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Advances in all atom sampling methods for modeling
protein–ligand binding affinities
Emilio Gallicchio and Ronald M Levy
Conformational dynamics plays a fundamental role in the
regulation of molecular recognition processes. Conformational
heterogeneity and entropy variations upon binding, although
not always evident from the analysis of structural data, can
substantially affect affinity and specificity. Computer modeling
is able to provide some of the most direct insights into these
aspects of molecular recognition. We review recent physicsbased computational studies that employ advanced
conformational sampling algorithms and effective potentials to
model the three main classes of degrees of freedom relevant to
the binding process: ligand positioning relative to the receptor,
ligand and receptor internal reorganization, and hydration.
Collectively these studies show that all of these elements are
important for proper modeling of protein-ligand interactions.
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Introduction
Conformational dynamics is important aspect for both
thermodynamic and kinetic aspects of ligand binding.
The flexibility of both the ligand and the receptor, as well
as the changes in flexibility upon binding, must be taken
into account to correctly represent the thermodynamics of
the binding reaction [1]. Molecular recognition and biological activity is regulated by the conformational propensities of the binding partners in ways that are often not fully
elucidated by the analysis of crystallographic structures
alone [2]. Cytochrome P450 enzymes [3] represent a case
in point in that their binding sites and substrates are very
flexible, yet they act very specifically, and often crystal
structures do not fully reflect the enzymatic mechanism [4].
In this review we focus on the role of conformational
heterogeneity in binding free energy calculations[5]. We
www.sciencedirect.com

will focus in particular on approaches based on statistical
mechanics [6] that are limited, in principle, only by the
accuracy of the force field and the extent of conformational sampling [7–9]. Approximate methods such
as LIE and empirical scoring functions have been
recently reviewed [10,11]. Ligand docking has been
the focus of intense development and is nowadays
a powerful tool for the search of candidate binding
modes [12].
Conformational sampling algorithms applicable to binding free energy calculations must be able to not only
find the relevant conformations of the system but also
visit them with the correct probability. For example, it
has been shown that strongly bound but rarely visited
conformations of the complex are not necessarily the
most relevant for the binding equilibrium [13]. The
need to consider both the bound and unbound states of
the system further complicates the analysis [8]. Binding
free energy protocols based on traditional sampling
algorithms, such as Molecular Dynamics (MD) or
Monte Carlo (MC), consider only a limited number
of conformations and often suffer from poor reproducibility due presumably to slow convergence. Only
relatively recently have enhanced sampling algorithms
capable of equilibrating distinct conformational macrostates been applied to the protein–ligand binding problem.
To simplify our view of the problem it is useful to
consider the two main classes of degrees of freedom
relevant to the molecular association process: the intermolecular motion of the ligand relative to the receptor,
and the intramolecular dynamics of the ligand and the
receptor [14]. In the following section we discuss
enhanced free energy methods that attempt to address
the former issue; recent studies of ligand and receptor
reorganization, which pertain to changes in the distribution of intramolecular degrees of freedom induced by
binding, are discussed next. Superimposed on these
conformational degrees of freedom are the degrees of
freedom of the solvent, some aspects of which will be
discussed in closing. Unavoidably, any classification
scheme such as this is imperfect. Most of the studies
reviewed are not strictly limited to only one class of
degrees of freedom. For example many of the free
energy methods that we assign to the first class include
some level of sampling of intramolecular coordinates.
Nevertheless, in our view, the focus of the various
methodologies is sufficiently distinct to make this
classification useful.
Current Opinion in Structural Biology 2011, 21:161–166

162 Theory and simulation

Intermolecular degrees of freedom:
positioning the ligand relative to the receptor
In this section we review binding free energy computational methods mainly focused on enhancing the
sampling of the positioning of the ligand relative to the
receptor. A majority of these protocols employ alchemical
methods based on Molecular Dynamics (MD) or Monte
Carlo (MC) sampling. Relative free energies are commonly computed by Free Energy Perturbation (FEP) and
Thermodynamic Integration (TI) formulas [9], while
double decoupling (DDM) [15], Potential of Mean Force
(PMF) [16], and Binding Energy Distribution Analysis
(BEDAM) [13] methods are applicable to absolute
binding free energies. Both classes of protocols are based
on a thermodynamic path along a progress parameter l
which modulates ligand–environment interactions. Following recent progress in the development of efficient
free energy estimators [17], the field is turning its attention to the conformational sampling problem [8] (while
the assessment of potential function models necessarily
depends on the binding free energy estimates being truly
converged). Most studies to date are characterized by
uncertain coverage of conformational space. These
limitations are generally reflected in poor rates of convergence and hysteresis effects.

Among the algorithms applied to remedy these problems,
some of the most promising are those based on generalized
ensembles and parallel replica exchange (RE) protocols.
Methods such as RETI [18], l-dynamics [19], FEP/
REMD [20,21], and BEDAM[13] have been shown to
yield superior conformational sampling and more rapid
convergence rates by allowing the simulation threads to
migrate from one l-window to another. Unlike traditional
approaches, ‘l-hopping’ moves improve mixing by allowing conformational transitions to occur at the value of l at
which they are most likely to occur and to be then propagated to other windows (see Figure 1). The use of reference
states based on soft-core potentials has also been shown to
enhance sampling of alternative binding modes [22,23].
Integration over part approaches [24,25,26], which
express the absolute binding free energy from an appropriate combination of contributions from each binding
mode, is also attractive because it is far easier to perform
complete sampling within a local macrostate than achieving equilibration between distinct binding modes. The
challenge is to identify the collection of modes that contribute the most to the total binding free energy. Misidentification of the highest contributing mode can
introduce major errors, while neglecting secondary modes
can also affect accuracy [13,25]. Improved convergence
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Illustrative example of the sampling enhancement achieved by parallel RE sampling in l space. The plot shows the value of l assumed by a particular
replica of the system as a function of time. In this example (taken from the BEDAM trajectory data of reference [13] for catechol binding to L99A/
M102Q T4-lysozyme) l = 1 corresponds to full ligand–receptor interactions and l = 0 to no ligand–receptor interactions. Above the plot, the structure
frames corresponding to 0, 200, 400, and 600 ps simulation times are shown. The trajectory starts near l = 1 with catechol forming a hydrogen bond
(yellow line) with Gln102 of T4-lysozyme (first frame). Then the replica progressively assumes smaller values of l and concurrently the ligand partially
dissociates from the receptor (second and third frames). Subsequently the ligand reassociates with Gln102 in a different hydrogen bonding
configuration when l increases again (fourth frame).
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can also be achieved by restricting the position of the ligand
to a single macrostate [27]. Approaches of this kind are
formally correct as the imposition of conformational
restraints is matched by their release at a later stage of
the calculation. The effects of multiple binding modes,
however, are shifted to the restraining free energy component which, since it is computed with full receptor–
ligand interactions, it is likely difficult to fully converge
unless accelerated conformational sampling strategies are
again employed to sample all important conformations.
The role of the binding site volume, which is required by
the theory [28], is, we think, another related aspect of some
absolute binding free energy implementations that
deserves further investigation.
The mining minima (MM) method [29] is an example of a
binding free energy protocol which, not relying on MD or
MC sampling, does not suffer from slow rates of transition
typical of importance sampling algorithms. This
advantage is, however, partially counterbalanced by the
challenge of performing complete enumeration of all
important stable minima of large receptor–ligand complexes.

Intramolecular degrees of freedom: ligand and
receptor reorganization
Often substantial reorganization of the conformational
ensembles of the binding partners occurs upon binding.
This phenomenon, referred in the literature as conformational reorganization, induced fit, or conformational
selection [30], corresponds to the free energy penalty
associated with the unfavorable work for restraining
ligand and receptor to their bound conformational states.
For the purpose of this discussion reorganization refers to
large conformational changes, such as changes in rotameric states and opening and closing of the receptor,
rather than small readjustments that can be modeled with
traditional sampling methods. Reorganization is nowadays recognized as a key factor to understand protein–
protein recognition, as well as drug potency, specificity
and resistance. Some protein–ligand binding free energy
models include reorganization, explicitly or implicitly, as
DF bind ¼ DF inter þ DFreorg ;

(1)

where the second term represents the reorganization free
energy and DF inter represents the term obtainable by the
free energy methods described in the previous section.
While most efforts have focused on the latter, the reorganization component can play an important role by, for
example, regulating binding specificity. For congeneric
series of complexes sharing the same binding mode it is
often reasonable to assume that reorganization is not
discriminating. However notable exceptions exist. For
example, reorganization has been successfully used as the
design principle for the optimization of the presentation
of HIV epitopes for vaccine development [31]. Here, as
well as for any other system where the nature of the
www.sciencedirect.com

binding interface is biologically constrained, preorganizing the ligand to the bound conformation is the only
viable route for optimizing the binding affinity. In another
recent example [32] optimization of a class of inhibitors
was achieved by rigidification. In this case structural
analysis indicated that enhanced binding was indeed
solely due to smaller reorganization penalties.
The separation between energetic and reorganization
terms is most evident in empirical docking scores [33]
including ligand entropic reorganization contributions
based, for example, on the number of ligand rotatable
bonds. Binding free energy decompositions as in Eqn (1)
are also the basis for rigorous free energy models
[1,8,29,34]. These, however, are still in their infancy
and are not widely employed in structure based drug
design enterprises. Lack of progress in this area is due to
the complexities of reorganization effects, which are
inherently dynamical phenomena [14] requiring the
knowledge of both a range of conformational states and
their probability of occurrence in solution. Nevertheless,
because these aspects of binding are very difficult to study
experimentally, it is expected that computer modeling
will eventually provide some of the most useful insights
into the problem.
The definition of the reorganization free energy is not
unique. As with any free energy decomposition scheme,
individual contributions depend on the specific model
under consideration. For example, the term corresponding to DF inter in Eqn (1) for dual trajectory MM-GB/PBSA
models includes in principle enthalpic changes due to
intramolecular interactions, while entropic reorganization
effects are modeled separately [35,36]. The corresponding DF inter term for single trajectory MM-GB/PBSA
schemes, however, does not include the intramolecular
reorganization enthalpy and, consequently, both entropic
and enthalpic terms are sometimes included in the
DF reorg term [37]. Similarly, while it is often interpreted
as either being only entropic or enthalpic in nature, in
general reorganization causes a free energy change, with
both enthalpic and entropic signatures [32].
A number of modeling studies have focused on ligand
reorganization, which is simpler to model than receptor
reorganization. A comprehensive analysis [38] had concluded that the majority of ligand structures in complexes
deposited in the Protein Data Bank correspond to energetically strained ligand conformers in solution. Yang et al.
[37] obtained significantly better correlation with experimental affinities when GBSA scores were augmented
with a free energy term accounting for ligand reorganization. A thorough study by Gao et al. [34] on 233 protein–
ligand complexes confirmed the usefulness of including a
model for the ligand reorganization free energy for binding affinity prediction. One issue apparent in this and
other studies is the difficulty to clearly judge the benefits
Current Opinion in Structural Biology 2011, 21:161–166
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of including ligand reorganization effects by comparing
model predictions with experimental affinity data, given
that its contribution is partly obfuscated by other approximations in the model, such as the omission of receptor
reorganization effects. Given the relatively small size
of conformational space, rigorous statistical mechanic
approaches exist to model the ligand reorganization
free energy. Approaches based on the mining minima
(MM) framework [29,34] assemble the reorganization
free energy by directly computing the configurational
partition functions of a set of low energy conformational
states. It has been recently confirmed [39] that MD
sampling aided by temperature RE can also be used
to accurately compute conformational populations of
ligand conformational states. Generalized-ensemble
MD sampling is a promising approach given its generality
and scaling properties.
Binding modeling studies explicitly incorporating receptor reorganization effects are beginning to appear. Major
challenges exist due to the size of conformational space
and the rarity of conformational transitions. Some recent
studies have focused on the role of protein sidechain
motion. Mobley et al. [40] have introduced a confine
and release method to model the free energy associated
with the conformation variability of a selected set of
sidechains in the binding site region. In a number of
cases it was shown that including these terms improved
the accuracy of binding affinity predictions [26]. Similarly, a two-dimensional Hamiltonian RE free energy
perturbation approach has been proposed to soften sidechain torsional barriers [41].

Solvent interactions
Water plays a fundamental role in molecular association
phenomena of biological interest. Water molecules often
mediate protein–ligand interactions [42] and understanding water dynamics is important for rationalizing the
physics of binding in solution [43]. While both explicit
and implicit models of hydration have been employed
in computational models of protein–ligand binding
[7,13,44], explicit models are considered better able to
capture the detailed behavior of water molecules in binding sites. Modeling has revealed the complexity of the
thermodynamics of water molecules in protein cavities
[45,46]. Recent studies have focused on the free energy
gain or loss corresponding to the work of displacing water
molecules to accommodate the ligand [47], and the use of
this knowledge in rational ligand design. Michel et al. [48]
have recently employed an algorithm [49] for water placement and scoring based on a double decoupling scheme
[50] to compute the free energy for displacing key water
molecules in the binding sites of scytalone dehydratase,
p38-a MAP kinase, and EGFR. They found that water
displacement can both favor or disfavor binding depending
on the details of the structural and energetic properties of
the ligand and the receptor. Young et al. [51] have recently
Current Opinion in Structural Biology 2011, 21:161–166

completed a modeling survey of ‘dry’ active sites in
proteins that, because they do not desolvate upon binding,
are excellent receptors for hydrophobic ligands.
Significant advances have been recently documented in
the application of the inhomogeneous fluid solvation
theory developed by Themis Lazaridis to understand
the thermodynamic contributions of bound water molecules [52]. The role of water molecule clusters in
protein–ligand complexes with cyclophilin A [52] and
Factor Xa [53] has been analyzed. The theory has elucidated the origin of the extremely high binding affinity
between streptavidin and avidin [54] in terms of a cluster of
low entropy water molecules displaced upon association.
Slow diffusion and kinetic trapping of water molecules
near the binding site lead to systematic errors and slow
convergence of binding free energy calculations. To
remedy this problem some recent studies [55,56]
employed a Grand Canonical Monte Carlo (GCMC)
algorithm which explicitly promotes exchanges between
bound water molecules and the bulk.

Concluding remarks
The mechanisms of molecular recognition are still poorly
understood at a quantitative level. A companion review in
this volume [57] summarizes the many challenges for
robust predictions of protein–ligand binding affinities. In
particular the field has developed an appreciation, which
we have attempted to capture in this review, for the
important role of conformational heterogeneity and conformational sampling. Although much remains to be
done, the past few years have witnessed tremendous
progress in the incorporation of multiple binding modes,
and reorganization and solvation effects in binding free
energy models.
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