
I. Introduction

Targeted search for and design of new drugs and biomate-

rials is an important avenue of research in modern chem-

istry. A sufficiently complete and realistic description of

processes involving biologically active compounds (BAC)

can be obtained from in silico analysis of atom-molecular

models of biochemical systems 1 ± 4 which usually include a

functionally significant fragment, namely, an attacking

molecule and a biological target in local reaction environ-

ment (aqueous salt solution, biomembrane). Computer

modelling of interactions between BAC and biomolecules

is a rapidly progressing area in rational drug design.1 ± 8

Binding to biomolecules plays a key role in molecular

mechanisms of drug action. In some cases, biological action

of a substance or its intermediate can be a result of chemical

reactions in a living system, which involve dissociation and

formation of covalent bonds. However, the activity of many

modern drugs is due to direct blocking or signal regulation

of biochemical processes through formation of noncovalent

complexes with biotargets. Molecular recognition and selec-

tive binding processes are or paramount importance for

living organisms and underlie various cell functions. In the

human body, there are a few hundreds of targets of different

nature, including G protein-coupled receptors, membrane

ion channels and transport proteins, enzymes, etc. (see, e.g.,

Refs 9 and 10). Target proteins have complex structures and

contain multiple sites that are potentially accessible for

binding small molecules (ligands). There are two types of

binding, orthosteric and allosteric.11 In the former case, the

ligand directly blocks the active site of an enzyme. In the

latter case, the ligand binds outside the active site and the

functional properties of the target protein change due to

perturbation of the free-energy surface upon complexation.

In both cases, the apo form with the bound ligand or

cofactor can be structurally different from the free protein.

Important parameters also include the strength and selec-

tivity of binding. Often, drugs have multiple effects on the

human body, probably, due to interactions with several

biotargets. From the standpoint of search for new active

molecules it is important to monitor the lack of binding to

known antitargets that may be responsible for toxic effects

(e.g., potassium ion channel hERG and cytochromes P450,

see Ref. 10).

Calculations of the properties of molecular systems

taking account of thermal motion of particles occupy a

leading position among computer chemistry meth-

V.B.Luzhkov. Doctor of Chemical Sciences, Principal Researcher, Head of

Research Group of Molecular Modelling of Biochemical Processes at the

IPCP RAS.

Telephone: +7(496)522 ± 1570, e-mail: vbl@icp.ac.ru

Current research interests: computer modelling of biologically active

compounds.

Received 30 October 2015

Translation: A.M.Raevskiy

DOI: 10.1070/RCR4610

Molecular modelling and free-energy calculations of protein7ligand
binding

Viktor B. Luzhkov

Institute of Problems of Chemical Physics, Russian Academy of Sciences

prosp. Akademika Semenova 1, 142432 Chernogolovka, Moscow Region, Russian Federation

Contents

I. Introduction 211

II. Methods for free-energy calculations of equilibrium systems 212

III. Construction and analysis of microscopic models 221

IV. Search for new drugs and molecular modelling 225

V. Conclusion 227

Computational modelling of the structure and thermodynamics of microscopic models provides a valuable tool for research

on the molecular mechanisms of biochemical processes and on the reactivity of physiologically active compounds. The

review concerns methods of free-energy calculations of equilibrium systems, including various techniques developed to

improve the accuracy and efficiency of computations. Calculations of the binding thermodynamics for model protein ±

ligand complexes are illustrated taking bacteriophage T4 lysozyme and b-trypsin asmodel proteins. The role and potential of

molecular modelling methods in drug design are discussed.

The bibliography includes 237 references.

# 2017 Russian Academy of Sciences and Turpion Ltd.

V.B.Luzhkov Russ. Chem. Rev., 2017, 86 (3) 211 ± 230



ods.1, 2, 4, 12 ± 25 These studies are described using the term

`molecular simulation' { defined as `the numerical determi-

nation of the thermodynamic, energetic, structural, and

dynamical properties of a mathematical model of a molec-

ular assembly on a digital computer'.15 Calculations of

thermodynamic properties are key to the description of the

reactivity of molecules, because the thermodynamic poten-

tials, including the free energy, govern the directionality of

chemical processes and equilibration in the system. Bio-

chemical systems are characterized by occurrence of com-

plex multiscale interactions of different nature

(electrostatic, van der Waals, hydrophobic, etc.) Reliable

description of the energetics of model systems is obtained

using molecular mechanics and quantum mechanical meth-

ods. Modern scientific equipment allows one to investigate

the dynamics of biomolecules in solution (104 ± 56105

atoms) on the time scale of down to millisecond

range.21, 23725 Also, the available approaches make it pos-

sible to effectively overcome difficulties due to the wide

range of characteristic times of the dynamics of biomole-

cules in solution (10712 ± 102 s). Computer simulations of

microscopic systems give a reliable description of physico-

chemical properties, enable detailed examination of molec-

ular mechanisms of biochemical processes and subsequent

design of new molecules or optimization of the chemical

structures of known active compounds.

Rapid progress in computer hardware and elaboration

of new theoretical approaches and calculation algorithms

predetermined intensive development of research on the

molecular modelling of proteins, nucleic acids, biomem-

branes and BAC in the last twenty-five years. Achievements

in molecular modelling of biochemical processes were

marked by awarding the Nobel Prize in Chemistry of 2013

to M.Karplus, M.Levitt and A.Warshel `for the develop-

ment of multiscale models for complex chemical sys-

tems'.23 ± 25

In this review we will consider main methods for free-

energy calculations of equilibrium systems, outline modern

methods for computer modelling of ligand binding to

proteins and discuss the place and role of these approaches

in drug design.{ The material will be illustrated by the

results of studies of complexes of bacteriophage T4 lyso-

zyme and b-trypsin with various ligands.

Notations are as follows:

ADME Ð absorption, distribution, metabolism, excre-

tion;

BAR Ð Bennett acceptance ratio method;

VS Ð virtual screening;

FEP Ð free energy perturbation;

DA Ð double annihilation;

LIE Ð linear interaction energies;

MD Ð molecular dynamics;

MC Ð Monte Carlo;

MM Ð molecular mechanics;

MS Ð molecular simulation;

GB Ð generalized Born formula;

RE Ð replica exchange;

PB Ð Poisson ± Boltzmann;

PDB Ð Protein Data Bank;

PBC Ð periodic boundary conditions;

SA Ð surface area;

PMF Ð potential of mean force;

SBC Ð spherical boundary conditions;

SBDD Ð structure-based drug design;

FF Ð force field;

TI Ð thermodynamic integration;

TPT Ð thermodynamic perturbation theory.

II. Methods for free-energy calculations of
equilibrium systems

From general considerations of statistical mechanics it

follows that thermodynamic parameters of an equilibrium

system can be determined if a complete description of

energy levels is available.26 ± 31 On going from microscopic

to macroscopic description a key role is played by the

partition function Q (or the statistical integral in the case

of classical treatment) of the system. A particular form of

the function Q depends on the nature and statistical

distribution of particles in the system under study. In most

cases, numerical calculations of thermodynamic parameters

of microscopic systems are carried out using the Boltzmann

statistics, which is based on the assumption that the number

of accessible energy levels much exceeds the number of

particles in the system. This condition is met for atom-

molecular ensembles at high temperatures 28 including those

characteristic of biochemical processes. For instance, the

statistical integral of the Gibbs canonical NVT ensemble (N

identical noninteracting particles in the volume V at con-

stant temperature T) has the form

Q�N;V;T� � 1

�h3NN!�
� �

eÿbH�p; r�dpdr (1)

where h is the Planck constant, b=1/kT, k is the Boltz-

mann constant, H(p, r) is the Hamiltonian of the system,

p=(p1, ... , pN) are momenta, and r=(r1, ... , rN) are Carte-

sian coordinates of particles in the system. The Hamiltonian

H(p,r) is the sum of kinetic energy K(p) and potential energy

U(r). The statistical integral is related to the Helmholtz free

energy, F, of the system as follows:

F � ÿkT lnQ (2)

Other thermodynamic functions, that is, energy E,

entropy S, pressure P and chemical potential m, can be

determined from the potential F by differentiation.28 The

Boltzmann factor e7bH(p, r) specifies the probability density

of particles to occupy some volume of the phase space with

the coordinates p and r. The average value of an arbitrary

function F(p,r) over the phase space is given by

hFi �
� �

F�p; r�eÿbH�p; r�dp dr� �
eÿbH�p; r�dp dr

(3)

According to Gibbs' postulate, the average mechanical

energy of canonical ensemble calculated using expression

(3) equals the thermodynamic energy and the width of the

mechanical energy distribution H(e) in the energy coordi-

nates (e) decreases as
����
N
p

and becomes infinitely small at

{The authors of Russian-language publications on theoretical chemistry

and computer chemistry mainly use a broader term `molecular modelling'.

The field we have specified is part of `molecular modelling'. In the text

below it is termed `molecular simulation'.

{Because of huge number of publications on the title topic we only

selectively outline the key results and advances made in the field.
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large N.27, 28 Detailed information on the free energy surfa-

ces is obtained from computer simulations of microscopic

systems. This makes it possible to calculate the thermody-

namic functions, equilibrium constants and direction of

chemical processes.

Rigorous description of the potential energy surface

U(r) of a system can be obtained using quantum mechanical

methods in the Born ±Oppenheimer approximation.14, 16, 19

However, quantum mechanical calculations of biomolecules

in solution are computationally expensive, so in most cases

the potential energies of microscopic models are determined

by the force field method where the contributions to U(r)

are specified analytically. The force field (FF) of a molec-

ular ensemble is written as the sum of contributions from

groups of bound atoms and contributions of pair interac-

tions between nonbonded atoms; the FF can be represented

in different manner and the FF potentials can also

be specified and parameterized in different man-

ner.1, 16, 17, 19, 32, 33 A base form of expression for the poten-

tial and kinetic energies of atom-molecular ensemble in the

FF method has the form 17

U�r� �
XNbond

k

KbkDb
2
k �

XNangle

i

KylDy
2
l� (4)

�
XNtors

m

Kjm

�
1� cos�njm ÿ dm�

�
�
XNpair

i55 j

Bij

r12ij
ÿ Aij

r6ij
� qi qj
4pe0rij

 !

K�p� �
XNatom

k

p2k
2mk

The contribution of the energy of intramolecular inter-

actions in expression (4) includes the sums of the harmonic

potentials for a total of Nbond chemical bonds and Nangle

bond angles and as well as the sum of the sinusoidal

potentials for Ntors torsion angles, the energies of the

corresponding potentials being calculated relative to the

`bottom' of the potential curves. The energy of nonbonding

interactions is given by the sum of Npair Lennard ± Jones

and Coulomb pair potentials acting between atoms i and j

separated by the distance rij. The atoms in the system have

the mass m and bear a fixed charge q. The force field

parameters are determined using experimental data and

results of quantum mechanical calculations.1, 19

The point atomic charges q are calculated using empiri-

cal schemes or quantum mechanically (also with inclusion

of solvation effects).1, 19 Equation (4) gives the electrostatic

contribution for gas-phase interactions; however, the Cou-

lomb potentials are sometimes corrected using a distance-

dependent dielectric constant.1, 19 The charges q are often

corrected for polarization of molecules in condensed

medium.19, 32 Some problems require taking account of

electronic polarization in explicit form,1, 32 and the corre-

sponding energies are included in the recent versions of the

force fields of proteins, water and ligands.33 The polar-

ization contribution is difficult-to-model because of its co-

operative nature; however, such calculations are performed

increasingly widely.33 Usually, the FF method ignores

quantum effects for vibrational and rotational contribu-

tions; however, there are a few studies on the influence of

these effects on the thermodynamic parameters being calcu-

lated.34, 35 Potential energy calculations using analytical

potentials are much more computationally efficient than

rigorous quantum mechanical methods. By and large, the

FF equations describe the shape of the potential function

U(r) of molecular ensembles near equilibrium positions with

reasonable accuracy.

Numerical calculations of thermodynamic functions are

carried out for statistical ensembles of states of a system,

which contain complete information on microscopic states

at each point of the system. Ensembles of states are

generated using molecular dynamics 1, 12 ± 14, 18, 19, 21, 36, 37 or

Monte Carlo 1, 13, 18, 19 simulations. The interaction energies

are described by the FF potentials. The dynamics of atomic

motion are usually determined by numerically solving the

Newton equations in Cartesian coordinates. Monte Carlo

simulations only generate ensembles of spatial configura-

tions using estimated probabilities of their appearance

obtained from corresponding Boltzmann factors; the

motion of atoms is not studied in explicit form. Computa-

tional modelling of the dynamics makes it possible to obtain

larger sets from the phase space of biomolecules compared

to construction of trajectories using MC simulations.12

Average values at specified temperatures are calculated

using statistical sets of system configurations upon thermo-

dynamic equilibration. It should be noted that even very

long trajectories are composed of a finite number of points

from an infinitely large phase space of the system. In this

case, estimates of thermodynamic parameters are stochastic

because they depend on the choice of trajectory, so we can

only say about their distribution near certain average

values.

In practice, direct calculations of statistical integral and

free energy using expressions (1) and (2) are possible only

for simple systems. Since mechanical energy is an additive

quantity, the expression for Q is separated into two factors

corresponding to kinetic energy (ideal part) and potential

energy (the excess part). The main difficulty is to obtain

exact estimates of the excess contribution because direct

calculation of Q would require uniform and sufficiently full

sampling of system configurations. In MD and MC calcu-

lations the phase trajectories of atoms mainly pass through

low-energy configurations because they are highly popu-

lated in the Boltzmann statistics. The contribution of high-

energy states is included only partially and thus introduces

uncertainty in the calculations of absolute free energy using

expressions (1) and (2).1, 13, 34 However, the mechanisms of

chemical processes can be analyzed using relative rather

than absolute free energies of states in the system.

Methods for free-energy calculations for various classes

of chemical problems are available at the moment.1 ± 4, 12 ± 25

More than 3500 articles concerning free-energy calculations

by molecular modelling methods 38 have been published

worldwide between 2000 and 2010 and the number of new

publications continues to rapidly increase. It is of interest to

compare the free energies of specified states and to deter-

mine the free-energy surfaces. Usually, calculations of the

properties of biochemical models are carried out using the

Gibbs free energy G=F+PV for the (N,P,T ) ensemble

because it best corresponds to experimental conditions. The

quantities DG and DF differ by PDV; this contribution is

small provided minor variations of the volume V and

pressure P=1 atm and is therefore usually ignored. Often,

modern large-scale calculations allow DG values to be

determined with an error of at most 1 kcal mol71; this is

comparable with experimental accuracy. Main methods of

determination of relative free energies are as follows:
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Ð extrapolation of DG value using the results of molec-

ular simulation of only one of the state being compared;

Ð summation of DG values along non-physical path

between the states being compared;

Ð determination of DG and free energies of activation

along the reaction coordinate between the states being

compared; and

Ð calculations of DG using the results of simulation of

the end states of the system.

These approaches are schematically shown in Fig. 1.

Below we will consider methods for free-energy calculations

of equilibrium systems and corresponding computing tech-

niques.

II.1. Thermodynamic perturbation theory
Thermodynamic perturbation theory (TPT) is widely used

in calculations of relative free energies of equilibrium

states. In this method the free energy difference

DFBA:FB7 FA=DF (A?B) between the initial and per-

turbed states (A and B, respectively) with different Hamil-

tonians is treated as function of the perturbation potential

DU(r)=UB(r)7UA(r) (case 1 in Fig. 1). The development

of TPT began with a power series expansion of DFBA in DU.

The corresponding expression including the second-order

terms has the form

DFBA�A?B� � hDUiA ÿ
b
2


�DUÿ hDUi�2�
A

(5)

The angle brackets h:::iA denote the averaging over the

phase space of the state A.

Formula (5) appeared for the first time in a mono-

graph 26 (1st Ed., see }). Various methods for derivation of

this can be found in the literature.1, 27, 40

In addition to the series expansion, the free-energy

difference DFBA can be expressed as true function of

perturbation potential DU

DFBA�A?B� � ÿ 1

b
ln

�
ZB

ZA

�
� ÿ 1

b
ln


eÿbDU�r�

�
A

(6)

where Z is the configurational integral of the system, which

is, up to a factor, the excess part of the statistical integral

Z �
�
eÿbU�r�dr (7)

Equation (6) reported by R Zwanzig 40 in 1954 gives the

limiting value for the power series expansion of DFBA in DU
and represents the essence of the free energy perturbation

method. The method was considered in detail and is widely

used in applied chemical and biological studies (see, e.g.,

Refs 2, 16, 17, 20, 38, 39, 41 ± 71).

The exponential average (6) is numerically calculated

from MD or MC trajectories ignoring the contribution of

kinetic energy because it is cancelled in the expression for

DFBA owing to separation of the integration over momenta

and coordinates, uniform kinetic energy distribution over

degrees of freedom and(or) through the use of thermody-

namic cycles (see below).51, 59

When calculating the free-energy difference using for-

mula (6), the states being compared, A and B, are generally,

identical from the standpoint of their treatment as the end

and perturbed one. For this reason, to make numerical

estimates more realistic, both states are often modelled

independently and the free-energy difference DF is calcu-

lated in the forward (A?B) and reverse (B?A) directions.

The total free-energy difference, DFBA, is determined as the

arithmetic mean of the exponential averages for two final

states

DFBA � ÿ
1

2b
ln



eÿbDU�r�

�
A


ebDU�r�
�
B

(8)

Expression (8) is termed the double-end FEP

method.39, 42

A common condition applicability of TPT is smallness

of DU compared to kT.13, 20, 26 In applied studies, the states

being compared are usually characterized by much larger

potential energy differences. The problem is solved by

augmenting the computational scheme with intermediate

states whose potentials are parameterically coupled to the

potentials at the end points 41, 42, 72

U�r; lm� � �1ÿ lm�UA�r� � lmUB�r� (9)

lm � 0? 1; m � 1; ::::; n

The coupling parameter l changes from 0 (for state A)

to 1 (for state B). At small increment of the parameter l the

DU values for the intermediate states become sufficiently

small, which improves the accuracy of calculations. The

total free-energy difference is obtained by summation of

intermediate contributions

bDFBA�l � 0? 1� � ÿ
Xnÿ1
m� 1

ln


eÿbDU�r; lm ?lm�1��

m
(10)

Transitions between states upon variation of l corre-

spond to the motion along curve 2 in Fig. 1. The distribu-

tion pattern of l values should be chosen by researchers

1

2

3

4

GB7GADG(A?B) DGBA

A

B
DG�A

DG�B

Figure 1. Free-energy levels of states A and B: a schematic.
Free-energy (DG) calculations for the perturbation A?B (1); non-
physical path between states A and B (2); reaction coordinate (DG�A
and DG�B are the free energies of activation for the motion from
states A and B, respectively) (3); and free-energy (DG) calculations
from the free energies of the end states (4).

}Mention was made of R.Peierls' contribution to the development of

thermodynamic perturbation theory.26, 39
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depending on the problem to be solved,39, 59, 64 however, it

seems also appropriate to apply the condition

DF(lm?lm+1)4 2 kT (see Ref. 15). The state of the system

is simulated separately for each l value and data for

calculations of exponential averages at different points of

the phase trajectory of a given state are collected after

equilibration. The contributions of the states being simu-

lated can be combined in different manner.39, 43, 61, 62 Prac-

tical aspects of free-energy calculations are well

documented.13, 16, 18, 73

In principle, the Zwanzig equation gives an exact free-

energy difference between states,15 but numerical calcula-

tions yield an estimate only. Similarly to evaluation of

absolute free energies, difficulties in attainment of suffi-

ciently high accuracy in FEP calculations are related to

nonuniform sampling over the configuration space for finite

phase trajectories of the state being modelled. There are

stochastic and systematic errors in the DF calculations. The

former depends on the completeness of the statistical set

with respect to thermally accessible configurations. The

latter is determined by low-populated regions of the config-

uration space and, in particular, depends on the overlap

between the coordinate spaces of the populated configura-

tions of the ground and perturbed states.15, 20, 61 The sys-

tematic error in double-end FEP calculations using formula

(8) can be evaluated from the DF hysteresis in the forward

and reverse directions, defined by the difference between

absolute free energies. In applied studies the accuracy of

calculations of DFBA values using expressions (6) ± (10) is at

most 1 kcal mol71, being much smaller than the error in

direct calculations of DUBA and DSBA. Relatively low error

in calculations of DFBA is due to calculations of exponential

averages of DU over the statistical ensemble, whereas, e.g.,

DUBA is calculated as the difference between the total

average potential energies (large numbers).15, 51

An intuitively expected advantage of the modelling of

both states being compared for the determination of free

energy differences is successively implemented in the Ben-

nett acceptance ratio method.74 In his derivation Bennett

used the ratio of the configuration integrals Z of two states

of the canonical ensemble

ZA

ZB

�


W�r�eÿbUA�r��

B

W�r�eÿbUB�r��

A

(11)

where W(r) is an arbitrary finite weighting function. The

optimum weighting function obtained from the stationary

condition for the dispersion of DFBA with respect to a

variation of W(r) has the form

W�r� � const

�ZAe
ÿbUB=nA � ZBe

ÿbUA=nB�
(12)

where nA and nB are the sizes of statistical sets for the two

states. The DFBA value for this type of weighting function

can be found from the self-consistent numerical solution of

equations

bDFBA � ln

�
1=
�
1� eb

ÿ
CÿDU�r�

���
B�

1=
�
1� eb

ÿ
DU�r�ÿC

���
A

� bC (13)

bC � ln
ZA nB
ZB nA

� �
The probability density distributions r(DU) for the

states A and B in the energy coordinate U are interrelated 75

r�DU�B ebDU � r�DU�A ebDF (14)

According to Eqn. (14), the intersection point of r(DU)A
and r(DU)B corresponds to the equality DU=DF and to

maximum value of the weighting function W(DU).

The potential and applications of the BAR method are

well documented (see, e.g., Refs 54, 61, 62, 66, 68, 76 ± 83).

For instance, the expression for statistical errors was

derived using the maximum likehood method and it was

shown that BAR has a smaller systematic error than the

FEP method.78 At large DU values, the free energy obtained

from double-end FEP calculations is an asymptotic solution

for BAR.66 In this case, formal convergence of the self-

consistency procedure in the BAR method is achieved only

if the initial C value equals the DF value obtained from

Eqn (8). The initial C value has little effect on the con-

vergence at high overlap of occupied regions and can be

taken equal to DU at the intersection point of r(DU)A and

r(DU)B (see Ref. 61) or set equal to zero.74 Expressions for

free-energy calculations of multiple states by the BAR

method were derived;79 they can be used to analyze stat-

istical sets or experimental data.

II.2. Thermodynamic integration method
The thermodynamic integration method proposed by

J.Kirkwood in 1935 84 is based on the expression of stat-

istical integral as function of the coupling parameter l

DFBA � FB�l � 1� ÿ FA�l � 0� �
�1
0

qF�l�
ql

� �
dl (15)

Having transformed expression (15) taking account of

the equality

qF�l�
ql
� ÿ 1

b
q lnQ�l�

ql
, (16)

one gets

DFBA �
�1
0

qH�l�
ql

� �
l
dl&

X
i

qH�l�
ql

� �
li

Dli (17)

Integration over the coupling parameter l corresponds

to non-physical transition of the system (see curve 2 in

Fig. 1). The free-energy difference DF (A?B) is calculated

not only by the TPT method, but also by the TI approach.

In particular, TI calculations are carried out by the gradual

growth 15, 85, 86 and finite differences 15, 43, 60 methods. In the

former case, the coupling parameter l continuously

increases at each step of an MD trajectory and the deriva-

tive of the Hamiltonian with respect to l is calculated

analytically. In the latter case, one deals with a finite

number of discrete l values for which the dependence of

U(r) on l is specified by expression (10). If U(r,l) values are
calculated using linear combinations (9), there exists a direct

analogy between the finite difference TI and FEP meth-

ods.59
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II.3. Alchemical transformations and molecular topologies
Modelling of transitions between states by the TPT and TI

methods involves non-physical in silico `transmutations' of

chemical compounds. As a consequence, such calculations

are termed `computational alchemy'.17 Protocols for calcu-

lating alchemical mutations are designed using a kind of

mathematical description called molecular topology. A top-

ology is based on the chemical formula of the compound

and contains complete information on the atoms, chemical

bonds, bond angles and torsion angles. Alchemical muta-

tions of molecules correspond to changes in their topolog-

ical parameters. A FEP/MC study of alchemical mutation

of ethane to methanol is one of the first examples of such

calculations (Fig. 2).42

If mutating molecules are structurally similar, a com-

mon topology for the initial and final states is used. The

force fields of intermediate states are specified using the

coupling parameter l. Parameters of the common topology

can take both real values corresponding to one model

molecule and fictitious or zero values for those structural

fragments that are absent in the other molecule. If the

ligand structures differ significantly, dual-topology schemes

are used. They include separate description of the initial and

final molecules and their superimposition in the common

volume. Applications of both types of topologies have been

considered in detail.20, 51, 55, 64

In applied calculations the free energies often include

only changes in the nonbonding interactions of molecules,

i.e., the contributions of Coulomb and van der Waals

potentials, which are determined by the atomic charges

and Lennard-Jones parameters. In the course of alchemical

mutations corresponding topological parameters can be

varied separately; this allows one to evaluate the contribu-

tions of different nature to the total free energy.

Electrostatic interactions between molecules play a key

role in most biochemical processes. Long-range electrostatic

forces depend on the charge distribution and influence, in

particular, the mutual arrangement of molecules in solu-

tion. A fundamental characteristic of electrostatic interac-

tions is linear response of system polarization to

perturbation of the electric field.87 ± 89 For instance, linear

response underlies the description of dielectrics as continu-

ous media.88, 89 In microscopic models linear dependence

occurs if polarization is taken into account explicitly in the

case of induced dipoles and if the perturbing field is weak in

the case of permanent dipoles.88, 89 The free energy depends

quadratically on the polarization coordinate of the sys-

tem 44, 45, 53, 89 as, e.g., in the Marcus theory of electron

transfer.87 For systems with Gaussian distribution functions

the linear response relations are exact.45, 53 The linear

response principle is valid for polar solutions and, presum-

ably, for proteins.16, 44, 45, 53, 87 ± 90

The Lennard-Jones potentials in Eqn (4) define short-

range atom ± atom interactions in the condensed medium.

The parameters (Ai,Bi) of nonpolar potentials influence the

local packing of atoms and molecules, being usually unique

for each type of atoms. Changes in these parameters

represent an important type of alchemical mutations of

atoms and molecules. The limiting cases of such trans-

formations include annihilation of the atom X, i.e., its

conversion to a fictitious atom d (ideal gas particle) X?d,

and the reverse process d?X (generation of a new atom

from the fictitious atom). Fictitious atoms have zero van der

Waals parameters and charges; therefore they are not

involved in nonbonding interactions with the remaining

part of the system. In the case of alchemical annihilation

of particles the initial and final states of molecular ensem-

bles have significantly different spatial configurations. For

instance, position of a fictitious atom may overlap with

positions of other atoms in the system (see Fig. 2). Con-

version of a fictitious atom to a real atom causes those

configurations where real particles occupy the space of the

atom d to become energy-forbidden. Calculations by the

TPT method with inclusion of this type of configurations

can be accompanied by computational instabilities related

to singularities in the potential energy of van der Waals

interactions at nearly-zero interatomic distances. In this

case, calculations using expression (6) give fifferent DG
values for the forward and reverse alchemical annihilation.

Calculations of chemical potentials face the problem of

overlapping solute and solvent molecules.61, 75 ± 77 It can be

solved using so-called soft FF potentials that admit the

overlap of atoms.91, 92 The systematic error in DG calcula-

tions for the transformations X> d decreases when using

the multistep schemes (9), (10), the BAR method being more

preferable than FEP.61, 68, 76, 77 In particular, a study on

ligand incorporation into the cavity with high density of

surrounding atoms taking endofullerene Ne@C60 as an

example revealed a smaller systematic error for the BAR

method.68

In some cases, the description of alchemical transforma-

tions of ligands shoud take account of changes in the

molecular geometry that is specified by the valence bond

lengths, bond angles and torsion angles.55 This requires a

correct inclusion of those spatial configurations which

influence nonbonding interactions between atoms of the

mutating chemical group, just like in the case of simulation

of atomic annihilation. In particular, it was proposed to

calculate the free energies corresponding to changes in the

parameters of chemical bonds using an additional contribu-

tion from the perturbation of the reaction coordinate

x(lm?lm+1) in each step of summation of DG values in

expression (10).46, 50

II.4. Free-energy thermodynamic cycles
The FEP and TI free-energy calculations make use of closed

thermodynamic cycles.39, 41, 51, 59, 67 In particular, the bind-

ing free energies of BAC to target proteins (DGbind) are

calculated by considering thermodynamic cycles that

involve free ligands and protein ± ligand complexes in sol-

ution (Fig. 3).41

The thermodynamic cycle shown in Fig. 3 describes

transition of ligands from water to the complex with

C

H

H

H

O

d

d

H

d7

d+

CC

H H
H

HH

H

Figure 2. Alchemical mutation of ethane to methanol.42

Corresponding changes in common topology involve the type of
atoms and electron charges. The dashed curves outline the space
occupied by the molecules in solution. One can see that for
methanol, the fictitious atoms d are among solvent molecules.
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theprotein. Here, the free-energy changes along lines 1

(DG1) and 2 (DG2) correspond to the binding free energies

of ligands L1 (DG L1
bind) and L2 (DG L2

bind). The free energies

DG wat
mut and DG prot

mut in lines 3 and 4 correspond to the free

energy of mutation L1?L2 in water and in the complex

with protein, respectively. The total change in the free

energy, DGsum , for steps 1 ± 4, expressed through the con-

figuration integrals of states Z and changes in the volume is

zero.

DGsum � ÿ
1

b
ln

ZPL1S

ZL1S:::PS

� ln
ZPL2S

ZPL1S

� ln
ZL2S:::PS

ZPL2S

�
�

(18)

� ln
ZL1S:::PS

ZL2S:::PS

�
� P�DV1 � DV2 � DV3 � DV4� �

� ÿ 1

b
ln
ZPL1S ZPL2S ZL2S:::PS ZL1S:::PS

ZL1S:::PS ZPL1SZPL2SZL2S:::PS

� 0

where the subscripts PLS and LS...PS describe the complex

of protein P with ligand L in water S and the molecules L

and P at long separation in water.

Expression (18) confirms a known rule of zero total

change in the thermodynamic potential along the closed

cycles. Direct calculations of changes in the free energy in

steps 1 and 2 are difficult-to-perform and difficult-to-

simulate, whereas the free energies of alchemical mutations

in the protein (step 3) and in solution (step 4) can be

calculated by the TPT or TI methods with relative ease.

Since the change in the thermodynamic potential along the

overall cycle is zero, the difference between the binding free

energies (DDG 21
bind) of the compounds being compared is 41

DDG21
bind � DGL2

bind ÿ DGL1
bind � DGprot

mut ÿ DGwat
mut (19)

Expression (19) includes calculations only for the states

of ligand L in the complex with the protein and in solution;

the unbound protein is ignored. If one ligand is specified as

an ideal gas molecule (no interaction with the environment),

Eqn (19) makes it possible to calculate the binding free

energy of the second ligand. This computational technique

was named double annihilation of ligand.93 In addition, if

the experimental binding free energy DGL1
bind of one ligand is

know, formula (19) gives the binding free energy DGbind of

the second compound, DGL2
bind � DGL1

bind � DDG21
bind. Free-

energy calculations using the thermodynamic cycle

approach reduce possible systematic errors in MS, originat-

ing from approximate character of the force fields and the

overall description of the model systems.

Calculations of free-energy differences require thorough

analysis of possible issues and errors caused by incomplete

examination of the allowed configurations of the system.

Generally, the ligands being compared have different bind-

ing modes that can be separated by high kinetic barriers. In

addition, the binding modes can be different in ligand

position and orientation at the binding site, in the confor-

mations of functional groups of the ligands and amino acid

side groups at the binding site. Modelling of alchemical

mutations using TPT methods demonstrates a trend

towards retention of the conformation and position of the

initial state and is in some cases insufficient to determine the

optimum ligand arrangement. The drawback can be elimi-

nated by inclusion of multiple binding modes in the muta-

tion scheme. This is accompanied by a considerable increase

in the computational cost and requires the use of additional

methods, e.g., automated docking (see below) for pre-

selection of low-energy binding modes. When a number of

ligands are compared, complex thermodynamic cycles com-

bining multiple mutations are used. Examples of solution to

this group of problems are provided by FEP/MD calcula-

tions of the free energies of protein ± ligand complexes 57

and transition states of molecular transformations in the

active site.56 Similar approaches are employed in the calcu-

lations of free energies of solvation and partition coeffi-

cients between different solvents.39, 42, 47 ± 49, 51, 52

II.5.Enhanced sampling of configurational space
A key problem in applied free-energy calculations is the

need to generate large representative sets using finite-size

phase trajectories. The use of the Boltzmann distribution

imposes significant restriction on the accessible configura-

tions of molecular ensembles; in particular, efficient model-

ling of transitions between spatial regions separated by high

barriers is not easily performed. Besides, the characteristic

times of conformational transitions of biomolecular systems

are many orders of magnitude longer than time steps of MD

simulations that are limited by the short times of chemical

bond vibrations. The limited sampling also poses problems

in the calculations of alchemical mutations of complex

molecules containing mutating groups with significantly

different chemical structures and(or) if the mutating groups

are conformationally rich. As a consequence, the estimates

of thermodynamic parameters of complex systems (e.g.,

protein ± ligand complexes) obtained using conventional

MD and MC protocols can contain indeterminate errors.

In this connection, recently considerable attention has been

L2P

2

3
4

L2

S
S

P L1 L1

S S

1

Figure 3. Thermodynamic cycle describing transition of ligands
L1 and L2 from water S to complex with the protein P.41, 51

Shown are two possible orientations of the ligand L2 in the binding
site.
For 1 ± 4, see text.
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paid to the development and application of mathematical

methods for efficient extension of the accessible configura-

tional space in the course of molecular modelling (see, e.g.,

reviews 20, 21, 38, 94 ± 96).

In MD simulations, the sampling of phase space can be

enhanced using mathematical techniques based on replica

exchange of system configurations under different condi-

tions. A considerable extension of the configuration space

of the solvent in the course of modelling of alchemical

mutations is achieved upon replica exchange at different

values of the coupling parameter l.60 Besides, efficient

replica exchange at different temperatures and(or) scaled

interactions in the Hamiltonian of the system was

reported;97 ± 99 a 2D version of RE for the parameter l and

Hamiltonian has also been reported.65 Selection of possible

configurations in the RE method is based on calculations of

the Boltzmann factors responsible for the probability of

emergence of the states being compared. This procedure is

an example of incorporation of MC simulations into the

MD computational scheme. Replica exchange enables a

huge enhancement of the sampled space compared to

conventional MD calculations. The RE method was inte-

grated into the TPT and TI schemes and convergence of the

results of free-energy calculations for complex biochemical

systems was studied.60, 65, 100 ± 104

In some cases, it is appropriate to directly consider

rotational conformation, which can be calculated using

additional software. Assuming that the degrees of freedom

for internal rotation are not coupled with other rotational

and vibrational states and that conformers are separated by

high barriers, the partition function for n rotational con-

formers is given by 105

Zconf �
Xn
i� 1

eÿbei (20)

where ei is the energy of the ith conformer. Taking account

of conformational lability of ligands can be of great impor-

tance in calculations of the free energy of binding DGbind.

Usually, ligands in complexes of proteins have fixed con-

formations which may be different from the equilibrium

conformation of the ligand in the free state in solution.

Changes in the free energy due to the loss of rotational

degrees of freedom of the ligand, which occurs on going

from solution to the complex with the protein, are governed

by the logarithm of the ratio of the corresponding partition

functions for rotational conformers. The results of model-

ling of protein ± ligand complexes using known drugs

showed that corrections to DGbind due to the inclusion of

Zconf can be as large as a few kcal per mole.106 TPT

calculations of DGbind with taking account of multiple

ligand conformations were reported.67, 107

Umbrella sampling technique 108, 109 is widely used to

change and control the accessible spatial regions in the

course of simulations. The procedure involves multiplica-

tion of the probability distribution on the potential surface

of the state A with energy U(r) by a weighting function w(r).

The function w(r) is chosen in such a manner that the

probability for the system to arrive at a particular region

(e.g, the region of high positive potential energy values) be

increased. Ideally, the use of the modified potential gives a

uniform set over all points of the configuration space on the

new surface A0 with the potential energy w(r)U(r). The

desired average value of the function F(r) on the initial

surface A is determined using the expression

hFiA �


F�r�=w�r��

A0

1=w�r��

A0
(21)

The modifying potentials are used in the TPT protocols,

but the widest application field of umbrella sampling

technique includes calculations of free-energy changes

along the reaction coordinate (see below).

II.6. The potential of mean force
A key problem in modelling of biomolecular systems is to

evaluate the free energy along the reaction coordinate.

Unlike alchemical mutations, in this case, the Hamiltonian

of the system has the same form for the states being

compared. The motion of particles along the reaction

coordinate x(r)= x(r1, ... , rN) is illustrated by curve 3 in

Fig. 1. The function x(r) can, in particular, describe the

interparticle distance or be a parameter of the molecular

conformation.

The profile x(r) gives the position of transition state and

allows one to evaluate the free energy and kinetic parame-

ters of the process (see Fig. 1). The free energy of the system

W(x) along the reaction coordinate x(r) is given by 12, 16

W�x� �W0 ÿ
1

b
ln

�
d�xÿ x�r��eÿbU�r�dr�

eÿbU�r�dr
(22)

Here, W0 is a constant; the function under the logarithm

is the distribution function r(x) of the equilibrium system,

which is equal to the average value of the d-function
d[x7x(r)] over all coordinates r of the system for a specified

x value. The function W(x) is the potential of mean force 84

because its negative gradient defines the averaged force f(x)
acting on the reacting particles. The profile W(x) can be

obtained from calculations of r(x), f(x) or immediately

pointwise from the free energy values determined by the TI

or FEP methods (see, e.g., Refs 12, 16, 28, 93, 110 ± 125). On

going from Cartesian to generalized coordinates one should

use corresponding transformation matrices to describe x.122

Owing to nonuniform population of different domains in

the configuration space, W(x) is evaluated using various

techniques,122, 124 in particular, umbrella samplings 108, 109

based on modifying potentials. In this case, a weak point of

direct use of Eqn (21) is the impossibility to determine the

optimum form of the weighting function prior to calcula-

tions. To eliminate the drawback, an adaptive umbrella

sampling procedure was developed, including that for the

multiple potentials whose shape is optimized in the course

of successive iterations.113, 119, 120

The weighted histogram analysis method is widely used

in calculations of free energies of biochemical proc-

esses.114, 115 The procedure involves umbrella sampling for

multiple overlaps of the perturbing parabolic potential

along the reaction coordinate. Equilibrium-state trajectories

are calculated separately at each point of the coordinate.

The overall PMF profile is obtained by summing the

probabilities of discrete x(r) values over all trajectories and
removing the contributions of restraining potentials. The

expression for the weighting coefficients at particular con-

tributions corresponds to the minimum statistical error of

the total distribution function. The results of the weighted
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histogram calculations are independent of the size of react-

ing particles as, e.g., calculations of particle insertion by the

Widom method.121 However, unlike TPT methods, the

weighted histogram analysis gives only relative free energies

and position of the PMF base line should be determined

separately. The weighted histogram analysis method was

extended to PMF calculations along several reaction coor-

dinates 116 and algorithms for joint use of this method and

replica exchange from MD trajectories in large-scale paral-

lel computing of ligand ± protein binding.125

Metadynamics calculations of the system in the space of

collective variables x are yet another widely use method for

constructing free-energy surfaces.94 ± 96, 126 ± 130 A collective

variable is a function of atomic coordinates of the system.95

It can describe geometric parameters of molecules, as well as

the dipole moment, the coordination number, etc.130 To

overcome the potential barriers along similar slow degrees

of freedom, the potential energy of the system is augmented

with time-dependent modifying potentials V(x,t), where t is

time. In the course of the dynamics, the height of the

potentials V(x,t) increases with time in such a manner that

the potential energy wells be compensated.130 Calculations

allow successive motion between local energy minima. As

convergence is achieved, the free-energy surface becomes

flat and then the motion of the system is described as

random walk along the collective variable. In this case, the

free energy

W(x)=C7V(x,t??) (23)

is estimated up to the constant C. The advantage of the

method consists in that no a priori information on the shape

of the free-energy surface is needed. Metadynamics calcu-

lations also allow one to monitor and scan multiple reaction

paths.130

II.7. Protein ± ligand binding constants
Noncovalent ligand binding to a target protein in solution

can be described by the equations

P+L>PL (24)

Kd �
CP CL

CPL

(25)

where Kd is the dissociation constant having the dimension-

ality of concentration and CPL, CP, CL are the concentra-

tions of complex PL, free protein P and unbound ligand L,

respectively. The environment is not included in explicit

form.

Drugs bound to a protein molecule act as inhibitors. The

efficiency of inhibitor L can be evaluated in terms of the

concentration IC50 corresponding to 50% inhibition of

activity P. For competitive binding of substrate and inhib-

itor molecules to a protein one has

IC50 � Kd 1� CS

KM

� �
(26)

where CS is the substrate concentration and KM is the

Michaelis constant.131 If CS55KM , then IC50&Kd. Then,

in accordance with Eqns (24) and (25), the proportion, y, of

bound protein is

y � CPL

CP � CPL

� CL

Kd

1� CL

Kd

� �ÿ1
(27)

According to formula (27), Kd equals the concentration

CL at which 50% of protein molecules are in the free

state.132 At CL<Kd , most protein molecules are in the free

state. The equilibrium constants of complexes can be

determined in different manner from free-energy calcula-

tions using microscopic models.

One approach treats complexation as the appearance of

the particle PL and disappearance of two molecules, P and

L, in solution. The standard free energy of binding, DG�bind,
is related to the thermodynamic dissociation constant Kd

(Refs 133 and 134):

DG �bind � kT ln
Kd

C �
(28)

where C � is the concentration of the standard state

(C �=1 mol litre71 or 1/1660 �Aÿ3 per molecule 30, 133)

In practice, the DG �bind values are determined from

calculations of the relative free energies of states. In

particular, DG �bind values are calculated using the double

annihilation of ligand L?d in the thermodynamic cycle (see

above), which involves replacement of all atoms of the

ligand by fictitious atoms in the complex and in solution

and switching off nonbonding interactions between the

ligand and its environment.93, 133 ± 143 From expression (19)

it follows that DG �bind equals the free-energy difference

between these two processes.

A scheme was reported for calculations of DG for

conversion of a ligand to an ideal gas particle fixed at

specified position in the binding site and subsequent release

of the particle to a volume corresponding to the standard

state.133, 137 Rigorous calculation of DG�bind within the

framework of the DA procedure involves MS of reversible

switching off and switching on of interactions between the

ligand and its environment. To attain full reversibility of

results, the ligand is fixed at the binding site using restrain-

ing potentials u(r) for (i) position of the centre of mass of

the molecule, (ii) orientation relative to the axes of rotation

of the entire molecule, (iii) conformational mobility, and

then corrections for transition to standard conditions are

applied.133, 137, 141 The contribution of u(r) to DG can also be

evaluated by the FEP method by modelling a gradual

decrease in the constant of the harmonic potential u(r).139

This approach was also used for calculating the activation

entropy of enzymatic reactions.144

In the second approach, the complexation in solution is

treated as a transition of protein (P) and ligand (L)

molecules between the free and bound states. The associa-

tion constant Ka (Ka= 1/Kd) of the protein and ligand is

found from the ratio of the configuration integrals for the

bound and free molecules. In this case the expression for Ka

has the form of integral of the Boltzmann factor at the

function W(x) specified by Eqn (22).145 ± 147 For a spheri-

cally symmetrical case, the dependence of Ka on the distance

r between P and L is given by

Ka � 4p
�Rbound

0

r2 eÿbW�r�dr (29)

where integration along the coordinate r is carried out over

the space of the bound state.133, 146 The integral (29) takes
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account of all positions and rotational orientations of L in a

spherical layer around P at r<Rbound. The space of the

bound state can be outlined using different crite-

ria.112, 133, 148 The major contribution to the integral (29)

comes from the states with low values of W(x). The binding
free energy DG �bind differs from the minimum value Wmin for

the complex PL; it can be roughly estimated as the product

of Wmin by the logarithm of the volume of the bound

state.147

In principle, PMF calculations give a detailed picture of

the molecular mechanism of ligand binding. However, a

common problem in applied PMF calculations is that

constructing a continuous spatial reaction coordinate for

transition of ligand from the buried binding cavity to the

free state in solution is difficult or even impossible. The

advantage of the function W(x) is that is it independent of
the size of the protein and ligand molecules. In particular,

PMF calculations are used to determine the absolute values

of DG �bind in protein ± protein complexes.

Calculations of Ka and DG�bind using the function W(x)
were reported for a wide range of sys-

tems.112, 117, 143, 147, 149 ± 156 Most examples illustrating PMF

calculations carried out to determine DG �bind values are

reduced to spherically symmetrical 112, 117, 146 or linear prob-

lems (motion of atoms and molecules along the ion channel

pore).149, 150, 153, 154 Generally, ligand binding is a multistep

process following a complex spatial trajectory, thus being

difficult-to-describe using the 1D reaction coordinate. Note

also that for many complexes the binding free energy can be

obtained from both TPT and PMF calculations that repro-

duce experimental data with comparable errors and compu-

tational cost.143

Recently, the attention of researchers has been paid to

MD calculations of the rate constants for dissociation (kd)

and association (ka) of protein ± ligand complexes and sub-

sequent evaluation of Kd from the kd/ka ratio.157, 158 In this

case, expression

Kd �
kd
ka

(30)

gives the third method for evaluating the equilibrium con-

stants of the complex PL. Examples are provided by the

results of studies on the trypsin ± benzamidine test system

(see below).

II.8. Molecular modelling of the end states
Generally, evaluation of the relative free energies of two

states (DGBA) by the FEP and TI methods requires compu-

tationally expensive modelling of both end and numerous

intermediate states. Often, as, e.g., in comparing the free

energies of binding or solvation for large sets of molecules,

it is of interest to obtain approximate DGBA values at

moderate computational cost. The problem can be solved

by modelling only the end states of a system under study.

Approximate estimates of the free energy differences

between two states, DGBA, can be obtained using expres-

sion (5) from MS of the initial state only.59, 159 ± 161 Expan-

sion of DGBA in a series in terms of DU gives reasonably

good results for electrostatic energies of systems with linear

response. A clear example is provided by modelling the

`charging' of a monatomic ion. From FEP/MD calcula-

tions 44, 53 and Born formula 89 it follows that the free energy

of a monatomic ion in water, DGs , depends quadratically on

the charge q as it changes from 0 to 1. In aqueous solution,

the free energy DGs of an ion equals nearly half the potential

energy of the interaction between the ion and its environ-

ment, DUs , which is due to energy expenditure for polar-

ization of the solvent.89 Numerical calculations of the free

energy of charging of two ions carried out taking account of

the contributions of a series expansion of DG up to the

second-order terms exhibit good convergence,45 whereas

calculations for a similar system with inclusion of the

third- to fifth-order terms required longer MD trajectories

to achieve convergence.160

The difference between electrostatic free energies of end

states can be evaluated using the linear response principle

for system's polarization. In the Markus electron transfer

theory the free energy functionals of electrostatic interac-

tions have the shape of parabolas of equal curvature

(Fig. 4), which was confirmed by the results of numerical

simulations of the charging of ions.44, 53 An analysis of the

contributions of the free energies shown in Fig. 4 gives the

following approximate expression for the dependence of

DGBA on DU 139, 162, 163

DGBA �
hDU�r�iA � hDU�r�iB

2
(31)

The free energies of protein ± ligand complexes can be

evaluated from simulations of only the end states using the

linear interaction energy (LIE) method.164 In this case, the

binding free energy is calculated using the free energies

corresponding to portions of the thermodynamic cycle

including binding of neutral ligand and transition of the

ligand in solution and in protein from the zero-charge state

to the state with the desired charge distribution. The

electrostatic contribution is calculated assuming that the

binding free energy DG is a linear function of DU [see

Eqn (31)]. The polar and nonpolar contributions to the

free energy of binding were scaled separately:

DGbind � a hU ndw
LÿSiPL ÿ hU ndw

LÿSiLS
� �

� (32)

�b hU el
LÿSiPL ÿ hU el

LÿSiLS
� �

� g

GA GB

DGBA

hUB ÿUAiA hUA ÿUBiB

lB
lA

Figure 4. Electrostatic free energies of states A and B in the linear
response approximation.44, 139, 164

The GA and GB parabolas have the same curvature. The corre-
sponding reorganization energies, lA � hUB ÿUAiA ÿ DGBA and
lB � hUA ÿUBiB � DGBA, are equal to each other.
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The average energies of electrostatic and van der Waals

interactions of ligand L with its environment S (hU el
LÿSi and

hU ndw
LÿSi, respectively) are determined from the MS of the

protein ± ligand complex PL and the free state in solution

LS. The optimum value of the coefficient a for the nonpolar

contribution was chosen empirically (0.14 ± 0.18); the coef-

ficient g depends on the type of the system under study and

is often equal to zero.165 The theoretical value of the

coefficient b at the polar contribution was obtained assum-

ing linear response of system's polarization and is equal to

0.5 (cf. a range from 0.33 to 0.52 for optimal b values for

different chemical groups).165, 166

In addition, polar contributions were calculated using a

method based on linear response for the Langevin dipole

model.139, 167 Equation (32) can be augmented with internal

energy difference between ligand conformations in solution

and in the complex with biotarget.168 The enthalpy and

entropy contributions to DGbind are not explicitly specified

in the LIE method. In principle, the method imposes no

restrictions on the structure of ligands; however, it is

practically convenient to study homologous series of com-

pounds.165, 166 In addition to investigations of protein ± li-

gand complexes, this approach was used to calculate the

free energies of solvation of molecules.165, 169

The binding free energy DGbind can also be calculated

using the sum of the potential energy and entropy contri-

butions of the end states 170, 171

DGbind � hGproteinÿligandi ÿ hGproteini ÿ hGligandi (33)

hG i � hUMMi � hGs; eli � hGs;npi ÿ ThSMMi

The average potential energy hUMMi of protein, ligand
and protein ± ligand complex is obtained from MM calcu-

lations using the FF potentials. Electrostatic contribution

to the free energy of solvation hGs; eli is calculated within the

framework of a continuum solvent model by the Poisson ±

Boltzmann method 172 or using generalized Born for-

mula.173 Nonpolar contribution to the free energy of sol-

vation hGs; npi is evaluated empirically from the linear

dependence on the ligand surface area. Correspondingly,

the methods described by expressions (33) are denoted as

MM/PBSA and MM/GBSA. The averaged entropy of the

ligand hSMMi is determined by analyzing harmonic molec-

ular vibrations. The average values appearing in Eqns (33)

are calculated using molecular configurations obtained

from separate computations of MD trajectories of the

microscopic model of the system under study. One can

either use separate ligand, protein and protein ± ligand

complex trajectories or compose the necessary configura-

tions using only the trajectories of the complex. The latter

method ignores structural differences between ligands in

solution and in the complex with the protein; however, this

approach is computationally more efficient and provides a

better convergence. The authors of a critical publication 167

reported that the statistical error range of the MM/PBSA

method for DGbind calculations is a few kcal per mole larger

than the error ranges of various versions of the LIE

method.167 Nevertheless, hundreds recent studies of pro-

tein ± ligand complexes have been carried out using the

MM/PBSA approach (see, e.g., Refs 171, 174 ± 176).

III. Construction and analysis of microscopic
models

III.1. Microscopic models for biomolecules in solution and
the boundary conditions
Until now our consideration of methods for free-energy

calculations was based on the general laws of statistical

thermodynamics regardless structural parameters of sys-

tems under study. Derivation of equations for thermody-

namic potentials implies that the potential surfaces (energy

levels) of a model system reasonably correlate with the

properties of the target macroscopic system and that the

model per se introduces minor distortions due to its finite

size. However, this is not always valid. For instance, gas-

phase calculations of protein molecules are insufficient for

assessment of their properties in water (in aqueous solu-

tion). The reason is that the surface of solvated protein

molecules bears a large number of ionized amino acid side

groups shielded by water molecules. Correspondingly,

strong electrostatic interactions between charged groups of

isolated protein molecules can lead to large structural

distortions in the course of MD calculations.

Yet another example is as follows. It was reported that

isolated large molecular clusters are inappropriate to

describe interactions between molecules in an infinitely

large volume.1, 13 Consider a cubic box with an edge of

100 �A (10 nm). Usually, this is sufficient to arrange a

solvated protein molecule. Taking into account the fact

that the action range of wall effect is about three layers of

water molecules (i.e., 10 �A), nearly half the total number of

water molecules are affected even in this relatively large

system. Transition from the description of finite systems to

that of infinitely large systems is achieved by specifying

additional boundary conditions. In practice, models with

periodic and spherical boundary conditions are

used.1, 13, 14, 16, 19

Models with periodic boundary conditions treat the

system under consideration as an infinite 3D lattice built

of identical boxes. When moving along the MD trajectories,

molecules can freely cross boundaries between boxes. As a

molecule escapes from a box, a symmetrically arranged

molecule from another box simultaneously enters the box.

Most calculations are carried out using boxes having the

shape of a cube or rectangular parallelepiped. To reduce the

number of surrounding water molecules, spherical proteins

are also modelled using truncated octahedral boxes. A

convenient model for prolate cylindrical entities (DNA,

membrane proteins) is a hexagonal prism. Periodic boun-

dary conditions allow one to simulate the properties of an

infinitely large volume based on the treatment of a finite-

size system. A key step in the simulation is the calculation of

the potential energy U(r) of the periodic lattice. This can be

done using the minimum-image convention; in this case,

each molecule in the box interacts only with the nearest

images of other molecules from that box.13, 19 Rigorous

consideration of electrostatic interactions in the periodic

lattice involves summation according to Ewald.19

The advantage of PBC models consists in that no

restrictions are imposed on the arrangement of particles in

the system. However, periodic boundary conditions have

internal assumptions that should be taken into account

when using this type of models.1, 13, 14 In particular, the

periodicity condition reproduces the structure of the pri-

mary box in an infinitely large volume and therefore
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provides an approximate description of isotropic media.

This class of models is inappropriate for simulating struc-

tural fluctuations with a characteristic size exceeding the

box size. Also, models with periodic boundary generally

cannot describe the native topology of biomolecules that

usually form irregular structures in living cells. For

instance, biomembranes are represented in PBC by alter-

nating flat infinite layers of aqueous and nonpolar phases.

Many biomolecular systems can be described using

models with spherical boundary conditions.1, 14, 16 Such a

model includes a protein being simulated (entire molecule or

its fragment containing a reaction centre), small molecules

and ions; the remaining space is filled with water molecules.

The equations of motion are solved taking into account the

interactions and motion of only the atoms confined within

the sphere, all atoms lying outside the sphere being treated

fixed. Considering models based on X-ray diffraction data,

it is assumed that fixed position of protein periphery has

little effect on the motion of atoms near the equilibrium

positions corresponding to the experimental structure.

Water molecules, ions and ligands can freely move in the

system provided no additional restraining potentials or

geometric conditions, the only limitation being no escape

from the sphere. Water molecules within the boundary layer

of the sphere obey the stochasticity condition simulating

random molecular orientations in an infinitely large vol-

ume.1, 16 The solvent outside the sphere can be described

using continuum models. A particular example of simula-

tion of neat solvent using the SBC model is provided by the

description of spherical volume as the surface of a four-

dimensional hypersphere;13 however, we left this model out

of consideration.

The advantage of the SBC model is that, if the linear size

of the protein ± water system, is specified, the sphere of the

corresponding diameter contains a minimum number of

water molecules compared to other 3D bodies, e.g., a cube

as in the case of periodic lattice. Also, spherical symmetry is

by default convenient for calculations of electrostatic inter-

actions in the reaction centre. A drawback of this model

consists in the need to use restraining potentials for atomic

positions in the system. This restricts atomic motions in the

course of MD simulations and thus makes it difficult, e.g.,

to study ligand diffusion, to obtain a completely equili-

brated protein structure and to examine large conforma-

tional rearrangements of the peptide backbone.

III.2. Molecular modelling of ligand binding in test systems
Wide use of computer chemistry in the studies of biomole-

cules dictated the need for the design of test systems for

validation and comparison of computational methods. In

particular, a test set including X-ray diffraction and phys-

icochemical data for 195 complexes and 51 receptors,177 a

CCDC/Astex test set including 305 structures of protein ±

ligand complexes,178 and a test set including structural data

and binding constants for 200 complexes 179 were proposed

to analyze the results of molecular modelling of protein ±

ligand complexes. There exists a Statistical Assessment of

the Modelling of Proteins and Ligands (SAMPL) open

Internet forum for discussing and validating computational

predictions of the properties of small molecules and their

complexes with proteins.8, 180, 181 The test sets mentioned

above were first of all composed for validation of VS

methods. Since both MD and free-energy calculations of

biochemical systems are much more computationally expen-

sive and labour-consuming than VS methods, until now

practical application of methods for free-energy calcula-

tions was limited to studies of the test sets of protein ±

ligand complexes including to 102 ligands.

III.2.a. Bacteriophage T4 lysozyme

Bacteriophage T4 lysozyme (from this point on, T4 lyso-

zyme), a catalyst of the glycosidic bond hydrolysis, is a

popular and well-studied test system used in the investiga-

tions of ligand binding by computer chemistry methods.

Indeed, more than 200 references are retrieved from Web

citation databases using search queries including the key

words `molecular simulation' and `T4 lysozyme'. The poly-

peptide chain of T4 lysozyme contains 164 amino acids and

folds into two domains. Mutations of T4 lysozyme allow

one to engineer cavities in the core of the molecule.182 ± 185

For instance, the L99A mutant (Fig. 5) has a buried hydro-

phobic cavity of volume *150 �A3 (Ref. 182), which can

Benzene

b-Helix

C-Domain

N-Domain

a b

Figure 5. Complex of the L99A mutant of T4 lysozyme with benzene.183

(a) Common topology of the complex (PDB record 181L), (b) the surface of internal cavity and the arrangement of cavity-forming amino
acid residues.
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expand upon binding.183 Benzene and its nonpolar deriva-

tives bind to this cavity with Kd& 0.1 mmol litre71. The

double mutant of T4 lysozyme, L99A/M102Q, serves a

model for polar binding site. X-ray diffraction data with

less than 2-�A resolution are available for complexes of T4

lysozyme and its mutants with different ligands. The struc-

ture of the cavity of T4 lysozyme mutants is stable even in

long MD trajectories in spite of mutual motions of protein

domains.137

Ligand binding to the buried cavity in T4 lysozyme

mutants is modelled by the methods based on analysis of

end states or on double alchemical annihilation. Table 1

presents the key results of free-energy calculations of this

system. The first rigorous calculations of DG �bind in the

active site of the L99A mutant of T4 lysozyme were carried

out taking a well-studied complex of the protein with

benzene as an example.137 The DG �bind value was defined as

the sum of the free energy DG �1 of reversible alchemical

annihilation of benzene molecule in the protein (obtained

from TI calculations) and the free energy DG �2 of transition
of benzene molecule from the gas phase to aqueous solu-

tion. The contribution DG �2 included analytically deter-

mined free energy of transition of benzene molecule from

the bound to the standard state in the gas phase DG �21 and

the experimentally determined standard free energy of

hydration of benzene DG �22. In the course of modelling the

motion of the centre of mass and rotation of the benzene

molecule in the active site were restrained by harmonic

potentials. The DG �21 value calculated using the force con-

stants equal to 100 kcal (mol �A2)71 and 100 kcal (mol

rad2)71 was 11.06 kcal mol71; the corresponding DG �1
values obtained for different conditions of calculations of

the potential energy U(r) were in the range from 715.37 to

716.50 kcal mol71. The final DG �bind values were 74.01 to

75.14 kcal mol71, which is in good agreement with the

experimental value equal to 75.19 kcal mol71.

Detailed calculations of the energy and entropy contri-

butions (DUbind and DSbind, respectively) to DG �bind were

carried out for the complex of the L99A mutant of T4

lysozyme with benzene.137, 187, 192 The average DUbind value

equal to 715.2 kcal mol71 was obtained for rigid exper-

imental protein structure from short-trajectory MD calcu-

lations; the corresponding entropy contribution for benzene

transition from the standard state in the gas phase was

6.7 kcal mol71.137 Estimation of the cratic entropy contri-

bution gave a close value of 8.4 kcal mol71. The configura-

tional entropy DSbind was also directly calculated using

alternative methods and the SBC model.187 The 7TDSbind

values determined from analysis of the root-mean-square

deviations using Schlitter's formula and from quasi-har-

monic analysis were in the range from 7.2 to

11.1 kcal mol71 (Ref. 187). The binding entropy DSbind

calculated using thermodynamic cycles included the config-

urational entropy, as well as the polarization and hydro-

phobic contributions;192 the total 7TDSbind value thus

obtained was equal to 4.4 kcal mol71, being the closest to

the experimental value of 2.8 kcal mol71.185

Calculations of the free energies of binding DG �bind for

complexes of mutants of T4 lysozyme with benzene deriva-

tives are more complicated and serve good illustrations of

the potential and bottlenecks of the available computational

approaches (see Table 1). The free energies of binding in the

complexes of the L99A mutant of T4 lysozyme with eleven

nonpolar ligands were obtained from FEP calculations

using the SBC model.141 Higher rigidity of the protein core

for the SBC model compared to the periodic lattice was

mentioned. By and large, the SBC model correctly describes

local fluctuations of atomic positions and the effect of

restraining potentials on DG �bind values. The absolute devia-

tions of the calculated DG �bind values from experimental

ones were in the range from 0.16 (for benzofuran) to

4.39 kcal mol71 (for p-xylene).

Table 1. Molecular simulation of ligand binding to the cavity of T4 lysozyme mutants.

Year Model Method Results Ref.

1995 L99A Calorimetry DGbind of 91 ligands; calculations and evaluation of 183

contributions to DGbind

1997 L99A MD, PBC, TI, DA DGbind of benzene taking into account standard conditions 137

2000 L99A MD, PBC, TI, DA, MD H2O DGbind of inert gases 186

in the active site

2005 L99A MD, SBC DSbind of benzene 187

2006 L99A/M102Q MD, PBC, BAR, DA DGbind of phenol and catechol 188

2006 L99A MD, SBC, FEP, DA DGbind of 11 ligands 141

2007 L99A Calorimetry, docking, PBC, BAR, Testing and predictions of DGbind for 18 ligands 189

DA, multiple binding poses,

rotation of amino acids

2008 L99A/M102Q Calorimetry, docking, MD, MM/GBSA DGbind of 33 ligands 190

2009 L99A/M102Q Calorimetry, docking, MD, PBC, BAR, DGbind of 13 ligands 191

DA, multiple binding poses, rotation

of amino acids

2010 L99A MD, SBC, FEP, DA, RE, rotation DGbind of p-xylene 65

of amino acids

2010 L99A MD, SBC DSbind of benzene 192

2011 L99A Docking, MD, FEP, DA DGbind 38 ligands 193

2011 L99A MD, DA, TI, RE, rotation of amino acids DGbind 12 ligands 102

2012 L99A MD, FEP, DA, RE, rotation of amino acids DGbind of benzene and p-xylene 194

2014 L99A/M102Q MD, density functional theory, MM/PBSA DGbind 8 ligands 195
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The accuracy of calculations of DG �bind values for com-

plexes containing small ligands in the cavity of T4 lysozyme

L99A/M102Q double mutant was improved by taking

account of rotational conformers of the side group V111

(Fig. 5 b) in the active site and by analyzing multiple

starting ligand orientations obtained by docking.188 The

need for forced expansion of the conformational space of

amino acid side groups is due to the fact that conventional

MD procedure usually deals with sluggish spontaneous

rotation of these groups. Blind test of the results of

calculations for five ligands gave correct, experimentally

confirmed data on distinction between four bound mole-

cules and one nonbinding molecule, arrangement of these

molecules in the active site and their free energies of bind-

ing.188 In the subsequent studies, simultaneous conforma-

tional changes in the side groups of a number of amino acid

molecules in the binding site were taken into account using

different versions of the RE method.65, 102, 194 For instance,

advanced accounting for the configuration space reduced

the deviation of the calculated DG �bind values from exper-

imental data for p-xylene to 70.26 kcal mol71.65, 141 Reli-

ability of free-energy calculations was also improved using

the AM1-CM2,141 AM1-BCC,188 and OPLS2.0 194 quantum

mechanical methods for calculating the atomic charge dis-

tributions in ligands.

In addition to conformational changes in the amino acid

side groups, ligand binding to the active site of proteins can

also influence the packing of the polypeptide chain of the

protein. Recent X-ray diffraction studies of complexes

containing benzene derivatives in the cavity of the L99A

mutant of T4 lysozyme showed that minor changes in the

ligand structure can cause large jumpwise conformational

changes in the protein core.196 Due to protein structure

relaxation the experimentally measured changes in DG �bind
appeared to be smaller than those that could be predicted

based on the changes in the physicochemical properties of

ligands. It is expected that structural changes in the protein

core in the complex with the ligand can be monitored in

sufficiently long MD trajectories.21, 196

III.2.b. bb-Trypsin
Yet another widely used test system for ligand binding

studies is serine protease b-trypsin (Fig. 6). Molecular

modelling of b-trypsin complexes with various ligands has

been a subject of several tens of publications (for key

results, see Table 2). The polypeptide chain of trypsin

contains 230 amino acids. The binding site of inhibitor

benzamidine having a total electron charge of +1 is located

near the catalytic site (catalytic triad of trypsin includes the

H57, D102 and S195 amino acid residues, see Fig. 6 a) and

is accessible to the solvated ligand through an open chan-

nel.197 Free trypsin is structurally similar to trypsin bound

to benzamidine. Experimental Kd values for the trypsin

complex with benzamidine vary between 7 and

15 mmol litre71 depending on the measuring conditions.181

Trypsin complexes with 500 ligands from the Maybridge

fragment library were tested within the framework of

research projects at the SAMPL open Internet forum.180, 181

The free energies of trypsin complexes with benzamidine

and other ligands were calculated by the FEP,200, 201, 207

TI,202 LIE,165, 203, 211 and MM/PBSA 206, 211 methods

(Table 2); the results obtained are in reasonable agreement

with experimental data. The entropy ± enthalpy compensa-

tion effects were studied and it was shown that close DG �bind
values can correspond to strongly different enthalpy and

entropy contributions.209

The open binding cavity of benzamidine (S4 domain in

Fig. 6 b) makes it possible to clearly determine the binding

path of the ligand in the active site. Earlier PMF calcu-

lations gave a qualitative description of dissociation of the

trypsin ± benzamidine complex.156, 199 Subsequent extended

studies disclosed intermediate complexes S1 ± S3 that pre-

cede the bound state S4.208 Recently, benzamidine binding

and dissociation have been studied in detail and the corre-

sponding rate constants, equilibrium constants and DG �bind
values were calculated.208, 212 ± 214 The rate constant for

dissociation of a complex of 12 independent trajectories

evaluated by the metadynamics method was 9.1 s71 (cf. a

value of 600 s71 determined experimentally).213 The rate

constant for association calculated using a known Kd

value 212 equals 1.186107 litre mol71 s71 (cf. experimental

a b

Figure 6. Complex of trypsin with inhibitor benzamidine.197

(a) Stereo image of b-trypsin ± benzamidine complex (PDB record 3PTB); (b) the surface of trypsin ± benzamidine complex (S1, S2, S3 are
intermediate binding sites and S4 is the equilibrium binding site).
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value of 2.96107 litre mol71 s71). Yet another method for

calculating the rate constants, namely, consideration of

model Markovian states for long MD trajectories

(*150 ms), makes it possible to study the kinetics of com-

plexation in both directions.214 The rate constants for

dissociation and association thus obtained were

1316102 s71 and 6.46107 litre mol71 s71, respectively.

Modelling and detailed analysis of the behaviour of the

system showed 214 that the binding kinetics is governed by

the interaction between the ligand and various conforma-

tional states of protein molecules along the kinetically

separated channels.

Summing up, studies on T4 lysozyme and b-trypsin
carried out in the last two decades clearly illustrate the

general trends in the development of methods for molecular

modelling of protein ± ligand complexes. The emphasis was

placed on various techniques for calculations of DG �bind and

projections of the free energy along the reaction coordinates

of the complexes. Methods for modelling the thermody-

namics of ligand binding to the open and buried binding

sites are available. Factors responsible for systematic errors

in computations were established. For instance, taking

account of conformational mobility of the protein and

ligand is of great importance for the determination of

exact values of free energies. Large-scale modelling of the

dynamics of biomolecules on the time scale from 1075 s to

1073 s enables direct calculations of both association and

dissociation constants of protein ± ligand complexes.

IV. Search for new drugs and molecular modelling

Modern search for and structural design of new drugs are

based on a wide range of experimental and computational

methods. Often, computer chemists, including the author of

this review, are asked `Is there really a case where a drug

that's on the market was designed by a computer?' 2 A short

answer is yes. However, the question formulation is incor-

rect because the design of a new modern drug is a complex

multistep process and requires the activity of many special-

ists. Practical implementation of a drug design project

begins with the chemical synthesis and selection of com-

pounds with respect to their biological activity followed by

detailed experimental studies of candidate compounds.

Based on the activity data, new compounds with higher

expected activity and improved bioavailability, physico-

chemical and pharmacokinetic properties or ADME are

synthesized. The efficiency of a drug is also characterized

by the therapeutic index equal to the ratio of the average

doses corresponding to 50% responses for toxicity and

therapeutic effect.131 Attainment of high therapeutic index

is preferable, but this condition is not always met. Often, the

chemical synthesis and activity tests are carried out in cyclic

manner. The use of computational methods in these steps

enables rational design and selection of compounds and

gives considerable advantages to those project teams whose

members are proficient with these tools. Computational

methods are important part of structure-based drug

design,6 ± 8 which is based on rational selection of chemical

compounds taking account of their structural features and

properties using detailed experimental data on the 3D

atomic structure of the target protein.

A widely used method of search for new ligands acting

on the biotarget is to carry out experimental screening of

test sets of known chemical compounds. Screening reveals

potential hits. Selection criteria for lead compounds include

binding to a specified biotarget in micromole amounts and

the possibility to improve the activity through chemical

modification. Total activity tests of large sets of chemical

compounds are most often unjustified and too expensive.

However, efficient pre-selection of potentially active struc-

Table 2. Molecular simulations of ligand binding to b-trypsin.

Year Method Results Ref.

1995 Grid-computed energies, docking, MD Gbind of benzamidine 198

1997 Microscopic and continuum models for the medium, MD PMF for benzamidine dissociation 199

1997 SBC, FEP, MC DDGbind of benzamidine derivatives 200

1998 SBC, MD, LIE DGbind of benzamidine derivatives 165

1998 SBC, MD, FEP, graphical representation of DG of groups DGbind of benzamidine 201

1999 SBC, MD, TI, expanded set DDGbind of benzamidine and benzylamine 202

2001 SBC, MD, LIE DGbind of inhibitors of different trypsins 203

2002 Docking, approximation of contributions to DGbind DGbind of benzamidine derivatives 204

2005 Docking, metadynamics DGbind of benzamidine derivatives 205

2005 Docking, quantum mechanics, MM/PBSA DGbind of 47 benzamidine derivatives 206

2008 Polarizable FF, PBC, MD, DA DGbind of benzamidine and diazamidine 207

2009 MD, PBC, calculations of DGbind from PMF PMF of benzamidine dissociation 156

2011 MD, PBC, determination of metastable states S17S4 DGbind and rate constants for benzamidine binding 208

along the PMF

2011 MD, PBC, calorimetry, binding to S3/S4 sites, DGbind of 8 benzamidine derivatives 209

entropy ± enthalpy compensation

2012 MD 2D PMF of benzamidine binding, collective coordinates 210

2012 MD, PBC, comparison of MM/PBSA and LIE DGbind of 34 benzamidine derivatives 211

2013 Metadynamics DGbind and PMF for benzamidine binding funnel 212

2015 Kinetics of binding and dissociation, metadynamics, DGbind of benzamidine 213

Markovian processes

2015 Metastable states, Markovian processes, DGbind and rate constants for benzamidine binding 214

microsecond-scale MD
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tures among a wide variety of compounds can be done using

computational methods (see, e.g., Refs 1 ± 4, 215 ± 222).

The choice of particular VS technique depends on the

character of available information on the target and active

ligands. One group of VS techniques takes account of the

ligand properties only, that is, descriptors of the 2D and 3D

structures and physicochemical properties. These methods

are computationally inexpensive and enable high-through-

put screening of virtual libraries containing millions of

compounds. In particular, model pharmacophores and 2D

templates of active molecules are widely used.1, 216, 218, 220

Pre-selection of candidate compounds is also achieved by

imposing restrictions on the physicochemical properties of

the new compounds.2, 218, 220 The next group of VS techni-

ques includes structure-based methods using data on the 3D

atomic structure of biotargets. An example of a structure-

based approach is provided by automated docking into the

active site; the procedure involves calculations of multiple

admissible structures of protein ± ligand complexes and

their energy stabilities.1 ± 3, 189, 218 ± 220, 223 ± 225 This group

also includes de novo design of chemical compounds given

the structure of the biotarget active site.2, 215, 216, 219, 221

When discussing the available methods, it is useful to pay

attention to systematization of modern terminology in

computational drug design.226

Virtual screening methods are widely used along with

experimental methods in the search for new BAC. Large-

scale VS techniques ignore conformational plasticity of

biotargets, which imposes significant limitations on the

quality of results obtained.219 Owing to approximate char-

acter, VS can give either false-negative or false-positive

results. Combining a number of VS techniques provides a

better filter of candidate compounds for experimental test-

ing. Successful application of VS methods in the design of

new drugs is well documented (see, e.g., Refs 2 ± 4,

215 ± 232).

Among computational approaches, comprehensive

information on physicochemical properties, reactivity of

compounds and binding to biotargets can be obtained by

molecular simulations of microscopic systems. Owing to

high computational cost it is appropriate to carry out free-

energy calculations of microscopic models in the optimiza-

tion of lead compounds. First of all, MS can serve to

monitor how changes in the chemical structure of a mole-

cule influence the binding affinity. Molecular modelling can

also be used to evaluate the free energies of binding to

specified antitargets and to assess the ADME properties. In

the last decade, the number of such studies has increased in

line with the development of computer hardware. The use of

VS and molecular modelling in drug design 215, 216 is illus-

trated in Fig. 7.

An example of joint use of VS and molecular modelling

(left side of Fig. 7) is provided by investigations of inhib-

itors of Dengue virus NS5 O-methyltransferase.227, 228 The

authors carried out step-by-step selection of structures from

a virtual library containing two million of compounds. A

pharmacophore and a 2D similarity search followed by

docking into the binding site of S-adenosyl-L-methionine

revealed a few dozens of potentially active compounds.

Subsequent bioassay testing rejected false-positive

results and demonstrated inhibitory effects

(IC50& 60 mmol litre71) for compounds containing a new

structural motif, namely, urea derivatives of adaman-

tane.227 Different binding positions of adamantane in the

binding site of the protein were studied using docking and

LIE methods. A comparative study of binding parameters

of antiviral adamantane-containing drugs amantadine and

rimantadine and urea derivatives of adamantane was also

reported.228

Design of non-nucleoside inhibitors of HIV reverse

transcriptase215, 229 ± 231 is a good example of application of

molecular simulations in the search for and optimization of

Search for new ligands for biotargets Molecular modelling and optimization of lead

compounds

Chemical synthesis
Purchasing of

compounds

Panel testing of target proteins

Lead compounds with Kd of the order of

a few mmol litre71

Starting ligand structure 3D-Structure of biotarget

Virtual screening of chemical

libraries
De novo Design

ADME filter

QSAR model

ADME filter and selection based

on binding to antitargets

Chemical synthesis

Testing

MS of refined structures

Lead compounds with Kd of the order

of a few nmol litre71

Figure 7. Pathways of computer-aided drug design.215, 216
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lead compounds (right side of Fig. 7). Large-scale MS/FEP

calculations of DGbind for new series of compounds were

used in combination with de novo design and bioactivity

tests. Initial research efforts were aimed at optimizing two

motifs selected from 100 lead compounds, namely,

U7Het7NH7Ph and Het7NH7Ph7U (U is unsatu-

rated hydrophobic group, Het is aromatic heterocycle and

Ph is phenyl group). As a result, by replacing thiazole by

pyrimidine as Het and appropriately choosing substituents,

EC50 was reduced from 10 mmol litre71 to 2 nmol litre71

(Refs 2, 215, 229, 230). Further studies revealed the possi-

bility to transfer the aromatic group to the distal region of

the binding site of HIV reverse transcriptase outlined by the

V106, E224, P225, P226, F227 and P236 amino acid

residues. Molecular design, binding free-energy calculations

and biotesting of new structures made it possible to synthe-

size oxadiazole and oxazole derivatives with high antiviral

activity, therapeutic index and bioavailability.215, 231

V. Conclusion

Molecular modelling of microscopic systems is a powerful

tool for studying the properties of biomacromolecules in

condensed media. Methods of molecular modelling are

widely used in basic research on the mechanisms of bio-

chemical processes. Calculations of phase trajectories of

atom-molecular ensembles provide detailed information on

mechanistic aspects of chemical transformations and, which

is equally important, underlie the possibility to obtain

rigorous estimates of macroscopic properties including

thermodynamic potentials, equilibrium constants and reac-

tion rate constants. The results of modelling are widely used

for independent interpretation of experimental data. Com-

puter simulations of model systems underlie the under-

standing of molecular mechanisms of action of many

biomolecules; in this respect, research into binding of

biomolecules to small ligands is of great importance.

Increased attention to free-energy calculations of biomolec-

ular systems is associated with better theoretical description

and capability enhancement of computational facilities.

Free-energy calculations of molecular ensembles by

statistical mechanics methods is a well-developed field in

modern theoretical chemistry and computer chemistry.

Comprehensive inclusion of the configuration space of the

system is of paramount importance for obtaining reliable

data from molecular simulations. As applied to protein ±

ligand complexes, this requires extended analysis of differ-

ent arrangement patterns of amino acid side groups and the

polypeptide backbone, taking account of ligand conforma-

tions and possible arrangement of surrounding water mol-

ecules. Unlike quantum mechanical calculations of isolated

molecules, free-energy calculations are far from being

highly automated although a variety of programs are

available. Construction of molecular models, preliminary

analysis of the properties of a system under study, the

choice of computational methods, carrying out MS and

analysis of results obtained imply human activity. Com-

puter simulations of biomolecular systems requires high-

skilled staff. At present, there is reasonable understanding

of methods for free-energy calculations in different situa-

tions.38, 64, 73, 143 Modeling of alchemical mutations and

determination of the potential of mean force along the

reaction coordinate are two main methods for calculating

the free energies of protein ± ligand complexes. Further

improvement of the accuracy and predictive power of

molecular modelling methods is first of all associated with

better description of the potential energy of microscopic

systems using new force fields 33 and quantum mechanical

techniques.4, 233, 234

Methods of molecular modelling are increasingly widely

used to solve applied problems and become of great impor-

tance for drug design.71, 157, 158, 215, 235 Molecular simulation

of protein ± ligand complexes gives a detailed description of

their structure and, in principle, makes it possible to study

the effect of binding on the functional dynamics of protein

molecules and the influence of allosteric effects on the target

activity.236, 237 Systematic errors in calculations of the free

energies of solvation and binding usually lie within

1 kcal mol71 (and higher). Among known computational

approaches, molecular simulations of microscopic systems

give the most realistic estimates of thermodynamic param-

eters of interactions between ligands and targets and can

therefore be used for rational optimization of lead com-

pounds.
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