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m Abstract Although computational techniques are increasingly being used in
computer-aided drug design, the effects due to protein flexibility are still ignored in
many applications. This review revisits rigorous statistical mechanical methods for
predicting binding affinity, discusses some recent developments for improving their
speed and reliability, and examines faster approximate models for facilitating virtual
screening and lead optimization.

INTRODUCTION

The rapid advance of computer technology and the development of new modeling
software have made computer-aided drug design an increasingly useful tool. This
review focuses on addressing the role of protein flexibility in drug discovery, as
this remains one of the most challenging problems in computer-assisted drug de-
velopment and many modeling efforts still assume proteins to be rigid. The first
molecular dynamics simulation of a protein, bovine pancreatic trypsin inhibitor (1),
revealed in atomic details large structural fluctuations that were previously unex-
pected. The possible significance of these effects on determining protein functions
and molecular recognition was quickly recognized and has triggered the devel-
opment of methods for including receptor flexibility in modeling protein-ligand
interactions. For example, rigorous simulation methods for calculating binding
free energy were introduced in the early 1980s (2—8). Although these simulations
were limited to several tens of picoseconds in the early stages, they moved a step
beyond the fixed-conformation picture that dominated many scientists’ thinking at
the time. Despite this advance, an issue rapidly came up concerning the length of
simulations required to generate representative ensembles for reliable predictions.
Although the simulation length required to gain good statistics depends on the
specific problem at hand, many applications of practical interest demand a large
amount of computer time, preventing these modeling techniques from being used
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routinely in day-to-day drug discovery. However, progress has been made in devel-
oping new algorithms to accelerate these calculations, in employing implicit rather
than explicit solvent models to facilitate solute conformational samplings, and in
introducing approximate methods to screen many derivatives of a drug lead more
efficiently. Here, we briefly review some earlier work and then discuss various
encouraging recent developments.

FREE ENERGY CALCULATIONS

In 1984 (2), the thermodynamic cycle-perturbation method was introduced to help
compare the binding affinity of a group of similar inhibitors. This method is based
on constructing a thermodynamic cycle relating two binding processes:

P+L —» P.L AGpL
AGL1; AGprL-s>p1
P+L —» P:L' AGpp

Because free energy is a state function,
AAG = AGp — AGp, 1.

which compares the binding affinity of two ligands, L andto a protein P, can
also be obtained from

AAG = AGPL—)PL’ — AGL_>|_/. 2.

This trick converts the difficult problem of calculatidgGp- and AGp| into eval-

uating AG, ., and AGp| ,pp’. AGpr and AGp are usually more difficult to
calculate directly because they involve simulating the displacement of a large num-
ber of water molecules before the binding between P atid tan occurAGpy

and AGp, are often much easier to calculate, especially when the two ligands
are similar, because they involve relatively small changes in chemical functional
groups. One can use special simulation methods, such as Zwanzig's perturbation
theory (9), to calculate the free energy difference§, _,,» and AGp_,p.. FOr

the Helmholtz free energy, Zwanzig’'s perturbation theory reads

AA = —RTIn (exp AH/RT)),, 3.

whereRT s the gas constant times the absolute temperature = Hp — H; in
which H, andH, are the classical Hamiltonians of the perturbed and reference
systems respectively, aid .); represents an ensemble average over the reference
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state. (The quantitieAG and AA are virtually the same in many cases.) This
formula is exact, although it is hard to obtain a reliable estimata Afwhen

the difference between the reference and perturbed system is large. One way to
alleviate this problem is to change the reference system into the perturbed one in
N steps, rather than in one single step, and use the perturbation formula N times
to estimateA A from

N
AA = —RT ) In(exp (AH /RT));. 4.
i=1
wherei = 1 refers to the reference staites N + 1 corresponds to the final state,
andAH; = Hj.; — Hi. These calculations can be very expensive to do when large
modifications are made because many windows are required. Consequently, these
calculations are usually only practical to use at the late-stage refinement of an
already good lead. However, methods to further speed up free energy calculations
are constantly being introduced and some recent developments are discussed here

Locally Enhanced Sampling

Protein side chains or ligand functional groups can adopt multiple conformations,
and the barriers separating these conformations may be rather high such that the
transitions among them are difficult. Thus, it may require a long simulation to
reliably estimate a free energy change if more than one conformation contributes
significantly to binding. To improve the sampling of these conformations in free
energy calculations, Verkhivker et al. (10) utilized the locally enhanced sampling
(LES) method (11). The essence of this method is to replace a side chain or a
functional group by N copies that do not interact with each other, and each copy
only interacts with itself and its surrounding withN™ of the original strength.

The use of multiple copies and the reduction of the interaction potentials can
significantly enhance the sampling of the conformations of the side chain or the
functional group. This requires two additional perturbation calculations: one in
changing from the single-copy representation of the reference state to the multiple-
copy representation and the other in going from the multiple-copy representation
of the perturbed state into the single-copy representation. But Verkhivker et al.
(10) demonstrated that the benefits of adopting a multiple-copy representation
outweighed the additional costs of introducing two more perturbation calculations.
More recently, Simmerling et al. (12) applied this method to studyothe S
anomerization of glucose and found that the free energy calculations converged
an order of magnitude faster than with the single-copy method.

A Dynamics Method

Thex dynamics method (13, 14) is another technique introduced to speed up free
energy calculations. In this method, multiple ligands are placed in the binding

site of their receptor at once with the interaction potential of each ligand reduced
from its full strength. The fraction,?, of the interaction potential of each ligand
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is determined dynamically during a simulation, withtreated as a particle with

a fictitious mass. Because the interaction potential of each ligand is reduced, the
barriers for conformational transitions are lower. The reduced barriers can enable
a ligand to explore different orientations and conformations more easily. Also,
the ranking of the ligands can emerge quickly during the simulatioh?asan
increase rapidly for the winners at the expense of the losers. The identification of
the strong binders can therefore be much quicker than by doing many free energy
perturbation calculations including only one ligand at a time. This method was
able to quickly distinguish strong benzamidine inhibitors of trypsin from weaker
ones (15).

Systematic Sensitivity Analysis

One does not always need to aim for highly accurate binding constants to be
productive in drug design. It is already useful to generate rules or constraints
from computational studies to guide the design of chemical libraries for high-
throughput screening and to direct the optimization of a drug lead. To this end,
one does not necessarily make physical modifications, but nonphysical ones that
probe the relative significance of different features of functional groups in affecting
binding. For example, by sequentially turning off the atomic partial charge or dipole
moment of every relevant functional group in a lead compound, one can determine
which charges or dipole moments are important to keep in optimizing a drug lead
and which charges or dipole moments should be turned off to improve binding
affinity. For this more modest goal, one can use mathematical tricks to carry out
many free energy difference calculations simultaneously.

One way to do this is to adopt an approach that has been used by engineers for a
long time (16, 17) and has recently been applied to study molecular and biomolec-
ular systems (18-28). In order to identify the key model parameters determining
system properties, engineers calculate the derivat@{és, of a propertyQ, of
the system with respect to the model paramefgss o measure the sensitivity of
the observable to parameter changes. (The dimensionless logarithmic derivatives
Lp2 = 12 &sare also often calculated to facilitate comparison among differ-
ent types of parameters.) Parameters that do not affect system properties yield
negllglble =S, On the other hand, important parameters would yield Ig%be
Analytical expressmns can be worked out for calculating these derivatives based
on the dynamical behavior of a single reference system. Because the calculation
of the derivatives of a number of observables with respect to all the parameters of
a model only adds a small fraction to the costs of doing dynamical simulations on
the reference system, it is not difficult to systematically compare the role of all
the parameters in a model so that no important parameters are overlooked. This
idea can be generalized to include higher-order derivatives so that a Taylor’s series
expansion,

90
AO =Y —Z AN+ > ANAL] + ..., 5.
Z ' Z i a)\, A4
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can be used to predict the influence of larger parameter changes on system prop-
erties. The Taylor’s series expansion also permits the effects of many different
combinations of parameter changes to be examined. However, it is more difficult
to calculate higher-order derivatives, and the convergence of the Taylor’s series can
be slow, if it converges at all, when parameter modifications are large. Different
strategies have been introduced to deal with somewhat larger perturbations.

One-Step Application of Zwanzig’s Perturbation Theory

The single-window Zwanzig perturbation theory (9) described above can provide
quick estimates of free energy changes when parameter perturbations are suffi-
ciently small. In fact, this strategy was used in earlier free energy calculations
when computers were much less powerful. For example, an early free energy
perturbation study focuses on examining the effects of making conservative mod-
ifications on free energy changes (3). In one case, benzamidine was modified
into parafluorobenzamidine and the effects on trypsin binding were examined. In
this calculation, only simulations on the reference systems, benzamidine and the
trypsin-benzamidine complex, were performed, and the single-window Zwanzig
perturbation formula was used to calcul&6, _,,- andAGp,_,p.’ directly.

By focusing on small perturbations, a single-window Zwanzig formula (9) can
be used to provide initial estimates of the effects of making many physical or non-
physical changes on binding affinity, without carrying out expensive molecular
dynamics simulations for all the perturbed systems. Only simulations of the refer-
ence system are needed. This technique, or its close cousin in which the Helmholtz
free energy change is obtained by expandi#yin terms of AH and keeping up
to second-order term,

1
AA = (AH), + ﬁ«AH—(AH)r)Z)r, 6.
has been used to examine the effects of adding or removing protons (29, 30) or of
changing molecular charge distribution on free energy changes (31). In drug design
applications, focusing on a small chemical subspace for which a single-window
perturbation formula can be used to study many modifications should already be
useful for finding better derivatives of a drug lead. One can then use a few of
the promising derivatives for further single-window perturbation calculations to
enlarge the chemical subspace for identifying other drug candidates. Although this
full-blown molecular dynamics—based method has not yet been applied extensively
to drug-design applications, an implicit solvent model has already been used in
pilot studies on protein kinases to develop pharmacophore models for mining new
drug leads from small-molecule libraries, to generate constraints for designing
focused chemical libraries for specific targets, and to produce guiding principles
for optimizing a drug lead (32, 33).

The range of application of this idea can be extended by using soft-core po-
tentials in reference simulations (34). A single perturbation formula does not
work well when larger atoms or atomic groups are added or deleted because the
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reference simulation does not adequately sample the configuration states relevant
to the modified systems. If a large atom or atomic group is going to be deleted,
the reference simulation may not have sampled well the space, allowing the sur-
rounding solute or solvent atoms to get closer. If a large atom or atomic group is
going to be created, the reference simulations may have many configurations that
create unfavorable steric clashes at the modified sites. To alleviate this problem,
Liu et al. (34) utilized soft-core potentials. For example, a modified Lennard-Jones
potential of the form

o o
V(ri,—) = 48ij — 7.

6 62 6 6
(C(O'” + I’IJ) ao.lj + rIj

can be used at selected sites in a reference simulation so as to create more space
where atoms are going to be added and to allow atoms to get closer to sites
where atoms are going to be deleted. In the above equatjoands;; are the
Lennard-Jones parameters between ai@ndj, r;; is the distance between the two
atoms, andx is a softening parameter that prevents the potential from diverging
asri; — 0. This approach was able to predict well the free energy differences
among a number of para-substituted phenols in water solvent (34). There is a limit
to which this approach works well. Mordasini & McCammon (35) later examined
the range of applicability of this single-reference approximation by introducing
increasingly larger modifications. They found that this model could still yield
reasonable qualitative scoring when functional groups involving up to three atoms
were deleted.

Combining Explicit and Implicit Solvent Models

Recently, explicit and implicit solvent models have been combined to facilitate
free energy calculations (36—40). This approach uses explicit solvent molecular
dynamics simulations to relax crystal structures to solution ones, and then uses the
simulated solution structures in implicit-solvent calculations to obtain free energy.
Using implicit-solvent models eliminates the extensive simulation time required
for sampling solvent configurations. This approach assumes that the free energy of
a system can be obtained by averaging the potential of mean force, obtained from
an implicit solvent model, of dynamics snapshots generated from explicit-solvent
models. Entropy contributions of the solute can be estimated from the harmonic
or quasiharmonic model. These approximations appear to work well. Vorobjev
et al. (36) used one such approach successfully in distinguishing correctly folded
protein conformations from misfolded ones. In their study, Vorobjev et al. (36) ran

a quick molecular dynamics simulation of a protein for approximately 50-100 ps
and used an implicit-solvent model to calculate the free energy of the correctly and
incorrectly folded protein. The free energy was found to be lower for the correctly
folded protein. The implicit solvent model included contributions from the gas-
phase energy of the solute, the energy of cavity formation, the solute-solvent
interaction energy, and the solvent electrostatic polarization energy. The energy of
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cavity formation was assumed to be proportional to the solvent accessible surface
area of the solute. The solvent electrostatic polarization energy was obtained by
solving the Poisson-Boltzmann equation and the other terms were obtained from
a molecular mechanics force field.

A similar MM/PBSA (molecular mechanics/Poisson-Boltzmann-surface area)
approach was used to study protein-ligand interactions. For example, Kuhn &
Kollman (38) obtained encouraging results by applying this method to predict
the binding affinity of seven ligands to avidin and streptavidin. They obtained a
correlation coefficient of 0.92 between the calculated and the experimental binding
affinities. The root-mean-square difference between calculated and experimental
results, which covered a range of approximately 16 kcal/mol, was on the order of
1.7 kcal/mol. Inthese calculations, the length of the molecular dynamics simulation
used for the averaging was 300 ps. No simulations on the separated protein and
ligands were done. Instead, the protein and ligands were assumed to adopt the same
conformation as that in the molecular dynamics simulations of the complexes.
They also used the harmonic approximation to calculate the entropy change upon
binding using six quenched dynamics snapshots. This approximation introduced a
relatively large uncertainty in calculating entropy changes; the discrepancy among
results from the six snapshots could amount to 5 kcal/mol in the worst case that
they studied. So the solute entropy contributions remain a challenge to calculate.

To further speed up this approach, one can replace the expensive explicit-solvent
simulations with implicit ones. Statistical mechanical theory gives the Helmholtz
free energyA, apart from the scaling constant of the classical partition function
that cancels out in binding energy calculations, as

A=—RTIn // exp AH(u, v))du dy, 8.

where R is the gas constanfl is the absolute temperaturg, = Y7, and
H (u, v) is the classical Hamiltonian expressed in terms of the solute coordinates
u and the solvent coordinatgsintegrating over the solvent coordinates gives

A = —RTlIn fexp =BW(u))du, 9.

whereW(u) is the potential of mean force of the solute with conformation defined
by u and the kinetic energy term for the solute is ignored because it cancels out
in binding energy calculationd)\(u) can be estimated by a continuum solvent
model as in the previous examples. If one can calculate the atomic forces resulting
from W(u), one can carry out a molecular dynamics simulation to generate an
ensemble of structures for calculating the Helmholtz free energy according to
Equation 9, although it is known to be difficult to obtain a free energy from this
equation directly. If one adopts similar approximations as in previous MD/PBSA
calculations, one can calculate the internal en&gy a system via

E = (W(u)), 10.
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where (...) represents an ensemble average over snapshots obtained from an
implicit solvent simulation and the Helmholtz free energy can be obtained from

A=E-TS 11.

Again, one can use the harmonic or quasiharmonic approximation to estimate
the entropy term, although a more realistic implicit solvent model can be used
here. Most of the previous MM/PBSA calculations employed more approximate

distance-dependent dielectric models.

Several methods have already been introduced to use the relatively sophisti-
cated Poisson-Boltzmann model to calculate electrostatic forces during molecular
dynamics simulations (41, 42). A method for calculating forces resulting from
solvent accessible surface area—dependent hydrophobic term have also been devel-
oped (43). However, it is still expensive to evaluate Poisson-Boltzmann forces on
the fly during molecular dynamics simulations. An alternative is to use the signifi-
cantly cheaper generalized Born model. Dominy & Brooks (44) have parametrized
the generalized Born model by Qui et al. (45) for the CHARMM force field (45a)
and found that the model performed quite well in reproducing molecular solva-
tion energy and conformational free energy. And using this model in molecular
dynamics simulations of a 56-residue protein yielded results agreeing well with
corresponding explicit-solvent simulations. These results are encouraging as they
demonstrate that this type of model can make it much easier to include protein
flexibility, via molecular simulations, in modeling protein-drug interactions. This
model has also been incorporated into the UHBD program (46, 47) to use together
with constrained Brownian dynamics simulations (48). The constrained Brownian
dynamics simulation algorithm can use a larger time step than molecular dynamics
simulation algorithms to speed up the conformational sampling of small molecules.
This is useful for improving the calculation of the free energy of floppy ligands in
solution. As mentioned before, many earlier MM/PBSA simulations assumed the
ligand conformational distribution in solution to be the same as that in a protein-
ligand complex. This approximation may not serve well for floppy ligands and
for ligands that adopt very different conformations in the bound and unbound
states.

Chemical-Scanning Computational Experiments

The explicit/implicit solvent approach just described requires doing at least one
simulation for each protein-ligand complex. Therefore, it is still difficult to exam-

ine the binding of a large number of compounds to a receptor. However, if one
focuses on a small subset of chemical space around a lead compound, one can
adopt the same approximations as described earlier in free energy calculations
so that simulations on the reference systems alone can be used to predict the ef-
fects of making many modifications on a lead compound. In these calculations,
no molecular dynamics simulation needs to be performed on the derivatives of
a lead compound. Instead, snapshots of the reference simulations are modified
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to change different functional groups of the lead compound into new ones. For
example, Kuhn & Kollman (49) were able to predict a derivative that binds stronger
than biotin to avidin by changing different C—H groups of biotin into C—F groups.
This approach has also been applied to cases where larger modifications are made.
For example, Massova & Kollman (50) performed a computational alanine scan-
ning experiment and were still able to obtain qualitative agreement with experi-
ments when studying protein-protein interactions even though the chemical mod-
ifications were rather large (they involved changing non-alanine amino acids into
alanines).

Semi-Empirical Linear Response Theory

Another way to facilitate the comparison of the binding affinity among a number
of rather different ligands is the semi-empirical linear response approach (51-56).
This method assumes the binding affiniyG, between a ligand-receptor pair to

be approximated by the relation

_ Bound Unbound Bound Unbound
AG = O5(<Uelectrostati - ( electrostati ) + IB((ULennard—Jone - (ULennard—Jone
Boun Unboun
+y ([R5 — (@Ureend), 12
where (UB2und. Unbound is the averaged ligand-surrounding electrostatic in-

teraction energy(U2ound. Unbound g the averaged ligand-surrounding Lennard-
Jones interaction energy, ar@Bound Unbound, s the averaged solvent-accessible
surface area of the complex or the uncomplexed molecute(g).andy are em-
pirical parameters determined by a least-square fit of the experimental binding free
energy of a number of inhibitors to the ensemble averaged quantities of Equation
12 obtained from molecular simulations. Onees, andy are determined, they

can be used to predict the binding affinity of inhibitors whose binding affinity has
not been measured. Encouraging results have appeared in a number of applica-
tions. For example, a recent application of this approach to study the binding of
the tetrahydroimidazo[4,5,1-jk][1,4]benzodiazepine-2(1H)-thione and -one class
of compounds to HIV reverse transcriptase (55) yielded a root-mean-square devi-
ations of less than 1 kcal/mol from experimental results when the observed range
of binding affinity was~4 kcal/mol. TheAqvist group did not use the solvent-
accessible surface area term in their semi-empirical model but still obtained good
correlation with experimental data in a number of applications (57).

Dynamic Pharmacophore Method

Most receptor-based pharmacophore models have been developed by using one
crystal, NMR, or model structure. Pharmacophore models based on a single re-
ceptor structure could fail to identify inhibitors that bind to structures that are
somewhat different from the experimental or model structure but that are still read-
ily accessible at physiological temperatures. To address this issue, Carlson et al.
(58-60) developed a dynamic pharmacophore model in which a number of
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snapshots from molecular dynamics simulations were used to construct the model.
For each snapshot, they determined components of a pharmacophore model by
identifying favorable binding sites of chemical functional groups using the multi-
unit search for interacting conformers (MUSIC) program available in the BOSS
program (61). The MUSIC procedure identifies favorable binding sites of probe
molecules by simultaneously energy refining a large number of probe molecules,
which do not interact with other, in the potential field of a drug target. Strong
binding sites tend to cluster many probe molecules in well-defined orientations
and locations. By carrying out MUSIC calculations on a number of dynamic snap-
shots, one can identify strong binding sites consistently appearing in many rather
than only one or a few snapshots. These sites can form important components
in a pharmacophore model. This approach can also uncover useful binding sites
that are not presented by the initial starting structure. By using methanol as probe
molecules, Carlson et al. (58—60) developed dynamic pharmacophore models that
perform better than the single conformation model in identifying potent inhibitors
of HIV-1 integrase. Unfortunately, the dynamic model also increased the number
of false positives.

Relaxed Complex Methods

Recently, another computational approach has been described to discover ligands
that may bind with “induced fit” of their target molecules (62, 62a). The new meth-
ods, which are called “relaxed complex methods,” are inspired by two successful
experimental methods for rapid discovery of ligands that bind strongly to a recep-
tor, namely the “SAR by NMR” method (63) and the “tether method” (64). These
methods recognize that ligands may bind to conformations that occur only rarely
in the dynamics of the receptor, and that strong binding often reflects multivalent
attachment of the ligand to the receptor. The new computational approach includes
a single ligand method and a double ligand method.

The basic element of these new methods is the automated docking of small li-
braries of compounds to a diverse selection of target conformations. The first phase
of the approach involves generating the target conformations. This might make use
of a long molecular dynamics simulation of the unliganded target molecule, an en-
semble of short molecular dynamics simulations, or some other way of generating
target conformations. The second phase involves the rapid docking of mini-libraries
of candidate inhibitors to the conformational snapshots of the target. In this phase,
a relatively simple scoring algorithm is used to allow fast docking. The third phase
attempts to improve the scoring of the best complexes found in the docking calcu-
lations by use of a slower but more accurate algorithm for estimating the standard
free energies of binding.

The scheme described above represents the single-ligand method. The double-
ligand variant recognizes that two ligands with relatively low binding affinities to
the target can be linked to form a high-affinity ligand. Because the binding of the
first ligand could introduce unfavorable interactions for the binding of the second
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ligand, the combination of the best-ranked ligands for respective binding sites
does not necessarily produce the best composite compound. Continuing from the
previous single-ligand studies, the first ligand is therefore treated as part of target,
and the docking simulations of the second ligand are repeated in a limited search
space, based on the allowable lengths of linkers. Again, the binding of the second
ligand is subsequently rescored by other more accurate approaches.

The first applications of the relaxed complex methods have focused on an exper-
imentally well-characterized system, FKBP (FK506 binding protein) (62, 62a). A
long molecular dynamics calculation was used to sample the FKBP conformations
and the AutoDock software (65—-67) was used for the initial docking. The rescor-
ing was done using the MM/PBSA routines from the Amber software (68) and
APBS evaluation of the electrostatic energies (69). The results to date encourage
the further development and application of these methods.

CONCLUSIONS

Although protein flexibility can play an important role in determining molecular
recognition and drug design, most modeling efforts ignore these effects because
they are costly to include. However, with the rapid advance of computer technol-
ogy and algorithmic development, it should become feasible to take these effects
into account more frequently in practical drug discovery applications. More ex-
pensive but rigorous free energy calculations can be used in the later stage of alead
optimization process. Approximate but faster methods relying on single-reference
states, such as sensitivity analysis and chemical scanning, can be used to quickly
identify productive and nonproductive features of a lead compound in molecular
recognition. The identification of these features can help decide how a lead com-
pound should be modified to improve binding affinity, by pointing out features
that are profitably kept and those that should be modified. These features can also
help to construct pharmacophore models for mining new drug leads from small-
molecule libraries and generate constraints for designing combinatorial chemical
libraries targeted towards the desired receptors. Intermediate between these two
extremes are methods such as MM/PBSA and semi-empirical linear response ap-
proach that can further screen out less promising compounds suggested by the
single-reference-state models before more rigorous free energy calculations are
carried out. Sophisticated implicit solvent models may also play an important role
in speeding up conformational sampling so that the effects of protein flexibility
can be accounted for in the earlier stages of a drug design process.
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