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ABSTRACT

FREE ENERGY SIMULATIONS AND STRUCTURAL STUDIES OF
PROTEIN-LIGAND BINDING AND ALLOSTERY
Peng He
DOCTOR OF PHILOSOPHY
Temple University, December, 2018
Professor Vincent Voelz, Chair
Protein-ligand binding and protein allostery play a crucial role in cell signaling, cell regulation, and modern drug discovery. In recent years, experimental studies of protein structures including crystallography, NMR, and Cryo-EM
are widely used to investigate the functional and inhibitory properties of protein. On the one hand, structural classification and feature identification of
the structures of protein kinases, HIV proteins, and other extensively studied
proteins would have an increasingly important role in depicting the general figures of the conformational landscape of those proteins. On the other hand, free
energy calculations which include the conformational and binding free energy
calculation, which provides the thermodynamics basis of protein allostery and
inhibitor binding, have proven its ability to guide new inhibitor discovery and
protein functional studies. In this dissertation, I have used multiple different
analysis and free energy methods to understand the significance of the conformational and binding free energy landscapes of protein kinases and other
disease related proteins and developed a novel alchemical-based free energy
method, restrain free energy release (R-FEP-R) to overcome the difficulties in
choosing appropriate collective variables and pathways in conformational free
energy methods like umbrella sampling and metadynamics.
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CHAPTER 1
INTRODUCTION
1.1

Computational Biophysics and Free Energy Calculation

Computational biophysics is the study of the underlying physical principles of biological events using methods based on thermodynamics and kinetics
properties obtained from calculations. It could provide scientific insights to
explain complicated biological processes[48, 57, 54], solutions to tackle biological problems[1, 9, 69, 23], and short-cuts for which experiments are unavailable
in current technology[28]. In this interdisciplinary field of research, physics,
computer science, biology, and chemistry are acting as the bases, the tools
and the target problems. Whether a biological process or reaction happens
spontaneously is determined by the free energy difference between the initial
and final states. Free energy calcultions, which is based on the molecular
simulation, are widely used in estimating binding affinity and conformational
propensity[18, 19, 77, 24, 31, 16, 72]. Nowadays, binding free energy calculations are widely used in the lead optimization step in computer-aided drug
discovery projects. The rank ordering of the predicted affinities of the leads
would guide the systhesis and saves time and cost.[1] Besides, it helps to understand the molecular basis of the difference of two compounds in affinity
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which could benefit the following optimization. On the other hand, the conformational free energy, which provides information about how each state in
a single species are populated, could shed light on the studies of protein allostery and conformational selection in binding processes.[54, 39, 45] Recently,
conformational free energy calculations are proven to play an important role
in kinases signaling cascade and their corresponding inhibitor development.
[48, 57, 58, 20, 13, 37, 38, 60]

1.2

Organization of the Dissertation

In Chapter 2, the BEDAM, Binding Energy Distribution Analysis Method,
would be briefly introduced and then applied to SAMPL4 challenge, which is
the competition for the computational prediction of HIV integrase LEDGF site
inhibitor rank ordering. The performance is ranked top among multiple participants which indicates the free energy method which considers the entropic
effects outreached the other static structure based methods like docking and
pharmacophore. In Chapter 3, the DFG-out inactive conformational state of
protein kinases would be introduced, and systematically analyzed and classified based on several crucial features. Various conformational and data analysis
are conducted to show the uniqueness and specificity of the DFG-out conformation and its corresponding type of inhibitor. In Chapter 4, the R-FEP-R,
Restrain - Free Energy Perturbation - Release method is introduced as an
accurate and efficient alternative method based on dual topology free energy
perturbation to estimate the conformational free energy difference between
two conformational states. After the validating the method by comparing to
temperature replica exchange molecular dynamics and umbrella sampling calculation in alanine dipeptide and T4 lysozyme system, R-FEP-R has been
used to study the conformational selected binding where two inhibitors similar in structure selects different conformational state to bind. In Chapter 5,
two other kinase inactive conformational states, partially folded DFG-out and
minimally perturbed DFG-out conformations would be introduced. The study
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of structural analysis and related binding free energy calculations with respect
to these two states would be discussed to indicate their significance as a target
in kinase inhibitor discovery. In Chapter 6, previous collaborative works would
be briefly introduced.
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CHAPTER 2
PREDICTING
PROTEIN-LIGAND BINDING
AFFINITY FOR HIV
INTEGRASE USING BEDAM
2.1

Introduction to HIV integrase

HIV integrase (IN), as it is named, enables the HIV’s reversely transcripted
DNA to be integrated into the DNA of the host cell. Together with the RNase
H, protease, and reverse transcriptase, HIV IN plays a vital role in the cycle of
HIV replication.[12] It contains three canonical domains, the N-terminal Zincbinding domain, the catalytic core domain and the C-terminal DNA-binding
domain.[52] Several proteins from the host cell, Human chromatin-associated
protein LEDGF as the most famous one, are shown to be interacting with the
IN catalytic core domain to facilitate the DNA integration. In recent years,
HIV IN proves to be one of the most well studied HIV proteins in HIV drug
discovery and by blocking the LEDGF binding via inhibitor binding, scientists
could slow down and successfully control the replication of the HIVs.[62]
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2.2

Introduction to BEDAM

BEDAM, which is short for binding energy distribution analysis method,
is a molecular dynamics simulation based method for protein-ligand absolute binding free energy calculations. It adopts the Hamiltonian replica exchange molecular dynamics simulation to accelerate the sampling in the phase
space.[15] In BEDAM, the standard binding free energy is computed using the
following equation,
∆G◦b

◦

= −kT ln C Vsite − kT ln

Z

p0 (u)e−βu du

(2.1)

Here C ◦ is the standard concentration of ligand molecules, Vsite is the
defined binding site volume and p0 (u) is the probability distribution of the
binding energy u

u(r B , r A ) = V (r B , r A ) − V0 (r B , r A ) = V (r B , r A ) − (V (r B ) + V (r A )) (2.2)
u, the binding energy, is defined as the difference between effective potential
of the bound V (r B , r A ) and separated V (r B ) + V (r A ) conformations of the
complexes. To connect the bound and unbound state, a set of hybrid potentials
are introduced,
Vλ (r) = V0 (r) + λu(r)

(2.3)

λ ranges from 0 to 1 and controls the effectiveness of the intermolecular interaction. λ = 0 represents the unbound state where there is no intermolecular
interaction, while λ = 1 is the bound state where full intermolecular interaction is on. When simulating each λ, hamiltonian replica exchange molecular
dynamics which exchanges between λ states through Metropolis Monte Carlo
criteria is introduced to enhance the convergence.
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2.3

Result and Discussion

In this work, 311 ligands were provided by the host where 53 are crystallized as the binder where others would be treated as non-binders.[42] The
BEDAM binding free energy estimates 281 of the 451 protonation states of
the 311 ligands to LEDGF binding site. The enrichment factor for the top
10 percent of the database (top 30 ligands approximately) has been used to
compare the performance of SAMPL submissions. The value for our predictions is 2.21 which rank the 2nd in all 26 submissions. When considering only
the confirmed LEDGF binders, the enrichment factor for the top 10 percent
of our predicted binders increases to 2.45. This result should be compared
to the maximum achievable 10 percent enrichment factor, which is only 5.66.
Compared with the rank ordering by the binding energies which is similar to
MM/PBSA, our binding free energy result are significantly better in picking
true binders and on the other hand indicate the importance of considering
the entropic effect in computational prediction of binding affinities. To examine the advantagesd and possible issues with BEDAM, we analyzed our true
positive and false negative predictions to investigate the reasons. Of the 53
confirmed LEDGF binders, 23 were correctly predicted (true positives). The
remaining 30 binders were incorrectly classified as non-binders (false negatives). The largest fraction of false negatives (43 %) correspond to cases with
missing binding free energy data, that is data not acquired due to insufficient
time and computing resources. A smaller fraction (27 %) of false negatives
correspond to ligands with intermediate binding free energy scores between -4
and -2 kcal/mol. Only 9 of the 30 false negatives (30 %) had substantially
unfavorable free energy scores and, besides, most of these can be attributed
to incorrect starting structures for the BEDAM free energy simulations rather
than incorrect free energy scoring. Interestingly, among the 23 true positives,
8 are started with bad initial structures. Although a good prediction by BEDAM is still depending on the initial binding configuration, its dynamic nature
could amend and renders some good predictions with bad initial structures. In
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total, Only 9 out of 53 cases (17 %) can be traced to clear shortcomings of the
docking and free energy analysis procedure, while most other misclassification
corresponds to either borderline or missing data not useful for concluding. The
prediction result clearly shows the robustness of BEDAM.

2.4

Appendix publication: J. Comput. Aided
Mol. Des. (2014)
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Abstract As part of the SAMPL4 blind challenge, filtered
AutoDock Vina ligand docking predictions and large scale
binding energy distribution analysis method binding free
energy calculations have been applied to the virtual
screening of a focused library of candidate binders to the
LEDGF site of the HIV integrase protein. The computational protocol leveraged docking and high level atomistic
models to improve enrichment. The enrichment factor of
our blind predictions ranked best among all of the computational submissions, and second best overall. This work
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represents to our knowledge the first example of the application of an all-atom physics-based binding free energy
model to large scale virtual screening. A total of 285 parallel
Hamiltonian replica exchange molecular dynamics absolute
protein-ligand binding free energy simulations were conducted starting from docked poses. The setup of the simulations was fully automated, calculations were distributed
on multiple computing resources and were completed in a
6-weeks period. The accuracy of the docked poses and the
inclusion of intramolecular strain and entropic losses in the
binding free energy estimates were the major factors behind
the success of the method. Lack of sufficient time and
computing resources to investigate additional protonation
states of the ligands was a major cause of mispredictions.
The experiment demonstrated the applicability of binding
free energy modeling to improve hit rates in challenging
virtual screening of focused ligand libraries during lead
optimization.
Keywords Binding free energy  Reorganization free
energy  Free energy ligand screening  BEDAM 
HIV Integrase

Introduction
Molecular recognition is an essential component for virtually
all biological processes. In pharmaceutical research there is a
great interest in computer models capable of predicting
accurately the strength of protein-small molecule association. These models can help in the identification of novel
medicinal drugs and optimize their potency. Thermodynamically, the strength of the association between a ligand
molecule and its target receptor is measured by the standard
binding free energy DGb or, equivalently, the corresponding
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dissociation/association equilibrium constants. Because it is
very challenging to model these quantities from first principles, empirical models are most often employed in applied
research. Docking & scoring methods are widely used in
virtual screening campaigns whereby likely binders are
selected from large libraries in terms of their geometrical and
energetic compatibility with known or assumed structures of
the protein receptor and, by so doing, narrow down the search
for a lead compound.
While docking & scoring methods have reached a level of
maturity [1–5], particularly with respect to structural predictions [6, 7], improvements in virtual screening accuracy
are needed to make in-silico screening a more effective tool.
Including a higher level of theory and physical realism is one
potential route towards this goal. In addition, it is hoped that
models which incorporate some aspects of dynamical
behavior might better address important aspects of drug
development such as lead optimization, specificity, toxicity,
and resistance. High resolution molecular mechanics
potentials coupled with molecular dynamics conformational
sampling are the basis of physics-based binding free energy
models, which originate from clear statistical mechanics
formalisms [8–18]. However the general applicability of
physics-based binding free energy models for the prediction
of protein-ligand binding affinities remains uncertain
[19–22]. Part of the reason is that it is difficult to draw general
conclusions from the body of work represented in the
existing literature, which is scattered over a large array of
methods each focused on very small datasets.
The SAMPL4 HIV integrase blind challenge [23, 24] offers
a unique opportunity to address some of these questions. Our
first objective was to assess feasibility. That is to establish
whether current software and hardware technologies are up to
the task of performing the hundreds of binding free energy
calculations required by virtual screening. The second
objective, assuming that the first could be met, was to assess in
an unbiased fashion whether free energy estimates actually
lead to improved screening results. In addition to these
methodological questions, our groups share a deep interest in
contributing to the development of novel HIV anti-viral
therapies [25–30]. The HIV integrase enzyme is a relatively
new medicinal target with several potential inhibition sites,
including the LEDGF site, which could be further exploited
[31, 32]. Modeling of the SAMPL4 ligand candidates will add
to our understanding of this important target.
As part of the HIV integrase virtual screening SAMPL4
challenge [33], in this work we apply the binding energy
distribution analysis method (BEDAM) binding free
energy model [14, 34–36] and AutoDock Vina [4] and
filtering criteria to screen likely binders to the LEDGF site
of integrase. As described in the sister paper in this volume
[37], AutoDock Vina plus filtering and visually inspection
(hereafter referred to as ‘‘AD Vina’’) are used to predict the

123

structures of the complexes and to prioritize free energy
calculations. BEDAM calculations, started from these initial structures, provided binding free energy estimates to
rank likely binders. BEDAM estimates the protein-ligand
binding free energy by simulating an alchemical thermodynamic path along which the ligand is transferred from
the water solution to the protein binding site. In addition to
net protein-ligand interaction energies, the binding free
energy so obtained is influenced by intramolecular strain
and entropic losses of both the receptor and the ligand.
These effects, collectively referred to as reorganization free
energy contributions [15, 38], while affecting binding
significantly, are often not captured by empirical scoring
functions. Slow convergence rates caused by incomplete
conformational sampling along the alchemical path is a
well known problem in molecular dynamics-based binding
free energy methods. To address these challenges BEDAM
employs advanced conformation sampling methods based
on parallel Hamiltonian replica exchange (HREM) [16],
and pre-computed conformational reservoirs [34].
The SAMPL4 set is a focused library composed of similar
ligands grown from variations on a few common molecular
scaffolds developed for lead optimization. This kind of
ligand database is more difficult to screen than the diverse
databases normally processed in virtual screening applications during hit discovery. In addition, the LEDGF binding
site of integrase is large and known to be capable of
accommodating a variety of ligand sizes. Ligand flexibility is
also likely to play a key role in the thermodynamics of
binding. These features make the screening task quite challenging for traditional methods such as docking, and particularly suitable for testing the added value of binding free
energy-based screening protocols in these challenging situations. The blind set up of the SAMPL4 experiment adds
further depth to these aspects allowing for a realistic and
unbiased assessment of theories, methods, and practices.

Methods
System preparation
The dimer of the CCD domain of HIV integrase was prepared from known crystal structures [37]. Bound ligands,
water molecules and crystallization ions were removed and
protein sidechain protonation states were assigned assuming neutral pH. HIS171, a key residue of the LEDGF
binding site, was protonated at the Nd position (see below).
Preparatory molecular dynamics simulations of the dimer
with explicit solvation and the OPLS force field conducted
with the DESMOND [39] program were employed to probe
the flexibility of the dimer and guide further setup choices
for the LEDGF binding site. These studies, while
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confirming the flexibility of the ‘‘140s’’ and ‘‘190s’’ loops
[40], showed relatively little flexibility around the LEDGF
site with the notable exception of the ARG167-HIS171
loop next to the LEDGF binding site. Based on this
information a truncated model of the LEDGF binding site
was constructed for the purpose of BEDAM binding free
energy calculations which includes residues 68–90 and
158–186 of chain A and residues 71–138 of chain B. This
truncated model contains at a minimum all receptor residues with at least one atom closer than 12 Å of any atom of
the ligand in the 3NF8 crystal structure. Additional residues were included to minimize the number of chain
breaks. Chain terminals were capped by acetyl and
N-methylacetamide groups.
The molecular models for the 311 compounds provided as
part of the SAMPL4 challenge after removing duplicated
entries, were prepared using the LigPrep workflow of the
2012 version of the Maestro program (Schrödinger, LLC).
Protonation and tautomerization states were assigned based
on a pH of 7 ± 2. Ionization penalties were computed at
pH 7 using Epik [41], also part of the Schrödinger molecular
modeling suite. The protonation states provided by SAMPL4
were used but some of them resulted in ionization penalties
larger than 4 kcal/mol. These occurrences were considered
unlikely to lead to strong binding and were not further considered. The resulting database of 451 unique protonation
states of the 311 ligands was the subject of the AD Vina
virtual screening campaign conducted at the Scripps
Research Institute as described in the sister publication in
this volume [37]. This resulted in a set of structural predictions for the poses of the ligands to the LEDGF binding site of
the integrase CCD domain. The corresponding complexes
were prioritized based on docking rankings and subject to
BEDAM binding free energy analysis using the docked pose
as the starting conformation. BEDAM binding free energies
were ultimately obtained for 285 of the 451 models of the
ligands (see ‘‘Discussion’’ section).
BEDAM binding free energy protocol
The BEDAM method [14] computes the absolute binding
free energy DGb between a receptor A and a ligand
B employing a k-dependent effective potential energy
function with implicit solvation of the form
Uk ðrÞ ¼ U0 ðrÞ þ kuðrÞ;

ð1Þ

where r = (rA, rB) denotes the atomic coordinates of the
complex, with rA and rB denoting those of the receptor and
ligand, respectively,
U0 ðrÞ ¼ UðrA Þ þ UðrB Þ

ð2Þ

is the potential energy of the complex when receptor and
ligand are dissociated, and

uðrÞ ¼ uðrA ; rB Þ ¼ UðrA ; rB Þ  UðrA Þ  UðrB Þ

ð3Þ

is the binding energy function defined for each conformation r = (rB, rA) of the complex as the difference between
the effective potential energies U(r) with implicit solvation
[42] of the bound and dissociated conformations of the
complex without internal conformational rearrangements.
It is easy to see from Eqs. (3), (1), and (2) that Uk = 1
corresponds to the effective potential energy of the bound
complex and Uk = 0 corresponds to the state in which the
receptor and ligand are not bound. Intermediate values of k
trace an alchemical thermodynamic path connecting these
two states. The binding free energy DGb is by definition the
difference in free energy between these two states. The
standard free energy of binding DGb is related to this by the
relation [8]
DGb ¼ kB T ln C  Vsite þ DGb ;

ð4Þ

where C° is the standard concentration of ligand molecules
(C° = 1 M, or equivalently 1,668 Å-3) and Vsite is the
volume of the binding site (see below).
To improve convergence of the free energy near k = 0,
in this work we employ a modified ‘‘soft-core’’ binding
energy function of the form
(
 
umax tanh uuðrÞ
; uðrÞ [ 0
0
max
u ðrÞ ¼
ð5Þ
uðrÞ
uðrÞ  0;
where umax is some large positive value (set in this work as
1,000 kcal/mol). This modified binding energy function,
which is used in place of the actual binding energy function
[Eq. (3)] wherever it appears, caps the maximum unfavorable value of the binding energy while leaving
unchanged the value of favorable binding energies [35].
The multistate Bennett acceptance ratio estimator
(MBAR) [35, 43] is used here to compute the binding free
energy DGb from a set of binding energies, u, sampled
from molecular dynamics simulations at a series of k values. For later use we introduce here the reorganization free
energy for binding DGreorg defined by the expression [15]
DGb ¼ DEb þ DGreorg

ð6Þ

where DEb ¼ hui1 is the average binding energy of the
complex and DGb is the standard binding free energy. The
former is computed from the ensemble of conformations of
the complex collected at k = 1 and DGreorg is computed by
difference using Eq. (6).
Conformational sampling
Rather than simulating each k state independently, BEDAM employs a HREM k-hopping strategy whereby
simulations (replicas) periodically attempt to exchange k
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values through Monte Carlo (MC) k-swapping moves.
k-exchanges are accepted with the Metropolis probability
min½1; expðbDkDuÞ [14] where Dk is the difference in
k’s being exchanged and Du is the difference in binding
energies between the replicas exchanging them. Replica
exchange strategies of this kind yield superior conformational sampling and more rapid convergence rates by
allowing conformational transitions to occur at the value of
k at which they are most likely to occur and to be then
propagated to other states [16].
Conformational reservoirs were employed to further
enhance conformational sampling of internal degrees of
freedom of the ligands [34, 36]. In this technique the
ensemble of conformations for the separate receptor and
ligand in solution are obtained from temperature replica
exchange calculations [44] and saved in repositories
referred to as conformational reservoirs. The conformational reservoirs then take the place of the k = 0 replica of
conventional BEDAM calculations. k-exchanges with the
repositories follow the same acceptance rule as for the
other replicas. When an exchange is requested, one conformation for the ligand is selected at random from the
reservoir and placed in a random position and orientation
within the binding site volume of the receptor. The binding
energy of the resulting complex is evaluated and inserted in
the Metropolis acceptance step as above. If the exchange is
accepted the conformation from the reservoir is passed on
to the next replica and begins to be propagated by MD and
k-exchanges as in conventional BEDAM.
Because the reservoir represents a canonical ensemble
of conformations, overall the method is canonical, while
providing greater coverage of the internal degrees of
freedom of the ligands. In addition, the method is computationally efficient because, due to the small system size,
the cost of obtaining ligand reservoirs is negligible relative
to the computational cost of the binding free energy
calculations.
Computational details
In the current implementation BEDAM employs an effective potential in which the effect of the solvent is represented implicitly by means of the AGBNP2 implicit
solvent model [42] together with the OPLS-AA [45, 46]
force field for covalent and non-bonded interatomic interactions. Force field parameters were assigned using
Schrödinger’s automatic atomtyper [47].
Parallel molecular dynamics simulations were conducted
with the IMPACT program [47]. The simulation temperature
was set to 300 K. We employed 20 intermediate steps at
k = 0, 0.001, 0.002, 0.0033, 0.0048, 0.006, 0.008, 0.01,
0.04, 0.07, 0.1, 0.25, 0.35, 0.45, 0.55, 0.65, 0.71, 0.78,
0.85, and 1 [35]. The binding site volume was defined as any
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conformation in which the center of mass of the ligand was
within 6 Å of the center of mass of the LEDGF binding site
defined in terms of the Ca atoms of residues 168–174 and 178
of chain A and residues 95, 96, 98, 99, 102, 125, 128, 129, and
132 of chain B (residue and chain designations according to
the 3NF8 crystal structure). The ligand was sequestered
within this binding site volume by means of a flat-bottom
harmonic potential. Based on this definition the volume of
the binding site, Vsite, is calculated as 904 Å3 corresponding
to kT ln C  Vsite ¼ 0:69 kcal/mol. The Ca atoms of the
residues of the CCD domain of integrase were restrained to
the input structure by means of spherical harmonic restraints
with force constant of 1 kcal/mol Å2, with the exception of
the residues closest to the binding site (residues 167–178 of
chain A and 95–102 and 124–132 of chain B) which were left
free.
The temperature replica exchange simulations to obtain
conformational reservoirs for the ligand utilized eight
replicas distributed between 300 and 600 K and were 10 ns
in length. The collected ensembles at a temperature of
300 K, saved every 10 ps, constituted the conformational
reservoirs used in the parallel HREM calculations.
BEDAM calculations were performed for 1.1 ns of
MD per replica (22 ns total for each complex) starting
from the docked ligand poses. Data from the last 600 ps/
replica was used for free energy analysis. Binding energies were sampled with a frequency of 1 ps for a total of
20 9 600 = 12,000 binding energy samples per complex. Uncertainties in the binding free energies were
estimated by the difference between the results from data
from the 400–1,000 and 600–1,100 ps sections of the
trajectory.
Approximately two thirds of the BEDAM free energy
calculations were conducted on the Gordon cluster at the
San Diego Supercomputing Center as part of the XSEDE
NSF consortium. Additional calculations were conducted
at the BioMaPS High Performance Computing Center at
Rutgers University and on the Garibaldi cluster at the
Scripps Research Institute at San Diego. Each BEDAM
calculation was typically performed on 80 processing cores
concurrently and took two days to complete. The computational campaign lasted approximately seven weeks from
late May to July 2013 and consumed approximately 1.2
million CPU hours. Throughput was limited by the amount
of available CPU resources and our XSEDE allocation (see
below).
Ultimately we were able to collect binding free energy
estimates for 285 of the 451 protonation models of the 311
ligands and only for the LEDGF site of integrase. Computed binding free energies were combined with ionization
penalties (see above) to yield binding free energy scores.
The binding free energy score for a ligand was set as the
most favorable free energy score among all of its
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protonation states. Ligands with free energy scores of
-4 kcal/mol or better were predicted as LEDGF integrase
binders. This cutoff value is approximately equivalent to a
milli-molar dissociation constant, which corresponds to the
weakest LEDGF site binders that have been crystallized
[48]. 67 of the 311 ligands fell in the category. Ligands
with missing free energy score were considered as nonbinders. Ligand rankings were based on the available
binding free energy scores with top binders having the
most favorable binding free energies; ligands with missing
data were ranked last in random ranking order. The set of
predicted binders together with the overall rankings thus
computed were submitted to SAMPL4 on July 16 2013 and
assigned prediction ID #135.

Results and performance
Binding free energy predictions
The BEDAM binding free energy estimates to the LEDGF
site of integrase for 285 of the 451 protonation states of the
311 ligands are listed in Table S1 of the supplementary
information, which includes uncertainties. The results for
the top 10 binders are given in Table 1. The free energy
score (‘‘FE Score’’), obtained by the adding the ionization
penalty (‘‘I.P.’’) to the BEDAM binding free energy, has
been used to rank ligands. Ligands denoted in bold face in
Table 1 are confirmed LEDGF integrase binders.
Ligand identifiers are those provided by the SAMPL organizers whereby a sequential index denotes a specific stereoisomer of the compound. This is followed at times by a second
sequential index added by us to denote a specific protonation
state. So for example AVX17557_3 denotes the fourth stereoisomer of compound AVX17557 and AVX38753_3_1 denotes
the second protonation state of the fourth stereoisomer of
compound AVX38753. A missing second index signifies the
protonation state as provided by SAMPL, which for many
ligands is the only relevant protonation state.
While inclusion of ionization penalties did not significantly
affect the ligand rankings, they were helpful at discounting at
the outset ligand forms with very unfavorable protonation
states unlikely to contribute to binding. In any case, the
exploration of multiple protonation states has been key in a
number of cases. For example AVX38753_3 was correctly
recognized as a LEDGF binder only after examining its unprotonated form (AVX38753_3_1 in Table 1) corresponding
to a binding free energy score of -7.4 kcal/mol. The original
protonated form resulted in a binding free energy of only
-0.7 kcal/mol which alone would have resulted in a misclassification of AVX38753_3 as a non-binder.
It should be noted that in the provided ligand library
[23] protonated alkyl nitrogen centers have been

considered as potential chiral centers even though the
resulting conformational stereoisomers are in equilibrium
in solution and could not have been assayed independently.
This is particularly evident when, as for the
AVX38753_3_1 entry in Table 1, the deprotonated form is
considered. AVX38753_3_1 is in dynamic equilibrium
with AVX38753_2_1 (not shown) by nitrogen inversion.
(The 2D chemical representations in Tables 1 and S1 do
not distinguish between the two conformational stereoisomers.) The BEDAM calculations, which were restricted to
one or the other of the two conformational stereoisomers,
predicted more favorable binding for AVX38753_3_1 than
for AVX38753_2_1 (-7.4 and -1.8 kcal/mol, respectively). In this case, assuming equal populations of the two
conformational stereoisomers in solution, the binding
would be largely dominated by the first stereoisomer,
which has been indeed verified by crystallography.
In general the binding free energies listed in Tables 1
and S1 should be considered reflective of hypothetical
binding affinities conditional on protonation state and
conformational stereoisomer form, not of the actual binding affinities that would be measured by assaying the
parent compound. We have not attempted to integrate the
conditional binding affinities, and conformational populations and protonation state populations in solution to arrive
at binding free energy estimates comparable to measurable
binding affinities. Rather, computed conditional binding
free energies were used to rank ligand forms to predict the
most likely forms observed in crystallographic screening
experiments.

Thermodynamic decomposition
Tables 1 and S1 also report the decomposition of the
computed binding free energies into the average binding
energy, DEb ; and the reorganization free energy DGreorg :
The average binding energy measures the thermodynamic
driving force towards binding provided by favorable
receptor-ligand interactions. Conversely, the reorganization
free energy measures configurational entropy loss and
intramolecular energetic strain caused by complex formation, which, collectively, oppose binding [15]. As previously observed, binding energy and reorganization free
energy contributions oppose each other and binding free
energies, being much smaller in magnitude, result from a
large compensation between these opposing effects.
In general the strongest binders tend to have some of the
most favorable binding energies. However the opposite is
often not the case. Ligands with very favorable binding
energies are not necessarily good binders. For example
among the top ten with respect to binding energy only four
correspond to binding free energies better than -4 kcal/mol,
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Table 1 Computed BEDAM binding free energies, DGb ; ionization penalties, ‘‘I.P.’’, and resulting free energy scores, ‘‘FE Score’’, for the top
ten predicted binders of the LEDGF site of integrase
Ligand ida

FE scoreb

DGb
b

I.P.b,c

AVX17557_3

-8.9

-8.9

AVX101124_0

-8.4

AVX17556_3

AVX17556_1

Ligand structure

O

AVX101133_0

O

O–

DEbb

DGb
reorg

0.0

-51.6

42.7

-8.4

0.0

-50.1

41.7

-8.2

-8.2

0.0

-47.1

38.9

-7.9

-7.9

0.0

-46.0

38.1

-7.5

-7.5

0.0

-46.8

39.3

-7.4

-7.4

0.0

-48.8

41.4

-7.4

-7.4

0.0

-37.9

30.5

-7.4

-7.9

0.5

-47.3

39.4

-7.3

-7.3

0.0

-48.0

40.7

-7.3

-7.8

0.5

-45.4

37.6

NH
+

H3 N

O

O

AVX17556_0
NH
+

H3N

AVX17285_0

N
H

AVX38753_3_1

H
N

N

AVX101124_1

HN

+

AVX38789_2_1

H3N

H
N

N

Also listed are thermodynamic decomposition results of DGb into average binding energy, DEb ; and reorganization free energy, DGreorg ;
components. Ligands in bold face are crystallographically confirmed LEDGF binders
a
See text for a description of ligand identifiers. The list in this table follows the rankings submitted blindly to SAMPL with the exception of the
removal of ligand AVX17268_1, later excluded from the challenge
b

In kcal/mol

c

Ionization penalty

the cutoff considered here to discriminate binders from
non-binders. Furthermore, as further discussed below,
rankings based on binding energies are significantly worse
than binding free energy rankings in predicting true
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binders. Conversely, ligand forms with only moderate
binding energies sometimes result in very favorable binding free energies. This typically happens with relatively
small ligands, such as AVX17285_0 in Table 1, which
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incur small reorganization penalties. In this respect, the
inclusion of reorganization free energies helps overcome
the overly strong correlation between interaction energybased scores with ligand size.
Prediction performance
Only a fraction of the ligands and ligand forms were subjected to BEDAM binding free energy analysis and only
binding to the LEDGF site was probed. For the purpose of
the SAMPL submission, ligands lacking computed binding
free energy data were considered non-binders and ranked
last after those with estimated but unfavorable binding free
energies. As a result, screening prediction performance
metrics based on prediction accuracy for each ligand in the
database, such as the area under the Receiver Operating
Characteristic (ROC) curve, are not fully applicable to our
prediction set. Early recovery metrics such as the enrichment factor, which probe the ability to pick out top binders,
are more relevant to judge performance of our prediction
protocol both in terms of the efficacy of prioritizing calculations and of correctly assigning binding free energy
scores to the ligands that were considered.
Of the ten ligands listed in Table 1 half are confirmed
LEDGF binders and half are not. This 50 % ratio can be
compared to the fraction of the 53 unique confirmed
LEDGF binders in the original ligand database of 322
ligands (16.4 %) to yield an enrichment factor of 3. The
enrichment factor represents the overall prediction performance of the method over random. This level of performance can also be compared to a perfect prediction in
which all 10 top ligands are binders corresponding to a
maximum enrichment factor of only 6 (100/16.4 %).
The enrichment factor for the top 10 % of the database
(top 30 ligands approximately) has been used to compare
the performance of SAMPL submissions. The value for our
‘‘in-silico’’ predictions is 2.21 (Fig. 1) second best among
the submissions in the screening challenge behind only the
effort of Voet et al. [49], which benefited from extensive
prior experience with this medicinal target. The level of
enrichment we obtained is very promising also considering
that it has been evaluated with respect to all integrase
binders, including the binders to the fragment and Y3 sites,
which we have not explored. When considering only the
confirmed LEDGF binders the enrichment factor for the
top 10 % of our predicted binders increases to 2.45. This
result should be compared to the maximum achievable
10 % enrichment factor, which is only 5.66, much lower
than in typical virtual screening applications with large and
diverse ligand datasets [3, 28].
The early ROC curve for our predictions of LEDGF IN
binders depicted in Fig. 2 shows that ligand rankings based
on binding free energy scores are significantly better than

Fig. 1 10 % enrichment factors for all of the HIV integrase SAMPL4
submission as computed by the SAMPL4 organizers. The docking and
binding free energy-based submission described here corresponds to
id 135, second from left

random at picking true binders. In this analysis a true
positive is defined as a confirmed LEDGF binder. The true
positive rate is the fraction of true binders recovered while
progressively going down the ranked list of complexes.
The corresponding false positive rate is the ratio of the
number of non-binders in the same set relative to the total
number of non-binders in the database. At a false positive
rate of 10 % (corresponding to the top 44 compounds in
terms of binding free energy scores) approximately 33 %
of the true binders are recovered, or 3.3 times better than
random. At a false positive rate of 20 % (corresponding to
the top 75 compounds) 44 % of the LEDGF binders are
recovered. In comparison, as Fig. 2 shows, predictions
based on the binding energy rankings alone are notably
worse (see Fig. 2), achieving on average only 60 % of the
prediction performance of the free energy rankings
according to this measure. The ROC results also show that
the additional discrimination power of the binding free
energy rankings is not evident in the reorganization free
energy scores, which represent physical effects neglected
by the binding energy scores, as the best rankings developed from them perform worse than random (Fig. 2).
These results indicate that the main source of added discrimination power of binding free energies resides in the
combination of energetic and reorganization effects rather
than in one of them alone.
Analysis of binding free energy results for the LEDGF
binders
Crystal structures of integrase inhibitors bound to the
LEDGF site of integrase constitute a solid benchmark on
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0.45

the BEDAM free energy simulations rather than incorrect
free energy scoring (see below).
In summary, these results show that the prediction
methodology we employed was very successful at correctly
describing confirmed LEDGF binders. A very good fraction of these (43 %) were correctly classified based on the
binding free energy value. Only 9 out of 53 cases (17 %)
can be traced to clear shortcomings of the docking and free
energy analysis procedure, while most other misclassification correspond to either borderline or missing data not
useful for drawing conclusions.

Binding Free Energy
Binding Energy
Reorganization Free Energy
Random

0.4

True Positive Rate

0.35
0.3
0.25
0.2
0.15
0.1
0.05
0
0

0.05

0.1

0.15

0.2

Importance of structural predictions

False Positive Rate

Fig. 2 Early ROC curve for the classification of binders and nonbinders to the LEDGF site of integrase. The ROC curve based on
binding free energy rankings is in red (top), the ones based on binding
energy rankings and reorganization free energy rankings are in green
(middle) and blue (bottom) respectively. The straight black line is the
1:1 line corresponding to random picking. Results for sorting
reorganization free energies from low to high are shown here, the
reverse rankings yielded poorer performance

which to judge our in-silico screening protocol. Ideally we
would like the free energy screening method to score
favorably all of the confirmed binders, and it is instructive
to consider which factors have contributed in a favorable or
unfavorable way towards this goal. The analysis of the
prediction performance on the confirmed LEDGF binders
is summarized in Table 2. Of the 53 confirmed LEDGF
binders, 23 were correctly predicted (true positives). These
had one or more protonation states with computed binding
free energies of -4 kcal/mol or better. The remaining 30
binders were incorrectly classified as non-binders (false
negatives). The largest fraction of false negatives (43 %)
correspond to cases with missing binding free energy data,
that is data not acquired due to insufficient time and
computing resources. In this class of ligands none of the
protonation states investigated yielded a favorable binding
free energy, however some of the protonation states were
not investigated and the corresponding ligands were arbitrarily classified as non-binders anyway. A smaller fraction
(27 %) of false negatives correspond to ligands with
intermediate binding free energy scores between -4 and
-2 kcal/mol. These borderline scores, while above the
cutoff we established, are not sufficiently unfavorable to
clearly discount binding and are not considered useful to
uncover clear shortcomings of the prediction methodology.
Only 9 of the 30 false negatives (30 %) had substantially
unfavorable free energy scores and, in addition, most of
these can be attributed to incorrect starting structures for
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Initial structures for the BEDAM binding free energy calculations were provided by docking binding mode predictions as described in the accompanying report in this
volume [37]. In general, molecular dynamics trajectories
which constitute part of the BEDAM protocol were of
insufficient length to modify these bound initial structures
to a significant extent. Because of this and the fact that
binding free energy predictions were limited to the LEDGF
site, we decided to submit a single set of structural (phase
II) predictions based only on the docking experiments as
described [37].
The other important implication is that the binding free
energy predictions submitted to SAMPL are, essentially,
conditional on the starting conformation, and, consequently, their prediction accuracy is attributable to both the
ability of the docking and filtering procedure to provide
structures close to the actual binding modes and the
accuracy of the binding free energy protocol to score
favorably these binding modes. Indeed we observed a very
strong correlation between the correct identification of true
binders and the quality of the structural predictions from
docking. The large majority of the clear false negative
cases (seven out of nine), that is binders predicted to be
non-binders with clearly unfavorable binding free energy
scores (-2 kcal/mol or higher), had initial structures
clearly incompatible with crystallographic observations
(Table 2). In comparison, only a minority (35 %) of the
true positives and none of the borderline false negatives
correspond to initial structures distinct from the crystallographic pose. On the other hand only 7 of the 30 false
negatives are attributable to structural prediction errors.
These findings underscore both the dependency of the
binding free energy protocol on the availability of accurate
structural predictions, and the very good performance of
the AD Vina protocol in this respect, as also confirmed by
the excellent performance of this method on the structure
prediction phase II SAMPL challenge [37].

16
J Comput Aided Mol Des
Table 2 Summary of the analysis of results for the confirmed LEDGF binders
53 confirmed LEDGF binders

23 correctly predicted (43 %)

8 bad structures (35 %)
15 good structures (65 %)

30 incorrectly predicted (57 %)

13 not computed (43 %)
8 intermediate score (27 %)
9 bad score (30 %)

7 bad structures (80 %)
2 good structures (20 %)

Moving left to right cases are classified as either correctly and incorrectly predicted (true positives and false negatives). False negatives are
further classified based on the binding free energy scores (third column). Both true positives and false negatives are classified based on the
quality of the initial binding mode (4th column)

Explicit solvent modeling
Finally, we also performed double decoupling calculations
(DDM) [8, 50, 51] in explicit solvent to explore at a higher
level of detail the thermodynamics of binding of this system in a few cases. These calculations were also performed
blindly, prior to obtaining experimental data from the
SAMPL organizers. The protein receptor is modeled with
the Amber ff99sb-ILDN force field [52], and the ligands
are described by the Amber GAFF parameters set. The
partial charges of the ligands are obtained using the AM1BCC method. A DDM calculation involves two legs of
simulation, in which a restrained ligand is gradually
decoupled from the receptor binding pocket or from the
aqueous solution [8]. In each leg of the decoupling simulations, the Coulomb interaction is turned off first using 11
k windows, and the Lennard-Jones interactions are then
turned off in 17 k windows. (Electrostatic decoupling:
k = 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0;
Lennard-Jones decoupling: k = 0.0, 0.1, 0.2, 0.3, 0.4,
0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.94, 0.985,
1.0). The simulations were carried out using the Gromacs4.6.1 package [53].
The results of the explicit solvent calculations are given
in Table 3. While the DDM calculations overestimate
binding free energies in general, a clear separation between
binders and non-binders appears achievable only when all
of the following conditions are satisfied: (a) starting from a
good initial structure; (b) the Nd atom of His171 is protonated; (c) the ligand is relatively small, i.e. contains less
Table 3 Binding free energies
to the LEDGF site of integrase
computed with explicit
solvation for multiple
protonation states of the
receptor

a

In kcal/mol

Ligand

than 30 heavy atoms. In the simulated structures of the
binders, the hydrogen atom on the Nd of His171 was
observed to interact with the carboxylate moiety on the
ligands. It is likely that the both the doubly protonated
His171 and the monoprotonated Nd are significantly populated in the bound state: using PROPKA [54] we calculated that the pKa of His171 to be shifted from 6.3 in
unbound state to 7.3 when a ligand carrying a benzoxole
carboxylate moiety is bound. We obtained very similar
binding free energies using either the doubly protonated or
Nd protonated forms of His171 (not shown). Compared
with the N protonated form, the protonation at Nd is
estimated to enhance binding affinity by approximately
-4 kcal/mol, due to the favorable electrostatic interaction
between Nd-H and the carboxylate group on the ligand.
Significant errors in the calculated free energies using
DDM are attributed to hysteresis for the decoupled ligand
state in the gas phase. The strong, unscreened ligand
intramolecular interaction in the gas phase leads to a highly
rugged energy surface, causing conformational trapping in
the nanoseconds-length simulations. Simulation of the
intermediate gas phase reference state is avoided naturally
in the implicit solvent alchemical scheme used in BEDAM.

Discussion
The SAMPL integrase virtual screening experiment offered
a real world example of the use of structure-based computational methods to identify likely binders among a

Binder/nonbinder

DGa
b

Simulation setup

AVX17375_2

Binder

-4.5

Bad initial pose, H171 protonated at N

AVX17375_2

Binder

-8.7

Good initial pose, H171 doubly protonated

AVX17734_1

Nonbinder

-4.7

Large ligand, gas phase sampling not converged

AVX17375_3

Nonbinder

-7.6

Same as above

AVX38743_5
AVX38743_5

Binder
Binder

-2.1
-7.9

Good initial pose, H171 protonated at N
Good initial pose, H171 doubly protonated

AVX40813_0

Nonbinder

-4.9

H171 protonated at N

AVX62525_3

Nonbinder

-4.1

H171 protonated at N
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focused database of candidates. This task involved a set of
challenges very different from those posed by early hit
identification from a large database of diverse molecular
scaffolds. In the latter situation, docking-based high
throughput virtual screening strategies can narrow down
the set of likely binders, with the primary goal of identifying some actual binders, rather than necessarily minimizing the number of false positives. Also, because only
few likely binders are dispersed among possibly thousands
of clear non-binders, relatively large enrichment factors
can be expected only by considering, for example, steric
and geometrical factors.
In contrast, in the current application participants were
confronted with a focused library of candidate ligands
derived from an already established molecular scaffold.
This was particularly noticeable for the LEDGF binding
site, to which virtually all of the ligands in the database
could be successfully docked. Discrimination of binders
from non-binders in this case had to therefore rely on other
less coarse grained metrics such as the free energy of
binding. The performance illustrated by the present blind
predictions indicates that binding free energy methods can
be successfully combined with accurate structural predictions from docking to tackle difficult virtual screening
applications.
The usefulness of docking methods for binding mode
prediction is well documented. The accuracy of AD Vina
structural predictions on these difficult targets have been
key to achieve a high level of screening performance. In
contrast, the reliability and range of applicability of free
energy methods, even when applied to known structures,
remains to be fully established. Retrospective studies on
small datasets, while abundant, have not been successful at
giving a general and unbiased picture of the state of the
field. The SAMPL challenge [34, 55] has offered us a
unique opportunity, building upon recent work on hostguest systems [36], to validate our free energy protocol on
a large scale and in an unbiased fashion. We believe that
only by studying large datasets patterns can emerge that
can be useful to establish advantages and shortcomings of
the methodology.
In the past few years we have been refining our BEDAM
protocol for binding free energy estimation. The method
relies on a physics based effective potential with implicit
solvation developed in our lab (OPLS/AGBNP2) [42, 56]
and advanced Hamiltonian-hopping conformational sampling strategies. The implicit solvent description, while in
principle less accurate than explicit solvation models,
affords a number of simplifications particularly the ability
to model directly the alchemical transformation from the
unbound to the bound state without going through a gas
phase intermediate. The latter requirement, typical of
double decoupling methods with explicit solvation [8, 57]
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is a source of poor convergence especially for large and
charged ligands as in the present application. The BEDAM
method also relies on advanced parallel HREM conformational sampling strategies and conformational reservoirs
techniques, as well as efficient statistical reweighting
techniques [43, 58] to optimally merge data obtained along
the binding thermodynamic path. We believe that all of
these technologies have contributed to achieve the reasonably high level of prediction accuracy in the present
SAMPL challenge, suggesting that free energy calculations
can be used together with docking to improve enrichment
over docking alone.
Binding free energies include effects such as conformational entropy loss and intramolecular strain (collectively quantified here by the binding reorganization free
energy values), aspects that are neglected by more
approximate models but are shown here to be significant
and justify the use of free energy simulations to distinguish
binders from nonbinders. This is clearly illustrated by the
results in Fig. 2 which shows that rankings based on
binding energies alone, which neglect reorganization free
energy contributions, yield significantly lower prediction
performance.
The binding free energy is the difference in free energy
between the bound and unbound states and therefore it
depends on the energetic and dynamical nature of both.
The binding energy, that is the ligand-receptor net interaction energy, probes essentially only the bound state and
is not sufficient in general to capture all of the effects
contributing to the binding affinity. For example, the
interplay between energetic and reorganization effects has
been key to correctly identify as binders a number of small
compounds with relatively weak ligand-receptor interaction energies and unusually small reorganization penalties.
Some examples, illustrative of about 25 % of the correctly
identified binders, are shown in Fig. 3. Most of these would
have been mis-classified as non-binders using binding
energy scores alone.
Conversely, reorganization free energies helped to correctly identify non-binders, such as those illustrated in
Fig. 9, characterized by large and favorable binding energies offset by equally large reorganization free energy
losses. Such non-binders would have been incorrectly
considered as actives by methods based only on ligandreceptor interaction energies. The examples in Fig. 9, are
only few of the many similar occurrences of avoided false
positives we observed.
These examples suggest that scoring strategies based
mainly on ligand-receptor interaction energies, such as
single-structure and single-trajectory versions of the MMPB/GB/SA method [59], constitutes a less accurate model
as compared with BEDAM and that significantly improved
rankings can be obtained by including reorganization
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varies with time, reveals a progressive decrease of conformational fluctuations of both the receptor and the ligand
as their interactions are turned on. Conversely, fluctuations
tend to increase when interactions are turned off. This
behavior is more evident for larger ligands and is observed
with both binders and non-binders. Large ligands that are
also binders have the ability to form numerous contacts
with the receptor without causing large entropic losses.
Computational aspects

Fig. 3 Examples of LEDGF integrase binders characterized by
binding energies and reorganization free energies of small magnitude

effects. The separate trajectory version of the MM-PB/SA
method includes the portion of the reorganization free
energy related to intramolecular strain and should in principle improve accuracy. However only the additional
inclusion of conformational entropies would model the full
binding free energies and fully capture the effects described here.
We observed that reorganization free energies correlate
strongly with the size and flexibility of the ligand as for
example measured by the number of rotatable bonds as in
Fig. 4a. On the other hand the flexibility of the receptor
also plays a major role as illustrated in the correlation plot
in Fig. 4b. Inspection of BEDAM molecular dynamics
trajectories, in which the interaction coupling parameter k

One of the goals for the participation in the SAMPL4
screening integrase challenge has been to establish the
applicability of binding free energy calculations in virtual
screening. The promising results obtained in the SAMPL
challenge clearly indicate that binding free energy simulations can provide added value when used in conjunction
with docking. This outcome was not inevitable as it is often
the case that more rigorous theories do not lead to
improved predictions in practice [36]. In the integrase
screening challenge the homogeneity of the candidate
compounds and the more central role of receptor and ligand
flexibility has likely tipped the balance towards binding
free energy measures relative to simpler interaction energy
and empirical scoring-based methods. It is thus expected
that binding free energy-based ligand screening will be
useful in other similar circumstances; e.g. at a second stage
of virtual screening, when a challenging focused pool of
candidates is being considered.
Having established the usefulness of a binding free
energy-based screening protocol, the second question to
consider is whether the superior results obtained have been
worth the extra effort. This question can be addressed only
by looking at the practical aspects of the project. One
immediate consideration is that a project such as this
involving hundreds of binding free energy calculations
simply could not have been considered without a high level
of automation. Easy to use tools such as LigPrep and Epik

(B)

(A) 80

60
50

60

ΔG°reorg (kcal/mol)

ΔG°reorg (kcal/mol)

70

50
40
30
20

40
30
20
10

10
0

0
0

2

4

6

8

10

12

14

16

Number of ligand’s rotatable bonds

18

0.14

0.16

0.18

0.2

0.22

Receptor’s RMSF (Å)

Fig. 4 Reorganization free energies for a subset of complexes versus, a number of rotatable bonds of the ligand and, b root mean square
fluctuation of the residues of the LEDGF binding site. The correlation coefficients are 0.59 and 0.53, respectively
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have been essential in prepping the ligand models virtually
without human intervention. Similarly, Schrödinger’s
OPLS automatic force field atomtyper available in the
IMPACT MD engine has been key to streamlining system
set up. The binding free energy project has also greatly
benefited from automated protocols in the AD Vina
structure prediction and prioritization phase.
Automation built into BEDAM binding free energy
implementation has also played a key role. Binding free
energy protocols are generally very difficult to streamline.
We implemented a self-contained BEDAM utility written
in Python which processes a list of inputs not much more
extensive than those required for a docking calculation.
None of these inputs had to be adjusted manually and
individually for each ligand. The utility took care of producing the structural and procedural inputs for the
IMPACT MD engine, automated the creation of job submission scripts, and performed the analysis of the simulation results. Without one or more of these aspects of
automation the project could not have been completed, as it
would have required an unsustainable commitment of
human resources.
Despite the high level of automation it has not been
possible to complete all of the binding free energy calculations. Part of the reason is that the CPU allocation on
XSEDE resources, the source of most of the computational
throughput, had to be shared among several projects and
consequently were prematurely exhausted. On the other
hand, meeting of SAMPL deadlines and the necessary
coordination with preparatory docking studies, meant that
only a few weeks were available to complete the binding
free energy calculations. The imposed time schedule was
not unreasonable as it is representative of scenarios in
pharmaceutical applications. So in addition to the CPU
allocation, the computational throughput, that is the number of ligands completed per day given the amount and
capabilities of available CPU resources, has also been an
important determinant. We are currently exploring the use
of grid resources and distributed replica exchange algorithms to maximize throughput.
It is hard to say how much our predictions would have
improved if all of the free energy calculations could have
been completed and/or extended to longer simulation
times. Longer simulation times would have yielded better
converged estimates less dependent on initial conditions.
Only 285 of the 451 ligand models were analyzed
resulting in full coverage of only 59 % of the SAMPL
library (127 of the 311 unique ligands had one or more
protonation states not evaluated). Assuming that the
observed recognition efficiency of the method on the
sampled portion of the library is applicable to the portion
not sampled, better coverage would have resulted in
superior predictions.
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Fig. 5 Chemical scaffolds of the integrase LEDGF binders in
SAMPL4

Structural and thermodynamic insights
In addition to validating our in-silico virtual screening
protocol, in this work we have also gained significant
insights into the structural and energetics determinants
governing ligand binding to the Integrase LEDGF site. As
shown in Fig. 5, all 53 LEDGF site binders in SAMPL4
have the benzoic acid or benzodioxole/dioxine carboxylate
core. In fact, all the known LEDGF inhibitors developed so
far contain a carboxylate group that mimics the bidendate
hydrogen bond interaction of LEDGF-derived peptides
with the integrase amino groups of Glu170 and His171
[31]. The carboxylate moiety is clearly the main determinant for the ligand binding at the LEDGF site. However,
while the absence of the correct chemical scaffold (i.e. the
templates in Fig. 5) explains why many of the nonbinders
do not bind, there are also many ligands that contain the
required benzoic acid or benzodioxole/dioxine carboxylate
groups yet they do not bind. So what are the causes for
these molecules not to bind? Although obviously experimental structures for nonbinders are not available, we can
use the simulated structures of the complexes and estimated binding free energies from BEDAM to gain insights
on binding determinants.
Crystal structures show that most LEDGF binders (51
out of 53 binders in the SAMPL4 dataset) are found to

Fig. 6 The dominant binding mode adopted by the LEDGF inteegrase binders
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(A)

(B)

Fig. 7 Modeled structures of the complexes of two non-binders (AVX40910_0 and AVX62730_0) with the LEDGF site of integrase. These
examples illustrate that occlusion of the P1 hydrophobic site is necessary for strong binding

(A)

(B)

Fig. 8 Modeled structures of the complexes of AVX17284_0 (a non-binder) and AVX17285_0 (a binder) with the LEDGF site of integrase. The
buried amide group is responsible for the poor binding of the former

adopt a dominant binding mode illustrated in Fig. 6. Three
key interactions are identified: (1) the interaction of the
carboxylate group of the ligand with the backbone amino

groups of His171, Glu170 and Thr174 of chain A, which
are well reproduced by AD Vina-predicted structures and
maintained in the BEDAM HREM simulations. (2) The R1

123

21
J Comput Aided Mol Des

(A)

(B)

Fig. 9 Examples of nonbinders that have both correlated hydrogen bonds and occupied P1 sub-pockets. The binding of these ligands is severely
hindered by the large reorganization free energy penalties, which are not clearly evident from the structures alone

group (see Fig. 5) occupies the hydrophobic P1 sub-pocket
formed by Met178 and Leu102 on chain B, and Trp132 and
Ala129 on chain A. (3) Dioxole/dioxine groups occupy the
less hydrophobic P2 sub-pocket, formed by Glu95, Thr125
and Tyr99 on chain A and Lys173 on chain B. In the
benzoic acid containing binders, the P2 sub-pocket is
unoccupied.
The non-binders in Fig. 7 illustrate the determinant role
of the hydrophobic P1 subpocket and the complex interplay
between the potentially exclusive requirements of satisfying the binding hotspots of the LEDGF site. In both of
these cases, correctly predicted by the AD Vina/BEDAM
virtual screening protocol, the formation of the key carboxylate-backbone interactions precludes the occupation of
the hydrophobic P1 sub-pocket leading to poor binding.
On the other hand satisfying both hydrogen bonding and
hydrophobic enclosure in the P1 sub-pocket was found to be
a necessary but not sufficient condition for binding. One
illustrative case is shown in Fig. 8. Both ligands carry a
benzoic acid group connected with an indolinone group by a
double bond; the only difference is in the substitution position of the carboxylate on the benzene ring. The orthosubstituted isomer is a nonbinder, while the meta-substituted
isomer is a binder. Both are correctly predicted. In the
modeled structures the carboxylate moieties on both ligands
form the correlated hydrogen bonds with the receptor; and in
both cases, the P1 sub-pocket is occupied by the indolinone
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groups. However, due to steric constraints involved in
occupying the P1 subpocket while maintaining the carboxylate-backbone interactions, the amide group of
AVX17284_0 ends up buried deeply inside the hydrophobic
P1 sub-pocket. This arrangement is thermodynamically
unfavorable since the desolvation cost for burying the polar
amide is not compensated by the formation of ligandreceptor electrostatic interactions. In contrast, due to more
favorable steric compatibility, the amide group of the
AVX17285_0 binder can point into the solvent and the
associated desolvation cost is much smaller.
Examples of non-binders that escape simple structural
rationalization are illustrated in Fig. 9. These ligands satisfy all of the LEDGF site hotspots yet they are not
observed to bind integrase. The BEDAM binding free
energy analysis shows that this is because the large and
favorable ligand-receptor interaction energies are offset by
equally large reorganization free energy penalties. Unlike
binders of similar size, these ligands pay a substantial free
energy cost for assuming binding competent conformations
and/or for forcing the receptor to do the same. Clearly the
key in successful ligand design is to optimize ligandreceptor interactions while minimizing the associated costs
in terms of intramolecular energetic strain and entropic
losses. Proper incorporation of all these effects is necessary
to make computational models as effective as possible for
use in drug discovery.
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Conclusions
We have employed a combined protocol including docking
and binding free energy calculations to screen a focused
library of ligands to the LEDGF site of HIV integrase. The
exercise has been conducted as part of the SAMPL4 ligand
screening blind challenge whereby experimental binders
were not known to participants. Our blind predictions
produced the best enrichment factor among all of the
computational submissions. We found that the accuracy of
the structural predictions from AD Vina were key to
achieve the observed level of prediction performance.
Reorganization free energy costs, included in the overall
binding free energy estimates, have been the main determinant of the superior ranking performance of our method
over scoring methods based primarily on ligand-receptor
interaction energy strengths.
Overall, participation in the SAMPL4 HIV integrase
challenge has been a very instructive experience to test the
applicability of advanced physics-based modeling with a
firm foundation in statistical mechanics to in-silico drug
development pipelines. Our results show that substantial
improvements in virtual screening performance are possible by augmenting docking protocols with binding free
energy analyses, especially during the lead optimization
phase.
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53. Pronk S, Páll S, Schulz R, Larsson P, Bjelkmar P, Apostolov R,
Shirts MR, Smith JC, Kasson PM, Spoel D et al (2013) Bioinformatics 29:845–854
54. Bas DC, Rogers DM, Jensen JH (2008) Proteins Struct Funct
Bioinforma 73:765–783
55. Muddana HS, Daniel VC, Bielawski CW, Urbach AR, Isaacs L,
Geballe MT, Gilson MK (2012) J Comput Aided Mol Des
6:475–487
56. Gallicchio E, Levy RM (2004) J Comput Chem 25:479–499
57. Deng Y, Roux B (2009) J Phys Chem B 113:2234–2246
58. Gallicchio E, Andrec M, Felts AK, Levy RM (2005) J Phys Chem
B 109:6722–6731
59. Brown SP, Muchmore SW (2006) J Chem Inf Model
46:999–1005

24

2.5

Appendix copyright permissions

25
2018/11/30

RightsLink Printable License

SPRINGER NATURE LICENSE
TERMS AND CONDITIONS
Nov 30, 2018

This Agreement between Temple university -- Peng He ("You") and Springer
Nature ("Springer Nature") consists of your license details and the terms and
conditions provided by Springer Nature and Copyright Clearance Center.
License Number

4479001074332

License date

Nov 30, 2018

Licensed Content Publisher

Springer Nature

Licensed Content Publication Journal of ComputerAided Molecular Design
Licensed Content Title

Virtual screening of integrase inhibitors by large scale binding free
energy calculations: the SAMPL4 challenge

Licensed Content Author

Emilio Gallicchio, Nanjie Deng, Peng He et al

Licensed Content Date

Jan 1, 2014

Licensed Content Volume

28

Licensed Content Issue

4

Type of Use

Thesis/Dissertation

Requestor type

academic/university or research institute

Format

print and electronic

Portion

full article/chapter

Will you be translating?

no

Circulation/distribution

>50,000

Author of this Springer
Nature content

yes

Title

FREE ENERGY SIMULATIONS AND STRUCTURAL STUDIES OF
PROTEINLIGAND BINDING AND ALLOSTERY

Institution name

n/a

Expected presentation date

Dec 2018

Requestor Location

Temple university
1226 North Carlisle Street
2a
PHILADELPHIA, PA 19121
United States
Attn: Temple university

Billing Type

Invoice

Billing Address

Temple university
1226 North Carlisle Street
2a
PHILADELPHIA, PA 19121
United States
Attn: Temple university

Total

0.00 USD

https://s100.copyright.com/AppDispatchServlet

1/4

26
2018/11/30

RightsLink Printable License

Terms and Conditions

Springer Nature Terms and Conditions for RightsLink Permissions
Springer Nature Customer Service Centre GmbH (the Licensor) hereby grants
you a non-exclusive, world-wide licence to reproduce the material and for the
purpose and requirements speciﬁed in the attached copy of your order form,
and for no other use, subject to the conditions below:
1. The Licensor warrants that it has, to the best of its knowledge, the rights to license reuse
of this material. However, you should ensure that the material you are requesting is
original to the Licensor and does not carry the copyright of another entity (as credited in
the published version).
If the credit line on any part of the material you have requested indicates that it was
reprinted or adapted with permission from another source, then you should also seek
permission from that source to reuse the material.
2. Where print only permission has been granted for a fee, separate permission must be
obtained for any additional electronic reuse.
3. Permission granted free of charge for material in print is also usually granted for any
electronic version of that work, provided that the material is incidental to your work as a
whole and that the electronic version is essentially equivalent to, or substitutes for, the
print version.
4. A licence for 'post on a website' is valid for 12 months from the licence date. This licence
does not cover use of full text articles on websites.
5. Where 'reuse in a dissertation/thesis' has been selected the following terms apply:
Print rights of the final author's accepted manuscript (for clarity, NOT the published
version) for up to 100 copies, electronic rights for use only on a personal website or
institutional repository as defined by the Sherpa guideline (www.sherpa.ac.uk/romeo/).
6. Permission granted for books and journals is granted for the lifetime of the first edition and
does not apply to second and subsequent editions (except where the first edition
permission was granted free of charge or for signatories to the STM Permissions Guidelines
http://www.stmassoc.org/copyrightlegalaffairs/permissions/permissionsguidelines/),
and does not apply for editions in other languages unless additional translation rights have
been granted separately in the licence.
7. Rights for additional components such as custom editions and derivatives require additional
permission and may be subject to an additional fee. Please apply to
Journalpermissions@springernature.com/bookpermissions@springernature.com for these
rights.
8. The Licensor's permission must be acknowledged next to the licensed material in print. In
electronic form, this acknowledgement must be visible at the same time as the
figures/tables/illustrations or abstract, and must be hyperlinked to the journal/book's
homepage. Our required acknowledgement format is in the Appendix below.
9. Use of the material for incidental promotional use, minor editing privileges (this does not
include cropping, adapting, omitting material or any other changes that affect the meaning,
intention or moral rights of the author) and copies for the disabled are permitted under this
licence.
10. Minor adaptations of single figures (changes of format, colour and style) do not require the
Licensor's approval. However, the adaptation should be credited as shown in Appendix
below.

Appendix — Acknowledgements:
https://s100.copyright.com/AppDispatchServlet

2/4

27
2018/11/30

RightsLink Printable License

For Journal Content:
Reprinted by permission from [the Licensor]: [Journal Publisher (e.g.
Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE CITATION
(Article name, Author(s) Name), [COPYRIGHT] (year of publication)
For Advance Online Publication papers:
Reprinted by permission from [the Licensor]: [Journal Publisher (e.g.
Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE CITATION
(Article name, Author(s) Name), [COPYRIGHT] (year of publication),
advance online publication, day month year (doi: 10.1038/sj.[JOURNAL
ACRONYM].)
For Adaptations/Translations:
Adapted/Translated by permission from [the Licensor]: [Journal Publisher
(e.g. Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE
CITATION (Article name, Author(s) Name), [COPYRIGHT] (year of
publication)
Note: For any republication from the British Journal of Cancer, the
following credit line style applies:
Reprinted/adapted/translated by permission from [the Licensor]: on
behalf of Cancer Research UK: : [Journal Publisher (e.g.
Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE CITATION
(Article name, Author(s) Name), [COPYRIGHT] (year of publication)
For Advance Online Publication papers:
Reprinted by permission from The [the Licensor]: on behalf of Cancer
Research UK: [Journal Publisher (e.g. Nature/Springer/Palgrave)]
[JOURNAL NAME] [REFERENCE CITATION (Article name, Author(s)
Name), [COPYRIGHT] (year of publication), advance online publication,
day month year (doi: 10.1038/sj.[JOURNAL ACRONYM])
For Book content:
Reprinted/adapted by permission from [the Licensor]: [Book Publisher
(e.g. Palgrave Macmillan, Springer etc) [Book Title] by [Book author(s)]
[COPYRIGHT] (year of publication)
Other Conditions:
Version 1.1
Questions? customercare@copyright.com or +18552393415 (toll free in the US) or
+19786462777.

https://s100.copyright.com/AppDispatchServlet

3/4

28
2018/11/30

https://s100.copyright.com/AppDispatchServlet

RightsLink Printable License

4/4

29

CHAPTER 3
CONFORMATIONAL
ANALYSIS OF CLASSICAL
DFG-OUT CONFORMATION
OF KINASE FAMILY
PROTEINS
3.1

Introduction to Kinase Active and DFGout Inactive Conformational States and Type
II Inhibitors

The Human Genome encodes about 518 protein kinases, which contributes
to 2% of the total Genes.[32] Kinases are regulators of biochemical pathways,
which controls the signaling cascades by catalyzing the transfer ATP’s phosphate group to target residues, like Serine, Tyrosine, Histidine, and Threonine
on other enzymatic proteins. Thus they are critical in metabolism, cell signaling, protein regulation, cellular transport, secretory processes, cell apoptosis
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and many other cellular pathways.[33] Mutations lead to the dysregulation of
kinases could cause severe diseases including various forms of cancer and many
others. Nowadays, kinases are the most studied therapeutic drug targets.
Since 2001, when the first FDA approved kinase inhibitor Imatinib was approved, there are in total 38 kinase inhibitors approved by FDA, and many are
under development and clinic trials. Those inhibitors are within a considerable
number of varieties, including small molecules, RNA aptamer, and Monoclonal
antibody. Among those inhibitors, most of them are small molecules. In general, most of the small molecule inhibitors are non-covalent inhibitors while
covalent inhibitors are becoming more critical recently.[55, 49]
Many different Non-covalent kinase inhibitors are targeting different binding sites because kinases have many different conformations in nature.[46, 55]
The controllability of kinase activity is essential for cell activity. There are
several strategies Non-covalent kinase inhibitors adopts. The first one is competence binding; the inhibitor binds to kinase stronger than ATP. They occupy
the ATP binding site and prevent ATP binding thus decrease the kinase activity, we call them Type I inhibitors. Another strategy is to bind to the
sites only exists in the inactive conformation and stabilize the inactive conformation. The ones specifically bind to the back pocket of DFG-out inactive
conformation are named Type II inhibitors. The ones bind to the site next to
ATP binding site are named Type III inhibitors, and the ones bind to sites
distant from the substrate or ATP sites are classified as Type IV inhibitors.[55]
Despite of the type I inhibitors, others are very conformational specific. For
structural based drug design, it is essential to study those inactive kinase conformations thoroughly.
Kinases catalyzed phosphorylation reaction in a very conserved way with
a order of ATP binding, substrate binding, reaction, substrate release, and
ADP release. The conserved reaction process asks for a conserved active conformation, ATP and substrate binding and reaction being catalyzed. (Fig.3.1)
The active conformation of the kinase is composed of two lobes, the small one
colored brown are N-terminal-lobe and the larger one colored grey are named

31
C-lobe. The N-lobe are composed of 5 β strands and an alpha helix named αC
helix. The C-lobe is composed of several α helices connected by a few critical
loops. The most important loops in C-lobe are the activation loop and the
catalytic loop. In between the lobes locates the active site where the phosphorylation reaction occurs. Non-covalently, ATP binds to the Hinge region
at the end of the N-lobe, the triphosphate tail extend to the catalytic site and
coordinates two Mg2+ ions with Asp of DFG motif(yellow) and catalytic Asn
at the end of the catalytic loop(green). The substrate binds to an extended
activation loop and the catalytic loop with a Ser, Thr or Tyr needs to be phosphorylated. In the reaction, the cyan Asp of HRD grab the proton from the
hydroxyl group in the substrate which make the deprotonated hydroxyl group
able to attack the third phosphate group of ATP with an SN2 replacement
reaction.[73] The DFG-motif and the activation loops conformation is highly
important for the activity of a kinases because of their crucial roles in the
phosphorylation reaction.
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Figure 3.1: An active conformation of kinase co-crystallized with ATP and
substrate. The orange colored N-lobe are composed of 5 β strand and one α
helix, the grey colored C-lobe are composed of α helices and loops. The ATP
is colored red and the substrate is colored blue.
Beside the active conformation, some kinases could adopt an auto-inhibited
inactive conformation, src/cdk2 like inactive conformation.[27, 46] The src/cdk2
like inactive conformation are mostly observed in cyclin-dependent kinases
(CDKs), the Src family kinases (SFKs), the epidermal growth factor receptor (EGFR), the zeta-chain-associated protein kinase 70 (ZAP70), and Bruton’s tyrosine kinase(BTK) (aC as a switch). The activation and deactivation
from/to src/cdk2 like inactive conformation also play an essential role in cell
regulatory mechanisms. The significant difference between this conformation
and the active conformation is the C helix. In the active conformation, two crucial feature, regulatory spine and K(β4-strand)-E(αC Helix) salt bridge could
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be observed, the spine interaction and salt bridge which enhances the interaction between C helix and the rest lead to a compact C helix conformation.[?]
While in the src/cdk2 like inactive conformation, the C helix loses those interactions and rotates 90◦ and shift outward. The C helix Glutamic acid residue
which has lost a salt bridge forms another salt bridge with activation loop
Arginine on the protein surface. The activation loop also presents an internal
folded conformation. The change of activation loop conformation does block
the substrate binding site thus disables the activity.
DFG-out inactive conformation, was firstly discovered with the first type
II inhibitor, Imatinib (Gleevec)[47, 46]. It is an unnatural conformation which
is locked by type II inhibitors. The key feature of DFG-out inactive conformation is the of orientations of DFG motif which act as a coordinator through
catalysis. Contrast to active conformation where the DFG’s aspartic acid is
point towards the catalytic site and the phenylalanine stacks with 4 other
residues to forms the R-spine, the DFG-out inactive conformation’s the Asp
and Phe switches position and thus the R-spine is broken. The displacement
of Phe residue opens a hydrophobic pocket for type II inhibitors binding.[55]
Computational methods have played an important role in studying the
kinetic and thermodynamics facts of the conformational transitions among active and inactive conformations. MSM has been used to study the kinetics
and thermodynamics of Src kinase activation and deactivation between active
and src/cdk2 like inactive conformation.[39, 60] Besides, Metadynamic simulation and brute force MD has been used to study the conformational transition
between active and DFG-out inactive conformation.[30, 45, 61]
Among the inactive conformations where DFG’s Asp does not point towards the active site (DFG-out), there are many different sub-types. The
most well-known one is the classical DFG-out conformation (Fig.3.3). Classical DFGout conformation is defined as which adopts the DF flipped conformation from active and activation loop reorganization and internally folded to
allow the type II inhibitor binding, in another word, the conformation which
type II inhibitor could bind. In order to analyze as many as possible classical
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DFGout inactive conformation, we have retrieved all human and mammalian
kinases proir to 2015 from protein data bank (PDB). Because in the DFG-out
inactive conformation, the DFG-phe moves away from the C helix to breaks
the R-spine which used be formed by 4 hydrophobic residues, allows type II inhibitor binding and points towards the active site, we have used two distances,
D1: between DFG phe and the Glu which locates on αC helix and D2: one
between DFG phe and active site Asn which is at the end of catalytic loop,
as an indicator for the classical DFG out conformation. Scatter-plots of these
two distances shown in Fig.3.2 show a clear separation of classic DFG-out
conformation with other kinase conformations. In Fig.3.2, we uses k-means
clustering of these data points with k = 4. Visual examination of structures
in the black cluster demonstrated that most of those structures are consistent
with “classical DFG-out” conformations that bind known type II inhibitors.
They are characterized by Phe/Asn distances (D1 ≤ 7.2 ) and Phe/Glu distances (D2 ≥ 9.0 ). In Fig.3.2#B we color points within these cutoffs black
and kinases characterized by KLIFS database “DFGout/DFG-out like” but
not within this region magenta[23]. All others are colored blue. We designate
those in the box {D1 ≤ 7.2; D2 ≥ 9.0} as classical DFG-out, while the magenta points are designated nonclassical DFG-out which are the ones reported
by other resources as DFG-out structures.

35

Figure 3.2: . (A) Scatterplot of the D1 and D2 distances. D1 is the DFG Phe
to Asn at HRD + 5 distance. D2 is the DFG Phe to salt-bridge Glu distance.
The points are colored according to a k-means clustering with k = 4. (B) The
same points are colored according to a cutoff scheme that recapitulates the
black cluster shown in (A) D1 7.2; D2 9.0, while kinases labeled DFG-out
by KLIFS and Zhao et al. but not contained in this box are shown in red.
DFG-in and other kinases are shown in blue.
With this criteria, 257 kinase pdb structures has been identified as classical
DFG-out structures. Detailed inspection has been adopted on those structures
for more complicated and comprehensive examination including binding pocket
volume calculation, inhibitor information collection and kinase information
collection. Among 257 identified DFG-out structures, 20 of them are apo
structures with no inhibitor bound, 1 fragment bound, 2 type III inhibitors
bound and 47 type I inhibitor bound structures, the rest 187 structures are
type II inhibitor bound structures.
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Figure 3.3: Different conformational states of kinases, including the active, src/cdk like inactive, classical DFG-out inactive and other inactive
conformations.
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Figure 3.4: Distribution rofile of the pocket volume of classical and nonclassical DFG-out kinases. (B) Distribution profile of the pocket volume of classical DFG-out kinase conformations when complexed to type I and type II
inhibitors. The number of structures of each type is indicated
Because the type II inhibitor occupies a very unique allosteric pocket in
DFG-out conformation, we suspect the total pocket volume for ligand binding
would be much larger than other conformations where the pocket does not exist. Thus, we performed a pocket volume calculation for all reported DFGout
structures.[56] The binding pocket volume calculations reveal that on average,
nonclassical DFG-out conformations have a significantly reduced pocket volume (∼283 3 less) in relation to classical DFG-out conformations. Even for
the distribution of classical DFG-out conformations, a significant tail with a
smaller pocket volume could also be observed. In Fig.3.4#B, distributions of
type I inhibitor bound and type II inhibitor bound DFG-out structures are
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plotted. Significant difference could also be observed that type I inhibitor
does not have a preference for pocket volume while type II inhibitors only
bind to a large pocket volume. The tail of pocket volume distribution of classical DFG-out conformations in Fig.3.4#A is caused by those type I inhibitor
bound structures.
Generally speaking, good selectivity is preferred in treatment if both inhibitors’ effects are similar especially for kinase inhibitors because human kinases are so diverse in seqeuence and similar in folds that it would deactivate many other necessary and functional kinases even the target is a specific
one. Compared to type I inhibitor which is not conformation specific, type
II inhibitors binds specifically to the allosteric pocket in classical DFG-out
conformation. Many kinases which could not adopt or has a high free energy
penalty for classical DFGout conformation would not be inhibited by type II
inhibitors. Intuitively, the type II inhibitors should have a slightly better selectivity than type I inhibitors. To understand the kinome wide inhibition and
selectivity of kinase inhibitors, we have studied the large scale kinase profiling
works which have been conducted by Anastassiadis et al.(178 kinase inhibitors
against 300 kinases), Davis et al. (72 kinase inhibitors against 442 kinases),
and Metz et al.(3858 compounds tested against 172 kinases, of which only
1497 compounds had their structure disclosed)[7, 3, 40]. Surprisingly, among
hundreds of screened compounds, only 11 are observed in PDB structures as
a type II inhibitors and we name them structural validated type II inhibitors.
Of these data sets, Davis et al. had explicitly annotated 13 type II inhibitors in his profile data and 2 of 13 are actually not type II inhibitors after
visual examination of those pdb structures. Anastassiadis et al’s and Metz et
al.’s dataset contains even less type II inhibitors. With our collaborator at
Fox Chase Cancer Center and reaction biology company, we have add 9 new
inhibitors (including 5 unique ones) to Anastassiadis et al’s dataset thus we
have in total 13 type II inhibitors. This helps to enlarge the current type II
inhibitor profile by ˜50%.
To quantify kinase inhibitor selectivity, we computed Gini coefficients for
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each screened inhibitors in Davis et al.’s and newly combined datasets. The
Gini coefficient is a metric for inhibitor selectivity that distributes from 0(not
selective) to 1(extremely selective, only hit one kinase). Shown in Fig.3.5#A
is the histogram of gini coefficients calculated from kd value for type I(red)
and type II(green) inhibitors in Davis et al.’ dataset. It is clear that the type
II inhibitor in general has a high gini coefficient while type I inhibitor would
have both low and high gini coefficient. Similar result could also be observed
in combined dataset in Fig.3.5#B where gini coefficient is calculated from the
kinase activity with existence of inhibitors. These data suggest that type II
inhibitors are indeed more selective than type I inhibitors.
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Figure 3.5: (A) Distribution profile of the Gini coefficient values of type I and
type II inhibitors obtained from Davis et al. data. (B) Global selectivity trends
observed for type II inhibitors in relation to type I inhibitors based on the new
profiling data (nine type II compounds) and our previous Anastassiadis et
al.30 data set (four type II compounds). The difference between the means of
the Gini coefficients for the two inhibitor classes is statistically significant
Because there are much less for type II inhibitors compared to type I inhibitors, the difference may not be that convincing. To ensure that the type
II inhibitors’ gini coefficient are distributed statistically differently from type
I’s, we have carried out various statistical significance tests. The result does
support a statistical significance of the conclusion that the greater selectivity of type II inhibitors compared with type I inhibitors. The p-value of the
comparison of the mean Gini coefficients is < 10−4 . We have also analyzed
the FDA approved Type I and type II drugs, here, the difference of the selec-
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tivity is negligible which indicates the comparison we did might include too
many non-selective type I inhibitor which would never been used for clinical
purposes.

3.2

Other Kinase Inactive Conformations

Beside the classical DFG-out conformation, there are two different types
of DFG-out inactive conformation which can be observed in PDB and distinctively different from the classical DFG-out by their unique activation loop conformation. The first one is Partially folded DFG-out conformation (Fig.3.3).
Similar to classical DFG-out conformation, the partially folded DFG-out conformation adopts a similar backbone and sidechain torsions of Asp and Phe
in DFG motif and allows the type II inhibitor binding. However, the activation loop conformation is significantly different from the classical DFG-out by
a partially folded activation loop which put a cap over the sub-pocket thus
the functional groups of type II inhibitor in the subpocket are entirely solvent
excluded. The partially folding of the activation loop may affect the p-loop
conformation as well. For example, ABL kinase has a slightly distorted p-loop
in both DFG-in active and classical DFG-out inactive state, however, the partially folding of the activation allows a hydrophobic interaction between the
activation loop, ligand and the extended conformation of the p-loop.
The other DFG-out conformation is the minimally perturbed DFG-out
conformation (Fig.3.3), which is named for its marginally noticeable difference of the activation loop conformation when compared with the DFG-in
active conformation. However, minimally perturbed DFG-out conformation
is an inactive conformation because of the Asp and Phe in the DFG motif
are in an flipped/out conformation. Because the activation loop remains the
open/extended conformation with no subpocket open, it cannot accommodate
the type II inhibitor. The position switch of Asp and Phe in DFG motif result
in a 100% buried Asp, while the solvent exposed Phe could form *-pi interaction with the P-loop and the inhibitors. The minimally perturbed DFG-out
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conformation state is also observed in the apo form in PDB and super long
MD simulation, which indicates a functional important conformational state
of kinase.[57]
The DFG-out flip only conformation was firstly introduced in Lin et. al.[28]
(Fig.3.3). Lin et. al. conducted the umbrella sampling simulations with biases
applied on two pseudo-dihedral angles which control the Asp, Phe’s sidechain
orientation, to obtain the conformational free energy of DFG flip in ABL
kinase. A moderate free energy 1.4 kcal/mol is observed, indicating a small
free energy penalty of the DFG-out flip only conformation. However, there
is no such ABL kinase structures found in PDB, which indicates an large
conformational free energy penalty for the state. The DFG-out flip only is
still of great interest for its simplest conformational change from the DFG-in
active conformation.

3.3

Coevolutionary Landscape of Kinase Family Proteins

Understanding the conformational propensities of proteins is key to solving
many problems in structural biology and drug discovery. There is another way,
besides the molecular dynamics calculations, which is to extract information
about function and fitness from kinase sequence variation by constructing a
statistical model from a multiple sequence alignment (MSA) of sequences collected from many organisms. With 8149 effective sequences, Potts Hamiltonian
model was parameterized corresponding to direct pairwise residue–residue interaction strengths, by fitting MSA statistics using Markov Chain Monte Carlo
simulation. To obtain the conformational free energy penalty between DFG-in
and DFGout conformations, “threading” calculations of this Potts model was
performed for each kinase sequence on the predefined DFG-in and DFGout
pdb structures. As expected, the Potts model prediction agrees well with the
structural observation in PDB. To better convince the readers, conventional
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molecular dynamics based free energy calculation which would provide a more
detailed and accurate kinase conformational fitness landscape are planned as
well.

3.4

Ligand Binding Mechanism: Induced-Fit
or Conformational Selection

Questions have been raised a long time ago about the binding mechanism
of protein kinase inhibitors targeting the inactive conformation. Whether a
protein kinase changes to the inactive conformation befor a binding event (conformational selection) or after a binding event (induced fit). For some of the
inactive conformations of protein kinases, like src/cdk like inactive conformation, conformation selection explanation is more convincing because the apo
inactive state is highly probable in solution and could be observed in PDB, and
the pocket where inhibitors bind are almost the same as in the active state.
For the classical DFG-out state where type II inhibitor binds, it is not clear
which mechanism is more predominant. First, the classical DFG-out state is
not observed in the apo state which means the conformation is not stable and
requires the inhibitor binding interaction to be stabilized. Second, previous
free energy calculation has shown that some kinase may have a very low free
energy penalty for the classical DFG-out state where its native population
could be 5-10% thus suggests a conformational selection mechanism. Last,
some indirect experimental observation from NMR and FRET indicates a significant conformational change after the initial association of the kinase and
the inhibitor, on the other hand, support the induced fit mechanism. With
the current experimental and computational technology, detailed and comprehensive observation of the binding kinetics of type II inhibitors is still far
from robust, which lead to the open question in the type II inhibitor binding
mechanism.
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ABSTRACT: Structural coverage of the human kinome has been
steadily increasing over time. The structures provide valuable insights
into the molecular basis of kinase function and also provide a
foundation for understanding the mechanisms of kinase inhibitors.
There are a large number of kinase structures in the PDB for which
the Asp and Phe of the DFG motif on the activation loop swap
positions, resulting in the formation of a new allosteric pocket. We
refer to these structures as “classical DFG-out” conformations in
order to distinguish them from conformations that have also been
referred to as DFG-out in the literature but that do not have a fully
formed allosteric pocket. We have completed a structural analysis of
almost 200 small molecule inhibitors bound to classical DFG-out
conformations; we ﬁnd that they are recognized by both type I and type II inhibitors. In contrast, we ﬁnd that nonclassical DFGout conformations strongly select against type II inhibitors because these structures have not formed a large enough allosteric
pocket to accommodate this type of binding mode. In the course of this study we discovered that the number of structurally
validated type II inhibitors that can be found in the PDB and that are also represented in publicly available biochemical proﬁling
studies of kinase inhibitors is very small. We have obtained new proﬁling results for several additional structurally validated type
II inhibitors identiﬁed through our conformational analysis. Although the available proﬁling data for type II inhibitors is still
much smaller than for type I inhibitors, a comparison of the two data sets supports the conclusion that type II inhibitors are more
selective than type I. We comment on the possible contribution of the DFG-in to DFG-out conformational reorganization to the
selectivity.

■

INTRODUCTION

consisting of a smaller N-terminal and a larger C-terminal
lobe connected by a “hinge”. The N lobe contains a ﬁvestranded β sheet and an α helix called the “αC-helix”, whereas
the C-lobe is mostly α-helical.5
The cofactor ATP binds to a highly conserved pocket that is
localized deep between the two lobes and forms hydrogen
bonds with the “hinge” region.5,6 A single residue in the ATP
binding pocket located in the hinge region between the N and
C lobes of the kinase separates the adenine binding site from an
adjacent hydrophobic pocket and controls access to the
hydrophobic pocket.7 This residue is termed the “gatekeeper”
residue. Gatekeeper mutations that convert the threonine

The human genome encodes about 518 protein kinases (PKs)
which constitutes one of the largest class of genes, termed the
“human kinome”.1 Protein kinases catalyze chemical reactions
that transfer the phosphoryl group of ATP to substrate
proteins.2 Phosphorylation by kinases regulates cellular signal
transduction cascades that orchestrate most cellular processes.3
It is not surprising therefore that dysregulation of protein
kinase function has been implicated in many pathological
conditions. Kinases serve as therapeutic targets for a range of
clinical indications and represent the largest category of drug
targets in current clinical trials.4
Progress in kinase structural biology oﬀers a conceptual
framework for understanding many aspects of kinase biology
and accelerating drug discovery programs targeting protein
kinase. The global fold of the catalytic domain of all eukaryotic
protein kinases (ePKs) reveals a common bilobal fold
© 2014 American Chemical Society

Special Issue: New Frontiers in Kinases
Received: October 15, 2014
Published: December 5, 2014
466

dx.doi.org/10.1021/jm501603h | J. Med. Chem. 2015, 58, 466−479

46

Downloaded by TEMPLE UNIV on September 14, 2015 | http://pubs.acs.org
Publication Date (Web): December 12, 2014 | doi: 10.1021/jm501603h

Journal of Medicinal Chemistry

Article

Figure 1. Left panel shows a DFG-in conformation of ABL kinase bound to dasatinib, with the Asp pointing in to the ATP binding site, and the right
panel shows a DFG-out conformation of the ABL kinase domain bound to imatinib, with the Phe pointing into the ATP binding pocket. The
binding pockets are shown in a mesh representation colored red. The DFG-out structure shows that Phe and Asp have swapped their positions in
relation to DFG-in conformation. The ﬂipped orientation also opens up an allosteric pocket highlighted in red dashes.

in kinases corresponds to a ﬂipped conformation of the DFG
motif, wherein the aspartate of the DFG motif ﬂips by ∼180°
relative to the active state conformation. This results in Asp and
Phe residues swapping their positions. The ﬂipped DFG motif
moves the aspartate away from the ATP binding site by ∼5 Å,
leading to a catalytically incompetent state termed the “DFGout” state. Importantly, the “DFG-out” state opens a new
allosteric pocket directly adjacent to the ATP binding
pocket.17,18 This unique “DFG-out “inactive conformation
was ﬁrst observed in an unliganded insulin receptor kinase.19
Kuriyan and co-workers (2000)17 showed that small molecules
capable of recognizing this distinct inactive conformation oﬀer
selective kinase inhibition.
The serendipitous discovery of Gleevec (imatinib) binding to
the new allosteric pocket in this DFG-out conformation
spurred great interest toward the development of inhibitors
speciﬁcally targeting the inactive DFG-out conformation.17,18
While the exact number of discrete inactive conformations in
kinases is yet to be established,20 these two distinct inactive
conformations are often observed in the PDB. DFG-in active
and DFG-out inactive conformations are illustrated in Figure 1.
In general, small molecule kinase inhibitors that bind to
kinases are broadly categorized into four major classes based on
their binding mode.21 The majority of approved kinase
inhibitors are type I inhibitors, which target the ATP binding
pocket and also termed as ATP competitive inhibitors. Type II
inhibitors bind to the hydrophobic pocket adjacent to the ATP
binding pocket, which is accessible only in a DFG-out
conformation. Although occupancy at the allosteric site is
characteristic of type II inhibitors, they also extend past the
“gatekeeper” into the adenine pocket and form hydrogen bonds
with the “hinge” residues. There are also examples of type II
inhibitors that occupy only the allosteric pocket without
extending into the adenine binding pocket.22
Type III inhibitors are not ATP competitive; they bind to an
allosteric pocket opposite the ATP binding pocket, termed the
“back pocket”. They do not form any hydrogen bonding

gatekeeper residue to a larger hydrophobic residue have been
shown to confer drug resistance,8 particularly against most
approved ABL inhibitors like imatinib.9
The C-terminal domain contains a ﬂexible activation loop,
typically 20−30 amino acids in length and marked by a
conserved Asp-Phe-Gly (“DFG”) motif at the start. Phosphorylation of the activation loop is one common mechanism for
kinase activation. The other well conserved motif is the HisArg-Asp (“HRD”) triad motif that precedes the activation loop,
and this plays a major role in catalysis. These sequence features
are well conserved across kinase subfamilies.10 X-ray crystal
structures of kinases available in the Protein Data Bank
(PDB)11 reveal remarkable conformational heterogeneity
ranging between active (on state) and inactive (oﬀ state)
conformations.12
In an active state conformation the aspartate of the DFG
motif points into the ATP-binding site and coordinates two
Mg2+ ions,5 with the activation loop displaying an open and
extended conformation. The other hallmark feature of an active
state conformation is the orientation of the αC helix located on
the N-terminal domain; in an active conformation it is rotated
inward toward the active site, together with a characteristic ionpair interaction between the conserved Glu of the αC helix and
the Lys of the β3 strand of the β sheet in the N lobe.5,10,13 The
integrity of this ion-pair interaction is crucial for kinase activity.
It should be noted that this structural criterion for an active
state is not always suﬃcient, as additional regulatory elements
outside of the kinase domain may be required for activation.14
Catalytically active kinase conformations (on-state) are highly
conserved, owing to the evolutionary pressure for functional
preservation.15 However, the mechanism by which each kinase
is autoinhibited (oﬀ-state) is not constrained and varies
considerably. This is reﬂected in the range of distinct inactive
conformations seen for diﬀerent subfamilies.
The crystal structure of an autoinhibited (inactive) state of cSrc tyrosine kinase was the ﬁrst inactive conformation to be
characterized in 1997.16 The other inactive conformation seen
467
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Figure 2. Schematic representation of the distance criteria D1 and D2 used for classifying conformations as DFG-in and DFG-out. The marked
residues used for calculating the distances are colored green and shown in stick representation.

interaction with the “hinge” residues. This class of compounds
is also known to induce conformational changes in the
activation loop, forcing the αC helix to adopt an inactive
conformation.23
Type IV inhibitors refer to compounds that bind to any
allosteric sites distant from the ATP binding pocket. They
induce conformational changes that render the kinase
inactive.24
Structural coverage of the human kinome has been steadily
increasing over time, with deposition coming from academia,
industry, and the Structural Genomics Consortium (SGC).25
To harness the wealth of information from a growing number
of kinases, several secondary databases like KLIFS26 and
KIDFamMap27 have been developed. These databases oﬀer an
accessible, consolidated kinase repository, which helps in
systematic mining of kinase small molecule interaction
ﬁngerprints and inhibitor activity/binding aﬃnity data. Kinase
SARfari28 hosted by EMBL-EBI provides an open source
chemogenomics platform that links kinase sequence, structure,
inhibitors, and screening data. In addition to these databases,
Zhao et al.29recently compiled and analyzed a set of 227 DFGout kinase structures in an eﬀort to understand which kinase
subfamilies can adopt a DFG-out conformation. However,
classiﬁcation of kinase conformations in these databases is
largely subjective, based on visual inspection.
In this study we focus on a commonly observed type of
DFG-out conformation, which we label “classical DFG-out”,
where the D and the F of the DFG motif have swapped
positions. We provide simple structural criteria for identifying
“classical DFG-out” conformations and relate this information
to the requirements for binding type II inhibitors. Our analysis
also provides statistics concerning the coverage of “classical
DFG-out” structures in the PDB and the number of kinase
subfamilies that exhibit a classical DFG-out inactive state.
Analysis of kinase structures with bound type II inhibitors in
the PDB across kinase families provides information that could

help in rationalizing the promiscuity of some type II inhibitors
and facilitates an improved understanding of the structural
requirements required for a type II binding mode.
We ﬁnd that many structures in the KLIFS26 and Zhao et
29
al. databases which have been classiﬁed as “DFG-out” or
“DFG-out-like” do not satisfy our structural deﬁnition of
“classical DFG-out”. We refer to these structures as “nonclassical DFG-out”. We ﬁnd that, with very few exceptions,
these “nonclassical DFG-out” structures cannot accommodate a
type II inhibitor. Our analysis of DFG-out structures in the
PDB therefore points to the existence of a range of nonclassical
DFG-out inactive states, which appear to be structurally
incompatible with the accommodation of a type II inhibitor
binding mode.
The 147 type II inhibitors found in the PDB using our
structure based method for identifying DFG-out conformations
(the structurally validated type II inhibitor set) were mapped
onto three publicly available large scale kinase proﬁling studies.
Surprisingly, we ﬁnd that only 11 of the 147 had a
corresponding kinase activity proﬁle reported in the literature
against a larger kinase panel. Therefore, in connection with our
current study we have obtained new proﬁling results for nine
additional structurally validated type II inhibitors. When
combined with our previous biochemical proﬁling study
(Anastassiadis et al.),30 this constitutes the largest publicly
available proﬁling data set for structurally validated type II
inhibitors.

■

RESULTS AND DISCUSSION

Identiﬁcation of “Classical DFG-Out” Kinase Conformations. All kinase structures deposited in the Protein
Data Bank (PDB) through March 2014 were retrieved as
detailed in the section Methods. Our analysis was not conﬁned
to the human kinases but was broadened to encompass closely
related non-human orthologues. This was done to ensure
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Figure 3. (A) Scatterplot of the D1 and D2 distances. D1 is the DFG Phe to Asn at HRD + 5 distance. D2 is the DFG Phe to salt-bridge Glu
distance. The points are colored according to a k-means clustering with k = 4. (B) The same points are colored according to a cutoﬀ scheme that
recapitulates the black cluster shown in (A) {D1 ≤ 7.2; D2 ≥ 9.0}, while kinases labeled DFG-out by KLIFS26 and Zhao et al.29 but not contained in
this box are shown in magenta. DFG-in and other kinases are shown in green.

adequate coverage so that each member of a human kinase
subfamily is represented at least by its closest homologue.
A general structural feature of an activated kinase is that the
Asp of the DFG motif pointing into the ATP binding site where
it coordinates two Mg2+ ions. In a typical inactive DFG-out
conformation, the Asp and Phe residues swap positions,
following which the Asp points away from the ATP binding
pocket and the Phe points toward the ATP binding pocket. The
movement of Phe into the ATP binding pocket creates an
adjacent hydrophobic pocket, which results in a larger pocket
volume. An earlier study has emphasized that the movement of
Phe into the ATP binding site brings about a signiﬁcant
conformational change that perturbs the hydrophobic regulatory spine (R-spine) and the catalytic spine (C-spine).31 On
the basis of these structural observations, we ﬁnd that the
position of the DFG Phe residue with respect to two well
conserved residues, namely, the Asn that follows the HRD
motif and the Glu of the αC-helix that forms a salt bridge with
the Lys of the β3 strand, could serve as indicators to identify
whether or not the Asp and Phe residues had swapped
positions with respect to the ATP active site. The Asn that
follows the HRD motif (HRDxxxxN) in the catalytic loop is
highly conserved in both sequence and conformation. Asn plays
a structural role in maintaining the integrity of the ATP-binding
pocket, and biochemically it acts as a catalytic base that
abstracts a proton from the substrate hydroxyl group.
We found that the conformational change associated with the
Asp-Phe swap and the formation of the new allosteric pocket
could be tracked using two distance measurements (D1 and
D2): (a) D1, the Cα atom distance between the Asn of the
HRDxxxxN motif (the ﬁrst Asn residue that follows the HRD
motif) and Phe of the DFG motif; (b) D2, the Cα atom
distance between the conserved Glu belonging to the αC-helix,
and Phe of the DFG motif.
Although the position of Asp belonging to the DFG motif is
not accounted for in the distance calculations, its relative
position is indirectly accounted because Asp and Phe swap
positions during a classical DFG ﬂip and the position of Asp
and Phe are highly correlated. Furthermore, the opening of the
allosteric pocket is largely deﬁned by the position of Phe of the

DFG motif, and in this sense tracking the position of Phe is
more fundamental than tracing Asp.
On the basis of a visual analysis of a few representative
structures and subsequent k-means clustering employing an
unsupervised approach, we labeled those conformations for
which D1 < 7.2 Å and D2 > 9 Å as “classical DFG-out”
conformations. PDB entries that satisfy this criterion were
considered for analysis and were annotated based on the kinase
and the inhibitor class (Supporting Information ﬁle S1
(jm501603h_si_001.xlsx)). A schematic representation of the
distinct DFG-in and DFG-out conformational states illustrating
the ﬂipped orientation of residues D and F belonging to the
DFG motif along with the two distances (D1 and D2) is shown
in Figure 2.
Scatterplots of these two distances (D1) and (D2) shown in
Figure 3A and Figure 3B show a clear separation of classical
DFG-out conformations from other kinase structures. In Figure
3A, we show a k-means clustering of these data points with k =
4. Visual examination of structures in the black cluster
demonstrated that these structures are consistent with “classical
DFG-out” conformations that bind known type II inhibitors
such as imatinib. They are characterized by short Phe/Asn
distances (D1 ≤ 7.2 Å) and long Phe/Glu distances (D2 ≥ 9.0
Å).
In Figure 3B, we color points within these cutoﬀs black and
kinases characterized by KLIFS26 and Zhao et al.29 as “DFGout/DFG-out like” but not within this region magenta. All
others are colored green. We designate those in the box {D1 ≤
7.2; D2 ≥ 9.0} as classical DFG-out, while the magenta points
are designated nonclassical DFG-out.
Comparison with Previously Annotated Data Sets:
Binding of Type II Inhibitors to “Nonclassical DFG-Out”
Conformations Is Rare. Our structure based method of
identifying “classical DFG-out” conformations was compared
with two previously annotated data sets, namely, KLIFS26 and
the Zhao et al. data sets29 available in the public domain. The
classiﬁcation of the DFG-out motif in these data sets was
primarily based on visual inspection. Some diﬀerences between
data sets were anticipated, as the KLIFS26 data set considered
only human kinases, whereas our data set includes non-human
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on visual characterization do not satisfy our structural criteria;
an additional 21 entries had missing coordinates, which
precludes our calculation. We have analyzed these 51 entries
with a particular focus on the binding modes of the inhibitors
that bind to “nonclassical DFG-out” conformations. An
example of a nonclassical DFG-out kinase conformation is
shown in Figure 6.
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orthologues. Second, there are some diﬀerences that can be
attributed to the date when the PDB repository was accessed. A
Venn diagram showing the overlapping relationship between
the three data sets is provided in Figure 4.

Figure 4. Venn representation showing the relation between the three
data sets. The respective PDB codes are provided in Supporting
Information ﬁle S2 (jm501603h_si_002.xlsx).

There are 257 kinase structures in the PDB that satisfy our
structural criteria according to which we classify them as
“classical DFG-out”. Of these, 185 are also present and
annotated as DFG-out or “DFG-out like” in one or both of
the KLIFS26 and Zhao et al.29 data sets, while 72 of the
structures that we have classiﬁed as classical DFG-out are not
found in KLIFS25 or Zhao et al.29
To further characterize the distinctiveness of the three
categories (classical DFG-out, nonclassical DFG-out, and DFGin + others), we measured the rmsd of DFG motif with respect
to PDB code 1IEP, a well-accepted Abl-Gleevec DFG-out
conformation. The rmsd distribution (Figure 5) shows three
distinct peaks, with classical DFG-out most separated from the
others.
We also ﬁnd that 51 PDB entries annotated as “DFG-out” or
“DFG-out like” in the KLIFS26 and Zhao et al.29 data sets based

Figure 6. Nonclassical DFG-out conformation, which cannot
accommodate a type II inhibitor.

We ﬁnd that 47 entries had a type I inhibitor, type III
inhibitor, ATP analogue, or no inhibitor bound to a
nonclassical DFG-out conformation. We ﬁnd that only four
PDB entries had a type II inhibitor bound to a nonclassical
DFG-out conformation.
It is apparent from this result that the binding of type II
inhibitors to “nonclassical DFG-out” conformations is rarely
observed. There are two main reasons for this. Either, as we
observe for most “nonclassical DFG-out ” structures, the
allosteric pocket that must be formed in order for type II
inhibitors to bind is too small, or in some cases the Asp residue
of the DFG motif is not fully “ﬂipped”, and consequently, the
Asp carboxylate group occludes the allosteric pocket so that a
type II inhibitor cannot bind.
Of the four nonclassical DFG-out entries in the PDB
complexed to type II inhibitors, two (3NAX and 3QC4) belong
to the PDK1 kinase subfamily. We ﬁnd that this kinase
subfamily has a distorted αC-helix conformation unique to this
subfamily. The other two PDB entries 3LFD and 3HNG
belong to the p38 MAP kinase and VEGFR1 kinase subfamilies,
respectively. They had distance measures (D1 = 7.4 Å) whose
values are slightly greater than our cutoﬀ (D1 < 7.2 Å) for
being classiﬁed as classical DFG-out.
Structural Coverage of the “Classical DFG-Out”
Conformation in the Kinome. Phylogenetic classiﬁcation
of all structurally characterized “classical DFG-out” conformations was carried out by mapping structures onto the kinome
phylogenetic tree1 based on their UniProt identiﬁcations.32 We
ﬁnd that examples within 44 unique kinase subfamilies, as
classiﬁed by Manning et al.,1 adopt a “classical DFG-out” kinase
conformation. This corresponds to a structural coverage of

Figure 5. The rmsd distribution of classical DFG-out, nonclassical
DFG-out, and DFG-in and others structures with respect to a classical
DFG-out conformation PDB code 1IEP.
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22%, based on the current estimated total structural coverage
(∼197) of the human kinome.33 This may simply reﬂect
sampling bias or it could imply that classical DFG-out
conformations have a relatively low occurrence on the kinome
for reasons which reﬂect underlying thermodynamic propensities. We also ﬁnd the distribution of “classical DFG-out”
conformations to be uneven across the kinome. Structural
coverage of “classical DFG-out” conformations based on kinase
group and subfamily is provided in Table 1.
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Table 1. Structural Coverage of Classical DFG-Out
Conformations in the PDB Based on Kinase Group and
Subfamilies
kinase
group

total number of
structures in the
PDB for each
group

number of kinase
subfamilies represented
in the PDB for each
group

total number of
subfamilies for each
group in the
kinome

AGC
CAMK
CMGC
STE
TK
TKL
CK1
other
total

4
5
99
2
115
20
0
9
257

2
4
8
1
23
4
0
2
44

63
82
61
48
94
43
12
83
486

Structural coverage based on kinase group reveals the
tyrosine kinase (TK) group had the largest structural
representation (24.5%), with 23 of 94 kinase subfamilies
having a classical DFG-out structure in the PDB. While this
could imply that a “classical DFG-out” conformation is easily
accessible for the TK group, it is more likely due to
overrepresentation of these kinases in the PDB, given their
profound pharmaceutical interest. Structural coverage of
classical DFG-out kinase conformations on the kinome tree is
shown in Figure 7.
Inhibitor Binding Modes Observed in PDB Complexes
with “Classical DFG-Out” Conformations. Of the 257
“classical DFG-out” kinase structures retrieved using our
structure based method, small molecule inhibitors were
observed to be bound in most (237) of the structures. By
visual inspection, we found that classical DFG-out conformations are bound by type I, type II, and type III inhibitors. We
did not ﬁnd any examples of type IV inhibitors bound to a
classical DFG-out conformation in our data set. The unique
number of type II inhibitors in the PDB is 147 (2D structures
of the type II inhibitors are provided in the Supporting
Information ﬁle S3 (jm501603h_si_003.pdf)).
A general molecular framework that deﬁnes a type II
inhibitor consists of a heterocyclic “head” group that recognizes
the kinase hinge region, an amide or a urea based linker that
traverses across the kinase “gatekeeper” residue, and a “tail”
scaﬀold that occupies the hydrophobic allosteric pocket created
by the ﬂip of the “DFG” motif. Scaﬀold decomposition and R
group analysis were undertaken on these 147 unique
structurally validated type II inhibitors to identity privileged
fragments that can sample the allosteric pockets of various
kinases. This has important implications in guiding the
exploration of chemistry space and in designing focused
libraries of type II kinase inhibitors (see Supporting
Information ﬁle S4 (jm501603h_si_004.pdf) for a list of
privileged fragments bound to the allosteric pocket).

Figure 7. Kinome wide distribution of “classical DFG-out”
conformation mapped onto the human kinome phylogenetic tree.
Image was generated using KinomeRender.34 Kinase groups are
abbreviated according to Manning et al.1 Color coding employed for
each kinase subfamily signiﬁes the number of structures each subfamily
had in PDB: red, >10; green, >5 and <10. Black signiﬁes <5.
Illustration was reproduced courtesy of Cell Signaling Technology,
Inc. (www.cellsignal.com).

A few type II inhibitors like imatinib were found to be
complexed to multiple kinases in the PDB. We analyzed the
binding mode of these type II inhibitors when bound to
diﬀerent kinase subfamilies in a DFG-out conformation. We
ﬁnd that the binding modes of such inhibitors are similar across
kinases. This reiterates the ﬁnding that the binding mode of
type II inhibitors is well maintained across kinases.
There are a large number of type I inhibitors that bind to
classical DFG-out conformations as well. These inhibitors have
little or no preference for phosphorylated versus nonphosphorylated forms of kinase, as evident from biochemical
assays.35 Structurally, the existence of an accessible ATP pocket
even in a DFG-out conformation enables ATP competitive type
I inhibitors to bind to classical DFG-out conformations of
kinase. Similarly, allosteric type III inhibitors interact with
nonconserved residues and they are kinase speciﬁc and exert
considerable selectivity. There are relatively few type III
inhibitors that have been discovered to date; we observe that
two of these were bound to kinases in a classical DFG-out
conformation. A summary of the inhibitors bound to classical
DFG-out conformations, classiﬁed based on their binding
mode, is provided in Table 2.
Overall, we observe a total of 189 complexes in the PDB with
a type II inhibitor bound to a kinase. One-hundred-eighty-ﬁve
of these complexes correspond to inhibitors bound to “classical
DFG-out” conformations of the kinase, while only four are
observed to bind to nonclassical DFG-out conformations. We
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inhibitor, implying that a DFG-out inactive conformation can
be stabilized in the presence of a type I inhibitor for some
kinases. Kinase inhibitors like dasatinib and sunitinib are
examples of approved type I inhibitors, which exhibit a type I
binding mode when bound to a DFG-out conformation (PDB
codes 3OHT and 3GOF).
DFG-Out in Many Ways: Dilemma in Classifying DFGOut Conformations. The classiﬁcation of DFG-out conformations is often simpliﬁed as “DFG-out” if Asp is oriented
away from the ATP binding pocket. Although this deﬁnition of
DFG-out is frequently associated with the binding of speciﬁc
kind of inhibitors, it is not necessarily a strong predictor of type
II inhibitor binding, as there are many examples of type I
inhibitors binding to classical DFG-out conformations. In
contrast, our analysis reveals an array of alternative (nonclassical) DFG-out inactive conformations that cannot
accommodate a type II inhibitor. The existence of nonclassical
DFG-out inactive states is fairly common, and the kinase
literature is replete with diﬀerent naming conventions like
DFG-out like,26 DFG-up,37 pseudo DFG-out,38 and atypical
DFG-out conformations.39 We speculate that these atypical
DFG-out conformations may be metastable intermediate states
that have been trapped during a DFG-in to DFG-out transition.
The availability of diverse inactive conformations in the PDB
provides targets for developing conformation selective kinase
inhibitors.
Binding pocket volume calculations reveal that on average,
nonclassical DFG-out conformations have a signiﬁcantly
reduced pocket volume (∼283 Å3 less) in relation to classical
DFG-out conformations (shown in Figure 8A). A larger DFGout pocket is crucial in order to accommodate type II
inhibitors. Our analysis of the inhibitors bound to classical
DFG-out conformations shows that type II inhibitors only bind
to “classical DFG-out conformations”.
While type II inhibitors require a larger pocket volume that is
only accessible to kinases in a “classical DFG out”
conformation, type I inhibitors can bind to both “classical”
(large pocket) (see Figure 8B) and nonclassical (small pocket)
DFG-out conformations.
Almost all of the “classical DFG-out” conformations bound
to type II inhibitors had the αC helix displaying an outward
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Table 2. Summary of the Number of Small Molecule
Inhibitors of Each Type Bound to Classical DFG-Out
Conformations
inhibitor
class

total number of inhibitor bound classical
DFG-out conformations

number of unique
inhibitors

type I
type II
type III

47
185
2

42
147
2

ﬁnd that a few kinases like CDK6, AKT2, STK1, KIT,
p38alpha, CSF1R, and PAR1exhibit a classical DFG-out
conformation even in an unliganded state.
It was originally thought that type II inhibitors are sensitive
only to kinases with small “gatekeeper” residues, whereas
kinases with larger “gatekeeper” residue restrict access to the
allosteric pocket.36 We have identiﬁed the “gatekeeper” residue
for all type II inhibitor bound kinase complexes. Threonine as a
gatekeeper had the highest representation; it was found to
occur in 68% of the type II inhibitor bound complexes. Other
small size gatekeeper residues seen in type II inhibitor bound
complexes are Val (5%) and Ala (0.5%). Medium size
gatekeeper residues like Leu (5%), Ile (5%), and Met (10%)
were also found to occur in type II bound complexes. The only
large amino acid that was found to occur at the gatekeeper
position was Phe (5%).
Historically, the classiﬁcation of type I and type II inhibitors
was related to the conformation of the DFG motif to which the
inhibitors are bound. While it is true that type II inhibitors
cannot bind to DFG-in conformations and we conclude that
the binding of type II inhibitors to nonclassical DFG-out
conformations is rare, the converse is not true. We ﬁnd many
examples of type I inhibitors binding to classical DFG-out
conformations in a binding mode that is similar to the way type
I inhibitors bind to DFG-in conformations. Type I inhibitors
are not conformation speciﬁc. They bind to the adenosine
binding pocket and form hydrogen bonds with the kinase hinge
region. Hence, the added qualiﬁcation that type I inhibitors
only bind to active kinase conformations (DFG-in) and that
only type II inhibitors select for and stabilize inactive DFGconformations is not accurate. We ﬁnd that many kinases adopt
a classical DFG-out conformation when bound to a type I

Figure 8. (A) Distribution proﬁle of the pocket volume of classical and nonclassical DFG-out kinases. (B) Distribution proﬁle of the pocket volume
of “classical DFG-out” kinase conformations when complexed to type I and type II inhibitors. The number of structures of each type is indicated.
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Table 3. Structurally Validated Type II Inhibitors with a Reported Kinase Activity Proﬁle Mapped onto Their Corresponding
PDB Identiﬁcationsa

a

Yes/No signiﬁes its representation in a particular kinase proﬁle.

shift, compared to “DFG-in” conformations as annotated in
KLIFS. This implies that the formation of a “classical DFG-out”
conformation is accompanied by a concomitant large scale
movement of the αC-helix. This conformation of the αC helix
seen in “classical DFG-out” conformation is diﬀerent from Src
like (DFG-in/αC-helix out) inactive conformations. In a Src
like inactive conformation the αC-helix also tends to be rotated
outward, with the ion-pair interaction between the conserved
Glu of the αC helix and the Lys of the β3 strand disturbed. We
ﬁnd that the “classical DFG-out” conformation, although it
induces a translational motion of the αC- helix, maintains the
ion-pair interaction intact in almost all (90%) of the structures
(see Supporting Information ﬁle S1 (jm501603h_si_001.xlsx)
for details of αC- helix, and ion pair integrity annotations).
Although the KLIFS database labeled these as “αC-out”, we
label those αC-helix conformations seen in “classical DFG-out”
conformations as “αC-dilated” to distinguish them from “αCin” conformations evident in “DFG-in” conformational states
and from the “αC-out” conformation seen in the Src-like
inactive state. To classify the αC-helix conformation, the
distance between the Cα atoms between the conserved Glu of
the αC-helix and the Asp of the DFG motif was calculated.
Conformations having a distance of <9 Å were annotated as
αC-in; others falling within a distance range of >9 Å but <10.5
Å were annotate as αC-dilated. Those with distance of >10.5 Å
were annotated as αC-out.40
Are Type II Inhibitors More Selective Than Type I
Inhibitors? Large Scale Proﬁling of Some Structurally
Validated Type II Inhibitors. Cross-reactivity within kinase
targets is an inherent property of most kinase inhibitors.
Biochemical proﬁling studies of kinase inhibitors are becoming
more widely used to assess the selectivity of inhibitors against
large panels of kinases. It has been reported that type II
inhibitors are more selective than type I inhibitors. The basis of
the selectivity was originally thought to be the inability of many
kinases to adopt an inactive DFG-out conformation.17 In
addition, the residues that surround the allosteric pocket

exposed in the DFG-out conformation are less conserved across
kinases and this presumably facilities the design of ligands with
high speciﬁcity. Recently this view of the enhanced selectivity of
type II inhibitors has been questioned.29,41
To understand the kinome wide inhibition potential of
kinase inhibitors, large scale kinase proﬁling studies have been
conducted by Anastassiadis et al.30 (178 kinase inhibitors
against 300 kinases), Davis et al.35 (72 kinase inhibitors against
442 kinases), and Metz et al.42 (3858 compounds tested against
172 kinases, of which only 1497 compounds had their structure
disclosed). In addition to these data sets, the Gray laboratory
has also recently reported proﬁling data for their type II
inhibitor compound collection.29
Combining kinase structural data available in the PDB with
large scale proﬁling data provides an opportunity to try to
better understand the role of sequence and structure in driving
selectivity and promiscuity. Hence, structurally validated type II
inhibitors identiﬁed from our work described here were
mapped onto these large scale kinase proﬁling studies.
To our surprise we found that only 11 of the 147 structurally
validated type II inhibitors identiﬁed from our analysis are
included in these large scale proﬁling studies. They are listed in
Table 3.
Of these data sets, only Davis et al.35 had explicitly annotated
whether the inhibitors were type I or II; their proﬁling set
included 13 type II inhibitors. Their annotation was based on
the activation state dependent binding of kinase inhibitors.
Type II kinase inhibitors bind preferentially to the inactive state
(nonphosphorylated state), whereas the sensitivity of type I
inhibitors is activation state independent (phosphorylation state
independent). We ﬁnd that two of the inhibitors PLX-4720
(PDB code 3C4C) and AZD 1152HQPA/barasertib (PDB
code 4C2V), which were annotated as type II inhibitors in the
Davis et al.35 data set based on their preference toward a
nonphosphorylated form of kinase, structurally do not exhibit a
type II binding mode. The other two data sets (Anastassiadis et
al.30and Metz et al.42) also contained very few structurally
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Figure 9. (A) Distribution proﬁle of the Gini coeﬃcient values of type I and type II inhibitors obtained from Davis et al. data. (B) Global selectivity
trends observed for type II inhibitors in relation to type I inhibitors based on the new proﬁling data (nine type II compounds) and our previous
Anastassiadis et al.30 data set (four type II compounds). The diﬀerence between the means of the Gini coeﬃcients for the two inhibitor classes is
statistically signiﬁcant (detail see Methods).

studies employed diﬀerent proﬁling methods and diﬀerent
kinase constructs.
These data suggest that type II inhibitors are indeed more
selective than type I inhibitors. However, it is not clear whether
this reﬂects real diﬀerences between the structural requirements
for type I and type II inhibitor binding or rather there is
insuﬃcient proﬁling data available for type II inhibitors from
which a valid comparison can be made. Hence, we carried out
various statistical signiﬁcance tests to ascertain if the observed
diﬀerence between the Gini coeﬃcients for type I and type II
inhibitors is statistically signiﬁcant (see Methods). The analysis
supports the conclusion that the greater selectivity of type II
inhibitors compared with type I inhibitors is statistically
signiﬁcant. Comparison of the mean Gini coeﬃcients among
type I and type II inhibitors based on our proﬁling study shows
a statistically signiﬁcant p-value of <10−4 (see Methods).
We note that the selectivity proﬁle summarized in Figure 9
and kinase proﬁling data (provided in Supporting Information
ﬁle S6 (Information jm501603h_si_006.xlsx ) constitute the
largest proﬁling study available in the public domain for
structurally validated type II inhibitors obtained from a
consistent assay source.
The selectivity proﬁles of the 13 structurally validated type II
inhibitors are provided in Table 4 ordered by their Gini
coeﬃcient values.
A previous study29 found that a small library of 36 type II
inhibitors targeted 220 kinases, leading these authors to the
conclusion that type II inhibition does not confer a selective
advantage. However, 2 of the 36 inhibitors, foretinib and NVPAST487, inhibited ∼192 kinase targets, 66 of which are not
inhibited by other type II inhibitors (data shown in Supporting
Information ﬁle S7 (jm501603h_si_007.pdf). While foretinib is
a structurally validated type II binder, NVP-AST487 was
inferred to be a type II inhibitor based on biochemical data and
not structural data. Our analysis of binding modes of proﬁled
type II compounds from Davis et al.35 data suggests that
inferring structural insights from phosphorylated state dependent assays has limitations. Although it is unclear why foretinib
and NVP-AST487 are promiscuous, the possibility that these
inhibitors could have kinase speciﬁc binding modes cannot be
rule out. On the basis of the data that we have presented, we

veriﬁed representative type II inhibitors, although these two
data sets were not annotated based on inhibitor class.
Attempting to compare results between disparate proﬁling
data sets has limitations because of diﬀerences in the proﬁling
technology employed, the assay formats, kinase construct used,
activation states of kinases, etc.41 With this in mind, we have
not attempted to aggregate the results of diﬀerent proﬁling
studies.
To complement our previous proﬁling study (Anastassiadis
et al.30) and to provide additional data that can be used to
characterize the selectivity proﬁles of type II inhibitors, we
carried out proﬁling studies on nine new structurally validated
type II inhibitors that were commercially available. Proﬁling
studies were carried out using a high-throughput enzymatic
assay against a large panel of 350 protein kinases using Reaction
Biology Corporation HotSpotSM technology (see Methods). A
complete listing of the kinase constructs used is provided in
Supporting Information ﬁle S5 (jm501603h_si_005.xlsx). The
proﬁling data obtained for the nine new inhibitors are publically
through the Kinase Inhibitor Resource database (kir.fccc.edu)
and also provided in Supporting Information ﬁle S6
(jm501603h_si_006.xlsx). Each kinase−inhibitor pair was
tested in duplicate, and the percent remaining kinase activity
as a percentage of solvent control reactions was reported.
Scatter plots (provided inthe section Methods) illustrate good
concordance in activity between the replicates and thus validate
the reproducibility of the assay.
To quantify kinase inhibitor selectivity, we computed Gini
coeﬃcients43 for each newly screened compound as well as for
each compound screened in two prior large-scale proﬁling
screens. The Gini coeﬃcient is a metric that is a quantitative
measure of distribution and ranges from 0 (equal distribution
or all kinases are inhibited equally by an inhibitor) to 1
(complete unequal distribution or 1 kinase is the only target of
an inhibitor). A histogram displaying the distribution of Gini
coeﬃcients calculated based on kinase activity converted from
the reported Kd values for the compounds in the Davis et al.35 is
presented in Figure 9A. A histogram that includes Gini
coeﬃcients for the nine new proﬁled compounds together
with the data from Anastassiadis et al.30 proﬁling study is
presented in Figure 9B. The data from Davis et al.35 and
Anastassiadis et al.30 were not compiled together, since the
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selection in the selectivity of type II inhibitors has been called
into question. Furthermore, whether there even is a selectivity
advantage of type II inhibitors over type I inhibitors has been
questioned as well.29,41 While the results of the new
biochemical proﬁling presented in this study suggest that
there is a selectivity advantage of type II inhibitors over type I
inhibitors, a much larger set of type II inhibitors will need to be
proﬁled to place this conclusion on ﬁrmer grounds.
The binding of an inhibitor to a kinase can be written in a
very general form:
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Table 4. Gini Coeﬃcient Calculated Based on the Kinase
Activity Proﬁle for 13 Structurally Validated Type II
Inhibitors and Four Structurally Validated Type I
Inhibitorsa
inhibitor name

CAS
identiﬁcation

motesanib
bafetinib
AZ-628
sorafenib*
cFMS receptor TK inhibitor*
nilotinib*
BRAF inhibitor 1
doramapimod
imatinib*
BMS-777607
tivozanib
foretinib
rebastinib
dasatinib*
sunitinib*
dorsomorphin*
indirubin derivative E804*

453562-69-1
859212-16-1
878739-06-1
284461-73-0
870483-87-7
641571-10-0
1093100-40-3
285983-48-4
220127-57-1
1025720-94-8
475108-18-0
849217-64-7
1020172-07-9
302962-49-8
557795-19-4
866405-64-3
854171-35-0

inhibitor
class
type
type
type
type
type
type
type
type
type
type
type
type
type
type
type
type
type

II
II
II
II
II
II
II
II
II
II
II
II
II
I
I
I
I

Gini
coeﬃcient
0.80
0.79
0.79
0.79
0.78
0.77
0.77
0.76
0.76
0.72
0.71
0.71
0.64
0.74
0.52
0.57
0.49

ΔG bind = ΔGreorg + ΔE bind

where ΔGreorg is the free energy cost to transform the ligand
and the receptor from the initial ensemble of structures which
represents the unbound species in solution into the ﬁnal
ensemble of structures which represents the bound ensemble
but excludes the contribution of the interaction between the
inhibitor and the receptor to the binding; the second term is
the average binding energy between the two molecules in the
ﬁnal ensemble of structures.55 Although the two terms, the
reorganization free energy and the binding energy, can in
principle be separately estimated using biophysical methods like
NMR and ultrafast infrared spectroscopy, it is very challenging.
Alternatively, computational methods can be used to estimate
the two terms. Roux and co-workers45 have estimated that it
costs c-Src 4.0 kcal/mol more to reorganize the activation loop
from DFG-in to DFG-out than it does for Abl. A similar
computational approach employing meta-dynamics simulation
also revealed that the DFG-out conformation in Abl is 2 kcal/
mol more stable that in c-Src.56 The measured diﬀerences in
reorganization free energies are a signiﬁcant fraction of the
calculated binding free energy diﬀerence between the two
kinases, and according to the modeling, the reorganization of
the activation loop makes an important contribution to the
selectivity.
The results of the biochemical proﬁling analysis support the
hypothesis that there is an increased reorganization penalty for
binding type II inhibitors to c-Src compared with Abl. In the
Davis et al.35 proﬁling data set which consists of binding aﬃnity
assays, 10 out of 11 structurally validated type II inhibitors are
found to have a greater inhibition of Abl over c-Src, possibly
because Abl pays a smaller reorganization cost than c-Src to
form the inactive DFG-out state. Considering our kinase
inhibition assays, 8 of the 13 structurally validated type II
inhibitors inhibit Abl more strongly than c-Src.
Can we extract additional information from our more general
structural bioinformatics analysis of the classical DFG-out
conformations in the PDB that bears on the question of the free
energy landscape for the DFG-in to DFG-out transition? For a
given kinase, the free energy diﬀerence between the DFG-out
and the DFG-in conformations is proportional to the log of the
ratio of the populations of the active to inactive states. Even
though there are hundreds of kinase structures in the PDB, the
relative populations of DFG-in and DFG-out conformation and
their free energy diﬀerence cannot be estimated simply based
on the number of conformations of each kinase found in the
PDB. Still, we can make two general observations of a
qualitative nature. First, we note that only 20 of the 257 kinase
structures in the PDB that we have identiﬁed as having classical
DFG-out conformations are observed without an inhibitor
bound (∼8%). In contrast, about 20% of the more than 1000
DFG-in structures in the PDB are observed without an
inhibitor bound. So fractionally, it is almost 3 times more

a
Compounds marked by an asterisk have been previously proﬁled
previously by us in an earlier study (Anastassiadis et al.30).

suggest that type II inhibitors are generally more selective than
type I inhibitors.
DFG-Out−DFG-In Free Energy Landscape. The discovery of imatinib binding to an inactive kinase conformation
spurred great interest in the development of type II kinase
inhibitors, as it suggested an interplay between inhibitor
speciﬁcity and large scale kinase conformational changes.
Much of the structure based experimental and computational
analysis has focused on understanding the mechanism of
selectivity of imatinib to Abl over c-Src44−49 and the possible
role of conformational transitions involving the DFG-in to
DFG-out transition.50−52 A molecular dynamics simulation
using a Go̅ type potential carried out by Hunag et al.51 found
that the αC-helix acts as a switch controlling the conformational transition between the active and inactive states.
Imatinib binds 2000−3000 times more strongly to Abl than
to c-Src despite high sequence homology and what appear to be
very similar binding modes.53 On the basis of earlier structural
studies, it was suggested that the inactive DFG-out conformation is energetically unfavorable for c-Src as compared
with Abl,44 and the results of modeling studies and more recent
molecular dynamics free energy simulations of the DFG-in/
DFG-out transition support this view.45,46 However, the
discovery of some imatinib derivatives that are equipotent
against Abl and c-Src overturned the earlier view.53,54 The new
ﬁnding led to the suggestion that the imatinib selectivity results
from diﬀerences in protein−ligand interactions arising from a
closed/folded P loop conformation, which closes oﬀ the
adenine pocket in Abl but not in Src. The closed conformation
of the P loop in Abl shields imatinib from being solvent
exposed and provides more van der Waals surface area for
interaction.
According to this view, the orientation of the P loop provides
the basis for selectivity rather than the reorganization penalty
associated with the transition of c-Src from the active to the
inactive state,53,54 and by extension the role of conformational
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probable to ﬁnd a DFG-in conformation in the PDB without an
inhibitor bound than a DFG-out conformation. Second, we
have analyzed the 20 structures in the PDB which adopt a
classical DFG-out conformation but do not have an inhibitor
bound (see Supporting Information ﬁle S1
(jm501603h_si_001.xlsx) for the PDB codes). We ﬁnd that
none of these structures can accommodate a structurally
validated type II inhibitor without a signiﬁcant amount of
additional reorganization. This suggests that the structural data
at least indirectly support the hypothesis that there is a DFG-in
to DFG-out reorganization penalty for some kinases.

■

CONCLUSIONS

■

METHODS

3e5a chain A (AURKA_HUMAN), and a proﬁle was constructed from
three rounds of PSI-BLAST on the PDBAA ﬁle with default cutoﬀ
values. The resulting proﬁle was saved, and PDBAA was searched
again with an E-value cutoﬀ of 1.0 × 10−15 to eliminate some poorly
aligned kinases and some non-kinase proteins that are homologous to
kinases but distantly related (e.g., some ribonuclease domains).
Measuring Distances between Selected Residues and the
Position of the DFG Motif. From the PSI-BLAST alignments,
certain residues of interest were identiﬁed for each kinase by their
alignment to these residues in 3e5aA. These included the Phe residue
of the DFG motif, the Asp residue of the HRD motif, and a conserved
Asn ﬁve residues C-terminal to this Asp, and the Lys and Glu residues
of the N-terminal domain that typically form a salt bridge in active
kinase structures C-helix. From a visual examination of typical active
DFG-in structures and DFG-out structures with bound type II
inhibitors, we selected two distances that might most readily identify
DFG-out structures consistent with the binding of type II inhibitors. In
these structures, the Phe is located far from the pocket underneath the
C-helix, where it is typically located in DFG-in structures and the socalled SRC inhibited structure. At the same time, the DFG loop bends
in the opposite direction in DFG-out structures than it does in DFG-in
or SRC-inhibited structures, placing the Phe closer to the ATP binding
site and a residue that is highly conserved in sequence and position
within the kinase domain, an Asn residue that is ﬁve residues Cterminal of the HRD motif (sequence HRDIKPEN in AURKA_HUMAN). These two distances are shown in Figure 2.
Binding Pocket Volume Calculations. Pocket volume calculations were carried out using the program MDpocket.62 All kinase
PDB structures retrieved using our distance based criteria were
prealigned before undertaking pocket volume calculations. Structural
superposition of the PDB structures was carried out using the Theseus
program,63 which employs a maximum likelihood approach for optimal
structural superposition. Solvent molecules, counterions, and inhibitors present in the PDB structures were removed prior to alignment.
Once superposed, the fpocket64 program under MDpocket62 was used
for identifying pockets and cavities on the reference structure (PDB
entry 1IEP). fpocket, uses a cavity detection algorithm based on
Voronoi tessellation for pocket detection. All identiﬁed pockets were
visualized using VMD,65 and all those grid points that enclose the
region occupied by a type II inhibitor were deﬁned as the reference
pocket for volume calculation. Subsequently, the volume of the pocket
across all kinase structures was calculated using the MDpocket
program. The volume calculation accounts for both the ATP binding
pocket and the allosteric pocket. However, diﬀerences in volume
between PDB entries reﬂect changes in volumes occurring at the
allosteric pocket as the conserved ATP binding which is present in
active and inactive kinase structures is largely invariant.
Classical DFG-Out PDB Data Set Annotation. Each PDB entry
identiﬁed in the study was annotated based on the small molecule
inhibitor bound to the kinase, together with kinase speciﬁc
information. SMILES notation of the inhibitor bound to kinase was
obtained from the PDB, and the CAS registry number was retrieved
using SciFinder. Each PDB entry was also annotated based on the
binding mode of the inhibitor complexed to it. The frequency of
occurrence of each inhibitor, in our data set and the corresponding
PDB entries, to which it is complexed is provided for easy
identiﬁcation of inhibitors bound to multiple kinases structure.
Further, each PDB entry was annotate based on it sequence. The
UniProt identiﬁcation31 for each PDB entry based on its sequence and
the corresponding group and family to which the kinase sequence
belongs are provided in Supporting Information ﬁle S1
(jm501603h_si_001.xlsx). Structural annotations based on the
conformation the αC-helix and the P loop are also provided.
Kinase Assays. In vitro proﬁling of the nine structurally validated
type II inhibitors was carried out against a large kinase panel
comprising 350 recombinant human protein kinases using the
Reaction Biology Corporation “HotSpot” miniaturized kinase assay
platform.
All inhibitors were tested at a concentration of 0.5 μM in the
presence of 10 μM ATP. Brieﬂy, speciﬁc kinase/substrate pairs along

Structural bioinformatics driven analysis of “DFG-out” kinase
conformations in the PDB has revealed the existence of a range
of DFG-out inactive conformations. We ﬁnd that only a subset
of these conformations can accommodate a type II inhibitor.
These correspond to the “classical DFG-out” conformations
identiﬁed by our structural analysis. We provide simple
structural criteria that can be used to identify “classical DFGout” conformations from a range of inactive conformations that
kinases can sample. Although nonclassical DFG-out conformations have the Asp pointing away from the ATP binding pocket,
the allosteric pockets formed subsequent to this rearrangement
have a reduced pocket volume in relation to the corresponding
volume for classical DFG-out conformations. These structures
cannot accommodate a type II inhibitor unless they undergo
additional ligand induced reorganization. In this work we have
also provided statistics concerning the coverage of classical
DFG-out conformations on the human kinome, together with
information about the conformational preferences of key
regulatory structural elements like the αC-helix, and
information about the integrity of the classical ion-pair
interaction and the identity of the gatekeeper residue is
provided as well.
To augment previous large scale kinase inhibitor proﬁling
studies, which are heavily biased toward type I inhibitors,
biochemical proﬁling of nine new structurally validated type II
inhibitors that are commercially available was performed. The
new proﬁling we report here taken together with our previous
study30 constitutes the largest open source of proﬁling data for
structurally validated type II inhibitors derived from a
consistent assay source. The global selectivity trends of type I
and type II inhibitors across many kinases were inferred from
the proﬁling data based on Gini coeﬃcient. The distribution of
Gini coeﬃcients for type II inhibitors based on the current data
supports the conclusion that structurally validated type II
inhibitors are generally more selective than type I inhibitors. It
is likely that the relative contribution to the binding aﬃnity of
the reorganization free energy change associated with the DFGin to DFG-out transition is diﬀerent for diﬀerent kinases. The
overall importance of the DFG-in to DFG-out reorganization
free energy compared with the binding energy in the selectivity
of inhibitors for individual kinases remains to be determined.

Identiﬁcation of Kinase Domain Structures in the Protein
Data Bank (PDB). PSI-BLAST57 was used to search sequences in the
ﬁle PDBAA from the PISCES server.58,59 PDBAA contains the
sequence of every chain in every asymmetric unit of the PDB. The
header line also contains the Swissprot identiﬁer60 (e.g., EGFR_HUMAN) and species for each protein compiled from the SIFTS
database.61 The query consisted of the protein sequence from PDB
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with required cofactors were prepared in base reaction buﬀer: 20 mM
Hepes, pH 7.5, 10 mM MgCl2, 1 mM EGTA, 0.02% Brij35, 0.02 mg/
mL BSA, 0.1 mM Na3VO4, 2 mM DTT, 1% DMSO. Compounds were
delivered into the reaction mixture, followed ∼20 min later by addition
of a mixture of ATP (Sigma) and 33P ATP (PerkinElmer) to a ﬁnal
concentration of 10 μM. Reactions were carried out at 25 °C for 120
min, followed by spotting of the reactions onto P81 ion exchange ﬁlter
paper (Whatman). Unbound phosphate was removed by extensive
washing of ﬁlters in 0.75% phosphoric acid. After subtraction of
background derived from control reactions containing inactive
enzyme, kinase activity data were expressed as the percent remaining
kinase activity in test samples compared to vehicle (dimethyl
sulfoxide) reactions (Figure 10).29

of compounds. This material is available free of charge via the
Internet at http://pubs.acs.org.
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CHAPTER 4
CONFORMATIONAL FREE
ENERGY CHANGES VIA
R-FEP-R METHOD
4.1

Introduction to Conformational Free Energy Calculation

Estimating conformational free energy differences using computational tools
could play a significant role in many areas of biophysics such as enzyme activation, inhibitor specific binding and allosteric effects.[16, 72, 57, 19, 19]
For example, kinases could adopt difference conformational states and each
conformational state can provide different functionality and specific binding
pocket for inhibitors, accurate estimation of the relatvie free energy difference
among these conformational states under difference conditions: phoshorylation state, pH or inhibitor binding is essential for ligand binding, autoinhibition and activation processes of kinases.

Free energy difference be-

tween different conformational states could be obtained taking the population of each conformational state in an Ensemble of structures. From computational biophysics perspective, we could perform a long molecular dy-
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namics (MD) simulation and then collect the population of each conformational state. But for most of the pharmaceutical and biological relevant targets, it is not possible to obtain converged results by using brute-force MD
simulations in time under currently available computational power.[79, 31]
Since free energy is a state function, the conformational free energy difference can be obtained by following the free energy change along a transition
pathway connecting the initial and final states with an umbrella sampling
algorithm.[54, 10, 26, 28] However, sometimes finding a pathway is challenging itself although lots of transition pathway algorithms have been developed in
the last two decades.[53, 8, 76, 11, 14, 4, 75, 78, 59, 44, 34, 35, 6] Furthermore,
the conformational changes along a transition pathway can be much larger
than the conformational difference between the end points. For such transition
pathways, it usually requires many umbrella sampling windows, complicated
reaction coordinates, and long simulation time to obtain converged results. All
those cons lead to a hardly applicability on current pharmaceutical and biological problems in both industrial and academic areas. Wang-Landau sampling
and metadynamics can also be applied to estimate the conformational free
energy differences.[71, 25] These kind of algorithms choose a reduced reaction
coordinate connecting the two target states of the complex system beforehand.
Then biases are added to the Hamiltonian function during the sampling until
the potential of mean force along the reaction coordinate is constant. The
success of Wang-Landau sampling and metadynamics algorithms strongly depends on the subtle choice of the reduced reaction coordinate, which remains
an open question in this field of research for complicated transitions.[66, 36]
Many of the problems at the forefront of computational biophysics involve
simulations of large allosteric conformational changes of proteins, like those
associated with cellular signaling, where intermediate states along the physical transition pathways can differ much more in structure from the initial state
than the final target state does. One such example is the transition of epidermal growth factor receptor kinase from the active conformational state to minimally perturbed DFG-out inactive conformational states(see next chapter);
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the activation loop root-mean-square deviation (RMSD) of activation loop
residues between the active and inactive states is only ∼5 Å, whereas intermediate states along the physical path differ by as much as 9-12 Å.[57, 70]These
biological processes pose a great challenge for the tools currently available to
map free energy landscapes. To address problems of this kind, we introduce in
this Letter a novel method called Restrain Free Energy Perturbation Release
(R-FEP-R) that estimates the conformational free energy difference between
target states without choosing collective variables or knowing transition pathways beforehand. The R-FEP-R method was developed based on the idea of
the dual topology free energy perturbation (FEP) transformation widely used
in relative binding free energy calculations.[19]

4.2
4.2.1

Methods
Relative Binding Free Energy Calculation by Dual
Topology Free Energy Perturbation

The dual topology free energy perturbation method is widely applied to
estimate the binding free energy difference between two ligands that are similar
in structure.[19, 51, 77] The topology file used for the dual topology FEP
simulations contains the topological information of the receptor and the two
ligands of interest. The ligands’ topology can be decomposed into three sets,
the shared set and two dual topology sets. The shared set includes the topology
of the same atoms that are shared by both ligands, and the two dual topology
sets include the topology of the unique atoms of the two ligands respectively.
Suppose that the topology of the first ligand consists of the shared set and
the first dual topology set; and the topology of the second ligand consists of
the shared set and the second dual topology set. At the beginning of the
FEP simulations, the atoms described by the shared set and the first dual
topology set have full interactions with the environment, namely the receptor
and the solvent; while the atoms described by the second dual topology set
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have no interactions with the environment except a linkage with the shared
part of the ligand. Then one decreases the interactions between the atoms
described by the first dual topology and the environment from full effect to
zero by using a series of intermediate states. At the end of this step, the
atoms described by the first dual topology set have no interactions with the
environment except a linkage with the shared part of the ligand. Next one
increases the interactions between the atoms described by the second dual
topology set and the environment from zero to full effect by using another
series of intermediate states. Suppose the free energy change during this whole
procedure is ∆Gc , where the subscript donates that the FEP simulations are
performed when the ligands are a part of the binding complex. One needs
to repeat the same procedure and obtains the free energy change of switching
from the first ligand to the second in pure solvent ∆Gs . Eventually, the binding
free energy difference between these two ligands is estimated by
∆Gb = ∆Gc − ∆Gs .
As can be seen, the atoms described by the first dual topology set change from
real to virtual during the FEP simulations. Therefore, they will be referred to
as the Dual-RV set in the following sections. And the atoms described by the
second dual topology set will be referred to as the Dual-VR set.
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4.2.2

Restrain - Free Energy Perturbation - Release
method

Figure 4.1: Thermodynamic cycles of the Restrain - Free Energy Perturbation
- Release method. The R-FEP-R method can be explained by two thermodynamic cycles. The top horizontal leg ∆G is the conformational free energy
change, where the initial conformational state consists of the shared set and
the Dual-RV set, and the final conformational state consists of the shared
and the Dual-VR set. To estimate ∆G, harmonic restraints are applied to
the Dual-RV and the Dual-VR set first. We use paperclips and angle brackets to present restraints in this figure. The free energy changes of applying
harmonic restraints, ∆G0 and ∆G1 are obtained by two FEP simulations.
Based on the thermodynamic cycle on the top, the conformational free energy
change ∆G can be estimated by the sum of ∆G0 , −∆G1 and ∆G0 , where ∆G0
is the conformational free energy change with restraints. The horizontal leg
in the middle, ∆G0 , is estimated by the bottom thermodynamic cycle. The
two vertical legs in the bottom thermodynamic cycle represent the addition
of the restrained virtual fragments hV Riv and hRV iv to the restrained initial
and final conformational states respectively. We showed that the free energy
changes of adding these two fragments, kB T ln Zvr (0) and kB T ln Zrv (1), are
equal. Therefore, the middle horizontal leg equals the bottom horizontal leg,
which is estimated by a dual topology free energy perturbation calculation.
Finally, the conformational free energy change ∆G is estimated by the sum of
∆G0 , −∆G1 and ∆GD .
The basic idea of the dual topology free energy perturbation method can
be used to estimate conformational free energy change. More specifically,
the conformational free energy change can be calculated by FEP simulations
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that remove those atoms involved in the conformational change from their
initial conformation and grow them back according to the final conformation.
For the sake of simplicity, we explain our Restrain-FEP-Release method by
studying the conformational change of a molecule in implicit solvent model to
avoid explicitly including water molecules in discussion. However, the same
procedure can be used to estimate the conformational free energy change of a
molecule in explicit solvent without alterations.
The atoms of the molecule of intesest can be divided into two sets. The
unique set contains all the atoms that are in different structures before and
after the conformational change, and the shared set contains all the other
atoms of the molecule. Suppose the simulations are in the canonical ensemble,
the conformational free energy change is
Z1
∆G = −kB T ln
Z0
R
R
{dx{s} dy {s} dz {s} } {dx(u) dy (u) dz (u) } exp{−βU }
S1
R
= −kB T ln R
,(4.1)
{s}
{s}
{s}
{dx dy dz } {dx(u) dy (u) dz (u) } exp{−βU }
S0

where β = 1/(kB T ) is the inverse temperature and U is the total potential
energy of the system. {x(s) , y (s) , z (s) } and {x(u) , y (u) , z (u) } are the Cartesian
coordinates of the shared set and the unique set, respectively. The limits of
integration S0 and S1 denote the definition of the initial and the final conformational states.
Before applying dual topology FEP to estimate the conformational free
energy change, we introduce restraints to the unique set to prevent it from
leaving the initial or the final conformational state. For example, one configuration is chosen from the initial conformational state S0 . Then we apply
a harmonic restraint to each dihedral angles of the unique set by using the
dihedral angles of a chosen structure in the initial target state as the reference
values. The partition function for the molecule in conformational state S0 with
restraints is
Z
Z
0
{s}
{s}
{s}
Z0 = {dx dy dz } {dx(u) dy (u) dz (u) } exp{−β(U + Ur (S0 ))} ,

(4.2)
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where Ur (S0 ) is the total restraint potential. Note the limits of integration for
the unique set, S0 , is omitted because we assume that the harmonic restraints
are so strong that the molecule does not leave the conformational state S0 in
a finite simulation. The free energy change of adding these restraints, ∆G0 =
−kB T ln(Z00 /Z0 ) can be obtained by FEP or TI simulations. Similarly, we
apply a harmonic restraint to each dihedral angle of the unique set according
to a chosen structure in the final state S1 and estimate the free energy change
∆G1 = −kB T ln(Z10 /Z1 ) where
Z
Z
0
{s}
{s}
{s}
Z1 = {dx dy dz } {dx(u) dy (u) dz (u) } exp{−β(U + Ur (S1 ))} .

(4.3)

As shown in Fig.(4.1), the conformational free energy change can be estimated
by summing three other legs in the top thermodynamic cycle
Z1
Z0
Z0
Z0
Z1
= −kB T ln 0 − kB T ln 10 − kB T ln 0
Z1
Z0
Z0
0
= ∆G0 − ∆G1 + ∆G ,

∆G = −kB T ln

(4.4)

where

Z10
(4.5)
Z00
is the middle horizontal leg shown in Fig.4.1, which can be estimated by the
∆G0 = −kB T ln

dual topology free energy perturbation method as described below.
Similarly, the atoms in the dual topology FEP simulations can be divided
into three sets. The shared set are the same as defined previously. The DualRV set and the Dual-VR set are copies of the unique set with harmonic restraints Ur (S0 ) and Ur (S1 ) respectively. We run parallel simulations at multiple λ-states, and the partition function of the system at the ith λ-state of the
Dual topology FEP is
Z
{dxdydz} exp{−βU (λi )}
Z
2
= 8π V {drdθdφ}J({x, y, z}, {r, θ, φ})

ZD (λi ) =

× exp{−β(U (s) + U (rv) (λi ) + U (vr) (λi ))} ,

(4.6)
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where U (λi ) is the total potential energy of the system at the ith λ-state. In
the second line of Eq.(4.6, we change the variables of the integration from
Cartesian coordinates to internal coordinates, where J({x, y, z}, {r, θ, φ}) is
the Jacobian determinant. Suppose there are n atoms in the shared set, and
m atoms in the Dual-RV or the Dual-VR set. The variables of the integration
can be written as

Z

Z
{drdθdφ} ∼
Z
×

(s)

(s)

(s)

(s)

(rv)

(rv)

(rv)

(vr)

(vr)

(vr)

dr1 dθ1 dφ1
Z

(s)

(s)

dr2 dr3 dθ3 dr4 dθ4 dφ4 · · · drn(s) dθn(s) dφ(s)
n
(rv)
(rv)
· · · drm
dθm
dφ(rv)
m

(vr)
(vr)
· · · drm
dθm
dφ(vr)
m
Z
Z
Z
{s}
(s)
(s)
(rv)
(rv)
(rv)
∼
{dr dθ dφ } × {dr dθ dφ } × {dr(vr) dθ(vr) dφ(vr)
(4.7)
}.

×

dr1 dθ1 dφ1

(s)

(s)

(s)

(s)

(s)

(s)

The factor 8π 2 V in Eq.(4.6) and the missing of dr1 dθ1 dφ1 dθ2 dφ2 dφ3 in
Eq.(4.7) comes from the fact that the system is allowed to be translated and
rotated freely in a simulation box with volume V . The Jacobian determinant
of this change of variables is [21, 17]
(s) (s)

(s)

J({x, y, z}, {r, θ, φ}) = (r2 r3 · · · rn(s) )2 sin θ3 · · · sin θn(s)
(rv) (rv)

(rv) 2
· · · rm
) sin θ1

(vr) (vr)

(vr) 2
· · · rm
) sin θ1

× (r1 r2
× (r1 r2

(rv)

(rv)
· · · sin θm

(vr)

(vr)
· · · sin θm

= J({r(s) , θ(s) } × J({r(rv) , θ(rv) } × J({r(vr) , θ(vr)(4.8)
},
(rv)

(rv)

where Ubond is the bond length potential; Uangle is the bond angle potential;
(rv)

(rv)

Uproper is the proper torsional potential; Uimproper is the improper torsional po(rv)

(rv)

tential; UvdW is the van der Waals Potential; Uelec is the Coulomb Potential;
(rv)

and Ugb

is the generalized Born potential. As can be seen, when λ changes

from 0 to 1, the interaction energies between the Dual-RV set and the environment and the proper dihedral potential energy of the Dual-RV set change
from the full effect to 0. Similarly, Uvr (λi ) includes the intragroup interaction
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energies of the Dual-VR set itself, its restraint potential and the interaction energies between the Dual-VR set and the environment. U (vr) (λi ) can be written
as
(vr)

(vr)

(vr)

(vr)

(vr)

(vr)

(vr)
U (vr) (λi ) = (Ubond +Uangle +Uimproper +Ur (S1 ))+λi (Uproper
+UvdW +Uelec +Ugb ) ,

(4.9)
where the interaction energies between the Dual-VR set and the environment
and the proper dihedral potential energy of the Dual-VR set increases from 0
to the full effect when λ changes from 0 to 1. Note we use one parameter λ to
control both U (rv) and U (vr) simultaneously. However, the interaction between
the Dual-RV set and the Dual-VR set is always 0 in all the FEP simulations.
The third component U (s) in Eq.(4.6) includes all the other potential energy
terms of the system.
Next we examine the partition functions of the endpoint states. The partition function of the λ = 0 state is
Z
2
ZD (0) = 8π V {drdθdφ}J({x, y, z}, {r, θ, φ}) exp{−β(U (s) + U (rv) (0) + U (vr) (0))}
Z Z
2
= 8π V
exp{−β(U (s) + U (rv) (0))}J({r(s) , θ(s) }{dr{s} dθ(s) dφ(s) }
×J({r(rv) , θ(rv) }{dr(rv) dθ(rv) dφ(rv) }
Z
× exp{−βU (vr) (0))}J({r(vr) , θ(vr) }{dr(vr) dθ(vr) dφ(vr) }
= Zs+rv (0) × Zvr (0) ,

(4.10)

where
Z Z

2

Zs+rv (0) = 8π V

exp{−β(U (s) + U (rv) (0))}J({r(s) , θ(s) }{dr{s} dθ(s) dφ(s) }

×J({r(rv) , θ(rv) }{dr(rv) dθ(rv) dφ(rv) } ,

(4.11)

and
Z
Zvr (0) =
Z
=

exp{−βU (vr) (0))}J({r(vr) , θ(vr) }{dr(vr) dθ(vr) dφ(vr) }
(vr)

(vr)

(vr)

exp{−β(Ubond + Uangle + Uimproper + Ur (S2 ))}
×J({r(vr) , θ(vr) }{dr(vr) dθ(vr) dφ(vr) } .

(4.12)
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Notice that the partition function ZD (0) can be written as a product of
Zs+rv (0) and Zvr (0) because these two partition functions are not correlated,
which becomes obvious after we changed the variables of integration to internal
coordinates. Furthermore, a careful examination reveals that Zs+rv (0) is the
partition function for the molecule in conformational state S0 with restraints,
namely, equivalent to Z00 defined by Eq.(4.2). Therefore, the partition function
of the λ = 0 state can be written as
ZD (0) = Z00 × Zvr (0) .

(4.13)

Similarly, the partition function of the λ = 1 state can be written as
ZD (1) = Z10 × Zrv (1) ,

(4.14)

where
Z10

2

Z Z

= 8π V

(s)
exp{−β(U (s) + U (vr) (1))}J({r(s) , θ(s) }{dr{s} dθ(s) dφ(4.15)
}

×J({r(vr) , θ(vr) }{dr(vr) dθ(vr) dφ(vr) } ,

(4.16)

and
Z
Zrv (1) =
Z
=

exp{−βU (rv) (1)}J({r(rv) , θ(rv) }{dr(rv) dθ(rv) dφ(rv) }
(rv)

(rv)

(rv)

exp{−β(Ubond + Uangle + Uimproper + Ur (S1 ))}
×J({r(rv) , θ(rv) }{dr(rv) dθ(rv) dφ(rv) } .

(4.17)

A comparison of Eq.(4.11) and (4.15) reveals that the only differences between Zrv (1) and Zvr (0) are the terms of the harmonic restraint applied to
the proper dihedral angles of the unique set, namely, Ur (S0 ) and Ur (S1 ). The
two parameters that define a harmonic restraint are the reference value and
the force constant. As the Dual-RV and the Dual-VR sets are both copies
of the unique set of the molecule, we can choose the same force constant for
the same dihedral angle in these two sets. The reference values of the same
dihedral angle in Ur (S0 ) and Ur (S1 ) are usually different because one is determined by a configuration chosen from the conformational state S0 and the
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other is determined by a configuration chosen from state S1 . However, if the
force constant is strong, the integration of a harmonic restraint term in Zrv (1)
or Zvr (0) does not depend the reference value because


Z π
1
2
exp − βkd (φ − φ0 ) dφ
2
−π


Z ∞
1
2
exp − βkd (φ − φ0 ) dφ
≈
2
−∞

 12
2πkB T
=
,
kd

(4.18)

where kd is the force constant and φ0 is the reference value of the harmonic
restraint. Therefore, the two partition functions of the virtual part at the
endpoint states, Zrv (1) and Zvr (0), indeed are equal. Finally, the free energy
difference between the endpoint states of the dual topology FEP is
∆GD = −kB T ln

ZD (1)
Z 0 × Zrv (1)
Z0
= −kB T ln 10
= −kB T ln 10 = ∆G0 .
ZD (0)
Z0 × Zvr (0)
Z0
(4.19)

Combining Eq.(4.4) and Eq.(4.19) yields that the conformational free energy
change can be estimated by these three legs of the thermodynamic cycles
shown in Fig.4.1
∆G = ∆G0 − ∆G1 + ∆GD .

(4.20)
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4.2.3

Calculating the Overall Relative Binding Free Energy on Two Receptor Conformations

Figure 4.2: Thermodynamic cycle of two ligands binding to two distinct conformations of a receptor. States Lx Ry indicates the bound states of ligand x
with receptor conformation y. Lx + Ry represents the unbound states. ∆GAB,1
and ∆GAB,2 are the conformational free energy differences between RA and
RB when binding to two different ligands (L1 and L2 ). ∆G12,A and ∆G12,B
are the relative binding free energy calculated by the Free energy perturbation
when restrained to two different receptor conformation RA and RB . ∆G12,w is
the free energy of the reference perturbation calculation in pure solvent and
∆Gb,1A and ∆Gb,2A are the absolute binding free energy of two ligands L1 and
L2 binding to one receptor conformation RA .
When an inhibitor binds to the protein receptor, there is a possibility that
it binds to the overall relative binding free energy over two binding conformations. Can we obtain ∆∆G12 = ∆Gb,2 − ∆Gb,1 from the four free energies
on the thermodynamic cycle on the right(bold), where ∆∆G12 is the relative
binding free energy between ligands L1 and L2 binding to receptor R. RA and
RB are two distinct conformation of R. ∆Gb,2 and ∆Gb,1 are the absolute
binding free energy of ligands L1 and L2 binding to receptor R.
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∆∆G12 = ∆Gb,2 − ∆Gb,1
[L2 R]
[L1 R]
= −RT ln
+ RT ln
[L2 ][R]
[L1 ][R]
[L2 R][L1 ]
= −RT ln
[L1 R][L2 ]

(4.21)

The relative binding free energy to conformation A between L1 and L2 can
be expressed in a similar way or by the thermodynamic cycle on the left

∆∆G12,A = ∆Gb,2A − ∆Gb,1A
[L2 RA ][L1 ]
= −RT ln
[L1 RA ][L2 ]
= ∆G12,A − ∆G12,w

(4.22)

Where ∆∆G12,A is the relative binding free energy between L1 and L2 binding to receptor conformation RA and ∆Gb,2A and ∆Gb,1A are corresponding absolute binding free energies. The only difference between ∆∆G12 and ∆∆G12,A
comes from [L2 RA ] and [L2 R] (and [L1 RA ] and [L1 R]) where the relation could
derived from ∆GAB,1 (and ∆GAB,2 ), the A → B conformational free energy
difference with ligand L1 bound,
∆GAB,1 = −RT ln

[L1 RB ]
[L1 RA ]

(4.23)

Because receptor R only have two conformations:RA and RB
[L1 R] = [L1 RB ] + [L1 RA ]

(4.24)

the relation between [L1 R] and [L1 RA ] could be obtained from 4.23 and
4.24,
[L1 R] = [L1 RA ] × (1 + e−∆GAB,1 /RT )
similar for [L2 R],

(4.25)
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[L2 R] = [L2 RA ] × (1 + e−∆GAB,2 /RT )

(4.26)

When we put 4.25 and 4.26 into 4.21, we could obtain the overall relative
binding free energy

[L2 R][L1 ]
[L1 R][L2 ]
[L2 RA ][L1 ](1 + e−∆GAB,2 /RT )
−RT ln
[L1 RA ][L2 ](1 + e−∆GAB,1 /RT )
[L2 RA ][L1 ]
(1 + e−∆GAB,2 /RT )
−RT ln
− RT ln
[L1 RA ][L2 ]
(1 + e−∆GAB,1 /RT )
(1 + e−∆GAB,2 /RT )
∆∆G12,A − RT ln
(1 + e−∆GAB,1 /RT )
(1 + e−∆GAB,2 /RT )
∆G12,A − ∆G12,w − RT ln
(1 + e−∆GAB,1 /RT )

∆∆G12 = −RT ln
=
=
=
=

4.3
4.3.1

(4.27)

Validation and Application
Alanine-dipeptide

First we applied the R-FEP-R method to estimate the conformational free
energy change of an Alanine Dipeptide molecule (AlaD) in water. Fig.4.3
shows the ramachandran plot of AlaD. We define the region (−180 < φ < 0
and 120 < φ < 180) as the initial conformational states; and the region
(0 < φ < 120 ) as the final conformational state. As can be seen, the initial conformational state contains the αR , C5 and β free energy basins. The
final conformational state contains the αL and C7ax basins. Based on the temperature RE simulation results, the free energy difference between the initial
and final conformational states is 2.91 ± 0.06 kcal/mol, which serves as the
benchmark. The free energy difference of 2.91 ± 0.06 kcal/mol corresponds to
a 131 times fold enhancement of the population in the αR + C5 + β free energy
basins relative to the αL + C7ax free energy basin.
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To apply R-FEP-R, the C terminal, Cα atom and its side chain are grouped
together as the unique set; and two copies of the unique set in different conformational states — Dual-RV and Dual-VR — are included in the system (See
Fig.(4.3)). The N terminal of AlaD and water are defined as the shared set.
We then chose one configuration each from the αR and the C7ax basins for the
references and apply harmonic restraints to the dihedral angles before running
the dual topology FEP simulations. The free energy changes of restraint, FEP
and release are listed in Table.4.1 as the calculation #1. The conformational
free energy difference between the initial and final states estimated by the RFEP-R method is 2.96±0.07 kcal/mol, which agrees with the benchmark with
the statistical error which is small. To clarify that the free energy difference
estimated by the R-FEP-R method does not depend on the configurations
that we choose for the reference of harmonic restraints, we redid the R-FEP-R
calculations but the reference configuration of the restraint for the initial state
was chosen from the C5 basin instead of the αR basin. The results are listed
in Table.4.1 as the calculation #2. Compared with the calculation #1, the
difference in the restraint procedure (∆G0 ) is canceled by the difference in the
dual topology FEP (∆GD ) so that the final result of the second R-FEP-R calculation also match the benchmark. The total computation times of running
temperature RE (The benchmark) and R-FEP-R (calculation #1 and #2) are
4900 ns and 930 ns respectively. Suppose the magnitude of uncertainty is pro√
portional to 1/ n, where n is the total number of data. The R-FEP-R method
is approximately 5 times more efficient than the temperature RE method in
the calculation of conformational free energy changes.
#
∆G0
∆G1
∆GD
∆G
1 3.12 ± 0.02 −4.23 ± 0.01 4.07 ± 0.06 2.96 ± 0.07
2 3.48 ± 0.02 −4.23 ± 0.01 3.60 ± 0.02 2.85 ± 0.03
Table 4.1: Free energy changes of each step in the R-FEP-R calculations for
AlaD.
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Figure 4.3: Ramachandran plot of AlaD. The region with the ivory background is the initial conformational state; and the region with the sky blue
background is the final conformational state. Before running the dual topology
FEP, we choose one configuration each from the αR and the C7ax basins for
the references and apply harmonic restraints to the dihedral angles. The AlaD
molecule on the top left side represents a configuration sampled at the λ = 0
state. The Dual-RV set (colored) is real; and the Dual-VR set (monochrome)
is virtual. The AlaD molecule on the top right side represents a configuration
sampled at the λ = 1 state. The Dual-RV set (monochrome) is virtual; and
the Dual-VR set (colored) is real.

4.3.2

T4-lysozyme

Next we applied the R-FEP-R method to estimate the conformational free
energy change of a sidechain in the active site T4 lysozyme. T4 lysozyme is
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a well-known model system for the study of ligand induced conformational
transitions. As shown in Fig.(4.4), the side chain dihedral angle χ of residue
Val111 rotates from 180◦ (trans) to −60◦ (gauche+) upon ligand binding.
Mobley et al. proposed a method called “Confine-and-Release” to obtain the
correct binding free energy for the binding complex with ligand induced conformational changes.[41] The first step of the “Confine-and-Release” method
is to estimate the free energy difference between the trans and gauche+ states
of T4 lysozyme without the ligand. The free energy profile constructed by the
Umbrella Sampling simulations is shown in Fig.(4.4), where the reaction coordinate is the the side chain dihedral angle χof residue Val111. We define the
region −180◦ < χ < −150◦ and 150◦ < χ < 180◦ as the trans conformational
state, and the region −90◦ < χ < −30◦ as the gauche+ conformational state.
The free energy difference between these two states is 1.63 ± 0.07 kcal/mol,
which serves as the benchmark. In the calculation of R-FEP-R, the side chain
of the residue Val111 is defined as the unique set; and all the other atoms
of T4 lysozyme L99A and water are the shared set. We chose one configuration each from the trans and the gauche+ basins for the references and apply
harmonic restraints to the dihedral angles of the Dual-RV and Dual-VR sets
respectively. The dual topology FEP was run to remove the Dual-RV set and
simultaneously grow the Dual-VR set by using 15 λ-states. In this R-FEP-R
calculation, the restraint, FEP and release procedures were coupled by the
Hamiltonian replica exchange algorithm to accelerate the convergence. The
R-FEP-R estimate for the conformational free energy change of T4 lysozyme
L99A is 1.64 ± 0.03 kcal/mol, which matches with the benchmark very well.
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Figure 4.4: Conformational change of T4 lysozyme L99A. Upon ligand binding,
the side chain dihedral angle χ of residue Val111 rotates from the trans state to
the gauche+ state to avoid clash. Dependence of the free energy and potential
energy on the side chain dihedral angle χ for the apo enzyme. The region with
the red background is the trans state; and the region with the blue background
is the gauche+ state.
Intuitively, forcing the structure in a high free energy region by the additional bias potential in umbrella sampling would induce a perturbation to
the residues and water molecules around the conformatinal change. To obtain
the converged result, the system has to overcome the perturbation and come
back to the equilibrium state which slows down the convergence. When the
intermediate states along the path is very biased and system cannot reach the
equilibrium state or cannot correctly sample the equilibrium state in the limited simulation time, significant convergence problem would be observed thus
leads to an inaccurate measurement. To study the effect of physical pertur-
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bation caused by the conformational transition to the surroundings, we have
measured the difference between of RMSFs of the residues around Val111 in
barrier state of umbrella sampling calculation and in the intermediate state
(λ = 0.5) of R-FEP-R calculation, and compare that with the difference between of RMSFs of the initial state and intermediate state in R-FEP-R calculation which serves as the thermal fluctuation. A significant difference can be
observed in figure 4.5 which indicates a perturbation of the surroundings in the
intermediate states of umbrella sampling calculation but not in the R-FEP-R
calculation.

Figure 4.5: The difference between of RMSFs of the residues around Val111
in barrier state of umbrella sampling calculation and in the intermediate state
(λ = 0.5) of R-FEP-R calculation(blue) compared with the thermal fluctuation
(orange)

4.3.3

Conformational Selective Binding of Cdk2 Kinase

In recent years, protein-inhibitor binding free energy prediction begin to
play a crucial role in the lead optimization step in industrial structure-based
drug discovery. In the general procedure of lead optimization, a crystal structure of the lead molecule with the protein target is highly recommended as
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the initial configuration for the free energy perturbation (FEP) calculation.
If an exact crystal structure is not available, other structures from the same
species could also be used while it could render an inevitable systematic error. Besides, advances in crystallography and Cryo-EM result in an increasing
number of structures of disease related proteins which could be served as initial
receptor conformation for FEP calculation. New questions has also emerged
where multiply receptor conformational states could be found for one target
and same ligand could be found in multiple different conformational states of
one species. How to prioritize the receptor conformations in free energy calculation for different leads? Are those states interchangeable in the simulation
time limit? How to we control it? Would the mutation in lead optimization
changes conformational preferences? Most importantly, how do we measure
and control the error of the overall relative binding free energy difference if
the analogues of the lead molecule prefers different conformational states?
A simple and intuitive solution is to conduct the FEP calculation under
all conformational states to where the molecule interested is able to bind.
However, the information of the relative binding free energy value under each
conformation cannot be used directly and may create more difficulties because
it does not provide the information about the conformational preferences. For
example in crystal structure, Roniciclib is found in CDK2 kinase’s src/cdk like
inactive conformation with the DFG’s Phe residue in Gauche+ conformation,
while its close analog which substitute the trifloro-methyl- group by a bromogroup, is found in the same kinase’s src/cdk like inactive conformation with
the DFG’s Phe residue in Trans conformation. In this case, comparing the
relative binding free energy value under each conformation would be misleading, because neither considers the conformation changes upon different ligand
binding. The free energy difference between two different conformational states
with the same ligand bound which connect two relative free energies under each
conformation is a necessity to obtain the overall relative binding free energy
between these two ligands.
Finally, we have applied the R-FEP-R method to estimate the free energy
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changes of two sub-conformational states of src/cdk like inactive conformation
of the cdk2 kinase. Src/cdk like inactive conformation is the most observed in
Src family kinases and cdk family kinases. With a one turn helical structure
in the activation loop and a salt bridge between the tilted αC helix and the
activation loop, the src/cdk like inactive conformation adopt a relative stable
activation loop conformation compared to other inactive structures. In src and
EGFR kinases, the χ1 torsion of Phe in DFG motif is observed in Gauche+
conformation, while in cdk2 and BRAF kinases, the χ1 torsion of Phe in DFG
motif could adopt both Trans and Gauche+/- conformation which indicates
a relative similar propensity in both structures. We have compared two PDB
structure, 5IEV and 5IEX, which adopt Gauche+ and Trans conformation with
the binding of two slightly different inhibitors. Because all other crystallization
conditions are the same, the two sub-conformation of src/cdk like inactive
conformation should be caused by the inhibitor binding effect.
Here, we have constructed a series of FEP simulations to study the inhibitorinduced conformational change and conformational selective binding of kinase
inhibitors. As shown in Fig.(4.7), two ligands R0N (Roniciclib) and 6AF are
combining with two sub-conformations of src/cdk like inactive conformation
to form the thermodynamic cycle. The horizontal legs, which is the conformational free energy difference of two protein conformations bound with two
inhibitors, are conducted using the R-FEP-R method and the vertical leg,
which is the relative binding free energy difference between inhibitors at fixed
protein receptor conformation, are calculated based on conventional FEP. The
coloring shows the inhibitor and protein’s original structure in which the green
indicates a tri-floro-methyl group in the Roniciclib and Gauche+ conformation of the DFG-phe residue, while red color represents a Bromide group of
the other inhibitor (6AF) and Trans conformation of the DFG-phe. The other
two bound structure, upper-right and lower left are the combined structure
with their inhibitors and its counterpart’s protein receptor.
Due to the increased complexity of the conformational difference in between
the two protein structures, we have set up a protocol to analyze the difference
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of the two structures to better determine the atoms used as dual topology in
the R-FEP-R method(horizontal legs). Firstly, we have performed the protein
structure alignment using Theseus, which could minimize the RMSD of the
well-superimposed regions. Secondly, we have calculated both the CA atoms
distances of each residue and all backbone torsions angle differences between
two receptor structures and plotted it with respect to the residue number (see
4.6). With a cut-off criterion at 1 (Å/rad), the P-loop and DFG motif are
presented as the structurally different regions. Lastly, we visually analyzed
the structures to make a final decision, In this step, the P-loop region is not
selected for dual topology for the following reasons, 1. P-loop is not the region
which is of interest. The difference in P-loop contains a motion of transformation while the difference in DFG motif presents a significant sidechain
conformational change where the Phe side chain occupies a different pocket.
2. P-loop is a flexible loop with a relative large B-factor compared to the DFG
motif. 3. P-loop conformational changes are induced directly by two different
inhibitors because the two different functional groups are located far from the
P-loop. 4. The simulation would converge faster with the fewer atoms being
coupled/decouple in FEP. Thus, we have selected the atoms in residues ADFG
on the activation loop as the dual topology set and the rest of the system as
the shared set.
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Figure 4.6: RMSD and φψ difference analysis between two different conformations of cdk2 kinase
The results of the four alchemical simulations are shown in black in Fig.4.7.
The relative binding free energy difference between R0N and 6AF in the
DFG-Phe Gauche+ binding environment and DFG-Phe Trans binding environment are calculated 0.26 ± 0.17 kcal/mol and −1.28 ± 0.46 kcal/mol.
The result agrees with the observations very well because both PDB states
are favored. The R-FEP-R conformational free energy difference of Gauche+
and Trans conformational states with R0N and 6AF inhibitor binding are
calculated −0.59 ± 0.37 kcal/mol and −1.92 ± 0.63 kcal/mol, both favoring
the Trans state to varying degrees. In the condition of 6AF binding, the result agrees with the PDB observation, While with the R0N binding, the result
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−0.59±0.37 kcal/mol which favors the Trans conformational state as well and
tolerantly disagree with the PDB observation. The crystallization packing effect might cause this disagreement, the difference in solution compositions in
simulation/crystallization or the force field parameters used in the simulations
may result in the inconsistency as well.
One thermodynamic cycle is required to be closed (∆∆G = 0) when all
simulations constructing the cycle are converged. In the kinase example, the
free energy summation (∆∆G) is calculated as 0.21 ± 0.88 which is very close
to 0 and definitely in the error range. We could still force the cycle to close by
using a simple statistical model.[72] In Fig.4.7, the results in the closed cycle
are shown in blue. Once we have the closed thermodynamic cycle, we can
obtain the overall relative binding free energy, −1.04 kcal/mol, based on 4.27.
It is clear that the Trans state, which is favored with the binding of either
inhibitor, poses a larger effect on the overall relative binding free energy.

Figure 4.7: The thermodynamic cycle of two inhibitors binding to two kinase
conformations. The black numbers are the free energies (and standard errors)
obtained from the RBFE or R-FEP-R calculation while the blue one is the most
likely results based on the fact that the cycle was closed. The conformations
(Gauche+ and Trans) and inhibitors (R0N and 6AF) are colored according to
the coloring in the protein conformation. The upper-left bound conformation
is the crystall structure PDB:5IEV and The lower-right bound conformation
is the crystall structure PDB:5IEX. All numbers are with units in kcal/mol.
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Figure 4.8: The thermodynamic cycle to study the relative binding free energy
differences of two ligands with consideration of two receptor binding configurations. The dual x-axis are conformational free energies between two receptor conformations with different ligands bound. Because of the cycle closure,
when relative binding free energies calculated are fixed, the two conformational
free energies would differ by a constant. Our overall relative binding affinity
calculated are plotted in green. The value is closed to the relative binding
affinity under the Trans conformation because both ligands favor the Trans
conformation.
In the crystal structures, ligand R0N are selectively bound to the Gauche+
conformation while the other very similar ligand 6AF selects the Trans conformation. However, in the simulation, the Trans conformation is preferred
by both ligands with different magnitudes. Because of the dominance of the
Trans conformation, the overall relative binding free energy obtained from the
thermodynamic cycle, −1.04 kcal/mol, is closer to the relative binding free
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energy calculated upon the Trans conformation only, −1.22 kcal/mol. Suppose we have changed the results of two R-FEP-R calculations from −0.55 and
−2.02 to 0.45 and −1.02 which would agree with the structure observation,
the overall binding free energy would be −0.63 which is significantly different
from both calculated relative binding free energies. A comprehensive understanding of how overall relative binding affinity is affected by the receptor’s
conformational preferences is plotted in figure4.8. The overall relative binding
affinity would be the most sensitive to the receptor’s conformational preference when both conformational preferences upon two inhibitors binding are
not significant, in another word, close to 0. While when either conformational
state is predominant, the overall relative binding affinity could be very close
to the corresponding relative binding free energy. Our simulation result is
relatively close to the relative binding affinity in Trans conformation thus the
overall relative binding free energy is close to the relative binding free energy
in the Trans state as well.

4.4

Conclusion

In this section, we introduce a method called R-FEP-R (Restrain - Free
energy perturbation - Release) to estimate conformational free energy differences via an alchemical path. The R-FEP-R method was developed based on
the dual topology free energy perturbation method that is widely used to estimate the relative binding free energies of two ligands. To be more precise, the
conformational free energy change is calculated by free energy perturbations
that remove those atoms involved in the conformational change from their initial conformational state and simultaneously grow them back according to the
final conformational state. After a brief review of the original dual free energy
perturbation method, we showed theoretically that the R-FEP-R method can
be applied to calculate conformational free energy differences. Then the RFEP-R method was tested for conformational changes for two model systems,
alanine dipeptide and a sidechain in the active site of T4 lysozyme, and a
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real problem: inhibitors binding to two kinase conformations. For the model
systems, the conformational free energy differences estimated by the R-FEP-R
method agree with the benchmark very well. Compared with other popular biased sampling algorithms such as Umbrella Sampling and Metadynamics, the
advantages of the R-FEP-R method are that the transition pathways or predetermined reaction coordinates that connect the two conformational states
are not required and for some problems R-FEP-R may introduce a smaller
perturbation to the system. Although temperature RE simulations can also
be used to obtain the conformational free energy differences without transition
pathways or reaction coordinates, the AlaD example suggests that the R-FEPR method may be more efficient than temperature RE in the calculation of
conformational free energy changes at least in some cases. It will be challenging to use R-FEP-R to calculate conformational free energy changes when the
dual atom set specified by the dual topology is large and the Dual-RV and the
Dual-VR atom sets do not overlap in space, because it is difficult to slowly
grow or annihilate a large collection of atoms in solution. However, when the
dual set contains a large number of atoms, if the conformational difference between the initial and final ensembles containing the dual atoms is smaller than
the conformational changes that are associated with the physical transition
paths, we expect that calculating conformational free energy differences along
alchemical paths designed to take advantage of the dual topology framework
will be more efficient than using a physical path to determine the corresponding free energy changes. For the real problem, the R-FEP-R together with the
RBFE calculations construct an all alchemical thermodynamic cycle to study
the conformational selection of two different inhibitors. The cycle are well
closed based on the results of R-FEP-R and RBFE calculations and the results suggest a universal preference towards the Trans conformation. Besides,
with the cycle obtained, we have calculated the overall relative binding free
energy between two ligands.
The use of alchemical paths to calculate conformational free energy changes,
although different from our approach based on the dual topology framework
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described here, has been proposed previously.[50] The ability to calculate free
energy differences for large allosteric conformational changes of proteins like
those associated with cellular signaling of various kinds remains an unsolved
problem. There is considerable room left to explore different ways to construct alchemical paths for larger conformational free energy changes with the
objective of accelerating their convergence. Additionally, with the R-FEPR methods, we could obtain more detailed results about the conformational
selective binding with an all alchemical thermodynamic cycle.

4.5

Discussion about R-FEP-R Settings

To obtain an accurate and converged result of conformational free energy,
the way how the dual topology are set up are crucial. There are three important features needed. The first one is the definition of shared set and
dual topology set. The theoretical definition of the dual topology set are the
atoms differ in conformations between the two structure. It becomes much
trickier when applied to a real problem. In reality, there is no exactly the
same structures, even two most similar structures would have a RMSD of
0.2 Å. Generally, we perform a RMSD calculation of all the residues on two
pre-aligned structures and determine the set of residues/atoms are highly different in conformation. Then, by visual examination, we have to decide which
residues/atoms are crucial for the conformational transition we are interested
in and which residues/atoms are able to equilibrate in the simulation time.
The residues/atoms which have high RMSD difference and complex conformational transition would be considered as the dual topology atoms, the ones
differ in space by far from the intereted region could be omitted at the beginning. Because the shared atoms could only come from one structure and the
unnatural state which composed of different shared set and real dual topology
set would be disfavored in limited simulation time, we would like to cover as
much conformational difference in the dual topology set as possible, but for the
sake of computational cost, R-FEP-R anticipates as less dual topology atoms
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as possible. Thus there is a compensation between the accuracy (more dual
topology atoms) and cost (less dual topology atoms of R-FEP-R method.
The second feature of the system setup is the harmonic torsion restraints
applied to ensure the convergence in the dual topology FEP calculation. In
general, there is a trade-off between the accuracy (more restraints) and cost
(less restraints) as well. Besides, to obtain the correct value to bias on, one
should conduct a MD simulation to obtain the trajecory-averaged value of
each torsion or perform multiple simulated annealing calculations to obtain
an equilibrated value of each torsion. The force constants are not necessarily
large but should be in the same range of proper torsion angles.
Similar to other FEP calculatinos, the last feature which would affect the
accuracy and efficiency of R-FEP-R is how to set up the lambda values to ensure a good overlap of potential energy difference between two adjacent states.
If hamiltonian replica exchange would be applied with the FEP calculation,
extra care should be paid to ensure the overlap of the potential energy of
two adjacent states. Considering the importance of steric interaction for a
physical charge interaction, soft-core electrostatic interaction or safe Van Der
Waals interaction decoupling should be used. And it would be much safer and
more efficient if the program support the separation of the atoms groups and
independent control the coupling/decoupling.

4.6

Appendix I: system setup for R-FEP-R
calculation

All simulations were performed using the GROMACS (v2016.3) simulation
package.[2] For the validation calculation of Ala-dipeptide and T4 Lysozyme,
MD simulations each system was prepared at 300 K by running 1) 5000 steps
of energy minimization, 2) 50,000 steps equilibration under a NVT ensemble, and 3) 500,000 steps of equilibration under a NPT ensemble before the
production . The step size of MD simulations was 2 f s with the SHAKE con-
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straint algorithm. Long-range electrostatic interactions were computed by the
PME method. To calculate the conformational free energy change of AlaD, a
single AlaD molecule was solvated in 880 TIP3P water molecules in an octahedron box. The clearance on each side of the solute is 1.2 nm. OPLS-AA
force field[22] were used and the production MD simulations were run under a
NVT ensemble using the leap-frog stochastic dynamics integrator. The time
constant for the temperature coupling (tau-t) is 1.0 ps. The benchmark was
obtained by running temperature replica exchange simulations with 7 temperatures ranging from 300 K to 350 K (300 K, 307 K, 315 K, 322 K, 330 K,
339 K, 350 K). Before running the dual topology FEP, the force constants of
the harmonic restraints applied to the φ and F dihedral angles of AlaD was
increased from 0 to 239 kcal/mol by using 8 λ-states. The chosen λ values
are 0.0, 0.004, 0.05, 0.2, 0.4, 0.6, 0.8, 1.0. There are 15 λ-states in the dual
topology FEP simulations. The chosen λ values are 0.0, 0.02, 0.05, 0.1, 0.15,
0.24, 0.35, 0.5, 0.65, 0.76, 0.85, 0.9, 0.95, 0.98, 1.0. To calculate the conformational change of T4 Lysozyme, the T4 lysozyme molecule was solvated in
13329 TIP3P water molecules in an octahedron box. The clearance on each
side of the solute is 1.2 nm. AMBER99SB-ildn force field[29] were used and
the production MD simulations were run under a NPT ensemble using the
leap-frog stochastic dynamics integrator and the Parrinello-Rahman pressure
coupling. The time constant for the temperature coupling (tau-t) is 1.0 ps,
and the time constant for the pressure coupling (tau-p) is 2.0 ps. The benchmark was obtained by running umbrella sampling with 26 windows covering
the Val111 χ1 space. The US simulations were coupled by replica exchange to
accelerate the convergence. In the R-FEP-R calculations, the force constants
applied to the χ1 dihedral angles of Val111 increase from 0 to 239 kcal/mol
by using 8 λ-states. The chosen λ values are 0.0, 0.004, 0.05, 0.2, 0.4, 0.6, 0.8,
1.0. There are 15 λ-states in the dual topology FEP. The chosen λ values are
0.0, 0.02, 0.05, 0.1, 0.15, 0.24, 0.35, 0.5, 0.65, 0.76, 0.85, 0.9, 0.95, 0.98, 1.0.
All three steps — restraint, FEP, release — were coupled by replica exchange
to accelerate the convergence. The FEP simulation data were analyzed by
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UWHAM.[63]
For the R-FEP-R calculation of cdk2 kinase, everything is set up the same
as T4 lysozyme example except the following ones: 1) All equilibrium simulations are running with positional restraints on all backbone atoms with 10
kcal/mol/AA2 to ensure the well equilibrated water in bulk and binding site.
2) Residues Asp and Phe from DFG-motif are selected as dual topology atoms,
and the φ ψ χ ω torsion angle of both residues are used to restrain the dual
topology atoms. 3) The restraining and releasing steps are performed with
4 lambdas 0.0, 0.04, 0.3, 1.0 4) 5ns production simulation are performed for
each lambda state simulation, and hamiltonian replica exchange calculation
are adopted for dual topology FEP step in R-FEP-R.
The flowchart shown in Fig.(4.9) indicates the general procedure of a
R-FEP-R calculation preparation. The first step when performing R-FEPR calculation is to identify the differences between the two conformational
states and determine the key and subjective conformational differences between them. Commonly, a simple pairwise per-residue RMSD calculation
could be performed and the residues with large RMSD differences (RLD)
could be identified but setting up a cut of 1 Å. If the RLD involves only
a few residues, all RLD should be included in the dual topology set. While
if the two conformational states are different in many residues, crucial conformational differences and subjective conformational differences should be
separated and treated individually. A proper treatment of subjective conformational difference in the shared atom set is necessary for a good convergence
of the simulation but we have not come up with a general solutions yet. Dual
topology atoms are defined as atoms which have the crucial conformational
difference, and the rest would be regarded as the shared atoms. Although it
is not a great influence where the dihedral restraints of dual topology atoms
are applied and it would be the most efficient if it could be restrained at its
own thermo-equilibrium positions. Here we could perform serveral copies of
simulated annealing calculations and obtain the restraint positions from the
distributions of the last structures of all simulations.

90
The next step is to set up a proper lambda series to optimize the efficiency
of the whole R-FEP-R calculation. Similar to REMD and conventional FEPs,
a good set of lambdas should ensure the exchange rate between adjacent lambdas 10-15 %. Like the conventional FEP, there are several different ways to
couple/decouple the energy terms: 1) decouple Charge - exchange Vdw/Bond
- couple charge. 2) couple Vdw - exchange Charge/Bond - decouple Vdw. 3)
exchange Vdw/Charge/Bond simulaneously with Coulomb softcore. Based on
current works, there is no clear advantage observed of any of them over the
rest. Lastly, the dual topology FEP calculation could be conducted and just
like conventional FEP and analyze by bar or UWHAM.[64, 5]

Figure 4.9: A general flowchart describing how R-FEP-R calculation is
prepared.
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ABSTRACT: We introduce a novel method called restrain−free energy perturbation−
release (R-FEP-R) to estimate conformational free energy changes via an alchemical path,
which for some conformational landscapes like those associated with cellular signaling
proteins in the kinase family is more direct and readily converged than the corresponding
free energy changes along the physical path. The R-FEP-R method was developed from
the dual topology free energy perturbation method that is widely applied to estimate the
binding free energy diﬀerence between two ligands. In R-FEP-R, the free energy change
between two conformational basins is calculated by free energy perturbations that
remove those atoms involved in the conformational change from their initial
conformational basin while simultaneously growing them back according to the ﬁnal
conformational basin. Both the initial and ﬁnal dual topology states are unphysical, but
they are designed in a way such that the unphysical contributions to the initial and ﬁnal partition functions cancel. Compared
with other advanced sampling algorithms such as umbrella sampling and metadynamics, the R-FEP-R method does not require
predetermined transition pathways or reaction coordinates that connect the two conformational states. As a ﬁrst illustration, the
R-FEP-R method was applied to calculate the free energy change between conformational basins for alanine dipeptide in
solution and for a side chain in the binding pocket of T4 lysozyme. The results obtained by R-FEP-R agree with the benchmarks
very well.

C

biases are added to the Hamiltonian function during the
sampling until the potential of mean force along the reaction
coordinate is constant. The success of Wang−Landau sampling
and metadynamics algorithms strongly depends on the choice
of the reduced reaction coordinate, which remains an open
question in this ﬁeld of research for complicated transitions.27,28 Many of the problems at the forefront of
computational biophysics involve simulations of large allosteric
conformational changes of proteins, like those associated with
cellular signaling, where intermediate states along the physical
transition pathways can diﬀer much more in structure from the
initial state than the ﬁnal target state does. One such example is
the transition of epidermal growth factor receptor kinase from
the active conformational state to one of the many inactive
conformational states; the root-mean-square deviation
(RMSD) between the active and inactive states is only ∼3.7
Å, whereas intermediate states along the physical path diﬀer by
as much as 9−12 Å.3,29 These processes pose a great challenge
for the tools currently available to map free energy landscapes.
To address problems of this kind, we introduce in this Letter a
novel method called restrain−free energy perturbation−release
(R-FEP-R) that estimates the conformational free energy

onformational free energy diﬀerences play an essential
role in many areas of biophysics, such as enzyme
activation, inhibitor speciﬁc binding, and allosteric eﬀects.1−5
The straightforward way to estimate the conformational free
energy diﬀerences is to run a long molecular dynamics (MD)
simulation and collect the population of each conformational
state. However, if the average ﬁrst passage time or the
relaxation time of the system is long compared with the times
that are accessible given the available computational power, it
is not possible to obtain converged results by using brute-force
MD simulations.6,7 Because free energy is a state function, the
conformational free energy diﬀerence can be obtained by
following the free energy change along a transition pathway
connecting the initial and ﬁnal states with an umbrella
sampling algorithm.8−11 However, sometimes ﬁnding a pathway is challenging itself although lots of transition pathway
algorithms have been developed in the last two decades.12−24
Furthermore, the conformational changes along a transition
pathway can be much larger than the conformational diﬀerence
between the end points. For such transition pathways, it
usually requires many umbrella sampling windows and long
simulation time to obtain converged results. Wang−Landau
sampling and metadynamics can also be applied to estimate the
conformational free energy diﬀerences.25,26 These kind of
algorithms choose a reduced reaction coordinate connecting
the two target states of the complex system beforehand. Then
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whole procedure is ΔGc, where the subscript denotes that the
FEP simulations are performed when the ligands are a part of
the binding complex. One needs to repeat the same procedure
and obtain the free energy change of switching from the ﬁrst
ligand to the second in pure solvent ΔGs. Eventually, the
binding free energy diﬀerence between these two ligands is
estimated by

diﬀerence between target states without choosing collective
variables or knowing transition pathways beforehand. The RFEP-R method was developed based on the idea of the dual
topology free energy perturbation (FEP) transformation in
relative binding free energy calculations.4
The dual topology free energy perturbation method is
widely applied to estimate the binding free energy diﬀerence
between two ligands that are similar in structure.4,30,31 The
topology ﬁle used for the dual topology FEP simulations
contains the topological information on the receptor and the
two ligands of interest. The ligands’ topology can be
decomposed into three sets: the shared set and two dual
topology sets. The shared set includes the topology of the same
atoms that are shared by both ligands, and the two dual
topology sets include the topology of the unique atoms of the
two ligands, respectively. Suppose that the topology of the ﬁrst
ligand consists of the shared set and the ﬁrst dual topology set
and the topology of the second ligand consists of the shared set
and the second dual topology set. At the beginning of the FEP
simulations, the atoms described by the shared set and the ﬁrst
dual topology set have full interactions with the environment,
namely the receptor and the solvent, while the atoms described
by the second dual topology set have no interactions with the
environment except a linkage with the shared part of the
ligand. Then one decreases the interactions between the atoms
described by the ﬁrst dual topology set and the environment
from full eﬀect to zero by using a series of intermediate states.
At the end of this step, the atoms described by the ﬁrst dual
topology set have no interactions with the environment except
a linkage with the shared part of the ligand. Next (or
simultaneously) one increases the interactions between the
atoms described by the second dual topology set and the
environment from zero to full eﬀect by using another series of
intermediate states. Suppose the free energy change during this
ΔG = − kBT ln
= − kBT ln

ΔG b = ΔGc − ΔGs

(1)

As can be seen, the atoms described by the ﬁrst dual topology
set change from real to virtual during the FEP simulations.
Therefore, they will be termed the dual-RV set in this Letter.
The atoms described by the second dual topology set will be
termed the dual-VR set.
The basic idea of the dual topology free energy perturbation
method can be used to estimate conformational free energy
change. More speciﬁcally, the conformational free energy
change can be calculated by FEP simulations that remove
those atoms involved in the conformational change from their
initial conformational basin and grow them back according to
the ﬁnal conformational basin.
The atoms of the molecule of interest can be divided into
the shared set and the dual set by comparing two
conformations representative of the initial and ﬁnal conformational states. For simple cases, this can be done by inspection.
For more complicated cases, one approach is to align the two
conformations and calculate the root-mean-square deviation
(RMSD) of atomic positions. The dual set can be chosen to
contain all the atoms that have contributions to the RMSD
signiﬁcantly larger than the thermal ﬂuctuations, and the
shared set contains all the other atoms of the molecule. In the
canonical ensemble, the conformational free energy change is

Z1
Z0

∫ {dx(w)dy(w)dz(w)} ∫ {dx(s)dy(s)dz(s)} ∫S {dx(d)dy(d)dz(d)}exp{−βU}
1

∫ {dx(w)dy(w)dz(w)} ∫ {dx(s)dy(s)dz(s)} ∫S {dx(d)dy(d)dz(d)}exp{−βU}
0

Z0′ =

where β = 1/(kBT) is the inverse temperature and U is the
total potential energy of the system. {x(w), y(w), z(w)}, {x(s), y(s),
z(s)}, and {x(d), y(d), z(d)} are the Cartesian coordinates of the
solvent (water), the shared set, and the dual set, respectively.
The limits of integration S0 and S1 denote the deﬁnition of the
initial and the ﬁnal conformational states (free energy basins).
Before applying dual topology FEP to estimate the
conformational free energy change, we introduce restraints to
the dual set to prevent it from leaving the initial or the ﬁnal
conformational state and also to accelerate convergence of the
FEP simulations along the λ coordinate. For example, one
conﬁguration is chosen from the initial conformational state S0.
Then we apply a harmonic restraint to each dihedral angle of
the dual set by using the dihedral angles of a chosen structure
in the initial target state as the reference values. The partition
function for the molecule in conformational state S0 with
restraints is

∫ {dx(w)dy(w)dz(w)} ∫ {dx(s)dy(s)dz(s)}
∫ {dx(d)dy(d)dz(d)}exp{−β(U + Ur(S0))}

(2)

(3)

where Ur(S0) is the total restraint potential. Note the limits of
integration for the dual set, S0, is omitted because we assume
that the harmonic restraints are so strong that the molecule
does not leave the conformational state S0 in a ﬁnite
simulation. The free energy change of adding these restraints,
ΔG0 = −kBT ln (Z′0/Z0) can be obtained by FEP simulations.
Similarly, we apply a harmonic restraint to each dihedral angle
of the dual set according to a chosen structure in the ﬁnal state
S1 and estimate the free energy change ΔG1 = −kBT ln (Z1′/
Z1) where
Z1′ =

4429

∫ {dx(w)dy(w)dz(w)} ∫ {dx(s)dy(s)dz(s)}
∫ {dx(d)dy(d)dz(d)}exp{−β(U + Ur(S1))}

(4)
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Figure 1. Thermodynamic cycles of the restrain−free energy perturbation−release method. The R-FEP-R method can be explained by two
thermodynamic cycles. The top horizontal leg ΔG is the conformational free energy change, where the initial conformational state consists of the
shared set and the dual-RV set, and the ﬁnal conformational state consists of the shared and the dual-VR set. To estimate ΔG, harmonic restraints
are applied to the dual-RV and the dual-VR set ﬁrst. We use paperclips and angle brackets to present restraints in this ﬁgure. The free energy
changes of applying harmonic restraints, ΔG0 and ΔG1, are obtained by two FEP simulations. Based on the thermodynamic cycle on the top, the
conformational free energy change ΔG can be estimated by the sum of ΔG0, −ΔG1, and ΔG′, where ΔG′ is the conformational free energy change
with restraints. The horizontal leg in the middle, ΔG′, is estimated by the bottom thermodynamic cycle. The two vertical legs in the bottom
thermodynamic cycle represent that the addition of the restrained virtual fragments ⟨VR⟩v and ⟨RV⟩v to the restrained initial and ﬁnal
conformational states, respectively. We showed that the free energy changes of adding these two fragments, kBT ln Zvr(0) and kBT ln Zrv(1), are
equal. Therefore, the middle horizontal leg equals the bottom horizontal leg, which is estimated by a dual topology free energy perturbation
calculation. Finally, the conformational free energy change ΔG is estimated by the sum of ΔG0, −ΔG1, and ΔGD.

∫ {dr dθ dϕ} ∼ ∫ dr1(s)dθ1(s)dϕ1(s) ··· drn(s)dθn(s)dϕn(s)
× ∫ dr1(rv)dθ1(rv)dϕ1(rv) ··· drm(rv)dθm(rv)dϕm(rv)
× ∫ dr1(vr)dθ1(vr)dϕ1(vr) ··· drm(vr)dθm(vr)dϕm(vr)
∼ ∫ {dr (s)dθ (s)dϕ(s)} × ∫ {dr(rv)dθ (rv)dϕ(rv)}
× ∫ {dr (vr)dθ (vr)dϕ(vr)}

As shown in Figure 1, the conformational free energy change
can be estimated by summing three other legs in the top
thermodynamic cycle
ΔG = − kBT ln
= − kBT ln

Z1
Z0

Z′
Z1
Z′
− kBT ln 1 − kBT ln 0
Z1′
Z0′
Z0

= ΔG0 − ΔG1 + ΔG′

(5)

The Jacobian determinant of this change of variables is

where
ΔG′ = −kBT ln

Z1′
Z0′

J({x , y , z}, {r , θ , ϕ}) = (r1(s)r2(s) ··· rn(s))2 sin θ1(s) ··· sin θn(s)
× (r1(rv)r2(rv) ··· rm(rv))2 sin θ1(rv) ··· sin θm(rv)

(6)

× (r1(vr)r2(vr) ··· rm(vr))2 sin θ1(vr) ··· sin θm(vr)

is the middle horizontal leg shown in Figure 1, which can be
estimated by the dual topology free energy perturbation
method as described below.
Similarly, the atoms of the molecule of interest in the dual
topology FEP simulations can be divided into three sets. The
shared set is the same as deﬁned previously. The dual-RV set
and the dual-VR set are copies of the dual set with harmonic
restraints Ur(S0) and Ur(S1), respectively. We run parallel
simulations at multiple λ-states, and the partition function of
the system at the ith λ-state of the dual topology FEP is

= J({r (s) , θ (s)}) × J({r(rv) , θ (rv)}) × J({r (vr) , θ (vr)})
(9)

The total potential energy U(λi) is rewritten as a sum of
three components in the second line of eq 7. U(rv)(λi) includes
the intragroup interaction energies of the dual-RV set, its
restraint potential energy, and the interaction energies between
the dual-RV set and all the other atomsthe shared set and
solvent. On the basis of the type of interactions that the
potential energy functions describe, U(rv)(λi) can be written as

∫ {dx dy dz}exp{−βU(λi)}
= ∫ {dx(w)dy(w)dz(w)} ∫ {dr dθ dϕ}J({x , y , z}, {r , θ , ϕ})

ZD(λi) =

× exp{− β(U (s + w) + U (rv)(λi) + U (vr)(λi))}

(8)
32,33

(rv)
(rv)
(rv)
U (rv)(λi) = (U bond
+ Uangle
+ Uimproper
+ Ur(S0))
(rv)
(rv)
(rv)
+ (1 − λi)(U proper
+ U vdW
+ Uelec
)

(7)

(10)

(rv)
(rv)
where U(rv)
}) is the bond length potential;
bond = Ubond ({r
(rv)
(rv)
(rv)
Uangle = Uangle({θ }) is the bond angle potential; U(rv)
proper =
(rv)
U(rv)
}) is the proper torsional potential; U(rv)
proper({ϕ
improper =
(rv) (rv)
U(rv)
, θ , ϕ(rv)}) is the improper torsional potential;
improper({r
(rv)
(w)
(w)
(w)
(s)
(s)
(s)
(rv)
U(rv)
, θ(rv),
vdW = UvdW({x , y , z }, {r , θ , ϕ }, {r
(rv)
(w)
ϕ(rv)}) is the van der Waals potential; and U(rv)
=
U
elec
elec ({x ,
(w) (w)
(s)
(s)
(s)
(rv)
(rv)
(rv)

where U(λi) is the total potential energy of the system at the
ith λ-state. In the second line of eq 7, we change the variables
of the integration of the solute from Cartesian coordinates to
internal coordinates, where J({x, y, z}, {r, θ, ϕ}) is the Jacobian
determinant. Suppose there are n atoms in the shared set and
m atoms in the dual-RV or the dual-VR set. The variables of
the integration can be written as

y , z }, {r , θ , ϕ }, {r , θ , ϕ }) is the Coulomb
potential. Formally, it is possible to integrate over the solvent
4430
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Z′0 deﬁned by eq 3. Therefore, the partition function of the λ =
0 state can be written as

coordinates, in which case the eﬀective potential energy of
each solute conformation is the solvent averaged potential of
mean force within which the solute moves. Note that the last
two terms in eq 10 include both the intragroup interaction
energy of the dual-RV set and the interaction energy between
the dual-RV set and the other atoms in the shared set and the
solvent. As can be seen, when λ changes from 0 to 1, the
following nonquadratic energy terms change from the full
eﬀect to 0: (a) the proper dihedral potential energy, the
intragroup van der Waals, and the Coulomb potential energies
of the dual-RV set and (b) the van der Waals and the Coulomb
potential energies between the dual-RV set and the other
atoms (including the shared set and solvent). Similarly,
U(vr)(λi) includes the intragroup interaction energies of the
dual-VR set itself, its restraint potential, and the interaction
energies between the dual-VR set and the other atoms.
U(vr)(λi) can be written as

Z D(0) = Z0′ × Zvr(0)

Similarly, the partition function of the λ = 1 state can be
written as
Z D(1) = Z1′ × Zrv(1)

where
Z1′ =

+

+

(vr)
U vdW

+

and

(11)

∭ exp{−β(U (s+w) + U (rv)(0))}J({r(s), θ(s)}){dr(s)dθ(s)dϕ(s)}

× J({r
×

,θ

}){dr

(rv)

dθ

(rv)

dϕ

(rv)

}{dx dy

(rv)

(w)

(w)

π

dz }

∫

Zs + rv(0) =

∭ exp{−β(U

+U

ij 2πkBT yz
zz
= jjj
j kd zz
k
{

(0))}J({r , θ })

(rv)

(s)

{dr (s)dθ (s)dϕ(s)} × J({r(rv) , θ(rv)}){dr(rv)dθ (rv)dϕ(rv)}

and

(13)

∫ exp{−βU (0))}J({r , θ }){dr dθ dϕ
(vr)
(vr)
(vr)
= ∫ exp{− β(U bond
+ Uangle
+ Uimproper
+ Ur(S1))}

Zvr(0) =

(vr)

(vr)

(vr)

× J({r (vr), θ (vr)}){dr(vr)dθ(vr)dϕ(vr)}

(vr)

(vr)

}

(19)

where kd is the force constant and ϕ0 is the reference value of
the harmonic restraint. Therefore, the two partition functions
of the virtual part at the end point states, Zrv(1) and Zvr(0),
indeed are equal. Finally, the free energy diﬀerence between
the end point states of the dual topology FEP is

(s)

{dx(w)dy(w)dz(w)}

{

1/2

(12)

(s + w)

}

1
− βkd(ϕ − ϕ0)2 dϕ
2
∞
1
≈
exp − βkd(ϕ − ϕ0)2 dϕ
−∞
2

∫ exp{−βU (vr)(0))}J({r(vr), θ(vr)}){dr(vr)dθ(vr)dϕ(vr)}

where

{

∫−π exp

(w)

= Zs + rv(0) × Zvr(0)

(18)

A comparison of eqs 14 and 18 reveals that the only
diﬀerences between Zrv(1) and Zvr(0) are the terms of the
harmonic restraint applied to the proper dihedral angles of the
dual set, namely, Ur(S0) and Ur(S1). The two parameters that
deﬁne a harmonic restraint are the reference value and the
force constant. As the dual-RV and the dual-VR sets are both
copies of the dual set of the molecule, we can choose the same
force constant for the same dihedral angle in these two sets.
The reference values of the same dihedral angle in Ur(S0) and
Ur(S1) are usually diﬀerent because one is determined by a
conﬁguration chosen from the conformational state S0 and the
other is determined by a conﬁguration chosen from state S1.
However, if the force constant is strong, the integration of a
harmonic restraint term in Zrv(1) or Zvr(0) does not depend
on the reference value because

∫ {dx(w)dy(w)dz(w)} ∫ {dr dθ dϕ}J({x , y , z}, {r , θ , ϕ})

(rv)

(17)

∫ exp{−βU (rv)(1)}J({r(rv), θ(rv)}){dr(rv)dθ(rv)dϕ(rv)}
(rv)
(rv)
(rv)
= ∫ exp{− β(U bond
+ Uangle
+ Uimproper
+ Ur(S0))}
× J({r (rv), θ (rv))}{dr (rv)dθ (rv)dϕ(rv)}

(vr)
Uelec
)

× exp{− β(U (s + w) + U (rv)(0) + U (vr)(0))}
=

∭ exp{−β(U (s+w) + U (vr)(1))}J({r(s), θ(s)}){dr(s)dθ(s)dϕ(s)}

Zrv(1) =

where the nonquadratic energy terms listed previously increase
from 0 to the full eﬀect when λ changes from 0 to 1. Here, we
use one parameter, λ, to control both U(rv) and U(vr)
simultaneously. However, the interaction between the dualRV set and the dual-VR set is always 0 in all the FEP
simulations. The third component U(s+w) = U(s+w)({x(w), y(w),
z(w)}, {r(s), θ(s), ϕ(s)}) in eq 7 includes all the other potential
energy terms of the system.
Next we examine the partition functions of the end point
states. The partition function of the λ = 0 state is
Z D(0) =

(16)

× J({r(vr), θ (vr)}){dr(vr)dθ (vr)dϕ(vr)}{dx(w)dy(w)dz(w)}

(vr)
(vr)
(vr)
U (vr)(λi) = (U bond
+ Uangle
+ Uimproper
+ Ur(S1))
(vr)
λi(U proper

(15)

ΔG D = −kBT ln

}

(vr)

= −kBT ln
(14)

Z D(1)
Z ′ × Zrv(1)
= −kBT ln 1
Z D(0)
Z0′ × Zvr(0)

Z1′
= ΔG′
Z0′

(20)

Combining eqs 5 and 20 shows that the conformational free
energy change can be estimated by these three legs of the
thermodynamic cycles shown in Figure 1

Notice that the partition function ZD(0) can be written as a
product of Zs+rv(0) and Zvr(0) because these two partition
functions are not correlated, which becomes obvious after we
changed the variables of integration of the solute to internal
coordinates. Furthermore, a careful examination reveals that
Zs+rv(0) is the partition function for the molecule in
conformational state S0 with restraints, namely, equivalent to

ΔG = ΔG0 − ΔG1 + ΔG D

(21)

First we applied the R-FEP-R method to estimate the
conformational free energy change of an alanine dipeptide
molecule (AlaD) in water.34 Figure 2 shows the Ramachandran
4431
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Table 1. Free Energy Changes (kcal/mol) and Standard
Errors of Each Step in the R-FEP-R Calculations for AlaD
no.

ΔG0

ΔG1

ΔGD

ΔG

1
2

3.12 ± 0.02
3.48 ± 0.02

−4.23 ± 0.01
−4.23 ± 0.01

4.07 ± 0.06
3.60 ± 0.02

2.96 ± 0.07
2.85 ± 0.03

estimated by the R-FEP-R method is 2.96 ± 0.07 kcal/mol,
which agrees with the benchmark (2.91 ± 0.06 kcal/mol)
within the statistical error, which is small. To clarify that the
free energy diﬀerence estimated by the R-FEP-R method does
not depend on the conﬁgurations that we choose for the
reference to apply harmonic restraints within the (initial or
ﬁnal) conformational basin, we redid the R-FEP-R simulations,
but the reference conﬁguration of the restraint for the initial
state was chosen from the C5 basin instead of the αR basin.
The results are listed in Table 1 as simulation 2. Compared
with simulation 1, the diﬀerence in the restraint procedure
(ΔG0) is canceled by the diﬀerence in the dual topology FEP
(ΔGD) so that the ﬁnal results of the second R-FEP-R
simulation also match the benchmark. The total computation
times of running temperature RE (the benchmark) and R-FEPR (simulation 1) are 4900 and 930 ns, respectively. Assuming
the magnitude of uncertainty is proportional to 1/√n, where n
is the total number of data, the R-FEP-R method is more
eﬃcient (∼5 times) than the temperature RE simulation in the
calculation of conformational free energy changes for this
example.
Next we applied the R-FEP-R method to estimate the
conformational free energy change of a side chain in the active
site of T4 lysozyme L99A. T4 lysozyme is a well-known model
system for the study of ligand-induced conformational
transitions. As shown in Figure 3a, the side-chain dihedral
angle χ of residue Val111 rotates from 180° (trans) to −60°
(gauche+) upon ligand binding. Mobley et al. proposed a
method called “conﬁne-and-release” to obtain the correct
binding free energy for the binding complex with ligandinduced conformational changes.35 The ﬁrst step of the
“Conﬁne-and-Release” method is to estimate the free energy
diﬀerence between the trans and gauche+ states of T4
lysozyme without the ligand. The free energy proﬁle
constructed by umbrella sampling simulations is shown in
Figure 3b, where the reaction coordinate is the side-chain
dihedral angle χ of residue Val111. We deﬁne the region
−180° < χ < − 150° and 150° < χ < 180° as the trans
conformational state, and the region −90° < χ < − 30° as the
gauche+ conformational state. The free energy diﬀerence
between these two states is 1.63 ± 0.07 kcal/mol, which serves
as the benchmark. In the calculation of R-FEP-R, the side
chain of the residue Val111 is deﬁned as the dual set, and all
the other atoms of T4 lysozyme are the shared set. We chose
one conﬁguration each from the trans and the gauche+ basins
for the references and apply harmonic restraints to the dihedral
angles of the dual-RV and dual-VR sets, respectively. The dual
topology FEP was run to remove the dual-RV set and
simultaneously grow the dual-VR set by using 15 λ-states. In
this R-FEP-R calculation, the restraint, FEP, and release
procedures were coupled by the Hamiltonian replica exchange
algorithm to accelerate the convergence. The R-FEP-R
estimate for the conformational free energy change of T4
lysozyme is 1.64 ± 0.03 kcal/mol, which agrees with the
benchmark (1.63 ± 0.07 kcal/mol) very well. On the basis of
the comparisons of the total simulation times and the

Figure 2. Ramachandran plot of AlaD. The region with the ivory
background is the initial conformational state, and the region with the
sky blue background is the ﬁnal conformational state. Before running
the dual topology FEP, we choose one conﬁguration each from the αR
and the C7ax basins for the references and apply harmonic restraints to
the dihedral angles. The AlaD molecule on the top left side represents
a conﬁguration sampled at the λ = 0 state. The dual-RV set (colored)
is real, and the dual-VR set (monochrome) is virtual. The AlaD
molecule on the top right side represents a conﬁguration sampled at
the λ = 1 state. The dual-RV set (monochrome) is virtual, and the
dual-VR set (colored) is real.

plot of AlaD. We deﬁne the region (−180 < ϕ < 0 and 120 < ϕ
< 180) as the initial conformational states and the region (0 <
ϕ < 120) as the ﬁnal conformational state. As can be seen, the
initial conformational state contains the αR, C5, and β free
energy basins. The ﬁnal conformational state contains the αL
and C7ax basins. Based on the temperature RE simulation
results, the free energy diﬀerence between the initial and ﬁnal
conformational states is 2.91 ± 0.06 kcal/mol, which serves as
the benchmark. The free energy diﬀerence of 2.91 ± 0.06 kcal/
mol corresponds to a 131-fold enhancement of the population
in the αR + C5 + β free energy basins relative to the αL + C7ax
free energy basin.
To apply R-FEP-R, the atoms comprising the N-terminal
peptide plane and the Cα atom of AlaD are grouped together
as the shared set and the atoms comprising the C-terminal
peptide plane, the side chain (methyl group), and the αhydrogen atom are grouped together as the dual set. Two
copies of the dual set in diﬀerent conformational states, dualRV and dual-VR, are included in the system (Figure 2). We
then chose one conﬁguration each from the αR and the C7ax
basins for the references and apply harmonic restraints to the
dihedral angles before running the dual topology FEP
simulations. The free energy changes of restraint, FEP, and
release are listed in Table 1 as simulation 1. The conformational free energy diﬀerence between the initial and ﬁnal states
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Figure 3. Conformational change of T4 lysozyme L99A. (a) Upon ligand binding, the side-chain dihedral angle χ of residue Val111 rotates from
the trans state to the gauche+ state to avoid clash. (b) Dependence of the free energy and potential energy on the side-chain dihedral angle χ for the
apo enzyme. The region with the red background is the trans state, and the region with the blue background is the gauche+ state.

energy diﬀerence between the initial and ﬁnal states cancels if
the simulations are converged.
In the R-FEP-R method for estimating conformational free
energy diﬀerences, however, there is only one simulation
performed, which corresponds to an alchemical transformation
from the initial conformational free energy basin to the ﬁnal
free energy basin. The two sets of dual topology atoms contain
the same atom types with the same harmonic bond stretching
and bending force constants; the torsional potential function of
the dual topology atoms is also the same. In the R-FEP-R
transformation, the nonharmonic torsional ensembles of the
initial and ﬁnal conformational states are both converted to
Gaussian torsional ensemble distributions (with diﬀerent
centers). The free energy cost of these two torsional
nonharmonic transformations (restraining and releasing the
virtual dual atoms) are included in the estimate of the
conformational free energy diﬀerence; the contribution of the
virtual dual atom Gaussian ensembles in the initial and ﬁnal
states cancel so that the R-FEP-R transformation also includes
only physical contributions. The two thermodynamic cycles
also diﬀer in that the potential function parameters of the real
dual atoms are diﬀerent at the physical end points for the DTFEP-RB cycle, whereas they are the same for the R-FEP-R
cycle.
Then the R-FEP-R method was tested for conformational
changes for two model systems: alanine dipeptide and a side
chain in the active site of T4 lysozyme. For both cases, the
conformational free energy diﬀerences estimated by the RFEP-R method agree with the benchmark very well. For these
two examples, the R-FEP-R method for estimating conformational free energy diﬀerences is ∼4−5 times more eﬃcient as
compared with replica exchange or umbrella sampling.
Compared with other popular biased sampling algorithms
such as umbrella sampling and metadynamics, the advantages
of the R-FEP-R method are that the transition pathways or
predetermined reaction coordinates that connect the two
conformational states are not required and for some problems
R-FEP-R may introduce a smaller perturbation to the system.

uncertainties, we found that the R-FEP-R method is ∼4 times
more eﬃcient than the umbrella sampling method in the
calculation of conformational free energy changes for this
example.
In this Letter, we introduce a method called R-FEP-R
(restrain−free energy perturbation−release) to estimate
conformational free energy diﬀerences via an alchemical
path. The R-FEP-R method was developed based on the
dual topology free energy perturbation method that is widely
used to estimate the relative binding free energies of two
ligands. To be more precise, the conformational free energy
change is calculated by free energy perturbations that remove
those atoms involved in the conformational change from their
initial conformational state and simultaneously grow them back
according to the ﬁnal conformational state. After a brief review
of the original dual free energy perturbation method, we
showed theoretically that the R-FEP-R method can be applied
to calculate conformational free energy diﬀerences.
The major diﬀerence between the dual topology free energy
perturbation method for estimating the relative binding aﬃnity
of two ligands (DT-FEP-RB) and the R-FEP-R method for
estimating the conformational free energy diﬀerence between
two conformational basins is how the unphysical contributions
from the dual topology dummy atoms to the initial and ﬁnal
partition functions is canceled, so that the free energy
diﬀerence between the initial and ﬁnal states contains only
the physical contributions. The DT-FEP-RB calculation of
binding free energy diﬀerences between two diﬀerent ligands
consists of two independent FEP simulations, one in the pure
solvent box (usually water) and one in the receptor in water; in
each simulation, the dual topology atoms represent the atoms
which are unique to the initial or ﬁnal ligand. In each of the
two independent simulations (one in water, the other in the
receptor), the dual atoms are transformed from dummy atoms
to real atoms and vice versa. When the free energy diﬀerence
between the two independent simulations is taken, the
contribution of the dual dummy atom ensembles to the free
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coupling. The time constant for the temperature coupling
(tau-t) is 1.0 ps, and the time constant for the pressure
coupling (tau-p) is 2.0 ps. The benchmark was obtained by
running umbrella sampling with 26 windows covering the
Val111 χ space. The US simulations were coupled by replica
exchange to accelerate the convergence. In the R-FEP-R
calculations, the force constants applied to the χ dihedral
angles of Val111 increase from 0 to 239 kcal/mol by using
eight λ-states. The chosen λ values were 0.0, 0.004, 0.05, 0.2,
0.4, 0.6, 0.8, and 1.0. There were 15 λ-states in the dual
topology FEP. The chosen λ values were 0.0, 0.02, 0.05, 0.1,
0.15, 0.24, 0.35, 0.5, 0.65, 0.76, 0.85, 0.9, 0.95, 0.98, and 1.0.
All three stepsrestraint, FEP, and releasewere coupled by
replica exchange to accelerate the convergence. The FEP
simulation data were analyzed by UWHAM.40

Although temperature RE simulations can also be used to
obtain the conformational free energy diﬀerences without
transition pathways or reaction coordinates, the AlaD example
suggests that the R-FEP-R method may be more eﬃcient than
temperature RE in the calculation of conformational free
energy changes at least in some cases. It will be challenging to
use R-FEP-R to calculate conformational free energy changes
when the dual atom set speciﬁed by the dual topology is large
and the dual-RV and the dual-VR atom sets do not overlap in
space, because it is diﬃcult to slowly grow or annihilate a large
collection of atoms in solution. However, when the dual set
contains a large number of atoms, if the conformational
diﬀerence between the initial and ﬁnal ensembles containing
the dual atoms is smaller than the conformational changes that
are associated with the physical transition paths, we expect that
calculating conformational free energy diﬀerences along
alchemical paths designed to take advantage of the dual
topology framework will be more eﬃcient than using a physical
path to determine the corresponding free energy changes. The
use of alchemical paths to calculate conformational free energy
changes, although diﬀerent from our approach based on the
dual topology framework described here, has been proposed
previously.36 The ability to calculate free energy diﬀerences for
large allosteric conformational changes of proteins like those
associated with cellular signaling of various kinds remains an
unsolved problem. There is considerable room left to explore
diﬀerent ways to construct alchemical paths for larger
conformational free energy changes with the objective of
accelerating their convergence.
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CHAPTER 5
CONFORMATIONAL
ANALYSIS AND FREE
ENERGY CALCULATION OF
KINASE FAMILY PROTEINS
5.1

Computational Study of the Minimally Perturbed DFG-out Conformation

5.1.1

Conformational Analysis of Minimally Perturbed
DFG-out Conformation

Besides the classical DFGout conformation, the minimally perturbed DFGout conformation is another interesting kinase conformation. Compared to all
other inactive conformations, the minimally perturbed DFGout conformation
has the least conformational difference from the active conformation regarding activation loop RMSD. Compared to the active conformation, DFGout
minimally perturbed conformation adopts at least a flipped conformation for
DFG-motif with some kinases has positional shifting of one residue in the ac-
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tivation loop. In order to understand what is the conformational relationship
between minimally perturbed DFG-out and other kinase conformational states
and classify all structures from all kinase structures available in PDB, we have
calculated the RMSDs of the Activation loop and DFG motif for all kinase
structures with respect to the active conformation (PDBid: 2GQG) and scatter plotted in figure 5.1.1. The yellow colored minimally perturbed DFG-out
which is shown in the top-left has a very similar Activation loop conformation with respect to the active conformation and a very different DFG motif
conformation indicating a DFG-out conformation with a minimally perturbed
activation loop.

Figure 5.1: Scatter plot of RMSDs of the Activation loop and DFG motif of
all kinase PDB structures with respect to a active kinase structure, 2GQG,
structural alignment is performed with program Theseus.[65]
With the DF residue switching the position, the DFG-Asp residue is entirely buried inside the protein with the predicted pKa=8.0 (Propka), while in
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the active conformation, the DFG-Asp is partially exposed to the solvent with
a pKa=3.5. The difference in the pKas of active and DFGout minimally perturbed conformation agrees with the previous molecular dynamics study which
shows the DFG flip happens only with the protonation of DFG-Asp.[58, 57]
Thinking intuitively, when within a low environment pH, the DFG-Asp would
like to be protonated thus would prefer the minimally perturbed DFGout,
while with a high pH, the DFG-Asp would like to be deprotonated thus would
prefer the active conformation. Interestingly, the analysis of identified DFGout minimally perturbed structures has hardly preference on the crystallization
pH condition.
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3UE4
4WA9
4XEY
4YC8
4ZOG
1OPK
EGFR
2JIT
2JIU
3IKA
5XGN
2RF9
4I1Z
4I21
4I20
4G5P
4WD5
5HG5
5HG9
5HG7
5HG8
4ZJV
TIE2
2WQB
1FVR
ABL2
3HMI
BMX
3SXR
3SXS
BTK
3OCT
NEK1
4APC
4B9D
PTK2B
5TO8
MAP3K5 2CLQ
MAP2K7 5Y90
5B2L
CSK
1BYG

Mutations
D363N
S50X, D363N
H396P
H396P

D363N
T790M
T790M
T790M
T790M,C797S
L858R,T790M,V948R
L858R,T790M
V948R
T790M
T790M
L858R, T790M, V948R
L858R, T790M, V948R
L858R, T790M, V948R
L858R, T790M, V948R

4s
4s
V555R
T162A
T162A

C218S
C218S

pH
functional group
7
Type IIB
7.5
Type IIB
5.5
ATP
3.5
Type IIB
7
Type IIB
5.5
Type IIB
7.5
Type IIB
5
Type IIB
6.5
Type IIB
6.5
Type IIB
7
Type IIB
7.5
no
7.5
Type IIB
7.4
Type I
7.5
Type I
5
no
6.5
no
4.8˜5.5
no
no
Type I
7.5
Type I
7.5
Type I
7.5
Type I
7.5
Type I
7.5
Type I
5.5
no
7.5
Type IIB
7.5
no
Type IIB
Type IIB
Type IIB
5.4
Type IIB
7.5
no
7.5
Type I
Type I
Type I
7
no
no
9
Type I

Table 5.1: Minimally perturbed DFG-out structures available in PDB, functional group tab stands for the ligand functional group located in the subpocket
created by activation loop rearrangement
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By analyzing the existing structures, we can roughly estimate the conformational propensity of each inactive conformational states. Compared to the
fact that the apo classical DFG-out conformation is never observed in PDB,
the DFG-out minimally perturbed conformation is observed in 11 kinases with
34 unique PDB entries and should be counted as an independent conformation
instead of classifying them as DFG-out.(5.1.1) Among the 34 identified structures, 11 is in the apo form. This fact indicates the relative high propensity
of the DFG-out minimally perturbed structure in the free energy landscape
of kinase conformational states and also implies that the DFG-out minimally
perturbed structure would be a potential target to be considered in structurebased drug discovery. The critical interaction between the observed inhibitors
and the kinase in the DFG-out minimally perturbed structure is the *-pi interaction between the ligand aromatic/halogen group and the kinase Phe residue
in the DFG motif. With the flip of the DFG motif, the initially buried Phe
residue points towards the active site, thus could forms p-pi/pi-pi interaction
with the ligand which reduces the solvation free energy penalty of Phe residue.
Compared to the other listed kinases, this phenomenon is mostly observed in
Abl kinase. The sidechains of the DFG-Phe are commonly observed in three
distinctive conformations, one points forward into the solvent like the classcial DFG-out, and one point upward into the back pocket and separated the
crucial salt bridge between αC-helix Glu and β3 strand Lys.
Among the 34 the DFG-out minimally perturbed structures, Abl kinase
(11) structures, and EGFR (10) structures contribute the two most abundant
group. For Abl kinase, most of the inhibitors found bound with minimally
perturbed DFG-out conformational states contain a subsititued phenyl group
pi-pi interacted with the flipped Phe residue in DFG-motif. This could stabilize
the solvent exposed phe residue. Interestingly, there is still one example with
no inhibitor bound which suggests a relative small free energy penalty for the
minimally perturbed DFG-out conformation compared to the active conformation. On the other hand, EGFR kinase is found more robust in the minimally
perturbed conformation with 6 out of 8 structure with no inhibitor bound and
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2 type I inhibitor with no short range interaction with the phe residue. The
observation in EGFR kinase indicates a clear signal of stable minimally perturbed DFG-out conformation. Besides, the NEK1. PTK2, MAP3K5, CSK
and MAP2K7 show a similar behavior either with no inhibitor or with type I
inhibitor and confirm a relatively stable conformational state among multiple
kinases.
Based on the method introduced in [43], density based cluster algorithm
(DBSCAN) was applied to the distance matrix containing the differences of
the XDF’s torsion angles between every combination from 4883 kinase PDB
structures. Applying the eps=0.085 (distances counted as neighbours) and
MInPts=15 (minimal number of points in one cluster), we have obtained 30
unique PDB entries containing the minimally perturbed DFG-out structures
with 6 PDB entries as false predictions. This indicates a hypothesis that
the conformation of the activation loop could be determined simply by the
torsion angles of XDF residues, or to obtain the minimally perturbed DFG-out
conformation, the torsion angle of XDF has to be in a specific range. The study
of XDF torsion angles confirms a new unique kinase inactive conformation, the
minimally perturbed DFG-out conformation.

5.1.2

Binding Free Energy Calculation of Minimally Perturbed DFG-out Conformation

Following the discussion in the previous section, an implication was raised
that minimally perturbed DFG-out conformation is a relatively stable conformation for some kinases and the flipped phe residue may provide additional
binding affinity to specific inhibitors. Thus, we have designed two double decoupling calculations to compare the binding affinity of a specific ligand VX6
which is observed in both active(2F4J)) and minimally perturbed DFG-out
(4ZOG) conformation of Abl kinase.[74] The result of the single decoupling
calculations are shown in table 5.2. The ligand shows a relative similar binding affinity to all three conformation and support the hypothesis of a stable

108
Minimally Perturbed conformation.
Conf restraint Vdw Charge Complex
active
1,1
34.9
19.3
55.3
MP1
1.3
36.2
18.6
56.1
MP2
1.2
35.4
19.6
56.3
Table 5.2: The Binding free energy decomposition of ligand VX680 decoupled from the three different receptor conformation(active and two different
minimally perturbed DFG-out differs in Phe chi1 torsions). All values are in
kcal/mol

5.2

Computational Study of the Partially Folded
DFGout Conformation

5.2.1

Conformational Analysis of the Partially Folded
DFG-out Conformation

Because of the inhibitors variety and kinase activation loop mobility, even
within the classical DFG-out conformation, we have found three different
types’ of activation loop conformation. We classify them as left folded DFGout, mid folded DFG-out and partially folded DFG-out based on where the
activation loop locate when looking through a standard view. The most commonly observed one is the mid-folded DFGout conformation(ex. PDBid 1IEP),
in this conformation, the activation loop has no interaction with the type II
inhibitor except Asp and Phe in DFG motif. The activation loop exhibits
a compact conformation with a one turn helix followed by two short \beta
strands. The right-folded DFGout conformation(2x. 2HZ0), on the contrary,
folded to enclose the allosteric pocket where type II inhibitors stick into. The
lack of intra-loop interaction and loop-rest interaction in right-folded DFGout
conformations result in an unstable loop conformation where many residues on
the loop are not well-resolved. The left folded DFG-out conformation contains
an activation loop unstructured and loosely interacts with the P-loop and D
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helix, thus don’t have a very stable conformation.
The partially folded DFG-out conformation is a very important conformation because the ligand which is formally exposed to the solvent in classically
folded DFGout conformation is enclosed by the activation loop(figure 5.2.1).
This particular conformation may increase the ligand binding strength for
some ligands. The hydrophobic group of many type II inhibitors would obtain
extra binding affinity from the exclusion of high entropy water around the ligand hydrophobic surface. On the other hand, each kinase conformational free
energy penalty differs from each other and could lead to an intrinsically higher
selectivity. Finally, specific interaction pattern between the activation loop
and the ligand, which is not the primary focus for type II inhibitor discovery
before, can be developed. We have analyzed the existing DFG-out inactive
conformation visually to obtain 24 PDB entries categorized as partially folded
DFG-out inactive conformation shown in table 5.3, those 24 PDB entries come
from 16 different kinases and contain 23 different type II inhibitors. BRAF(7)
and PTK2B(3) are the only two kinases which have multiple PDB entries
observed with partially folded DFGout. Among 24 PDB entries, only three
entries contain complete resolved activation loop, most of them lack the coordinates after DFG/G+4 residue. This phenomenon could be understood as
an unstable and mobile part of the activation loop which is also commonly
observed in other DFG-out conformations. The cyan color partially folded
DFG-out conformation is found clearly separated from the other DFGout conformations in figure 5.1.1. Besides, the closure of the activation loop would
have increased the residence time for inhibitor unbinding because it would
require the reorganization of the activation loop before ligand could unbind.
A FDA approved Type II inhibitor, sorafenib, is found in both BRAF and
VEGFR kinase. With Braf adopts a PF DFG-out conformation and VEGFR
adopts a classical DFG-out conformation, sorafenib binds ˜10 times weaker to
BRAF than to VEGFR while has ˜10 times longer residence time.
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Figure 5.2: The binding mode for Partially folded DFG-out state
One question we are interested in is whether this specific loop conformation
could provide a stable pocket for ligand binding. If the pocket is rigid, a
higher selectivity and binding affinity could be expected; otherwise, it would
adjust its conformation based on ligand size and conformation. We first have
counted the total number of residues resolved between G of DFG motif and
DFG+7 in activation loop which would make contact with the ligand in the
partially folded DFG-out conformation. The analysis shows 13/24 PDBs have
a relatively large number of residues resolved from crystallography (7 and 8
out of 8). The rate is much larger than the one of classically folded DFGout,
which implies a stable activation loop compared to classically folded DFGout.
To further analysis the conformational stability of the activation loop, Bfactor analysis is also applied to those PDBs to examine the stability of the activation loop. Because the crystallography is conducted in different conditions,
so the B-factor is not directly comparable in between those PDBs. We have
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used the Bfactor of the αE helix and catalytic loop as a reference. A significant
increase of B-factor of Activation loop could be observed. The increase could
also be observed in Mid folded DFG-out too. It is expected that only with
the flexible activation loop could a kinase be turned on and off easily. Among
the 24 partially folded DFGout conformation, two of them(2HZ0,4TPT) are
unique because they do not show a significant different B-factor in A-loop
compared to its aE or catalytic loop. By rebuilding their crystal neighbors, we
have noticed that the whole activation loop is on the protein-protein surface.
For 2HZ0, only one asymmetric unit’s A-loop is stabilized by the interaction
with the other’s, where the others’ activation loop are not and thus cannot
be resolved. For 4TPT, both units’ are conjugated with a two-fold axis, and
both activation loops are very well resolved. (1UWJ does not have Bfactor
information)
Kinase domain is not rigid, and the whole N lobe is connected to C-lobe
via the hinge loop and the hydrophobic interaction surface between N-lobecoinformation and C-lobe is small because of the ATP binding site in between.
By analyzing available PDB structures and DE shaw’s µs trajectory, C-lobe,
which consists of helices, is internally very stable. On the other hand, the
N-lobe, which consists of 5 beta-strands and one αC-helix, is much more flexible. In the active conformation, the activation loop, αC-helix, and P-loop are
highly compact thus the N-lobe C-lobe interface is very water exclusive, while
in almost all inactive conformations, the dissociation of the compact conformation allows water molecules to come into the protein cleaves and destabilize
the activation loop and αC-helix. The αC-helix, P-loop, and activation loop
in contact with each other, so the conformational change in the presence of
ligand would change the conformation of all segments/
This phenomenon is also observed in the partially folded DFGout conformation. After superimposing all partially folded DFGout conformation, the
activation loop conformation can be clustered into two classes visually. Among
each class, most of the activation loops follow a general trend but differ by magnitude which may be caused by the different ligand-activation loop interaction,
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αC helix, and Ploop interactions.
PDB
Kinase
1UWH B-RAF
1UWJ
B-RAF
2HZ0
ABL
2OFV
LCK
2P2I VEGFR2
2P4I
TEK
3FZT
PTK2B
3II5
B-RAF
3TUB
SYK
4EQU
STK10
4F6W
CDK8
4G9C
B-RAF
4G9R
B-RAF
4H1J
PTK2B
4H1M
PTK2B
4JVG
B-RAF
4K9Y
PTK2
4QRC
FGFR4
5A14
CDK2
5AR7
RIP2
5K00
MELK
5LAR MAPK14
5VAM
B-RAF
4TPT
LIMK2

Ligand RNL residues resolved struct-water loop conf
BAX
0
4
0
2
BAX
0
6
0
2
GIN
2,4
all
1
1
242
6
6
1
2
608
2
2
2
1
MR9 1,2,3
3
1
1
4JZ
3,7
4
1
2
831
0
4
0
2
FPU
1
1
0
1
G6I
2,4
6
0
other
0SS
0
2
0
other
0WP
0
4
0
2
B1E
5
5
0
2
0YH
3
3
0
2
0YJ
1
2
0
1
B96
3,4
4
0
2
K9Y
3,4
all
0
other
0LI
1
all
0
1
LQ5
5
6
0
2
SR8
3
6
0
other
6PV
3
5
1
1
6SH
1,2
all
0
1
92J
8
8
0
2
35H
1,3
6
0
1

Table 5.3: Partially folded DFG-out conformation, RNL stands for the residue
number which interacts with ligand, starting from 0 for ASP in DFG+1 motif

5.2.2

Free Energy Calculation of Partially Folded DFGout Conformation

Following the discussion in the previous section, an implication was raised
that partially folded DFG-out conformation may not be a stable conformation
for most of the kinases and the enclosure by the activation loop may provide more binding affinity to inhibitors which have aromatic and hydrophobic
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functional groups than Classical DFG-out conformation. Thus, we have designed two double decoupling calculation to compare the binding affinity of
a specific ligand with both classical DFG-out and partially folded DFG-out
conformations of Abl kinase. Firstly, we have selected PDB 2HZ0 and its corresponding ligand, GIN, as the target system to study. 2HZ0 contains two
asynmetric chains A and B: chain A has a well resolved partially folded DFGout conformation, while the activation loop of chain B has only a few residues
resolved at the very beginning of activation loop and the most part is missing.
By analyzing the backbone torsion angles of those resolved residues in chain
B, we have found it very similar to the classical DFG-out, thus we have used
the Prime homology modeling tool to model built an activation loop from a
classical DFG-out structure, 1IEP. Hence, two chains in 2HZ0 represent the
two different binding environment of the inhibitor GIN.
Then, we have applied the double decoupling method on the two complexes,
to calculated the absolute binding affinity of the inhibitor GIN, to both classical DFG-out and Partially folded DFG-out conformations. The binding free
energy of GIN to partially folded DFG-out conformation is -25.5 kcal/mol,
which is much stronger than the -20.2 kcal/mol of classical DFG-out.(Table
5.4) The significantly stronger binding of partially folded DFG-out conformation validates our assumption that the water exclusion of the inhibitor’s
hydrophobic group by the activation loop prompt the binding strength.The
significant difference is mostly contributed from the Vdw interaction, which
on the other hand, indicates the crucial role of the hydrophobic enclosure. Till
now, all classical and partially folded DFG-out structures are observed with
a type II or type III inhibitor which indicates that both conformations are
relatively unstable compared to the active conformation. In this case, both
the partially folded DFG-out and the classical DFG-out conformations are observed in one PDB entry and indicates a relative similar state free energies
of both states. As the inhibitor binds much stronger to the partially folded
conformation, the partially folded DFG-out should have even larger conformational free energy in the apo state. The MD simulation of the partially folded
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DFG-out conformation without the ligand shows a collapse of the activation
loop and the fact emphasize the importance of using conformational restraints
in absolute binding free energy calculation.
Vdw Charge Complex Solvent Overal BFE
Classical
-22.86 -27.04
-50.35
-23.18
-20.2
Partially folded -27.07 -28.09
-55.58
-23.18
-25.5
Table 5.4: DDM Binding free energy calculation of the inhibitor GIN to classical DFG-out and partially folded DFG-out conformations (kcal/mol), Complex
stands for the overall decoupling free energy from the complex and the Solvent
statnds for the ligand solvation free energy

5.3

Computational Study of Kinase Free Energy Landscape

5.3.1

Metadynamic Simulation

To obtain the free energy landscape among those conformational states of
kinases, we have adopted well-tempered metadynamics simulation to connect
the DFG-in active and DFG-out state with Asp and Phe switch positions for
the simplicity of the transition. The collective variables which are biased in the
simulation are selected as the RMSD of DFG motif with respect to the active
conformation. Unfortunately, the 8 parallel simulation renders different results
and only one conformational transition from active to minimally perturbed
DFG-out conformation could be observed in each individual simulation which
indicates a severe convergence problem. Analysis of the RMSD distribution
for both DFG-in and DFG-out conformations indicates a significant difference
between the distribution from MD simulation and Metadynamics simulation.
In the metadynamics simulation, the high bias potential applied on the DFG
motif significantly affects the very compact structure of αC helix and activation
loop which leads to the dissociation of the αC helix. On the contrary, the
dissociation of the αC helix allows a much larger conformational space to be
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sampled and leads to a much wider distribution of RMSD of both DFG-in and
DFG-out state.(Fig.5.3.1)

Figure 5.3: The comparison of DFG-in state and DFG-out state RMSD distribution in both MD simulation and well-tempered metadynamics simulation of
ABL kinase, the ones from metadynamics simulation are reweighted. Y-axis
stands for the population density and X-axis stands for the RMSD from the
active conformation (Å)

5.3.2

Umbrella Sampling Calculation

Besides the metadynamics simulation, umbrella sampling simulation was
adopted as well to study the conformational transition between DFG-in active
state and the simplest DFG-out state with Asp and Phe switch positions.
With the initial pathway generated by homology modeling of a combination
of DFG atoms obtained from selected structure in metadynamics simulation
and other atoms from its original PDB, we have generated a seemly physical
pathway. However, the simulation itself cannot converge after a simulation
time of 50 ns per lambda and 2000 ns in total (40 lambdas), the PCA analysis
of selected distance pairs and Kullback leibler divergence analysis of the biased
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collective variables (see [28]) indicate a significant lack of convergence, on the
other hand indicate a non-physical pathway initialized.

5.4
5.4.1

Method and Simulation Setup
Simulation Setup for Metadynamics Simulation

Eight independent well-tempered metadynamics simulation, which biases
on the RMSD of all heavy atoms in the DFG motif with a fit on all heavy
atoms of 7 residues from DFG-2 to DFG+2, was performed to study the free
energy difference between the active state and DFG-out. Collective variables
described in previous publication was used to define the two states and obtain
the free energy values.[28, 67] Cubic tip3p water box which ensures at least 10
Å buffer size on each axis and contains 22412 water molecules is built. 0.15M
NaCl plus the counter-ions was added to the box to ensure the electroneutrality. 3 active state structures was selected as the initial structure for the
metadynamics simulation: 2GQG (Abl), 3IEC (cdk2), and 3LCK (lck). For
a purpose of equilibration, each system was prepared at 300 K by running
1) 5000 steps of energy minimization, 2) 50,000 steps equilibration under a
NVT ensemble, and 3) 50,000 steps of equilibration under a NPT ensemble
before the production. The step size of MD simulations was 2 f s with the
SHAKE constraint algorithm. Long-range electrostatic interactions were computed by the PME method. The metadynamics simulation are performed with
the same MD settings as the NPT equilibriumn, the biasfactor is set to 20,
the σ and height of the Gaussian potential is 0.1 Å and 0.3 kcal/mol, and the
bias interval is 1 ps.
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5.4.2

Simulation Setup for Umbrella Sampling Simulation

The 42 initial starting structures of umbrella sampling simulations are obtained from the trajectory of the previous discussed well-tempered metadynamics simulation, which biases on the RMSD of all heavy atoms in the DFG
motif with a fit on all heavy atoms of 7 residues from DFG-2 to DFG+2. The
collective variables used are the same as discussed in previous publication.[28]
Plumed v2.3 was used to apply the bias on the system. [68] The umbrella
sampling simulation adopts the same MD settings as the NPT equilibriumn
with an 35.8 kcal/molÅ2 force constant on each collective variable. In total,
50ns simulation has been produced for each umbrella states.
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CHAPTER 6
OTHER COLLABORATIVE
WORKS
6.1

Structural Propensities and Co-evolutionary
Landscape of Kinases

The co-variation of pairs of mutations in multiple sequence alignments of
protein families can be used to build a Potts Hamiltonian model which accurately predicts structural contacts. This observation paves the way to develop
deeper connections between evolutionary fitness landscapes of entire protein
families and the corresponding free energy landscapes which determine the
conformational propensities of all conformational states for each protein in
the familiy. Using statistical energies determined from the Potts model and
an alignment of 2896 PDB structures, we predict the propensity for particular
kinase family proteins to assume a “DFG-out” conformation, and validate the
predictions by comparison with the observed structural propensities of the corresponding proteins and experimental binding affinity data. By decomposing
the statistical energies, we find that interactions involving the activation loop
and the C-helix and HRD motif are primarily responsible for stabilizing the
DFG-in state which agrees with the structural observation. This work illus-
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trates how structural free energy landscapes and fitness landscapes of proteins
can be used in an integrated way, in the context of kinase family proteins,
can potentially impact therapeutic design strategies. We also show how this
model has sufficient power to predict the probability of specific subsequences
in the highly diverged kinase family, which we verify by comparing the model’s
predictions with experimental observations in the Uniprot database. We show
that the pairwise (residue-residue) interaction terms of the statistical model
are necessary and sufficient to capture higher-than-pairwise mutation patterns
of natural kinase sequences. We observe that previously identified functional
sets of residues have much stronger correlated interaction scores than typical.

6.2

Distinguishing Binders from False Positives by Free Energy Calculations

Molecular docking is a powerful tool used in drug discovery and structural
biology for predicting the false positives by searching and scoring the poses of
ligand–receptor complexes. However, the accuracy of docking calculations can
be limited by factors such as the neglection of protein and ligand reorganization in the scoring function; as a result, ligand screening can produce a high
rate of false positive hits. Hence, we have adopted absolute binding free energy
methods(BEDAM and DDM) on twenty-three top-ranked protein–ligand complexes from AutoDock to distinguish binders from nonbinders of HIV protease
and reduce the false positive rate. Free energy calculations correctly identified
most of the false positives (≥83%) and recovered all the confirmed binders.
The results show a gap averaging ≥3.7 kcal/mol, separating the binders and
the false positives. We present a formula that decomposes the binding free energy into contributions from the receptor conformational macrostates, which
provides insights into the roles of different binding modes. Our binding free energy component analysis further suggests that improving the treatment for the
desolvation penalty associated with the unfulfilled polar groups could reduce
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the rate of false positive hits in docking.
Later, we have described binding free energy calculations in the D3R Grand
Challenge 2015 for blind prediction of the binding affinities of 180 ligands to
Hsp90. The Hsp90 ATP binding site is known to be a challenging target
for accurate calculations of ligand binding affinities because of the liganddependent conformational changes in the binding site, the presence of ordered
waters and the broad chemical diversity of ligands that can bind at this site.
Our primary focus here is to distinguish binders from nonbinders. Large scale
absolute binding free energy calculations that cover over 3000 protein–ligand
complexes were performed using the BEDAM method starting from docked
structures generated by Glide docking. Although the ligand dataset in this
study resembles an intermediate to late stage lead optimization project while
the BEDAM method is mainly developed for early stage virtual screening
of hit molecules, the BEDAM binding free energy scoring has resulted in a
moderate enrichment of ligand screening against this challenging drug target.
Results show that, using a statistical mechanics based free energy method like
BEDAM starting from docked poses offers better enrichment than classical
docking scoring functions and rescoring methods like Prime MM-GBSA for the
Hsp90 data set in this blind challenge. Importantly, among the three methods
tested here, only the mean value of the BEDAM binding free energy scores is
able to separate the large group of binders from the small group of nonbinders
with a gap of 2.4 kcal/mol. None of the three methods that we have tested
provide accurate ranking of the affinities of the 147 active compounds. We
discuss the possible sources of errors in the binding free energy calculations.
The study suggests that BEDAM can be used strategically to discriminate
binders from nonbinders in virtual screening and to more accurately predict
the ligand binding modes prior to the more computationally expensive FEP
calculations of binding affinity.
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6.3

Large Scale Affinity Calculation of HostGuest Complexes and Implicit Solvent Parameterization

Different from the protein ligand binding applications, the binding free energy of host–guest inclusion complexes is used to study fundamental aspects
of the thermodynamics of binding and energetics of molecular recognition due
to their small size relative to much larger protein–ligand complexes and faster
convergence. Here, we have performed a large scale binding affinity survey
of 57 β-cyclodextrin (CD) host–guest systems using the BEDAM. Techniques
such as parallel Hamiltonian replica exchange molecular dynamics, conformational reservoirs, and multistate free energy estimators are used to ensure the
convergence. We have obtained good agreement with experimental measurements in terms of both numerical accuracy and affinity rankings. Overall,
average effective binding energies reproduce affinity rank ordering better than
the calculated binding affinities, even though calculated binding free energies,
which account for effects such as conformational strain and entropy loss upon
binding, provide lower root-mean-square errors when compared to the measurements. Interestingly, we find that binding free energies are superior rank
order predictors for a large subset containing the most flexible guests. The
results indicate that, while challenging, accurate modeling of reorganization
effects can lead to ligand design models of superior predictive power for rank
ordering relative to models based only on ligand–receptor interaction energies
like MM/PBSA.
Besides, we have used the same binding affinity data to tune the implicit
solvent parameters. In this work, we demonstrate how implicit solvent parameters can be developed using binding affinity experimental data and the
calculated binding free energy and validated using the Grid Inhomogeneous
Solvation Theory analysis. These new solvation parameters were used to study
protein–ligand binding in two drug targets against the HIV-1 virus and im-
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proved the agreement between the calculated and the experimental binding
affinities. This work illustrates how benchmark sets of high quality experimental binding affinity data and physics-based binding free energy models can
be used to evaluate and optimize force fields for protein–ligand systems.

6.4

Appendix publications
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ABSTRACT: Host−guest inclusion complexes are useful models for understanding
the structural and energetic aspects of molecular recognition. Due to their small size
relative to much larger protein−ligand complexes, converged results can be obtained
rapidly for these systems thus oﬀering the opportunity to more reliably study
fundamental aspects of the thermodynamics of binding. In this work, we have
performed a large scale binding aﬃnity survey of 57 β-cyclodextrin (CD) host−guest
systems using the binding energy distribution analysis method (BEDAM) with
implicit solvation (OPLS-AA/AGBNP2). Converged estimates of the standard
binding free energies are obtained for these systems by employing techniques such as
parallel Hamiltonian replica exchange molecular dynamics, conformational reservoirs,
and multistate free energy estimators. Good agreement with experimental
measurements is obtained in terms of both numerical accuracy and aﬃnity rankings.
Overall, average eﬀective binding energies reproduce aﬃnity rank ordering better
than the calculated binding aﬃnities, even though calculated binding free energies, which account for eﬀects such as
conformational strain and entropy loss upon binding, provide lower root-mean-square errors when compared to measurements.
Interestingly, we ﬁnd that binding free energies are superior rank order predictors for a large subset containing the most ﬂexible
guests. The results indicate that, while challenging, accurate modeling of reorganization eﬀects can lead to ligand design models
of superior predictive power for rank ordering relative to models based only on ligand−receptor interaction energies.

I. INTRODUCTION
Molecular recognition plays a critical role in biological
processes. Notable examples include protein−protein interactions occurring in signal transduction pathways and binding
of substrates and inhibitors to target enzymes. Understanding
the physical driving forces for or against binding and
particularly the balance between enthalpic and entropic
components is important in drug design applications.1−3 The
noncovalent association of two molecules into a complex is
driven by hydrogen bonding and electrostatic and van der
Waals interactions. These stabilizing forces are opposed by
destabilizing eﬀects due to the loss of conformational freedom
and conformational strain; desolvation of the protein and ligand
may favor or oppose formation of the complex. Due to these
complexities, the accurate prediction of binding aﬃnities by
computational means is still one of the most diﬃcult challenges
in molecular modeling.4−7
Docking and scoring approaches8−11 and related structurebased empirical techniques bypass many of these diﬃculties by
emphasizing receptor−ligand interactions, which are the main
driving force for binding. While successful in virtual screening
applications, the usefulness of docking and scoring calculations
for rank ordering of binding aﬃnities and ligand optimization
© 2013 American Chemical Society

has been limited, likely because of the severe approximations
made in the treatment of conformational ﬂexibility and entropic
eﬀects.12 The formation of ligand−receptor interactions is
always accompanied by entropic losses and induced ﬁt
reorganization. So, while strong receptor−ligand interactions
are prerequisites for good aﬃnity, trends in binding aﬃnities
are often determined by the balance between attractive
receptor−ligand interactions and conformational reorganization
eﬀects.
Models incorporating reorganization free energy eﬀects
should in principle be able to provide improved computational
tools for ligand design and oﬀer insights into important
biological phenomena, such as mechanisms of drug resistance,
where conformational ﬂexibility plays a critical role.13,14
Atomistic physics-based models of molecular
recognition3,15−30 include reorganization eﬀects by considering
the full free energy of the binding process.
However, the added beneﬁts of physics-based models for
calculating binding aﬃnities over more approximate techniques
like docking and scoring are uncertain, and adoption in
Received: January 2, 2013
Published: May 8, 2013
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academic and industrial research continues to be low. While
computational cost remains a relevant issue, poor reliability is
often cited as the key barrier to adoption. After steady progress
in the description of basic interatomic interactions, a growing
awareness in the ﬁeld is taking root about the remaining
fundamental challenge of accurately modeling the entropic and
conformational reorganization phenomena from ﬁrst principles.31,32 One of the aims of the present study is to examine the
eﬀects of conformational reorganization on binding.
Host−guest complexes provide an attractive alternative to
protein−ligand systems for the study of general physical aspects
of binding.19,33−48 Due to their small size and simplicity,
convergence of binding free energy estimates can be achieved
for these systems at a relatively modest computational cost
relative to protein−ligand systems. This computational ease
also facilitates thorough statistical analysis, since a large number
of absolute binding free energy calculations can be carried out
and the global thermodynamic behavior of hosts with many
guests can be characterized. In addition, structure−activity
relationships are easier to tease out, and trends in the enthalpic
and entropic components for diﬀerent groups of guests can be
analyzed. Lastly, and very importantly, extensive high quality
experimental binding aﬃnity data in the form of calorimetric
and spectroscopic measurements is available for host−guest
systems. Data of this kind allow for direct comparisons between
experiments and modeling prediction as illustrated for example
by the recent SAMPL challenge to evaluate the current state of
the art in free energy methods.37−43 In contrast, protein−ligand
binding data are most often available in the form of IC50 or
EC50 inhibition constants, which are inﬂuenced by many,
possibly unknown, factors in addition to the free energy of
protein−ligand association.49−51
Cyclodextrin (CD) host−guest complexes have been used as
models for the study of molecular recognition phenomena.33,52−54 CDs are employed in a variety of applications
ranging from food and pharmaceutical preparations, to in situ
catalysis, and nanoengineering.55,56 CDs are biological cyclic
polymers of D-glucose molecules (typically with six, seven, or
eight monomers) formed through the degradation reaction of
starch by cyclodextrin glucanotransferase (CGTase) enzyme via
an intramolecular transglycosylation reaction.57 The CD
molecule is torus-shaped with a narrow opening laced with
primary hydroxyls and a wider opening laced with secondary
hydroxyls (Figure 1). The composition of the interior core is
mainly hydrophobic. Due to its chemical nature, CDs can
coordinate with a variety of guests through either hydrophobic
and/or polar interactions. The thermodynamics of CD host−
guest complexation has been thoroughly studied experimentally; a comprehensive compilation of binding aﬃnity data by
Rekharsky and Inoue52 is available. Studies by the Gilson lab33

used part of this set of thermodynamic data to evaluate the
Mining Minima19 binding free energy model on a set of 15
host−guest CD complexes.33
In this work, we employ the Binding Energy Distribution
Analysis Method (BEDAM),58 a molecular dynamics-based
absolute binding free energy method, to calculate standard
binding free energies on a large set of β-CD host−guest
systems, using the OPLS59,60 force ﬁeld and the analytical
generalized Born plus nonpolar (AGBNP2) solvent model.61,62
BEDAM is based on a single direct alchemical coupling leg with
implicit solvent (as opposed to two simulation legs as in the
double decoupling method with explicit solvation17,63) and
Hamiltonian replica exchange molecular dynamics for conformational sampling.58 The Multiple Bennett Acceptance
Ratio (MBAR) method64 is employed to process the binding
energy values of the conformational ensembles as a function of
a coupling parameter (λ). The BEDAM approach has been
used to model ligand binding aﬃnities to protein receptors such
as T4-lysozyme,58 FKBP12,65 HIV-RT66 and others as well as
host−guest systems67 as part of the SAMPL3 binding aﬃnity
challenge.
In this paper, we investigate the binding of β-CD to 57
diﬀerent guests varying in size and chemical nature (Figure 2).

Figure 2. Chemical structures of 14 representative guests taken from
the set of 57 guests investigated (see the Supporting Information for a
complete list). Each row corresponds to a class of guest discussed in
the text: (A) small guests with single functionalities well described by
the model (this class comprises 17 members), (B) protonated amines
(22 members) and (C) phenols, esters, and amides (6 members) with
functionalities described less well by the model, (D) large and
nominally rigid guests and strong binders (10 members) believed to
undergo complex reorganization upon binding, and (E) nabumetone
and naproxen, which are correctly predicted as some of the strongest
binders by the model.

For these calculations, we use a version of BEDAM which
employs, in addition to parallel Hamiltonian replica exchange
sampling, conformational reservoirs to further enhance
sampling.67 With these strategies convergence issues are
reduced, and the focus is shifted to evaluating the quality of
the force ﬁeld model and on examining trends in binding
thermodynamics.
We focus on comparing the relative performance of the full
free energy model with models based only on the average

Figure 1. 2D (A) and 3D (B) representation of β-cyclodextrin.
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ligand are partially interacting. A crucial aspect of the model is
that at the end points and along the transformation, the ligand
is conﬁned within the chosen binding site volume (see below).
The binding free energy (ΔGb) in eq 1 is deﬁned as the free
energy diﬀerence between the λ = 0 and λ = 1 states.
Conformational sampling in BEDAM is enhanced by various
advanced enhanced sampling strategies. A Hamiltonian replica
exchange λ-hopping scheme is utilized to sample canonical
distributions of structures at each λ-state. This implementation
speeds convergence rates relative to simulating each λ-state
independently.58 Conformational reservoirs of the λ = 0
state70−72 are also employed to accelerate the convergence of
the BEDAM simulations.67 The reservoirs are precomputed
ensembles of the unbound host and guest from temperature
Replica Exchange Molecular Dynamics (T-REMD).70,71,73 By
using the reservoir, the BEDAM simulations can further explore
conformational variability in the unbound state which may be
necessary to capture multiple binding modes and/or the proper
reorganization free energy during binding. To further improve
convergence near λ = 0, we also employed a modiﬁed a “softcore” binding energy as implemented in our previous
work.65−67
We calculated the binding energy distributions and the
standard binding free energies using the Multistate Bennett
acceptance ratio estimator (MBAR).64 For the MBAR analysis,
we employed the code provided by John Chodera and Michael
Shirts (http://alchemistry.org). Statistical uncertainties were
obtained using block bootstrap analysis74 with 100 blocks and
50 resampling trials for the last 3 ns of each BEDAM
simulation. We also monitored the time evolution of several
observables for each BEDAM simulation to ensure the
convergence of each free energy simulation. This analysis is
discussed in the Supporting Information.
The conformational partitioning of the β-CD host−guest
systems was based on the directionality of the guest’s polar
functional group relative to the wider and the narrow rim on
the β-CD (Figure 1). The directionality was determined by
distance calculations involving the heavy atom of the polar
group on the guest and each hydroxyl oxygen on the β-CD
host. If the polar group of the guest was closer to the wider rim
of the β-CD cavity, we referred to this conformation as an “upstate” binder. If the polar group of the guest was closer to the
narrow rim, we referred to this conformation as a “down-state”
binder. These binding modes were further characterized based
on possible hydrogen bond interactions formed between the
polar group and the hydroxyl oxygen. A hydrogen bond was
formed between the guest and the host if the distance between
the polar heavy atom on the guest and the hydroxyl oxygen on
the host was less than 4.0 Å. The populations of diﬀerent
binding modes are described in the main text and are listed in
Supporting Information Table S3.
D. Thermodynamic Decompositions. The binding free
energy can be expressed as the sum of the reorganization free
energy and the average binding energy16

binding energies in reproducing binding aﬃnity rankings of this
set of complexes. Similar to empirical approaches such as
docking and scoring, and some MM/PBSA/GBSA implementations,68,69 binding energies take mainly into account only the
strength of host−guest interactions and neglect strain and
entropic eﬀects. We discuss the circumstances for which the full
free energy model oﬀers advantages in this respect.

II. METHODS AND MATERIALS
A. Selection of Host−Guest Systems. β-CD binding free
energy data was obtained from a compilation of experimental
studies by the Inoue and Rekharsky groups.52−54 Complexes
were selected from these sources if the chemical structure of the
guest had less than 6 rotatable bonds, the binding aﬃnity
measurements were performed using microcalorimetry experiments, and if the guests did not contain functional groups not
explicitly parameterized for the AGBNP2 solvent model;62
guests with metals and sulfur were excluded. In general, the
guests were selected in their R-stereoisomer conformation and
at a pH value furthest away from the pKa to assist with the
selection of the correct protonation state. We also included the
5 guests studied by Chen et al.33
B. System Preparation. Computations were performed for
57 host−guest systems in this study (Table S1 and S2). The
molecular models were prepared using the Ligprep workﬂow as
part of the Maestro program (Schrodinger inc.). Protonation
states were assigned based on the experimental pH. Each initial
conformation for the simulation was generated through the
random placement of the guest in the host cavity.
C. BEDAM Free Energy Protocol. The BEDAM method58
is based on the formalism for the standard binding free energy
ΔGb° between a receptor A and ligand B using the following
expression
ΔGb° = −kT ln C °Vsite + ΔGb

(1)

which follows without approximations, from a well-established
statistical mechanics theory of association,17 where β = 1/kT,
C° is the standard concentration for ligand molecules (set to C°
= 1 M, or equivalently 1668 Å−3), Vsite is the volume of the
binding site, and the binding free energy (ΔGb) is deﬁned
below. In contrast to double decoupling methods in explicit
solvation, in BEDAM, the receptor and ligand interact with the
implicit solvent continuum. The binding energy
u(rB , rA) = V (rB , rA) − V (rB) − V (rA)

(2)

is deﬁned for each conformation r = (rB, rA) of the complex as
the diﬀerence between the eﬀective potential energies with
implicit solvation of the bound and separated conformations of
the complex without conformational rearrangements.
BEDAM is based on biasing potentials of the form λu(r)
yielding a family of λ-dependent hybrid potentials of the form
Vλ(r ) = V0(r ) + λ u(r)

(3)

°
ΔGb° = ΔEbind + ΔGreorg

where
V0(r ) = V (rB) + V (rA)

(4)

(5)

As illustrated in Figure 3, this decomposition corresponds to a
hypothetical thermodynamic cycle in which the conformational
ensembles of the unbound host (H) and guest (G) in solution
are ﬁrst reorganized to match those of the complex and in a
subsequent step interactions between the host and guest are
turned on. The ﬁrst step corresponds to the reorganization free
energy (ΔG°reorg) which can be further expressed as the sum of

is the eﬀective potential in the decoupled state, when receptor
and ligand are not interacting, and V1(r) is the eﬀective
potential in the coupled state, when receptor and ligand are
fully interacting. The λ-dependent potential in eq 3 deﬁnes a
transformation connecting the coupled and decoupled states
through alchemical intermediate states in which receptor and
3138

dx.doi.org/10.1021/ct400003r | J. Chem. Theory Comput. 2013, 9, 3136−3150

126
Journal of Chemical Theory and Computation

Article

descreening implementation of the Generalized Born model
for the electrostatic term (Gel), a nonpolar hydration free
energy estimator for the nonelectrostatic term (Gnp), and a
hydration correction term (Ghyd).
Gsolvation = Gel + Gnp + Ghyd

Ghyd accounts for ﬁrst shell hydration eﬀects not accounted for
by linear dielectric screening, such as hydrogen bonding with
solvent and water ordering in the receptor binding site. The
hydration correction term is estimated using the analytical
intermolecular hydrogen bond potential described by the
following expression

Figure 3. Thermodynamic cycle describing the binding of host−guest
systems. H and G are the host and guest in the unbound state. (HG)*
represents a state where the host and guest have been reorganized into
their respective bound conformational ensembles with their
interactions are turned oﬀ. HG represents the host+guest complex
where the interactions between the host and the guest have been
turned on.

Ghyd =

w

(6)

ΔEstrain is the change in potential energy corresponding to the
transformation of the conformational ensembles of the binding
partners into the their respective bound conformation. ΔS°conf
measures the change in the number of accessible states of the
system due to the formation of the complex and includes loss of
translational, rotational, and vibrational freedom as well as the
change in the number of the solution conformational states so
as to be compatible with binding. ΔS°conf is calculated as the
diﬀerence between the reorganization and strain energy.
The average eﬀective binding energy, ΔEbind, which
corresponds to turning on the interactions between the host
and the guest in the bound state without conformational
rearrangements is an eﬀective potential energy term which
includes direct noncovalent interactions (electrostatic and van
der Waals) as well as the net desolvation of the binding
partners. ΔEbind is computed from the average, ⟨u⟩1, of the
binding energy function in the ensemble of conformations of
the complex in the coupled state (λ = 1). In the work, we use
the term binding energy as shorthand for the “average eﬀective
binding energy”. The reorganization free energy (ΔG°reorg) is
computed by diﬀerence from the computed binding free energy
and the average binding energy:
° = ΔGb° − ⟨u⟩1
ΔGreorg

∑ S(pw )hw

(9)

where S(pw) is a switching function, based on the fraction pw of
solvent-occupied volume in the hydration site “w” of the ﬁrst
solvation shell of hydrogen bonding donor and acceptor groups
of the solute, and hw is an empirical parameter that accounts for
the water-solute interactions not accounted by the force ﬁeld
and solvation model. This correction parameter depends on the
atom type of the solute (hydrogen bonding donor or acceptor
or nonpolar hydrogen). The sign of this component determines
whether the interactions formed with the solvent are potentially
favorable or unfavorable, while its magnitude determines the
strength of the excess interaction with water.
For this work, AGBNP2 parametrization was augmented to
include two hydration sites for each glucose monomer pointing
in, toward the buried interior of the β-CD host (Figure S1).
The aim of these water sites is to model the eﬀects of the
expulsion of conﬁned water molecules63,76−82 from the cavity of
the host upon binding of the guest. Based on preliminary
results obtained from a training set of ﬁve guests previously
studied in Chen et al.,33 the hydration strength of these water
sites was set to hw = 0.6 kcal/mol (see the Supporting
Information).
The β-CD host−guest simulations were performed using the
IMPACT program.83 Each system was equilibrated through
energy minimization followed by thermalization at their
respective experimental temperature. H-REMD simulations
were conducted using 16 replicas at values of the coupling
parameter λ set to 0.0, 0.001, 0.002, 0.004, 0.005, 0.006, 0.008,
0.01, 0.02, 0.04, 0.07, 0.1, 0.25, 0.5, 0.75, and 1.0. The binding
site was deﬁned as any conformation where the center of mass
of the guest was within 6 Å from the center of mass of the host.
No restriction on the ligand orientation was imposed. A ﬂat
bottom potential was utilized to restrict the guest to sample
only the binding site volume. The volume of the binding site,
Vsite, can be expressed as the volume of a sphere with radius
equal to the ﬂat-bottom restraint potential tolerance above. In
this work, Vsite is approximately 904 Å3, and the standard state
term, −kT ln C°Vsite, is 0.36 kcal/mol.67 Conformational
reservoirs were obtained using temperature replica exchange
with a series of 8 replicas between 300 and 600 K. Each TREMD simulation was performed for 20 ns for each replica,
and frames from each trajectory were saved every 2 ps (10000
frames per trajectory). The 300 K temperature trajectories were
subsequently used as the λ = 0 conformational reservoir in the
H-REMD simulation.
BEDAM simulations were performed for 5 ns per replica (80
ns cumulative simulation time for each complex) with a time
step of 1.0 fs. Structures were saved every picosecond. The last
3 ns of data were used for analysis.

the intramolecular strain energies of the host and the guest,
ΔEstrain, plus the change in conformational entropy ΔSconf
° upon
binding:
◦
° = ΔEstrain − T ΔSconf
ΔGreorg

(8)

(7)

An alternative thermodynamic decomposition is presented
below in terms of compensating and energy/reorganization
reinforcing components obtained by principal component
analysis of average binding energies and reorganization free
energies. The analysis was conducted with the prcomp() routine
in R.75 The main outcome of the principal component analysis
are orthogonal axes, PC1 and PC2, in (ΔEbind, ΔGreorg
° ) space
such that the projections PC1 and PC2 of (ΔEbind, ΔG°reorg) pairs
along these axes are statistically uncorrelated; that is
⟨δPC1δPC2⟩set = 0 where ⟨...⟩set denotes an average over the
57 host−guest systems, and δPC1, δPC2 are deviations from
the respective means.
E. Computational Details. Binding free energies were
obtained with the BEDAM method as described above using
the OPLS-AA force ﬁeld59,60 and the AGBNP261,62 implicit
solvent model. AGBNP2 includes an analytical pairwise
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III. RESULTS
BEDAM simulations were conducted for 57 β-CD host−guest
inclusion complexes with a diverse set of organic molecules
(Figure 2 and Figure 4) with some of the most common

Figure 4. Comparison between the experimental and calculated
binding aﬃnities of the 57 β-CD host−guest complexes investigated.
The x = y line is shown in black. The uncertainties for the
experimental binding aﬃnities generally range from 0.10 to 0.30 kcal/
mol. The uncertainties for the calculated binding free energies range
from 0.04 to 0.18 kcal/mol.

Figure 5. Binding modes of β-CD host−guest systems. Binding is
driven by the hydrophobic enclosure of the nonpolar group on the
guest(A). Most guests are found in binding modes with their polar
group sticking toward the primary (down-state) or secondary (upstate) alcohols. A majority of host−guest complexes found in the upstate conformation feature the guest’s polar group solvent exposed
(B). This conformation is usually found in equilibrium with bound
conformations where the guest is forming a hydrogen-bond in the
down-state (C). However, some guests can be found with a hydrogen
bond from the guest to the host in the up-state binding mode (D).
The guests in these complexes are as follows: nabumetone (A), 3phenylpropylammonium (B/C), and 1-butylimidazole (D).

functional groups including aromatic, alcohols, protonated
amines, amides, ketones, esters, and ethers. In the following
section, we characterize the structural and thermodynamic data
collected from the BEDAM simulations to gain insights into the
forces that guide binding in these small model systems.
A. Binding Modes of β-CD Host−Guest Inclusion
Complexes. Absolute binding free energy approaches such as
the BEDAM method allow us to investigate the interactions
important in binding through the generation of ensembles of
bound conformations. Generally, hydrophobic enclosure and
the interaction of polar groups with pendant hydroxyls are the
primary interactions driving the binding of the β-CD host−
guest systems. Hence, the hydrophobic and hydrophilic
properties of the guest aﬀect the binding mode and strength
observed for each inclusion complex. The nonpolar portion of
the guest is typically located inside the cavity of the β-CD host
as observed in the bound complex of β-CD+nabumetone
(Figure 5A). In contrast, the polar portion of the guest typically
protrudes into the solvent by pointing toward the secondary
alcohols located on the wider rim of β-CD; this is also the most
common binding mode for guests according to NMR studies.52
For instance, in the β-CD+nabumetone complex, the 1-butone
group is sticking out of the β-CD through the wider rim, while
the more nonpolar methyl ester group is pointed toward the
narrow rim laced with primary alcohols. Hydrogen bonding
interactions are also important for driving the binding of these
β-CD complexes. For many polar guests, hydrogen bonds are
formed between the polar atoms on the guest and the primary
alcohols on the β-CD host. For β-CD+3-phenylpropylammonium, the most populated bound conformation (72% of the
ensemble, Figure 5C) forms a h-bonding interaction between
the charged amino group of the 3-phenylpropylammonium
guest and the primary alcohols on the narrow rim of the β-CD.
Some polar guests prefer to hydrogen bond with the secondary

alcohols on the wider rim of the β-CD; this is observed for βCD+1-butylimidizole (79% of the ensemble, Figure 5D).
Enhanced conformational sampling protocols such as HREMD as well as conformational reservoirs and soft-core
potentials as implemented in the BEDAM approach are
beneﬁcial for the sampling of multiple binding modes that
are relevant to the binding equilibrium and necessary for
accurate binding aﬃnity predictions. This is especially
important for β-CD inclusion complexes which are relatively
weak binders compared to the typical protein−ligand systems
with more than one dominant mode for binding. We indeed
often observe an equilibrium between two main binding modes
of the guest inside the host cavity. In the ﬁrst one mode, the
guest has its polar functional group pointed toward the
secondary alcohols; we refer to this conformation as the “upstate” binding mode (Figure 5B). In the second mode, the
polar group points toward the primary alcohols; we refer to this
conformation as the “down-state” binding mode (Figure 5C).
Supporting Information Table S3 includes the percentages of
each binding mode in the ensemble as well as the percentage of
time that a hydrogen bond forms in each respective binding
mode. In a majority of β-CD host−guest systems, a hydrogen
bond forms between the alcohols on the β-CD and the polar
functional group on the guest in the down-state conformation.
In the up-state conformation, the polar group of the guest
prefers to be solvent exposed. This equilibrium is observed in
guests containing amines and alcohols with a longer alkyl chain
such as R-hexanol. For example, the percentage of structures
found in the down-state and up-state mode in the bound
ensembles of R-2-hexanol+β-CD complex is 67% (64% forming
h-bonds) and 33%, respectively. In contrast, most guests
containing ketone, imidazole, and ester groups prefer to sample
up-state conformations where the oxygen on the carbonyl
group of the guest hydrogen bonds with the secondary alcohol
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on their wider rim (Figure 5D). The percentage of structures
found in the down-state and up-state mode in the bound
ensemble of 1-butylimidazole+β-CD complex is 21% and 79%
(67% forming h-bonds), respectively. Smaller sized guests such
as cyclic compounds and alkanols with shorter alkyl chains also
prefer to sample the up-state binding h-bond mode; however,
these guests can also form h-bonds with the oxygen atoms of
the glycosidic linkage on the β-CD host. These dynamics are
observed because smaller guests are more mobile in the hostcavity than larger guests.
B. Computed Standard Free Energies of Binding. The
computed binding free energies are shown in Figure 4
compared to the corresponding experimental standard binding
free energies. The calculated standard binding free energies
range between 1.21 and −4.65 kcal/mol with an average of
−1.73 kcal/mol. The corresponding experimental values are
generally more favorable with an average binding aﬃnity of
−2.74 kcal/mol and range between −0.57 and −5.2 kcal/mol.
The computed free energies are in reasonable agreement with
the measurements (RMSerror = 1.44 kcal/mol and Spearman
rank order coeﬃcient ρ = 0.67). This level of agreement is
consistent with the best models available33,39 conﬁrming that
the model, force ﬁeld, and computational protocol we
employed are suﬃciently accurate to be used to study
structural, energetic, and reorganization aspects of binding.
Naproxen and nabumetone (Figure 2E), with computed
binding free energies of −4.85 and −4.31 kcal/mol, are
predicted to be the strongest binders to β-CD in this set. These
two guests are also among the strongest binders experimentally
(measured binding free energies of −4.33 kcal/mol and −4.59,
respectively). The calculations underpredict the strength of
binding of 1R,2R,3S,5R-pinanediol, cyclooctanol, and
1R,2R,5R-2-hydroxy-3-pinanone (Figure 2D), which are the
strongest binders experimentally.
In general, the computational model is found to be quite
accurate (RMSerror = 0.74 kcal/mol and Spearman ρ = 0.84) for
small aromatic and alkyl derivatives such as small linear,
branched, and cyclic alkanols, alkyl-ethers, and alkyl-imidazoles
(Figure 2A and Table S2B) comprising nearly a third of the
overall set. The very good accuracy achieved for the latter class
of compounds is in contrast to guests containing the alkylammonium functionality such as hexylammonium (Figure 2B),
whose binding free energies are often underestimated by more
than 1 kcal/mol. This probably reﬂects diﬃculties in the model
of accurately pinpointing the balance between electrostatic and
desolvation eﬀects of charged compounds such as these.84
Alkyl-ammonium compounds, comprising 22 of the 57 guests,
account for a large part of the deviations between computed
and experimental aﬃnities. Other problematic functional
groups in this respect are phenols, anilines, and amides (Figure
2C).
The binding free energies of guests with large or alkylsubstituted alkyl rings such as methylcyclohexanols, cycloheptanol, cyclooctanol, and the pinane derivatives mentioned
above are also underestimated. As it is notoriously diﬃcult to
estimate accurately the relative free energies of rotameric states
of complex cyclic compounds,85 this result suggests that,
potentially, the energy model fails to properly model changes in
rotameric states for these cyclic compounds.
C. Thermodynamic Decomposition. As illustrated in the
Methods, the binding free energy is decomposed (see Figure 3,
Figure 6, and Table S2A) into an average binding energy
(ΔEbind) component, which accounts for the eﬀective energy of

Figure 6. The reorganization free energies of the 57 host−guest
complexes against the corresponding average binding energies. The
dotted lines are loci of constant free energy of binding spaced in
unitary increments. Starting from the dashed line at ΔG °b = 0, binding
free energies decrease (become more favorable) toward the lower left
corner of the plot and increase in the opposite direction. Also
indicated are the axes corresponding to the ﬁrst (PC1) and second
(PC2) principal components of the data. The PC axes are centered on
the mean point (ΔE bind, ΔG°reorg). The uncertainties of the binding
energies range from 0.04 to 0.56 kcal/mol. The uncertainties of the
reorganization free energies range from 0.11 to 0.63 kcal/mol.

interactions between the host and the ligand in the bound state
(λ =1), and a reorganization free energy term (ΔGreorg
° ), which
measures collectively entropic losses and the intramolecular
16
strain energies that oppose binding. The computed binding
energies sample a range of values nearly 1 order of magnitude
greater than the binding free energies from −20.02 to −8.33
kcal/mol with an average binding energy of −12.65 kcal/mol.
The reorganization free energies are opposite in sign and
sample a somewhat smaller range from 6.74 to 16.75 kcal/mol,
with an average reorganization free energy of 10.92 kcal/mol.
It is the compensation between binding energies and
reorganization free energies which leads to computed binding
free energies of signiﬁcantly smaller magnitude which are
commensurate with the experimental measurements. As evident
from Figure 6, there is a strong and negative correlation
between the two quantities (R2 = 0.74 and ρ = −0.82).
Compensation between binding energies and reorganization
free energies, as well as related enthalpy/entropy compensation
eﬀects, is considered characteristic of the thermodynamics of
noncovalent binding.2,86−88 Based on the analysis below, for the
57 β-cyclodextrin host−guest complexes we observe on average
as many as three-quarters of a unit change of binding energy are
lost to reorganization.
Also shown in Figure 6 are the PC1 and PC2 axes obtained
by principal component analysis of the ΔEbind/ΔGreorg
° data (see
Methods). Along PC1, changes in ΔEbind and ΔG°reorg have
opposite signs (compensation), whereas along PC2 they vary in
the same direction (reinforcement). The set of coordinates
(PC1,PC2), obtained by projecting (ΔEbind,ΔG°reorg) pairs along
the PC1 and PC2 axes, constitute an alternative representation
of the binding energy/reorganization free energy data in terms
3141
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of statistically uncorrelated variables (see Methods). As
described in detail in the Supporting Information, a linear
relationship exists between these two representations, which,
together with eq 5, lead to the following decomposition of the
standard free energies of binding
ΔGb° = ΔGcomp + ΔGreinf

(10)

where ΔGcomp ≈ 0.2PC1 is the compensating component of the
binding free energy, while ΔG reinf ≈ 1.4PC2 is the
corresponding reinforcement component. These relations
indicated that a unitary change in PC2 causes a 7-fold greater
variation in the binding free energy than a change in PC1 of the
same magnitude. This behavior is consistent with the fact that
the PC2 axis runs nearly parallel to the direction of greatest
variation of binding free energy (see Figure 6), whereas the
PC1 axis is nearly parallel to lines of constant binding free
energy.
The binding aﬃnity of a complex with a favorable ΔGcomp
component can be interpreted as being inﬂuenced by a
favorable host−guest interaction energy mostly oﬀset by a
reorganization free energy increase with proportion corresponding to the average compensation ratio of the set (roughly
75% based on the PC analysis). Conversely, ΔGreinf describes
deviations from this average compensating behavior by
capturing eﬀects that favor binding by simultaneously
strengthening host−guest interactions and reducing reorganization losses. Unlike the ΔEbind and ΔG°reorg components, which
are highly correlated (i.e., complexes with large and favorable
ΔEbind tend to correspond to a large and unfavorable ΔGreorg
° ),
the ΔGcomp and ΔGreinf components are uncorrelated so that,
statistically, they occur independently from each other (i.e., a
favorable ΔGreinf component occurs equally likely in complexes
with large or small ΔGcomp components).
It should be noted that the statistical PC analysis above,
which is only capable of identifying how the binding
thermodynamics of individual host−guest complexes compares
with the average behavior of the set, does not directly oﬀer a
physical interpretation of compensation and reinforcement.
However, as discussed below, we observed that experimental
binding free energies of diﬀerent classes of complexes display
diﬀerent patterns of correlations with the computed compensating and reinforcing components, potentially indicating a
connection to molecular properties. A simple model of the
compensation and reinforcement mechanism consistent with
the observed thermodynamic signatures discussed below is
presented in the Appendix.
The distributions of compensating and reinforcing components of the binding free energies of the 57 host−guest
complexes are shown in Figure 7 (Table S4 in the Supporting
Information lists the corresponding values for each of the host−
guest complexes investigated.). Relative variations of these
quantities are more signiﬁcant than their absolute scale. In this
respect it is interesting to note that the range of variation of
ΔGreinf is nearly double that of ΔGcomp as measured by their
standard deviations (0.64 and 1.17 kcal/mol for ΔGcomp and
ΔGreinf, respectively). The greater variance of the reinforcing
contribution indicates that diﬀerences in binding free energies
among pairs of complexes are, on average, determined more by
reinforcement mechanisms rather than compensation.
D. Predictors of Experimental Rankings. In many
structure-based ligand design applications, models of binding
are employed not necessarily as quantitative tools but rather as
predictors of qualitative trends, such as rank-orders of binding

Figure 7. Histogram of the compensating and, shaded, the reinforcing
uncorrelated components of the binding free energy for the 57 host−
guest systems. The uncertainty for the compensating component
ranges from 0.10 to 0.83 kcal/mol. The uncertainty for the reinforcing
component ranges from 0.11 to 0.84 kcal/mol.

aﬃnities within congeneric series of ligands. In this section we
explore the relative performance of quantities extracted from
the calculations in reproducing trends in the measured binding
aﬃnities of the host−guest systems we investigated.
The computed binding f ree energies, with a Spearman rankorder correlation coeﬃcient of ρ = 0.68, are found to be
reasonably good predictors of the relative binding strengths of
the set of guests with respect to each other. The computed
average binding energies, ΔEbind, lead to an even higher
Spearman correlation coeﬃcient of ρ = 0.75 (Figure 8) and are

Figure 8. Comparison of the experimental and calculated binding free
energies and experimental binding free energies and average binding
energies for β-CD host-systems with guests with diﬀerent numbers of
rotatable bonds. The black line is the least squared ﬁt line between the
calculated and the experimental binding aﬃnities.

therefore, on average, better at reproducing relative ranks of
guests compared to computed binding free energies. This is
despite the fact that average binding energies are grossly
inaccurate in a quantitative sense (computed average binding
energies values range from −20 and −8 kcal/mol as compared
to −5 to −0.5 kcal/mol for measured binding free energies).
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complexes correlate to some extent with both, binding energy
and reorganization components, if they correlate to any one of
them. This is indeed problematic when comparing the
thermodynamic trends for the rigid and ﬂexible guests. One
would expect that ﬂexible guests would reorganize more than
rigid guests; however, their distributions are quite similar. More
useful insights are obtained by analyzing the data in terms of
the compensating and reinforcing components, which, by
construction, contain orthogonal information. We ﬁnd that
experimental binding free energies for the complexes with rigid
guests correlate almost exclusively with the compensating
component ΔGcomp (correlation coeﬃcient R2 = 0.72 relative to
ΔGcomp and R2 = 0.0024 for ΔGreinf). In contrast, the
experimental binding free energies for the ﬂexible guests
correlate to both compensating and reinforcing components
(R2 = 0.35 for ΔGcomp and R2 = 0.71 for ΔGreinf), indicating that
the combination of these two independent sources of
information is responsible for the better performance of the
free energy model for the set of ﬂexible guests.
This hypothesis is further conﬁrmed by analysis of variance
(ANOVA) tests (see the Supporting Information) of single
variable versus bilinear regression models of the experimental
free energies using as predictors both ΔGcomp and ΔGreinf or
only one of the two. These tests show that for complexes with
ﬂexible guests a bilinear model incorporating ΔGcomp and ΔGreinf
is signiﬁcantly superior to linear models based only on ΔGcomp
or ΔGreinf alone. In contrast, for rigid guests adding the ΔGreinf
variable does not improve by a statistically signiﬁcant amount a
regression model based only on ΔGcomp.
It is interesting to note that the observed lack of signiﬁcance
of the reinforcing component for rigid guests relative to ﬂexible
guests does not appear to be due to obvious diﬀerences in
magnitude and variability of reinforcing eﬀects; for example, the
standard deviations of ΔGreinf diﬀer by only a few percentage
points between the rigid and ﬂexible subsets. It is therefore
tempting to hypothesize that, while compensating and
reinforcing eﬀects are present throughout the systems
investigated, our free energy model fails to correctly capture
reinforcing eﬀects for some of the complexes with rigid guests
but is successful for the set of 23 ﬂexible guests. This point is
elaborated further below.

While average binding energies are better overall predictors
of rankings than computed free energies, it is notable that
subsets of complexes exist where computed binding free
energies are better predictors. Figure 8 displays the correlation
between experimental binding free energies with computed
binding free energies and average binding energies for
complexes with rigid (0 to 1 rotatable bonds) and ﬂexible
guests (3 to 4 rotatable bonds). For rigid guests the binding
energy is a better predictor of binding aﬃnity rankings than
computed binding free energies. However for ﬂexible guests
this behavior is reversed (ρ = 0.66 for binding energies
compared to ρ = 0.92 for computed binding free energies),
suggesting that modeled reorganization free energy losses,
which are not included in the binding energy predictor and play
a signiﬁcant role in determining the rank ordering of binding,
are suﬃciently accurate for this subset of ﬂexible guests to
enable improved predictive accuracy using free energies as
compared with only the binding energy component.
The interplay between energetic and reorganization driving
forces is particularly noticeable for the subset of ﬂexible guests
with moderate binding aﬃnity (−4 < ΔGexp < −2) (Figure 9).

Figure 9. Comparison of the experimental binding free energies versus
the calculated binding aﬃnity, binding energy, and the reorganization
free energy for the 16 β-CD host-systems with guests with 3 or 4
rotatable bonds with moderate binding aﬃnity (−4 < ΔGexp < −2).
The black line is the x = y line. The red line is the least squared ﬁt line
between the calculated and the experimental binding aﬃnities.

The computed binding free energies reproduce very well the
trends in the experimental aﬃnities for this subset (ρ = 0.93, pvalue <1e-4). In contrast, the binding energy and reorganization
free energy components are each alone very poorly correlated
to the experimental aﬃnities (ρ = 0.34 and 0.21, respectively)
(Figure 9).
Understanding the cause of the diﬀerence of performance of
predictors for these two classes of guests would be very valuable
for developing guidelines to suggest when it is feasible to adopt
approximate models of binding in lieu of full free energy
models in ligand design applications. The results above suggest
that when the binding partners exhibit considerable ﬂexibility,
free energy models allow for superior predictive power than
models based only on interaction energies. Clearly, most of the
information needed to accurately rank rigid guests with our
model is contained in the average binding energy values,
whereas for ﬂexible guests useful information is shared among
both the energetic and reorganization components and,
consequently, the full free energy model is better equipped to
describe them.
The direct statistical quantiﬁcation of this eﬀect in terms of
binding energies and reorganization free energies is confounded
by the fact that these two quantities are strongly correlated (see
above) and therefore contain related information. That is for
example we ﬁnd that the experimental aﬃnities of any subset of

IV. DISCUSSION
In this work, we investigated the binding thermodynamics of 57
β-CD host−guest systems using the BEDAM free energy
protocol. Perhaps one of the main conclusions of this work is
that atomistic free energy models of this kind can be deployed
on this large scale allowing the survey of a large variety of
chemical functionalities and topologies and draw insights about
general trends. Large scale surveys of solvation free energy
predictions have long been used as validation benchmarks for
force ﬁelds and free energy protocols.89−94 The present work is
one of the ﬁrst attempts to compare side by side binding aﬃnity
data and rigorous binding free energy predictions on a large
scale.
Binding equilibria probes intramolecular interactions in more
direct ways than vacuum to water transfer free energies. Binding
processes probe the relative preference of chemical groups to
interact with water and with each other; something that is of a
direct relevance for the modeling of molecular recognition
processes in solution. For example, it is feasible, as we have
done here, to investigate ionic interactions, which are
problematic for hydration free energy studies due to
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reorganization free energies, which measures conformational
entropy losses as well as strain energies.2,16,86 We generally
observed small strain energies for these host−guest complexes
(Table S5), indicating that reorganization free energies are
dominated by entropic contributions. Compensation between
binding energies and entropic losses has been observed in
modeling studies of binding of cyclodextrins33 and other host−
guest systems19,67 as well as protein−ligand systems.65 The
related enthalpy−entropy compensation eﬀect has been
observed and discussed in many contexts.87,97 It has been
rationalized in terms of the greater entropic and energetic strain
costs necessary to form stronger and speciﬁc receptor−ligand
interactions. Doubts have been raised concerning the physical
insights obtainable from entropy/enthalpy information98,99 and
the usefulness of basing ligand design choices on this
information.88
In the present application, thermodynamic decomposition of
binding free energies into average binding energies and
reorganization free energies has been useful in gaining insights
into the thermodynamics of binding of these systems. The ﬁrst
observation is that both energetic and reorganization eﬀects are
important, as quantitative agreement with the magnitude of
measured aﬃnities is obtained only by considering them
together. On the other hand, experimental aﬃnity rank orders
for the entire set are reproduced by considering only average
binding energy values. Based on this observation it can be
concluded that for these small molecular systems binding is
primarily driven by receptor−ligand interactions. That is guests
capable of forming, say, stronger van der Waals interactions
with the host are also likely to display stronger binding aﬃnity.
The increase of the interaction strength tends however to
overestimate the eﬀect on the binding aﬃnity because this is
opposed by a concomitant increase in the reorganization free
energy that, because it is often of smaller magnitude, tends to
dampen the eﬀect rather than reverse it. However, as discussed
below, important exceptions to this general trend for the more
ﬂexible guests have been found, which have provided further
insights into the behavior of these systems and the performance
of the free energy model we employed.
Whereas the aﬃnity rank order of rigid guests was
reproduced by the binding energies, the rankings of ﬂexible
guests were found to be poorly correlated to binding energies
or reorganization free energies individually, and that only their
combination into binding free energy scores accurately
reproduced the measurements. Clearly, mutual information
contained in both components is helpful for ﬂexible guests.
The signiﬁcance of this eﬀect is crystallized by the results
shown in Figure 9 for the 16 ﬂexible guests with moderate
aﬃnity. Trends in measured binding aﬃnities for this set are
practically uncorrelated to binding energies scores alone. For
example 4-phenylbutylammonium, the guest with the strongest
binding aﬃnity (−3.56 kcal/mol) in this set, has a moderate
binding energy score of −12.08 kcal/mol, exceeded by more
than half of the guests in the set. Despite this, the binding free
energy score, which includes the reorganization free energy
component, accurately predicts that 4-phenylbutylammonium
is among the three best binders of the set. While in this case the
improved prediction is due to a low reorganization free energy,
in general, as shown in Figure 9, reorganization free energy
scores alone are also unhelpful in picking trends in binding
aﬃnities. Clearly the considerably improved rank order
predictions for ﬂexible guests hinge on the capability of the
free energy model to capture the balance between the strength

experimental and modeling limitations. Furthermore, large sets
of high quality experimental binding aﬃnity data are available
for host−guest systems such as the ones studied here, covering
many diﬀerent chemical functional groups. Due partly to
diﬃculties in obtaining hydration free energy data of suﬃcient
quality, a recent SAMPL challenge aimed at evaluating the
current state of the art in free energy methods has focused on
the prediction of host−guest binding free energies.38 We expect
that large scale binding free energy surveys will ﬁnd increasing
use in validation experiments of this kind.
Dehydration of the interior of beta-cyclodextrin is believed to
be one of the primary driving forces toward binding.95 This
eﬀect is based on the idea that water molecules are unfavorably
restricted (entropically and enthalpically relative to bulk water)
within the hydrophobic binding site of the host. Upon ligand
binding, these water molecules are released from the binding
cavity into the bulk, resulting in a free energy gain. Hydration
eﬀects such as these are quite challenging to model.81,82,96 In
this work, we are using an implicit solvent model with
hydration sites in the host-cavity of β-CD to model the eﬀects
of water expulsion. Speciﬁcally, the AGBNP2 parameterization
was augmented to include two sites for each glucose monomer
pointing in toward the buried interior of the β-CD host
(Supporting Information Figures S1A and S1B). The aim of
these hydration sites is to model the eﬀects of releasing
conﬁned water molecules upon binding of the guest. A positive
free energy factor of 0.6 kcal/mol is associated with each fully
water-occupied hydration site. In the bound state, most guests
will occupy these positions which will result in no energetic
penalty. In the unbound state however, most of these water
sites will not be occupied by solute atom resulting in a
maximum free energy factor of +7.0 kcal/mol (14 hydrogen
bond sites * +0.6 kcal/mol) in favor of the bound state
(although it is often signiﬁcantly smaller than this maximum
due to partially occupancy in the bound state by host atoms,
especially in distorted conformations). Including the eﬀects of
expulsion of enclosed water molecules leads to a more realistic
model that can mimic phenomena typically not described by
implicit solvent representations.
Computational predictions were found to be in reasonable
quantitative agreement with measured aﬃnities. The accuracy
of predictions (RMSD = 1.44 kcal/mol) is comparable to highquality recent hydration free energy studies90−94 and binding
free energy calculations of host−guest systems.33,48 The
particularly good accuracy for small guests (RMSD = 0.74
kcal/mol, see the Supporting Information) containing alkyl,
aromatic, alkanol, alkyl-ether, and alkyl-imidazole functionalities
adds to our conﬁdence of the fundamental soundness of the
computational model. Derivatives built around the same simple
scaﬀoldings and containing functional groups such as
ammonium, phenols, and aromatic amines were predicted less
well, suggesting that these would beneﬁt from reparameterization of force ﬁeld and/or solvation parameters. Conversely,
compounds with complex topologies such as those with single
and condensed alkyl rings appear problematic even when in
combination with functionalities that are modeled correctly in
simpler compounds, suggesting that conformational reorganization processes exist for these complexes that are not completely
captured by the model.
Thermodynamic decomposition shows that the binding free
energies are the result of a large compensation between
favorable binding energies, which measure the strength of net
interactions between the host and the guest, and unfavorable
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gain in aﬃnity corresponding to the ortho-to-para isomerization of methoxyphenethyammonium is, according to our
model, largely due to energy/reorganization reinforcement (see
the 2-methoxyphenethylammonium and 4-methoxyphenethylammonium entries in Tables S2A and S4 in the Supporting
Information). That is, the para isomer is favored over the ortho
isomer both in terms of energetic gain and reduced
reorganization penalty. This is consistent with the poorer ﬁt
and more restricted motion of the ortho isomer in the host
cavity and with the ability of the para-isomer to sample both
down-state and up-state binding modes (Table S3).
Implications for Computational Drug Design. In the
ﬁeld of structure-based drug design, the accurate prediction of
protein−ligand binding aﬃnities remains very challenging.
Molecular modeling, almost exclusively in the form of virtual
screening applications, has been proven useful in lead
identiﬁcation. Methods such as docking and scoring and
MM/PBSA/GBSA18,102 are commonly used for predicting
aﬃnity rankings, although often they capture only diﬀerences in
interaction energies and neglect entropic and reorganization
eﬀects. For congeneric series of ligands sharing the same
binding mode where the binding energy is correlated with the
experimental binding aﬃnities, these methods can sometimes
successfully predict experimental rank ordering.10 Yet, in cases
involving larger, ﬂexible ligands and receptors, possibly
undergoing conformational reorganization and capable of
binding in multiple modes, entropic and reorganization eﬀects
play a greater role.
In this work, we have demonstrated that accounting for the
full free energy of binding, including entropic eﬀects explicitly,
provides a signiﬁcant advantage in predicting the rank ordering
of binding aﬃnities for a large set of ﬂexible guests. We found
that accurate predictions for this class of guests stem from
information from both compensating as well as energy/
reorganization reinforcing processes. Binding energy-based
predictors predominantly capture only energy/reorganization
compensation eﬀects and are therefore not as capable at
describing the aﬃnities of this class of guests. However, energy/
reorganization reinforcement processes, which likely often
involve population redistribution among multiple conformational states upon binding, are more diﬃcult to model.
Diﬃculties arise both not only because of slow equilibration
among conformational states in rugged energy landscapes
(something we sought to overcome in this work) but also, and
more importantly, because conformational populations and
their responses to binding can be very sensitive to force ﬁeld
inaccuracies. This is in contrast to eﬀects due to speciﬁc
ligand−receptor interactions, which can be related to a speciﬁc
binding mode of the complexed state, but often lead only to
expected binding energy and compensation signatures.
This assessment points to a major challenge for free energy
simulations as applied to ligand design.103 Energy/reorganization reinforcing processes,104 which are the most likely to lead
to large aﬃnity enhancements and can lead to the discovery of
candidates with new binding modalities, are unfortunately also
the processes that are the most diﬃcult to model accurately.

of host−guest interactions and the opposing reorganization
losses, which vary considerably from average values.
Understanding this interplay is complicated by the fact that
energetic and reorganization eﬀects do not occur independently. As discussed above these are, in fact, highly correlated so
that it has proven diﬃcult to disentangle the information
contained in one, the other, or their combination. We found
indications that the quality of binding free energy predictions is
not strongly tied to the ability of the model to reproduce
energetic and reorganization eﬀects but rather to the ability of
the model to describe compensating and reinforcing eﬀects.
This conclusion derives from the observation that for the
classes of complexes well represented by the free energy model
(those with small and ﬂexible guests) information from
compensating and reinforcing components together explain
variations in binding aﬃnities better than either of the two
components individually. In contrast, the aﬃnities of larger and
nominally rigid guests correlate almost exclusively with the
compensating component, ΔGcomp, with the reinforcing
component appearing to simply add “noise” to the predictions.
The results suggest that energy/reorganization reinforcing
eﬀects connected with conformational induced ﬁt processes are
better captured for ﬂexible guests, where conformational
rearrangements mostly involve simple rotations of alkyl chains.
On the other hand, guests containing large cycloalkyl and
condensed alkyl rings such cycloheptanol and octanol and the
pinane derivatives discussed above, while nominally classiﬁed as
rigid based on the count of rotatable bonds, are suspected to
undergo cooperative conformational rearrangements of the ring
to bind to β-CD, perhaps also in combination with speciﬁc
rearrangements of the host, which are not modeled suﬃciently
accurately by the force ﬁeld.
Based on these observations, we conclude that the model we
employed accurately describes compensating eﬀects common
to the rigid and ﬂexible guests. We speculate that these are due
to compensating processes involving local energetic strain and
restrictions to vibrational and rotational motion occurring upon
binding.2,100 In contrast, eﬀects due to complex conformational
changes upon binding23,24,31,101 and redistribution of population among multiple binding modes lead to energy/
reorganization reinforcement. The latter eﬀects are more
diﬃcult to model because they involve capturing the
remodeling of the conformational landscapes of the binding
partners rather than only the strength of interatomic
interactions.
While most complexes display a combination of both
compensating and reinforcing behaviors, analysis of guest
modiﬁcations leading to nearly “pure” compensating or
reinforcing behavior conﬁrms the hypothesis that compensation
follows the formation of speciﬁc host−guest interactions,
whereas reinforcement is caused by a population redistribution
among conformational macrostates. The hydrogen-to-methyl
substitution on the ammonium group of phenethylammonium
(see N-methylphenethylammonium and phenethylammonium
in Tables S2A and S4 in the Supporting Information) is an
example of a purely compensating modiﬁcation resulting in a
2.9 kcal/mol energetic gain, 75% of which is canceled by a
compensating reorganization penalty of 2.2 kcal/mol. The
methyl substitution results in an energetic gain as a result of an
increase in the number and strength of the hydrogen bonds
formed between the host and the guest in the down-state
conformation; this down-state conformation is compensated by
a substantial reorganization penalty. In contrast, the signiﬁcant

V. CONCLUSIONS
In this paper, we present results from a large scale survey
studying the binding of 57 β-CD host−guest systems using the
BEDAM algorithm to calculate absolute binding free energies.
For this large set we have observed that generally accurate
binding aﬃnity predictions can be obtained. Diﬃculties are
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Figure 10. Illustration of the potential energy landscapes of receptor (red) and ligand (green) in the unbound state and of their complex (black).
The left panel shows two representative potential energy landscapes for the complex, one in which the well-depth (ligand−receptor interaction
energy) is large and accompanied by a concomitantly large reduction of ﬂexibility, and another one characterized by a smaller energy gain and
smaller reduction of ﬂexibility. The right panel illustrates a more general case with multiple equivalent binding modes of the complex and multiple
macrostates of the receptor and ligand in the unbound state, only some of which (denoted by a “*”) are compatible with binding.

where C° is the standard state concentration, and Zs is the
internal conﬁgurational partition function of species s, and
extending the integration of the external degrees of freedom of
the ligand for ZRL to inﬁnity (assuming a negligible contribution
from the integration of the Gaussian function outside the
binding site volume), we obtain

noted for some functional groups, which could beneﬁt from
tuning of interaction and solvation parameters, and for some
cycloalkyl guests, which likely undergo complex conformational
rearrangements upon binding in ways that are not fully
captured by our model.
Statistical analysis has revealed that the successes as well as
the failures of the free energy model have hinged in part on the
level of description of eﬀects that lead to energy/reorganization
free energy compensation versus those that lead to reinforcement. We have identiﬁed classes of ﬂexible guests (with more
than three rotatable bonds) for which modeled reinforcements
eﬀects provide a more accurate description of measured
aﬃnities than compensation eﬀects alone.
While improvements of energy models and conformational
sampling tools are needed to improve the accuracy of free
energy models so as to make them robustly applicable to
complex biological systems, the promising results obtained here
have oﬀered insights on aspects of physics-based atomistic free
energy models with the potential to provide signiﬁcant
advances in drug design applications over simpliﬁed approaches
based only on interaction energy scoring.
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where ε0 is the magnitude of the well depth of the complex
relative to the sum of those of the receptor and ligand (see
Figure 10), kt and kθ are the generalized force constants for the
translational and rotational degrees of freedom of the ligand,
respectively, kuL and kbL are the generalized force constants for
the internal degrees of freedom of the ligand in the unbound
and bound states, respectively, and kuR and kuR are similarly
deﬁned for the receptor. The standard binding free energy is
ΔG°b = −kT ln Kb.
Let us now hypothesize that the internal degrees of freedom
of the receptor and ligand are more restrained in the complexed
state than in the unbound state, that is we assume that the
ratios τL = kbL/kuL and τR = kbR/kuR are greater than one. For
simplicity we also make the assumption that the degree of
reduction of ﬂexibility is the same for ligand and receptor, that
is τL = τR = τ.
Further, we hypothesize that a one-to-one monotonic
relationship τ = τ(ε0) exists between the ligand-receptor
interaction energy ε0 and the change in ﬂexibility of the ligand
and receptor upon binding (ﬂexibility metric (τ)). Speciﬁcally,
we hypothesize that ﬂexibility is decreased with increasing
interaction energy (as depicted in Figure 10) in such a way that
the binding energy and reorganization free energy contributions
to the binding free energy compensate and result in a linear
relationship between binding free energy and binding energy

APPENDIX

A Simple Physical Model of Compensation and
Reinforcement

Consider the ligand-receptor system depicted in Figure 10,
consisting of a ligand, L, receptor, R, and complex RL with
internal degrees of freedom xL, xR, and xRL of dimensionality nL,
nR, and nRL=nL+nR+6, respectively. The 6 additional degrees of
freedom of the complex correspond to the position and
orientation of the ligand relative to receptor. All of these
degrees of freedom are assumed to follow a harmonic potential
of the general form
U (x ) =

kf
2

(x − x0)2

(11)

where (x − x0) is a square distance in n-dimensional space, and
kf is a generalized force constant. The latter can be equivalently
interpreted as an actual spring constant or the inverse of the
variance of a multivariate Gaussian distribution over a set of
collective variables.
From the expression of the binding constant16,17
2

Kb = C ◦

ZRL
ZR ZL

(13)

ΔGb° = αΔEbind

(14)

as seen for the average behavior observed for the host−guest
systems studied (where we measured a linear coeﬃcient of α ≈
0.25). By computation from the partition of the complex ZRL or

(12)
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modes is equal to the overall average binding energy ΔEbind)
with proportionality coeﬃcient α. We can therefore tentatively
identify this term with the compensating contribution ΔGcomp.
The remainder, −kT ln Nm − kT ln p*, captures the eﬀect of
multiple contributing binding modes and the population of the
binding-competent macrostate in the unbound state which can
be hypothesized to be not statistically correlated with the
properties of the individual binding modes of the complex.
After all, it is not obvious why the strength of a binding mode
should be related to the number of such modes or to the
behavior of the binding partners when they are not interacting.
In conclusion, given that, by deﬁnition, the compensating and
reinforcing component are statistically uncorrelated, it is
reasonable to identify the conformational redistribution term
−kT ln Nm − kT ln p* with the reinforcement component
ΔGreinf extracted from the host−guest data and discussed in the
main text.

by direct application of the equipartition theorem, the average
binding energy is
ΔEb = −ε0 +

n kT
kT
(nL + nR + 6) = −ε0 + RL
2
2

(15)

By substituting this expression in eq 14 and applying the
hypotheses so far formulated, we obtain
τ(ε0) = e αnRL /(nR + nL)e 2(1 − α)ε0 /[kT(nR + nL)]

(16)

which establishes that, for a strict linear relationship between
binding free energy and binding energy to occur, the rate of
reduction of the variances of internal coordinates must
increases exponentially with the increase of the magnitude of
the ligand-receptor energy per degree of freedom, ε0/(nR + nL),
of the binding partners.
The simple illustrative model above formulates a mechanistic
hypothesis for the source of the compensating contribution
ΔGcomp extracted from the host−guest data and discussed in the
main text of the paper. The formation of speciﬁc host−guest
interactions (such as a hydrogen bond) is accompanied by a
reduction of ﬂexibility and increased unfavorable reorganization
of the atoms involved. The two eﬀects are on average tied by a
relationship, such as the one derived above, such that only a
fraction of the gain in host−guest interaction energy translates
into increased binding aﬃnity.
Now consider the case in which the observed binding
constant is the results from the contribution of multiple binding
modes (Figure 10, right panel). It can be generally shown16 that
in this case the binding constant can be expressed as the sum of
the binding constants corresponding to each binding mode i
Kb =

∑ Kb(i)
i
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(18)

where ΔGb°(l) is the binding free energy corresponding to one
of the equivalent binding modes.
In addition to multiple binding modes, the binding partners
may undergo conformational reorganization to adapt to one or
multiple binding modes of the complex (Figure 10, right
panel). This eﬀect can be captured by a parameter p*
representing the population of the binding-competent macrostate in the unbound state:
ΔGb◦ = ΔGb◦(1) − kT ln Nm − kT ln p*
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where Kb(i) is assumed to be given eq 13 with binding modedependent parameters ε0(i), KbL(i), etc. as assumed above and
obeying the compensation relationship (eq 16). By following
the same arguments as sketched out above, it is straightforward
to show that the binding constant of each mode scales as Kb(i)
∝ exp[(1 − α)ε0(i)/kT], thereby showing that the overall
binding constant is dominated by the mode with the greatest
interaction energy, and, consequently, the same conclusions
reached above for the case of a single binding mode apply.
If, on the contrary, Nm binding modes of similar interaction
energy ε0(i) ≈ ε0 contribute approximately equally, it is
straightforward to show that the overall binding free energy is
given approximately by
ΔGb◦ = ΔGb◦(1) − kT ln Nm

■

■

(19)
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Abstract The binding energy distribution analysis
method (BEDAM) protocol has been employed as part of
the SAMPL4 blind challenge to predict the binding free
energies of a set of octa-acid host–guest complexes. The
resulting predictions were consistently judged as some of
the most accurate predictions in this category of the
SAMPL4 challenge in terms of quantitative accuracy and
statistical correlation relative to the experimental values,
which were not known at the time the predictions were
made. The work has been conducted as part of a hands-on
graduate class laboratory session. Collectively the students,
aided by automated setup and analysis tools, performed the
bulk of the calculations and the numerical and structural
analysis. The success of the experiment confirms the reliability of the BEDAM methodology and it shows that
physics-based atomistic binding free energy estimation
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models, when properly streamlined and automated, can be
successfully employed by non-specialists.
Keywords Binding energy distribution analysis method 
Implicit solvation  Analytic generalized Born plus nonpolar model  Blind prediction

Introduction
The accurate prediction of the strength of molecular association is an important and largely unsolved problem from
both chemical [1] and medicinal [2] perspectives. Conventional approaches, such as docking, have reached a high
level of maturity as high-throughput virtual screening [3–6]
and structure prediction tools [7, 8]. However methods
based on interaction-energy scoring alone [9, 10] are often
not optimally suited to pick out trends at the level of
resolution necessary to address finer aspects of drug development such as lead optimization, specificity, toxicity,
and resistance. Atomistic physics-based free energy models, which take into account dynamical aspects of molecular recognition [2, 11–18], have the potential to bridge
this gap. However the reliability and general applicability
of free energy models of binding remain to be fully
established [19–22].
Most of the work with physics-based free energy models
reported in the literature has focused on small retrospective
datasets, which do not give an accurate and unbiased picture of the state of the field. The SAMPL series of community blind challenges [23–25] and related efforts [26]
have played a key role in giving an unbiased view of the
advantages as well as the challenges related to the application of free energy models of binding. In the recent
SAMPL4 experiment for example, our group has employed
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our free energy methodology to screen a large set of HIV
integrase inhibitor candidates [27, 28] where full treatment
of conformational dynamics and entropic effects was found
to be key to reach the observed level of prediction
accuracy.
While, with the help of experiments such as SAMPL,
theories, models and practices continue to improve, one
key obstacle towards wider adoption of free energy models
is the scarcity of automated and easy to use software tools.
For example, although automated tools are beginning to
appear [29], it is notoriously laborious to plan free energy
transformations to compute the relative binding free energies of a set of compounds. In many circumstances, such
as in virtual screening, differences in ligand scaffolds are
too great to accommodate conventional free energy transformations. In this respect absolute rather than relative
binding free energy methods offer some advantages. Additional obstacles towards adoption are due to learning
barriers posed by molecular dynamics engines, each with
its own set of parameters and settings (topology construction, force field parameter assignment, soft-core potentials,
restraints, long-range electrostatic treatments, etc.) [20]
often incompatible with other molecular dynamics engines.
Addressing some of these usability issues and making
binding free energy tools more user friendly would enable
a wide community of non-specialists to access binding free
energy tools and to apply them in a variety of contexts,
ultimately leading to new insights and discoveries.
As part of the octa-acid SAMPL4 affinity challenge, in
this work we apply the binding energy distribution analysis
method (BEDAM), an absolute binding free energy protocol [30, 31], to the blind prediction of the binding free
energies of a set of host–guest systems [32, 33]. The bulk
of the computational work reported here has been conducted by the students of the Statistical Thermodynamics
class at the department of Chemistry at Rutgers University.
The BEDAM method has been successfully applied to a
variety of systems including protein–ligand binding complexes [21, 28, 30, 34] and host–guest complexes [35],
including the challenging ones presented as part of the
previous SAMPL3 edition [36].
In addition to a further opportunity for an unbiased
validation of the methodology, the primary aim of the work
has been to involve a group of students from various disciplines into a classroom project reflective of applied collaborative research. The BEDAM/SAMPL4 host–guest
exercise was particularly suited for this. It allowed a direct
application on molecular systems of the statistical thermodynamics concepts covered in the course. As in actual
research, outcomes were not known or guaranteed. In addition, given the relatively small size of the host–guest
systems, the computational load was expected to be compatible with the time and computational resources available

123

J Comput Aided Mol Des (2015) 29:315–325

to the class. The work also involved studying literature
material about the available laboratory measurements [37]
in order to prepare the molecular systems appropriately and
validate the computational protocol before applying it to
obtain predictions.
One of the challenges with the introduction advanced
computational modeling tools in the classroom is that a
significant amount of time is required to familiarize the
students with the usage of the modeling software, the format for inputs and outputs, algorithmic details, etc. Besides
consuming valuable class time, this process is often of
limited utility to the majority of students who either are not
directly engaged in computational research or whose home
laboratories utilize a different suite of modeling software.
This complication was largely bypassed here by using an
easy-to-use graphical front-end (Maestro, by Schrödinger,
Inc.) combined with the BEDAM automatic workflow tool
developed in our laboratory [38]. This was essentially the
same protocol we used to automate the free energy calculations for the SAMPL4 HIV integrase screening challenge
[28]. The project was set up in such a way that students
prepared the molecular systems using the graphical frontend, provided these to the BEDAM workflow which in turn
produced, without further intervention, all of the inputs
required by the molecular modeling package. The same
workflow was used to process the simulation data to provide binding free energy estimates and to streamline
structural and other thermodynamic analyses.
This study confirms that it is valuable from multiple
perspectives to package complex free energy simulation
protocols into a form that allows the automated processing
of large datasets and at the same time is accessible to nonspecialists. The features of the BEDAM methodology,
which does not require explicit solvation, multiple complex
free energy transformations and elaborate conformational
restraining steps, are conducive to a high degree of
automation.

Methods
Overall organization of the project
Our group focused primarily on the SAMPL4 HIV Integrase screening challenge [25, 28]. Participation to the
octa-acid host–guest challenge was organized as a classroom experiment as part of the Statistical Thermodynamics
graduate class that the senior authors (E. G. and R. M. L.)
were teaching at the time. The aim of the experiment was
to both recruit the help of students and expose them to a
realistic applied research study. Contrary to most classroom experiences, but not unlike actual research scenarios,
neither the students nor their instructors had knowledge of
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the ‘‘right’’ answers. However, also similar to most research scenarios, literature data was available to conduct
validation of the model to gain confidence in the
predictions.
Each student was assigned a small set of host–guest
complexes to investigate. The molecular simulation software
and related scripts and force field data were provided by the
instructors. Students were responsible for building the
molecular structures of the guests (either from scratch and/or
starting from PubChem sources or using files provided by the
SAMPL4 organizers) using the Maestro program ensuring
correct protonation, Lewis structure and initial conformation. The students were also responsible for building the
initial conformation of the complex by placing the ligand in a
reasonable binding mode within the cavity of the host. Students submitted the prepared files for the host and the guests
to the automated BEDAM workflow [38] to generate input
files for the parallel calculation with the IMPACT program
[39]. Students were also responsible for submitting the corresponding parallel jobs to a computing cluster and for retrieving and analyzing the resulting outputs.
Student reports on the host–guest experiment counted
towards their final class grade. Students were asked to
describe not only their calculations but also to observe
overall binding affinity trends by retrieving and discussing
the results obtained by other students. Conversely students
were asked to complete their calculations and analysis
within assigned deadlines so as to be able to promptly
address requests from others. Again, this organization reflects actual collaborative research scenarios. At completion of the class the instructor collected the student
predictions and submitted them to SAMPL.

The binding energy distribution analysis method [30]
computes the absolute binding free energy DGb between a
receptor A and a ligand B employing a k-dependent effective potential energy function with implicit solvation
[40] (see below) of the form
ð1Þ

where r ¼ ðrA ; rB Þ denotes the atomic coordinates of the
complex, with rA and rB denoting those of the receptor and
ligand, respectively,
U0 ðrÞ ¼ UðrA Þ þ UðrB Þ

ð2Þ

is the effective potential energy of the complex when receptor and ligand are dissociated, and
uðrÞ ¼ uðrA ; rB Þ ¼ UðrA ; rB Þ  UðrA Þ  UðrB Þ

where umax is some large positive value (set in this work as
1,000 kcal/mol). This modified binding energy function,
which is used in place of the actual binding energy function
[Eq. (3)] wherever it appears, caps the maximum unfavorable value of the binding energy while leaving unchanged the value of favorable binding energies [31].
The binding free energy DGb is by definition the difference in free energy between the states at k ¼ 1 and
k ¼ 0. The standard free energy of binding DGb is related
to this by the relation [11]
DGb ¼ kB T ln C  Vsite þ DGb ;

ð3Þ

is the binding energy function defined for each

ð5Þ

where C  is the standard concentration of ligand molecules
(C ¼ 1 M, or equivalently 1; 668Å3) and Vsite is the volume of the binding site (see below). The multistate Bennett
acceptance ratio estimator (MBAR) [41, 42] is used here to
compute the binding free energy DGb from a set of binding
energies, u, sampled from molecular dynamics simulations
at a series of k values. For later use we introduce here the
reorganization free energy for binding DGreorg defined by
the expression [14]
DGb ¼ DEb þ DGreorg

The binding energy distribution analysis method

Uk ðrÞ ¼ U0 ðrÞ þ kuðrÞ;

conformation r ¼ ðrB ; rA Þ of the complex as the difference
between the effective potential energies UðrÞ of the bound
and dissociated conformations of the complex without internal conformational rearrangements. To improve convergence of the free energy near k ¼ 0, a modified binding
energy function is employed of the form


8
< u tanh uðrÞ ; uðrÞ [ 0
max
umax
u0 ðrÞ ¼
;
ð4Þ
:
uðrÞ;
uðrÞ  0

ð6Þ

where DEb ¼ hui1 is the average binding energy of the
complex and DGb is the standard binding free energy. The
former is computed from the ensemble of conformations of
the complex collected at k ¼ 1 and DGreorg is computed by
difference using Eq. (6).
The AGBNP2 solvation model
The potential energy of the system is described by the
OPLS-AA/AGBNP2 effective potential in which the
OPLS-AA [39, 43, 44] force field accounts for covalent and
non-bonded interatomic interactions and the effect of the
solvent is represented implicitly by means of the Analytic
Generalized Born plus non-polar (AGBNP2) implicit solvent model [40]. A full description of the AGBNP2 model
is available elsewhere [40]. Here we give a brief summary
of the elements that have been tuned for the present application (see below).
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The AGBNP2 model computes the solvation free energy
of the solute, DGsolv , as the sum of electrostatic, DGelec ,
non-polar, DGnp , and short-range solute-water hydrogen
bonding, DGhb , contributions:
DGsolv ¼ DGelec þ DGnp þ DGhb :

ð7Þ

The electrostatic term is described by means of a variation
of the continuum dielectric Generalized Born model [45,
46]. The non-polar term is further decomposed into a
cavity hydration free energy DGcav , expressed in terms of
solute surface areas, and a solute–solvent average dispersion interaction energy DGvdW given by the expression
X
ai
DGvdW ¼
ai
;
ð8Þ
ðB
þ
R w Þ3
i
i
where Bi is the Born radius of atom i; Rw ¼ 1:4 Å represents the radius of a water molecule, ai is an van der Waals
energy integration factor solely dependent on the LennardJones parameters of the solute atom and the water model
[47, 48], and ai ’ 1 is an atom type-dependent dimensionless adjustable parameter [46].
The hydrogen bonding term,
X
DGhb ¼
hw pw
ð9Þ
w

is computed in terms of spherical hydration volumes w,
typically located around hydrogen bonding donor and acceptor sites [40]. The geometrical parameter pw , expressed
as the fraction of the hydration site not occupied by solute
atoms, measures the effective water occupancy of the site
and the adjustable parameter hw , which depends on the type
of hydrogen bonding site, controls the strength of the solute–solvent interaction (or more precisely the portion of it
not captured by the continuum model) [40]. While normally used for hydrogen bonding sites contributing favorably to the solute hydration free energy, here and elsewhere
[35, 36] we have also employed this same functional form
to describe hydration sites contributing unfavorably to the
hydration free energy (see below); the distinction being the
sign of the hw parameter, negative for hydrogen bonding
sites and positive for the unfavorable solvation free energy
sites.

conformations led to significantly less favorable binding
free energies and were not considered in the analysis.
A preliminary binding free energy calculation for guest
1 with default AGBNP2 parameters resulted in an unstable
complex, which was regarded as unreasonable. Accordingly, steps were taken to correct this defect. Given the
hydrophobicity and depth of the binding cavity of the octaacid host, it was reasoned that the cause of the discrepancy
was due to water enclosure effects [49, 50] not well represented by our continuum solvent model. Two possible
scenarios are likely: the cavity may be hydrated by restricted low entropy and/or high energy water molecules
which, when released in the bulk due to guest binding,
contribute favorably to binding. In the second scenario the
cavity is partially dewetted resulting in weak interaction of
host atoms in the interior of the cavity with the solvent. In
the complex these are replaced by interactions between the
host and the guest, again contributing favorably to binding.
As indicated by explicit solvent simulations in which the
binding cavity of the octa-acid host was observed to fluctuate from empty to completely filled with water [51, 52],
the two effects (low water entropy and low water occupancy in the cavity) may, in fact, occur concomitantly.
Nevertheless, both effects contribute favorably to host–
guest binding and, as described below, can be modeled
similarly in the context of the implicit solvation model we
have employed.
As illustrated in Fig. 1 the interior of the host is composed of an outer larger cavity and an inner smaller cavity.

System preparation and tuning
The octa-acid host was prepared starting from the structure
file provided by the SAMPL organizers using the facilities
in the Maestro program (Schrödinger, Inc.) using standard
OPLS2005 parameters. The guests were prepared similarly.
All carboxylates of the host and the guests were modeled as
unprotonated with a 8 overall net charge of the host. Both
axial and equatorial conformations of cyclic alkyl rings of
the guests were investigated separately. The axial
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Fig. 1 Surface representation of the octa-acid host (with guest 7
bound). The guest (green carbon atoms) occupies the central cavity
which is composed of an outer large cavity and a deeper smaller
cavity occupied in this case by the methyl group of the guest
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Four alkyl hydrogen atoms of the host point towards the
smaller cavity [37]. Similar to a previous approach for a bcyclodextrin host [35], we employed these as attachment
points for custom AGBNP2 hydration sites with unfavorable hydration strength parameters [hw in Eq. (9)]. The
results submitted to SAMPL4 were obtained with hw ¼ 2
kcal/mol, although, given that these sites are significantly
occluded even in the absence of a bound guest, their individual contribution to the binding free energy is only a
fraction of this value. We used a different strategy to model
water enclosure effects in the larger cavity of the host. This
cavity is lined with aromatic rings lacking hydrogen atoms
suitable to serve as attachment points for hydration sites.
Instead, we opted to reduce the van der Waals a parameters
[see Eq. (8)] for the aromatic carbon atoms lining this
cavity from 0.7 to 0.5. Both modifications work towards
making the hydration free energy of the host less favorable
relative to the complex thereby decreasing the desolvation
penalty for binding. Given the limited scope of the classroom experiment, a full parameter optimization campaign
was not carried out. The same modified parameters above
were applied to both sets of complexes, those with known
binding affinities and those with unknown affinities as part
of the SAMPL4 challenge.
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trajectories of guest 1. The binding free energy predictions
were submitted to the SAMPL4 octa-acid challenge on July
20 2013 and assigned prediction ID #140.

Results and performance
Binding free energy validation
Table 1 reports the computed binding free energies for the
octa-acid complexes for which experimental binding free
energies were available at the time of the SAMPL4 challenge [37]. With the exception of the complexes with the
two longest linear alkyl carboxylates (decanoate and octanoate) whose affinity is overestimated, there is good
agreement between calculated and experimental binding
free energies. The cause of the discrepancy for long chain
carboxylates is not clear. The complex with the shorter
hexanoate guest is predicted correctly and so are the
complexes with the more compact adamantane and cyclohexane derivatives. As the SAMPL4 set did not contain
long chain carboxylates, which appear problematic with the
current model, we did not explore this issue further.
Blind predictions

Computational details
Force field parameters were assigned using Schrödinger’s
automatic atomtyper [39]. Parallel alchemical Hamiltonian
Replica Exchange molecular dynamics simulations were
conducted with the IMPACT program [39]. The simulation
temperature was set to 300 K. We employed 16 intermediate steps at k = 0, 0.001, 0.002, 0.004, 0.005, 0.006,
0.008, 0.01, 0.02, 0.04, 0.07, 0.1, 0.25, 0.5, 0.75, and 1. The
binding site volume was defined as any conformation in
which the center of mass of the ligand was within 8 Åof the
center of mass of the host. The ligand was sequestered
within this binding site volume by means of a flat-bottom
harmonic potential. Based on this definition the value of
the term kT ln C  Vsite in Eq. (5) is -0.15 kcal/mol. No
other restraints were applied.
BEDAM calculations were performed for 1.4 ns of
molecular dynamics per replica (22.4 ns total for each
complex). Data from the last nanosecond of each replica
trajectory was used for free energy analysis. Binding free
energy estimates converged quickly; differences between
estimates obtained using the first third and the full data set
were all smaller than 1 kcal/mol. Binding energies were
sampled with a frequency of 1 ps for a total of 16,000
binding energy samples per complex. Uncertainties in the
binding free energies were estimated from MBAR [41] and
scaled by a factor of 10 to reflect the correlation length of
approximately 50 ps estimated from binding energy

The blind binding free energy predictions submitted to
SAMPL4 are listed in Table 2 and shown in Fig. 2 compared to the experimental measurements, which were not
known to us prior to the submission of the predictions [32].
Trans-4-methyl-cyclohexane carboxylate (guest 7) and
4-chlorobenzoate (guest 4) are correctly predicted as the
strongest and next to strongest binders in this set. The
calculated binding free energies for these guests are in
quantitative agreement with the experiments (for example
for guest 7, 7:2 kcal/mol predicted vs. 7:6 kcal/mol
experimentally). At the other end of the spectrum, benzoate
(guest 1) and cyclopentane carboxylate (guest 8) are

Table 1 Calculated binding free energies for complexes of the octaacid host with a set of guests with published experimental affinities
[37]
Guest

DGb ðexptÞa;b

DGb ðcalcÞa

Decanoate

-6.87

-10.6 ± 0.4

Octanoate

-6.02

-7.9 ± 0.4

Hexanoate
1-Adamantane carboxylate

-4.85
-8.25

-4.4 ± 0.2
-7.0 ± 0.5

3-Noradamantane carboxylate

-7.42

-8.1 ± 0.5

Cyclohexane carboxylate

-5.04

-5.3 ± 0.2

a
b

In kcal/mol
From reference [37]

123

143
320
Table 2 Experimental binding
free energies and calculated
binding free energies, binding
energies and reorganization free
energies for the complexes of
the octa-acid host with the
SAMPL4 set of guests
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DGb ðexptÞa;b

Guest no.
1

DGb ðcalcÞa

DEb ðcalcÞa

DGreorg ðcalcÞa

O

-3.73 ± 0.04

-1.0 ± 0.2

-9.3 ± 0.6

8.3 ± 0.6

O

-5.9 ± 0.1

-5.1 ± 0.2

-16.4 ± 0.5

11.3 ± 0.5

-6.28 ± 0.02

-4.0 ± 0.2

-15.5 ± 1.1

11.5 ± 1.1

-6.72 ± 0.03

-6.0 ± 0.2

-15.1 ± 0.5

9.1 ± 0.5

-5.3 ± 0.1

-4.1 ± 0.2

-13.9 ± 0.6

9.8 ± 0.6

O

-5.6 ± 0.1

-5.3 ± 0.2

-12.0 ± 0.5

6.7 ± 0.5

O

-7.6 ± 0.1

-7.2 ± 0.1

-19.6 ± 0.5

12.4 ± 0.5

O

-3.73 ± 0.04

-1.2 ± 0.2

-10.2 ± 0.6

9.0 ± 0.6

O

-6.61 ± 0.02

-4.8 ± 0.2

-14.5 ± 0.6

9.7 ± 0.6

–O

2
–O

O

3
–O

O

4
–O

Cl
O

5

Cl
–O

6
–O

7
–O

8
–O

9
a

In kcal/mol

b

From reference [32]

–O

correctly predicted as the weakest binders, although for
these two guests the agreement is not as quantitative (for
benzoate the binding free energy is underestimated by
2.7 kcal/mol). In general, the computational model predicts
larger variations in binding free energies than observed as
confirmed by the greater-than-one slope of the correlation
line of the calculated binding free relative to experiments
(Fig. 2). For example methylation at the trans position of
guest 1 is predicted to favor binding by approximately
4 kcal/mol whereas measurements show a variation approximately half this value.
As the thermodynamic decomposition data in Table 2
shows, trends in binding affinity are generally determined
by host–guest interaction energies measured by the binding
energies DEb . The strongest binder (guest 7) is also the one
with the most negative binding energy (19:6 kcal/mol)
whereas the weakest binders (guests 1 and 8) are the ones
with the least negative binding energies (9:3 and 10:2
kcal/mol, respectively). As it is often the case, however, the
range of variation of the binding energy (10.0 kcal/mol) is
significantly larger than the range of binding free energies
(6.2 kcal/mol) due to the compensating effect of reorganization (DGreorg in Table 2). The reorganization free energy measures entropic losses and intramolecular strain of
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the host and the guest upon binding [14], which generally
become increasingly unfavorable with increasing strength
of host–guest interactions. The strongest binder (guest 7) is
also the one which incurs the highest reorganization
penalty while the weakest binders incur the least. In the
middle of the pack however the balance between favorable
host–guest interactions and unfavorable reorganization
losses are more complex. For example guest 2 would be
predicted as the second strongest binder based on interaction energies alone overcoming guest 4 by more than 1
kcal/mol. Binding free energy scores however correctly
predicts the opposite due to a 2 kcal/mol advantage of guest
4 in terms of reorganization penalty.
As summarized in the overview paper [33], ours were
judged as some of the most accurate predictions of the
SAMPL4 challenge. Our submission ranked best (among
the 13 octa-acid entries made public) in terms of root mean
square error with respect to both absolute and relative
binding free energy measures. For the latter, using the
notation in reference [33], the root mean square error after
subtracting the average signed error was RMSE_o = 1.3
and the root mean square error of all pairs of relative
binding free energies was RMSE_r = 0.9 kcal/mol. Our
predictions performed best also in terms of correlation
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Fig. 2 Calculated standard binding free energies of the SAMPL4
octa-acid complexes plotted against the corresponding experimental
measurements. The continuous line is the 1:1 line and the dashed line
is the least-squared line (slope = 1.5)

slope (slope = 1.5, but interestingly behind a null model
based on guest size), and second best in terms of correlation coefficient (R2 ¼ 0:9). These quality metrics were
statistically equivalent to those of absolute binding free
energy predictions obtained by Ryde and coworkers with
an explicit solvation model [52].

The predominant binding mode seen in the simulations
is, as expected, one in which the hydrophobic ring of the
guest is set into the cavity with the carboxylate group
oriented towards the solvent (Fig. 3). Substituents in the
4th position of the ring occupy the inner cavity of the host.
This happens for guests 2, 3, 4, and 7. In these guests the
substituent is in register to occupy the lower cavity of the
host while leaving the carboxylate group optimally solvated. Guest 5, with the chlorine substitution at the 3rd
position, prefers mostly to not occupy the inner cavity
rather than sacrificing optimal solvation of the carboxylate
group (see Fig. 3). The calculations generally reproduce
the observed trend that binding to the inner cavity contributes to stronger binding. In agreement with the experiments complexes with guests 2, 4 and 7 are more
strongly bound than their respective homologues (guests 1,
5, and 6) not capable of occupying the inner cavity.
Experimental trends also identify interactions with the
larger outer cavity as an important binding determinant for
binding; an aspect that appears to be underestimated by the
computational model. For example, guest 9, the third
strongest binder experimentally despite the lack of interactions with the inner cavity, is ranked only fifth by the
model. Similarly, as noted above, the affinities of guests 1
and 8, while ranked correctly, are significantly

Fig. 3 Representative
structures of the complexes of
the octa-acid host with the nine
cyclic carboxylate guests
investigated as part of the
SAMPL4 challenge. The
structures displayed here are the
final frames of the trajectory of
the BEDAM replica at k ¼ 1
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underestimated. On the other hand, the binding of guest 3 is
also underestimated even though it occupies the inner
cavity sacrificing in part good interactions with the outer
cavity in order to accommodate the longer ethyl substituent. As noted [32], the stronger observed binding of
guest 3 relative to guest 2 is contrary to expectations and
the model, predicting the opposite relative rankings, fails to
shed light on the underlying molecular mechanism for the
anomaly.

Discussion
Overall, binding affinity prediction methods have performed well on the SAMPL4 host–guest challenge [33, 52–
55], confirming the steady progress of the field, and the
valuable contribution of blind experiments of this kind
towards this progress. The binding free energy predictions
made as part of this work were among the top scoring
submissions for the octa-acid binding affinity challenge
evaluated by the SAMPL4 organizers [33]. The present
results, together with previous successful experiences in
SAMPL challenges [36], and the good ligand screening
performance in the concurrent SAMPL4 HIV integrase
challenge [28], adds further confidence in the reliability of
the BEDAM protocol for binding free energy estimation.
The present work also demonstrates the accessibility of the
technology to non-experts, thanks to an automated workflow and the minimal set of structural assumptions required
by the model.
As in previous work [35], tuning of the implicit solvation model to properly treat enclosed hydration sites has
been important to achieve good accuracy. Conventional
solvation models based on homogeneous continuous descriptions of the solvent do not adequately treat hydration
in deep hydrophobic solute cavities. In particular, it has
been shown in several contexts that the displacement into
the bulk of high free energy water molecules enclosed
within receptor cavities can contribute favorably to ligand
association [49, 56]. The atypical properties of water in
molecular-sized volumes are difficult to model accurately
even in the context of explicit representations of the solvent
[57, 58]. As we have done in this work, our approach to
address these challenges has been to parameterize empirical geometrical models against experimental data. The
advantage of this approach is that it can yield, depending
on the availability and quality of the experimental data,
representations of the thermodynamics of hydration at a
level of accuracy equivalent and possibly superior to
models of higher complexity. However when adopting
empirical approaches of this kind, transferability of parameters can not be assumed. In this work the choice of
parameters was guided by existing experimental data on
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the octa-acid system [37] and previous experiences with
similar hydration cavities in other host–guest systems [35,
36, 50].
The octa-acid binding cavity is in many respects representative of hydrophobic binding sites on protein surfaces
where complex hydration patterns significantly affect
binding propensities [49]. The fact that reliable predictions
were achieved in the present application despite very
limited parameterization indicates that similar strategies
could be successfully employed for protein receptors. Recent advances in inhomogeneous solvation theory analysis
[50, 56] potentially offer a suitable route to automated
parametrization from explicit solvent simulations.
The model generally confirms the expected trends in the
SAMPL4 set of the octa-acid host system [32]. Guests
capable of occupying the inner smaller cavity without
sacrificing solvent exposure of the carboxylate group tend
to bind the octa-acid host more strongly, and so are guests
containing an alkyl ring rather than an aromatic ring. The
model provides further insights and details on the molecular origins of these trends. For example it has been
suggested that guest 4 (chlorine substituent at position 4)
binds more strongly than guest 2 (methyl substituent) due
to added hydrogen bonding-like interactions between the
chlorine atom and the benzal hydrogen atoms of the host
pointing towards the inner cavity [32]. However the computational model, by predicting a stronger host–guest interaction energy for guest 2 relative to guest 4 by more than
1 kcal/mol (see column 5 in Table 2), appears to contradict
this hypothesis. In our model the greater affinity of guest 4
for the host is due to its smaller reorganization free energy
penalty relative to guest 2. We hypothesize that this is due
to added intramolecular strain imposed on the host to open
up the inner cavity slightly to accommodate the methyl
group. This is an example of the commonly observed
compensation between binding energies and reorganization
free energy components [28, 35]: stronger receptor-ligand
interactions are often achieved at the expense of entropic
losses and intramolecular strain and, as a result, the outcome in terms of binding free energy is often the result of a
subtle balance that is difficult to predict.
As an additional example we find that the higher affinity
of alkyl ring-containing guests is due to their stronger interaction energies with the host. For instance, the average
binding energies of guests 6 and 7 are approximately 3
kcal/mol more favorable than those of the corresponding
aromatic guests (guests 1 and 2). This is due to a combination of the larger number of hydrogen atom interaction
centers in the alkyl ring and the smaller average distance
between the carbon atoms of the guest and the atoms of the
host afforded by the puckering of the ring. This conclusion
is in agreement with the analogous analysis based on
binding site volume occupancy [32]. Interestingly, in this
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case, unlike the example above, the stronger interaction
energy actually translates into stronger binding affinity
because the reorganization free energy component is either
reinforcing the interaction energy difference (compare the
reorganization free energy values of guest 6 and guest 1 in
Table 1) or opposes it only slightly (guest 7 relative to
guest 2).
The SAMPL4 host–guest binding experiment offered an
invaluable opportunity to incorporate a realistic research
task into a classroom context. The blind nature of the experiment, where no one was in possession of the right
answer, created a unique collaborative network among
students and among students and instructors. The choice of
the best approach to solve each problem was worked out
based on the collective wisdom of the class rather than
being selected as the approach that gives the ‘‘right’’ answer. Validation of the model, just as it is in applied research, became not the goal of the exercise but rather the
means to obtain a set of predictions of the highest quality
possible.
To streamline the calculations, we employed a highly
automated BEDAM workflow capable of preparing inputs
for the molecular dynamics engine from a minimal set of
user parameters: the structure files for receptor and ligand
and the maximum center of mass distance between the two
which defines the binding site volume (see Methods). This
automation strategy, which has also been employed to
automate hundreds of binding free energy calculations HIV
integrase screening challenge as part of the same SAMPL4
experiment [28], enabled the simulations with little user
knowledge of the system preparation details, input file
syntax and parallel execution commands for the molecular
dynamics engine. Key features of the Schrödinger’s
molecular modeling environment, such as the graphical
user interface and automatic force field parameter assignment, also played a key role in making these complex
calculations accessible to students.

Conclusions
As part of the SAMPL4 blind challenge, we have employed
the BEDAM protocol to predict the binding free energies
of a set of octa-acid host–guest complexes. Our predictions
consistently scored among the best submitted to SAMPL4
in this category (best in terms root mean square errors and
correlation slope, and second best in terms of correlation
coefficient). The experiment has been conducted as part of
a hands-on graduate class laboratory exercise. Collectively
the students, guided by the instructors, performed the bulk
of the calculations and the numerical and structural analysis. Students were encouraged to share data and prepared
reports, on which this work is based, discussing their
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results in the context of those of all of the other students.
Overall, participation to this SAMPL4 challenge has been a
very instructive experience to both the students and their
instructors. The success of the experiment confirms the
reliability of physics-based atomistic binding free energy
estimation models and it shows that these, when properly
streamlined and automated, can be successfully employed
by non-specialists.
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Large-Scale Asynchronous and Distributed
Multidimensional Replica Exchange Molecular Simulations
and Efficiency Analysis
Junchao Xia,[a]† William F. Flynn,[a,b]† Emilio Gallicchio,[c]† Bin W. Zhang,[a] Peng He,[a]
Zhiqiang Tan,[d] and Ronald M. Levy*[a]
We describe methods to perform replica exchange molecular
dynamics (REMD) simulations asynchronously (ASyncRE). The
methods are designed to facilitate large scale REMD simulations on grid computing networks consisting of heterogeneous and distributed computing environments as well as on
homogeneous high-performance clusters. We have implemented these methods on NSF (National Science Foundation)
XSEDE (Extreme Science and Engineering Discovery Environment) clusters and BOINC (Berkeley Open Infrastructure for
Network Computing) distributed computing networks at Temple University and Brooklyn College at CUNY (the City University of New York). They are also being implemented on the
IBM World Community Grid. To illustrate the methods, we
have performed extensive (more than 60 ms in aggregate)
simulations for the beta-cyclodextrin-heptanoate host-guest
system in the context of one- and two-dimensional ASyncRE,

and we used the results to estimate absolute binding free
energies using the binding energy distribution analysis
method. We propose ways to improve the efficiency of REMD
simulations: these include increasing the number of exchanges
attempted after a specified molecular dynamics (MD) period
up to the fast exchange limit and/or adjusting the MD period
to allow sufficient internal relaxation within each thermodynamic state. Although ASyncRE simulations generally require
long MD periods (>picoseconds) per replica exchange cycle to
minimize the overhead imposed by heterogeneous computing
networks, we found that it is possible to reach an efficiency
similar to conventional synchronous REMD, by optimizing the
combination of the MD period and the number of exchanges
C 2015 Wiley Periodicals, Inc.
attempted per cycle. V

Introduction

produce a random walk not only in conformational space but
also in thermodynamic or Hamiltonian parameter spaces, such
as the temperature of the system treated as a stochastic variable in the simulated tempering method. In a typical implementation, the information about the state of the system
alternates between updates of particle positions and velocities
from independent MD or Monte Carlo (MC) simulations and
stochastic updates of thermodynamic conditions and/or

Molecular dynamics (MD) simulations are widely used to study
the behavior of chemical and biological systems at the molecular level.[1–3] However, currently, MD simulations are limited
to time scales much shorter (<milliseconds) than those of
many biochemical processes,[4–6] even using the latest highperformance computing (HPC) resources or specialized computing chips.[7–9] Conversely, conformational equilibria of proteins and nucleic acids and the catalytic functions of enzymes
and ribozymes often occur on time scales from milliseconds to
seconds or longer.[10] Besides using more powerful computing
hardware,[5,7–9,11] developing more advanced conformational
sampling techniques[1–3,12–14] is an important alternative to
address the timescale challenge of MD simulations. These
enhanced sampling techniques are generally based on the
imposition of thermodynamic or alchemical biasing forces on
the relevant chemical reaction space and are able to speed up,
often by many orders of magnitude, conformational interconversions otherwise too rare to be observed in traditional simulations.[15–27] Typically, true (unbiased) thermodynamic
observables have to be extracted from biased simulation
results via postprocessing using reweighting techniques.[28–36]
Generalized ensemble methods[37–43] are popular among
the many enhanced conformational sampling methods and
have been shown to provide better conformational mixing
and faster convergence in many situations. These algorithms
1772
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Hamiltonian parameters (defined as the thermodynamic
“state”), with the microscopic reversibility criteria applied to
satisfy a valid canonical ensemble at each state. Generalized
ensemble enhanced sampling implementations can be classified as either serial or parallel. In serial implementations (such
as serial tempering and Hamiltonian hopping), only one MC/
MD simulation thread is carried out in position space, and
updates of the state of the system are performed periodically
which requires iteratively adjusted free energy weights to
equalize state populations visited.[44–47] As the determination
of optimal free energy weights is equivalent to the computation of a free energy profile, it can be time consuming, especially when they are slowly convergent due to rare
conformational transitions. In contrast, parallel replica
exchange (RE) algorithms[37–43,48,49] overcome the need of
serial algorithms for the prior determination of free energy
weights by launching many replicas (multiple independent
MC/MD threads) at the same time. Those replicas are executed in parallel in such a way that there are as many replicas as thermodynamic states of the system included in the
generalized ensemble, and only one state is assigned to
each replica. Periodically, replicas exchange their current
state assignment with that of another replica, according to
the probability of exchanges controlled by microscopic
reversibility requirements for sampling the generalized
ensemble spanning both the configurational space of each
replica and the combinatorial set of assignments of states
to replicas. The thermodynamic equivalency of replicas and
the fact that there is always one replica at each state guarantee that at steady state, each replica will visit each state
with equal probability, a clear advantage over serial statehopping algorithms dependent on prior knowledge of free
energy weights.
This advantage of replica exchange molecular dynamics
(REMD) is, however, counterbalanced by the need of RE for a
parallel computational environment sufficiently large to host
each replica of the system; a requirement that has historically
discouraged the deployment of RE on a large scale. In our
view, this is not necessarily due to the lack of availability of
parallel computer hardware technologies—in recent years,
multicore HPC clusters and computational grids have exponentially increased in both numbers and power—but rather to the
lack of suitable software technologies capable of efficiently
harnessing this latent computer power. Current implementations of the RE method by the computational chemistry community are in fact severely limited in terms of its scalability
and control when many replicas are involved. In conventional
implementations of RE,[37–43] simulations progress in unison
and exchanges occur in a synchronous manner right after all
replicas reach a predetermined state (typically the completion
of a certain number of MD steps, the MD period). This synchronous approach has several severe limitations. First, sufficient dedicated computational resources must be secured for
all of the replicas before the simulation can begin execution.
Second, the computational resources must be statically maintained until the simulation is completed. Third, a failure of any
replica simulation typically causes the whole calculation to
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abort. Fourth, the centralized synchronization prefers homogeneous computing environments otherwise the efficiency of
Synchronous REMD (Sync REMD) will deteriorate due to the lag
from the slowest computing unit. The reliance on a static pool
of homogeneous computational resources and zero fault tolerance prevents the Synchronous RE (SyncRE) approach from
being a feasible solution for new applications that demand
multidimensional RE algorithms using hundreds to thousands
of replicas.[50–52] Besides the simulated tempering[47] and similar methods[53,54] which require nontrivial predetermined
weighting factors, a multiplexed RE method[55] has also been
proposed to perform RE simulations on the folding@home distributed computing environments[56] although exchanges
between multiplexed replicas still require synchronization.[47,55]
In this work, we introduce a RE methodology named
ASyncRE which removes the synchronizing concept. The basic
idea of asynchronous RE (AsyncRE) is to assign all replicas to
either the running or the waiting lists and allowing a subset of
replicas in the waiting list to perform exchanges independently
from the other replicas on the running list. Because the
exchanges do not rely on centralized synchronization steps,
the ASyncRE algorithm is scalable to an arbitrary number of
processors and avoids the requirement of maintaining a static
pool of processors. Thus, the method is suitable for deployment in both logically and physically distributed environments,
in which the number of concurrently running replicas changes
dynamically depending on the available resources. Prototypical
implementations[57] have shown the potential range of benefits
that can be achieved with dynamic execution and AsyncRE. In
addition to resiliency with respect to dynamically changing
resources, we have shown that AsyncRE also provides a number of important additional benefits, such as higher performance on clusters of machines with heterogeneous CPU speeds
and the ability to use complex exchange schemes that improve
mixing by going beyond conventional nearest neighbor communication. The challenge is to provide these capabilities at
extreme scales and with the flexibility and efficiency required
to enable science applications currently out of reach. In this
report, we demonstrate how this challenge can be overcome
by our recent implementations of the AsyncRE algorithm which
is capable of scaling to very large numbers of replicas and taking advantage of dynamically distributed and heterogeneous
computational resources, including XSEDE high-performance
clusters, university grid networks consisting of spare computers
on campus (Temple University and Brooklyn College at CUNY),
and world-wide networks contributed by volunteer computing
units (World Community Grid [WCG] at IBM).
To improve the efficiency and convergence of conventional
Sync REMD, many developments have been attempted, including modifying nonbonded potentials,[58–60] simplifying the solvent contribution by solute tempering,[61] graining solute
structure,[62,63] applying bias potentials,[27,52,64–66] performing
exchanges with structure reservoirs,[67–69] and many others[70,71]
with Hamiltonian features. Conversely, many investigations
have focused on expanding exchange dimensions,[39,42,52,72]
building Markov state models,[73–76] and optimizing the setting
of simulation parameters such as the temperature distribution
Journal of Computational Chemistry 2015, 36, 1772–1785
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of the replicas,[37,77–83], the number of k values,[74] the exchange
frequency,[84–87] and the number of exchanges attempted.[73,88]
The efficiency and convergence analysis of SyncREMD in comparison with conventional MD has also been carried out in
many previous studies.[75,79,89–95] There is still debate concerning how to select simulation parameters such as the length of
individual MD simulations (MD or exchange period) within a
single cycle of MD 1 exchange, the number of exchanges
attempted after an MD period within a single cycle, and the
MD period when the total number of exchanges attempted
and the total length of simulations are fixed. Some early results
showed that the efficiency of REMD could be significantly
reduced when the MD period is smaller than a certain number
(1 ps).[89,90,92] Recent results,[84,85] however, found that the efficiency increases monotonically as the MD period becomes
smaller and led to so called “infinite swap” methods.[86,87,96]
Previous results[73,88,92,97] also illustrated that at regular MD
periods, the number of attempted exchanges should be ideally
chosen as large as feasible, namely increasing the number of
exchanges within a single RE cycle can improve the efficiency
of REMD. No study can be found for “packing” the MD periods
together with exchange attempts per cycle when the total
number of exchanges attempted and the total length of simulation are fixed. As ASyncRE simulations generally require large
MD periods (>picoseconds) per RE cycle to minimize overhead
from heterogeneous computing networks, and our file-based
implementations of Async REMD framework allows us more
freedom to choose exchange settings, all of these become critical for achieving an efficient ASyncRE simulation protocol.
Another difference between our implementations of Async and
Sync REMD is that a replica in Async REMD simulations performs exchanges with all other replicas not limited to its nearest neighbors in thermodynamic space as is the case for
traditional Sync REMD simulations. One of the goals of this
report is to present the relevant efficiency analysis in the context of the ASyncRE methodology.

Methods
RE sampling
The conformational sampling problem can be formalized as
the problem of efficiently drawing samples of molecular conformations x from the canonical distribution of the chemical
system:
exp½2bUðxjuÞ
pðxjb; uÞ ¼
;
Zðb; uÞ

(1)

where UðxjhÞ is the potential energy function of the system at
molecular configuration x, parametrically dependent on environmental conditions (volume, etc.), chemical composition
(molecular topologies, concentrations, etc.), and modeling
parameters (partial charges, QM basis functions, biasing potential settings, etc.) collectively denoted as h. For the following,
we will define the dimensionless potential energy function
uðxjb; hÞ ¼ bUðxjhÞ, which depends parametrically on both the
inverse temperature b as well as the system parameters h. For
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ease of notation, we will denote the state of the system as
s ¼ ðb; hÞ, fully specified by the joint set of inverse temperature and system parameters. Zðb; hÞ ¼ ZðsÞ is the canonical
configurational partition function at state s ¼ ðb; hÞ defined
such that eq. (1) is normalized with respect to x. Metropolis
MC and MD are two standard molecular modeling methods to
sample eq. (1). These, however, are limited by slow equilibration rates due to rarely crossed energy barriers and entropic
bottlenecks connecting stable conformational domains.
The RE method[37,38] attempts to enhance sampling by considering the extended ensemble described by the distribution
"
pRE ðx1 ; x2 ; . . . ; xM jfsgÞ ¼ exp 2

M
X

#
uðxi ; s½iÞ =ZRE

(2)

i¼1

where the index i denotes one of M realizations of the system,
called replicas, with molecular configuration xi at the assigned
state s½i taken from a discrete set ðs1 ; s2 ; . . . ; sM Þ of M possible
states without repetition, such that no state is assigned to
more than one replica (although equivalent states in the state
set are allowed). The symbol {s} denotes one of the M! permutations of the assignment of states to replicas, and s½i is the
state assigned to replica i according to the given permutation.
For example, with three replicas and three states, ðs½1 ¼ s2 ; s½2
¼ s1 ; s½3 ¼ s3 Þ is one such permutation, in which state s2 is
assigned to replica 1, state s1 is assigned to replica 2, and state
s3 is assigned to replica 3.
Because there are no cross terms, the partition function, ZRE ,
corresponding to the normalization factor in eq. (2), is given
by the product of the partition functions at each state
ZRE ¼ Zðs1 ÞZðs2 Þ . . . ZðsM Þ

(3)

and is, consequently, independent of the state permutation {s}.
It follows that any thermodynamic quantity of the RE
extended ensemble can be computed with an arbitrary state
permutation, or that, equivalently, any two permutations will
result in the same value of thermodynamic quantities. This
property is exploited in the RE conformational sampling
method in which replicas are allowed to explore both conformational space, x, and chemical/parameter space s by sampling the discrete space of M! state permutations {s}. Formally,
the method samples the joint distribution
pRE ðx1 ; x2 ; . . . ; xM ; fsgÞ ¼ pðfsgÞpRE ðx1 ; x2 ; . . . ; xM jfsgÞ
/ pRE ðx1 ; x2 ; . . . ; xM jfsgÞ;

(4)

where pRE ðx1 ; x2 ; . . . ; xM jfsgÞ is defined above, and we have
chosen uniform prior probabilities, pðfsgÞ ¼ 1=M!, of state permutations. Similarly, eq. (4) can be equivalently written as
pRE ðx1 ; x2 ; . . . ; xM ; fsgÞ ¼ pðx1 ; x2 ; . . . ; xM ÞpRE ðfsgjx1 ; x2 ; . . . ; xM Þ
/ pRE ðfsgjx1 ; x2 ; . . . ; xM gÞ;
(5)
where we have assumed uniform probability, pðx1 ; x2 ; . . . ; xM Þ,
in configurational space in absence of potential energy.
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Comparing eqs. (4) and (5), we see that the conditional
probability pRE ðx1 ; x2 ; . . . ; xM jfsgÞ of molecular configurations
given the permutation of states and the conditional probability pRE ðfsgjx1 ; x2 ; . . . ; xM gÞ of state permutations are given by
the same expression [the numerator of eq. (2)] by interpreting
it alternatively in terms of ðx1 ; x2 ; . . . ; xM Þ or {s} as the independent variables.
Asynchronous replica exchange
In conventional synchronous implementations of RE,[37,38] the
reassignment of states to replicas is co-ordinated by a master
process (typically implemented using Message Passing Interface (MPI)) and occurs simultaneously for all replicas after
these have reached a suitable synchronization point, such as
the completion of a given number of MD steps (MD period).
SyncRE is a suitable algorithm for stable, tightly coupled, and
uniform computing architectures, such as a large HPC cluster,
where many MD threads can efficiently execute in parallel at
equal speeds for extended periods of time without failures.
When these conditions are met, it is straightforward to implement SyncRE algorithms capable of achieving a high rate of
exchanges with minimal impact of the MD stoppage time on
the overall throughput.
Synchronous implementations of RE, however, are either
not feasible or extremely inefficient in heterogeneous environments, as in the extreme case of volunteered computational grids such as IBM’s WCG. In these environments,
interprocess communication across compute nodes is typically not available, and the pool of compute nodes changes
dynamically without guarantee of stability or homogeneity.
Similar concerns exist for larger installations as, for example,
when attempting to straddle one large coupled parallel simulation across two or more HPC clusters connected by a thin
network link. As illustrated in this work, for multidimensional
RE simulations involving a large number of replicas (hundreds
to thousands), there are clear benefits of alternatives to SyncRE in terms of resource allocation, resiliency to failure, and
ease of implementation even on tightly coupled HPC
clusters.
Unlike parallel numerical algorithms, such as molecular
dynamics, requiring synchronization between parallel threads,
the RE method itself does not impose the restriction that
exchanges should necessarily occur synchronously across all
processors. In particular the RE method itself does not require
that all of the replicas be running at the same time. There are,
therefore, no obstacles in principle preventing the deployment
of RE over distributed and heterogeneous computing infrastructures. An AsyncRE algorithm based on a decentralized
over-the-network mechanism has been developed by some of
us some years ago.[57,98] That work showed that the asynchronous prescription can provide significant advantages over the
conventional synchronous implementation in terms of scalability with increasing number of replicas, both with respect to
CPU utilization and the ability to use a non-nearest neighbor
exchange scheme leading to improved mixing in configurational and state spaces.
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In this work, we propose a similar algorithm in spirit but
based on a coordination server that conducts exchanges on
the file system where replicas not currently running are check
pointed. The algorithm can be described schematically as
follows:
1. Job files and executables for each replica are set up
locally as appropriate depending on the application.
2. Periodically, a subset of the replicas are submitted for
execution of MD simulation remotely. At the same time,
the output of remote replicas that have completed an
MD execution cycle are collected.
3. Periodically, exchanges of thermodynamic parameters are
performed between the local replicas not currently executing. The energetic and structural information required
for the exchange steps are collected from the output
files of the replicas. Swaps are implemented by replacing
values of parameters, in the MD engine input files as
appropriate. New cycles are then initiated by resubmitting replicas for execution (point 2).
It is evident that in this algorithm, exchanges occur asynchronously, that is, for example, they occur for some replicas
while other replicas are undergoing MD. The algorithm does
not require a direct network link between the compute
nodes as all exchanges occur on the file system of the
coordination server. Furthermore, the algorithm does not
rely on a static pool of compute nodes as each run cycle
of a replica can occur on a different compute node that
does not need to be secured in advance. We have implemented the ASyncRE methodology for XSEDE highperformance cluster resources, the BOINC distributed computing for campus grid networks like the ones at Temple
University and Brooklyn College at the City University of
New York, and we are working on an implementation for
the world-wide distributed BOINC networks like WCG at IBM
consisting of 650,000 volunteers and 2,700,000 computing
units. A brief introduction to the specific implementations is
included as an Appendix and a more complete description
of the software will be published soon (E. Gallicchio, et al.,
manuscript in preparation). The software is free to download
at https://github.com/ComputationalBiophysicsCollaborative/
AsyncRE.
RE scheme
In RE, sampling is performed through a Markov chain alternating between updates of molecular configurations using MC or
MD independently for each replica at a fixed state and
updates of state assignments to replicas (permutations) via a
series of coordinated attempted swaps of states among pairs
of replicas according to MC algorithms. In the simplest variation, a new permutation of states fs0 g is proposed at random
from the current permutation {s} typically by swapping two
randomly picked indexes, corresponding to exchanging states
among a pair of replicas. The proposal is then accepted with
probability
Journal of Computational Chemistry 2015, 36, 1772–1785
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pRE ðfs0 gjx1 ; x2 ; . . . ; xM Þ
pss0 ¼ min 1;
pRE
(
"ðfsgjx1 ; x2 ; . . . ; xM Þ
#)
M
M
X
X
uðxi ; s½iÞ2
uðxi ; s0 ½iÞ
¼ min 1; exp
i¼1

(6)

i¼1

based on the well-known Metropolis scheme. The acceptance
probability of this randomly picked update is typically very low
unless it is downhill (such as, for example, when giving the lower
temperature to the replica with the lower potential energy) or
when the permutation involves neighboring states. For large
multidimensional simulations covering a large portion of state
space, the probability of picking a pair of replicas with neighboring states can be very small. Because of the high rate of rejections this algorithm (referred to as “Metropolis all-to-all”) results
in slow diffusion in parameter space.
One alternative (referred to as “Metropolis nearest
neighbor”) is to select pairs of replicas for exchange so as to
minimize the rejection probability of the exchange. In conventional one-dimensional (1D) implementations of RE (those in
which only the temperature or a single thermodynamic parameter is varied at constant temperature), it is common to limit
exchanges between neighboring replicas, that is, those that
hold immediately adjacent states, (e.g., in the nearest neighbor
exchange scheme a set of attempted exchanges is performed
between paired nearest neighbor thermodynamic states). Conversely, for more complex multidimensional RE implementations, limiting attempted exchanges to neighboring states can
be problematic. For the ASyncRE methodology, we designed
only the replicas in the waiting list can participate in the
exchange process, and therefore, we implemented an algorithm for the sampling of the state permutation space which
does not require the prior identification of neighboring states,
similar to the Metropolis-based independence sampling (MIS)
algorithm by Chodera and Shirts,[88] which attempts to
exchange two replicas randomly picked but follows the same
Metropolis criterion, and it was postulated that this algorithm
approaches the Gibbs sampling limit when the number of
swaps is of the order of M3 to M5.
Binding energy distribution analysis method and unbinned
weighting histogram analysis method reweighting for
estimating absolute binding free energy
The binding energy distribution analysis method (BEDAM),[99–103]
a novel approach for absolute binding free energy estimation
and analysis developed in our group, is based on a sound
statistical mechanics theory[104] of molecular association and
efficient computational strategies built on parallel Hamiltonian RE
sampling (k hopping)[61,105] and thermodynamic reweighting.[28,31,33,35] The total potential energy of the receptor-ligand
complex can be reduced to the dimensionless form as
uðx; b; kÞ ¼ b½U0 ðxÞ1kbðxÞ

(7)

where k is an alchemical progress parameter ranging from 0,
corresponding to the uncoupled state of the complex, to 1,
corresponding to the fully coupled state of the complex. U0 ðxÞ
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Figure 1. Representation of (k,T) 2D RE approach to the calculation of
binding free energies. Each cell represents an alchemical thermodynamic
state at each temperature. The red dashed line illustrates a possible thermodynamic path connecting the bound and unbound conformations of
the complex. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

is the potential energy of the complex when receptor and
ligand are uncoupled, that is, as if they were separated at infinite distance from each other. The quantity b(x), called the
binding energy, is defined as the change in effective potential
energy of the complex for bringing the receptor and ligand
from infinite separation to the given conformation x of the
complex.

The BEDAM method calculates the binding free energy DGb
between a receptor A and a ligand B using the AGBNP (Analytical
Generalized Born plus Non-Polar) implicit solvation model[106,107]
as:


ð



DGb ¼ 2kB Tln C Vsite dbp0 ðbÞe2bb ¼ 2kB TlnC Vsite 1DGb ;
(8)


where b ¼ 1=kB T; C (= 1M) is the standard concentration of
ligand molecules, Vsite is the volume of the binding site, and
p0 ðbÞ is the probability distribution of binding energy [b(x) in
eqs. (7) and (8)] collected in an appropriate decoupled ensemble of conformations in which the ligand is confined in
the binding site while the receptor and the ligand are not
interacting with each other but both only with the solvent
continuum.
Earlier versions of BEDAM[99] were implemented in our
IMPACT (Integrated Modeling Program, Applied Chemical
Theory)[108] molecular simulation package using the synchronous nearest neighbor exchange scheme and performing the
Hamiltonian RE only in the k space. Diffusion along the k variable connects the bound and unbound conformational states
and accelerates the exploration of intermolecular degrees of
freedom. The ability to carry out extensive conformational
sampling of relative position and orientation of the ligand
with respect to the receptor is an advantage of BEDAM[99–103]
over existing free energy perturbation and absolute binding
free energies protocols in explicit solvent.
In the multidimensional BEDAM method, as illustrated in
Figure 1 and implemented as the ASyncRE framework, the system is modeled with k and b as exchange parameters. The
purpose of sampling along k is to enhance mixing of
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Figure 2. a) Side and top view of b-cyclodextrin-heptonoate complex and b) binding energy distributions at k ¼ 1:0 for T 5 300 and 200 K from two 72 ns
1D Sync REMD simulations.

conformations along the alchemical pathway while high temperatures enhance sampling of internal molecular degrees of
freedom at each alchemical state. We mention that the temperature is only one of the additional thermodynamic coordinates designed to activate more thoroughly intramolecular
degrees of freedom that can be implemented in our file-based
ASyncRE implementations using the IMPACT MD engine. In
Figures S1 and S2 of Supporting Information, we show several
time series of k and temperature for replicas from the 1D and
2D AsyncRE simulations. It is clear that in both 1D and 2D
AsyncRE implementations the diffusion speed in thermodynamic state space increases as the number of exchanges is
increased after a MD period.
In this work, we used the unbinned weighting histogram
analysis method (UWHAM)[34,35] to estimate binding energy
ð
distributions p0 ðbÞ and binding free energies DGb ¼ 2 b1 p0 ðbÞ
e2bb db from binding energy samples obtained from the HREM
simulations. The UWHAM is a recent development and can
treat, in a very efficient way, sparsely distributed interaction
energy samples as obtained from unmodified interaction
potentials that are difficult to analyze using standard binning
methods.[28,30] The theoretical derivation and numerical validation of UWHAM have been reported recently,[34,35] along with
the comparison with other methods such as WHAM[28,30] and
the multistate Bennet acceptance ratio method.[33] The code
implementation also has been incorporated into the R package
available at http://cran.r-project.org/web/packages/UWHAM/
index.html.
Metrics of efficiency and convergence
Currently, there is no universally accepted metric for evaluating
the sampling efficiency in REMD simulations although several
methods have been utilized in previous work such as the slowest eigenvalue of the Markov chain from an analysis of the
state transition matrix,[79,88] correlation time and end-to end
transit of the replica state index,[88] variances of the estimated
means of relevant observables,[75,91,93] and root-mean-square
deviation of related observables of test simulations from the

corresponding reference simulation.[84,85] In this work, we performed statistical inefficiency analysis[109] and extracted the
total effective relaxation time of the binding energy at
k ¼ 1:0, which includes all relaxation effects both from MD
simulations and RE mixing. The statistical inefficiency (s) can
be extracted from the block averaging of the binding energy
series and is related to total effective relaxation time of binding energy (su) as below,[109]
Tb r2 ð< u>b Þ
 2su ;
Tb !1
r2 ðuÞ

s ¼ lim

(9)

where the whole series of length T is divided into nb blocks of
length Tb and <u>b is the time average from a block of the
Pb
Pb
length of Tb: <u>b ¼ T1b T½t¼1
uðtÞ, and r2 ð< u>b Þ ¼ n1b n½b¼1
ð< u>b 2 < u >Þ2 is the corresponding variance from nb
blocks. In contrast, <u > and r2 ðuÞ are the average and variance of the binding energy calculated from the whole series
T ¼ Tb nb .
To evaluate the divergence of the binding energy distribution from a target distribution, we also calculated the Kullback–Leibler (KL) divergence[110] defined as
DKL ðPjjQÞ ¼

X
½i

PðiÞln

PðiÞ
;
QðiÞ

(10)

which represents an approximated distance between the
calculated distribution Q(i) and the target one P(i). Namely
DKL ! 0 as QðiÞ ! PðiÞ for all bins from the distributions.

Results
1D Sync REMD simulations
The model complex we studied is b-cyclodextrin-heptanoate
as depicted in Figure 2, one of the host-guest systems investigated in our previous work.[100,102] As a benchmark, we performed standard 1D Synchronous BEDAM simulations at 16 k
values (0.0, 0.001, 0.002, 0.004, 0.01, 0.04, 0.07, 0.1, 0.2, 0.4, 0.6,
0.7, 0.8, 0.9, 0.95, and 1.0) and two different temperatures (200
and 300 K, respectively) with a MD period of 0.5 ps per RE
Journal of Computational Chemistry 2015, 36, 1772–1785
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cycle, using the OPSL-AA force field[111,112] and the AGBNP2
implicit solvent model.[107] The binding energy distributions at
k ¼ 1:0 are displayed in Figure 2 (the results shown correspond to the distributions obtained after UWHAM) for both
200 and 300 K and were calculated from 1.152 ls aggregated
simulations with 16 replicas (72 ns for each replica). The multiple peaks in the binding energy distributions correspond to
different orientations of heptanoate in the host cavity, each
characterized by different hydrogen bonding patterns with bcyclodextrin.[100,102] The binding free energies estimated from
these two simulations are 20.60 and 26.58 kcal/mol for 300
and 200 K, respectively. These two long 1D Sync REMD simulations will serve as the golden standard for evaluating our 1D
and 2D Async REMD simulations with different combinations
of MD simulation period per RE cycle and the number of
exchanges attempted after the MD period per RE cycle. All 2D
Async REMD simulations have the same 16 k values, and the
temperature dimension is extended to the following fifteen
temperatures (200, 206, 212, 218, 225, 231, 238, 245, 252, 260,
267, 275, 283, 291, and 300 K), resulting in a total of 16 3
15 5 240 replicas with 240 different pairs of ðk; bÞ values.
Convergence and efficiency analysis for 1D Async REMD
Figure 3a shows the binding free energies as a function of simulation time from 1D Async REMD using different combinations
of the MD period per RE cycle and the number of exchanges
attempted per RE cycle, along with the golden standard from
1D Sync REMD. The binding free energies from all simulations
converge to a value of around 20.60 kcal/mol at 300 K before
30 ns. The final distributions of binding energies from 1D Asnyc
REMD are consistent with that of Sync REMD as displayed in
Figure 3b and also in Figure 3c for KL divergence curves. The
slight differences around the three peaks originates from the
accumulated effects of the different initial conditions as all
data points in the time series including the initial equilibration
have been included in the distributions.
Figure 3d shows the results of the block averaging of binding energies from 1D Async REMD simulations when only one
exchange was attempted per RE cycle after an MD period (1
or 10 ps). From the values of inefficiency s (the plateau value
when the block size increases), it is clear that for a fixed number of exchange attempts per RE cycle a shorter MD period is
more efficient, which is consistent with previous work from
other groups.[84,85,89,90,92] The underlying rationale is that the
REMD simulation with a longer MD period involves a smaller
number of total exchanges attempted per unit time and,
therefore, results in a slower equilibration of replicas. This
observation suggests an apparent drawback of asynchronous
implementations of RE as the MD period generally can not be
too small (>1 ps) due to the overhead from the latency
response of the local file system and/or the allocating and
transferring of MD jobs by the job manager. But, this is not
really a problem, see the following results and discussion
below.
When the MD period per cycle is fixed to a large value (10
ps) as in Figure 3e, the REMD simulation becomes more effi1778
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cient as the number of attempted exchanges is increased
(from 10 to 100). This observation is in agreement with our
previous studies of Markov models[73,97] of RE and also REMD
simulations by other groups.[88,92] The fact that simulations
with 50 and 100 exchange attempts have almost the same
efficiency suggests that a fast exchange limit exists when the
MD period per cycle is held constant. We explore the issue of
the fast exchange limit further in related work (B. W. Zhang,
et al., manuscript in preparation). From Figure 3e, it can also
be seen that the inefficiency s values of Async REMD simulations (with 50 or 100 exchanges) can be smaller than that of
Sync REMD simulation with a typical MD period of 0.5 ps. This
information is critical for improving the efficiency of Async
REMD simulations where the overhead from heterogeneous
and distributed computing environments necessitates longer
MD periods per RE cycle (>1 ps). Namely, we can increase the
number of exchanges per RE cycle, until the fast exchange
limit is reached, and reduce the replica mixing time (improve
the efficiency) to a value comparable to the Sync REMD
benchmark (which used one set of nearest neighbor exchange
per cycle) despite the longer MD period required for Async
REMD.
Moreover, from Figure 3f, we also found that the efficiency
increases as the MD period is increased from 1 to 10 ps when
the number of exchanges attempted per RE cycle is also
increased, keeping the ratio of exchange attempts per cycle to
the MD period per cycle constant (fixed at 1 or 5 exchanges/ps
in Figure 3f ). This might be considered a surprising result as a
fixed ratio implies that the total number of exchanges
attempted is the same for the same total simulation length.
However, these can be “packed” using different MD periods
per cycle, such as 1 ps MD and 1 exchange and 10 ps MD and
10 exchanges. Figure 3f illustrates that the longer MD period
can lead to higher efficiency when the total number of
attempted exchanges per unit time is fixed, suggesting that a
minimum value of the MD period may be required to allow sufficient internal relaxation at a thermodynamic state and
improve efficiency when the simulations have the same replica
mixing effects (the same total number of attempted exchanges
per unit time). We return to this subject in the discussion.
The efficiency analysis above is based on binding energies
which is the most direct and relevant quantity for binding free
energy calculations. We note that similar conclusions are also
valid for other quantities related to conformational changes. In
Figure S3 of Supporting Information, we show the results
using the orientational angles of the heptanoate relative to
the ring plane of cyclodexin which mainly determines the
binding poses of the ligand. The results are consistent with
Figures 3e and 3f, although in general the derived total effective relaxation times of orientational angles are larger than
that from binding energies.
Convergence and efficiency analysis for 2D Async REMD
Multidimensional REMD is another way to improve the efficiency of REMD simulations.[39,42,52,113] We have extended the
1D Async REMD simulations (16 k values) to 2D Aysnc REMD
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Figure 3. Simulation results at 300 K from 1D Async REMD using different combinations of the MD period and the number of exchanges attempted: a)
binding free energies calculated from UWHAM reweighting; b) binding energy distributions including all data points from 0 to 40 ns; c) KL divergences of
binding energy distributions to the standard 1D Sync REMD result; d)–f ) statistical inefficiencies. [Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

simulations using the additional temperature space (15
values), resulting in 240 replicas and 7.2 ls aggregated simulation time (30 ns for each replica). Figures 4a and 4b show
the final binding energy distributions and corresponding KL
divergences at k ¼ 1:0 and T 5 300 K calculated from several
2D Async REMD simulations with different combinations of
the MD period and the number of exchanges attempted per
RE cycle. All binding energy distributions converge to the
result of the standard 1D Sync REMD as in the case of 1D

Async REMD but in a shorter simulation time (about 20 vs.
30 ns).
The efficiency results in Figure 4 suggest similar trends as
that of 1D Async REMD. The 2D Async REMD simulation
becomes more efficient as the number of exchanges
attempted per RE cycle is increased when the MD period is
fixed (10 ps Figure 4c); efficiency is also improved as the MD
period is increased from 1 to 10 ps when the ratio of the number of exchanges attempted to the MD period is fixed at 1/ps
Journal of Computational Chemistry 2015, 36, 1772–1785
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Figure 4. Simulation results from 2D Async REMD using different combinations of the MD period and the number of exchanges attempted: a) binding
energy distributions at 300 K; b) KL divergences at 300 K; c) statistical inefficiency as the function of the number of exchanges attempted; d) statistical inefficiency as the function of the MD period when the ratio of EX/MD is fixed; e) binding energy distributions at 200K; and f ) KL divergences at 200 K. [Color
figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

(Figure 4d). We also note that the s value of the most efficient
parameter choice (10 ps for the MD period and 8000 for the
number of exchanges attempted per RE cycle) for 2D Async
REMD is almost half of that of 1D Async REMD (Figure 3e), indicating that the efficiency of 2D REMD in the fast exchange limit
can be at least twice as good as running 1D REMD with a
standard choice of parameters. It is obvious that 2D REMD simulations require much more computing resources due to the
1780
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extension of the temperature dimension, but the simulations
also provide binding free energies at different temperatures
(see Figures 4e and 4f for results at T 5 200 K). More importantly, 2D REMD simulations require much less computing time
per thermodynamic state due to the faster convergence than
that of 1D REMD, as high-temperature replicas can accelerate
the sampling of low-temperature replicas. We note that in this
work, we performed the 2D REMD in a temperature range
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Figure 5. 2D Async REMD results from the BOINC distributed network at Temple University: a) distribution of wall clock times for individual 100-ps MD simulations; b) distribution of the number of exchanges attempted per MD period of 100 ps across 240 replicas; c) binding energy distributions at 300 K; and
d) statistical inefficiency. [Color figure can be viewed in the online issue, which is available at wileyonlinelibrary.com.]

below 300 K (200, 206, 212, 218, 225, 231, 238, 245, 252, 260,
267, 275, 283, 291, and 300 K), to mimic stronger binding free
energies which are comparable in strength to values typically
observed in protein–ligand systems.
Efficiency of 2D Async REMD on a BOINC
distributed network
The efficiency results above were obtained from our Async
REMD implementation for XSEDE high-performance resources,
and only one homogeneous cluster (Gordon, Trestles, or Stampede) was involved for each set of Async REMD simulations. In
those simulations, all replicas have the same CPU wall time for
all individual MD simulations. In contrast, for the BOINC distributed network at Temple University consisting of 450 CPUs in
teaching laboratories, the CPU wall times for individual MD
simulations (100 ps for the b-cyclodextrin–heptanoate complex) have wide distributions as shown in Figure 5a. The multimode distribution is not only due to the heterogeneous
hardware resources but also to the different interrupt patterns
of usage, as the BOINC clients are set so that a running MD
simulation will be halted once a user login is detected and will
be resumed after logout. This heterogeneity of the BOINC distributed network also resulted in a wide distribution of the

number of exchanges attempted, displayed in Figure 5b (with
a mean value around 1200 exchanges in a 100 ps MD period)
across the 240 replicas. As such, for the BOINC benchmarks,
we can only specify an estimated wall clock time of exchange
cycling for all replicas.
One limitation of Async REMD is that the MD period cannot
be too short as illustrated in Table 1 to reduce the overhead
inherent in the BOINC management infrastructure including
preparing input files in the local file system, delayed queuing
inherent to the BOINC server, and submitting input files to and
receiving output files from remote BOINC clients. We can see
that, from Table 1, the fraction of overhead can be cut down
greatly as the MD period is increased from 10 to 100 ps for the
b-cyclodextrin–heptanoate complex, or as the system size
becomes large enough, comparable to that of protein–ligand
systems. Table 1 shows the timing for simulations of the
enzyme ABL kinase. We note that the fraction of overhead can
be minimized by optimizing the MD period through a series of
ASync REMD simulations at different MD periods. However, this
trade-off value of MD period, balancing the fraction of time
spent on overhead which goes up as the MD period decreases
and the efficiency of AsyncRE algorithm which becomes more
efficient as the MD period decreases, depends on the system
size and other settings of distributed networks.
Journal of Computational Chemistry 2015, 36, 1772–1785
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Table 1. Wall time information of Async REMD implemented with BOINC.
Wall clock time (median)

b-Cyclodextrin

b-Cyclodextrin

ABL kinase

System size
MD period
MD wall time
Exchange wall time
Overhead
Fraction of overhead

144 1 22 atoms
10 ps
4 min 15 s
4 min 39 s
5 min 16 s
37%

144 1 22 atoms
100 ps
41 min 19 s
14 min 35 s
8 min 50 s
13%

4421 1 69 atoms
10 ps
42 min 42 s
16 min 26 s
12 min 08 s
17%

Due to the inefficiency of Async REMD, if the MD period is
too short, we are interested in analyzing how efficient the
Async REMD can be when a large MD period (such as 100 ps)
is selected. Figure 5c shows the binding energy distribution
calculated from a 2D Async REMD simulation using the Temple
BOINC grid network, which is in agreement with 1D and 2D
Async REMD simulations using XSEDE resources. The statistical
inefficiency value from this simulation is slightly larger than
the standard 1D Sync REMD as shown in Figure 5d. We point
out that the number of exchanges attempted in this case is
only an average value (1200) from a wide distribution (see Figure 5b) due to the heterogeneous nature of the BOINC distribution network. The value of inefficiency s, however, can be
decreased greatly by setting a much smaller wall clock time
for exchange cycling to increase the average number of
exchanges attempted. Hence, the efficiency of 2D REMD using
BOINC shown in Figure 5d is not yet saturated by the fast
exchange limit and can be improved further.

Discussion
The ASyncRE methodology described in this work, as illustrated by the applications, is capable of supporting large-scale
and flexible execution of RE calculations with hundreds of replicas. The algorithm is flexible in the sense that it supports different coupling schemes between the replicas. The basic idea
behind the design of ASyncRE is to allow pairs of replicas to
perform exchanges independently from the other replicas.
Because it does not rely on centralized synchronization steps,
the algorithm is scalable to a very large number of processors
and avoids the requirement of maintaining a static pool of
processors. Thus, the method is suitable for deployment in
both logically and physically distributed heterogeneous environments, in which the number of concurrently running replicas changes dynamically depending on the available
resources. In contrast, SyncRE is designed for use on stable,
tightly coupled, and homogeneous computing architectures,
such as a large HPC clusters, where many MD threads can efficiently execute in parallel at equal speeds for extended periods of time without failures. For simplicity in performing our
efficiency analysis, we set the number of replicas on the waiting list to be roughly equal to the number on the running list.
It should be possible to optimize the ratio between the number on the waiting list and that on the running list as intuitively more replicas on the waiting list will improve the
exchange efficiency of thermodynamic states but reduce the
number of MD simulations completed in a fixed clock time
1782
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and slow down the diffusion speed in conformational space
during the MD steps. So, there is a trade-off here which we
will investigate in a future communication.
The major drawback of the file-based AsyncRE methodology
is that the MD period has to be large enough to reduce the
fraction of overhead due to the preparation of local files
required to launch the MD simulations every cycle, the job
queuing of the BOINC server, and the file transferring to and
from remote BOINC clients. However, our results also show
that the loss of efficiency resulting from longer MD periods
per cycle can be compensated by increasing the number of
exchanges attempted per cycle up to the fast exchange limit.
In addition, the selected MD period can also to be shorter as
the system size is increased, as shown in the case of ABL
kinase. Moreover, the ASyncRE framework is very robust to failures of individual MD processes as no synchronizing process is
required, and failed jobs can be resubmitted automatically by
the job manager.
The RE MC algorithm implemented in our ASyncRE is based
on randomly picking exchange pairs, so called MIS.[88] Our
results for 1D and 2D Async REMD simulations show that
increasing the number of exchanges attempted per RE cycle
can significantly reduce the total effective relaxation time of
the binding energy and improve the efficiency of REMD simulations. However, for the traditional implementation of REMD,
the exchange process is synchronized after all individual MD
simulations have finished. The total wall clock time for
exchanges will be increased significantly if the completion of
exchanges requires recalculating the potential energies in the
new states (in the dimensions of the atomic positions (x) and
the thermodynamic parameters (b; k)) through the energy
functions in the MD code. In our case, the potential energy
uðx; b; kÞ can be decomposed into a linear combination of U0
ðxÞ; bðxÞ; b, and k [see eq. (7)]. The reevaluation of new
energies can be processed locally in a very fast way because
it only involves recombination of these four terms from the
output of MD simulations and does not need to call MD
energy functions remotely. However, for some systems using
nonlinear soft-core potentials for ligand binding, the potential
energy cannot be decomposed linearly and MD energy functions have to be recalled to obtain the energies of new
states combining the information of new thermodynamic
parameters and atomic positions. For those cases, the wall
clock time for reevaluating new energies for exchanges may
become comparable to the time required for the MD simulations as the number of attempted exchanges becomes large.
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Through our experiments with 1D and 2D Async REMD simulations, we found three possible ways to improve the efficiency: (a) reduce the MD period per cycle when the total
number of exchanges attempted per cycle is fixed; (b) increase
the number of exchanges per MD period to reach the fast
exchange limit when the MD period is fixed; and (c) adjust the
MD period so that it is not smaller than a minimum value
which allows for sufficient internal relaxation while adjusting
the number of exchanges attempted per cycle so as to remain
in the fast exchange limit. Determining the most optimal set
of parameters can be challenging as the fast exchange limit
and the minimum value of the MD period are not a priori
known and can vary from system to system. For the bcyclodextrin-heptanoate host-guest system, the minimum
value of the MD period is between 1 and 10 ps, and the fast
exchange limit for the MD period of 10 ps is 10–100 exchange
attempts per replica and per exchange cycle. There are some
signs that these values can be related to the roughness of the
energy landscape, and we are working on a more theoretical
analysis of this problem using Markov state models to simulate
the RE process (B. W. Zhang, et al., manuscript in preparation).
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Appendix
ASyncRE Software Framework, Modular Design, and
Implementations on Different Computer Resources

As discussed above, the reliance on a static pool of computational resources and zero fault tolerance prevents the
SyncRE approach from being a feasible solution for new
application areas that demand multidimensional RE algorithms using hundreds to thousands of replicas. To
address these challenges, we have developed a novel
Python package named ASyncRE for distributed replicaexchange applications (https://github.com/ComputationalBiophysicsCollaborative/AsyncRE). An upcoming
publication will focus on the design of the software.
Briefly, as illustrated in Figure 6, the idea behind ASyncRE is the implementation of replicas as independent
executions of the MD engine for a predetermined amount
of simulation time. Each replica lives in a separate subdirectory of a local coordination server where the ASyncRE application runs. MD engine input files are prepared
for each replica according to the RE scheme under consideration. As resources become available, a randomly
chosen subset of the replicas are submitted to a Job Man-
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Figure 6. Schematic diagram of the AsyncRE algorithm implemented in the
ASyncRE software. The file system resides on a coordination server, each
cell represent a replica which can be either in a waiting (W) state or running (R) state. Replicas in the waiting state can exchange thermodynamic
parameters as illustrated by the curved arrows at the bottom of the diagram. Replica in the running state is submitted to the job manager for execution on remote compute resources.

ager, which launches them on remote resources using a
direct ssh link or through a BOINC infrastructure, and
enter a running state. When a replica completes a cycle
remotely (e.g., on XSEDE compute nodes or a BOINC
client), the output data is transferred back to the server
and the replica enters a waiting state, making it eligible
for exchange with other replicas as well as the initiation
of a new cycle. Periodically, exchanges of thermodynamic parameters are attempted between replicas in a
waiting state using the MIS algorithm[88] described above
restricted to only the pool of replicas in the waiting state.
Exchanges are conducted based on the appropriate
reduced energies as specified in user-defined modules.
This usually entails, see below, extracting energetic and
structural information from the MD engine output files.
Exchanges result in a new set of MD engine input files
ready to begin a new execution cycle.
The ASyncRE software is modularized by taking
advantage of the object-oriented capabilities of the
Python language (class inheritance and method overrides), including three major components as described
below.
1. modules to interface MD engines. These modules facilitate the interaction with the specified MD engine
(IMPACT in this case), such as providing routines to compose input control files and to read output files for collecting MD simulation results.
2. modules to perform common tasks such as job staging
through job manager and coordinating exchanges of
parameters among replicas. Independence sampling
algorithms are implemented in the core module, which
often calls specialized routines defined in user-provided
modules implementing specific RE schemes with a given
Journal of Computational Chemistry 2015, 36, 1772–1785
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MD engine (temperature, Hamiltonian, etc., including
multidimensional combinations of these). Currently, modules for multidimensional RE and BEDAM k-RE alchemical
binding free energy calculations with the IMPACT MD
engine are provided. One key function of modules implementing RE schemes is the computation of the reduced
potential energy matrix in eq. (2), containing the reduced
potential energy of each replica i at each of the M states
sj. This, and the list of waiting replicas, is the only input
for the independence sampling exchange algorithm
implemented in the core module. RE modules also often
override generic input/output routines in the MD engine
modules to, for example, extract specific energetic information from output files to compute the reduced potential energy matrix.
3. modules to use different job transport mechanisms. An early
design and initial usage of the ASyncRE software (https://
github.com/saga-project/asyncre-bigjob) is described in a
recent report.[98] To hide most of the complexities of
resource allocation and job scheduling on a variety of architectures from large national supercomputing clusters to local
departmental resources, we have recently implemented two
different job transport systems: SSH transport for highperformance cluster resources (such as those of XSEDE) and
the BOINC transport for distributed computing on campus
grid networks like the ones at Temple University and Brooklyn College at the City University of New York. Our group
also received an invitation to join the FightAIDS@home project (http://fightaidsathome.scripps.edu) and will have access
to the IBM computing resources, WCG, a distributed BOINC
volunteer grid network in a much larger scale (650,000 volunteers, 2,700,000 computing units).
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Parameterization of an effective potential for
protein–ligand binding from host–guest
afﬁnity data
Lauren Wickstroma*, Nanjie Dengb, Peng Heb, Ahmet Mentesb,
Crystal Nguyenc, Michael K. Gilsonc, Tom Kurtzmand, Emilio Gallicchioe
and Ronald M. Levyb
Force ﬁeld accuracy is still one of the “stalemates” in biomolecular modeling. Model systems with high quality experimental data are valuable instruments for the validation and improvement of effective potentials. With respect to
protein–ligand binding, organic host–guest complexes have long served as models for both experimental and computational studies because of the abundance of binding afﬁnity data available for such systems. Binding afﬁnity data collected for cyclodextrin (CD) inclusion complexes, a popular model for molecular recognition, is potentially a more
reliable resource for tuning energy parameters than hydration free energy measurements. Convergence of binding free
energy calculations on CD host–guest systems can also be obtained rapidly, thus offering the opportunity to assess the
robustness of these parameters. In this work, we demonstrate how implicit solvent parameters can be developed using
binding afﬁnity experimental data and the binding energy distribution analysis method (BEDAM) and validated using
the Grid Inhomogeneous Solvation Theory analysis. These new solvation parameters were used to study protein–ligand
binding in two drug targets against the HIV-1 virus and improved the agreement between the calculated and the experimental binding afﬁnities. This work illustrates how benchmark sets of high quality experimental binding afﬁnity data
and physics-based binding free energy models can be used to evaluate and optimize force ﬁelds for protein–ligand
systems. Copyright © 2015 John Wiley & Sons, Ltd.
Additional supporting information may be found in the online version of this article at the publisher’s web site.
Keywords: OPLS; force ﬁeld; free energy; BEDAM; GIST

INTRODUCTION
Accurate force ﬁelds are essential for quantitative modeling of
interatomic interactions that regulate biological processes such
as protein folding, protein–ligand binding, and allostery. Physics-based molecular mechanics force ﬁelds make use of both
quantum mechanical calculations on small fragments and experimental solution thermodynamic data for the parameterization
of non-bonded terms, which is quite problematic for certain
chemical groups. Measuring heats of vaporization and solvation
free energies can be challenging especially for ionic molecules.
Furthermore, accurate hydration free energy calculations using
either quantum or classical mechanics are also very difﬁcult for
ionic molecules because of the large magnitude of their solvation free energy (Hirata et al., 1988; Hünenberger and
McCammon, 1999; Shirts et al., 2003). In addition, experimental
measurements for unusual ligands and functional groups are
often unavailable. Therefore, alternative strategies are needed
to improve the calibration of force ﬁeld parameters.
Experimental binding afﬁnity data from host–guest systems are
an attractive, untapped resource for force ﬁeld development. A
large quantity of high quality experimental binding afﬁnity data
is available for host–guest systems, covering many different chemical functional groups. These data are obtained from isothermal calorimetric experiments, which directly account for the binding
afﬁnity, whereas IC50 measurements can also be inﬂuenced by
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inhibition mechanisms unrelated to ligand–receptor interactions
(Cheng and Prusoff, 1973; Heeres et al., 2005; Janssen et al.,
2005). Indeed, calorimetric data have already been used to evaluate the current state of the art in free energy methods in a recent
Statistical Assessment of the Modeling of Proteins and Ligands

* Correspondence to: L. Wickstrom, Borough of Manhattan Community College,
The City University of New York, Department of Science, New York, NY, 10007, USA.
E-mail: lwickstrom@bmcc.cuny.edu
a L. Wickstrom
Borough of Manhattan Community College, Department of Science, The City
University of New York, New York, NY, 10007, USA
b N. Deng, P. He, A. Mentes, R. M. Levy
Center for Biophysics and Computational Biology/ICMS, Department of
Chemistry, Temple University, Philadelphia, PA, 19122, USA
c C. Nguyen, M. K. Gilson
Skaggs School of Pharmacy and Pharmaceutical Sciences, University of
California San Diego, La Jolla, CA, 92093-0736, USA
d T. Kurtzman
Department of Chemistry, Lehman College, The City University of New York,
Bronx, NY, 10468, USA
e E. Gallicchio
Department of Chemistry, Brooklyn College, The City University of New York,
Brooklyn, NY, 11210, USA

Copyright © 2015 John Wiley & Sons, Ltd.

164
L. WICKSTROM ET AL.
(SAMPL) competition (Muddana et al., 2012; Muddana et al., 2014).
In addition, a thorough assessment of force ﬁeld models is contingent on achieving sufﬁcient exploration of conformational space.
In this context, host–guest systems (Chang and Gilson, 2004; Chen
et al., 2004; Rekharsky et al., 2007; Moghaddam et al., 2009;
Moghaddam et al., 2011; Muddana and Gilson, 2012b), being much
simpler and smaller than protein–ligand complexes, can serve a
useful purpose. We and others (Chang and Gilson, 2004; Chen
et al., 2004; Rekharsky et al., 2007; Moghaddam et al., 2009;
Moghaddam et al., 2011; Gallicchio and Levy, 2012; Hamaguchi
et al., 2012; König and Brooks, 2012; Lawrenz et al., 2012; Mikulskis
et al., 2012; Muddana and Gilson, 2012a; Muddana and Gilson,
2012b; Muddana et al., 2012; Wickstrom et al., 2013; Monroe and
Shirts, 2014; Muddana et al., 2014) have shown that robust convergence of binding free energy estimates for these systems can be
achieved with relatively modest computational cost. Computational
ease allows for a thorough statistical analysis because a large number of binding afﬁnity predictions can be used to identify, evaluate,
and diagnose the potential issues with force ﬁeld parameters. In
addition, structure–activity relationships of host–guest complexes
should be simpler to understand than protein–ligand systems,
making them particularly useful for examining the accuracy of
the force ﬁeld for speciﬁc interactions. Lastly, but most importantly,
host–guest binding free energy calculations involve the complexity of the protein–ligand binding problem, typically lacking in
standard parameterization schemes using only the free energy of
transfer of a solute, by including both solute–solute and solute–solvent interactions. Therefore, we propose that binding afﬁnity
measurements and calculations on host–guest complexes can be
used to overcome some of the present difﬁculties encountered
during force ﬁeld parameterization, resulting in improved force
ﬁelds for modeling protein–ligand binding.
The host β-cyclodextrin (β-CD) is a popular model system for
studying molecular recognition (Chen et al., 2004; Rekharsky
and Inoue, 1998; Rekharsky and Inoue, 2000; Rekharsky and
Inoue, 2002; Szejtli, 1998; Del Valle, 2004) because of its relatively
simple molecular structure and the availability of experimental
binding afﬁnities. β-CD is a torus-shaped, cyclic glucose oligosaccharide consisting of a hydrophobic core and hydrophilic rims
composed of primary and secondary alcohols, respectively
(Figure 1). These structural features make β-CD an attractive
target for force ﬁeld parameterization because they can coordinate with a variety of guests with different functional groups
through nonpolar and/or polar interactions. There are also extensive
experimental binding thermodynamic data for β-CD host–guest
systems. Many of these experiments have been archived in a
comprehensive compilation by Rekharsky and Inoue (1998).

Figure 1. 3D conformation of β-cyclodextrin. Carbon atoms are shown
in cyan, oxygen atoms are shown in red, and hydrogen atoms are shown
in white. Hydrogens are only shown for hydroxyl groups.

wileyonlinelibrary.com/journal/jmr

In this study, we calculate absolute binding free energies using
the binding energy distribution analysis method (BEDAM;
Gallicchio et al., 2010). BEDAM is based on a single direct alchemical coupling leg in implicit solvent and as a result overcomes
several of the problems typically encountered by double
decoupling schemes in explicit solvent. The difference between
standard double decoupling in explicit solvent and BEDAM is
that a standard double decoupling scheme (Gilson et al., 1997)
involves two alchemical transformations: the ﬁrst alchemical
leg involves turning off the interactions of the ligand in the
solvent, typically performed during solvation free energy calculations, and the second alchemical leg involves turning off the
interactions of the ligand inside the binding site of a receptor;
BEDAM only requires the second alchemical leg, which is performed using the AGBNP2 solvent model instead of explicit
water molecules. The single pathway approach in BEDAM
circumvents the difﬁculty of conventional formulations that
obtain the binding free energy as the difference between large
values, whose statistical errors combine additively. This feature
makes our approach applicable to large and charged ligands
not accessible by conventional free energy models. Implicit
solvent also has several beneﬁts over explicit solvent. The use
of implicit solvent avoids the artifacts introduced by the treatment of long range forces, which are potentially an issue for
charged species in explicit solvent (Reif and Oostenbrink, 2014;
Rocklin et al., 2013). Convergence of the binding free energy
can also be enhanced in implicit solvent, because of the lack of
solvent friction and solvent ﬂuctuations, such as when
attempting to equilibrate speciﬁc waters in partially occupied
sites inside the receptor binding pocket. As a result of its computational efﬁciency, BEDAM has been used to model very large
datasets of protein–ligand complexes (Gallicchio et al., 2010;
Gallicchio, 2012; Lapelosa et al., 2012; Gallicchio et al., 2014) as
well as host–guest systems (Gallicchio and Levy, 2012;
Wickstrom et al., 2013).
Unfortunately, there is a stigma associated with modeling
solvent using standard continuum theories because of the
tradeoff between speed and accuracy. One previous issue was
a tendency to underestimate the desolvation penalty for speciﬁc
chemical groups, leading to overestimation of the stability of salt
bridges and hydrogen bonds in peptides and proteins (Okur
et al., 2008; Roe et al., 2007). Secondly, structural features of
water, missing from continuum models, are essential for speciﬁc
interactions (Ren et al., 2012), such as bridging waters in certain
protein–ligand systems. Lastly, some of the effects that drive
binding, such as the expulsion of thermodynamically unfavorable water molecules, are typically missing from these models,
although these effects are thought to be important for binding
in many host–guest and protein–ligand systems (Deng et al.,
2011; Nguyen et al., 2012; Rogers et al., 2013). Most of these
problems have been addressed in the past 15 years either by
adjusting or modifying the functional form of parameters within
the electrostatic term of the generalized Born model (Hassan
et al., 2000; Onufriev et al., 2004; Rizzo et al., 2005; Zhu et al.,
2007; Zhou et al., 2008; Hassan and Steinbach, 2011; Knight
and Brooks, 2011; Nguyen et al., 2013) or by adding new terms
to the functional form of the solvation expression that attempt
to account for the nonlinear effects of the ﬁrst solvation shell
(Gallicchio et al., 2009; Corbeil et al., 2010; Fennell et al., 2011).
The focus of this work is to use binding afﬁnity calculations on
a series of host-guest systems to evaluate the performance of
the force ﬁeld and solvent model and, where necessary, adjust
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the parameters in the AGBNP2 implicit solvent model (Gallicchio
and Levy, 2004; Gallicchio et al., 2009). AGBNP2 features a
functional form that includes a generalized Born type expression
for the solvation electrostatic effects and also includes solvation
energy terms that account for ﬁrst shell hydration effects explicitly. Both the GB electrostatic term and the hydration shell
correction term make use of algorithms from computational
geometry to calculate atomic overlaps (Grant and Pickup,
1995), as brieﬂy described below. Modiﬁcations to the parameters for this hydration free energy term will be presented in this
paper. In the ﬁrst part of this study, we present work on the
development of parameters that account for displacing thermodynamically unfavorable waters upon ligand binding in the β-CD
host–guest system. In order to validate these adjustments, we
investigated the effects of displacing water in the cavity of an
apo structure of β-CD using explicit solvent simulations and a
grid-based implementation of Grid Inhomogeneous Solvation
Theory (GIST; Lazaridis, 1998; Nguyen et al., 2012). In the ﬁrst
implementation of GIST, Nguyen et al. investigated the hydration
of cucurbituril-7 (CB-7), noting the extreme unfavorability of
water inside the cavity (Biedermann et al., 2012; Nguyen et al.,
2012). For β-CD, we connect the GIST thermodynamic analysis
to AGBNP2 parameters that account for water expulsion effects
in the cavity (Wickstrom et al., 2013).
The second part of this study addresses the parameterization
of the carboxylate functional group. We previously presented a
large scale binding afﬁnity study on β-CD host–guest systems
in which we evaluated global and local binding thermodynamic
trends successfully using BEDAM absolute binding free energy
calculations (Wickstrom et al., 2013). This large set included
guests containing alkyl, aromatic, amine, amide, and ester functional groups. Here, we expand this set to include a group of
carboxylate-containing guests. Initial tests indicated particularly
large errors for compounds with the carboxylate functional
group. Subsequent adjustments to the solvation parameters of
the carboxylates improve the agreement between the calculated
and experimental binding afﬁnities for β-CD host–guest systems.
In addition, GIST analysis conﬁrms the favorable solvation
patterns, which are accounted for in the AGBNP2 model. To
our knowledge, this is the ﬁrst report of using large scale binding
free energy calculations of host–guest systems to optimize force
ﬁeld parameters. Lastly, we show that implementation of these
optimized parameters results in better agreement between the
calculated and experimental binding afﬁnities of several allosteric inhibitors to HIV-1 protease (HIV-PR) and improves the enrichment results from virtual screening of candidate ligands against
the LEDGF binding pocket of HIV integrase.

an analytical pairwise descreening implementation of the generalized Born model for the electrostatic term (Gel), a non-polar
hydration free energy estimator for the non-electrostatic term
(Gnp), and a hydration correction term (Ghyd).
Gsolvation ¼ Gel þ Gnp þ Ghyd

(1)

Ghyd accounts for the ﬁrst shell hydration effects not accounted
for by linear dielectric screening, such as hydrogen bonding with
solvent and water ordering in the receptor binding site. The
hydration correction term is estimated using an analytical intermolecular hydrogen bond potential described by the following
expression:
Ghyd ¼∑w Sðpw Þhw

(2)

where S(pw) is a switching function, based on the fraction pw of
solvent-occupied volume in the hydration site “w” of the ﬁrst
solvation shell of hydrogen bonding donor and acceptor groups
of the solute, and hw is an empirical parameter that accounts for
the water–solute interactions not accounted for by the force
ﬁeld and solvation model. This correction parameter depends
on the atom type of the solute (hydrogen bonding donor or
acceptor, or non-polar hydrogen). The sign of this component
determines whether the interactions formed with the solvent
are potentially favorable or unfavorable, while its magnitude
determines the strength of the excess interaction with water. In
this work, we describe the parameterization of the hw correction
factor for non-polar hydration sites, which model the effects of
expelling unfavorable waters from the host, and polar hydration
sites on the oxygen atoms of carboxylate functional groups of
the guests, which account for favorable solute–water interactions (Figure S1 in the Supporting Information). Additional
details about the parameterization are included in the
Supporting Information.
We implemented BEDAM using Hamiltonian replica exchange
molecular dynamics (H-REMD) and reservoir-REMD (Lyman et al.,
2006; Okur et al., 2007; Roitberg et al., 2007) for our binding free
energy simulations within the IMPACT program (Banks et al.,
2005). Simulation settings with the unmodiﬁed parameters were
similar to the previous study, except that the number of replicas
was increased in order to optimize convergence for charged
ligands. Thus, the H-REMD simulations were conducted using
24, rather than 16, replicas at values of the coupling parameter
λ set to 0.0, 0.001, 0.002, 0.004, 0.005, 0.006, 0.008, 0.01, 0.02,
0.04, 0.07, 0.1, 0.25, 0.5¸ 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9,
0.95, and 1.0 for the BEDAM simulations using the new hydration
parameters for the carboxylate guests. These simulations were
performed for 5 ns per replica (Figure S2 in the Supporting
Information).

METHODS AND MATERIALS
Computational details for β-CD simulations
BEDAM calculations were performed on 33 β-CD host–guest systems (Rekharsky and Inoue, 1998; Rekharsky and Inoue, 2000;
Rekharsky and Inoue, 2002), where the guests all had ionic
carboxylate functional groups (see Table S1 in the Supporting
Information). Details of the guest selection and preparation are
described in the previous study on β-CD host–guest systems
(Wickstrom et al., 2013). Binding free energies were obtained
using the OPLS-AA force ﬁeld (Jorgensen et al., 1996; Kaminski
et al., 2001) and the AGBNP2 (Gallicchio and Levy, 2004;
Gallicchio et al., 2009) implicit solvent model. AGBNP2 includes
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Computational details for the HIV protease and HIV
integrase simulations
HIV protease
The BEDAM simulations were performed on two ligands of HIV
Protease: 1F1 and 1F1-N, which bind at the ﬂap site of the
enzyme (Figure 2). The initial structures of the complexes with
1F1 and 1F1-N were obtained from the PDB (PDB IDs 3KFR
(Perryman et al., 2010) and 4EJL (Tiefenbrunn et al., 2013)). The
crystal structure was prepared at pH 5.6. Both PDB structures
were ﬁrst solvated in a TIP3P (Jorgensen et al., 1983) octahedral
water box and equilibrated for 5 ns at 300 K. The waters were

Copyright © 2015 John Wiley & Sons, Ltd.
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account the binding free energy and an energetic penalty for
unfavorable ionization states.

RESULTS AND DISCUSSION
Figure 2. 2D chemical structures of the HIV-PR allosteric inhibitors.

removed from the systems, and each system was minimized
using the AGBNP2 implicit solvent model. The systems were
gradually thermalized at 300 K in 75 ps and equilibrated at
300 K for an additional 75 ps before the production run.
The BEDAM simulations of the two HIV-PR complexes were
performed for 3 ns per replica (approximately 96 ns of total simulation time; Figure S3 in the Supporting Information). H-REMD
simulations were conducted using 16 lambdas: 0.0, 0.001,
0.002, 0.004, 0.006, 0.008, 0.01, 0.02, 0.04, 0.07, 0.1, 0.25,0.4,
0.55, 0.75, and 1.0. The binding site is deﬁned as a sphere with
a radius of 2 Å from the center of mass of residues 44, 46, 55,
and 57 of chain B of the HIV-PR dimer (Figure 3). Whenever
the ligand center (here, the nitrogen atom in ligands 1F1
and 1F1N) falls within the binding site volume, the ligand is
considered as in the bound state. The Cα atoms of the receptor were restrained with a force constant of 2.0 kcal/mol/Å2.
Structures were saved every picosecond. The last 2 ns of data
were used for analysis. Details about the parameterization and
analysis are included in the Supporting Information.
HIV integrase
The BEDAM simulations were performed on 10 candidate ligands
targeting the LEDGF binding site of HIV integrase (Tables S5 and
S6 in the Supporting Information) in the recent SAMPL4 simulation (Gallicchio et al., 2014; Mobley et al., 2014). Most of the available experimental binding afﬁnity data determined whether
these ligands were binders or non-binders (Peat et al., 2014).
The only binding afﬁnity data point available for the tested true
positives is AVX17557. Five of these ligands were experimental
binders, while the other ﬁve ligands were non-binders. In the
previous study, the new AGBNP2 carboxylate parameters, which
are described in this paper, were used for the binding afﬁnity calculations of HIV integrase and a library of potential inhibitors. In
this work, we apply the original AGBNP2 carboxylate parameters
to the 10 candidate ligands using the same simulation and setup
protocol as the previous study (Gallicchio et al., 2014). The ligands are ranked based on a free energy score, which takes into

In this section, we report results involving the use of BEDAM
free energy calculations to parameterize force ﬁeld parameters. We focused in particular on parameters of the AGBNP2
implicit solvent model accounting for ﬁrst shell hydration
effects. In the present case of binding to β-CD, ﬁrst shell contributions can be favorable or unfavorable toward solvation. In
both cases, GIST analysis justiﬁes these aspects of the model
and the modiﬁcations we have applied. Lastly, we apply the
optimized parameters to the binding of a novel class of
allosteric inhibitors of HIV-PR and HIV-1-integrase and show
that they lead to improved agreement with measured binding
afﬁnities and enhance enrichment in virtual screening
applications.
Can implicit solvent models mimic speciﬁc water–solute
interactions?
One of the challenges of using implicit solvent models is the
modeling of the effects of structural waters and water expulsion
upon binding. To address this, our lab developed the AGBNP2
implicit solvent model, which incorporates the effects of favorable and unfavorable hydration (Gallicchio et al., 2009;
Wickstrom et al., 2013) originating from speciﬁc sites on the
surface of the solute. This was achieved by geometrical and
energetic predictor terms that mimic hydrogen bonding and
water enclosure effects. Each accessible hydration site contributes to the overall hydration free energy of the solute according
to Equation 2, where pw accounts for the accessible volume of
the hydration site and hw is an adjustable interaction energy
parameter. The original AGBNP2 parameterization involved training solvation free energies against experimental data for small
organic molecules and comparing conformational ensembles
of peptides obtained with implicit and explicit solvation models
(Gallicchio et al., 2009). More recently, we reported hydration
parameters to model the effects of expelling unfavorable water
molecules from within the binding cavity of β-CD (Wickstrom
et al., 2013). Water enclosure is a very important factor because
dehydration of the cavity of β-CD and other similar host–guest
systems has been noted to be key for binding (Taulier and
Chalikian, 2006; Biedermann et al., 2012; Nguyen et al., 2012;
Rogers et al., 2013).

Figure 3. Predicted binding modes of 1F1 (PDB code 3KFR; Perryman et al., 2010) and 1F1N (PDB code 4EJL; Tiefenbrunn et al., 2013) in complex with
HIV protease. The yellow dashed lines indicate protein-ligand intermolecular hydrogen bonds.
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Table 1. Comparison of calculated and experimental binding afﬁnities for a training set of β-CD host–guest systems, varying the
weight of the unfavorable free energy of enclosed water molecules
hw

0b

0.4a

0.5a

0.6a

0.7

ΔG°calc

ΔG°calc

ΔG°calc

ΔG°calc

Guests

ΔG°exp

ΔG°calc

Benzene
Resorcinol
Naproxen
Nabumetone
RMSD
Average ΔG

2.77
2.77
4.33
4.59

0.37
1.95
1.08
1.35
3.57
0.22

3.62

2.44 ± 0.03
0.28 ± 0.05
3.42 ± 0.15
3.18 ± 0.11
1.51
2.33

3.07 ± 0.04
0.78 ± 0.04
3.79 ± 0.14
3.70 ± 0.06
1.13
2.84

3.69 ± 0.07
1.47 ± 0.05
4.85 ± 0.13
4.31 ± 0.08
0.85
3.58

4.01 ± 0.05
1.90 ± 0.05
5.00 ± 0.12
4.54 ± 0.10
0.83
3.86

Data were included in the previous study of β-CD (Wickstrom et al., 2013).
Binding free energies were calculated from a linear extrapolation of the previous binding free energy data points.

a

b

The AGBNP2 parameterization was augmented to include two
hydration sites for each glucose monomer pointing in toward
the buried interior of the β-CD host (Figure S4 in the Supporting
Information and Figure 4 Wickstrom et al., 2013). Each solventoccupied hydration site was assigned a positive (unfavorable)
hydration correction energy (hw) to mimic the effect of water
enclosure. Upon binding, guests would occupy these positions
in the cavity, resulting in a boost to the binding free energy of
the host–guest complex because of the removal of enclosed
water molecules and their transfer to the bulk. Calculated and
experimental binding free energies of a small group of β-CD
host–guest systems were used to train the hw parameter,
representing the magnitude of the free energy of water expulsion, for these hydration sites (Table 1). Four different values
were tested for the hw correction term: 0.4, 0.5, 0.6, and
0.7 kcal/mol. The best agreement between calculated and experimental binding afﬁnities for the training set was obtained with
hw = 0.6 and hw = 0.7 based on RMSD. However, the average
calculated binding afﬁnities obtained using hw = 0.6 gives the
closest estimation of the average experimental binding afﬁnity
of the training set than the binding afﬁnities obtained using
hw = 0.7. From the data in Table 1, it is apparent that including
water enclosure parameters is necessary to achieve reasonable
agreement between our calculations and experiments and that
hw = 0.6 is the suitable correction energy value to scale the free
energy of water expulsion. In the next section, we discuss the
further justiﬁcation behind this parameterization using GIST.

host CB-7, in which the binding cavity was noted to have an
unfavorable free energy relative to bulk water. In this work, we
evaluate the hydration pattern within and around the β-CD host
using GIST in order to compare the treatment of hydration inside
the cavity of β-CD by the AGBNP2 implicit solvent model with
the behavior of explicit water molecules.
We calculated a GIST solvation free energy map using a 100-ns
trajectory of an apo structure of β-CD in explicit solvent. Figure 4
shows the regions where the solvation free energy per water is
unfavorable. Notably, there is a toroidal region (colored in
purple) inside the cavity where the solvation free energy is unfavorable by 2.0 kcal/mol or more per water relative to bulk
solvent. This solvation free energy is a combination of both unfavorable solvation energy, composed of slightly favorable solute–
water energies and overwhelmingly unfavorable water–water
energies, and the decreased entropy of the water inside this
hydrophobic enclosure, relative to bulk water. The water molecules in the β-CD cavity are unfavorable energetically because
of their inability to form the same number of hydrogen bonds
as observed in bulk. This inability is largely due to the solvent
excluded volume inside β-CD reducing the number of water neighbors available to form hydrogen bonds with each enclosed water
molecule. The solvation entropy is also unfavorable inside the cavity
because of the orientational and translational ordering that the
water molecules need in order to form these hydrogen bonds with
their limited number of water neighbors. The observation of

Justiﬁcation for the water site parameterization using grid
inhomogeneous solvation theory analysis
The expulsion of water from unfavorable sites is a key factor in
molecular recognition and binding. The recent focus of many
computational groups is the development of tools that evaluate
the importance of water in this process (Li and Lazaridis, 2006;
Young et al., 2007; Abel et al., 2008; Michel et al., 2009; Yu and
Rick, 2009; Baron et al., 2010; Nguyen et al., 2011; Nguyen et al.,
2012). Some approaches, such as Watermap (Young et al.,
2007; Abel et al., 2008), determine the solvation thermodynamics
of high occupancy, single water sites relative to bulk water. GIST
maps out the solvation patterns on a grid around a molecule of
interest in order to analyze the solvation thermodynamics of
high and low density regions of waters; this eliminates the need
for deﬁning speciﬁc water sites within a binding site (Nguyen
et al., 2012). GIST was ﬁrst used to analyze the hydration of the
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Figure 4. GIST contour plots of the solvation free energy density in and
around β-CD. Contours at +2.0 kcal/mol/water are shown in purple. The
AGBNP2 hydration sites in the cavity are shown in blue.
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unfavorable hydration sites inside the host cavity is consistent with
previous work on a similar cylindrical enclosure for CB-7 (Nguyen
et al., 2012). The 14 AGBNP2 hydration sites used in our model of
β-CD have signiﬁcant overlap with the toroidal region identiﬁed
by GIST analysis. We therefore conclude that the modeling of water
expulsion in β-CD modeled by the positive hydration correction energy terms in AGBNP2 is qualitatively justiﬁed by the GIST analysis.
Description of results with initial parameters
Computed binding free energies with original parameter set
The BEDAM simulations were conducted for 33 complexes of
β-CD with a diverse set of ligands containing a carboxylate functional group (Tables S1 and S2 in the Supporting Information).
The results are summarized in Figure 5, along with the results
from a previous study of 57 β-CD host–guest systems (Wickstrom
et al., 2013) lacking carboxylate groups. Relative to the experimental standard binding free energies, the overall Spearman correlation coefﬁcient and RMS error of the computed values are 0.46
and 2.25 kcal/mol, respectively (Figure 5, left panel). This accuracy
is consistent with previous work on host–guest systems (Muddana
et al., 2012; Muddana et al., 2014; Wickstrom et al., 2013). Inspection
of Figure 5 reveals that guests with carboxylate groups represented the most problematic set for the computational model:
β-CD host–guest systems in this class had the highest RMS deviation from the experiments (3.14 kcal/mol) and the lowest percentage of correct predictions (29%), calculated binding afﬁnities that
were within 2.0 kcal/mol of the experimental afﬁnity, compared
with the guests with other functional groups, for which the RMS
deviation and percentage of correct predictions are 1.5 kcal/mol
and 83%, respectively. This ﬁnding represented a clear indication
that the force ﬁeld parameters for the carboxylate group required
further reﬁnement.
Development of optimized hydration site parameters for carboxylate functional groups
Overall, the calculated binding afﬁnities were underestimated
relative to the experimental afﬁnities by ~3.0 kcal/mol for
carboxylate-containing guests. As detailed below, we attributed
this large deviation to overestimation of the desolvation penalty
for the carboxylate functional group. In order to address this

issue, we focused on adjusting the hw parameter for the hydration sites surrounding the oxygen atoms on the carboxylate
functional group, so as to better represent β-CD binding afﬁnity
data.
These hydration sites are located in positions where waters
would potentially form hydrogen bonds with the carboxylate
as described in the Methods and Materials section. The unoccupied sites are given an energetic reward for the favorable solute–
solvent water interactions based on hw. This hw parameter was
originally introduced to increase the desolvation penalty, which
would result in a decrease in the number of salt bridges in model
peptides predicted by the AGBNP model relative to explicit
solvation (Gallicchio et al., 2009). However, these host–guest
systems are stabilized by different interactions than observed
in salt bridges; it is apparent that this parameterization strategy
yielded an overly favorable hydration free energy for the carboxylate group relative to the interactions with the host. We therefore increased the value of hw solvation parameter from
1.25 kcal/mol to 0.75 kcal/mol to weaken the desolvation
penalty for the carboxylate group and thereby increase the binding afﬁnity for β-CD (Supporting Information).
The correction generally makes binding more favorable, as
anticipated. When these energy parameters are applied to the
full set of 33 ionic carboxylic acids, the RMS error for this set is
reduced from 3.14 to 1.86 kcal/mol, and the number of correct
predictions increased from 27% to 67%. Over all of the β-CD
complexes investigated, the optimized parameters yield a
Spearman rho of 0.59 and an RMS error of 1.62 kcal/mol, thereby
providing an overall superior model (Figure 5).
In order to evaluate the realism of the updated hydration site
placements, we calculated a GIST solvation free energy map using
a 100-ns trajectory of hexanoate in TIP3P explicit solvent. Figure 6
shows the regions of high water density with favorable solvation
(ΔGsolv ≤ 0.25 kcal/mol). Each oxygen atom of the carboxylate
group is surrounded by a favorable ring of solvation free energy.
Similar hydration patterns are observed around the carboxylate
group of glutamate side chains in proteins based on X-ray diffraction data (Thanki et al., 1988). These maps reﬂect a combination of
the favorable solvation energies and unfavorable solvation entropies because of the interactions between water molecules and
carboxylate oxygens. The favorable solvation energy is due to
the formation of approximately three hydrogen bonds between

Figure 5. Comparison of the experimental versus the calculated standard binding free energies (ΔGb) with the original (left panel) and optimized (right
panel) parameters for the AGBNP2 solvent model for all of the host–guest systems. The binding free energy data are presented for the 33 guests with
2
(purple) and the additional 57 guests without carboxylate functional groups (black). The R , Spearman rho (ρ), and RMS error are calculated for the set of
90 β-CD host–guest systems in each panel. The line is the x = y line.
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Figure 6. GIST contour plots of the solvation free energy around
hexanoate. Contours at 0.25 kcal/mol per water are shown in purple.
The hydration sites in the cavity are shown in blue. The ﬁgure is showing
two orientations of the same molecule.

each oxygen and the surrounding waters. These interactions are
penalized by the solvation entropy, which accounts for the ordering of the water around the oxygen atom allowing for favorable
hydration. The AGBNP2 hydration sites overlap with these favorable regions of solvation around the carboxylate oxygens, accounting for in-plane and out-of-plane hydrogen bonding between
water and the oxygen atoms. These results conﬁrm that the locations of AGBNP2 hydration sites are appropriately selected to
model the favorable hydration around the carboxylate group.
Physical basis for the reparameterization
One of the strengths of physics-based models of binding, such as
BEDAM, is the explicit treatment of entropic and internal conformational strain effects, collectively identiﬁed as reorganization
free energy effects. Indeed, neglecting such terms produces a
model in clear disagreement with the experiments (RMS
deviation = 14.9 kcal/mol for the 33 carboxylate guests). It is
interesting therefore to note the effect of the new parameterization on the energetic and reorganization free energy components of the binding free energies of the complexes. With the

new parameters (see also Figure 7(A)), we observe a shift in the
binding energies toward more favorable values (23.4 kcal/mol
on average compared with 17.4 kcal/mol). This is consistent
with the goals of reparameterization, which were to adjust the
free energy of solvation to strengthen host–guest interactions,
thereby improving the agreement between the experimental
and calculated binding afﬁnities for these β-CD host–guest
systems. The predominant effect of the new parameters on the
β-CD + carboxylate guest binding modes is more hydrogen
bonds between the host and the guest, because of the reduction
in the solvation penalty upon binding, which translates into more
favorable binding energies and afﬁnities (Figure 8 and Tables S3
and S4 in the Supporting Information). Nevertheless, the reorganization free energies are also affected (Figure 7B and Table S3
in the Supporting Information), becoming more unfavorable with
the new parameters (22.2 kcal/mol on average compared with
17.6 kcal/mol). This change is due to the decrease in the
solvation penalty for binding, which enables the guest to form
stronger interactions with the host, resulting in a loss of conformational entropy and an increase in the conformational strain energy for both the host and the guest. This example shows that
one must be aware that modiﬁcations aimed, for example, at
adjusting interaction energies could cause opposite effects to
the reorganization free energy component. It is therefore crucial
that both energetic and entropic effects be considered in force
ﬁeld parameterization of the kind described here.
Binding free energies of ligand inhibitors to an allosteric site
on HIV Protease
Recently, a new potentially allosteric binding site has been discovered on the top of the ﬂaps of HIV-PR using docking and experimental assays (Figures 2 and 3; Tiefenbrunn et al., 2013). Two
ligands, 1F1 and 1F1N, were found to bind to this site of HIV-PR
with micromolar afﬁnity. Both ligands contain an indole and a
carboxylate group but differ in the substitution position on the
indole ring. In 1F1N, the carboxylate group is linked to the indole
group by two methylenes. Despite the structural differences,
these two ligands have similar afﬁnity to HIV-PR (within
1.0 kcal/mol). As seen in Figure 3, the two ligands adopt similar
predicted binding modes, featuring a salt bridge between the
carboxylate ion and Arg57 side chain, and a hydrogen bonding

Figure 7. Comparison of the (A) binding energy and (B) the reorganization free energy of the β-CD complexes with carboxylate guests using the
original and optimized parameters for the AGBNP2 solvent model.
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the new parameters is mainly to strengthen the ligand–receptor
interaction through the enhancement of the salt bridge between the carboxylate moiety on the ligand and Arg57 through
the reduction of the desolvation penalty with the new
parameters.
Virtual screening of HIV integrase inhibitors

Figure 8. Predicted binding modes of β-CD with ﬂurbiprofen (on the
left) and N-t-boc alanine (on the right). The green dashed lines represent
host-guest intermolecular hydrogen bonds.

interaction between the indole nitrogen on the ligand and the
backbone carbonyl oxygen of Val56.
The BEDAM simulations were conducted for the HIV-PR complexes with 1F1 and 1F1N, using both carboxylate parameter
sets. The results are reported in Table 2. Using the original carboxylate parameter set, the calculated binding free energies
were more than 2.7 kcal/mol less favorable compared with the
experimental binding afﬁnities. With the new carboxylate parameters developed from the analysis of the host–guest systems, the
binding afﬁnities for 1F1 and 1F1N to the allosteric binding site
on HIV-PR become 3.5 and 2.1 kcal/mol more favorable relative
to the old parameters, which brings the calculated values to
within 0.6 kcal/mol of the experimental afﬁnities.
In Table 2, we also report the average binding energies and
reorganization free energies for the HIV-PR complexes with 1F1
and 1F1N. Relative to 1F1, 1F1N binding is associated with a more
favorable binding energy offset by a more unfavorable reorganization free energy. This reﬂects a compensatory effect between
the binding energy and reorganization free energy in these systems. The stronger binding energy for the 1F1N is attributable
in part to the two extra methylene groups, which are able to form
stronger hydrophobic interaction with the protein. This gain in
the binding energy is however offset by the penalty because of
the energetic strain and the conformational entropy loss,
resulting in very similar binding free energies for the two ligands.
It is also of interest to note that, for both ligands, switching to the
new parameter set causes the binding energy, Ebind, to become
more favorable by about 3 kcal/mol, while the associated increase in the reorganization free energy penalty is considerably
smaller at ~1 kcal/mol. Examination of the BEDAM structures
sampled for the fully coupled ensemble (λ = 1) conﬁrms that
there is no change in the binding mode with new parameters.
Taken together, these observations suggest that the effect of

The optimized carboxylate parameters were also applied to
another important drug target, HIV integrase. Recently,
Gallicchio et al. reported results of a virtual screening experiment to identify binders from a library of candidate ligands
against HIV integrase using AutoDock Vina, followed by BEDAM
calculations in the recent SAMPL4 blind challenge (Gallicchio
et al., 2014). The study focused on ligands that targeted the
LEDGF binding site. Many of the ligands contained carboxylate
functional groups (Figure 9 and Tables S5 and S6 in the
Supporting Information). Using this docking/free energy screening protocol and new AGBNP2 parameters developed from
host–guest system binding afﬁnity data, this work reported the
second highest enrichment among all 26 submissions in SAMPL4
(Mobley et al., 2014; and the highest enrichment among the 25
purely computational submissions) and identiﬁed the ﬁve experimental binders in the list of the top 10 predicted binders.
To test whether the new parameters played a role in the
accuracy of the SAMPL4 predictions, we performed BEDAM
simulations of the ﬁve experimental binders and ﬁve true negatives using the original solvation parameters. Table 3 reports the
free energy scores for each ligand. With the new carboxylate parameters, the binding afﬁnities for the true binders become
3.0 kcal/mol more favorable relative to the old parameters
on average. Based on these results, only three of the true experimental binders would be identiﬁed in the top 10 calculated binders with the old parameters, which would
decrease the overall enrichment factor by 50%. The biggest
afﬁnity shift is observed in AVX38753_3_1, which contains
two carboxylate groups unlike the other true positives. The
binding afﬁnities of the true negatives also became slightly
more favorable, except for AVX38789_3, but remained in the
category of non-binders. Overall, the solvation parameters improve the enrichment results from the virtual screening by
making the binding afﬁnity more favorable for true experimental binders of HIV integrase.
Implications of this parameterization strategy
In this work, we show how host–guest binding afﬁnity data can
be used to optimize force ﬁeld and implicit solvent model
parameters. In this speciﬁc application, we developed hydration

Table 2. Comparison of experimental and calculated binding free energies of 1F1 and 1F1N to the allosteric site of HIV-PR using
the original and optimized solvation parameter for the carboxylate moieties
Ligand name
1F1
1F1N

Parameters
Original
New
Original
New

ΔG°exp
6.6
6.6
7.3
7.3

ΔG°calc

ΔEbind

ΔG°reorg

3.0 ± 0.53
6.5 ± 0.44
4.6 ± 0.17
6.7 ± 0.11

19.25 ± 0.34
22.15 ± 0.31
22.19 ± 0.68
25.15 ± 0.72

16.25 ± 0.76
15.65 ± 0.65
17.59 ± 0.61
18.45 ± 0.81

The error bars are estimated by block averaging by dividing the full trajectory into ﬁve blocks. All values in kcal/mol.
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Figure 9. Predicted binding mode of AVX17557_3 in the LEDGF binding site of HIV integrase. The green dashed lines indicate protein-ligand intermolecular hydrogen bonds.

Table 3. Comparison of free energy scores to the LEDGF binding site of HIV-integrase using the original and optimized solvation
parameters (Gallicchio et al., 2014) for the carboxylate moieties
True positives
New
AVX17557_3
AVX17556_3
AVX17285_0
AVX38753_3_1
AVX101124_1

8.92
8.24
7.40
7.37
7.33

True negatives
Original
6.12
3.92
6.05
1.89
6.11

AVX38784_7
AVX38787_0
AVX38782_2
AVX38788_2
AVX38789_3

New

Original

4.38
4.51
4.52
4.70
4.70

4.97
4.61
4.85
4.92
3.25

All values are reported in kcal/mol.

parameters for the AGBNP2 solvent model to account for the
expulsion of water molecules from the binding cavity of the βCD host and desolvation of carboxylate groups. However, host–
guest afﬁnity data are likely to be useful for potential model validation and optimization in general, including the optimization
of implicit solvent models as well as explicit solvation ones.
It is worth noting that the optimized carboxylate parameters
described here were also used in the blinded SAMPL4 prediction
challenge, where excellent results were obtained for HIV
integrase ligand screening (Gallicchio et al., 2014) and binding
afﬁnity predictions for the octa-acid host–guest system
(Muddana et al., 2014; Gallicchio et al. 2015). Furthermore, the
AGBNP2 polar hydration site parameters, viewed as short range
corrections to the continuum electrostatic treatment, are generalizable to many different systems. The carboxylate parameters
for AGBNP2 were originally trained to decrease the formation
of salt bridges in peptides (Gallicchio et al., 2009) and used explicit solvent simulations as a benchmark. The revised parameters decreased the strength of the ionic interactions, which are
relevant for binding (Table 2 and Table 3) of these HIV-PR and
HIV-integrase inhibitor complexes. These parameters also affected the binding of β-CD host–guest systems, even though
there were different groups involved in stabilizing the bound
state (i.e., hydroxyl group from β-CD forming a hydrogen bond
with the oxygen on the carboxylate).
In contrast, AGBNP2 hydration parameters can be specialized
to account for complicated hydration patterns in binding sites.
Water conﬁgurations are highly inﬂuenced by the overall chemical nature, curvature, and topology of a binding site, which is
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highly dependent on the cooperativity of sidechain packing.
AGBNP2 hydration sites can be incorporated into a binding site
to account for these effects. For example, non-polar hydration
sites can be used to model the effects of unfavorably enclosed
water molecules in hydrophobic enclosures, formed by several
non-polar chemical groups. However, these effects are not limited to regions of non-polar hydration. Polar hydration sites can
be used to model complex water structure formed within a
binding site, such as a correlated H-bond network involving
multiple water molecules and polar side-chains (Young et al.,
2007). For simple host–guest systems, such as β-CD, these hydration sites can be placed based on the symmetrical features
of the host molecule and calibrated using binding afﬁnity data.
In contrast, this type of parameterization is more challenging
for a protein receptor where the structural details are more
complicated and require site placement and perhaps different
hydration correction energies for different regions of a binding
site. In addition, the protein of interest may not have a large set
of reliable binding afﬁnity data to tune those parameters. In this
situation, GIST can play an important role in characterizing the
solvation proﬁles of different receptor binding sites, which can
be used to properly calibrate the AGBNP2 hydration sites.
Overall, this work illustrates the suitability of GIST to analyze
hydration properties of molecules and its potential application
toward the parameterization of continuum solvent models of
hydration.
Furthermore, this methodology can be used with different
host–guest systems to target more speciﬁc interactions in
protein–ligand systems. β-CD host–guest systems are
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stabilized by hydrophobic packing between non-polar groups
on the host and guest; however, the β-CD cavity may not be
the best proxy for enclosed hydrophobic surfaces in proteins
because of its shallow nature and solvent exposure. The binding of β-CD host–guest systems is also limited to polar interactions between hydroxyl groups and the chemical groups on
the guests. However, experimental binding afﬁnity data exists
for other host–guest systems that are capable of targeting a variety of chemical moieties and geometries. For example, acyclic
CB-7 host–guest systems studied in SAMPL3 can mimic salt–
bridge interactions observed in proteins (Muddana et al.,
2012), and the octa-acid host–guest systems studied in SAMPL4
provide a better model system to study the hydrophobic effect
due to the hydrophobic curvature of the octa-acid cavity
(Muddana et al., 2014). Nevertheless, this work should motivate
the design of new host–guest systems that can serve as better
models of protein–ligand systems.

energy calculation to evaluate the quality of non-bonded parameters (Mobley et al., 2007; Mobley et al., 2012; Shivakumar et al.,
2009; Shivakumar et al., 2010; Shivakumar et al., 2012; Sulea
and Purisima, 2012). However, non-bonded interactions of ionic
compounds are difﬁcult to probe computationally and experimentally by hydration free energy measurements. In this work,
we show that β-CD host–guest systems can be used to train
force ﬁeld parameters, and those parameters can then be applied to accurately model binding processes for larger protein–ligand systems. The approach demonstrated here, illustrated in
the context of an implicit solvent model, is equally valid for the
parameterization of explicit solvent force ﬁelds. Future work will
explore the transferability of the new parameters to more diverse systems, using other host–guest systems with this parameterization method and applying quantitative GIST data to this
optimization process.
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ABSTRACT: Molecular docking is a powerful tool used in
drug discovery and structural biology for predicting the
structures of ligand−receptor complexes. However, the
accuracy of docking calculations can be limited by factors
such as the neglect of protein reorganization in the scoring
function; as a result, ligand screening can produce a high rate
of false positive hits. Although absolute binding free energy
methods still have diﬃculty in accurately rank-ordering
binders, we believe that they can be fruitfully employed to
distinguish binders from nonbinders and reduce the false
positive rate. Here we study a set of ligands that dock favorably
to a newly discovered, potentially allosteric site on the ﬂap of HIV-1 protease. Fragment binding to this site stabilizes a closed
form of protease, which could be exploited for the design of allosteric inhibitors. Twenty-three top-ranked protein−ligand
complexes from AutoDock were subject to the free energy screening using two methods, the recently developed binding energy
analysis method (BEDAM) and the standard double decoupling method (DDM). Free energy calculations correctly identiﬁed
most of the false positives (≥83%) and recovered all the conﬁrmed binders. The results show a gap averaging ≥3.7 kcal/mol,
separating the binders and the false positives. We present a formula that decomposes the binding free energy into contributions
from the receptor conformational macrostates, which provides insights into the roles of diﬀerent binding modes. Our binding
free energy component analysis further suggests that improving the treatment for the desolvation penalty associated with the
unfulﬁlled polar groups could reduce the rate of false positive hits in docking. The current study demonstrates that the
combination of docking with free energy methods can be very useful for more accurate ligand screening against valuable drug
targets.

■

INTRODUCTION
Molecular docking is widely used in rational drug discovery and
structural biology for predicting the most favorable pose and for
estimating the strength of ligand−receptor binding.1,2 In a
typical virtual screening application, a large library of
compounds is docked against a receptor target site to generate
plausible poses ranked by scoring functions. Such functions are
typically designed to have a simple form for computational
eﬃciency. While docking has matured into a powerful tool for
pharmaceutical research after decades of development,1−7 the
accuracy of docking calculations continues to be limited by
these relatively simple scoring functions which lack a complete
treatment of desolvation and receptor reorganization.8,9
Additionally, entropic factors are generally not captured well
by scoring based on a single structure.8,10 As a result, structure© 2014 American Chemical Society

based ligand screening by docking often generates a large
number of false positive hits. As a recent example, Shoichet et
al.11 conducted a parallel study of docking and HTS to screen
197861 compounds against cruzain, a thiol protease with a
relatively rigid binding pocket. Among the top 0.1% of the
docking-ranked library, 97.5% of the hits were found to be false
positives.11
Binding free energy methods are based on statistical
mechanics and atomistic simulations and, in principle, can
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capture the desolvation, receptor reorganization, and entropic
eﬀects, which provides a less empirical route to the calculation
of ligand-binding aﬃnities.12,13 The methodology of free energy
perturbation for computing the relative and absolute free
energy of molecular association was pioneered by Jorgensen,14,15 McCammon,16−18 and Kollman19−21 30 years ago.
Since then, advances in the methodology, energy functions, and
computer hardware have enabled free energy calculations to
play an increasingly important role in the study of biomolecular
recognition.22−38 Signiﬁcant progress has been made in recent
years in applying the free energy perturbation method (FEP) to
the discovery of highly potent drug molecules for pharmaceutical research.31,39−41 While the accuracy of absolute binding free
energy methods is still constrained by the quality of the current
force ﬁelds and the extent of sampling, which makes it
challenging to rank-order binders with similar binding aﬃnities,
we believe that free energy methods can be fruitfully applied as
additional ﬁlters for docking to separate binders from
nonbinders. Because of the high computational cost associated
with free energy calculations, currently it is only practical to
perform such simulations on a relatively small set of top ligands
obtained from docking. While the calculation of the absolute
binding free energies of libraries containing thousands of
ligands is beyond the current technology, the use of free energy
methods to score the binding aﬃnity of hundreds of ligands to
their target receptor is now possible.8 In a recent study, we have
shown that the combined application of docking and free
energy methods resulted in a large improvement8 over docking
alone,42 which helps researchers to focus on the true binders
and prioritize synthetic chemistry eﬀorts more eﬀectively.
HIV-1 protease (PR) has been a major drug target for
antiviral therapy against AIDS.43 To date, a total of nine
protease inhibitors have been FDA-approved, all of which are
active site binders; they constitute a key component in the
highly active antiretroviral therapy (HAART) cocktails.
However, the eﬃcacy of these active-site inhibitors has been
reduced by the emergence of drug-resistance mutations. Novel
inhibition strategies targeting alternative, allosteric sites of PR
are needed to overcome the drug resistance mutations aﬀecting
active site inhibition. The active site of PR is covered by two
ﬂexible β-hairpin ﬂaps that control substrate access to the active
site cavity, and the mobility of the ﬂaps is crucial to the
enzymatic activity of PR.44−46 The ﬂaps of PR can exist in
diﬀerent conformations: most apo structures adopt a semiopen
conformation, whereas a closed conformation is favored when
the active site is occupied by a ligand.47,48 Using fragment
screening by X-ray crystallography, Perryman and Tiefenbrunn
and co-workers recently discovered a new binding site, named
the ﬂap binding site, located on top of the ﬂaps of PR (Figure
1).49−51 Fragment 1F1 (indole-6-carboxylic acid) binding to
this ﬂap site was found to stabilize the closed conformation of
PR, even in the absence of an active site ligand.50 This suggests
that ligand binding to the ﬂap site could potentially enhance the
binding aﬃnity of an active site inhibitor by reducing the
protein reorganization free energy cost associated with the
semiopen-to-closed transition.46 Tiefenbrunn et al. performed
docking to virtually screen a focused library of 2518
compounds selected for similar structural features against the
1F1 ﬂap binding site.50 41 top hits were selected for further
experimental screening, including cocrystallization. Out of these
41 top hits, only a small fraction of the fragments showed any
binding signal in various assays.

Figure 1. Crystal structure of HIV PR (pdb id: 3kfr) with its ﬂap site
occupied by the ligand 1F1 shown in green stick. The active site ligand
is removed from the ﬁgure for clarity.

In this work, we perform binding free energy calculations on
a set of ligands that dock favorably to the ﬂap site of PR. The
structures of the protein−ligand complexes from AutoDock1,2
were used as the starting point for the free energy calculation.
Two free energy methods, the binding energy distribution
analysis method (BEDAM) and the double decoupling method
(DDM) were employed. While DDM25,52,53 is the standard
method for computing absolute binding free energy in explicit
solvent, the recently developed BEDAM54 method employs
Halmiltonian replica exchange in an implicit solvent model to
accelerate the sampling of the phase space. The calculations are
performed for 23 ligands, including 3 conﬁrmed actives, 8 likely
binders, and 12 false positives. A majority of the false positive
ligands chosen have more favorable docking score than that of
the true binders, which increases the challenge for the free
energy methods. Our calculations using each of the methods
correctly identiﬁed ≥83% of the false positives and recovered
all of the conﬁrmed binders. A gap averaging ≥3.7 kcal/mol in
the computed binding free energy is found between the binders
and false positives. Six out of eight likely binders are predicted
to bind at the ﬂap site, a prediction that requires further
conﬁrmation by NMR screening with site labeling. The free
energy simulations also revealed the diﬀerent binding modes
for certain binders carrying a carboxylate group. One of the
binding modes contains an intermolecular salt bridge between
Arg57 and the ligand carboxylate ion. In the other binding
mode, this intermolecular salt bridge is replaced by the
intramolecular salt bridge between Arg57 and Glu35. Free
energy calculations suggest that the intermolecular salt bridge
provides the largest contribution to the binding aﬃnity for 1F1.
Analysis of the free energy decomposition results revealed that
the main reason for the high false positive rate in docking could
be due to the presence of partially buried, unfulﬁlled polar
groups for which the high desolvation penalty is not adequately
captured by the scoring function. The free energy calculation
also provided insights into fragment optimization for potency
enhancement. This study provides further conﬁrmation of the
power of combining docking with free energy methods for
accurate ligand screening against pharmaceutical targets. The
main challenge in successfully applying this approach to ligand
screening is to be able to carry out a relatively large number of
absolute binding free energy calculations in a reliable,
automated, and rapid fashion.8,55
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COMPUTATIONAL METHODS
Binding Energy Distribution Analysis Method
(BEDAM). In the BEDAM approach,54 which uses the OPLS
force ﬁeld56,57 and an implicit solvation model AGBNP2,58 the
standard binding free energy (ΔG0b) is computed using the
following hybrid eﬀective potential connecting the unbound (λ
= 0) and bound state (λ = 1)
Uλ(r ) = U0(r ) + λu(r )

In this work, BEDAM simulations of the 23 ligand−PR
complexes were performed for 3 ns per replica (48 ns of total
simulation time per ligand). The systems were ﬁrst energyminimized and then gradually heated to 300 K in 75 ps and
equilibrated at 300 K for an additional 75 ps before the
production run.
Hamiltonian replica exchange simulations were conducted
using 16 lambdas: 0.0, 0.001, 0.002, 0.004, 0.006, 0.008, 0.01,
0.02, 0.04, 0.07, 0.1, 0.25, 0.4, 0.55, 0.75, and 1.0. The binding
site is deﬁned as a sphere with a radius of 2 Å from the center
of mass of residues 44, 46, 55, and 57 of chain B of the HIV-PR
dimer. The formation of the complex is deﬁned by the center of
the mass of the ligand being within the binding site sphere.
There are two equivalent binding sites on the HIV PR dimer. In
this study, the site on chain B is used in the simulation. The Cα
atoms of the receptor were restrained with a force constant of
2.0 kcal/mol/Å2. These atomic restraints are applied in the
BEDAM simulations in order to prevent the slow drift of the
structure which can occur over long times. During the
simulations, the structures were saved every picosecond. The
last 2 ns of data were used for analysis. Statistical uncertainties
were obtained by comparing the results computed using the
ﬁrst and second halves for the last 3 ns of each BEDAM
simulation.
The binding free energy can be expressed as the sum of the
reorganization free energy and the average binding energy,

(1)

Here, the unbound state Hamiltonian U0(r) is the sum of the
eﬀective energies of a receptor A and a ligand B when the two
are fully decoupled from each other
U0(r ) = U (rA ) + U (rB)

(2)

And u(r) is the binding energy function, i.e. for each
conformation r = (rA,rB), u(r) is the diﬀerence in the eﬀective
energy between the complex and the two dissociated molecules
A and B:
u(r ) = U (rA , rB) − U (rA ) − U (rB)

(3)

From eqs 1−3, it can be seen that, when λ goes from 0 to 1,
the Hamiltonian of the system changes from that of the
unbound state U0(r) to that of the fully coupled state U1(r) =
U(rA,rB). The binding free energy ΔGb is the free energy
diﬀerence between the two end states
ΔG0 → 1 = −kT ln <e−u / kT >0 = −kT ln

∫ P0(u)e−u/kT du

0
ΔG b0 = ΔE b + ΔGreorg

The integrand is a product of a steeply increasing function of
u, P0(u), and a steeply decreasing function e−u/kT. Therefore, it
is necessary to calculate the favorable energy tail of the
distribution P0(u) accurately. To accomplish this, BEDAM
employs a Hamiltonian Replica Exchange λ-hopping strategy
(H-REM), in which the simulated systems at diﬀerent λ
periodically attempt to exchange their conﬁgurations through
MC moves. The use of H-REM has been shown to yield
superior conformational sampling and more rapid convergence
rates by allowing conformational transitions to occur at values
of λ at which they are most likely to occur and to be then
propagated to other states.54,59
In BEDAM, ΔG0→1 is computed using the multistate Bennett
acceptance ratio estimator (MBAR)60 ΔG0→1 = kT(f1̂ − f0̂ ),
from values of binding energy (u) sampled at a series of
intermediate λ values using molecular dynamics simulations.
Here fλ̂ is the MBAR dimensionless free energy deﬁned as the
negative of the logarithm of the partition function at an
intermediate λ, fλ̂ = −ln Zλ. The values of fλ̂ are obtained from
the self-consistent solution of the set of MBAR equations60
fi ̂ = −ln ∑ ∑
K

Nj

0
ΔGreorg
= ΔG b0 − <u>1

exp(fk̂ − λk ujn/kT )

DDM Calculation. The double decoupling
calculations in explicit solvent (TIP3P water model62 plus
counterions) were performed for the 23 ligands at 300 K to
estimate the binding free energies. The protein molecule is
modeled by the Amber ﬀ99sb-ILDN force ﬁeld,63 and the
ligands are described by the Amber GAFF64 parameters set.
The partial charges of the ligands are obtained using the AM1BCC method.65 A DDM calculation involves two legs of
simulation, in which a restrained ligand is gradually decoupled
from the receptor binding pocket or from the aqueous solution.
In each leg of the decoupling simulations, the Coulomb
interaction is turned oﬀ ﬁrst using 11 lambda windows, λ = 0.0,
0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and 1.0; the LennardJones interactions are then turned oﬀ in 17 lambda windows, λ
= 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85,
0.9, 0.94, 0.985, and 1.0. The two decoupling free energies
ΔGgas*→complex and ΔGgas→water associated with the two legs of

(5)

Here fî = fλ̂ i, ujn is the nth binding energy sampled at the
intermediate λj replica, K is the number of replicas, and Nj is the
number of samples in replica j. For the MBAR analysis, we
employed the code provided by John Chodera and Michael
Shirts (http://alchemistry.org).60
The standard binding free energy (ΔG0b) is then obtained
using
ΔG b0 = −kBT ln C 0Vsite + ΔG b

(8)
25,52,53

exp( −λiujn/kT )

K
j = 1 n = 1 ∑k = 1 Nk

(7)

As described in an earlier paper,61 this decomposition
corresponds to a hypothetical thermodynamic cycle in which
the unbound ligand and protein in solution are ﬁrst reorganized
to match those of the complex, and in a subsequent step,
interactions between the ligand and protein are turned on. The
ﬁrst step is associated with the reorganization free energy
(ΔG0reorg). The second step is accompanied by the change in the
eﬀective potential energy ΔEbind, which includes direct
noncovalent interactions (electrostatic and van der Waals) as
well as the net desolvation of the binding partners.54,61 ΔEbind is
computed from the average, ⟨u⟩1, of the binding energy
function in the ensemble of conformations of the complex in
the coupled state (λ = 1). ΔG0reorg is computed from the
diﬀerence of the computed binding free energy and the average
binding energy:

(4)

(6)
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the DDM cycle were determined using thermodynamic
integration (TI). The Hamiltonian derivative ⟨∂U/∂λ⟩λ at a
series of λ from 0 to 1 were collected and integrated to obtain
the free energy diﬀerence. The MD sampling at each λ were
performed using the GROMACS66,67 version 4.6.4 for 15 ns;
the last 10 ns was used for the calculation of binding free energy
using TI.
Umbrella Sampling. To calculate the PMF of the
intramolecular distance Glu35-Arg57 using umbrella sampling,68 a series of MD simulations is performed using
GROMACS66,67 (version 4.6.4) on the apo PR with the
harmonic distance restraint between the CD atom of Glu35 and
CA atom of Arg57. The biasing potential in the ith simulation
window is Wi(r) = (1/2)ki(r − r0i )2, where ki is the force
constant, r is the reaction coordinate, and r0i is the reference
distance for the ith sampling window. The full range of the
reaction coordinate space is covered using 20 windows centered
at: r0i = 3.7, 4.0, 4.3, 4.6, 4.9, 5.2, 5.5, 5.8, 6.1, 6.4, 6.7, 7.0, 7.3,
7.6, 7.9, 8.2, 8.5, 8.8, 9.1, and 9.4 Å. A single force constant k =
2.4 kcal mol−1 Å−2 is used for all the sampling windows. In each
sampling window, an 11 ns MD simulation is performed,
starting from the last conformation of the previous sampling
window. The ﬁrst 1 ns is treated as equilibration, which allows
the system to adjust to the current umbrella potential. The last
10 ns of sampling data are used for the calculation of PMF. The
biased probability distributions of the end-to-end distance
P′(ri) accumulated in these sampling windows are unbiased and
combined using the weighted histogram analysis method
(WHAM) method to yield the unbiased distribution P(ri)
and the associated potential of mean force.69

■

RESULTS AND DISCUSSIONS
Performance of Ligand Screening by Free Energy.
Experimentally, ligand binding to the ﬂap site was determined
using a range of techniques, including cocrystallization,
backscattering interferometry (BSI), diﬀerential scanning
ﬂuorimetry (DSF), and surface plasmon resonance (SPR).50
Among the 23 ligands studied in this work, three are
crystallographically conﬁrmed binders: 1F1, 1F1−N, and
AK2097. Binding of these fragments was also independently
conﬁrmed in BSI and DSF measurements. Eight other ligands
show a BSI-measured Kd ≤ 1 mM and/or induce a sizable
increase in the Tm of apo-PR as measured by DSF. Some of
these eight ligands also inhibit the nucleation of PR crystals.50
On the other hand, the cocrystallization with these eight ligands
proved to be unsuccessful. Here we consider these as likely
binders for the ﬂap site because of the binding signals they
present and because they can be readily docked into the
binding cavity with good shape complementarity. It should be
noted that since the binding signals from BSI and DSF do not
specify the binding site for these ligands, the possibility that
these likely ligands bind at a diﬀerent site on HIV-PR cannot be
ruled out. The 12 remaining ligands show no signal in any of
the assays and are labeled as nonbinders.
Figure 2 shows the computed binding free energies ranked
from low (favorable) to high (unfavorable) for all the ligands.
Both free energy models (BEDAM and DDM) score binders
(colored in blue in Figure 2) more favorably than the
nonbinders (red). Table 1 shows the free energies and their
uncertainties together with the information on binding from
experiments. It can be seen that all the binders and many likely
binders exhibit more favorable ΔG0b compared with that of the
nonbinders. The average binding free energies computed by

Figure 2. Computed binding free energies ranked from low-to-high
from left-to-right. Upper: BEDAM; Lower: DDM.

BEDAM for these two ligand groups are −3.9 kcal/mol, and 1.4
kcal/mol, respectively. The corresponding values computed
using DDM are −2.4 and 1.3 kcal/mol. Therefore, free energy
calculations achieve a ≥ 3.7 kcal/mol binding free energy gap
separating the binders from nonbinders. No comparable
separation between the binders and nonbinders were detected
using the docking scoring function. The free energy calculations
show that the binding aﬃnities for the ﬂap site binders are weak
(i.e., in the millimolar range). This is consistent with the fact
that the binders are small fragments, with an average molecular
weight of 202 Da. In fragment library screening, compounds
with molecular weights of around 200 Da often exhibit 100 μM
to 1 mM binding aﬃnities.70 Another reason for the weak
aﬃnity is that the ﬂap site cavity is relatively exposed to the
solvent. The one ligand that stands out as the strongest ﬂap site
binder according to the DDM calculation is CS6, which has a
molecular weight of 533 Da and is signiﬁcantly larger than the
rest of the ligands. The structure of CS6 includes aromatic and
heterocyclic moieties and sulfonate and amide groups. As seen
from Table 1, CS6 is predicted by DDM to have a low
micromolar binding aﬃnity compared to the mM aﬃnity for
the three crystallographically conﬁrmed binders. There is
evidence that supports this computational prediction: the
SPR experiments (unpublished results) of ligand binding to
HIV PR suggest that CS6 binds signiﬁcantly more tightly than
the binders 1F1 and 1F1−N, in good agreement with the DDM
computed binding free energies of these molecules (Table 1).
In addition to retrospectively identifying known binders and
false positives, the calculations also provide testable predictions
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Table 1. BEDAM and DDM Binding Free Energies, AutoDock Scores and Experimental Information for the 23 Ligands, Unit:
kcal/mola
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Table 1. continued

a
The ligands shown in bold face are conﬁrmed binders and likely binders. The entries of incorrectly predicted free energies are marked in red. The
cutoﬀ in the computed ΔG0b for separating binders and nonbinders is chosen to be ΔG0b ≤ −1.0 kcal/mol. The error bars are estimated by comparing
the free energy results obtained from using the ﬁrst and second halves of the simulation trajectories. n/c: docking was not performed for the ligand;
the crystal structure was used in the free energy calculation. Due to the proprietary nature of the compound, the structure of CS6 has been withheld
upon request.

To assign binders and nonbinders, we use a cutoﬀ ΔG0b <
−1.0 kcal/mol. This is chosen to match approximately the
weakest computed binding free energy among all three
conﬁrmed binders (AK2097, ΔG0b = −1.4 kcal/mol, computed
by DDM). Using this criterion, we analyze the performance of
the free energy calculations in discriminating between binders
and nonbinders. The result is summarized in Table 2. BEDAM

for other likely binders: both BEDAM and DDM predict that
three ligands in this category h_2582690, h_02598725, and
h_3881816 bind at the ﬂap site. In addition, DDM also predicts
that CS6, h_2726205, and h_4770572 are also binders (Table
1). Experimental studies using NMR screening with site
labeling are currently underway to test these computational
predictions.
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nonpolar heterocyclic moiety. It is likely that the AGBNP2
solvation parameter (used by BEDAM) for the sulfonate group
does not fully capture the desolvation penalty. In accordance
with DDM simulations in explicit solvent, the sulfonate group
of the ligand is solvated by water, but in the AGBNP2 implicit
solvent model, the sulfonate group forms an intermolecular salt
bridge between with the amine group of Lys55, which prevents
the burial of the nonpolar heterocyclic ring of the ligand inside
the binding cavity deﬁned by Pro44, Met46, and Lys55 side
chains. In addition, the AGBNP2 solvation parameter for the
sulfur atom in the heterocyclic ring was not optimized to
capture the crucial hydrophobic enclosure of this nonpolar
moiety in the binding cavity. As a result, in the BEDAM
simulated structure, the heterocyclic ring resides outside the
binding cavity, while in the DDM simulated structure it is
hydrophobically enclosed in the cavity, which signiﬁcantly
enhances the binding. We are currently working to improve the
AGBNP2 solvation parameters to optimize binding free energy
estimation.
Structural and Energetic Insights from Free Energy
Simulations. Free energy simulations not only give estimates
for the binding aﬃnities but also provide structural and
thermodynamic insights into ligand binding to the ﬂap site. For
the crystallographically conﬁrmed binders, the free energy
simulations reproduced the crystallographic binding modes
(Figure 4). In addition, the simulations predicted the binding
mode for the likely binder CS6 for which the crystal structures
are not yet available.

Table 2. Binders and Non-Binders Correctly Identiﬁed by
Free Energy Calculations
BEDAM

DDM

ligand

number of correct predictions

number of correct predictions

binders
nonbinders

3 out of 3 (100%)
10/12 (83.3%)

3 out of 3 (100%)
11/12 (91.6%)

and DDM calculations recovered all of the conﬁrmed binders.
Ten out of the 12 or 83.3% of the false positives are correctly
identiﬁed by the BEDAM method. The DDM calculations have
identiﬁed 91.6% the nonbinders. If we use a diﬀerent cutoﬀ,
ΔG0b < −0.5 kcal/mol to assign the binders then the BEDAM
and DDM would still correctly identify 75% and 83.3% of the
false positives, respectively.
It is of interest to examine the correlation between results of
the two free energy methods BEDAM and DDM. The
correlation between the two sets of computed binding free
energies is given in Figure 3. It can be seen that except for the

Figure 3. Correspondence between the binding free energies
computed using BEDAM and DDM. Unit in kcal/mol. The ligand
CS6 is excluded from the linear regression.
Figure 4. Two binding modes observed for the binder 1F1. (A) The
dominant binding mode observed in the binders 1F1 and AK2097. (B)
An alternative binding mode adopted by 1F1. The hydrogen bonds are
shown in dotted blue.

single outlier CS6, which is a likely binder, the majority of the
points generally follow the similar trend. For CS6, its binding
aﬃnity was underestimated by the BEDAM calculation. If we
exclude this one outlier, the correlation between the results
from BEDAM and DDM is R2 = 0.56, showing reasonably good
agreement between the two methods despite the use of the
diﬀerent solvent models and force ﬁelds. It would be interesting
in future studies to compare the two approaches using exactly
the same force ﬁeld in order to better assess the potential
sources of errors.
Analysis of an Incorrectly Predicted Free Energy.
While our free energy calculations are successful overall in
distinguishing binders from false positives, there are also several
incorrect predictions (entries shown in red in Table 1). Some
of the erroneous predictions are likely to stem from limitations
of the force ﬁeld parameters for the ligands involved. One such
example is with the likely binder CS6, for which the SPR assay
shows that the molecule binds much more strongly than the
crystallographic binders 1F1 and 1F1−N (unpublished data).
This experimental result is consistent with the DDM calculated
ΔG0b of −7.5 kcal/mol for CS6, while the BEDAM calculation
for this ligand yields an unfavorable ΔG0b of 0.38 kcal/mol. The
CS6 molecule contains a charged sulfonate group and a

Figure 4 illustrates the representative binding modes for
binder 1F1 in the ﬂap site of PR observed in both the DDM
and BEDAM free energy simulations. The binding mode A
(Figure 4A), which is also found in binder AK2097, contains
three key ligand−receptor interactions: (1) the hydrophobic
indole ring is enclosed in the nonploar pocket formed by
Trp42, Pro44, Met46, and the Lys55 side chain; (2) the indole
N−H group forms a buried hydrogen bond with the Val56
backbone carbonyl oxygen; and (3) the carboxylate group in
the ligand forms an intermolecular salt bridge with Arg57. 1F1
can also bind in an alternative mode denoted mode B (Figure
4B), in which the intermolecular salt bridge between the ligand
carboxylate and Arg57 is replaced by an intramolecular salt
bridge Arg57-Glu35. The roles of the two binding modes A and
B for 1F1 binding are discussed in a later section.
The DDM free energy simulation predicted structure of the
likely binder CS6 reveals signiﬁcant diﬀerences with the binding
mode predicted by docking. The former is stabilized entirely by
nonpolar interactions: (a) the enclosure of the heterocyclic ring
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in the hydrophobic pocket formed by the Trp42, Pro44, Met46,
and the Lys55 side chain and (b) the nonpolar interaction
between the phenyl group in the ligand and Val56, and with the
nonpolar atoms in the side chains of Lys55 and Arg57. There
are no intermolecular hydrogen bonds in the simulation
predicted complex of CS6-PR. This is in contrast to the
docked structure, which contains several ligand−protein
intermolecular hydrogen bonds, such as the sulfonate group
in CS6 forming a salt bridge with Arg57, and the amino
carbonyl group in CS6 forming hydrogen bond with the
backbone carbonyl atom of Pro44. In the free energy
simulation, which starts from the docked structure, such
intermolecular hydrogen bonds on the protein surface become
unstable; both the sulfonate and the amino carbonyl groups in
the ligand moves away from the initial hydrogen-bonded
position and toward the solvent. This is because both the
sulfonate group and the amino carbonyl group are highly polar,
carrying very favorable solvation free energy. By design, the
docking method tries to maximize the number of ligand−
protein intermolecular interactions; in solution, however, such
interactions near the protein surface have to compete with the
solvation forces that always act to weaken solute−solute
interaction. This example with CS6 suggests that absolute
binding free energy simulations in explicit solvent (DDM)
could be used as an aid in improving scoring functions for
docking.
Role of the Diﬀerent Binding Modes. As shown in
Figure 4 and also indicated by the diﬀerent crystal structures of
HIV PR, the side chains of Arg57 and Glu35 are quite mobile
and can adopt diﬀerent orientations. In Figure 4A, the Glu35 is
solvated while Arg57 forms an intermolecular salt bridge with
the carboxylate in the ligand (binding mode A); in Figure 4B,
Arg57 forms a salt-bridge with Glu35 while the ligand
carboxylate group is solvated (binding mode B). As shown
below, our free energy simulations suggest that binding mode A
(Figure 4A) is the more dominant conformation in solution,
although both binding modes were observed in the crystal
structures of 1F1. The transition from binding mode B to the
more dominant mode A, which involves replacing the
intramolecular salt bridge Glu35-Arg57 by the intermolecular
salt bridge, has been observed in the free energy simulation of a
similar binder 1F1−N, which also carries a carboxylate group:
see Figure 5.
For ligand binding to multiple receptor conformations
grouped into macrostates, the overall equilibrium binding
constant is the weighted sum of the binding constant associated
with the binding to each of the macrostates, as long as the
macrostate conformations are deﬁned in such a way that they
include all possible conformations of the receptor.12,54 Here we
partition the receptor conformations into two macrostates A
and B, as shown in Figure 6. The binding free energy can be
expressed as
ΔG b = −kT ln(PAe

−ΔGA / kT

+ PBe

−ΔG B / kT

)

Figure 5. Conversion of the intramolecular salt bridge E35-R57 into
the intermolecular salt bridge between R57 and the ligand 1F1−N,
observed in the free energy simulation at λ = 1.

Figure 6. PMF along the Glu35-Arg57 distance in the apo PR
computed by umbrella sampling MD simulations in explicit solvent.

conformational macrostates A and B, the total binding free
energy can be written as
ΔG b = −kT ln
= −kT ln

ZRL
ZR ZL

∫A e−HRL(r)/ kT dr + ∫B e−HRL(r)/ kT dr

Z PZ L
⎛ Z RAL
Z RBL ⎞
= −kT ln⎜
+
⎟
ZR ZL ⎠
⎝ ZR ZL

(10)

Note that

(9)

Z RAL

Here PA and PB are the populations of the receptor macrostates
in the unbound state. ΔGA and ΔGB are the binding free
energies restricted to the respective receptor macrostates. To
derive eq 9, we start from the expression for the total binding
free energy, ΔGb = −kT ln(ZRL)/(ZRZL), where ZX =
∫ e− HX(r)/kTdr is the conﬁguration integral for species X (RL:
receptor−ligand complex; R and L, receptor and ligand,
respectively, free in solution.) For a receptor having two

ZR ZL
Z RBL
ZR ZL

=

Z RA

=

Z RB

ZR
ZR

×
×

Z RAL
Z RAZL
Z RBL
Z RBZL

= PAe−ΔGA / kT
= PBe−ΔGB / kT

(11)

where ZRA and ZRB are the conﬁguration integrals of the
unbound receptor macrostates A and B respectively, and ZR =
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ZRA + ZRB. Substituting eq 11 into eq 10, we obtain the overall
binding free energy as in eq 9.
An alternative approach to computing the overall binding
free energy is to use the conﬁne−release thermodynamic
cycle,30 which requires computing the potentials of mean force
(PMF) for both the apo and holo receptor. In this work, we use
eq 9 to estimate the contribution of two binding modes to the
binding free energy of 1F1, which requires the calculation of the
PMF for just the apo receptor. The unbound populations Pi
were estimated from the unbound receptor PMF computed
using umbrella sampling in which the Glu35-Arg57 distance is
the reaction coordinate. The computed PMF along this
reaction coordinate is shown in Figure 6, in which the two
basins corresponding to the conformations A and B are
separated by a free energy barrier of ∼2 kcal/mol. The
unbound receptor populations PA and PB are found to be 0.61
and 0.39, respectively. The fact that the two basins have
comparable occupancies and are separated by a moderate
barrier is consistent with the observation that the Glu35 and
Arg57 side chains are mobile and both conformations A and B
are observed in diﬀerent crystal structures.
The conditional binding free energies for each mode A and B
are computed by performing two separate free energy
simulations, in which the intramolecular distance E35-R57 is
restrained to the respective conformational basin. The resulting
binding free energies for the two binding modes are ΔGA =
−3.3 kcal/mol and ΔGb = −0.5 kcal/mol. This shows that
binding mode A, which features the intermolecular salt bridge
between Arg57-ligand, makes the dominant contribution to
ligand 1F1 binding. Substituting these values into eq 9, we
obtain the overall ΔG0b = −3.0 kcal/mol, which is close to the
binding free energy for mode A. [The error bars in the overall
binding free energy (ΔG0b) and individual binding free energy
(ΔGA) are 0.2 kcal/mol, which is slightly smaller than their
diﬀerence.] The presence of signiﬁcant population of
conformation A separated from conformation B by an
appreciable free energy barrier in the unbound state (Figure
6) suggests that the 1F1 binding is likely to follow a
conformational selection mechanism, in which the ligand
speciﬁcally binds and stabilizes a preformed unbound
conformation of the receptor. This example also shows that
when there are multiple binding modes present, the overall
aﬃnity is usually dominated by the binding mode with the
strongest individual binding aﬃnity.
Thermodynamic Determining Factor Separating
Binders from Nonbinders. To gain a deeper understanding
of the determining factors and the thermodynamic driving
forces for binding, we examine the free energy components
ΔΔG(elec) and ΔΔG(vdw) that are associated with the
charge-decoupling and vdw-decoupling stages of the DDM
calculation, respectively (Figure 7, panels A and B). A DDM
calculation has two simulation legs, in which a ligand is
decoupled from the solvent environment and separately from
the protein binding site. In both decoupling legs, the Coulomb
intermolecular interaction is turned oﬀ ﬁrst, and then the van
der Waals intermolecular interaction is turned oﬀ. The
electrostatic component of the binding free energy
ΔΔG(elec) is the diﬀerence between the free energy of turning
oﬀ the Coulomb interaction in the solvent environment and
that in the binding site environment i.e., ΔΔG(elec) =
ΔGCoulomb(water) − ΔGCoulomb(binding_site). The van der
Waals component of the binding free energy ΔΔG(vdw) is

Figure 7. (A) Polar and (B) nonpolar components of the binding free
energy computed by DDM.

computed in the analogous way, ΔΔG(vdw) = ΔGvdw(water) −
ΔGvdw(binding_site). These two components generally reﬂect
the contributions from polar and nonpolar interactions to the
overall binding free energy.10 Here we note that the
decomposition of the binding free energy is path dependent;
therefore, the information drawn from such component free
energies is only qualitative, yet it can facilitate insights into
factors that promote binding. Figure 7 shows that on average,
the ΔΔG(elec) for the binders are either favorable or neutral,
while the nonbinders have signiﬁcantly more unfavorable
ΔΔG(elec). On the other hand, as seen from Figure 7, the
binders and nonbinders have a similarly large, favorable
nonpolar component ΔΔG(vdw). Indeed, while the average
ΔΔG(elec) for the binders and nonbinders are separated by a
gap of −4.7 kcal/mol (−1.8 and 2.9 kcal/mol, respectively)
favoring the binders, the diﬀerence between the average
ΔΔG(vdw) for the binders and nonbinders is only +0.6 kcal/
mol (at −4.2 and −4.8 kcal/mol, respectively), favoring the
nonbinders. The result suggests that for a ligand to bind at the
ﬂap site, it cannot have a large unfavorable electrostatic free
energy component. While nonpolar interactions drive binding
in general, for fragment binding at the ﬂap site of HIV PR, it
appears that it is the ligand−protein polar interaction that
separates binders from nonbinders.
To understand the physical origin for the electrostatic
component which distinguishes binders from nonbinders, we
examine the modeled structures of the binders and nonbinders
for clues. Most binders (except for CS6, see discussion earlier)
beneﬁt from intermolecular hydrogen bonds between the
ligand and the receptor; none of the structures of the binders
have polar atoms that are not hydrogen bonded to solute or
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Figure 8. Examples of nonbinders which contain partially buried, unfulﬁlled polar groups, as indicated by the white arrow in each panel. The ligand−
receptor hydrogen bonds are shown in dotted yellow.

solvent. In contrast, the simulated structures of those
nonbinders with relatively large unfavorable ΔΔG(elec)
contain partially buried polar atoms that are not hydrogen
bonded with either the receptor or the solvent. Such polar
groups suﬀer from high desolvation penalty. These unfulﬁlled
polar atoms can exist either in the ligand or in the protein.
Figure 8 shows examples of the nonbinders with large
unfavorable ΔΔG(elec). In both cases, in order to form
intermolecular hydrogen bonds with the receptor, two polar
atoms, an NH group, and/or a carboxylate oxygen are forced to
make contact with the nonpolar surface of the receptor.
As seen from Figure 7A, 1F1 and 1F1−N have the most
favorable electrostatic contributions to binding among all
binders and likely binders. This is attributable to the fact that a
carboxylate group in both of them forms a salt bridge with the
Arg57 side chain of the protease. Other binders lack such an
intermolecular salt bridge. CS6 does not form any hydrogen
bonds with the protease, and its binding was driven by
nonpolar interactions. Therefore, the favorable electrostatic
component of the binding of 1F1 and 1F1−N is due to a direct
ligand−receptor hydrogen bonding eﬀect, rather than a
desolvation eﬀect.
It is worth noting that the computed nonpolar components
ΔΔG(vdw) roughly correlate with the docking score [i.e.,
ligands with large, favorable ΔΔG(vdw) tend to have more
favorable docking score]. This suggests that while the ligand−
receptor nonpolar interaction is well-described by the scoring
function for docking, the treatment for the desolvation penalty
associated with the unfulﬁlled polar groups may be inadequate,
which has contributed to the high rate of false positives.
Insights into Ligand Optimization. The computed
binding free energies of the three crystallographically conﬁrmed
binders in this study are rather weak, which appear to explain
the lack of signiﬁcant inhibition against PR from 1F1−N in
biochemical assay, even though the binding of 1F1 and 1F1−N
were found to preferentially stabilize the closed form of HIVPR.50 In this work, both the free energy calculation and the SPR
measurements suggest that the likely binder CS6 exhibits a
much stronger binding aﬃnity compared to the known binders
(Table 1). The simulation predicted binding mode of CS6
revealed a possible structural basis for its stronger binding
aﬃnity. In addition to the binding cavity P1 formed by Met42,
Lys55, and Pro44, which is ﬁlled by all of the binders and also
utilized by CS6, there is an adjacent pocket P2, formed by the
side chains of Glu35, Lys55, Arg57, and Pro79. In the crystal
structures of the three binders (e.g., 1F1 and 1F1−N), the
second pocket P2 is largely unoccupied (Figure 9). In the
modeled structure of CS6, the P2 pocket is partially occupied

Figure 9. Structure of bound AK2097 in the ﬂap site of PR. The
location of second pocket is indicated by the blue arrow.

by a nonpolar aromatic group in the ligand. This is likely the
main reason for its exceptionally favorable nonpolar binding
free energy component ΔΔG(vdw) (see Figure 7). This
suggests that for potency enhancement, the future ligand
optimization starting from 1F1 and 1F1−N should be directed
to further exploit the second pocket P2, while preserving the
existing favorable interaction with P1 and the important
intermolecular salt bridge with Arg57. Another possible route
of optimization is to start from CS6 and add a hydrogen
bonding donor group that engages favorably with the Arg57
side chain, as in the case of 1F1 and 1F1−N.

■

CONCLUSION
The main objective of the present study is to evaluate whether
absolute binding free energy methods when applied to ligand−
protein complexes generated by docking can reduce the false
positive rate in docking. We study a set of ligands that dock
favorably to a potential allosteric site of HIV-1 protease.
Designing potent ligands that bind to this site could stabilize a
closed form of the ﬂaps of the enzyme and, when used in
combination, could potentially enhance the inhibition activity
of an active site ligand. Free energy calculations using the
binding energy distribution analysis method (BEDAM) in
implicit solvent and the double decoupling method (DDM) in
explicit solvent were performed on the 20 three top-ranked
protein−ligand complexes taken from AutoDock screening of a
library of 2518 compounds to estimate their binding aﬃnities in
solution.
The results presented in this work suggest that absolute free
energy calculations can eliminate the majority of the false
positives from a list of compounds which are top ranked by
docking and can also provide important information on the
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structural and thermodynamic determinants, separating binders
from nonbinders and shed light on how to improve the docking
scoring function. The study provides physical insights into
ligand optimization against the ﬂap site of PR. Indeed, the
ability to discriminate between diﬀerent thermodynamic
components and the desolvation free energy penalty, in
particular, is an essential contribution to drive drug design of
derivatives and increase eﬃciency. However, carrying out a
large number of absolute binding free energy calculations
reliably and rapidly in a semiautomated fashion still remains
very challenging, even with the tremendous increase in the
availability of computing resources.55 The automated binding
free energy workﬂow we developed based on the BEDAM
method in implicit solvent provides a promising tool in virtually
screening up to several hundreds ligands in a practical time
frame.8
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Abstract We describe binding free energy calculations in
the D3R Grand Challenge 2015 for blind prediction of the
binding affinities of 180 ligands to Hsp90. The present
D3R challenge was built around experimental datasets
involving Heat shock protein (Hsp) 90, an ATP-dependent
molecular chaperone which is an important anticancer drug
target. The Hsp90 ATP binding site is known to be a
challenging target for accurate calculations of ligand
binding affinities because of the ligand-dependent conformational changes in the binding site, the presence of
ordered waters and the broad chemical diversity of ligands
that can bind at this site. Our primary focus here is to
distinguish binders from nonbinders. Large scale absolute
binding free energy calculations that cover over 3000
protein–ligand complexes were performed using the
BEDAM method starting from docked structures generated
by Glide docking. Although the ligand dataset in this study
resembles an intermediate to late stage lead optimization
project while the BEDAM method is mainly developed for
early stage virtual screening of hit molecules, the BEDAM
binding free energy scoring has resulted in a moderate
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enrichment of ligand screening against this challenging
drug target. Results show that, using a statistical mechanics
based free energy method like BEDAM starting from
docked poses offers better enrichment than classical
docking scoring functions and rescoring methods like
Prime MM-GBSA for the Hsp90 data set in this blind
challenge. Importantly, among the three methods tested
here, only the mean value of the BEDAM binding free
energy scores is able to separate the large group of binders
from the small group of nonbinders with a gap of
2.4 kcal/mol. None of the three methods that we have
tested provided accurate ranking of the affinities of the 147
active compounds. We discuss the possible sources of
errors in the binding free energy calculations. The study
suggests that BEDAM can be used strategically to discriminate binders from nonbinders in virtual screening and
to more accurately predict the ligand binding modes prior
to the more computationally expensive FEP calculations of
binding affinity.
Keywords D3R  GC2015  Hsp90  Binding free energy 
Docking  ROC

Introduction
Predicting prospectively binding affinities of receptor-ligand complexes with sufficient accuracy is of great
importance to structure-based drug design and remains one
of the most challenging problems in computational biophysics. A number of powerful binding free energy methods based on statistical mechanics and all-atom Molecular
Dynamics simulation have been developed in the past
decade [1–5]. A recent large-scale FEP study [6] has shown
that relative binding free energies for congeneric series of
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ligands can be achieved to the order of 1.5 kcal/mol and
correlation coefficient to *0.7. However, accurate prediction of absolute binding free energies on a large scale
has not been achieved. It is not uncommon that a method
can work well in reproducing the experimental free energies for a small number of congeneric ligands, but fail to
predict the activities for a different, more diverse set of
compounds in prospective studies. The problem becomes
even more challenging when large structural reorganization
of the receptor occurs upon ligand binding.
The SAMPL series of blind challenges typically consists
of a large number of chemically diverse compounds and
therefore has provided a useful platform for testing the
accuracy of different methods in a more realistic and statistically significant setting relevant to structure-based drug
discovery projects [7]. We have participated in the
SAMPL3, SAMPL4, SAMPL5 and D3R Grand Challenge
2015 challenges, using the in-house developed BEDAM
method for absolute binding free energy calculations
[8–10]. BEDAM is based on statistical mechanics of
receptor-ligand binding and uses an implicit solvation
model and Hamiltonian replica exchange MD to enhance
the sampling of protein–ligand dynamic coupling [4, 11].
Compared with the popular MM-GB/SA protocol, which
also uses implicit solvation, BEDAM can more effectively
account for the entropic effects and reorganization upon
binding. BEDAM’s ability to sample larger amounts of
conformational space as its simulation method spans from
the fully coupled receptor-ligand to fully decoupled
alchemical states makes it a potentially powerful tool for
predicting binding modes prior to the application of higher
resolution explicit solvent FEP methods. Using BEDAM
binding free energy scoring, we have achieved the second
best enrichment among the participants in SAMPL4 [9].
The D3R Grand Challenge 2015 (GC2015) consists of
180 ligands (147 actives, 33 inactives) targeting the Hsp90
ATP binding site [12]. Figure 1 shows the binding site of
the Hsp90 and several representative ligands with different
chemical scaffolds. The size and chemical diversity of the
ligand data set makes it less practical to apply FEP
methods to cover all the ligands. The ATP binding site in
Hsp90 is known to be particularly difficult for binding free
energy calculations [13] as ligand binding involves binding site conformational changes, burial of charged side
chains inside the binding site and varying numbers of
enclosed water molecules in the binding pocket [14].
Therefore, rather than aiming to predict the rank ordering
of ligand binding affinities, our primary goal in this
challenge is to test how well the different methods, such as
BEDAM, MM-GB/SA and docking, can discriminate
binders from nonbinders in this large scale blind prediction [15]. Statistical analysis of our results show that a
moderate enrichment has been achieved using BEDAM
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binding free energy scoring, even though the ratio of
actives to inactives in this data set is the opposite of that in
typical virtual screening experiments where the goal is to
identify the few active molecules in the compound library.
Compared to scoring using Glide SP and single-snapshot
MM-GB/SA using Prime, the BEDAM method which
requires docked poses as a starting point, is significantly
better in distinguishing binders from nonbinders, a result
largely consistent with that in the SAMPL4 blind challenge against a different protein target, the LEDGF/p75binding pocket of HIV-1 integrase [9]. The study suggests
that BEDAM can be strategically employed to (1) more
reliably distinguish binders from nonbinders in order to
obtain enhanced enrichment compared to docking and
MM-GB/SA; and (2) for accurate pose predictions to
prepare for subsequent, more accurate FEP calculations of
binding affinity.

Methods and materials
The Hsp90 dataset contains 180 compounds in which 147
are actives and 33 are inactives. The IC50 of the actives
ranges from 5.2 nM to 50 lM. The 3D structures of the
180 ligands were created using the LigandPrep protocol
from Schrodinger Inc. to generate 311 protonated states. To
account for the effect of protein conformational change
upon binding, both an open structure PDB ID 2XDX and a
closed structure PDB ID 4YKR of Hsp90 are used as
receptor structures for docking. Glide docking was performed on the 311 protonated ligands against the open and
closed forms of the receptor. The ionization penalties for
each protonation state were added to the final docking
scores and BEDAM scores. Two highly conserved bound
waters near the buried Asp93 side chain [14] were retained
during docking but are removed during subsequent
BEDAM simulations which use an implicit solvation
model to mimic the solvent effect. For each of the open and
closed receptor conformations, five top docked poses per
ligand were retained for BEDAM calculations. These yield
311 9 5 9 2 & 3110 BEDAM binding free energy calculations, making this study the largest scale absolute
binding free calculations reported to date. For a given
ligand, the best BEDAM score among all the combinations
of protonation states 9 docked poses for this ligand is
taken as the unique free energy score of the ligand for
submission.
In the BEDAM (Binding Energy Distribution Analysis
Method) approach [4], the protein–ligand system is
described by the OPLS2005 force field [16, 17] and an
implicit solvation model AGBNP2 [18, 19]. The standard
binding free energy DG0b is computed using a hybrid
effective potential connecting the unbound state (k = 0)
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Fig. 1 Hsp90 ATP binding site and representative ligands with different chemical scaffolds. a Benzofuran; b anthraquinone; c benzoimidazolone
with resorcinol substitution; d aminopurine derivative

and the bound state (k = 1), without going through the gas
phase ligand state as in the case of explicit solvent double
decoupling method. The methodology of BEDAM has
been described in previous papers [4, 9]. The setup of the
BEDAM simulations in the present study is the same as
that in the SAMPL4 challenge, which has been described in
the SAMPL4 paper [9].
Before we started to perform the binding free energy calculations for the 180 Hsp90 ligands, we computed binding free
energies for the known Hsp90 ligands reported in a study by
Astex Therapeutics [12], which included 14 aminopyrimidines and 18 resorcinol compounds. The calculated BEDAM
binding free energies for the non-aminopyrimidines match
well the experimental values (estimated as -kT log IC50).
However the computed values of for the aminopyrimidines
were less favorable than the experiments by a constant factor
of about 8 kcal/mol. We have tried to identify the source of the
error by testing various possibilities (hydration, tautomerization, protonation, force field parameterization). For example,

we find that the hydration free energies of aminopyrimidines
are well reproduced by the AGBNP2 implicit solvent model,
yet the solvent mediated effective interaction energy between
the aminopyrimidines and the Hsp90 binding site is underestimated by the implicit solvent model. It is still unclear whether
the problem is in the AGBNP2 implicit solvation parameters
or in the OPLS2005 force field specific for the amoinopyrimidine functional group. We comment on this later in the
manuscript. To remedy this energy function deficiency for the
aminopyrimidines and the closely related aminopurines, we
took an ad hoc approach by adding uniformly -8 kcal/mol to
the DGbind(calc) for the 62 aminopyrimidine/aminopurine
compounds in the D3R GC2015 challenge.
The Prime MM-GBSA protocol built into the Schrodinger Maestro package was used to compute the MM-GB/
SA binding scores using the Glide docked structures of the
180 Hsp90 Ligand–protein complexes. In this protocol,
each of the Glide docked complexes was subject to a short
energy minimization prior to the MM-GB/SA rescoring.
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For the explicit solvent double decoupling calculations
(DDM) [1, 3, 20–22] of binding free energy performed in
this study, the protein receptor is modeled with the Amber
ff99sb-ILDN force field [23], and the ligands are described
by the Amber GAFF parameters set [24] and the AM1BCC charge model [25]. A DDM calculation involves two
legs of simulation, in which a restrained ligand is gradually
decoupled from the receptor binding pocket or from the
aqueous solution. In each leg of the decoupling simulations, the Coulomb interaction is turned off first using 11 kwindows, and the Lennard-Jones interactions are then
turned off in 17 k-windows. (Coulomb decoupling:
k = 0.0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, 1.0;
Lennard-Jones decoupling: k = 0.0, 0.1, 0.2, 0.3, 0.4, 0.5,
0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.94, 0.985, 1.0).
The DDM simulations were performed using the Gromacs4.6.4 package for 3 ns in each of the alchemical k
windows.

Results
Using the BEDAM technology on a distributed computing
network at Temple University and CUNY Brooklyn College, we are able to perform binding free energy calculations for a total of 3110 protein–ligand complexes for the
180 Hsp90 ligands in a time frame of 1 week. Because of
the complexity of the receptor binding site which includes
receptor flexibility and structured waters, our focus is on
evaluating how the fast BEDAM free energy method distinguishes binders from nonbinders, rather than the more
challenging task to rank order the binding affinities. We
note that there are more actives than inactives in this data
set, which is unlike typical virtual screening experiments
where the task is to identify the few active molecules
distributed among a large number of inactive compounds.
We first examine how well BEDAM calculations identify true binders among the top ligands ranked by BEDAM.
Among the top 10 % or 18 of the predicted binders, only
one is nonbinder. This yields an enrichment at 10 % of the
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BEDAM generated EF with the maximum achievable
value shows that a significant number of true binders were
incorrectly classified as nonbinders (false negatives).
The overall results of BEDAM in separating nonbinders
from binders are summarized by the Receiver Operating
Characteristic (ROC) curve: see Fig. 2. The BEDAM free
energy scoring preformed better than both the Prime MMGB/SA protocol and Glide SP scoring function in our
hands in identifying the few nonbinders from the large
number of binders. The distribution of AUC among the 83
submissions in the scoring stage of the Hsp90 section of the
D3R GC2015 challenge is shown in Fig. 3. It is to be noted
that the differences in the AUC within the upper half of the
submissions are small.
The ability of the different methods to separate binders
from nonbinders can be analyzed in more detail by
examining the distributions of binding scores among binders and nonbinders: as seen from Fig. 4, among the three
methods, only the mean value of BEDAM binding free
energy scores is able to separate binders from nonbinders
with a gap of 2.4 kcal/mol. However, in the BEDAM
result, there is still significant overlap in DG values for
binders and nonbinders, which is consistent with the fact
that the enrichment factor is far from the maximum value
achievable. Overall, the BEDAM results shown in Figs. 2,
3, 4 are promising and suggest that further improvement in
its energy function and sampling algorithm [11] could
enable it to play a useful role for virtual screening in early
stage structure-based drug discovery projects.

17=18
data set as: EF ð10 %Þ ¼ 147=180
¼ 1:16. Compared with the

maximum achievable enrichment EF ð10 %; maxÞ ¼
¼ 1:22, BEDAM performed well in identifying the

1
147=180

true binders among the top ranked ligands.
Next we look at the BEDAM’s performance in picking
out the nonbinders: in the bottom 10 % ranked ligands, 5
out of the 18 ligands or 28 % are nonbinders. This translates into an enrichment of nonbinders at bottom 10 % of
5=18
the database as: EF ð10 %Þ ¼ 33=180
¼ 1:52. Here, the

maximum achievable enrichment picking nonbinders is
1
EF ð10 %Þ ¼ 33=180
¼ 5:45. The comparison of the
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Fig. 3 The distribution of AUC among 83 submissions in the D3R GC2015 challenge. The BEDAM result is colored red

Fig. 4 The distribution of binding score values from BEDAM, Glide SP and MM-GB/SA for the 180 Hsp90 ligands

The results of BEDAM calculations also demonstrate
the importance of including conformational reorganization
in scoring protein–ligand complexes: as seen from Fig. 5,
the ROC curve obtained using binding free energy is
superior compared with that obtained using BEDAM
binding energy alone. This result is consistent with our

prior findings in the SAMPL4 dataset for HIV-1 Integrase
ligands [9].
We also examined the BEDAM results for the 102
phenolic compounds (Fig. 6) among the 180 Hsp90
ligands. This group of ligands which include 87 binders
and 15 nonbinders, is not hampered by the energy function
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Fig. 5 ROC curves for BEDAM binding free energy scoring and
binding energy scoring

error related to the aminopyrimidine/aminopurine functional groups. In the bottom 10 % predicted phenols or 10
ligands, 3 are true nonbinders, which yields an enrichment
3=10
factor EF ð10 %; phenolsÞ ¼ 15=103
¼ 2:06. This result is

better than the enrichment factor at 10 % of 1.52 for the
full ligand set. In addition, all top 10 % predicted ligands
are true binders, reaching the maximum achievable ER of
1.17.
While the BEDAM was developed for early stage drug
discovery where the emphasis is on enrichment of focused
ligand libraries and not for rank ordering the binding
affinities of active compounds, we found that the Spearman
correlation coefficient between the BEDAM predicted
ranking and experimental results for the 102 phenolic
compounds is 0.45. This value is identical to the highest
Spearman value reported by the D3R GC2015 participants
for the full ligand set.
We have also performed explicit solvent double
decoupling calculations (DDM) on two aminopyrimidines,
73 and 179, and one resorcinol compound, 40, partly to
Fig. 6 Representative phenol
compounds
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investigate the error of the overly positive DG we have
seen with BEDAM simulations for aminopyrimidines and
also to explore at a higher level of detail the thermodynamics of binding of different ligands. These calculations
were also performed blindly, prior to the release of
experimental data by the D3R GC2015 challenge organizers: see Table 1. The top docked structures of the
complexes were used as the starting point of the calculations. The results show that the problem of underestimated
binding free energy observed for aminopyrimidines/
aminopurines are not seen in the explicit solvent DDM
calculations. In fact, the computed DG for one of the
aminopyrimidines 73 is overestimated by -4.8 kcal/mol
compared with the experiment (Table 1). This suggests that
the error observed earlier for aminopyrimidines may be due
to the inability of the implicit solvent model to correctly
capture the specific hydrogen bonding patterns involving
explicit waters around the Asp93 side chain in the Hsp90
binding site (Fig. 7). Table 1 also revealed the important
Coulomb electrostatic contribution to the total DG in these
ligands, which is consistent with the observation of
extensive, correlated hydrogen bonding network involving
aminopyrimidine or resorcinol moieties, ordered waters
and protein side chains in the polar Hsp90 binding pocket:
see Fig. 7 for an example.
Finally, we note that while the absolute binding free
energies computed from BEDAM are systematically too
positive for aminopyrimidines/aminopurines, both
BEDAM and DDM simulations correctly identified the
crystallographic binding modes for the two aminopyrimidines examined here.

Discussion
We analyzed possible sources of errors in the BEDAM
binding free energy calculations. One obvious source of
error is the energy function error specific for the
amoinopyrimidine/aminopurine functional groups described earlier in Methods. This problem in the energy function affects the calculated DGbind for the 62
aminopyrimidines/aminopurines or 1/3 of the compounds.
As shown earlier, focusing on the subset of 102 phenolic
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Table 1 Binding free energies of two aminopyrimidines and one resorcinol calculated from DDM (Double Decoupling in explicit solvent)
DG ðcalcÞ ¼ DGðCoulombÞ þ DGðVDW Þ þ DGðrestraintÞ
Ligand

2D-structure

DG ðCoulombÞ

DG ðVDWÞ

DG ðrestraintÞ

DG ðcalcÞ

179

-2.0 ± 0.2

-8.2 ± 0.2

3.22

73

-6.4 ± 0.01

-11.8 ± 0.6

3.22

-14.4 ± 0.6

-9.6

40

-8.4 ± 0.08

-9.8 ± 0.2

3.22

-15.0 ± 0.1

-10.44

Fig. 7 The final frame of the complex of Hsp90 and ligand 73 in the
k = 1 DDM trajectory. The carbon atoms of the ligand are shown in
yellow. The intermolecular hydrogen bonds are shown as green
dashed lines

compounds which are not affected by the same energy
function error yields significantly improved enrichment
factors.
We also find that several of the strongest binders were
incorrectly predicted to be nonbinders because of the failure in obtaining good initial docked poses. Among this
group of false negatives are the anthraquinone and naphthoquinone scaffold containing compounds 128, 129, 130,
131 and 161. Figure 8 compares the docked structures of
the active compound 40 and 128, and their experimental
and calculated binding free energies. While 40 is docked
correctly into the receptor binding pocket (by comparing
with the released crystal structure), the main functional
moiety of 128 is left solvent exposed in the docked structure. As a result, for 128, the DGbind from subsequent
BEDAM calculation is grossly underestimated. Since the
sampling of the internal degrees of freedom of the receptor

-7.0 ± 0.02

DG ðexperimentÞ
-7.0

and ligand is not specifically enhanced in the standard
BEDAM protocol used here, the pose prediction errors in
the docked structures can be left uncorrected during the
BEDAM simulations because of large internal energy
barriers for the ligands to adopt the correct conformations.
While we have included both open and closed conformations of Hsp90 receptor during docking, the failure to dock
compounds containing the bulky scaffolds such as anthraquinone and naphthoquinone indicates that the protein
conformational changes induced by such rigid ligands are
not properly accounted for by the two conformations used
in docking. One possible solution to such failures is to
include a significantly larger number of diverse receptor
structures in docking and to specifically accelerate
intramolecular conformational sampling in BEDAM in
addition to the accelerated sampling of the external degrees
of freedom that BEDAM accomplishes [11].
Lastly, the limited success achieved in distinguishing
binders from nonbinders is simply attributable to the
challenging nature of the problem. One example is given in
Fig. 9, which shows the calculations for four chemically
very similar benzophenone derivatives, which differ from
one another by the presence of one hydroxyl or chlorine
substituent. Here the BEDAM scoring correctly predicted
the binding free energies for all but compound 176.
Compounds 154 and 176 differ by just one chlorine substitution, yet their experimental -kT log IC50 differ by
C5.4 kcal/mol. This is puzzling since in docking the two
ligands adopt the identical binding mode and it is known
that a chlorine substituent typically shifts the affinity by
less than 1.5 kcal/mol. BEDAM predicted that the two
ligands bind with similar affinities, in agreement with our
chemical intuition yet in contradiction to experiments.
Assuming the experiment is right, (note however the subtle
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40, correctly docked
ΔG(calc) = -13 kcal/mol
ΔG(expt) = -10 kcal/mol

128 , incorrectly docked
ΔG(calc) = 8 kcal/mol
ΔG(expt) = -10.7 kcal/mol

Fig. 8 Importance of initial docked structure to binding free energy calculation

154

ΔG(expt) = -8.4
ΔG(calc) = -8.3

168

ΔG(expt) = -7.1
ΔG(calc) = -7.2

175

ΔG(expt) = -6.9
ΔG(calc) = -8.7

176

ΔG(expt) > -3.0
ΔG(calc) = -9.0

Fig. 9 The experimental and calculated DG for the ligands containing benzophenone scaffold

possible difference between IC50 and Kd) this is an
example of the difficulty of interpreting/predicting structure–activity trends in the Hsp90 ligands.

Conclusion
We entered this blind challenge following our participation
in the previous SAMPL challenges. The setting of the
SAMPL and D3R series provides an excellent opportunity
for more realistically testing different binding methods.
The Hsp90 ATP binding site, compared to previous protein
targets in the SAMPL series, is known to be among the
most difficult ones, due to protein conformational changes,
the presence of deeply buried charged side chain and
several ordered waters in the binding pocket. In addition,
the input ligands are chemically diverse; majority of the
ligands are actives with a range of DGbind spanning a relatively narrow range of 5 kcal/mol. Our primary goal in
this D3R GC2015 challenge was therefore to test how well
BEDAM can distinguish actives from inactives, compared
with other more rapid methods like docking and MM-GB/
SA.
Using the BEDAM binding free energy scoring a
moderate enrichment has been achieved for this challenging target. In our hands, compared to Glide SP and Prime
MM-GB/SA, BEDAM performs better in discriminating
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inactives and actives, as indicated by various metrics such
as the ROC curves, AUC values and enrichment factors.
Among the three methods tested here, only BEDAM results
show a gap averaging 2.4 kcal/mol separating the binders
and nonbinders. However, the enrichment factor obtained
from BEDAM is still relatively small. All methods we
tested were unsuccessful in rank ordering the 147 active
compounds for Hsp90.
The overall performance of BEDAM in the SAMPL series
and D3R challenges show that good correlation and rank
ordering can be achieved for relatively simpler host–guest
systems that were the focus of SAMPL5. For the more
complex protein–ligand systems, the results suggest that at
this stage of the development, BEDAM is best used for
enhanced enrichment in virtual screening of focused libraries
of the kind that were studied in the SAMPL4 HIV Integrase
challenge, and for predicting the binding pose prior to the
higher resolution FEP calculations of binding affinity.
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ABSTRACT: Replica exchange molecular dynamics is a
multicanonical simulation technique commonly used to enhance
the sampling of solvated biomolecules on rugged free energy
landscapes. While replica exchange is relatively easy to
implement, there are many unanswered questions about how
to use this technique most eﬃciently, especially because it is
frequently the case in practice that replica exchange simulations
are not fully converged. A replica exchange cycle consists of a
series of molecular dynamics steps of a set of replicas moving
under diﬀerent Hamiltonians or at diﬀerent thermodynamic
states followed by one or more replica exchange attempts to
swap replicas among the diﬀerent states. How the replica
exchange cycle is constructed aﬀects how rapidly the system
equilibrates. We have constructed a Markov state model of
replica exchange (MSMRE) using long molecular dynamics simulations of a host−guest binding system as an example, in order
to study how diﬀerent implementations of the replica exchange cycle can aﬀect the sampling eﬃciency. We analyze how the
number of replica exchange attempts per cycle, the number of MD steps per cycle, and the interaction between the two
parameters aﬀects the largest implied time scale of the MSMRE simulation. The inﬁnite swapping limit is an important concept
in replica exchange. We show how to estimate the inﬁnite swapping limit from the diagonal elements of the exchange transition
matrix constructed from MSMRE “simulations of simulations” as well as from relatively short runs of the actual replica exchange
simulations.

1. INTRODUCTION
Molecular dynamics (MD) is a computer simulation technique
that is widely employed to study the behavior of biological
systems at atomic resolution, but this method is limited by
much shorter time scales of most simulations compared to
those of many biochemical processes, such as conformational
equilibria of proteins and nucleic acids, or the catalytic cycles of
enzymes, which often occur over a wide range of time scales
from milliseconds to seconds or longer.1−3 Powerful enhanced
conformational sampling techniques have emerged to address
this challenge. Umbrella sampling and path sampling methods
are two notable examples. In umbrella sampling, one tessellates
a region of the conformational space of interest by localizing
potentials to explore it thoroughly.4−7 In path sampling, one
places interfaces or biasing potentials along chosen reaction
coordinates to facilitate barrier crossings, and samples within
transition regions that connect stable states.8−18 Typically,
these enhanced sampling techniques launch independent
© XXXX American Chemical Society

swarms of simulation threads each at a region between
interfaces or each at a modiﬁed Hamiltonian containing a
diﬀerent biasing potential. These techniques often suﬀer from
slow convergence because of the notorious diﬃculty to achieve
equilibration at each state, especially when the biasing
potentials strongly localize the system in a limited range of
reduced coordinates. Other enhanced conformational sampling
techniques are based on generalized ensemble formulations. In
addition to the sampling of the conformational space, such
techniques also produce a random walk in the thermodynamic
and/or Hamiltonian parameter spaces.19,20
Generalized ensemble enhanced sampling can be classiﬁed as
either serial, such as serial tempering/simulated tempering and
Special Issue: J. Andrew McCammon Festschrift
Received: February 26, 2016
Revised: April 13, 2016

A

DOI: 10.1021/acs.jpcb.6b02015
J. Phys. Chem. B XXXX, XXX, XXX−XXX

198
Article

The Journal of Physical Chemistry B

more detailed “simulations of simulations” analysis compared
with our previous kinetic network model of RE simulations, and
it retains many of the important features of real replica
exchange simulations, although the non-Markovian eﬀects are
lost. The MSMRE simulations are able to mimic weeks-long RE
simulations within hours on a desktop by substituting a Markov
chain model for the real kinetics of MD simulations that forms
the foundation of RE simulations. This powerful tool enables us
to analyze how the sampling eﬃciency of replica exchange
depends on the construction of the replica exchange cycle,
which in this work includes (i) the comparison of two diﬀerent
exchange proposal schemes; (ii) the number of exchange
attempts per cycle; (iii) the length of the MD simulation per
cycle; (iv) and ﬁnally the interaction between the number of
exchange attempts per cycle and the length of the MD
simulation per cycle.

Hamiltonian hopping, or parallel sampling. The serial
implementations run a single Monte Carlo (MC) or MD
thread and update the thermodynamic and Hamiltonian
parameters periodically.21,22 However, the single thread
infrequently reaches high free energy states because the
probability of visiting a particular state is determined by the
free energy of that state. To solve this problem, the serial
implementations usually add a free energy weight to the
Hamiltonian of each state and iteratively adjust those energy
weights to equalize the state populations. The determination of
optimal free energy weights can be problematic, especially
when they slowly converge due to rare conformational
transitions.
Parallel replica exchange (RE) algorithms eliminate the need
for prior determination of free energy weights.23−26 RE
techniques run as many MC/MD threads (replicas) as there
are states of the system included in the generalized ensemble,
and exchange replicas’ state assignments periodically. The
probabilities of exchanges are controlled by microscopic
reversibility requirements of not only the conﬁgurational
space of each replica but the combinatorial set of assignments
of states to replicas. Because of the thermodynamic equivalence
of replicas and the equality of the numbers of replicas and
states, the replica exchange method guarantees that each replica
will visit each state with equal probability without the prior
knowledge of free energy weights. Replica exchange algorithms
provide some of the most powerful conformational sampling
tools; under favorable circumstances, they can yield converged
results orders of magnitude faster than conventional
approaches.
The RE method is one of the most popular enhanced
sampling techniques to study the molecular behavior of systems
in chemistry, physics, and biology. This technique has been
successfully applied to protein folding, protein−ligand binding,
conformational free energy estimation, protein structure
reﬁnement, etc.25,27−35 Adaptive and enhanced RE approaches
have been introduced, including solute tempering RE,36,37
resolution RE,38 asynchronous RE,39 free energy perturbation
RE,40 etc.41−47 New exchange algorithms and proposal schemes
have also been suggested and examined.48−55 In recent years,
researchers have shown an increased interest in analyzing the
eﬃciency of RE techniques along with their growing
adoption.41,50,56−74 Several groups have developed RE simulation models to study this sampling algorithm, since explicit
RE simulations are usually too computationally expensive to
study the RE parameter space systematically.60,63,69,74
Following previous work in our group, we have constructed a
Markov state model of RE simulations (MSMRE) using the
heptanoate β-cyclodextrin binding complex, a host−guest
system, as an example. Host−guest systems provide attractive
alternatives to protein ligand binding systems for the
investigation of molecular recognition. Since these systems
are small-sized, convergence of the binding aﬃnity estimate can
be achieved with relatively modest computational cost.75 In a
previous study, our group used the MSMRE idea to construct a
kinetic network model inspired by protein folding to analyze
several properties of temperature RE simulations.63 In the
present study, we built Markov state models (MSM) based on
long MD simulations of heptanoate binding to β-cyclodextrin at
multiple Hamiltonian states, then implemented the transition
matrices of MSM into MSMRE to generate Markov chains,
which imitate the respective MD processes in explicit RE
simulations. The MSMRE model described in this work is a

2. METHODOLOGY AND SIMULATIONS
2.1. Replica Exchange. In replica exchange simulations,
sampling is performed by a Markov chain alternating between
two components: (i) updates of molecular conﬁgurations using
MC or MD independently for each replica at a ﬁxed
thermodynamic and/or Hamiltonian state, which will be called
the “move” process; (ii) updates of thermodynamic and/or
Hamiltonian parameters (referred to as “thermodynamic state”
below) assignments to replicas, by means of a series of
coordinated attempted swaps of thermodynamic states among
replicas according to the usual MC algorithm, which will be
called the “exchange” process. The move and exchange
processes together will be referred to as a RE cycle throughout
this paper.
The exchange process in a RE cyclethe sampling of the
state permutation spacemust satisfy the detailed balance
condition
PRE({S}; x1⃗ , x 2⃗ , ..., xm⃗ , ..., xM⃗ )TSS ′

= PRE({S′}; x1⃗ , x 2⃗ , ..., xm⃗ , ..., xM⃗ )TS ′ S

(1)

where PRE is the joint probability distribution of a RE
conﬁguration, x⃗m is the conformational coordinates of the
mth replica, and {S} represents the Sth combination of replicas
and thermodynamic states in the state permutation space. Since
each replica associates with one thermodynamic state, there are
M! possible permutations of replica conﬁgurations with
thermodynamic states. One can expand {S} as an array
{S} = s[1], s[2], ..., s[m], ..., s[M ]

(2)

where s[m] is the index of the thermodynamic state occupied
by the mth replica. Both {S} and {S′} are the permutations of
the set {1, 2, 3, ..., M − 1, M}. TSS′ is the transition probability
from state S to S′ when all of the conformational coordinates
are ﬁxed.
PRE is simply the product of the probabilities of each replica
conﬁguration at the thermodynamic state according to the
permutation {S}
PRE({S}; x1⃗ , x 2⃗ , ..., xm⃗ , ..., xM⃗ ) =

∏ pm (s[m]; xm⃗ )
M

m=1

(3)

In this study, we assume that the distribution of replica
conﬁgurations is described by the canonical ensemble at each
thermodynamic state, and their probabilities are represented by
B
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the corresponding Boltzmann distributions. For the mth replica
at the s[m]th thermodynamic state
pm (s[m]; xm⃗ ) =

1
exp[−βs[m])Es[m](xm⃗ )]
Zs[m]

exchanges be attempted in one RE cycle, where M is the total
number of replicas.50
2.2. Heptanoate β-Cyclodextrin Binding System. In
this study, the test system used to illustrate the problem is the
binding of a guest molecule (heptanoate) to a host molecule
(β-cyclodextrin) in implicit solvation (OPLS-AA/AGBNP2)
a problem we studied previously.33,75 β-Cyclodextrin (βCD), a
well know host molecule, is a frustum-cone-shaped cyclic
polymer with a hydrophobic interior core. The narrow opening
of βCD is laced with primary hydroxyls, and the wider opening
is laced with secondary hydroxyls. The ligand, heptanoate, is a
common guest molecule with a hydrophilic carboxylate group
and hydrophobic alkyl groups. Both the primary and secondary
hydroxyl groups of βCD can coordinate the carboxylate group
of heptanoate when the alkyl group of heptanoate stays in the
hydrophobic cavity of βCD. The two orientations of
heptanoate shown in Figure 1 correspond to two metastable

(4)

where Z s[m] is the partition function of the s[m]th
thermodynamic state, Es[m](x⃗m) is the energy of the system
with conﬁguration x⃗m at the s[m]th thermodynamic state, and
βs[m] = 1/(kBTs[m]) is the inverse temperature. TSS′ in eq 1 is the
product of the probability of the trial move αSS′ and the
probability of accepting this trial move AccpSS′. For the sake of
simplicity, we only discuss the symmetric trial move (αSS′ =
αS′S); hence, the ratio of the acceptance probabilities is
AccpSS ′
AccpS ′ S

=

exp[−∑m = 1 βs ′ [m]Es ′ [m](xm⃗ )]
M

exp[−∑m = 1 βs[m]Es[m](xm⃗ )]
M

(5)

The standard realization of eq 5 is to apply the Metropolis MC
acceptance criteria
M
⎧
exp[−∑m = 1 βs ′ [m]Es ′ [m](xm⃗ )] ⎫
⎪
⎪
⎬
AccpSS ′ = min⎨1,
M
⎪
exp[−∑m = 1 βs[m]Es[m](xm⃗ )] ⎪
⎩
⎭

(6)

In temperature RE simulationsthe basic RE approachthe
Hamiltonian function is universal, namely, Es[m](x⃗m) ≡ E(x⃗m);
in Hamiltonian RE simulations, all the temperatures are ﬁxed,
namely, βs[m] ≡ β. More generally, both temperature and
Hamiltonian parameters can be swapped at the same time.
The nearest neighbor exchange scheme is the standard
scheme for the sampling of state permutation space in RE
simulations. This most commonly employed scheme attempts
to exchange pairs at the {(1st, 2nd), (3rd, 4th), ...}
thermodynamic states in one RE cycle and then attempts to
exchange replica pairs at the {(2nd, 3rd), (4th, 5th), ...} states
in the next RE cycle. Exchanges are accepted with the
probability given by eq 6. Its name comes from the fact that
the exchanges are only attempted between two replicas
associated with adjacent thermodynamic states. Since the
replicas with adjacent thermodynamic states usually have
large overlap in their conformational distributions, attempting
exchanges between them minimizes the rejection probability,
which is desirable for better sampling of state permutation
space. However, there is a tradeoﬀ between the larger
acceptance probability when the replica exchange is limited to
attempted exchanges only between nearest neighbors and the
large number of replica exchange steps required to reach
“distant” thermodynamic states when the exchange attempts
are restricted to nearest neighbors. Furthermore, the nearest
neighbor exchange proposal scheme requires the prior
identiﬁcation of neighboring states, and might become
impractical in the context of new replica exchange techniques
being developed for grid computing.39
The independence sampling algorithm, recently proposed by
Chodera and Shirts, is the second proposal scheme we
consider.50 This algorithm attempts to exchange two replicas
that are randomly picked from the set with a uniform
probability. The acceptance ratio for exchange follows the
same Metropolis criterion as in eq 6. The independence
sampling does not require the prior identiﬁcation of
neighboring states but usually has lower acceptance probability
compared with the nearest neighbor exchange. To overcome
this drawback, Chodera and Shirts suggested that M3 to M5

Figure 1. Two orientations of heptanoate in the heptanoate βcyclodextrin binding complex. Both the primary and the secondary
hydroxyl groups of βCD can form hydrogen bonds with the
carboxylate group of heptanoate.

states at each thermodynamic state: labeled “UP” in the left
panel and “DOWN” in the right panel. The sampling problems
associated with sampling the two binding modes of
heptanoate/βCD have features in common with the two-state
behavior of other sampling problems in computational
biophysics (e.g., the protein folding problem), which makes
the heptanoate/βCD complex dynamics a good choice to study
the eﬃciency of RE simulations using MSMRE simulations.
Our MSMRE models follow the kinetics of the joint
distribution value of the binding energy and the metastable
conformational state of each replica, i.e., binding “UP” versus
binding “DOWN” at each thermodynamic state.
The binding energy distribution analysis method (BEDAM)
is applied to study the binding of the heptanoate/βCD
complex, and provides a benchmark for the MSMRE
models.32,33,75,76 BEDAM is a free energy method based on
RE simulations in which the interaction between ligand and
acceptor is scaled by the factor λ changing gradually from zero
to one. Here we chose 12 λ values: 0.0, 0.001, 0.002, 0.004,
0.04, 0.1, 0.25, 0.5, 0.8, 0.9, 0.95, 1.0. The heptanoate molecule
is completely free to change its orientation relative to the βCD
molecule at the λ = 0 thermodynamic state, which corresponds
to no interaction between the host and guest at all, but it has
less freedom as λ increases. At the four largest λ
thermodynamic states, the heptanoate molecule has a large
barrier to ﬂipping its orientation through MD simulations
because of the interactions between the heptanoate and βCD
molecules which hinders the ﬂip while the guest is bound
within the host. We note that no ﬂips between the “UP” and
“DOWN” states are observed at λ = 0.8, 0.9, 0.95, 1.0
thermodynamic states and therefore the free energy barriers are
eﬀectively inﬁnite at these states.
C
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Table 1. Largest Implied Time Scales (IT) of the Transition Matrices Used in One-Dimensional MSMRE Models
λ
IT (ps)

0.000
7.1

0.001
9.1

0.002
19.2

0.004
77.1

0.040
148.8

0.100
188.3

2.3. Simulations of Replica Exchange Simulations:
MSMRE. To analyze the eﬃciency of diﬀerent RE algorithms,
we developed tools to simulate RE simulations in our previous
research.63,69 In this work, the basic idea of the model is to
replace the explicit MD simulations of biomolecules generated
by the integration of Newton’s laws of motion with Markov
chains generated by transition matrices. The transition matrices
are constructed from the data of reference MD simulations.
This approach, which we refer to as the Markov state model of
replica exchange (MSMRE), is an extension of the two-state
kinetic network model introduced by Zheng et al.63,69 and
molecular dynamics meta-simulator introduced by Smith et
al.74
2.3.1. Construction of MSMRE Transition Matrices. To
prepare the MSMRE models, we ran one set of 72 ns MD
simulations independently at 300 K starting from the “UP”
metastable state at each thermodynamic state and the other set
of 72 ns MD simulations starting from the “DOWN”
metastable state. We collected the binding energy and
metastable state of each observation during these reference
simulations for each thermodynamic state to construct Markov
state models. The time scales of the ﬂip of the heptanoate
binding mode between “UP” and “DOWN” are much longer
than 72 ns at the four largest λ states. No ﬂips of the orientation
of heptanoate were observed at those thermodynamic states. In
the Supporting Information, we plot the binding energy
distribution for each simulation. The pictures show that, at
the four largest λ states, the simulations starting from diﬀerent
metastable states have signiﬁcantly diﬀerent binding energy
distributions and are not converged. In contrast, the binding
energy distributions of the eight remaining λ states are
converged, as can be seen in the pictures.
We built up the transition matrices mimicking explicit MD
simulations in the following way. First, we constructed a 50-bin
histogram of binding energies at each thermodynamic state, and
labeled each observation generated by the reference simulation
with an array {ei, ci}, where i is the time index of the
observation, ei is the index of the bin which this observation
belongs to in the histogram, and ci = 0 if the observation is in
the “UP” metastable state; ci = 1 if the observation is in the
“DOWN” metastable state. Then, we assigned each observation
to the kth discrete state according to k = ei + 50ci. Lastly, we
deﬁned a (100 × 100) state-to-state transition matrix, T(m)
(where (m) stands for the “move” matrix), based on the
analysis of the time series of discrete states for each
thermodynamic state. In this work, we simply used the time
interval between two binding energy records in the reference
simulations, 0.5 ps, as the lag time for the construction of
transition matrices.
The transition matrices need to be calibrated before they are
used in MSMRE models. Since the matrices are constructed
from ﬁnite MD simulations, the estimates of the density of
states at diﬀerent thermodynamic states are not identical, which
will cause the outputs of the MSMRE simulation to diﬀer from
the equilibrium probabilities solved from the transition
matrices. In other words, the inputs and outputs of MSMRE
are diﬀerent statistical ensembles. To make the MSMRE
models self-consistent, we adjusted the transition matrices so

0.250
1003.6

0.500
2403.0

0.800

0.900

0.950

1.000

that their equilibrium distributions agree with the corresponding WHAM estimate determined numerically. This ensures that
the estimates of the density of states at all the thermodynamic
states are the same. Table 1 lists the largest implied time scale
of every transition matrix used in our MSMRE models,
corresponding to the transition between the “UP” and
“DOWN” metastable states at each thermodynamic state.
2.3.2. Construction of MSMRE Models. The moves in
MSMRE are fulﬁlled by performing the following steps based
on the transition matrices T(m) and the binding energy
ensembles collected from the reference simulations:
1. Decide which discrete state the initial observation
belongs to. Suppose it is the ith discrete state.
2. Choose the next discrete state j according to the
probability of moving from the ith state to the jth
state, speciﬁcally T(m)
ij .
3. Randomly pick one (energy) observation from those
(energy values) belonging to the jth discrete state as the
next sampling.
The move process chooses the next observation (binding
energy and conformational state {ei, ci}) from the database at
each thermodynamic state according to the probability T(m)
ij /nj,
where nj is the number of observations in the jth discrete state
of that thermodynamic state.
The exchanges in MSMRE use either the nearest neighbor
exchange scheme or the independence sampling scheme. This
part of MSMRE is the same as explicit RE simulations. Like
explicit RE simulations, the move and exchange processes
constitute a RE cycle of MSMRE. They were wrapped together
by a program written in the C++ language. At the end of each
RE cycle, the observation at each thermodynamic state is
recorded as the output of the MSMRE simulation at cycle n,
when n runs from 1, 2, ..., N, where N is the total number of
cycles in the MSMRE simulation.
2.3.3. The Eﬃciency of RE Simulations. In this work, we use
Markov state modeling (MSM) to describe the RE simulation
kinetic network, and then measure the eﬃciency of the RE
simulations by examining the properties of the eigenvalues and
eigenvectors of the corresponding transition matrix.77 The ﬁrst
step to build up a transition matrix from a RE simulation is
clustering the simulation data. Suppose a system with n
metastable states in conformational space is running at M
thermodynamic states which are coupled by the RE algorithm.
There are (M!nM) labeled states in the RE network model of
this discretized system if one keeps track of each thermodynamic state and each replica label. The factor M! corresponds
to the possible permutations of the way replicas are assigned to
thermodynamic states, and the factor nM reﬂects the fact that
the replica at each thermodynamic state occupies one of the n
metastable states. However, one can average replica labels, in
other words, project the (M!nM) labeled states onto (nM)
unlabeled states due to the degeneracy of states and
exponentially increasing scale of the labeled state space. This
results in a substantial reduction in the number of states. In this
study, we drastically simpliﬁed the labeling of the conformational state space of the RE simulations by only considering the
heptanoate binding mode (“UP” or “DOWN”) at the largest
four λ thermodynamic states. Since, at λ = 0.8, 0.9, 0.95, 1.0,
D
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they interact using MSMRE models. We refer to the choice of
the number of moves (MD steps) and the number of exchanges
(replica exchange attempts) per RE cycle together as the
“packing” of the moves and exchanges in the cycle.
3.1. Proposal Schemes and the Number of Exchange
Attempts per RE Cycle. In this subsection, we examine how
the number of exchange attempts per RE cycle ne aﬀects the
eﬃciency of RE simulations when the MD period per RE cycle
is 0.5 ps long by using the transition matrices built up from the
MD simulations with 0.5 ps time resolution. As shown in
Figure 2, the largest implied time scale decreases to a plateau

each thermodynamic state has two metastable states, the RE
system is considered to have 24 = 16 possible conformational
states in total. In fact, the equilibration of populations among
these 16 states is the rate limiting process for the full system.
Since the transition rates via direct MD moves between the
“UP” and “DOWN” metastable states are zero at the largest
four λ thermodynamic states, in RE or MSMRE simulations,
the transitions at these thermodynamic states can only occur by
the exchanges with the replicas at the smaller λ states. This
mimics the real system for which the barriers to the
conformational transition of the ligand from binding in the
“UP” mode to the “DOWN” mode are very large when the
guest is conﬁned within the host as it is for this alchemical
process, and these conformational transitions are forbidden at
the four largest λ states because of the strong coupling between
the ligand and receptor.
After clustering every snapshot (observation) of a RE
simulation to one of 16 unlabeled states (in each thermodynamic state, a conformational state is assigned without regard to
the replica label), the RE kinetic network is described via a
discretized master equation in the unlabeled state space, for
which the solution is

P⃗ (Δt ) = P⃗ (0) ·T(Δt )

(7)

where P(⃗ Δt ) represents the vector probability of the unlabeled
states at time Δt and T(Δt) is the row-normalized transition
matrix. Then, one can investigate how eﬃciently a RE
simulation performs by determining the largest implied time
scale of the transition matrix T(Δt) constructed from the RE
trajectory, which represents the relaxation time of the slowest
mode of the RE system.
2.3.4. Two-Dimensional MSMRE Model. By following the
same procedures, we also constructed a set of databases and
transition matrices for 64 thermodynamic states, which include
the combinations of 4 temperatures (252, 267, 283, and 300 K)
and 16 λ values (0.0, 0.001, 0.002, 0.004, 0.01, 0.04, 0.07, 0.1,
0.2, 0.4, 0.6, 0.7, 0.8, 0.9, 0.95, and 1.0). To measure the
eﬃciency of this two-dimensional MSMRE model, we
simpliﬁed the labeled state space into 212 = 4096 unlabeled
states by only considering the orientation of the heptanoate
molecule at the largest three λ thermodynamic states at each
temperature. (212 corresponds to two metastable states for each
of 12 thermodynamic statesλ = 0.9, 0.95, 1.0 at each of four
temperatures.) In two-dimensional MSMRE simulations, only
the independence sampling scheme was used.

Figure 2. Dependence of the largest implied time scale on the number
of exchange attempts per RE cycle ne for the one-dimensional MSMRE
simulations using diﬀerent proposal schemes (NNE, nearest neighbor
exchange; ISE, independence sampling). The MD period per RE cycle
is ﬁxed at 0.5 ps. Note that the largest implied time scales of the two
proposal schemes converge to the same limit. The inset shows the
ratio of the largest implied time scales of MSMRE simulations using
these two proposal schemes.

value as the number of exchange attempts per RE cycle ne
increases. Notice the largest implied time scale is expressed in
units of RE cycles. We refer to the plateau value as the inﬁnite
swapping limit which corresponds to an inﬁnite number of
exchange attempts per RE cycle, as described in ref 51. The
nearest neighbor exchange proposal scheme leads to faster
equilibration and is therefore more eﬃcient especially when the
number of exchange attempts per RE cycle ne is small. With
only one exchange attempt per cycle, the nearest neighbor
exchange proposal scheme is approximately twice as eﬃcient as
the independence sampling scheme. In contrast, in the inﬁnite
swapping limit, the largest implied time scale is independent of
the proposal scheme. The advantage of the nearest neighbor
exchange scheme at small ne for this particular example arises
from its higher exchange acceptance ratio (see Table S1 in the
Supporting Information for the acceptance ratios) and the
speciﬁc spacing of λ values in this model. The relative
advantage/disadvantage of the nearest neighbor exchange
scheme compared with the independence sampling will vary
depending on the conﬁguration-space overlap of neighboring
thermodynamic states and the total number of thermodynamic
states.
The kinetics of the labeled states in RE simulations explains
why diﬀerent proposal schemes have the same eﬃciency in the
inﬁnite swapping limit. As discussed in previous work,63,72 the
labeled states of RE simulations are connected by both move
and exchange processes. One can cluster the labeled states into
islands so that the labeled states in one island are connected

3. RESULTS AND DISCUSSION
As introduced in section 2.1, there are two components in a RE
cycle: (i) the MD or MC simulation of each replica at a ﬁxed
thermodynamic state (the move process), which includes
conformational relaxation at that thermodynamic state; (ii) the
attempted swaps of replicas (the exchange process), which is
the relaxation in the replica and thermodynamic state
permutation space. There are two sets of random variables
sampled in RE simulations: one corresponds to the
conformations of replicas at each thermodynamic state, and
the other corresponds to the permutations of replicas among
thermodynamic states. The two components of a RE cycle each
correspond to the sampling of one set of variables from the
joint distribution, while the other set of variables is frozen. The
goal of this section is to examine how the eﬃciency of RE
simulations depends on the two sampling components and how
E
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individual island. At the limit of many attempts per RE cycle
the inﬁnite swapping limitthe probability of staying at each
labeled state in an island has reached equilibrium in each cycle
of replica exchange; therefore, only the MD moves between
islands determine the relaxation of the full RE system.
Prior studies have noted the importance of increasing the
number of exchange attempts per RE cycle ne to make sure RE
systems are “well mixed”.50,51 Chodera and Shirts suggested
that M3 to M5 exchanges be attempted in one RE cycle, where
M is the total number of replicas.50 A similar discussion of the
structure of RE states space was reported recently by Doll et al.,
and the approach to the plateau value as shown in Figure 2 was
termed “inﬁnite swapping”.51−53 If one calculates the
equilibrium probabilities of all labeled states in an island and
then exchanges to the next labeled state according to those
probabilities, the inﬁnite swapping limit is reached in one
exchange attempt. However, the number of states in one island
increases factorially and becomes overwhelming when the
number of replicas increases. For example, for a RE system with
12 replicas, there were (12! = 4.79 × 108) labeled states in
every island. Doll et al. proposed the “partial inﬁnite swapping”
technique to deal with this factorial explosion.51 For the host−
guest binding problem we are considering, the eﬃciency of RE
simulations converges rapidly for both proposal schemes even
though the number of labeled states in each island is huge. This
eﬀect may be explained by the fact that, for each island, only a
very small number of states have nontrivial probabilities. Figure
2 suggests that the probabilities of those states have converged
to close to their equilibrium values after relaxation corresponding to ∼50 exchange attempts per RE cycle on average. The
results shown in Figure 2 are for an MSMRE model with ﬁxed
MD period per cycle (0.5 ps). As we discuss later, these results
are independent of the MD period per cycle.
3.2. The Inﬁnite Swapping Limit. We now propose a way
to determine how many exchange attempts per RE cycle are
required to reach the inﬁnite swapping limit by observing the
trajectories of replicas through state space during simulations of
replica exchange. This approach makes it possible to compare
proposal schemes and in favorable circumstances estimate the
respective number of exchange attempts per RE cycle ne
required to reach the inﬁnite swapping limit through short
test runs of RE simulations. The basic idea is as follows. In the
inﬁnite swapping limit, the probability of a labeled state {S} in
one island (see Figure 3) is

only by exchange processes; states in diﬀerent islands are
connected through at least one move process. Figure 3 shows

Figure 3. Kinetic network model of RE product state space. In this
picture, the nth position of the letter or number represents the
metastable state or the thermodynamic state of the nth replica,
respectively. The cube on the left shows the possible combinations of
replicas and metastable states for a RE system with three replicas,
namely, 23 = 8 vertexes. Each vertex of the cube is called an island. For
example, UDU represents an island in which the 1st replica is at the
“UP” metastable state, the 2nd replica is at the “DOWN” metastable
state, and the 3rd replica is at the “UP” metastable state. Since
exchanges cannot change the conformational state of a replica, the RE
system can only travel to diﬀerent islands via MD simulations (or
moves) represented by blue arrows. On the right side, we show the
degeneracy of one island. The states in each island are the possible
permutations without repetition of replicas and thermodynamic states;
therefore, there are 3! = 6 labeled states in each island. For example,
“132” means the 1st replica occupies the 1st thermodynamic state, the
2nd replica occupies the 3rd thermodynamic state, and the 3rd replica
occupies the 2nd thermodynamic state. The labeled states (yellow
boxes in the ﬁgure above) in an island are solely connected by
exchanges. Solid red arrows stand for the connections made by the
nearest neighbor exchange scheme; i.e., the RE system can switch
between the two labeled states connected by solid red arrows through
one successful swap of the nearest neighbor exchange scheme. All red
arrows, including the solid and dashed arrows, represent the
connections made by the independence sampling scheme.

an example of clustering a three-replica RE system by their
connections. In this example, each replica (represented by the
position of the letter or number in the arraysee the ﬁgure
legend) moves via operations of the molecular dynamics
transition matrix (arrows drawn in blue) between the “UP” and
“DOWN” metastable states at its assigned thermodynamic
state, and then can exchange (arrows drawn in red) to another
thermodynamic state via an exchange. Since exchange processes
cannot change the conformational state of a replica, the number
of islands corresponds to the total possible number of ways
replicas can be assigned to conformational states, namely, NM
when there are M replicas and N metastable states at each
thermodynamic state. Thus, there are 23 = 8 islands at the
corners of a cube in Figure 3 connected by blue arrows. The
number of labeled states in every island is the total number of
possible permutations without repetition of replicas and
thermodynamic states: M! = 3! = 6. Note that within an island
the number of unique metastable state labels determines the
degeneracy of the states. For example, the six states in the
“DDD” island are all degenerate with respect to the
conformational label, while the six states in the “DDU” island
are partially degenerate. Figure 3 also shows the exchange
connections between labeled states for the nearest neighbor
exchange (solid red arrows) and the independence sampling
(solid and dashed red arrows) proposal schemes. The proposal
scheme does not aﬀect the island clustering but only aﬀects the
equilibrium pathways connecting labeled states within each

Q({S}; x1⃗ , x 2⃗ , ..., xm⃗ , ..., xM⃗ )
=

PRE({S}; x1⃗ , x 2⃗ , ..., xm⃗ , ..., xM⃗ )
∑{S ′} PRE({S′}; x1⃗ , x 2⃗ , ..., xm⃗ , ..., xM⃗ )

(8)

where the denominator is the sum of the probabilities of all the
labeled states in the same island including {S}. Suppose at the
beginning of a set of exchange processes the mth replica is at
the αth thermodynamic state and Pm,α(ne) represents the
probability for this replica to be at the αth state after ne
exchange attempts. After a large number of exchange attempts
Pm , α(ne → ∞) =

∑ Q(s[1], s[2], ..., s[m − 1], α ,
{S ′}

s[m + 1], ..., s[M ]; x1⃗ , x 2⃗ , ..., xM⃗ )

(9)

where the sum includes every labeled state in that island which
has the mth replica at the αth thermodynamic state, namely,
s[m] = α. Since the dynamical behaviors of all replicas at a
F
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thermodynamic state are the same, we can omit the replica
index in Pm,α(ne). If one follows a single replica trajectory within
the exchange process per cycle and records the time evolution
of the replica through the state space, one can construct an M ×
M transition matrix T(e) (where (e) stands for the “exchange”
matrix) for a set of exchanges of a RE simulation with M
thermodynamic states. In that case, Pα(ne) is the diagonal
(e)
(e)
element Tαα
(ne) of the matrix; Tαα
(ne) represents the
probability that a labeled replica is at the αth thermodynamic
state after one RE cycle consisting of ne exchange attempts
given that the replica is at the αth thermodynamic state at the
beginning of the RE cycle.78 The precision in the estimate of
T(e)
αα (ne) can be increased by averaging over the trajectories of
all the replicas.
According to eq 9, T(e)
αα converges to an asymptote when the
number of exchange attempts per cycle ne approaches the
inﬁnite swapping limit; therefore, the dependence of the
diagonal matrix elements T(e)
αα on the number of exchange
attempts per cycle ne provides a way to determine how many
exchange attempts per cycle are required to reach the inﬁnite
swapping limit. In practice, an estimate of the limit T(e)
αα (ne →
∞) is required to apply this approach. The value of T(e)
αα (ne →
∞) can be estimated by the unbinned WHAM method
(UWHAM).79 Recently, we developed a replica exchange-like
algorithm called “RE-SWHAM” which solves the UWHAM
equations stochastically.80 The RE-SWHAM algorithm uses a
similar replica exchange procedure as MSMRE to resample the
raw data generated from parallel simulations. See the
Supporting Information for the diﬀerences between the RESWHAM and MSMRE methods.
Suppose wαk is the normalized UWHAM weight of the kth
data element at the αth thermodynamics state, which satisﬁes
∑Nk=1 wαk = 1 and ∑M
α=1 wαk = M/N, where M is the total
number of thermodynamic states and N is the total number of
observations. We showed previously that the probability of the
kth data element appearing in the database of the αth
thermodynamic state is (wαkN/M) during the RE-SWHAM
analysis.80 Therefore, for a RE-SWHAM analysis, the asymptote
of T(e)
αα (ne) is
e)
T(αα
(ne → ∞) =
e)
⟨T(αα
(ne → ∞)⟩ =

∑ (wαkN /M)wαk =
N

k=1

N
M2

N
M

Figure 4. Dependence of the average of diagonal matrix elements
(e)
⟨T(e)
αα ⟩ on the number of exchange attempts per cycle ne. ⟨Tαα ⟩ is the
average probability that a labeled replica is at the αth thermodynamic
state after the exchange process given that it is at the αth
thermodynamic state before the exchange process. Plot a shows the
dependence of ⟨T(e)
αα ⟩ on the exchange attempts per RE cycle ne for
one-dimensional MSMRE simulations using diﬀerent proposal
schemes (NNE, nearest neighbor exchange; ISE, independence
sampling). Plot b shows the dependence of ⟨T(e)
αα ⟩ on the number of
exchange attempts per RE cycle ne for the two-dimensional MSMRE
simulations using the independence sampling scheme, and the inset
shows the dependence of the largest implied time scale (IT) on the
number of exchange attempts per RE cycle ne. The horizontal black
lines in plots a and b are the estimates of ⟨T(e)
αα (ne → ∞)⟩ calculated by
eq 10.

can be seen that the number of exchange attempts per RE cycle
ne required to reach the inﬁnite swapping limit is about 40 for
the nearest neighbor exchange proposal scheme and 100 for the
independence sampling, respectively. Figure 4b shows ⟨T(e)
αα ⟩
versus the number of exchange attempts per RE cycle ne in twodimensional MSMRE simulations (described in section 2.3.4).
⟨T(e)
αα ⟩ is the average over the replicas at the largest three λ
states of each temperature. In Figure 4b, the function ⟨T(e)
αα ⟩
plateaus as ne approaches ∼2500. The inset plot of Figure 4b
shows the dependence of the largest implied time scale on the
number of exchange attempts per RE cycle ne. Note both axes
are in logarithmic scale in the inset plot. In each picture of
Figure 4, the asymptote of average T(e)
αα (ne → ∞) estimated by
eq 10 is shown as a horizontal black line. As demonstrated by
these two examples, one can choose the best proposal scheme
and estimate the number of exchange attempts per cycle ne
required to reach the inﬁnite swapping limit by examining the
dependence of ⟨T(e)
αα ⟩ on the number of exchange attempts per
cycle ne before running RE simulations in production mode.
3.3. Length of the MD Period per RE Cycle. In this
subsection, we ﬁrst examine how the largest implied time scale
depends on the number of exchange attempts per RE cycle ne at
the MD f ull relaxation limit. We deﬁne the time scale to reach
the MD full relaxation limit for the model host−guest problem
as follows. At the eight smallest λ thermodynamic states, the

∑ wαk 2
N

k=1

∑ ∑ wαk 2
M

N

α=1 k=1

(10)

Because the MSMRE models have been calibrated so that their
equilibrium distributions agree with the corresponding
UWHAM (or RE-SWHAM) estimate numerically, and because
the limit T(e)
αα (ne → ∞) is independent of the MD period per
cycle (which we discuss below), eq 10 can be used to estimate
the asymptote of T(e)
αα (ne) and therefore can be used to provide
an estimate of the number of exchange attempts per cycle ne
required to reach the inﬁnite swapping limit in both MSMRE
“simulations of simulations” and the actual MD or MC replica
exchange simulations.
Figure 4a shows ⟨T(e)
αα ⟩ averaged over all 12 thermodynamic
states versus the number of exchange attempts per RE cycle ne
in one-dimensional MSMRE simulations. As mentioned
previously, for the speciﬁc spacing of the thermodynamic
states in this model problem, the nearest neighbor exchange
reaches the inﬁnite swapping limit ﬁrst. Also from Figure 4a, it
G
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MD simulation period is long enough to equilibrate over the
whole conﬁgurational space via MD moves without exchanges;
at the four largest λ thermodynamic states, the MD simulation
is only long enough to equilibrate within each of the metastable
states (UP and DOWN) but not long enough to equilibrate
between the UP and DOWN conformational states. Referring
to the time scales in Table 1, the MD full relaxation limit
corresponds to an MD period per RE cycle τ longer than the
largest implied time scale at the λ = 0.5 state, 2.4 ns, which
corresponds to the longest relaxation for the UP to DOWN
transition by means of conformational relaxation within a
thermodynamic state without coupling to additional relaxation
pathways using replica exchange. To model the MD full
relaxation limit, we changed the transition matrices in MSMRE
to choose the next observation based on the equilibrium
probability in the full conﬁgurational space (or in the
metastable state for the largest four λ states) so that adjacent
MD moves are completely uncorrelated.
Figure 5a shows the dependence of the largest implied time
scale in units of RE cycles on the number of exchange attempts

required to reach the inﬁnite swapping limit does not depend
on the MD period per RE cycle τ. In the Supporting
Information, we plot the dependence of ⟨T(e)
αα ⟩ averaged over
all 12 thermodynamic states on the number of exchange
attempts per RE cycle ne for ﬁve one-dimensional MSMRE
simulations using the independence sampling scheme. These
MSMRE simulations use diﬀerent lengths of the MD period per
RE cycle ranging from 0.5 ps to the MD full relaxation limit.
The overlapping of all ﬁve curves further demonstrates that the
number of exchange attempts per RE cycle ne required to reach
the inﬁnite swapping limit does not depend on the MD period
per RE cycle τ. This can be understood by the following
argument. In each RE cycle, one can construct an exchange
transition matrix based on the proposal scheme and the
instantaneous energies of replicas. The largest implied time
scale of the exchange transition matrix determines the number
of exchange attempts required to fully relax the RE system in
that RE cycle. Therefore, the number of exchange attempts
required to reach the inﬁnite swapping limit is determined by
the average of the largest implied time scale of the exchange
transition matrix determined by all possible combinations of
energy at each thermodynamic state. The probability of an
energy combination appearing in a RE cycle is proportional to
the product of the Boltzmann factor and the density of states of
each energy in that combination, and therefore does not
depend on the MD period per RE cycle.
Both the exchange processes and the MD move processes
relax the RE system. Compared with Figure 2, the implied time
scales in Figure 5a at the MD full relaxation limit are much
smaller in units of RE cycles, since there is more conformational relaxation at all thermodynamic states due to the long
MD move duration per RE cycle. The inset of Figure 5a shows
the ratio of the largest implied time scales when τ is 0.5 ps to
those at the MD full relaxation limit. This ratio increases with
increasing number of exchange attempts per RE cycle ne,
approaching a plateau value of ∼10× as ne approaches the
inﬁnite swapping limit. Figure 5b shows the dependence of the
largest implied time scale in units of RE cycles on the MD
period per RE cycle τ for the one-dimensional MSMRE
simulations using the independence sampling scheme when the
number of exchange attempts per RE cycle ne is 3, 12, or 50. As
can be seen from Figure 5b, the largest implied time scale
decreases when the MD period per RE cycle τ increases, and
every curve converges toward the respective MD full relaxation
limit. Although it appears that each curve is already close to
converged when τ increases to ∼20 ps, the largest implied time
scale will continue decreasing until reaching the MD full
relaxation limit when τ is longer than 2.4 ns. The reason for this
is that conformational relaxation at every λ state makes some
contribution to the implied time scale even though the implied
time scale is dominated by the state with the fastest
conformational relaxation time as ne approaches the inﬁnite
swapping limit.
3.4. Packing Moves and Exchanges in RE Simulations.
We have used the MSMRE models with independence
sampling scheme to investigate how the two components of a
RE cyclethe conﬁgurational relaxation within each thermodynamic state via moves and the multicanonical relaxation via
exchangescombine to equilibrate RE systems. We showed
that either increasing the number of exchange attempts per RE
cycle ne or increasing the MD period per RE cycle τ can shorten
the largest implied time scale of MSMRE simulations in units of
RE cycles. As listed in Table 2, for the host−guest binding

Figure 5. (a) At the MD full relaxation limit, the dependence of the
largest implied time scale on the number of exchange attempts per RE
cycle ne for the one-dimensional MSMRE simulations using diﬀerent
proposal schemes (NNE, nearest neighbor exchange; ISE, independence sampling). The inset plots the ratio of the largest implied time
scales when τ is 0.5 ps to those at the MD full relaxation. (b) The
dependence of the largest implied time scale on the MD period per RE
cycle τ for the one-dimensional MSMRE simulations using the
independence sampling scheme when the number of exchange
attempts per RE cycle ne is 3, 12, or 50. The horizontal lines are the
respective largest implied time scales at the MD full relaxation limit.

per RE cycle ne at the MD full relaxation limit. The results are
similar to those results shown in Figure 2 obtained from the
MSMRE simulations with the MD duration per RE cycle τ
equal to 0.5 ps. Both ﬁgures show the largest implied time scale
reaches a plateau within 50 exchange attempts per cycle, which
implies that the number of exchange attempts per RE cycle ne
H
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attempts per RE cycle ne ranging from one to the “inﬁnite”
swapping limit.
Figure 6 summarizes our results about the impact of the
packing (i.e., the concerted change in both the number of
exchange attempts per RE cycle ne and the MD period per RE
cycle τ) on the sampling eﬃciency of RE simulations. The
vertical borders between gray and white regions in Figure 6 are
the constant MD period (τ) contours. The data at each
constant τ contour (vertical lines) show that increasing the
number of exchange attempts per RE cycle ne increases the
sampling eﬃciency of RE simulations until ne reaches the
inﬁnite swapping limit (the black dots). When the MD period
per RE cycle is 0.5 ps, increasing the number of exchange
attempts from one to the inﬁnite swapping limit leads to a 4fold eﬃciency gain. In the Supporting Information Figures S6
and S7, we plot the corresponding results for two-dimensional
MSMRE simulations. When the MD period per RE cycle is 0.5
ps, increasing the number of exchange attempts from one to the
inﬁnite swapping limit leads to a 25-fold eﬃciency gain for the
two-dimensional MSMRE model with 64 replicas (described in
section 2.3.4), and a 40-fold eﬃciency gain for another twodimensional MSMRE model with 128 replicas. This result is
consistent with the intuitive idea that the eﬃciency gain
obtained by going to the inﬁnite swapping limit becomes larger
as the system size (number of states) of the replica exchange
simulation increases.
Each broken line of colored dots in Figure 6 marks a contour
corresponding to a constant number of exchange attempts per
RE cycle ne. If one connects each data point and the origin with
a straight line (not shown in Figure 6), the slope of this line is
the largest implied time scale in units of RE cycles of that
MSMRE simulation, which corresponds to the height of the
respective data point in Figure 5b. The constant ne contours
show that, although increasing the MD period per RE cycle τ
decreases the largest implied time scale in units of RE cycles, it
increases the largest implied time scale in units of MD
simulation time; in other words, the RE simulation is less
eﬃcient when the MD length per cycle is increased at a ﬁxed
number of exchange attempts per cycle. Compared with
exchange processes, MD move processes are less eﬃcient at
relaxing the RE system. This conclusion is in agreement with
the results reported previously by Roitberg et al.67,70
Finally, we examine how the sampling eﬃciency of RE
simulations changes when both the number of exchange
attempts per RE cycle ne and the MD period per RE cycle τ are
altered at the same time; we refer to this as packing moves and
exchanges into the RE cycle. In Figure 6, the dashed lines are
constant ne/τ contours, which correspond to a ﬁxed ratio of
exchange attempts/MD period. For the one-dimensional
MSMRE model, the largest implied time scale monotonically
increases when the number of exchange attempts per RE cycle
ne and the MD period per RE cycle τ both increase while the
ratio of ne/τ is ﬁxed at 1 or 2 ps−1. As the ﬁxed ratio ne/τ
increases, the constant ne/τ contour lines approach the inﬁnite
swapping limit curve (i.e., the dashed contour lines approach
the solid black inﬁnite swapping limit contour line in Figure 6).
In the Supporting Information, Figures S6 and S7, we show the
corresponding results for two-dimensional MSMRE simulations. In these examples, the constant ne/τ curves also
monotonically increase when ne and τ both increase while the
ratio of ne/τ is ﬁxed at 1 or 2 ps−1.
To compare the sampling eﬃciency of RE simulations using
diﬀerent combinations of the number of exchange attempts per

Table 2. Largest Implied Time Scales of the OneDimensional MSMRE Simulations Using the Independence
Sampling Scheme under Four Conditions
largest implied time scale (cycle)

ne = 1

inﬁnite swapping limit

τ = 0.5 ps
MD full relaxation limit

771.1
595.8

202.1
19.2

aﬃnity model system with one-dimensional replica exchange
and 12 thermodynamic states, the largest implied time scale is
771.1 RE cycles when the number of exchange attempts per
cycle ne is one and the MD period per RE cycle τ is 0.5 ps, and
decreases to 19.2 RE cycles when ne reaches the inﬁnite
swapping limit and τ reaches the MD full relaxation limit.
Because performing the MD simulation is the most
computationally intensive part of a replica exchange cycle, in
the following discussion, we assume the time for the
multicanonical exchange in a RE cycle is negligible compared
with the time to perform MD simulations and change the unit
of the largest implied time scale to MD simulation time in order
to provide a more intuitive understanding of the relationship
between packing and eﬃciency. Figure 6 shows the largest
implied time scale calculations for ∼80 one-dimensional
MSMRE simulations using the independence sampling scheme,
which include diﬀerent combinations of the MD period per RE
cycle τ ranging from 0.5 to 10 ps and the number of exchange

Figure 6. Largest implied time scales of one-dimensional MSMRE
simulations using diﬀerent combinations of the number of exchange
attempts per RE cycle ne and the MD period per RE cycle τ. All of
these one-dimensional MSMRE simulations use the independence
sampling scheme. The vertical borders between white and gray regions
are the constant τ contours. The constant τ contours show that
increasing the number of exchange attempts per RE cycle ne increases
the sampling eﬃciency of RE simulations until ne reaches the inﬁnite
swapping limit. Each color marks a constant ne contour. The constant
ne contours show that increasing the MD period per RE cycle τ
increases the largest implied time scale in units of MD simulation time,
namely, decreases the sampling eﬃciency of RE simulations. The
dashed lines are the constant ne/τ contours, which show that the
largest implied time scale increases monotonously when the number of
exchange attempts per RE cycle ne and the MD period per RE cycle τ
both increase while the ratio of ne over τ is ﬁxed.
I
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RE cycle ne and the MD period per RE cycle τ, we introduce
the concept of “the average continuous MD period” (or
“lifetime”78,81) at the αth thermodynamic state, τ(c)
α , which
represents the average simulation time that a replica stays at the
αth thermodynamic state before it is exchanged to another
state. In a RE simulation, the probability density function of a
lifetime only has nonzero values at time nτ, where n is a positive
integer and τ is the MD period per RE cycle. The lifetime at the
αth thermodynamic state is a function of the number of
exchange attempts per RE cycle ne and the MD period per RE
cycle τ, namely,
e)
e)
τα(c)(ne , τ ) = τ(1 − T(αα
(ne)) + 2τ(T(αα
(ne))
(e)
(e)
e)
(1 − T αα(ne)) + 3τ(T αα(ne))2 (1 − T(αα
(ne))
+⋯
τ
=
e)
1 − T(αα
(ne)

(11)

where
is the αth diagonal element of the exchange
transition matrix for ne exchange attempts, which was discussed
above in section 3.2. The trajectory of a single replica in the
space of thermodynamic state indexes resembles a random walk
on a chain or a network.41,62 Equation 11 shows the explicit
dependence of the lifetime of a replica on the number of
exchange attempts per RE cycle ne and the MD period per RE
cycle τ at the αth thermodynamic state.
In Figure 7a, we show the correlations between the largest
implied time scales and the average lifetimes ⟨τ(c)
α ⟩ for ∼600
one-dimensional MSMRE simulations using the independence
sampling scheme. For each simulation, the average lifetime
⟨τ(c)
α ⟩ is the mean value of the average continuous MD periods
over 12 λ thermodynamic states, which ranges from 0.5 to 100
ps. Figure 7b shows the correlation between the largest implied
time scales and the average lifetimes ⟨τ(c)
α ⟩ for ∼200 twodimensional MSMRE simulations (described in section 2.3.4).
For each simulation, the average lifetime ⟨τ(c)
α ⟩ is the mean
value of the average continuous MD period over the largest
three λ thermodynamic states at each temperature. The results
in Figure 7a and b show that the average lifetime ⟨τ(c)
α ⟩ provides
a measure of the sampling eﬃciency comparable to that of the
largest implied time scale as the packing of moves and
exchanges into a RE cycle is changed.
There are a few observations of interest concerning the
average lifetime ⟨τ(c)
α ⟩. We note that it corresponds to an
explicit expression describing how the eﬃciency of replica
exchange varies with both the number of exchange attempts per
RE cycle ne and the MD period per RE cycle τ. While the
(e)
eﬃciency increases as Tαα
(ne) decreases to the inﬁnite
swapping limit as expected, the eﬃciency is also predicted to
increase as the MD move period decreases without an apparent
limit. This is of course unphysical, as the eﬃciency must
eventually plateau if the MD move period is short enough.
Formulas for the eﬃciency of replica exchange in the fast
exchange limit (both ne going to the inﬁnite swapping limit and
τ going to zero simultaneously) have been derived.63,72 We
have tried to investigate the behavior of the MSMRE model in
this limit but were unable to converge the MSMRE simulations
for very short MD periods below 50 fs. We also note that the
average lifetime ⟨τ(c)
α ⟩ can be related to the mean ﬁrst passage
times (MFPTs) for the replicas to cross the thermodynamic
state space,81 and these MFPTs have been used previously as an
T(e)
αα (ne)

Figure 7. Correlation between the largest implied time scale and the
average lifetime. Plot a shows the correlation between the largest
implied time scale and the average lifetime ⟨τ(c)
α ⟩ for ∼600 onedimensional MSMRE simulations using the independence sampling
scheme, where ⟨τ(c)
α ⟩ is the average lifetime over 12 λ thermodynamic
states. Plot b shows the correlation between the largest implied time
scale and the average lifetime ⟨τ(c)
α ⟩ for ∼200 two-dimensional
MSMRE simulations using the independence sampling scheme, where
(c)
⟨τα ⟩ is the average lifetime over the largest three λ thermodynamic
states at each temperature. Both results suggest that the average
lifetime is a good indicator for the sampling eﬃciency of RE
simulations which diﬀer by the way moves and exchange attempts are
packed into the replica exchange cycles.

eﬃciency diagnostic to analyze ways to optimize replica
exchange parameters.41 An advantage of using ⟨τ(c)
α ⟩ as a
measure of the eﬃciency of the RE packing scheme is that it
can be calculated directly from RE simulations without having
to construct an MSM.

4. CONCLUSION
We have built Markov state models of replica exchange
(MSMRE) to study the sampling eﬃciency of RE simulations
as the number of exchange attempts and the MD period are
varied in a replica exchange cycle. The MSMRE model replaces
the explicit MD simulations generated by the integration of
Newton’s equations of motion with Markov chains generated
by transition matrices parameterized from independent
simulations at each thermodynamic state. This “simulations of
simulations” tool can model explicit RE simulations which
require months’ of computational time on computer clusters
with ones which require hours on a desktop, therefore
signiﬁcantly reducing the time required to develop new
adaptive RE algorithms and proposal schemes.
We applied the MSMRE models to study diﬀerent possible
implementations of the replica exchange cycle. Our results
show that diﬀerent exchange proposal schemes converge to the
same inﬁnite swapping limit. It is possible to reach the inﬁnite
swapping limit with tens of exchange attempts per RE cycle in
the one-dimensional system we studied and a few thousand
exchange attempts per RE cycle in the two-dimensional system.
J

DOI: 10.1021/acs.jpcb.6b02015
J. Phys. Chem. B XXXX, XXX, XXX−XXX

207
The Journal of Physical Chemistry B

■

If the computational cost for exchange is negligible compared
with the computational cost to perform MD simulations, which
is true for most RE simulations, one should always perform
enough exchange attempts per RE cycle to reach the inﬁnite
swapping limit. We propose a practical approach to estimate
the number of exchange attempts per RE cycle ne required to
reach the inﬁnite swapping limit which involves estimating
T(e)
αα (ne) in preproduction runs of replica exchange. We also
applied the MSMRE models to study the impact of the MD
period per RE cycle τ on the sampling eﬃciency. Our results
conﬁrm that MD move processes are less eﬃcient at relaxing
RE systems compared with exchange processes. As shown in
Figure 6, the eﬃciency of MSMRE simulations decreases when
the MD length per cycle is increased at a ﬁxed number of
exchange attempts per cycle. Therefore, the MD period per RE
cycle in RE simulations should be set as short as possible until
the overhead time associated with restarting MD simulations
becomes signiﬁcant. Finally, we applied the MSMRE models to
study the packing of moves and exchanges in RE simulations.
We introduced the concept of the lifetime of replicas at a
thermodynamic state in RE simulations, and found that the
average lifetime of replicas can be used as an indicator of the
sampling eﬃciency of RE simulations which depends on the
way moves and exchange attempts are packed into the replica
exchange cycles.

■
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Abstract: Understanding the conformational propensities of proteins is key to solving many problems in structural biology and biophysics. The co-variation of pairs of mutations contained in multiple sequence alignments of protein families can be used to build a Potts Hamiltonian model of the
sequence patterns which accurately predicts structural contacts. This observation paves the way
to develop deeper connections between evolutionary fitness landscapes of entire protein families
and the corresponding free energy landscapes which determine the conformational propensities of
individual proteins. Using statistical energies determined from the Potts model and an alignment of
2896 PDB structures, we predict the propensity for particular kinase family proteins to assume a
“DFG-out” conformation implicated in the susceptibility of some kinases to type-II inhibitors, and
validate the predictions by comparison with the observed structural propensities of the corresponding proteins and experimental binding affinity data. We decompose the statistical energies to
investigate which interactions contribute the most to the conformational preference for particular
sequences and the corresponding proteins. We find that interactions involving the activation loop
and the C-helix and HRD motif are primarily responsible for stabilizing the DFG-in state. This work
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Introduction
A protein’s sequence determines its free energy landscape, but it has proven a major challenge to predict
sequence-dependent structural propensities from
physical first principles. This has important practical consequences for therapeutic design, as conformational preferences can determine drug specificity.
The type-II kinase inhibitor Gleevec is a prime
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example, as it binds strongly to ABL kinase yet not
to SRC kinase despite their having 47% sequence
identity.1,2 Gleevec’s specificity has been suggested
to be due in part to differing propensities of kinase
proteins for a conformation known as “DFG-out”
which the protein must take on in order to bind
type-II inhibitors.3–7 However this has been disputed
and the sequence-dependent origins of the difference
have proven difficult to confirm purely through
structural analysis.8–11
The evolutionary origins of proteins open another
angle of attack. Physical interactions between two
residues in a protein’s structure leads to their mutational co-variation in a multiple sequence alignment
(MSA) of the protein family, which has motivated coevolutionary analysis techniques which predict contacts in structure by identifying strongly correlated
position-pairs in the MSA (see Refs. 12, 13 for
review). “Inverse Ising” methods have proven particularly suited for this purpose. These infer a statisticalenergetic “Potts” Hamiltonian model whose parameters correspond to direct pairwise residue–residue
interaction strengths, by fitting MSA statistics using
techniques borrowed from statistical physics.14 The
power of inverse Ising inference has been demonstrated through its use as the central component of
“direct coupling analysis” (DCA) for protein contact
prediction, which has been shown to predict the top
200 intra-protein contact pairs in many proteins with
80% accuracy as confirmed by X-Ray Crystallography and NMR studies, as well as inter-protein contacts, alternative uncrystallized conformations,
ligand-mediated contacts, and it has been used for
ab-initio structure prediction.14–20
The Potts model can be used for more than predicting contacts. The model provides a probability
(or with a logarithm, a statistical energy) of any
given sequence, and predicts the change in a
sequence’s statistical energy for any set of mutations. This statistical energy is related to the folding
free energy of the protein, and can be decomposed
into position- and residue-specific interaction terms
whose relationship with the pairwise terms in
structure-based free energy functions is just beginning to be explored.21,22 This raises the possibility of
predicting sequence-specific properties including
conformational propensities.
Our goal is to infer conformational propensities
of individual kinases for the inactive DFG-out state,
in which a “DFG” motif is oriented away from the
kinase’s active site unlike in the active DFG-in conformation.6 We predict conformational preference by
“threading” calculations of the Potts energy for a
sequence as a function of conformation. Sequences
predicted by our analysis to have a high penalty for
the DFG-out state are never observed in that state
in crystal structures, while the remaining sequences
are observed in both DFG-in and DFG-out, and we
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also find that sequences with high predicted penalty
bind poorly to type-II inhibitors in a highthroughput binding assay. Furthermore, our analysis suggests that the stability of the activation loop
in the DFG-in state plays an important role in contouring the energy landscape.

Inference Based on Correlated Sequence
Variation
Inverse Ising methods infer a statistical model P(S)
for the probability of observation of a sequence S
which captures the statistical features of a MSA of a
protein family up to second order, in the form of the
univariate and bivariate marginals (frequencies) fai
ij
and fab
of the residues at each position and each

position-pair i, j, for residue identities a, b. The maximum entropy (least biased) model which reproduces
the observed bivariate marginals takes the form PðSÞ
/ e2EðSÞ where E(S) is the statistical energy, given by
P
P
the Potts Hamiltonian EðSÞ5 Li hiSi 1 Li<j JSiji Sj where
the model parameters hiSi (“fields”) represent the statistical energy of residue Si at position i, and JSiji Sj
(“couplings”) represent the energy contribution of a
position-pair i, j. This model has been of interest in
protein structure prediction because strong couplings
ij
Jab
are expected to correspond to direct physical inter-

actions in the protein 3d structure, in contrast to the
ij
evolutionary correlations Cijab 5fab
2fai fbj which reflect

both direct and indirect interactions.14,18
Determining the values of Potts couplings given
bivariate marginals is a significant computational
challenge known as the inverse Ising problem, and a
variety of algorithms have been devised to solve
it.15,18,23–31 We have elaborated on a quasi-Newton
Monte Carlo method32,33 which is more computationally intensive but yields a more accurate model, and
adapted it for protein family coevolutionary analysis
with a highly parallel implementation for GPUs. To
reduce the size of the problem and reduce the effect
of sampling error, we use a reduced amino acid
alphabet of 8 characters, chosen independently at
each position in a way which preserves the correlation structure of the MSA (see methods).

Extracting Conformational Information from the
Potts Model and Crystal Structures
In typical applications of DCA an overall
“interaction” score is calculated for each positionpair based on the coupling parameters and a threshold determines predicted interactions, which have been
used to bias coarse grained molecular simulations.19,31
Contact prediction is illustrated in Figure 1A (upper triangle), where the 64 coupling values for each positionpair are summarized using a weighted “Frobenius
norm” (described in SI text) into a single number, shown
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Figure 1. Contact prediction using the Potts model. (A) Potts model predicted contacts computed using the weighted Frobenius Norm (upper triangle), and a heatmap of crystal structure contact frequency at 6Å cutoff for each residue pair (lower triangle). Important structural motifs such as the DFG and HRD triplets are annotated as hashed rows and columns. (B) Difference
in contact frequency in the DFG-in and DFG-out conformations, based on PDB structures (lower triangle), with corresponding
high-Frobenius-Norm pairs highlighted in matching colors (upper triangle). The contact frequency was computed separately for
the DFG-out and DFG-in structures and subtracted, giving a value from 21 to 1.

as a heatmap. We also align 2896 kinase PDB structures
and count the frequency of residue–residue contacts
with a 6Å distance cutoff, shown as a complementary
heatmap (lower triangle, Fig. 1A). The correspondence
between the two maps is striking, demonstrating how
the Potts model contains information about specific
interactions within the protein.
In Figure 1B, lower triangle, we show the difference in contact frequency between the DFG-in
and DFG-out conformations based on a PDB crystal structure classification (see methods). Contacts
shared by both conformations corresponding to the
overall fold cancel out, highlighting position-pairs
which differentiate the conformations. The Potts
model predicts strong coevolutionary interactions
at many of these positions (upper triangle) suggesting it may be used to understand the conformational transition.
In particular, this analysis highlights the importance of the activation loop in the conformational transition and identifies specific interactions it takes part
in. Figure 1B shows four relevant regions whose structures are illustrated in Figure 2. Interactions in region
1 between the activation loop and the P-loop are much
more common in the DFG-out state as has been previously reported,6,36,37 and the co-evolutionary analysis
predicts two strongly interacting pairs, (6,132) and
(7,132), where 132 is the DFG 1 1 position (see numbering in Supporting Information table S2). In region
2, residues near the DFG motif interact with the
C-helix in the DFG-in state,36,38 as a result of a network known as the R-spine which is broken in
DFG-out.6,37,39 The Potts model predicts a strong
interaction between the DFG 1 2 and DFG-1 residues
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and the end of the C-helix. Region 3 corresponds to
interaction between the HRD motif and activation
loop. In DFG-in this loop forms a beta-strand near the
C-helix, while in DFG-out it folds to form a more distant two-turn helix.6,37,39 The R of the HRD motif is
in contact with this beta-strand in DFG-in, and the
Potts model predicts a number of interactions in this
region. Region 4 illustrates self-contacts in the activation loop in DFG-out due to its more folded and compact conformation. All four regions illustrate major
global differences between DFG-in and DFG-out
reported in recent publications.

Predicting Kinase Sequence Conformational
Preference
The Potts energy can be decomposed into positionand residue- specific components (the fields and couplings), allowing analysis of the statistical energy of
regions within a sequence and the energetic coupling between particular position pairs of that
sequence. By evaluating the Potts statistical energy
for a given sequence (not necessarily from the PDB
dataset) only including coupling terms corresponding
to positions observed to be in contact in a chosen
structure (defined by a 6Å atom-atom cutoff distance), we obtain a “threaded” energy of the
sequence in that conformation. A single sequence
may be evaluated over multiple conformations.
We use this threading calculation to model the
DFG-in to DFG-out transition. We order the 2869
kinase PDB structures by DFG-in and DFG-out conformation using PCA analysis (see methods). We
find the second principal component distinguishes
DFG-in (PCA2 < 40) and DFG-out (PCA2 > 48)
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Figure 2. Structural differences between the DFG-in and DFG-out conformations of ABL kinase. Left: DFG-in (red, 2GQG [34])
and DFG-out (blue, 1IEP [35]) structures superimposed, showing the activation loop extended in the DFG-in state. Right: Highlighted regions from figure 1B showing DFG-out (left) and DFG-in (right), with Potts predicted interacting residues shown as
sticks. Region 1: P-loop to activation loop interactions, showing Y7 and L132 (DFG 1 1). Region 2: C-helix to activation loop
interactions, showing V41, M42, F130,and S133. Region 3: HRD motif to activation loop interaction, showing F107, HRD (109–
111), A143, H144, and A145. Region 4: Interactions internal to the activation loop, showing L132, M136, T140, A143, and P147.

according to the KLIFS database. By averaging a
sequence’s threaded energy over this conformational
parameter we obtain an effective “potential of mean
force” for that sequence [Fig. 3(A)], showing that certain sequences have a greater relative penalty for

taking the DFG-out conformation. Recent work suggests it is possible to connect the Potts statistical
energy to physical units; we estimate that the scale
shown in Figure 3 to be 2–3 kcal/mol based on the
analysis in Ref. 21.

Figure 3. Prediction of conformational penalties. (A) Predicted conformational energy of PDB sequences as a function of conformation (averaged over 5-unit windows along the conformational axis, with mean value subtracted), colored according the
DFG-out penalty score (blue is low penalty). (B) Predicted DFG-out penalty versus conformation for each sequence and structure in the KLIFS database. The dashed horizontal line distinguishes sequences with a low DFG-out penalty from those with
high penalty, and the vertical line separates DFG-in (red) and DFG-out (blue) structures. The PDB structures of p38a MAP
kinase are shadowed in gray.
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result supports the role of conformational preferences
in determining drug susceptibility suggested by computational studies.2,3,41
The highest penalty kinase in this analysis,
Aurora A kinase, has no type-II inhibitors developed or reported in development and does not
have typical DFG-out structures in the PDB.6
Aurora A has a conformation called DFG-up which
has some similarities to DFG-out but is different
enough to be classified separately.42,43 There are
reported structures in which the DFG motif is
‘out’ (2C6E, 2J4Z,44 not in the KLIFS database)
but the activation loop is in the DFG-in-like
extended form, and they are not bound to type-II
inhibitors. The DFG motif in these unusual structures may be forced to an out-like state by ligandspecific interactions. This further suggests the
activation loop itself contributes to the conformational preference.
Figure 4. Comparison of predicted DFG-out penalty to
measured type-II inhibitor hit-rate, determined from a binding
assay against 13 type-II inhibitors. The fraction of low versus
high penalty sequences is plotted for each hit-rate.

We compute an overall DFG-out “penalty” score
for an arbitrary kinase sequence as the difference in
its average threaded energy between DFG-in and
DFG-out conformations. This is equivalent to comP
in
in
out
puting DEðsÞ5 i<j Jsi;ji ;sj ðcout
i;j 2ci;j Þ where ci;j and ci;j
are the contact frequency of the pair i,j in the two
conformational states, reflecting a penalty for the
sequence to take on the DFG-out conformation.
Validating this predicted penalty score using
sequences from the PDB, we find that only sequences with low predicted DFG-out penalty are observed
in the DFG-out conformation in the KLIFS structural annotation [Fig. 3(B)]. Many sequences with
low DFG-out penalty are observed in both the DFGin and DFG-out conformations, for example p38a
MAP kinase [Fig. 3(B), gray], which is expected
since the active DFG-in state is necessary for kinase
function.
We also compare our predictions to experimental
results from a high-throughput inhibitor binding
assay of 299 human kinases sequences against 13
type-II inhibitors40 (see methods). The number of
inhibitors which bind to a kinase out of the 13 (its
“hit-rate”) is an experimental measure of the kinase’s
conformational penalty, which averages out the
effects of ligand-specific interactions. In Figure 4 we
show that sequences with low hit-rate are predominantly predicted to have high penalty (> 3) for the
DFG-out state necessary for type-II inhibitor binding.
The difference in mean hit-rate of 2.1 between the
high and low penalty sequences is highly significant
(P < 10– 10), as measured by a permutation test. This

1382

PROTEINSCIENCE.ORG

Stabilization of the Activation Loop in DFG-in by
Particular Position Pairs
We examine the highest DFG-out penalty sequences
to determine which interactions contribute to their
high penalty. These positions are among those highlighted in the green boxes in Figure 2. We find that
these positions have significantly more favorable
couplings in DFG-in sequences than in DFG-out
sequences on average, and from structural analysis
these position pairs make frequent contacts within
6Å in the DFG-in state but not in DFG-out state.
This suggests stabilization of the activation loop in
the DFG-in sequences, which is consistent with a
recent computational study which showed that certain mutants stabilize the activation loop, biasing
the protein towards the DFG-in state.41

Conclusions
Free energy calculations have confirmed that single
point mutations which lead to resistance to type-II
inhibitors act by increasing the DFG-in to DFG-out
conformational free energy penalty.2,6,41 We have
shown that by examining the position- and
sequence- specific components of the Potts Hamiltonian it is possible to predict this sequencedependent penalty, deepening the link between the
evolutionary fitness and energy landscapes of proteins, which we hope will have an impact on therapeutic design strategies.

Methods
Sequence datasets
We use HHblits45 to search the Uniprot database
with the Pfam kinase family seed (PF00069), obtaining 127113 kinase sequences after filtering for valid
kinases. We weight these sequences to account for
phylogenetic and experimental biases at a 40%
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identity threshold using the weighting strategy in
Ref. 18, leaving N 5 8149 effective sequences with
175 positions. To reduce the alphabet size we randomly merge pairs of letters at each position which,
when treated as identical, would minimize the root
mean square difference between the Mutual Information (MI) scores for all position pairs in the
reduced alphabet and full 21 letter alphabet, until
all positions have been reduced to 8 letters.

6.

7.

8.

Potts model inference
For a set of trial couplings we estimate bivariate
marginals by Markov Chain Monte Carlo (MCMC)
evolution of 131072 sequences in parallel according
to the Potts Hamiltonian, each for 6.4 million steps
to reach equilibrium. The residuals relative to the
dataset marginals are then used in a quasi-Newton
update step of the Hamiltonian parameters (see
Supporting Information text for details).

PDB structure datasets
We obtain 2869 kinase crystal structures from the
PDB and align them to our sequence dataset. We
choose 351 atom–atom pairs which may be related
to the DFG-in to DFG-out transition whose distances we use as variables for PCA analysis (see Supporting Information Fig. S2). After filtering based on
the PCA analysis, we find 432 structures annotated
as DFG-in and 93 as DFG-out in the KLIFS database.46 Contacts are computed based on closest
atom-atom distances. When averaging, sequences
are weighted using a 40% identity threshold,
renormalizing to account for unresolved residues.

9.

10.

11.

12.
13.

14.

15.

Kinase binding assay

16.

We filter the 442 kinases tested in a binding assay40
keeping only the 299 unique non-mutant kinases
with a complete catalytic domain sequence in the
Entrez Genbank database,47 and predict their penalty scores. An inhibitor “hit” was counted for any
assay with dissociation constant < 10 lM.

17.

18.
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ABSTRACT The protein kinase catalytic domain is one of the most abundant domains across all branches of life. Although
kinases share a common core function of phosphoryl-transfer, they also have wide functional diversity and play varied roles
in cell signaling networks, and for this reason are implicated in a number of human diseases. This functional diversity is primarily
achieved through sequence variation, and uncovering the sequence-function relationships for the kinase family is a major challenge. In this study we use a statistical inference technique inspired by statistical physics, which builds a coevolutionary ‘‘Potts’’
Hamiltonian model of sequence variation in a protein family. We show how this model has sufficient power to predict the probability of specific subsequences in the highly diverged kinase family, which we verify by comparing the model’s predictions with
experimental observations in the Uniprot database. We show that the pairwise (residue-residue) interaction terms of the statistical model are necessary and sufficient to capture higher-than-pairwise mutation patterns of natural kinase sequences. We
observe that previously identified functional sets of residues have much stronger correlated interaction scores than are typical.

INTRODUCTION
About 2% of the human genome belongs to the protein
kinase family and over 105 different kinases have been
sequenced from many species (1). Protein kinases’ common
catalytic role in protein phosphorylation is carried out by a
conserved catalytic structural motif, but individual kinases
are specialized to phosphorylate particular substrates and
are bound by different regulatory partners as part of cell
signaling networks. Kinases are implicated in many human
diseases, and understanding how a particular kinase’s
sequence determines its individual function has clinical
applications. The ability to predict the sequence-dependent
effect of specific mutations is relevant for the treatment of
kinase-related cancers (2), and understanding the differences in functionality between kinases can aid in selective
drug design (3).
One approach to understanding the effects of particular
kinase sequence variations has been by structural analysis,
based on thousands of observed kinase crystal structures
and comparison of their sequences. Patterns of structural
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variation and conservation within and between protein
kinase subfamilies has led to the identification of various
functional motifs such as the HRD and DFG motifs necessary for catalysis, networks of stabilizing interactions
formed in the kinase active catalytic state known as the
C-spine and R-spine, and the importance of the C and F
helices in acting as rigid foundations on which the catalytic
core rests (4–10). Two conformational states, the catalytically active ‘‘DFG-in’’ and the inactive ‘‘DFG-out’’ states
have been discovered to be important in controlling kinase
activation and regulation (11). An important goal of these
studies is to understand the sequence-dependent ligandbinding properties of different kinases for therapeutic
purposes; however, ligand binding affinities are still difficult
to predict (12–15), and crystal structures only give a partial
view of kinase function.
Another way to extract information about function from
kinase sequence variation is to construct a statistical (Potts)
model from a multiple sequence alignment (MSA) of
sequences collected from many organisms. The idea of using sequence statistics to understand protein structure and
function has been motivated and justified by the observation
that strongly covarying positions in an MSA correspond
well to contacts in structure, a fact used for protein contact
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prediction with significant success (16–21). Using concepts
from statistical physics, this idea has evolved and led to the
Potts model of protein sequence variation, which is able to
capture the pairwise and higher-order mutational correlation
patterns, although the model is inferred only from pairwise
interaction terms. The Potts model has wider potential applications beyond protein family contact prediction, and can be
used to predict sequence-specific properties (22–24). Statistical energies computed using the Potts model can be used to
predict the relative probability of any sequence in the family, including sequences not seen in the data set, and can be
used to predict the effect of mutations on the probability of a
sequence (25–28). The probability is often interpreted as a
fitness. The sequence-space landscapes predicted by the
Potts model have been found to correlate to experimentally
measured fitness landscapes and free energy landscapes
(24,29–32). For example, in human immunodeficiency virus
(HIV) sequences, Potts statistical energies correlate well
with in vitro fitness measurements for tens of sequence
variants with multiple mutations relative to the well-defined
wild-type sequence (26,33), and Potts models inferred on
one HIV sequence database predict sequence frequencies
in an independent database (25,34). Similarly, the Potts
probability is found to correlate well with measurements
of the free energy of folding of proteins in a family
(24,29,35–37). This connection between Potts probabilities
and fitnesses suggests that the Potts model can be used to
predict some features of the relationship between protein
sequence and function.
The physical interpretation of the Potts model parameters
and the capabilities and limitations of the Potts model are
still being explored. Potts model predictions of the effect
of mutations in particular sequences have often been limited
to a relatively small number of mutations at a time, typically
single and double mutants, or in systems with high sequence
conservation (29,33). Other studies have shown that higherthan-pairwise variations are well described by Potts models
in a number of biological systems; however, these tests were
limited to systems with very small, explicitly enumerable
state spaces (38–40). Modeling the sequence landscape of
the highly diverged protein kinase family is a challenge
because kinase sequences have an average of only 30%
identity to each other, vary at many positions at once, and
cover a vast span of sequence space. In this work, we focus
on the model’s ability to reconstruct kinase sequence-specific statistics, particularly subsequence probabilities, and
illustrate how highly correlated patterns can be associated
with functional sets of positions.
We use a previously described Monte Carlo inference
method designed to obtain the Potts model parameters for
diverse protein families such as the protein kinase family
(22). We demonstrate the ability of the inferred model to
describe a large sequence landscape by showing that it captures the observed higher-order marginals (subsequence
probabilities) of the original MSA, which are not directly

22 Biophysical Journal 114, 21–31, January 9, 2018

fitted. Using in silico tests, we show that when the MSA
contains a few thousand effective sequences, the inferred
statistical energies of the model are not sensitive to the
size of the MSA. Through comparison to site-independent
(uncorrelated) models of sequence variation, we show the
that epistatic effects of correlations are essential to accurately predict higher-order marginals, i.e., subsequences
that vary at many positions simultaneously. We show how
well the statistical energies of the Potts model for the kinase
family reflects the frequency of subsequences observed in
the Uniprot database and in the much larger data set constructed in silico. We then use the subsequence statistics
predicted by the Potts model to illustrate how highly correlated patterns can be associated with functional motifs, and
to identify motifs within the kinase sequence with strong
correlated signals. We illustrate how functional units of
kinase family proteins are more conserved and exhibit
strong epistatic effects.
Potts covariation analysis
Potts covariation analysis models the distribution PðSÞ for
the probability of observing a sequence in an MSA of a
protein family, incorporating pairwise correlated effects to
parametrize the model. PðSÞ has been interpreted as a
fitness, and sometimes as the probability of the protein’s
native fold in thermodynamic equilibrium (24,29,41–43).
Because of the enormous size of sequence space (roughly
estimated to be 10140 sequences for the kinase family in
Supporting Material), this distribution cannot be directly
measured from an MSA of only a few thousand sequences.
An alternative is to solve for the maximum entropy distribution, subject to the constraints that the univariate and bivarij
iate marginals fab
of sequences generated from the model
(for residues a; b at positions i; j) match those of the MSA
data set, which can be accurately measured. The maximum
EðSÞ
entropy distribution is P
found to be
for the Potts
PPðSÞfe
ij
L i
L
Hamiltonian EðSÞ ¼ i hSi þ i < j JSi Sj , which contains
pairwise ‘‘coupling’’ terms J and single-site ‘‘fields’’ h,
which may be solved for by maximum likelihood inference.
One could in principle build a Hamiltonian that includes
higher-order terms by fitting triplet correlations in the
data, but not only is there insufficient data to build such a
model, it does not appear to be necessary as we discuss
below.
Given a parametrized model, the Hamiltonian EðSÞ
defines a statistical energy landscape over sequence space,
computable for any sequence such that lower values are
more favorable, and the coupling parameters JSiji Sj give information about the statistical interaction between two residues
in a sequence. The JSiji Sj have been related to folding or binding free energy contributions (43,44). From PðSÞ we can
estimate the probability of any sequence, and by similar
computation we may also predict the probability of subsequences in particular (sub)sets of positions (not necessarily
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contiguous) of the MSA. The Potts model allows us to
explore aspects of the statistics that we do not have the
power to measure from the raw data because of sample
size. For instance, given a data set of N sequences, it is
not possible to directly measure the probability of a (sub)
sequence that appears in nature with frequency of roughly
1=N or less. This sampling noise (or ‘‘shot noise’’) issue is
particularly a problem for longer sets of positions and for
the full-length sequences because the probability of individual subsequences decreases rapidly with increasing number
of positions due to the increased size of the sequence space.
The correlated nature of the model is also important. The
collective effect of the pairwise terms J mean that the statistics of the Potts model can be significantly different from a
site-independent or uncorrelated model that ignores correlated effects, particularly for longer sets of positions where
more pairwise terms come into play. We will compare the
Potts model to the maximum entropy independent model
fitted to the univariate marginals of the data, which is
exactly solvable and takes a ‘‘log odds’’ form where
hia ¼ log fai and J ¼ 0.
Inference of the Potts model parameters is nontrivial. The
Potts landscape has primarily been used for the purpose of
protein structure contact prediction, and the approximations
and algorithms developed to solve for the parameters J have
mostly been tailored for this application (19,36,45–49). For
the purpose of understanding kinase sequence variation, the
distribution PðSÞ itself is more central, and more accurate
inference techniques are necessary to model this distribution
as illustrated in a recent benchmark (43). For this reason, we
use a Monte Carlo inference technique that makes fewer
approximations (22).
METHODS
In this study, we focus on the statistical properties of a Potts model for the
kinase family. We use a Potts model and kinase sequence data set that we
have previously prepared using methods of parameter inference, MSA preprocessing, alphabet reduction, interaction scoring, and Protein Data Bank
(PDB) contact analysis described in (22). These methods are recapitulated
in additional detail for this study below. In the current study, we additionally
develop methods to analyze the subsequence statistics of this Potts model.

Potts model inference
We use Markov Chain Monte Carlo (MCMC) methods to perform the Potts
parameter inference, a method developed in previous studies (33,36,50).
Our implementation is based on the one described in reference (33).
This method makes few analytic approximations such as the weakcoupling approximation used in mean-field methods (49), approximate
likelihood functions (19), or truncated cluster entropies (51), at the expense
of increased computation time. We compare our results to mean-field
methods below. In the MCMC method, we generate sequences from the
model according to the equilibrium distribution PðSÞ by MCMC, given a
trial set of couplings J, and update the parameters J based on the discrepancy between the model and data set bivariate marginals. Our graphic processing unit-based implementation decreases the computation time, and
also allows efficient generation and analysis of the large simulated

MSAs used in this study. A description of the MCMC algorithm is provided in the Supporting Material of (22). Convergence of the parameters
is shown in Fig. S8.

MSA preprocessing
We obtain kinase sequences using HHblits (52) to search the Uniprot
database starting from the Pfam kinase family seed (PF00069). We remove
any sequences with gaps in the ‘‘HRD’’ or ‘‘DFG’’ triplets, sequences
missing the aspartic acid required for Mg2þ binding, more than 10 gaps,
more than 40 inserts, or with invalid/unknown amino acids, leaving
127,113 sequences of length 241. These sequences are phylogenetically
related and sampled with experimental biases, and therefore do not represent independent samples from the distribution PðSÞ. We correct for this
as described in (49) by downweighting similar sequences. We assign a
weight w ¼ 1=n to each sequence, where n is the number of sequences in
the alignment with > 60% sequence identity to it. This cutoff was chosen
based on analysis of the distribution of pairwise sequence similarities in
the kinase data set (see Supporting Material). This leaves an effective numP
ber of sequences Neff ¼ w of 8149. We then trim the first 5 and last 61
positions from the alignment that contain variable secondary structures,
leaving 175 positions.

Alphabet reduction
We reduce the alphabet size q from 21 residue types (20 amino acids plus
gap) to 8 in a way that preserves the correlation structure of the MSA,
unlike amino acid reduction schemes based on physiochemical properties
(53,54). For each position (processed in random order) we merge the pair
 
L
of letters that gives the best least-squares fit between the
Mutual
2
Information (MI) scores across all position pairs of the MSA in the eightletter and 21-letter alphabets. MI is a measure of correlation strength
P ij
ij
log fab
=fai fbj
between two MSA columns i; j, given by MIij ¼ qab fab
(55). This merging is repeated until all positions have been reduced to eight
letters. In practice, this procedure often first merges the very low-frequency
residue types at a position into a single ‘‘mutant’’ residue. After computing
bivariate marginals from the weighted eight-letter sequence set, we add a
small pseudocount of roughly 1=N as a finite size correction.
Alphabet reduction has the benefit of eliminating many small marginals
(rare residue types) from the system and thus decreases the computational
cost of inference, which scales as q2 . For the kinase MSA, we find that
reduction to eight letters is a suitable compromise between reducing the
problem size and preserving the sequence correlations (Fig. S1 B), and
captures almost all the sequence variation; kinase sequences in our data
set have 27% average pairwise identity with 21 letters but still only 31%
identity after reduction to eight (Fig. S1 A). Further justifying this choice,
the mean effective number of amino acids at each position of our raw data
set is 8.9, computed by exponentiating the site entropy (see Supporting
Material). The Pearson correlation between the 21-letter and eight-letter
MI scores is 0.97.

Interaction score: weighted Frobenius norm
A number of different methods have been suggested for obtaining a position
pair interaction score from the Potts model parameters, including the
‘‘Direct information’’ (45), Frobenius norm (19), and average product
corrected Frobenius norm (56). To control and reduce the contribution of
marginals with high sampling error, we score interactions using a weighted
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P
ij ij 2
ij
Frobenius norm computed as I ij ¼
ab ðwab J ab Þ where wab > 0 are

tunable weights. In the case where the weights wijab ¼ 1, this reproduces
the unweighted Frobenius norm calculation. Both the Frobenius norm
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and weighted Frobenius norm depend on the choice of ‘‘gauge’’ of the
model, referring to the fact that the Potts model described above with
 
L 2
q couplings contains superfluous parameters, such that compensa2
ij
parameters can leave the distribution PðSÞ
tory transformations of the Jab
 
L
unchanged. In fact, there are only
ðq  1Þ2 þ Lðq  1Þ independent
2
parameters, fitted based on an equal number of independent marginals.
These gauge transformations have been described in other publications
(45,49,51). Typically, the Frobenius norm is computed in the ‘‘zeromean’’ gauge, which minimizes the Frobenius norm and guarantees that
uncorrelated positions have an interaction score of 0. For the weighted
Frobenius norm, we instead transform the model to a gauge that satisfies
P ij ij
the gauge constraint
a wab Jab ¼ 0, which similarly minimizes the
weighted norm. To downweight the influence of couplings corresponding
to infrequently observed mutant pairs that have high sampling error, we
ij
, which gives good correspondence between
heuristically choose wijab ¼ fab
the interaction score and observed contacts in crystal structures (see Fig. S5;
Supporting Material).

PDB contact frequency analysis
To measure contact frequencies in the kinase DFG-out and DFG-in conformational states, we obtain 2896 kinase structures from the PDB classified
into the DFG-in and DFG-out state collected as described in a previous
publication (22) and aligned them to our kinase MSA. A contact is defined
as a nearest heavy-atom distance between two residues of less than 6 Å. See
reference (22) for further details. When compiling statistics of the residue
identities in the sequences of the PDB data set, the sequences are weighted
to account for similarity at a 10% similarity threshold after applying the
method described above for MSA preprocessing.

In silico sequence data set
We generate our main in silico data set by sampling from the kinase
Potts Hamiltonian by MCMC. To roughly simulate the effect of the phylogenetic corrections, we take sequence samples after only a short interval of
175 MCMC steps, giving a nonindependent set of sequences. We then apply
the phylogenetic filter at 40% identity, giving 9990 effective sequences.
We infer a new in silico set of Potts model parameters using this in silico
data set as input, which may differ from the original kinase model due to
the effects of finite sampling, phylogeny, and other potential sources of
error.

Estimating subsequence frequencies
To test the Potts model’s ability to describe the probability of variations
over many positions, we need to estimate the frequency of subsequences
(higher-order marginals) predicted by the model. We use two methods to
do this. For shorter sets of positions with L%10, we generate a large
in silico MSA of 4  106 sequences by Monte Carlo sampling of the kinase
Potts Hamiltonian and simply count the subsequence frequencies. For
longer sets of positions, this method is insufficient because the probability
of generating a particular subsequence falls far below 1=106. Instead, we
use a reweighting procedure that allows us to compute relative subsequence
frequencies from a generated in silico MSA even if the subsequence does
not appear in it. The procedure is described next.
Dividing the MSA into a set of positions whose subsequence probabilities we wish to estimate and a remainder set of ‘‘background’’ positions,
P
the equilibrium probability of a subsequence A is given by fA ¼ b pAb,
where pAb is the Potts probability of a sequence with background b and subA
B
sequence A. Since pAb ¼ eEb =Z and pBb ¼ eEb =Z for subsequence B at the
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P
B
A
same positions, we can also write fA ¼ b pBb eEb Eb . It follows that given a
large enough equilibrium sample of sequences
fSg,
we can approximate
P
the frequency of subsequence A as fA f S eES EA/S , where ES is the Potts
energy of sequence S and EA/S is the energy after substituting subsequence A, up to an unknown normalization constant. The ratio of subsequences frequencies, e.g., fA =fB , can then be unambiguously obtained as
the unknown normalization factor cancels. This approximation becomes
exact in the limit of large in silico MSAs, and should be valid as long as
the distributions of sampled backgrounds for each subsequence, with the
subsequence held fixed, would overlap significantly with each other. Using
an in silico MSA of size 4  106 , we confirm that this approximation is accurate, first for shorter subsequences tested for lengths 2–10 by comparing
the frequency predicted by this method to the counted frequency in the raw
MSA, and second for longer subsequences of length L  8 to L (i.e., those
with short backgrounds), by comparing to the exact frequencies computed
by enumerating
the backgrounds b and summing Potts probabilities as
P
A
fA f b eEb .

RESULTS AND DISCUSSION
We infer a model for a data set of N ¼ 8149 effective
kinase sequences of length 175, and quantify the quality
of fit through the sum of squared residuals (SSR) of the
bivariate marginals. Due to the finite sample size, there is
error in each measured bivariate marginal f around its
true (unknown) value, and due to this error we estimate
an expected SSR of 1.69 between the data set marginals
and the (unknown) true marginals. This estimate is obtained
by summing over the expected binomial variances of each
bivariate marginal of f ð1  f Þ=N (approximating the
observed bivariate marginals as independent), and we also
confirm this by generating MSAs of size 8149 from the
inferred model and comparing these MSA’s SSR relative
to the model’s marginals. The SSR between the inferred
Potts model’s marginals and the observed MSA’s marginals
is close to 1.69, which suggests that the inferred model
approximates the ‘‘true’’ bivariate marginals as well as
finite sampling effects allow. In contrast, the SSR of 36.4
between the independent model and the data set is much
larger. This shows that the independent model must have
significant error in addition to finite sampling error, and
demonstrates the importance of modeling correlated
effects.

Probability distributions of kinase subsequences
Although the Potts model is fitted to the bivariate marginals
of a data set of N  104 sequences, it is able to capture
higher-order marginals of the data set involving simultaneous variation at many positions. To test this, we would
ideally directly compare predicted higher-order marginals
(equivalent to subsequence probabilities) to the corresponding frequency observed in an MSA. However, the ‘‘shot
noise’’ effect makes this impossible for long sequences, as
the probability of seeing an individual kinase sequence of
length 175 is always many orders of magnitude smaller
than 1=N (the smallest observable frequency). We may
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nevertheless verify the Potts model predictions by examining shorter sets of positions whose MSA statistics can still
be measured with reasonable accuracy given the sample size
of the data set, but long enough that they encompass a large
sequence space. To quantify model error for a set of positions, we measure the Pearson correlation r20 between the
frequency of the top 20 subsequences most frequently
observed at those positions in the kinase family MSA to
the probability predicted by the Potts model. We estimate
the Potts probability of a subsequence from a generated
MSA of 4  106 sequences as described in the Methods.
We use the top 20 subsequences for each set of positions
in this comparison because the remaining rarer subsequences have high sampling error.
For sets of positions up to about length 10 for which
there are sufficient statistics to test the model, the Potts
model correctly predicts the observed frequencies and the
independent model performs very poorly. In Fig. 1 A we
illustrate subsequence frequencies for a specific set of seven
positions associated with the DFG-in versus DFG-out
conformational transition, described in more detail in
another section. The r20 score for this set is very high
(0.94), which means that the predicted probabilities of the
subsequences (seventh-order marginals) agree very well
with the corresponding frequencies observed in the data
set MSA. In contrast, there is essentially no r20 correlation
with the independent model.
We verify this more generally by choosing 1000 random
sets of positions of length 2–10 from the 175 positions of
the full sequence, and compute r20 , as shown in Fig. 1 B.
We also compute the expected r20 due to finite sampling
alone, by comparing subsequence frequencies in a synthetic

MSA of size 8149 generated by the Potts model to those
predicted by a second Potts model fitted to this synthetic
MSA, estimated from a sample of 4  106 sequences,
shown as a dashed line. The Potts model r20 correlation
decreases for increasing subsequence length, but it closely
follows the expected r20 due to finite sampling, which
shows that this decrease reflects the increasing statistical
error in the finite sample data set observed marginals rather
than increasing error in the model. Furthermore, the r20
between the Potts model and the data set is entirely
accounted for by the finite sample size of the data. If thirdor higher-order terms affected the subsequence frequency
distributions for the lengths we tested, on average, this
could manifest as additional error in the model past that
we observe due to the finite sample size of the reference
data set. For instance, in Fig. 1 B one analogously sees
how the lack of second-order terms in the independent
model manifests as additional error of this model relative
to the finite sample estimate. The absence of such additional error in the Potts model estimates suggests that
higher-than-pairwise terms do not play a significant role
here. This is a striking result. We note, however, that
absence of evidence is not necessarily evidence of absence:
It remains possible that a large number of weaker higher-order interaction terms have a small effect for subsequences
with L < 10, but a greater effect for larger L.
Nevertheless, these observations support an interpretation
that the collective effects of the pairwise terms of the Potts
model are necessary and also sufficient to predict higher-order statistics (marginals) of the data set. The fact that the
Potts model captures the higher-order marginals of the
data set significantly beyond the pair marginals (up to
FIGURE 1 Subsequence frequency predictions.
(A) Predicted subsequence frequencies for a set of
seven positions known to be important for kinase
activity, compared to the data set frequencies.
The Potts distribution (top) models the observed
distribution well, in contrast to the independent
model (bottom). (B) Average correlation between
observed and predicted frequencies for the top 20
subsequences for large samples of subsequences
of varying length, for observed subsequence frequencies with the Potts model (blue), and with
the independent model (red, dotted). Circles show
the means, and error bars show the range of first
to third quartile values (25–75% of sets of positions). The dashed line (black) is an estimate of
the expected correlation due only to finite sampling, computed by comparing the subsequence
frequencies of a finite synthetic data set MSA of
size 8149 to the frequencies of a large MSA of
4  106 sequences generated from a Potts model
fitted to the synthetic MSA of size 8149. Both the
trend and range of the expected correlations due
to the effects of the sample size (8149) are consistent with the correlation between the observed
frequencies and those predicted by the Potts model.
To see this figure in color, go online.
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10th order, see Fig. 4) which it fits directly supports its use
in predicting properties of the sequence space landscape.
In silico tests: shot noise and importance of
pairwise terms
To further demonstrate the ability of the model to describe
large sequence spaces for longer sets of positions with
L > 10, we perform in silico tests to show that the statistical
energies of sequences are not strongly affected by finite
sampling effects given a sequence sample size of 104.
For longer sequence lengths it is conceivable that the effects
of sampling noise in the data or inference errors become
more pronounced, as the number of pairwise terms J used
in the computation of statistical energy grows quadratically
in L. To test this, we generate an in silico data set MSA consisting of 9990 effective sequences generated from the original Potts model as described in the Methods, to which we fit
a new in silico Potts model, and then compare the two
models. The in silico data set represents a finite resampling
process that scrambles small bivariate marginals that have
large relative error, and serves to demonstrate that the
inferred model is not sensitive to their precise values.
We first examine subsequence statistics of longer position
sets. In sets longer than length 10, the subsequence frequencies become minute and cannot be measured even by
generating simulated MSAs of up to 106 sequences, but
instead we are able to compute their relative frequencies
using an algorithm described in the Methods. We compute
these frequencies using both the original Potts model parameterized on the kinase family MSA and the in silico Potts
model, and take the logarithm, giving an effective statistical
energy of each subsequence for both models. We find that
for subsequences from length 4–175, the two Potts models
agree with an average correlation of 0.9 in statistical energy
(Fig. S2). The independent model, in contrast, predicts statistical energies for short subsequences of length 4 with
similar correlation, but as position set length increases its
power drops dramatically, and for sequences of length 128
it has no predictive power ðr ¼ 0:08Þ.

The importance of correlated effects is most pronounced
for full kinase sequences varying over all 175 positions. In
Fig. 2 A we compare the statistical energies of the 127,113
kinase family sequences of our unweighted data set
computed using the in silico Potts model with those
computed using the original Potts model (the ‘‘reference
energy’’), finding a Pearson correlation of r ¼ 0:92. Most
of the sequences in this plot are highly dissimilar from
the 9990 effective in silico sequences used to parametrize
the in silico model. On average, a sequence in the
in silico data set has only 52% sequence identity to its
most similar sequence in the unweighted kinase data set,
and 31% similarity on average to the whole data set,
demonstrating the Pott model’s ability to model variation
far in sequence space from the sequences it is parametrized
with. In contrast, the independent model is unable to predict
statistical energies, showing no correlation ðr ¼ 0:05Þ
between its predictions and the original statistical energy
values (Fig. 2 B). Most dramatically, sequences predicted
to be lowest probability (high statistical energy) in the independent model include some of the highest probability (low
statistical energy) sequences predicted by the Potts model.
These are sequences with multiple rare mutations that the
independent model necessarily assigns a low probability,
but which the Potts model predicts are very favorably
coupled. These results strongly support the importance of
the correlated terms and show that they become necessary
for predicting statistics of full sequences with many
mutations.
This test does not probe whether triplet and higher-order
terms in the Hamiltonian are needed to predict full sequence
probabilities because the in silico data set MSA is generated
from a pairwise model. However, the lack of a need to
parametrize higher-order terms in the Hamiltonian is justified by the results of the previous section for L < 10. The
in silico tests do show that, given such a pairwise model,
the statistical energy predictions for sequences with
L > 10, for which sampling error is more significant, are
robust given an MSA of thousands of sequences, and the
independent model is grossly inadequate.

FIGURE 2 Statistical energies computed for kinase sequences taken from Uniprot. (A) Statistical
energies computed using the original Potts model
compared to those computed using a Potts model
refitted to a finite size in silico sample of 9990
effective sequences generated from the first model,
and (B) computed using the original Potts model
compared to the those computed using an independent model fit to the in silico sequences. Lower
energies are more favorable. The darkness of a
plotted point reflects the log of the number of sequences at that point, and most sequences are
concentrated near the center of the distribution.
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Although we have focused on the kinase family, we
expect these results generalize to other protein families.
We have also analyzed the trypsin and photoactive yellow
protein families using the same methods as for the kinase
family, and obtain similar results (see Fig. S4). We also
analyze the kinase in silico data set using the more approximate mean-field methods for parameter inference. We find
that the correlation between the energies computed with this
model and those computed with the original model is 0.7,
compared with 0.92 found by MCMC (Fig. S7, compare
to Fig. 2 A).
Identifying highly correlated sets of mutations
and functional motifs
Statistical energies calculated from the Potts model can be
used to investigate kinase function, and allow us to probe
statistics not measurable from the data alone because the
finite size of the MSA prevents direct measurement of the
frequencies of subsequences or full sequences. As an
example, we examine subsequence statistics of particular
kinase position sets, and investigate how functional sets of
positions (motifs) have strong correlated interactions
contributing to their statistical energy, and can be identified
because their marginals are more accurately predicted by
the Potts model than by the independent model as measured
by the r20 scores.
To use the r20 scores in this way, it is useful to understand
that r20 scores for a particular position set, in either the
independent model or the Potts model, can be lower (reflecting poorer model-data correspondence) due to two different
effects. First, due to inaccuracy of the model itself (i.e., due
to ignoring correlations), and second, due to sampling error
(shot noise) in the data set used as the benchmark for the
model predictions, due the finite size of the data MSA.
The degree of model inaccuracy depends on the nature of
the correlated interactions within the set of positions. If the
‘‘true’’ Hamiltonian describing the MSA involves higher-order terms than those included in the model (e.g., third-order
terms) this will lower the r20 score for the Potts model,
particularly for sets of positions in which the higher-order
interactions contribute significantly to the statistics. At least
for L < 10, our results above suggest that these terms are not
important. The independent model does not include secondorder terms, so we expect it to perform more poorly for
motifs that have functional constraints and therefore correlation is expected to be important. We expect highly correlated (potentially functional) sets of positions to have higher
r20 score with the Potts model than with the independent
model.
Data set sampling error, on the other hand, will often be
smaller in functional motifs because they have greater conservation. The sampling error for a subsequence of
frequency
f can be modeled as the binomial distribution
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
SD f ð1  f Þ=N for MSA size N. For small f, the relative

error in a statistical
energy
(obtained by dividing by f) is
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
approximately
1=Nf , meaning that higher-frequency
subsequences have lower relative statistical error. Highly
conserved sets of positions, whose statistics are dominated
by a small number of high-frequency subsequences, will
therefore have lower sampling error as measured by r20.
We expect more highly conserved sets of positions to have
higher r20 scores with both the Potts model and the independent model.
These observations suggest that we can identify strongly
correlated motifs by comparing the r20 statistics using the
Potts model with the corresponding results for the independent model. A high r20 score for the Potts model and a low
score for the independent model is a sign that the set of
positions is more conserved and more correlated than
typical, suggesting that it may be an important functional
motif.
Previously identified functional set of positions has high
correlation

We first examine a motif of length 7 formed from a set positions previously identified in the literature to control kinase function by structure-based analysis (11), illustrated
in Fig. 1 A. Its Potts r20 ¼ 0:94 score is much higher than
the typical score for sequences of the same length
(r 20 ¼ 0:65, see Fig. 1 B), yet the independent model’s
r20 ¼ 0:02 is much lower than is typical ðr 20 ¼ 0:18Þ. These
are the positions 24, 42, 67, 112, 113, 115, and 127 in our
alignment, which correspond to PDB residue indices K72,
L95, M120, L167, K168, E170, and V182 for the protein
kinase A PDB: 2CPK (57), as tabulated in Tables S1 and
S2. These seven residues are highlighted in the kinase structure in Fig. 3 A. Residues 112, 113, 115, and 127 form a
small subgroup anchoring the catalytic loop, and 24 (known
as the b-3 Lysine), 42, and 67 (the gatekeeper residue) form
a group on the opposite side of the DFG motif. This example
motif demonstrates how sets of positions identified to be
important structurally are also found by examining the Potts
sequence statistics, and both conservation and correlation
are important in the statistics of functional motifs.
The Potts model also gives us insights into the important
interactions among these residues. The high Potts interaction scores (see Methods) between pairs of these residues
suggest that position pairs 112–127 and 113–115 interact
strongly, and that the gatekeeper (67) and position 42 on
the a-C helix also have a moderate-to-strong interaction.
Position 112 is an important residue known to anchor the
N-terminal of the catalytic loop to the F-helix (11), whereas
position 127 is in the b-8 loop at the N-terminal of the activation loop. The strong Potts interaction score between 112
and 127 suggests a, to our knowledge, new interpretation
that the start of the activation loop is indirectly anchored
to the F-helix through the intermediary residue 112, thus stabilizing the activation loop. Positions 113 and 115 are
known to be involved in catalysis and substrate binding,
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FIGURE 3 (A) Seven positions (red) identified
as important for kinase function in previous literature based on structural analysis shown in crystal
structure (PDB: 2CPK), which we identify to be a
highly correlated motif. The C-lobe (white) and
N-lobe (light green) are shown with the A-loop in
blue, the DFG motif and b-7-8 loops in cyan, catalytic loop in yellow, and the a-C helix in orange.
The seven positions are shown in red with their
alignment index, (B) six positions in the activation
loop identified to form a correlated motif (red), and
other colors as in (A) (PDB: 2YAC, in the DFG-in
state). Residue numbers correspond to positions in
our alignment, and map to PDB residue indices as
listed in Tables S1 and S2. To see this figure in color, go online.

respectively (11). The predicted interaction between the
gatekeeper (67) and position 42, a residue in the a-C helix
and part of what is called the ‘‘hydrophobic spine,’’ supports
previous results suggesting that the gatekeeper can stabilize
this spine (58) and anchor the a-C helix, whose positioning
is important for catalysis. The Potts model recapitulates
previously identified interactions between important residues, but also suggests, to our knowledge, new interactions
among them.
Correlated motif within the activation loop

We next investigate functionality of the activation loop. It is
well known that the activation loop conformation consisting
of 23 residues is important in controlling kinase activation
and signaling (22,56). Phosphorylation of residues in the
activation loop causes kinase activation in vivo. The activation loop has different conformations in different functional
states (e.g., active, src-like inactive, and DFG-out inactive)
and the residues are intricately coupled (Fig. 3 B). In the
active state, this loop becomes more structured and stabilizes the catalytic residues in preparation for catalysis, and
forms more extensive contacts with other parts of the
protein. An important catalytically inactive state is known
as DFG-out, in which the activation loop becomes more
flexible and frequently cannot be resolved in DFG-out crystal structures, and forms more intraloop contacts and fewer
contacts with the rest of the protein. This conformation has
clinical significance because certain inhibitors stabilize the
DFG-out state, rendering the kinase inactive.
To investigate networks of interactions within the activation loop that are likely to contribute to kinase function, we
searched for sets of positions within the loop with the largest
differences in r20 between the Potts and independent
models. These correspond to motifs that are both more
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conserved and more correlated than observed on average
for subsequences of that length, leading us to a motif of
six positions, with statistics shown in Fig. 4 and structure
shown in Fig. 3 B. To understand the possible functional significance of these residues, we investigated whether they are
related to the DFG-in and DFG-out conformational transition, by comparing the interaction scores for pairs of these
residues to contact frequencies in the DFG-in and DFGout conformations measured from a set of 4129 PDB structures, shown in Fig. 5. We find that out of the 15 possible
pair interactions, six of these have high interaction scores

FIGURE 4 Observed and predicted marginals for a set of six positions in
the activation loop. Top: Potts model predictions. Bottom: Independent
model predictions. The slightly negative correlation coefficient means
that the independent model predicts a low frequency for some of the
most frequent subsequences observed in the data, an effect already noted
in the discussion of Fig. 2 B.
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FIGURE 5 Interaction map and Contact map focusing on the activation loop region. (A) Potts Interaction Score map. The activation loop spans positions
132–151, and is preceded by the DFG motif (which is shown as a hashed area). Position pairs are shaded by their interaction score (see Methods). The
six-residue motif identified as highly correlated is marked by red points, and three particular interactions are pointed out with colored arrows: the pair
132,145 (red) is an interaction in the DFG-in state only, and 132,141 (blue) and 139,142 (green) are interactions in the DFG-out state only. (B) Contact frequency map constructed from analysis of the PDB database. The upper triangle shows pair-contact frequency (6 Å closest heavy atom-atom cutoff) in DFG-in
conformations, and lower triangle in DFG-out conformation. (C) Network interaction structure of the six-residue motif, showing a link for pairs with high
interaction score, or a dotted line for intermediate to weak interaction score. To see this figure in color, go online.

above a cutoff that is used to distinguish contacts during
contact prediction. They are connected together, forming a
network illustrated in Fig. 5 C.
We further investigate the residue pair 132–145, as it has
a very strong Potts interaction score and forms a contact in
81% of DFG-in structures and only 8% of DFG-out structures, yet to our knowledge has not been previously identified as functionally important. Position 132 is the DFG þ 1
residue, and position 145 is a residue closer to the C-terminal end of the activation loop. An example crystal structure
in which this pair is in contact in the DFG-in state (PDB:
2YAC) is shown in Fig. 3 B. To better understand why
this interaction may be important, we examine kinase structure and sequence statistics for sequences observed in our
sequence data set and in the DFG-in or DFG-out state in
the PDB. Interactions between a leucine or phenylalanine
at position 132 and cysteine at position 145 are present in
20% of DFG-in structures, and none of the DFG-out structures. The ‘‘LC’’ residue combination also gives one of the
most positive Cijab correlations from among the 64 possibilities for this position pair in the kinase alignment, as well as
one of the most positive contributions to the interaction
score (see Fig. S6, D and E). The ‘‘FC’’ residue combination
behaves similarly. Crystal structures involving these interactions show that the LC and FC residue combinations often
form a hydrophobic interaction, and that the more polar
cysteine is more solvent exposed and shields the L or F
from solvent. Other residue combinations more prevalent
in the DFG-in sequences similarly involve hydrophobic
residues (see Fig. S6 B). In total, the 132–145 pair appears
to form interactions that stabilize the DFG-in state, based
on Potts model scores and crystal structure conformations.
This example illustrates first how functional motifs within
a protein might be identified, and second how the Potts
model can help suggest the biophysical basis for the func-

tional role of the motif. In future work, we will develop
more systematic methods of identifying functional groups
of residues. Previous studies have shown how covariationbased techniques can give information about protein architecture and groups of coevolving residues, which have
been termed ‘‘protein sectors’’ (59,60). Our present results
suggest that the Potts model may be used in a similar way,
in addition to accounting for the collective effects of many
pairwise interactions at once.
CONCLUSIONS
The protein kinase catalytic domain is one of the most abundant domains across all branches of life. Although kinases
share a common core function of phosphoryl-transfer, they
also have wide functional diversity, which is primarily
achieved through sequence variation. In this study, we use
a statistical inference technique to build a maximum entropy
coevolutionary Potts Hamiltonian model of sequence variation in the kinase protein family. Our results show that the
kinase sequence statistics (higher-order marginals) calculated with a Potts model containing only two-body interactions in the Hamiltonian, and inferred using the MCMC
algorithm as we have done, recapitulate the observed marginals for the kinase family up to the observable limit
imposed by the shot noise effects inherent in the data
because of the sample size. The higher-order marginals
(beyond bivariate marginals) are not fitted.
We have shown that the pairwise terms of the Potts model
are necessary, and also appear to be sufficient, to model the
kinase sequence landscape, particularly for the purpose of
modeling the higher-order marginals. The discrepancies
we observe between the kinase family subsequence probabilities predicted by the Potts model, with only pairwise
terms and the observed subsequence frequency counts in
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the MSA, can be accounted for by the finite size effect of the
MSA. Other groups have explored how shot noise can affect
the univariate and bivariate marginals, and individual
coupling parameters in toy models (46,61), and we have previously studied the effects of finite sampling for Potts
models fitted to HIV sequence data (40,62). Here, we
examine how shot noise affects the prediction of subsequence probabilities and the statistical energies of full
sequences, using real data from the kinase protein family.
Although the finite size of the kinase sequence database
and MSA constructed from the database places a limit on
the ability of the Potts model to recapitulate the statistics
of the higher-order marginals actually observed in the
sequence database, it has only a small effect on the statistical energies of the Potts model itself. To show this, we
carried out an in silico test. In this test, we used our Potts
model of the kinase family to construct an in silico MSA
data set, of size 8000 sequences. This in silico MSA has
only 31% sequence similarity to the original MSA that we
generated from the Uniprot database. We then parameterized a new Potts model from the set of in silico kinase sequences, and showed that the scoring of Uniprot
sequences with the new Potts model was highly correlated
with that of the original Potts model (see Fig. 2 A).
We propose that kinase family protein functional motifs
may be identified as sets of positions where the sequence
covariation is much more correlated than is typical for subsequences of that length, and which also exhibit larger than
average sequence conservation. Those two criteria can be
quantified by identifying sets of positions where the Potts
statistical energies are much more favorable than the
average Potts statistical energy of a marginal of that same
length, whereas the statistical energy of the independent
model is much less favorable than the average. We have
shown how a set of previously identified functional residues
have higher correlation and conservation than typical
random sets of positions, and we have also identified a
highly correlated and conserved set of positions in the activation loop, which is potentially important in controlling
activation loop function. We hope that Potts models used
in this and similar ways will help increase our understanding
about the deep connections between protein sequence
covariation on one hand, and protein structure and function
on the other.
SUPPORTING MATERIAL
Supporting Materials and Methods, eight figures, and two tables are available at http://www.biophysj.org/biophysj/supplemental/S0006-3495(17)
31449-9.
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19. Ekeberg, M., C. Lövkvist, ., E. Aurell. 2013. Improved contact prediction in proteins: using pseudolikelihoods to infer Potts models.
Phys. Rev. E Stat. Nonlin. Soft Matter Phys. 87:012707.

AUTHOR CONTRIBUTIONS

20. Marks, D. S., T. A. Hopf, and C. Sander. 2012. Protein structure prediction from sequence variation. Nat. Biotechnol. 30:1072–1080.

R.M.L and A.H. designed the research. A.H., W.F.F., and P.H. performed
the research. R.M.L. and A.H. wrote the manuscript.

21. Marks, D. S., L. J. Colwell, ., C. Sander. 2011. Protein 3D structure
computed from evolutionary sequence variation. PLoS One.
6:e28766.

30 Biophysical Journal 114, 21–31, January 9, 2018

227
Coevolutionary Landscapes of Kinases
22. Haldane, A., W. F. Flynn, ., R. M. Levy. 2016. Structural propensities
of kinase family proteins from a Potts model of residue co-variation.
Protein Sci. 25:1378–1384.
23. Cheng, R. R., M. Raghunathan, ., J. N. Onuchic. 2016. Constructing
sequence-dependent protein models using coevolutionary information.
Protein Sci. 25:111–122.
24. Morcos, F., N. P. Schafer, ., P. G. Wolynes. 2014. Coevolutionary information, protein folding landscapes, and the thermodynamics of natural selection. Proc. Natl. Acad. Sci. USA. 111:12408–12413.
25. Haq, O., M. Andrec, ., R. M. Levy. 2012. Correlated electrostatic mutations provide a reservoir of stability in HIV protease. PLoS Comput.
Biol. 8:e1002675.
26. Mann, J. K., J. P. Barton, ., T. Ndung’u. 2014. The fitness landscape
of HIV-1 gag: advanced modeling approaches and validation of model
predictions by in vitro testing. PLoS Comput. Biol. 10:e1003776.
27. Shekhar, K., C. F. Ruberman, ., A. K. Chakraborty. 2013. Spin
models inferred from patient data faithfully describe HIV fitness landscapes and enable rational vaccine design. Phys. Rev. E. 88:1539–3755.
28. Hopf, T. A., J. B. Ingraham, ., D. S. Marks. 2017. Mutation effects
predicted from sequence co-variation. Nat. Biotechnol. 35:128–135.
29. Figliuzzi, M., H. Jacquier, ., M. Weigt. 2016. Coevolutionary landscape inference and the context-dependence of mutations in beta-lactamase TEM-1. Mol. Biol. Evol. 33:268–280.
30. Dwyer, R. S., D. P. Ricci, ., N. S. Wingreen. 2013. Predicting functionally informative mutations in Escherichia coli BamA using evolutionary covariance analysis. Genetics. 195:443–455.
31. Cheng, R. R., F. Morcos, ., J. N. Onuchic. 2014. Toward rationally
redesigning bacterial two-component signaling systems using coevolutionary information. Proc. Natl. Acad. Sci. USA. 111:E563–E571.
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Wiley Material. Permission is also granted on the understanding that
nowhere in the text is a previously published source acknowledged for all
or part of this Wiley Material. Any third party content is expressly
excluded from this permission.
With respect to the Wiley Materials, all rights are reserved. Except as
expressly granted by the terms of the license, no part of the Wiley
Materials may be copied, modiﬁed, adapted (except for minor
reformatting required by the new Publication), translated, reproduced,
transferred or distributed, in any form or by any means, and no derivative
works may be made based on the Wiley Materials without the prior
permission of the respective copyright owner.For STM Signatory
Publishers clearing permission under the terms of the STM Permissions
Guidelines only, the terms of the license are extended to include
subsequent editions and for editions in other languages, provided such
editions are for the work as a whole in situ and does not involve the
separate exploitation of the permitted ﬁgures or extracts, You may not
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alter, remove or suppress in any manner any copyright, trademark or other
notices displayed by the Wiley Materials. You may not license, rent, sell,
loan, lease, pledge, oﬀer as security, transfer or assign the Wiley
Materials on a stand-alone basis, or any of the rights granted to you
hereunder to any other person.
The Wiley Materials and all of the intellectual property rights therein shall
at all times remain the exclusive property of John Wiley & Sons Inc, the
Wiley Companies, or their respective licensors, and your interest therein is
only that of having possession of and the right to reproduce the Wiley
Materials pursuant to Section 2 herein during the continuance of this
Agreement. You agree that you own no right, title or interest in or to the
Wiley Materials or any of the intellectual property rights therein. You shall
have no rights hereunder other than the license as provided for above in
Section 2. No right, license or interest to any trademark, trade name,
service mark or other branding ("Marks") of WILEY or its licensors is
granted hereunder, and you agree that you shall not assert any such right,
license or interest with respect thereto
NEITHER WILEY NOR ITS LICENSORS MAKES ANY WARRANTY OR
REPRESENTATION OF ANY KIND TO YOU OR ANY THIRD PARTY,
EXPRESS, IMPLIED OR STATUTORY, WITH RESPECT TO THE
MATERIALS OR THE ACCURACY OF ANY INFORMATION CONTAINED IN
THE MATERIALS, INCLUDING, WITHOUT LIMITATION, ANY IMPLIED
WARRANTY OF MERCHANTABILITY, ACCURACY, SATISFACTORY
QUALITY, FITNESS FOR A PARTICULAR PURPOSE, USABILITY,
INTEGRATION OR NON-INFRINGEMENT AND ALL SUCH WARRANTIES
ARE HEREBY EXCLUDED BY WILEY AND ITS LICENSORS AND WAIVED
BY YOU.
WILEY shall have the right to terminate this Agreement immediately upon
breach of this Agreement by you.
You shall indemnify, defend and hold harmless WILEY, its Licensors and
their respective directors, oﬃcers, agents and employees, from and
against any actual or threatened claims, demands, causes of action or
proceedings arising from any breach of this Agreement by you.
IN NO EVENT SHALL WILEY OR ITS LICENSORS BE LIABLE TO YOU OR
ANY OTHER PARTY OR ANY OTHER PERSON OR ENTITY FOR ANY
SPECIAL, CONSEQUENTIAL, INCIDENTAL, INDIRECT, EXEMPLARY OR
PUNITIVE DAMAGES, HOWEVER CAUSED, ARISING OUT OF OR IN
CONNECTION WITH THE DOWNLOADING, PROVISIONING, VIEWING OR
USE OF THE MATERIALS REGARDLESS OF THE FORM OF ACTION,
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WHETHER FOR BREACH OF CONTRACT, BREACH OF WARRANTY,
TORT, NEGLIGENCE, INFRINGEMENT OR OTHERWISE (INCLUDING,
WITHOUT LIMITATION, DAMAGES BASED ON LOSS OF PROFITS, DATA,
FILES, USE, BUSINESS OPPORTUNITY OR CLAIMS OF THIRD PARTIES),
AND WHETHER OR NOT THE PARTY HAS BEEN ADVISED OF THE
POSSIBILITY OF SUCH DAMAGES. THIS LIMITATION SHALL APPLY
NOTWITHSTANDING ANY FAILURE OF ESSENTIAL PURPOSE OF ANY
LIMITED REMEDY PROVIDED HEREIN.
Should any provision of this Agreement be held by a court of competent
jurisdiction to be illegal, invalid, or unenforceable, that provision shall be
deemed amended to achieve as nearly as possible the same economic
eﬀect as the original provision, and the legality, validity and enforceability
of the remaining provisions of this Agreement shall not be aﬀected or
impaired thereby.
The failure of either party to enforce any term or condition of this
Agreement shall not constitute a waiver of either party's right to enforce
each and every term and condition of this Agreement. No breach under
this agreement shall be deemed waived or excused by either party unless
such waiver or consent is in writing signed by the party granting such
waiver or consent. The waiver by or consent of a party to a breach of any
provision of this Agreement shall not operate or be construed as a waiver
of or consent to any other or subsequent breach by such other party.
This Agreement may not be assigned (including by operation of law or
otherwise) by you without WILEY's prior written consent.
Any fee required for this permission shall be non-refundable after thirty
(30) days from receipt by the CCC.
These terms and conditions together with CCC's Billing and Payment
terms and conditions (which are incorporated herein) form the entire
agreement between you and WILEY concerning this licensing transaction
and (in the absence of fraud) supersedes all prior agreements and
representations of the parties, oral or written. This Agreement may not be
amended except in writing signed by both parties. This Agreement shall
be binding upon and inure to the beneﬁt of the parties' successors, legal
representatives, and authorized assigns.
In the event of any conﬂict between your obligations established by these
terms and conditions and those established by CCC's Billing and Payment
terms and conditions, these terms and conditions shall prevail.
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WILEY expressly reserves all rights not speciﬁcally granted in the
combination of (i) the license details provided by you and accepted in the
course of this licensing transaction, (ii) these terms and conditions and
(iii) CCC's Billing and Payment terms and conditions.
This Agreement will be void if the Type of Use, Format, Circulation, or
Requestor Type was misrepresented during the licensing process.
This Agreement shall be governed by and construed in accordance with
the laws of the State of New York, USA, without regards to such state's
conﬂict of law rules. Any legal action, suit or proceeding arising out of or
relating to these Terms and Conditions or the breach thereof shall be
instituted in a court of competent jurisdiction in New York County in the
State of New York in the United States of America and each party hereby
consents and submits to the personal jurisdiction of such court, waives
any objection to venue in such court and consents to service of process
by registered or certiﬁed mail, return receipt requested, at the last known
address of such party.

WILEY OPEN ACCESS TERMS AND CONDITIONS
Wiley Publishes Open Access Articles in fully Open Access Journals and in
Subscription journals oﬀering Online Open. Although most of the fully Open
Access journals publish open access articles under the terms of the Creative
Commons Attribution (CC BY) License only, the subscription journals and a few
of the Open Access Journals oﬀer a choice of Creative Commons Licenses.
The license type is clearly identiﬁed on the article.
The Creative Commons Attribution License
The Creative Commons Attribution License (CC-BY) allows users to copy,
distribute and transmit an article, adapt the article and make commercial use
of the article. The CC-BY license permits commercial and nonCreative Commons Attribution Non-Commercial License
The Creative Commons Attribution Non-Commercial (CC-BY-NC)License
permits use, distribution and reproduction in any medium, provided the original
work is properly cited and is not used for commercial purposes.(see below)
Creative Commons Attribution-Non-Commercial-NoDerivs License
The Creative Commons Attribution Non-Commercial-NoDerivs License (CCBY-NC-ND) permits use, distribution and reproduction in any medium,
provided the original work is properly cited, is not used for commercial
purposes and no modiﬁcations or adaptations are made. (see below)
Use by commercial "for-proﬁt" organizations
Use of Wiley Open Access articles for commercial, promotional, or marketing
purposes requires further explicit permission from Wiley and will be subject to
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a fee.
Further details can be found on Wiley Online Library
http://olabout.wiley.com/WileyCDA/Section/id-410895.html
Other Terms and Conditions:
v1.10 Last updated September 2015

Questions? customercare@copyright.com or +18552393415 (toll free in the US) or
+19786462777.
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SPRINGER NATURE LICENSE
TERMS AND CONDITIONS
Nov 30, 2018

This Agreement between Temple university -- Peng He ("You") and Springer
Nature ("Springer Nature") consists of your license details and the terms and
conditions provided by Springer Nature and Copyright Clearance Center.
License Number

4479000564905

License date

Nov 30, 2018

Licensed Content Publisher

Springer Nature

Licensed Content Publication Journal of ComputerAided Molecular Design
Licensed Content Title

Large scale free energy calculations for blind predictions of protein–
ligand binding: the D3R Grand Challenge 2015

Licensed Content Author

Nanjie Deng, William F. Flynn, Junchao Xia et al

Licensed Content Date

Jan 1, 2016

Licensed Content Volume

30

Licensed Content Issue

9

Type of Use

Thesis/Dissertation

Requestor type

academic/university or research institute

Format

print and electronic

Portion

full article/chapter

Will you be translating?

no

Circulation/distribution

>50,000

Author of this Springer
Nature content

yes

Title

FREE ENERGY SIMULATIONS AND STRUCTURAL STUDIES OF
PROTEINLIGAND BINDING AND ALLOSTERY

Institution name

n/a

Expected presentation date

Dec 2018

Requestor Location

Temple University
1925 N. 12th Street
SERC 718D
PHILADELPHIA, PA 19122
United States
Attn: Peng he

Billing Type

Invoice

Billing Address

Temple university
1226 North Carlisle Street
2a
PHILADELPHIA, PA 19121
United States
Attn: Temple university

Total

0.00 USD
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Terms and Conditions

Springer Nature Terms and Conditions for RightsLink Permissions
Springer Nature Customer Service Centre GmbH (the Licensor) hereby grants
you a non-exclusive, world-wide licence to reproduce the material and for the
purpose and requirements speciﬁed in the attached copy of your order form,
and for no other use, subject to the conditions below:
1. The Licensor warrants that it has, to the best of its knowledge, the rights to license reuse
of this material. However, you should ensure that the material you are requesting is
original to the Licensor and does not carry the copyright of another entity (as credited in
the published version).
If the credit line on any part of the material you have requested indicates that it was
reprinted or adapted with permission from another source, then you should also seek
permission from that source to reuse the material.
2. Where print only permission has been granted for a fee, separate permission must be
obtained for any additional electronic reuse.
3. Permission granted free of charge for material in print is also usually granted for any
electronic version of that work, provided that the material is incidental to your work as a
whole and that the electronic version is essentially equivalent to, or substitutes for, the
print version.
4. A licence for 'post on a website' is valid for 12 months from the licence date. This licence
does not cover use of full text articles on websites.
5. Where 'reuse in a dissertation/thesis' has been selected the following terms apply:
Print rights of the final author's accepted manuscript (for clarity, NOT the published
version) for up to 100 copies, electronic rights for use only on a personal website or
institutional repository as defined by the Sherpa guideline (www.sherpa.ac.uk/romeo/).
6. Permission granted for books and journals is granted for the lifetime of the first edition and
does not apply to second and subsequent editions (except where the first edition
permission was granted free of charge or for signatories to the STM Permissions Guidelines
http://www.stmassoc.org/copyrightlegalaffairs/permissions/permissionsguidelines/),
and does not apply for editions in other languages unless additional translation rights have
been granted separately in the licence.
7. Rights for additional components such as custom editions and derivatives require additional
permission and may be subject to an additional fee. Please apply to
Journalpermissions@springernature.com/bookpermissions@springernature.com for these
rights.
8. The Licensor's permission must be acknowledged next to the licensed material in print. In
electronic form, this acknowledgement must be visible at the same time as the
figures/tables/illustrations or abstract, and must be hyperlinked to the journal/book's
homepage. Our required acknowledgement format is in the Appendix below.
9. Use of the material for incidental promotional use, minor editing privileges (this does not
include cropping, adapting, omitting material or any other changes that affect the meaning,
intention or moral rights of the author) and copies for the disabled are permitted under this
licence.
10. Minor adaptations of single figures (changes of format, colour and style) do not require the
Licensor's approval. However, the adaptation should be credited as shown in Appendix
below.
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For Journal Content:
Reprinted by permission from [the Licensor]: [Journal Publisher (e.g.
Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE CITATION
(Article name, Author(s) Name), [COPYRIGHT] (year of publication)
For Advance Online Publication papers:
Reprinted by permission from [the Licensor]: [Journal Publisher (e.g.
Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE CITATION
(Article name, Author(s) Name), [COPYRIGHT] (year of publication),
advance online publication, day month year (doi: 10.1038/sj.[JOURNAL
ACRONYM].)
For Adaptations/Translations:
Adapted/Translated by permission from [the Licensor]: [Journal Publisher
(e.g. Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE
CITATION (Article name, Author(s) Name), [COPYRIGHT] (year of
publication)
Note: For any republication from the British Journal of Cancer, the
following credit line style applies:
Reprinted/adapted/translated by permission from [the Licensor]: on
behalf of Cancer Research UK: : [Journal Publisher (e.g.
Nature/Springer/Palgrave)] [JOURNAL NAME] [REFERENCE CITATION
(Article name, Author(s) Name), [COPYRIGHT] (year of publication)
For Advance Online Publication papers:
Reprinted by permission from The [the Licensor]: on behalf of Cancer
Research UK: [Journal Publisher (e.g. Nature/Springer/Palgrave)]
[JOURNAL NAME] [REFERENCE CITATION (Article name, Author(s)
Name), [COPYRIGHT] (year of publication), advance online publication,
day month year (doi: 10.1038/sj.[JOURNAL ACRONYM])
For Book content:
Reprinted/adapted by permission from [the Licensor]: [Book Publisher
(e.g. Palgrave Macmillan, Springer etc) [Book Title] by [Book author(s)]
[COPYRIGHT] (year of publication)
Other Conditions:
Version 1.1
Questions? customercare@copyright.com or +18552393415 (toll free in the US) or
+19786462777.
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Title:

Author:

Simulating Replica Exchange:
Markov State Models, Proposal
Schemes, and the Infinite
Swapping Limit
Bin W. Zhang, Wei Dai, Emilio
Gallicchio, et al

Logged in as:
Peng He
Temple university
Account #:
3001332051

Publication: The Journal of Physical
Chemistry B
Publisher:

American Chemical Society

Date:

Aug 1, 2016

Copyright © 2016, American Chemical Society

PERMISSION/LICENSE IS GRANTED FOR YOUR ORDER AT NO CHARGE
This type of permission/license, instead of the standard Terms & Conditions, is sent to you because
no fee is being charged for your order. Please note the following:

Permission is granted for your request in both print and electronic formats,
and translations.
If ﬁgures and/or tables were requested, they may be adapted or used in part.
Please print this page for your records and send a copy of it to your
publisher/graduate school.
Appropriate credit for the requested material should be given as follows:
"Reprinted (adapted) with permission from (COMPLETE REFERENCE
CITATION). Copyright (YEAR) American Chemical Society." Insert appropriate
information in place of the capitalized words.
One-time permission is granted only for the use speciﬁed in your request. No
additional uses are granted (such as derivative works or other editions). For
any other uses, please submit a new request.
Copyright © 2018 Copyright Clearance Center, Inc. All Rights Reserved. Privacy statement. Terms and
Conditions.
Comments? We would like to hear from you. Email us at customercare@copyright.com
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JOHN WILEY AND SONS LICENSE
TERMS AND CONDITIONS
Nov 30, 2018

This Agreement between Temple university -- Peng He ("You") and John Wiley and Sons
("John Wiley and Sons") consists of your license details and the terms and conditions
provided by John Wiley and Sons and Copyright Clearance Center.
License Number

4478990694090

License date

Nov 30, 2018

Licensed Content Publisher

John Wiley and Sons

Licensed Content Publication Protein Science
Licensed Content Title

Structural propensities of kinase family proteins from a Potts model
of residue co‐variation

Licensed Content Author

Allan Haldane, William F. Flynn, Peng He, et al

Licensed Content Date

Jun 26, 2016

Licensed Content Volume

25

Licensed Content Issue

8

Licensed Content Pages

7

Type of use

Dissertation/Thesis

Requestor type

Author of this Wiley article

Format

Print and electronic

Portion

Full article

Will you be translating?

No

Title of your thesis /
dissertation

FREE ENERGY SIMULATIONS AND STRUCTURAL STUDIES OF
PROTEIN-LIGAND BINDING AND ALLOSTERY

Expected completion date

Dec 2018

Expected size (number of
pages)

300

Requestor Location

Temple university
1226 North Carlisle Street
2a
PHILADELPHIA, PA 19121
United States
Attn: Temple university

Publisher Tax ID

EU826007151

Total

0.00 USD

Terms and Conditions

TERMS AND CONDITIONS
This copyrighted material is owned by or exclusively licensed to John Wiley & Sons, Inc. or
one of its group companies (each a"Wiley Company") or handled on behalf of a society with
which a Wiley Company has exclusive publishing rights in relation to a particular work
(collectively "WILEY"). By clicking "accept" in connection with completing this licensing
transaction, you agree that the following terms and conditions apply to this transaction
(along with the billing and payment terms and conditions established by the Copyright
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Clearance Center Inc., ("CCC's Billing and Payment terms and conditions"), at the time that
you opened your RightsLink account (these are available at any time at
http://myaccount.copyright.com).
Terms and Conditions
The materials you have requested permission to reproduce or reuse (the "Wiley
Materials") are protected by copyright.
You are hereby granted a personal, non-exclusive, non-sub licensable (on a standalone basis), non-transferable, worldwide, limited license to reproduce the Wiley
Materials for the purpose specified in the licensing process. This license, and any
CONTENT (PDF or image file) purchased as part of your order, is for a one-time
use only and limited to any maximum distribution number specified in the license.
The first instance of republication or reuse granted by this license must be completed
within two years of the date of the grant of this license (although copies prepared
before the end date may be distributed thereafter). The Wiley Materials shall not be
used in any other manner or for any other purpose, beyond what is granted in the
license. Permission is granted subject to an appropriate acknowledgement given to the
author, title of the material/book/journal and the publisher. You shall also duplicate the
copyright notice that appears in the Wiley publication in your use of the Wiley
Material. Permission is also granted on the understanding that nowhere in the text is a
previously published source acknowledged for all or part of this Wiley Material. Any
third party content is expressly excluded from this permission.
With respect to the Wiley Materials, all rights are reserved. Except as expressly
granted by the terms of the license, no part of the Wiley Materials may be copied,
modified, adapted (except for minor reformatting required by the new Publication),
translated, reproduced, transferred or distributed, in any form or by any means, and no
derivative works may be made based on the Wiley Materials without the prior
permission of the respective copyright owner.For STM Signatory Publishers
clearing permission under the terms of the STM Permissions Guidelines only, the
terms of the license are extended to include subsequent editions and for editions
in other languages, provided such editions are for the work as a whole in situ and
does not involve the separate exploitation of the permitted figures or extracts,
You may not alter, remove or suppress in any manner any copyright, trademark or
other notices displayed by the Wiley Materials. You may not license, rent, sell, loan,
lease, pledge, offer as security, transfer or assign the Wiley Materials on a stand-alone
basis, or any of the rights granted to you hereunder to any other person.
The Wiley Materials and all of the intellectual property rights therein shall at all times
remain the exclusive property of John Wiley & Sons Inc, the Wiley Companies, or
their respective licensors, and your interest therein is only that of having possession of
and the right to reproduce the Wiley Materials pursuant to Section 2 herein during the
continuance of this Agreement. You agree that you own no right, title or interest in or
to the Wiley Materials or any of the intellectual property rights therein. You shall have
no rights hereunder other than the license as provided for above in Section 2. No right,
license or interest to any trademark, trade name, service mark or other branding
("Marks") of WILEY or its licensors is granted hereunder, and you agree that you
shall not assert any such right, license or interest with respect thereto
NEITHER WILEY NOR ITS LICENSORS MAKES ANY WARRANTY OR
REPRESENTATION OF ANY KIND TO YOU OR ANY THIRD PARTY,
EXPRESS, IMPLIED OR STATUTORY, WITH RESPECT TO THE MATERIALS
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OR THE ACCURACY OF ANY INFORMATION CONTAINED IN THE
MATERIALS, INCLUDING, WITHOUT LIMITATION, ANY IMPLIED
WARRANTY OF MERCHANTABILITY, ACCURACY, SATISFACTORY
QUALITY, FITNESS FOR A PARTICULAR PURPOSE, USABILITY,
INTEGRATION OR NON-INFRINGEMENT AND ALL SUCH WARRANTIES
ARE HEREBY EXCLUDED BY WILEY AND ITS LICENSORS AND WAIVED
BY YOU.
WILEY shall have the right to terminate this Agreement immediately upon breach of
this Agreement by you.
You shall indemnify, defend and hold harmless WILEY, its Licensors and their
respective directors, officers, agents and employees, from and against any actual or
threatened claims, demands, causes of action or proceedings arising from any breach
of this Agreement by you.
IN NO EVENT SHALL WILEY OR ITS LICENSORS BE LIABLE TO YOU OR
ANY OTHER PARTY OR ANY OTHER PERSON OR ENTITY FOR ANY
SPECIAL, CONSEQUENTIAL, INCIDENTAL, INDIRECT, EXEMPLARY OR
PUNITIVE DAMAGES, HOWEVER CAUSED, ARISING OUT OF OR IN
CONNECTION WITH THE DOWNLOADING, PROVISIONING, VIEWING OR
USE OF THE MATERIALS REGARDLESS OF THE FORM OF ACTION,
WHETHER FOR BREACH OF CONTRACT, BREACH OF WARRANTY, TORT,
NEGLIGENCE, INFRINGEMENT OR OTHERWISE (INCLUDING, WITHOUT
LIMITATION, DAMAGES BASED ON LOSS OF PROFITS, DATA, FILES, USE,
BUSINESS OPPORTUNITY OR CLAIMS OF THIRD PARTIES), AND WHETHER
OR NOT THE PARTY HAS BEEN ADVISED OF THE POSSIBILITY OF SUCH
DAMAGES. THIS LIMITATION SHALL APPLY NOTWITHSTANDING ANY
FAILURE OF ESSENTIAL PURPOSE OF ANY LIMITED REMEDY PROVIDED
HEREIN.
Should any provision of this Agreement be held by a court of competent jurisdiction
to be illegal, invalid, or unenforceable, that provision shall be deemed amended to
achieve as nearly as possible the same economic effect as the original provision, and
the legality, validity and enforceability of the remaining provisions of this Agreement
shall not be affected or impaired thereby.
The failure of either party to enforce any term or condition of this Agreement shall not
constitute a waiver of either party's right to enforce each and every term and condition
of this Agreement. No breach under this agreement shall be deemed waived or
excused by either party unless such waiver or consent is in writing signed by the party
granting such waiver or consent. The waiver by or consent of a party to a breach of
any provision of this Agreement shall not operate or be construed as a waiver of or
consent to any other or subsequent breach by such other party.
This Agreement may not be assigned (including by operation of law or otherwise) by
you without WILEY's prior written consent.
Any fee required for this permission shall be non-refundable after thirty (30) days
from receipt by the CCC.
These terms and conditions together with CCC's Billing and Payment terms and
conditions (which are incorporated herein) form the entire agreement between you and
WILEY concerning this licensing transaction and (in the absence of fraud) supersedes
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all prior agreements and representations of the parties, oral or written. This Agreement
may not be amended except in writing signed by both parties. This Agreement shall be
binding upon and inure to the benefit of the parties' successors, legal representatives,
and authorized assigns.
In the event of any conflict between your obligations established by these terms and
conditions and those established by CCC's Billing and Payment terms and conditions,
these terms and conditions shall prevail.
WILEY expressly reserves all rights not specifically granted in the combination of (i)
the license details provided by you and accepted in the course of this licensing
transaction, (ii) these terms and conditions and (iii) CCC's Billing and Payment terms
and conditions.
This Agreement will be void if the Type of Use, Format, Circulation, or Requestor
Type was misrepresented during the licensing process.
This Agreement shall be governed by and construed in accordance with the laws of
the State of New York, USA, without regards to such state's conflict of law rules. Any
legal action, suit or proceeding arising out of or relating to these Terms and Conditions
or the breach thereof shall be instituted in a court of competent jurisdiction in New
York County in the State of New York in the United States of America and each party
hereby consents and submits to the personal jurisdiction of such court, waives any
objection to venue in such court and consents to service of process by registered or
certified mail, return receipt requested, at the last known address of such party.
WILEY OPEN ACCESS TERMS AND CONDITIONS
Wiley Publishes Open Access Articles in fully Open Access Journals and in Subscription
journals offering Online Open. Although most of the fully Open Access journals publish
open access articles under the terms of the Creative Commons Attribution (CC BY) License
only, the subscription journals and a few of the Open Access Journals offer a choice of
Creative Commons Licenses. The license type is clearly identified on the article.
The Creative Commons Attribution License
The Creative Commons Attribution License (CC-BY) allows users to copy, distribute and
transmit an article, adapt the article and make commercial use of the article. The CC-BY
license permits commercial and nonCreative Commons Attribution Non-Commercial License
The Creative Commons Attribution Non-Commercial (CC-BY-NC)License permits use,
distribution and reproduction in any medium, provided the original work is properly cited
and is not used for commercial purposes.(see below)
Creative Commons Attribution-Non-Commercial-NoDerivs License
The Creative Commons Attribution Non-Commercial-NoDerivs License (CC-BY-NC-ND)
permits use, distribution and reproduction in any medium, provided the original work is
properly cited, is not used for commercial purposes and no modifications or adaptations are
made. (see below)
Use by commercial "for-profit" organizations
Use of Wiley Open Access articles for commercial, promotional, or marketing purposes
requires further explicit permission from Wiley and will be subject to a fee.
Further details can be found on Wiley Online Library
http://olabout.wiley.com/WileyCDA/Section/id-410895.html
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Other Terms and Conditions:

v1.10 Last updated September 2015
Questions? customercare@copyright.com or +1-855-239-3415 (toll free in the US) or
+1-978-646-2777.
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Logged in as:
Peng He
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3001332051

Publication: Biophysical Journal
Publisher:

Elsevier

Date:

9 January 2018

© 2017 Biophysical Society.

Please note that, as the author of this Elsevier article, you retain the right to include it in a thesis or
dissertation, provided it is not published commercially. Permission is not required, but please ensure
that you reference the journal as the original source. For more information on this and on your other
retained rights, please visit: https://www.elsevier.com/about/our
business/policies/copyright#Authorrights

Copyright © 2018 Copyright Clearance Center, Inc. All Rights Reserved. Privacy statement. Terms and
Conditions.
Comments? We would like to hear from you. Email us at customercare@copyright.com

https://s100.copyright.com/AppDispatchServlet

1/1

257

REFERENCES
[1] Robert Abel and Sathesh Bhat. Chapter seven - free energy calculation guided virtual screening of synthetically feasible ligand r-group and
scaffold modifications: An emerging paradigm for lead optimization. In
Robert A. Goodnow, editor, Platform Technologies in Drug Discovery and
Validation, volume 50 of Annual Reports in Medicinal Chemistry, pages
237 – 262. Academic Press, 2017.
[2] Mark James Abraham, Teemu Murtola, Roland Schulz, Szilárd Páll,
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