binding to APS reductase”®
produced a significant improvement in identifying native binding
poses as the highest ranked for all utilized entropy measures.
Whereas the simple cluster-size method relies on the details
of the search algorithm throughout docking, the method of
Ruvinsky et al.”””® was conceptually designed to represent
characteristics of the underlying free energy landscape of a given
binding mode. However, analysis revealed” that the results of
the latter method were strongly dependent on the number of
poses generated in a binding-mode cluster and therefore primar-
ily correlate with cluster size rather than the underlying free
energy landscape.

Unwalla and co-workers” derived a scoring method, titled the
partition function-based scoring (PFS) method, that includes an
estimate for the change in ligand entropy upon binding:

Nbound poses
PFS = —kgTn| Y

i=1

exp(—f X f X score;)

+ kBT In Nunbound conformations (5)

The first term includes estimates for the remaining conforma-
tional, positional, and rotational entropy of the bound ligand, and
the second term estimates the conformational entropy of the
unbound ligand; Npsund poses is the number of distinct binding
poses identified by the docking program, and Nynbound conformations 1S
the number of ligand conformations within 5 kcal/mol of the
lowest identified ligand conformation. An initial study using
PFS” suggested that this method can improve ranking of
compounds with similar number of rotatable bonds, a benefit
that is inaccessible to the frequently used approximation that
adds a constant entropy penalty per rotatable bond. In addition,
the study also suggested that the PFS method would be more
accurate if the scoring function accurately mimics the form of the
free energy landscape. However, a simple scaling of existing
scoring functions (factor fin eq $) is unlikely to provide such
a mimic.

Compared to the previously discussed method for incorporat-
ing protein dynamics into docking, the Mining Minima
approach'®™'% is computationally more expensive. Mining
Minima aims to directly calculate the configurational integrals
ineq2;eg, Z= [exp{—p[U(rpr)]} drpy for the protein—ligand
complex. Local minima corresponding to different binding
modes are identified throughout the conformational search
procedure. The eigenvectors corresponding to the largest eigen-
values of the Hessian matrix in bond—angle—torsion coordinates
are determined. Protein—ligand conformations are generated
along the eigenvectors and used to compute the local configura-
tional integral Z; for local minimum i. The overall free energy of a
compound is then computed from the sum of local configura-
tional integrals: AG = —kgT In ¥,Z;. This method was success-
fully applied to binding affinity predictions of ligands binding to
HIV-1 protease and phosphodiesterase.'%

Another successful approach that incorporates protein dynamics
into docking is the relaxed complex scheme (RCS).'**1% I this
scheme, MD simulations of the apo form of the protein are used
to generate an EPS. Sequential docking to the EPS is then per-
formed, and for each ligand, similar binding poses are clustered
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across all EPS protein templates and the score of all members of a
cluster is averaged. Using the average score of each unique
binding mode was shown to provide a more accurate estimation
of binding free energies than using individual scores."**'%”
Whereas the original RCS scheme is based on the conforma-
tional-selection model, Xu et al.”® extended the RCS approach to
allow the incorporation of the contribution of induced fit to
protein flexibility. In combination with the previously discussed
ligand-model concept, the RCS scheme was successful applied to
predict binding modes and affinities of structurally diverse
compounds.

Incorporating Solvation Effects into Docking. As discussed
previously in this review, the change in solvation entropy plays a
fundamental role in the strength of protein—ligand binding. In
empirical scoring functions, desolvation effects are typically
represented by a term characterizing hydrophobic contacts
between the protein and the ligand.*”** In scoring functions
that are based on physical terms, desolvation of nonpolar atoms is
often approximated by a function that is proportional to the
solvent-accessible surface.”’ A similar term has also been utilized
for knowledge-based scoring functions.”® The electrostatic com-
ponent of desolvation that is dominant for polar groups can be
approximated using an implicit solvation model by means of the
Poisson—Boltzmann (PB) or Generalized-Born (GB) metho-
dology. These methods, however, are too time-consuming for
use in docking methods applied to virtual screening. To improve
the efficiency of implicit solvation models in docking, Mysinger
et al.'®® recently developed a concept that computes the frac-
tional desolvation of a ligand atom inside of the protein based on
the protein’s environment surrounding the atom. The energy
associated with the atom’s transfer from a high- to low-dielectric
medium (i.e., water to protein) is then weighted by the fractional
desolvation of the atom; this energy estimates the desolvation
free energy of each ligand atom. The overall desolvation energy
of the ligand is computed by summing over all atomic desolvation
contributions.

The previously discussed approaches are based on a conti-
nuum approximation of the solvent and do not include the effects
associated with the directionality of water-mediated hydrogen
bonds; the entropic contribution of desolvation is approximated
by a solvent accessibility term. Directional hydrogen bonds,
however, can play an important role in mediating polar interac-
tions between solute and solvent.'®” Docking programs, e.g.,
GOLD,"” have been modified to incorporate water-mediated
interactions into docking. Water molecules are switched on and
off and are allowed to rotate throughout the docking process. To
more accurately estimate desolvation energies, Abel et al."'® have
developed the WaterMap concept. Explicit protein—water simu-
lations are performed; water sites are identified on the basis of
conserved water positions throughout the MD simulation, and
the enthalpy and entropy of each water site relative to bulk water
are computed usin% the MD trajectory and inhomogeneous
solvation theory.'"""*> The contribution of desolvation to the
binding free energy has been successfully predicted using Water-
Map by considering the excess enthalpy and entropy of the
water molecules in the binding site that are replaced by ligand
binding 110113114

Bl CONCLUDING REMARKS

Many methods have been developed in recent years to incorpo-
rate conformational changes in the protein into receptor—ligand

docking. Most of the methods derive an EPS or collective modes of
protein motion from the apo structure of the protein, thus assuming
the conformational-selection model of protein flexibility coupled to
ligand binding is valid. However, experimental and computational
studies have demonstrated that for some systems the induced-fit
mechanism of ligand binding plays an important role during
protein—ligand recognition. Furthermore, if the conformational-
selection model is the dominant mechanism of protein flexibility
coupled to ligand binding, elucidating or determining the holo-like
conformation on the time scale sampled in silico is still challenging.
In particular, sampling partial folding or unfolding of segments of the
protein associated with ligand binding may not be accessible with
current computational methods. For such systems, novel ap-
proaches that combine protein folding and ligand binding may be
necessary to accurately predict and quantify ligand binding, and this
is a current area of research.''>''®

Another area of future research is the precise quantification of
protein—ligand binding in the context of protein flexibility.
Improvement is needed in scoring functions used to quantify
the direct interaction between ligand and protein. Improvement
is also necessary for the scoring procedure used to estimate the
free energy associated with the different conformational states
accessible to the protein structure. In general, the inclusion of
additional degrees of freedom to simulate protein flexibility adds
to the difficulty of accurately predicting the free energy of
binding. This difficulty is due to the fact that more contributions
to the free energy must be considered that vary between different
poses and different ligands, i.e., the interaction between flexible
residues and the core of the protein, and typically, these addi-
tional contributions also introduce additional inaccuracies into
the calculated binding affinity. The inaccuracy of scoring protein—
ligand complexes in combination with the generation of addi-
tional possible binding poses when including protein flexibility
contributes to the failure of some virtual screening experiments
that incorporate protein flexibility.*>”* To improve the scoring
process in docking, it may be necessary to include protein
dynamics, for example, by sampling conformational substates
of a given binding mode or by including an estimate of configura-
tional entropy. This area of research may contribute to a more
precise estimation of binding affinities in the future.
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