
Abstract. A general strategy of molecular modelling ofA general strategy of molecular modelling of

biological receptors and their interaction with ligands isbiological receptors and their interaction with ligands is

considered. Procedures for construction of protein 3Dconsidered. Procedures for construction of protein 3D

models, molecular docking, model quality assessment andmodels, molecular docking, model quality assessment and

determination of the free energy of protein binding withdetermination of the free energy of protein binding with

ligands are discussed. Methods of molecular design of novelligands are discussed. Methods of molecular design of novel

drugs based on molecular models of biological targets,drugs based on molecular models of biological targets,

namely, virtual screening andnamely, virtual screening and de novode novo design are presented.design are presented.

Application of the approaches listed above to modelling ofApplication of the approaches listed above to modelling of

a number of pharmacologically significant receptors, anal-a number of pharmacologically significant receptors, anal-

ysis of receptor ± ligand interactions and design of novelysis of receptor ± ligand interactions and design of novel

biologically active organic compounds is exemplified. Thebiologically active organic compounds is exemplified. The

bibliography includes 314 referencesbibliography includes 314 references..

I. Introduction

Receptors of physiologically active compounds (PAC) usu-

ally represent partially glycosylated protein molecules

present in cell membranes (or in cell organoid membranes).

The biological function of such proteins is to transmit an

external signal to a cell (or a cell organoid). Transmission

occurs by binding molecules of a natural agonist (a neuro-

mediator or a hormone). This causes specific conforma-

tional changes of the receptor molecule and is followed by

intracellular (intraorganoid) signal transduction through a

release of secondary messengers (in the case of metabo-

tropic receptors) or initiation of transmembrane ionic

currents (in the case of ionotropic receptors). It is receptors

that are involved in control of main biological functions of

organisms on the cell level.

Organic molecules introduced into an organism can also

bind to the receptor protein macromolecules and thus cause

conformational changes in them (in the case of full or

partial agonists) or, vice versa, block them (in the case of

antagonists), or change the intensity of intracellular

response (in the case of modulators). Organic molecules

control the biological function of an organism by affecting

the transduction of intracellular signals. This underlies the

possibility of treatment of various diseases with correspond-

ing drugs. In addition to enzymes, PAC receptors belong to

main types of biological targets for drugs. Therefore,

knowledge of the 3D structures of PAC receptors and

especially their binding sites with organic ligands is impor-

tant for the development of novel drugs.

The main method of investigation of the 3D structure of

biological macromolecules is X-ray analysis. Probably, in

the near future these studies will also be carried out by

NMR spectroscopy, but at present the application field of

this method is limited to studies of small peptide molecules

as well as segments or domains of complex protein mole-

cules. The major limitation of X-ray analysis is the need to

grow crystals of the objects under study. Crystals of small

water-soluble proteins can be grown with relative ease, but

crystals of proteins and protein complexes incorporated

into cell membranes are very hard to grow. The last-

mentioned type includes most PAC receptors localized in

the cell membranes. The 3D structures of only a few such

receptors have been experimentally investigated so far. That

is why theoretical prediction of the 3D structure of PAC

receptors and computer modelling of their interaction with

molecules of biologically active organic compounds is a

priority problem in medicinal chemistry and pharmacology.

II. Methods of molecular modelling of proteins

Molecular modelling of a PAC receptor usually involves

construction of a crude model of the 3D molecular structure

followed by model refinement, molecular dynamics studies

of the dynamic properties of the receptor macromolecule

and theoretical studies of protein ± ligand interactions.
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1. Construction of protein 3D structures using comparative
modelling
At present, the initial protein structure is most often

constructed using comparative modelling, which is also

called homology modelling. Here, the 3D model of the

protein macromolecule is constructed starting from its

amino acid sequence by transferring experimental informa-

tion on the known template proteins to the proteins being

modeled. This can be done either globally or locally.

On the global level, information transferred to the

modelled protein includes the spatial structure of the

template protein backbone specified by positions of Ca

atoms (usually, but not necessarily, within such structurally

conserved regions of the secondary structure of the protein

molecule, as a-helices, b-layers, etc.). This approach is

based on the idea that all native proteins are a result of

long molecular evolution, which on the genetic level can be

described as a sequence of mutations (with some complica-

tions due to exchange of genetic material by, e.g., crossing-

over). This means that the molecular evolution of proteins

involved successive point substitution of amino acids and,

probably, insertion or removal of small segments of amino

acid sequences. To carry out the biological functions in a

living organism, it is of crucial importance to conserve

particular features of the 3D structure of the protein

molecule.

For an organism to survive, all proteins should function

correctly; therefore, the 3D structures of evolution-related

native proteins should be similar at least on the global level.

Hence, on the macrolevel, information on the 3D structures

of native proteins can be transferred from one or more

template proteins with experimentally determined 3D struc-

tures to the evolution-related native proteins whose mole-

cular models should be constructed. The higher the

similarity between the primary structures of the modeled

protein and the template protein the closer the evolutionary

relation between them and the better the 3D model. Proteins

with similar amino acid sequences are always evolutionarily

related and have similar 3D structures. However, the

reverse is not always true because sometimes proteins with

strongly different amino acid sequences have similar

3D structures. An example is provided by the family of

G-protein coupled receptors (GPCR), which indicates a

remote evolutionary relation between them. In such cases,

other relevant criteria should be used.

Information transfer on the local level occurs while

constructing side chains of all amino acids as well as for

building protein loops. In these cases, the side-chain

rotamer library and the protein loop database are used.

This information is taken from the analysis of the 3D struc-

tures of all known proteins rather than the evolution-related

proteins only.

Comparative modelling of proteins involves the follow-

ing steps: 1) choice of the template protein; 2) amino acid

sequence alignment for the modelled and template proteins;

3) modelling of the 3D structure of the protein under study;

and 4) model quality assessment.1 Usually, the first and

second steps are carried out concurrently.

a. The choice of template protein and the amino acid sequence

alignment

Comparative modelling begins with choosing an evolution-

related template protein with the known 3D structure for

the protein being modelled. This can be done by, e.g.,

comparing the amino acid sequence of the modelled protein

with those of all proteins with known 3D structures. The

proteins for which the degree of similarity between the

amino acid sequences is higher than a particular threshold

value can be chosen as templates. In this case, the primary

protein structures are compared using the sequence align-

ment procedure, which involves the search for such a

mutual arrangement of the amino acid sequences in corre-

sponding rows of a matrix, at which amino acids in each

column exhibit identical or similar properties. If necessary,

gaps are inserted; this is usually done if they correspond to

the amino acids absent in the structurally conserved regions

of the secondary structure, in particular a-helices and

b-layers. There are two types of sequence alignment,

namely, global (amino acid sequences of similar length are

compared) and local (a sequence is compared with a seg-

ment of a longer sequence). Usually, global and local

sequence alignment use algorithms based on the dynamic

programming methods,2, 3 viz., the Needleman ±Wunsch

algorithm 4 in the former and the Smith ±Waterman algo-

rithm 5 in the latter case. Both of them involve combinato-

rial minimization of the total penalty function for difference

between the amino acids in the same matrix column. This

function is calculated using preselected empirical substitu-

tion matrices 6 determining penalties for different types of

amino acids. The most widely used types of substitution

matrices include the PAM7 and BLOSUM8 matrix families,

the latter being more preferable in homology modelling

using the structures of evolutionary distinct proteins.9

Sequence alignment can be either pairwise or multiple

(involving three and more sequences). Usually, multiple

alignment enables construction of more correct molecular

models, even when using only the amino acid sequence of a

single template protein.

The choice of the template protein and the sequence

alignment often assume search in very large databases

including all known amino acid sequences. This is usually

done with such programmes, as FASTA 10 and BLAST 11, 12

(for pair sequence alignment) and PSI-BLAST 12, 13 (for

multiple sequence alignment). However, it should be noted

that the FASTA and BLAST programmes were designed to

provide maximum performance necessary for operation

with large databases and therefore the quality of sequence

alignment is not always high. Because of this it is appro-

priate to perform sequence alignment using software

designed for more thorough operation (e.g., the

CLUSTAL 14 ± 16 and COFFEE 17, 18 programme families)

in the first step and then carry out molecular modelling.

An alternative method of search for the template protein

and sequence alignment is called the threading method.19, 20

This is an efficient computational method of protein fold

recognition 21 and prediction of protein structures.22, 23 It is

based on the idea that the molecular evolution mainly

occurs by creating mutations without changing the protein

fold. The emergence of a new protein fold is a very rare

event and therefore a relatively small number of protein

folds (about 1500 ± 1600) are known; they are responsible

for a vast variety of protein structures formed in the course

of evolutionary development. By all accounts, the emer-

gence of much larger number of protein folds is impossible.

Proteins experimentally studied to date by X-ray diffraction

analysis and NMR spectroscopy belong to 1100 protein

folds. Therefore, it is highly probable (probability is

70%± 80%) that an arbitrarily chosen protein is character-

ized by a protein fold for which there is at least one

compound with the known structure and, therefore, the
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protein 3D structure can be predicted using comparative

modelling.

In the threading method an amino acid sequence of the

modelled protein is `threaded' through all protein folds

available in the library using dynamic programming meth-

ods.2, 3 Then, the protein fold, which best matches the

sequence under study, is determined using a specially

derived empirical energy function. The description of the

protein fold includes characterization of its 3D structure;

therefore, this procedure is also called the 1D ± 3D-align-

ment. The empirical energy function used in this case is of

statistical nature, i.e., it is related by the Boltzmann relation

to the occurrence probabilities of the given types of amino

acids in certain structural environment (e.g., outside or

inside a protein globule and within each element of the

secondary structure) and to the occurrence frequencies of

these types of amino acids at a particular distance from one

another.24

b. Modelling

Construction of the 3D structure of the protein molecule by

comparative modelling is based on information obtained by

sequence alignment of the modelled protein and one or

more template proteins, on the 3D structures of the tem-

plate proteins and on the statistics of distributions of local

geometric parameters over the whole set of proteins with

known 3D structures. At present, there are three main

methods of modelling,25 namely, 1) fragment assembly;

2) segment matching; and 3) transfer of statistical distribu-

tions of geometric parameters.

Fragment assembly. The fragment assembly technique is

the historically first approach to constructing protein 3D

structures by comparative modelling. The technique is

based on the following empirical regularity: the structures

of the proteins included in the closely related family (e.g., in

the family of mammalian serine proteases) comprise two

types of segments.26 The 3D structures of the first type of

segments are strictly conserved within the family of pro-

teins; therefore, they are often called `structurally conserved

regions'. Usually, they are built of stable elements of the

secondary structure, in particular a-helices and b-sheets.
Contrary to this, the 3D structures of the second type of

elements vary significantly within the family of proteins.

Usually, they correspond to loops in actual protein struc-

tures and therefore this type of segments is conventionally

(within the context of this method of modelling) called

loops.

The fragment assembly technique in the first stage

involves assembly of structural fragments of the protein

being modelled within the structurally conserved regions by

transferring the atomic coordinates of the template protein

backbones to the modelled protein. Then, a search for the

structure in the loop database is carried out for each loop in

this protein molecule. The database is formed using the

results of analysis of all proteins with known 3D structures.

The most appropriate among the loops selected, i.e., those

best matching the available protein fragments and the

closest in homology to the corresponding amino acid

sequences of the modelled loops, serve templates for speci-

fication of atomic coordinates of the protein backbone

within the loops of the modelled protein. Then, the side-

chain atomic coordinates are specified for all amino acids

using the data retrieved from the rotamer library, which

includes, for each type of amino acids and for each type of

secondary structures, the values of torsion angles charac-

terized by the highest occurrence frequency. A large number

of modifications of this procedure are available, which

differ in details.27 The most widely known programme

implementing this approach called COMPOSER28 was a

module of the SYBYL programme package.

Segment matching. Comparative modelling using the

segment matching technique is based on the division of the

modelled protein into small segments and modelling of each

segment using particular segments of the protein molecule

with known 3D structures as templates chosen upon local

sequence alignment.29

Transfer of statistical distributions of geometric parame-

ters. At present, the method of transfer of statistical

distributions of geometric parameters is most often used in

modelling protein 3D structures.30 The technique can be

considered as an extended method of distance geometry,

which makes it possible to generate molecular conforma-

tions relevant to (possible) geometric constraints on inter-

atomic distances.31, 32 A fundamental difference between the

approach in question and the distance geometry method is

that in the former case each geometric constraint is

described by the probability density function of distribution

of the corresponding geometric parameter parameterized

using the set of proteins with known geometries rather than

the exact minimum and maximum values of this parame-

ter.30 In the framework of this approach, two main types of

the probability density function of the distribution of geo-

metric parameters are used. These are the distances between

Ca atoms (carbon atoms of the backbone) and internal

geometric parameters (bond lengths, interatomic distances,

bond angles and torsion angles) of the protein molecule.

The distributions are approximated starting from the

known geometry of the template proteins for the first type

of geometric parameters and using a large set of proteins

with known 3D structures for the second type.

By summing negative logarithms of the probability

density functions for different geometric parameters one

gets the molecular probability density function, which

depends on the atomic coordinates in the protein molecule.

This function is pseudoenergy in character and its value

equals the sum of the contributions of the geometric

parameters listed above. Each contribution is determined

by the occurrence frequency of the corresponding parameter

in the protein database with known geometries used in

parameterization. All atomic coordinates of the modelled

protein are determined by optimizing the molecular proba-

bility density function using nonlinear programming meth-

ods.30 An example of software implementation of this

method is provided by the programme MODELLER,33 ± 38

which was used for comparative modelling of a large

number of PAC receptors. The comparative modelling

mode of the programme Rosetta operates in a similar

fashion.39 ± 41

Accuracy of homology modelling. It is accepted that the

accuracy of homology modelling depends on the degree of

similarity between the amino acid sequences in the modelled

protein and in the template protein. It is believed 25 that if

the degree of similarity is higher than 50%, the correspond-

ing models are quite reliable, possible errors usually concern

only the side-chain conformations and the root-mean-

square deviation from experimentally determined structures

is *1 �A. If the degree of similarity of the primary structures

is in the range 30%± 50%, incorrect backbone conforma-

tions within loops appear; if this parameter is less than

30%, the folding type of the protein backbone also may
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appear to be wrong and the root-mean-square deviation

from experimental data may be larger than 3 �A.25 However,

these estimates should not be treated as a dogma, because

often (in, e.g., modelling of GPCR) a reasonable-quality

model can be constructed at even lower degrees of similarity

between the amino acid sequences.

c. Model quality assessment

Modelling of protein 3D structures is an ambiguous proce-

dure because it is affected by a large number of factors

including the choice of template proteins, details of the

sequence alignment procedure, the choice of a random

starting point for geometry optimization, etc. Therefore,

the protein model quality assessment procedure is of great

importance, because it allows one to select the best models,

reveal errors in them and introduce necessary corrections to

the modelling. At present, there are five main approaches to

quality assessment of the 3D models of protein macro-

molecules, namely, comparison with results of biological

experiments, the use of geometric criteria, the method of

statistical potential, physicochemical approaches and stat-

istical learning methods.

Comparison with results of biological tests. The most

efficient and often used method of verification of protein

3D models is site-directed mutagenesis, which uses genetic

engineering principles.42, 43 In particular, it allows one to

change the type of any amino acid in the protein molecule,

which enables experimental investigations of the effect of

this replacement on any protein function. In this case, the

criterion for correctness of the 3D model is the possibility to

explain the observed effect of the replacement of the amino

acid on the protein function under study (e.g., intracellular

response under the action of a particular agonist localized in

the cell membrane of the receptor of physiologically active

compounds) using this model. In the latter case the most

pronounced changes should occur in intracellular response

upon replacement of amino acids in the nearest environ-

ment of the agonist molecule within the binding site.

Thus, using information obtained in the course of

genetic engineering experiments on site-directed mutagene-

sis, one can carry out partial or even full mapping of the

receptor molecule. This enables exact identification of the

binding sites of different ligands and provides valuable

information for the choice of correct 3D model. This

principle underlies, in particular, iterative procedures for

refinement of the model including a number of successive

steps: 1) construction of the comparative model of a pro-

tein; 2) listing, according to the model constructed, of the

amino acids forming the binding site; 3) replacement of

these amino acids by, e.g., alanine using site-directed muta-

genesis; 4) measurements of functions of the mutant mole-

cules; 5) comparison of experimental data with the results

of prediction based on the protein 3D model; and 6) revi-

sion of the protein model in the case of mismatch (if

necessary). This iterative procedure was used to construct

a 3D model for the cholecycstokinine receptor.44, 45

However, one should not overestimate the potential of

site-directed mutagenesis in verification of the quality of 3D

models, because changes in the mutation-induced biological

response can proceed by many different mechanisms, which

can also not be related to position of a given residue in the

active site of the protein. In particular, point mutations can

cause global changes in the 3D structure of the protein

molecule and influence the occurrence probability of con-

formational rearrangements necessary for functioning of

the protein. In addition, mutations of the amino acids

distant from the active site can influence the ligand access

to the active site and the incorporation of the protein into

cell membranes. Therefore, one should use additional cri-

teria for correctness of models constructed.

The protein model quality can be assessed using bio-

logical experiments aimed at revealing glycosylation sites.

In this case, the criterion for model correctness is the

presence of the amino acids being glycosylated on the

surface of the protein globule contacting the aqueous

phase. This can also be achieved by elucidating palmitoyla-

tion sites, which should also be located on the protein

surface, but they should be localized near the membrane

edges.

Geometric criteria. Verification of the geometric criteria

in the constructed protein 3D model involves calculations of

all bond lengths and bond angles. Clearly, the deviation of

at least one value from the standard values indicates local

errors in the model. This is also indicated by the too short

distance between two nonbonded atoms in the molecule.

Many local errors can be eliminated in the course of

subsequent model refinement during geometry optimiza-

tion.

Calculations of the absolute stereochemical configura-

tions of the Ca-atoms (carbon atoms of the protein back-

bone) and the Cb-atom of isoleucine side chain are a

necessary step in model quality assessment. Clearly, the

stereochemical configuration R of at least one of these

centres indicates a severe error in the model. In addition,

the stereochemical configurations of the atoms mentioned

above should be determined repeatedly and in all stages of

modelling, because an incorrect configuration can appear

even in the final steps in the course of molecular geometry

optimization by the molecular mechanics and molecular

dynamics methods. This also holds for verification of the

trans-configurations of all amide bonds in the protein

backbone. Among the geometric criteria, one should also

verify the out-of-plane deviation of atoms in all benzene

rings in the phenylalanine and thyrosine residues, in hetero-

cyclic rings in the tryptophan and histidine residues, in the

guanidinium group of histidine, in all carboxyl and carba-

mide groups and in the environment of all amide bonds in

the protein backbone.

In verifying geometric criteria one should analyze the

distributions of the torsion angles j and c in the protein

backbone. For each type of amino acids, the values of these

angles are used as coordinates in determining the position of

corresponding amino acid in the Ramachandran plot. In

this case, the role of criterion for correctness of the 3D

model for the protein molecule is played by the number of

amino acids in the forbidden regions in the Ramachandran

plots. This parameter should not be much larger than the

corresponding number in the experimentally determined 3D

structures of the template proteins involved in comparative

modelling.

The method of statistical potential. On the local level, the

correctness of information transfer to the modeled proteins

is controlled using the geometric criteria mentioned above.

On the global level (see above), statistical potentials 24, 46 ± 49

are used. In this case, a statistical potential is a function

characterizing the relative { probability of a given 3D

structure of the modelled protein. The probability is

{ Relative to reference state with randomly arranged amino acids.
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expressed in energy units using the Boltzmann relation.

These functions are additive with respect to the contribu-

tions made by all structural features (e.g., contacts between

these types of amino acids or a particular structural envi-

ronment of a given type of amino acids). Each contribution

is determined by statistical analysis of the relative occur-

rence frequency of corresponding structural features in the

database including all known protein 3D structures. Empir-

ical functions used in the threading method (see above) also

belong to statistical potentials.

Statistical potentials can be used in model quality assess-

ment in a global or in a local mode. In the former case, the

statistical potential is calculated for the entire protein

molecule and then used to select the best model. This is

just the case for the statistical potential DOPE 50, 51 used in

the MODELLER programme.33 ± 38 In the local mode, the

statistical potential is calculated for each amino acid residue

and then used to plot the so-called 3D-profiles,52 which

characterize the dependence of the partial statistical poten-

tial on the number of the amino acid residue. The 3D-pro-

files can reveal particular, incorrectly modelled segments in

the protein molecule. This methodology was implemented

in a number of programmes and Web-services, in particular

Verify3D 21, 52, 53 and ProSA.46, 54 However, one should

keep in mind that the methods mentioned above were

parameterized for globular proteins. Therefore, in model-

ling membrane-bound receptors these methods should be

used only to check the correctness of modelling of the

extracellular and intracellular domains in aqueous environ-

ment.

Physicochemical approaches. Physicochemical methods

of model quality assessment are based on the molecular

mechanics calculations of the total energy of the protein

molecule using the force fields with implicit inclusion of

solvation effects. An example is provided by the EFF force

field,55, 56 which allows one to distinguish between the

native conformation of the protein molecule and incorrectly

constructed molecular models.

Statistical learning methods. Since there is a variety of

methods for quality assessment of the 3D model for protein

molecules, the choice of the most relevant techniques and

their combination to provide higher quality of recognition

of the correct molecular models compared to individual

methods becomes topical. At present, this is usually

done using modern statistical learning methods, such as

artificial neural networks 57 ± 59 and the support vector

machines.60 ± 62 In a very early study, artificial neural net-

works were used to improve the performance of the

GenTHREADER programme by combining the statistical

potential used in the threading method, the scoring function

describing the quality of the sequence alignment procedure,

the length of the simulated amino acid sequence and some

other characteristics.63

The support vector machines were used 51 to combine

the statistical potential DOPE,50, 51 three statistical poten-

tials used in the system MODPIPE } and two scoring

functions PSIPRED/DSSP 68 ± 70 in order to derive a new

scoring function, which permits best recognition of correct

3D model for protein molecules.

2. Ab initio molecular modelling of proteins
A clearly seen drawback of comparative modelling methods

is the impossibility of constructing 3D structure of the

proteins provided no appropriate template protein.71 ± 75

Recently, template-free ab initio methods of molecular

modelling have been used in these cases. The most widely

used programme for ab initio molecular modelling is

Rosetta,76 ± 80 which involves construction of a protein 3D

model by assembly from microfragments using a stochastic

procedure for minimization of the empirical energy function

(in essence, it is similar to the statistical potentials men-

tioned above). The SimFold programme 81 operates simi-

larly; here molecular modelling is accompanied by

minimization of the same-name energy function, but this

function is of physicochemical nature. One should keep in

mind that ab initio modelling of large protein molecules

gives less accurate models compared to those obtained by

comparative modelling provided appropriate template pro-

teins.

3. Model refinement and investigations of the dynamic
properties of receptor macromolecules
Three-dimensional comparative modelling of the receptor

molecule is with necessity followed by model refinement by

optimizing the molecular geometry using the molecular

mechanics 82, 83 with empirical force fields.84 Often, the

optimized geometry of the protein molecule is used as

starting point in molecular dynamics simulation.83, 85 In

these cases, the molecule of a water-soluble protein (or a

protein domain contacting water) is usually placed into a

cube (sometimes, an octahedron or a sphere) filled with

water molecules, thus simulating solvation; certain counter-

ions are also added to obtain a zero total electric charge.

The solvation effect is also included using continuum

models for solvation (e.g., the Born model). When simulat-

ing domains of PAC receptors incorporated into cell mem-

branes, the model protein is embedded into a preliminarily

prepared molecular model for lipid bilayer (for an example,

see Ref. 86).

Molecular dynamics simulation is usually aimed at the

following. First, simulation on short time scale allows one

to refine the molecular geometry because the system can go

out of shallow local energy minima, while simulation on

long time scale enables monitoring of the effect of the

medium (e.g., membrane) on the protein structure. Second,

molecular dynamics simulation on a particular time scale

after attainment of equilibrium gives averaged values of

geometric parameters and energy characteristics, which can

be compared with experimental data. This particularly

concerns investigations of protein ± ligand complexes.

Third, if the time scale of molecular dynamics simulation

is longer than 5 to 10 ns, one can study the dynamic

properties of macromolecules. As applied to simulation of

PAC receptors, this means the possibility of studying con-

formational transitions in the protein macromolecule,

which lead to receptor activation, which is necessary for

search for potential drugs affecting the receptor fanction.

The molecular mechanics and molecular dynamics sim-

ulation of PAC receptors and their complexes with ligands

is most often carried out with the following programmes

and programme packages: AMBER,87, 88 CHARMM,89

NAMD,90 GROMOS 91 and GROMACS.92
} Automated system of comparative modelling of protein molecules based

on the PSIBLAST programme 12, 13 for sequence alignment and on the

MODELLER programme 33 ± 38 for modelling of the 3D structure.64 ± 67
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4. Critical assessment of methods for protein structure
prediction
To obtain an unbiased assessment of which methods,

software and computational servers make it possible to

construct the most accurate protein 3D models, experiments

on prediction of protein 3D structures starting with amino

acid sequences have been carried out regularly since 1994.

In the course of this experiment called Critical Assessment

of Techniques for Protein Structure Prediction (CASP),

research groups participate in a specific contest aimed at

checkout of the predictive power of the approaches they

have proposed. Each participant gets amino acid sequences

of proteins with unknown 3D structures (only the organ-

izers know them). All participants have to construct the 3D

models of these proteins. The results of comparison of the

model structures with the experimentally determined 3D

structures are regularly (biannually) reported at the URL

http://predictioncenter.org. In addition, detailed reports on

the experiments are published in special issues of the journal

`Proteins', which are also accessible from this server.

Thus, by studying the published literature one can

obtain an objective picture of the potential of methods of

protein 3D structure prediction, which helps any user to

correctly choose the software for modelling of proteins of

interest.

5. Modelling of ligand ± receptor interaction
The last step in molecular modelling of PAC receptors is

research on their interaction with ligands. This step is the

most important step for drug design purposes. Analysis of

ligand ± receptor interactions is usually aimed at two main

goals, viz., to describe in detail the mode of ligand binding

to the binding site of the receptor and to use information

thus obtained in search for new ligands for a given receptor.

a. Molecular docking

The main method for prediction of binding of a biological

macromolecule to a ligand is molecular docking.93 ± 98 It

allows the energetically most favourable arrangement of a

ligand in the binding site of the biological macromolecule to

be determined. At present, molecular docking and analysis

of its results play a key role in the search for novel

drugs,99 ± 104 thus being of great importance for medicinal

chemistry. It should be emphasized that the results of

docking of not only small organic molecules, but also

small peptides and even whole protein molecules (the last-

mentioned case is called protein ± protein docking 105 ± 109)

into biological targets are also important. Indeed, detailed

knowledge of the structure of a complex between a receptor

and a peptide ligand provides valuable information for the

design of peptidomimetics (small organic molecules simu-

lating the action of peptides),110 ± 115 while knowledge of the

structure of protein ± protein complexes facilitates the

design of novel drugs whose biological action is due to

inhibition of protein ± protein interactions by small organic

molecules.116, 117

Initially, the aim of molecular docking was to find an

optimum arrangement of a ligand molecule relative to the

biological target (mainly, protein) molecule without consid-

ering, in explicit form, the possibility of structural rear-

rangements in each of them upon binding (`rigid' biological

target ± `rigid' ligand docking). Here, the `key' (ligand) ±

`lock' (protein biological target) procedure is used.118 The

most efficient method for practical implementation of this

technique is to describe the `key' and `lock' forms (by, e.g.,

the molecular surfaces or Fourier spherical harmon-

ics 119 ± 121) and to search for such mutual arrangement of

these forms in space, at which they can become comple-

mentary to each other.122

An alternative and more traditional method of docking

is to search for the most energetically favourable `key' ±

`lock' configuration using stochastic optimization techni-

ques (e.g., genetic algorithms and simulated annealing

algorithms).123 In the latter case, in order to improve the

efficiency of calculations, the interaction energy is usually

calculated by interpolating the values obtained from pre-

liminary calculations at the latice nodes.124 At present,

almost all docking programmes include algorithms for

taking into account conformational flexibility of small

molecules ligands, while new versions of software also

partially take into account protein flexibility at least by

`tuning' the side-chain amino acid conformations in the

binding site.125 Methods for inclusion of protein backbone

flexibility in the course of docking were reported.126 ± 128

Usually, the key factor precluding the inclusion of the

protein molecule flexibility is an abrupt decrease in the

performance of software.

At present, the most widely used programmes for dock-

ing of small ligands are as follows: DOCK,129 ± 132

AUTODOCK,123, 133 ± 135 GOLD,136, 137 Glide138 ± 140 and

FlexX.141 ± 144 A number of comparative studies have been

reported (see, e.g., Ref. 145). The most widely used pro-

grammes for protein ± protein docking are Rosetta-

Dock,146, 147 ZDOCK 148, 149 and PatchDock.150

b. Estimation of the free energy of binding and ligand ranking with

respect to receptor affinity

Quantitative estimates of the free energy of protein ± ligand

interaction (in fact, binding constants) are valuable for the

purposes of medicinal chemistry because it is this parameter

that is responsible for the biological activity of a ligand.

There are the nonempirical, semiempirical and empirical

estimation techniques.

A nonempirical method of estimation of the free energy

of protein ± ligand interaction usually means a group of

similar methods based on rigorous use of statistical thermo-

dynamics formalism and differing in details of the integra-

tion procedure; these are the free energy perturbation

technique, thermodynamic integration method and the

slow growth method.151 ± 153 Basic to these methods is

construction of a thermodynamic cycle including `alchem-

ical' stages of gradual transformation (`mutations') of a

chemical structure to another one. Each `mutation' involves

a large number of intermediate `non-physical' states. For

each state, the trajectory-averaged internal energy of the

system is determined by thorough molecular dynamics

simulation and then used in the integration to calculate the

free energy of `mutation'. This procedure is rigorous and

therefore the results thus obtained are in good agreement

with experimental data. Nevertheless, its practical imple-

mentation is computationally too expensive due to the need

for molecular dynamics simulation of a large number (at

least several tens) of `non-physical' states. As a conse-

quence, practical implementation of the ab initio methods

of free energy calculations for the purposes of medicinal

chemistry is limited to investigations of the interaction of

only one or a few candidate organic ligands with the

biological target macromolecule.

Unlike the ab initio approaches, semiempirical methods

do not involve molecular dynamics calculations of numer-
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ous `non-physical' states and therefore their computational

cost is more than tenfold lower. One of the most widely used

semiempirical methods is MM-PBSA (MM-GBSA),154 ± 157

which combines the molecular dynamics calculations of the

average energy of protein ± ligand interaction, estimation of

conformational entropy of the complex by calculating

normal vibrational frequencies, calculations of electrostatic

component of the energy of solvation according to Pois-

son ± Boltzmann 158 or using the generalized Born

method,159 and estimation of hydrophobic contribution to

the energy of solvation using calculations of the solvent-

accessible surface area.160

An alternative to the methods mentioned above is

provided by a simpler, although less accurate, method of

linear interaction energy (LIE).161 It is based on estimation

of the free energy of formation of a protein ± ligand complex

using an empirical relation including some fitting parame-

ters which allow for the changes in the electrostatic and

Lennard-Jones components of the internal energy upon

complexation. The necessary contributions to the energy

can be calculated using the molecular dynamics simulation.

Semiempirical methods can also be applied to small sets

including a few tens of molecules; they are successfully used

in the search for novel drugs. Nevertheless, the need for

molecular dynamics simulation still makes semiempirical

methods rather labor-consuming and therefore inappropri-

ate for screening of large databases of organic compounds.

Very fast semiquantitative estimation of the free energy

of receptor ± ligand interaction or a simple ranking of

ligands with respect to the receptor affinity can be done

using empirical scoring functions.162 ± 165 To calculate them,

one should only know the 3D structure of the protein ±

ligand complex, which can be determined upon completion

of the docking procedure. Therefore, the scoring functions

are usually calculated immediately after completion of this

step. At present, there are three types of scoring functions,

viz., molecular-mechanical, physicochemical and knowl-

edge-based ones.

The molecular-mechanical scoring functions can be used

for the determination of a correct position of a ligand

within the receptor cavity in the course of docking and for

approximate estimation of the free energy of complexation.

These scoring functions represent the molecular-mechanical

force fields augmented with means for estimation of the

energy of solvation and conformational entropy. Examples

are provided by the scoring functions in the programmes

AUTODOCK,123 GOLD (GoldScore function) 136, 137 and

the programme package Sybyl (D-Score function)

(www.tripos.com).

The physicochemical (empirical) scoring functions

include contributions of particular nature, that is, the

contributions responsible for hydrophobic interaction, for-

mation of hydrogen bonds and salt bridges, freezing of

internal rotation in the course of complexation, etc. Coef-

ficients at these contributions are usually chosen using

multilinear regression analysis in such a manner that the

experimental values of the free energies of complexation for

the protein ± ligand complexes with known 3D structures be

reproducible. Examples are provided by the scoring func-

tions Score1,166 Score2,167 Score,168 X-Score,169, 170 and

F-Score incorporated into the Sybyl programme package,

as well as the functions ChemScore,171, 172 LigScore,173 PLP

and LUDI incorporated into the Cerius programme pack-

age 2 (http://accelrys.com/products/cerius2/) and HINT.174

The knowledge-based scoring functions obey the same

principles as the statistical potentials mentioned above.

Their calculation includes determination of the number of

contacts between the ligand and protein atoms. The con-

tribution of each type of contact is calculated from the

corresponding relative occurrence frequencies in the data-

base including known 3D structures of protein ± ligand

complexes after conversion to energy units using the Boltz-

mann relation. The numbers of contacts thus obtained can

be used for ligand ranking with respect to protein affinity.

In the families of related proteins, they correlate with the

free energy of protein ± ligand binding. Examples are pro-

vided by the scoring functions PMF,175, 176 DrugScore,177

SmoG,178 ± 180 BHB,181 and ITScore.182, 183

Although a large number of scoring functions have been

developed, none of them proved itself as reliable tool for

estimation of protein ± ligand binding constants or at least

for ligand ranking with respect to protein affinity. There-

fore, recently researchers have paid increasing attention to

the approach based on the search for `consensus' of pre-

dictions made using different scoring functions.184 ± 187 This

method repeatedly proved itself as efficient. There are

several strategies of search for `consensus' for the scoring

functions.187 In addition, a pronounced effect is attained

upon combining the scoring functions using statistical

learning methods with experimental data.188 ± 190 These

ideas also underlie a number of hybrid scoring functions,

such as CSCORE 185 and GFScore.191

6. Molecular design of novel drugs
The value of the receptor models for medicinal chemistry

purposes is that they can be used in the molecular design of

novel drugs based on the knowledge of the 3D structures of

biological targets.104, 192 ± 202 To this end, ligands are docked

into the molecular model of the receptor and then the

ligands with the highest predicted receptor affinity are

selected. Depending on the ligand source, virtual screening

and de novo design are distinguished.

a. Virtual screening

In medicinal chemistry, the workflow of a virtual screening

run involves `sieving' of large databases of organic com-

pounds through a set of computational `sieves' in order to

select potential drugs.203 ± 214 Usually, the databases include

either catalogized data on commercially available organic

compounds or virtual libraries of compounds, which can be

synthesized with ease by, e.g., methods of combinatorial

chemistry.215 In the case of virtual screening 204, 205, 208

based on the knowledge of the 3D structures of biological

targets, the main `sieve' is a combination of docking to the

molecular model of a receptor with the scoring procedure to

select ligands with the highest affinity towards the bio-

logical target. As a rule, additional `sieves' are also used,

which makes it possible to reject, in the very early stage, the

compounds with undesired pharmacokinetic properties and

potential toxicants, as well as structures containing no

pharmacophores necessary for binding to the desired bio-

logical target.

b. De novo design

In contrast to virtual screening using known ligand data-

bases, de novo design 216 ± 219 involves evaluation of the

properties of novel ligands in the structure generation

stage. New ligand structures are modelled within the molec-

ular model for the binding site of the receptor.220 In most
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cases the de novo computational procedure is based on a

genetic algorithm 220 (or `particle swarm' method 221)

involving combinatorial optimization of the structures of

organic compounds, which affords sets of ligands charac-

terized by the highest predicted affinity to the receptor (as

predicted by the scoring functions).

In the case of the design of novel drugs, an apparent

drawback of virtual screening compared to de novo design is

that the chemical compound libraries used in the screening

procedure include only a very small fraction of the diversity

of chemical structures. Therefore, in principle the de novo

design methods make it possible to model ligand structures

with much better target characteristics, which are not

included in databases. A significant drawback of the

de novo design is that chemical structures thus generated

can appear to be synthetically difficult to access. Appa-

rently, further development of this approach should be

related to integration with methods of computer-assisted

synthesis and automated assessment of synthetic accessibil-

ity of organic compounds.222 The most widely known

programmes for de novo design of novel drugs are Lig-

Builder,223 LUDI,224 ± 226 the LeapFrog module incorpo-

rated into the Sybyl programme complex, ADAPT,220

SPROUT (in combination with other two programmes,

HIPPO for analysis of the receptor binding site and

CAESA for assessment of synthetic accessibility of ligands

generated),227 ± 229 PRO_LIGAND,230, 231 and AlleGrow

(http://bostondenovo.com/Allegrow.htm).

III. Molecular modelling of different types
of biological receptors

PAC receptors are complex structures comprising a number

of domains and subunits, which can undergo global con-

formational transitions between different forms corre-

sponding to the state of rest, activation and even

desensitization. This is only one of many reasons (mention

may also be made of multiplicity of binding sites, allosteric

modulation, etc.) for great diversity of the types of influence

of small organic molecules on the functioning of receptors.

In particular, drug molecules can act as agonists (full,

partial, neutral and inverse), co-agonists, antagonists (com-

petitive and non-competitive), modulators (negative and

positive), etc. Because of this, molecular modelling of

different types of biological receptors and their complexes

with organic ligands has some features, which will be briefly

outlined in this Section. We will only dwell on those types of

receptors which were modeled by the authors of this review.

1. G-protein coupled receptors
G-protein coupled receptors are biological targets for about

40% of modern drugs.232 Functionally, this type of recep-

tors is characterized by the following common features: all

of them are proteins embedded into a cell membrane and

transmit the signal into the cell by binding to agonist

molecules `fished' in the intercellular fluid and can undergo

conformational rearrangements leading to interaction with

G-protein molecule and formation of the cell response. In

spite of very high pharmacological value of this type of

receptors, the 3D structures have been determined by X-ray

diffraction analysis very recently only for two (b2-adrener-
gic receptor 233 ± 235 and A2A-adenosine receptor in a com-

plex with an antagonist 236) out of more than a thousand

GPCR. This is the reason why methods of computer

modelling have played and will play, in the foreseeable

future, the leading role in studies of the 3D structures and

functioning of GPCR and in the design of novel drugs

relevant to these biological targets.237 ± 239

Structurally, a common feature of all GPCR is an

identical architecture of their transmembrane segments

representing a bundle of seven transmembrane a-helices
interconnected by three intracellular and three extracellular

loops. Because of this the template used in the early studies

on comparative modelling of GPCR was the bacteriorho-

dopsin molecule whose 3D structure was first determined by

electron diffraction 240, 241 and then by X-ray diffraction

analysis.242 It should be noted that initially only the trans-

membrane a-helices were simulated ignoring loops.

In the year 2000, the crystal structure of bovine rhodop-

sin,243 a light-driven GPCR, was solved. Since GPCR are

much more similar in structure and functioning to mamma-

lian rhodopsin rather than bacteriorhodopsin; it is the

rhodopsin structure that was chosen to be a template for

comparative modelling. This is the reason for much higher

accuracy of molecular models of receptors and for the

possibility of modelling of most loops, which predetermined

the use of these models for targeted search for novel drugs.

In the year 2007, the determination of the crystal structure

of the b2-adrenergic receptor 233 ± 235 made it possible to

estimate the accuracy of the receptor models thus con-

structed. It was found that the transmembrane segment

representing the most part of the ligand binding site can be

modelled almost perfectly, but there are significant errors in

modelling of the second extracellular loop, which sheathes

the binding site.

In spite of identical 3D structure of the transmembrane

segment of GPCR, there are significant differences between

six classes of receptors belonging to this family. First of all,

distinctions concern the amino acid sequences, the mode of

receptor action and the structures of extracellular domains.

Because of this, each class should be modelled in its own

manner.

a. Type 1 GPCR

Type 1 GPCR include rhodopsin-like proteins characterized

by a common mechanism of activation and signal trans-

duction.244 Owing to this, each transmembrane segment of

the type 1 GPCR comprises one or more amino acid

residues that are strictly conservative within this class and

necessary for the mechanism to work. Such residues can be

used for sequence alignment. A combination of sequence

alignment using the structure of bovine rhodopsin as

template is basic to most recent studies on molecular

modelling of type 1 GPCR. Examples are provided by

models of the 3D structures of adenosine (Fig. 1),86, 245 ± 249

purine 250, 251 and melatonin 252, 253 receptors and their com-

plexes with ligands.

There are many limitations on modelling of rhodopsin-

like receptors using the rhodopsin structure as template.

First of all, in the crystal the rhodopsin molecules are in the

inactive state (they do not activate G-proteins and thus do

not initiate intracellular response); as a result, comparative

modelling leads to a conformation of the receptor molecule,

which is also at rest. The molecular model thus constructed

corresponds to the receptor conformation suitable for the

formation of stable complexes with stabilizing inverse

agonists. Based on the dose ± response curve, the inverse

agonists are usually identified as competitive antagonists;

therefore, the models constructed can be used only in
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studies of receptor binding to antagonists and in targeted

search for antagonists of this receptor.

If the aim of research efforts is to design agonists

forming stable complexes with the activated form of the

receptor, one of the following approaches is usually applied.

First, there is no need to consider explicitly the conforma-

tional mobility of the receptor. One can model the binding

of agonists and antagonists to the same 3D model and fix

distinctions between agonists and antagonists only based on

the type of the contacting segment in the binding site.

Although the basic assumption that the receptor molecule

has the same conformation when binding to all types of

ligands is erroneous, this approach works quite correctly in

practice. This is often explained using a model, according to

which agonists initially bind to inactive form of the receptor

and only then interact with particular centres of the binding

site, thus initiating conformational rearrangements in the

receptor molecule leading to its activation. Yet another

explanation is the fact that the structure of the ligand

binding site changes insignificantly upon receptor activation

and therefore there should exist a strong correlation

between the ligand affinity to both forms of the receptor.

Nevertheless, the approach appeared to be inappropriate

for solving some problems 254 because it is difficult to select

potential agonists in the course of automated virtual screen-

ing or de novo design.

The second (more recent) approach is to construct

individual 3D models for the inactive and active forms of

the receptor. Since until recently detailed information on

the activation mechanism of rhodopsin-like receptors was

scarce, the 3D structure of the agonist-binding activated

form of the receptor was modeled by rotating and displac-

ing some transmembrane a-helices in the inactive form with

allowance for possible activation mechanism to attain con-

sistence with particular indirect experimental data. In par-

ticular, this approach was used to model 255 active forms of

the rhodopsin-like receptors, which were used for docking

of agonists in the course of virtual screening 255 and in

`inverse' screening, which permits indentification of possible

biological targets for ligands.256

The third approach typical of recent studies is to con-

struct a molecular model of metarhodopsin II (activated

form of rhodopsin), which can be used as template for

comparative modelling of agonist-binding activated form of

the rhodopsin-like receptors. This was for the first time

done by Nikiforovich et al.257 ± 259 who performed a search

for optimum spatial arrangement of the transmembrane

segments, which would be consistent with experimental

data. Tikhonova et al.260 reached the same goal by com-

puter modelling of rhodopsin activation using specific

versions of the molecular dynamics method and experimen-

tal values of particular interatomic distances. A kind of this

approach is to construct a model for the activated form of

the receptor from its inactive form by modelling the

receptor activation stage using targeted molecular dynamics

technique.261

Finally, the fourth method could probably involve the

use of the 3D structure of metarhodopsin II, which was first

determined by NMR spectroscopy 262 and then by X-ray

analysis,263 as a template. However, the accuracy of such

models is too low.

A serious problem in modelling of rhodopsin-like recep-

tors is prediction of the 3D structure of extracellular loops

which immediately interact with bulky peptide ligands.

Admissible molecular models can only be constructed by

combining with numerous experimental data on site-

directed mutagenesis and NMR spectroscopy data (see,

e.g., Ref. 45).

b. Type 2 GPCR

Unlike type 1 GPCR, which bind to relatively small ligand

molecules and have binding sites located within the trans-

membrane segment, type 2 GPCR bind to large peptide

hormone molecules as ligands (typical representatives are

secretin and parathyroid hormone 264). In addition to the

transmembrane segment, type 2 GPCR also include the

N-terminal domain, which also participates in ligand bind-

ing. The 3D models of the transmembrane segment of these

receptors were formally constructed by comparative model-

ling using bovine rhodopsin as template;256 however, the

correctness of these models was not proved by experimental

data. There is no similarity between the amino acid

sequence of the N-terminal domain of the secretin receptor

and the amino acid sequences of all other proteins with

known 3D structures; therefore, the molecular model was

constructed 265 by the ab initio method using experimental

data.

c. Type 3 GPCR

Type 3 GPCR include metabotropic glutamate recep-

tors 266, 267 and the GABAB receptor (GABA is g-amino-

butyric acid). These are dimeric structures whose

monomeric fragments are built of the following three

domains: N-terminal, transmembrane and `cysteine-rich'

(CRD). All agonists and competitive antagonists bind to

the N-terminal domain (sometimes, it is analogized to venus

Flytrap) because it has two hemispheres of a globule, which

close as the agonist molecule appears between them. In

turn, this causes a global conformational rearrangement of

the entire dimer and subsequent signal transduction into the

Figure 1. Molecular model for the A2B adenosine receptor.
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cell. Non-competitive antagonists bind to the transmem-

brane domain.

Modelling of N-terminal domain. Pioneering theoretical

studies on the 3D structures of the open and closed forms of

the N-terminal domain of the mGluR1 subtype and its

interactions with ligands were carried out by comparative

modelling using bacterial periplasmic proteins as tem-

plates.268, 269 Based on the results of modelling, it was

hypothesized that agonists lie flat when binding to the

protein and thus initiate the closure of the hemispheres of

the globule, whereas antagonists are arranged across and

preclude the closure. Since then the model for the open form

(Fig. 2) was essentially refined by multiple sequence align-

ment 270 and the model for the closed form was refined using

the threading method.271 Based on the model for the open

form of the N-terminal domain, significance of the Arg78

residue for ligand binding in the mGluR1 subtype was

hypothesized.270 The hypothesis was immediately confirmed

experimentally.272 At the same time, taking account of the

same model, the hypothesis of the antagonist binding mode

(see above) casts some doubt.273 The key results of model-

ling were then confirmed by X-ray diffraction analysis of

the N-terminal domain of mGluR1 .274 Then, using the

mGluR1 model as template, models for the N-terminal

domains of all subtypes of metabotropic glutamate recep-

tors were constructed;275 this enabled comparative analysis

of their binding sites.

Modelling of the transmembrane domain. Ligands bind-

ing to the transmembrane domain of the metabotropic

glutamate receptor are very active and selective non-com-

petitive antagonists. The structure of this domain was

determined by comparative modelling using the rhodopsin

3D structure as template.276 ± 278 The models constructed

were used in virtual-screening-based search for novel non-

competitive antagonists.277

Modelling of the `cysteine-rich' domain. The 3D models

for the CRD of the metabotropic glutamate receptor were

first constructed 279 by comparative modelling using the

sequence alignment determined by the threading method.

d. Frizzled receptors

In addition to Smoothened receptors, frizzled receptors also

called FZD receptors recently have been considered as type

6 GPCR } (Refs 280 and 281). The interaction of the FZD

receptors with Wnt-proteins acting as ligands is basic to the

Wnt ± FZD signaling pathway, which plays an important

role in embryogenesis and functioning of organisms. At the

same time, violations in this signaling pathway are charac-

teristic of the onset of malignant tumour.282 Therefore, the

FZD receptor ±Wnt-protein binding site is a possible target

for anticancer drugs.

The structure of the FZD receptors includes not only the

transmembrane domain comprising seven a-helices, but also
an extracellular CRD, which participates in the interaction

with the Wnt-proteins.283 The 3D structure of this domain

was studied by X-ray diffraction analysis.283 Owing to low

solubility of the Wnt-proteins, the Wnt ± FZD interactions

have not been studied experimentally. This gave an impetus

to molecular modelling of Wnt-proteins and their com-

plexes with the FZD receptors.284 ± 286 Since it appeared to

be impossible to find an appropriate template protein for

comparative modelling, the 3D structure of the Wnt-protein

was determined from ab initio calculations using the

Rosetta programme.76 ± 80 Protein-protein docking was per-

formed with the PatchDock server.150 The molecular model

for the Wnt ± FZD complex was used in studies of the

interaction of these proteins 284 and in the design of non-

peptide inhibitors of this interaction.285

2. Ionotropic glutamate receptors
Ionotropic glutamate receptors are divided into three types

with respect to the name of selective agonists, i.e., 2-amino-

3-(3-hydroxy-5-methylisoxazol-4-yl)propionic acid (AMPA

receptors), N-methyl-D-aspartic acid (NMDA receptors)

and kainic acid (kainate receptors).4 These receptors are

supramolecular complexes comprising a number of subunits

which form an ion channel.266, 287, 288 Passage of ionic

current through this channel causes an intracellular

response. Each subunit of the glutamate receptors is com-

prised of several domains, each having one or more binding

sites to pharmacologically significant ligands.266, 287, 288

a. Simulation of extracellular agonist(co-agonist)-binding domains

Extracellular agonist(co-agonist)-binding domains include

the binding sites of a natural agonist (glutamate) or a

natural co-agonist (glycine or D-serine in the case of the

NMDA receptor).266, 287, 288 The glutamate- and glycine-

binding sites of the NMDA receptor have similar 3D

structures and are localized in different subunits of the

receptor. Simultaneous binding to agonists and co-agonists

causes conformational rearrangements resulting in receptor

activation, opening of the ion channel and penetration of

metal ions into the cell. On the contrary, competitive

antagonists binding to the same sites preclude activation

of the receptor.

Pioneering ideas of the 3D structure and activation

mechanism of extracellular agonist-binding domains of the

ionotropic glutamate receptors were based on homology

with the amino acid sequences of some bacterial periplasmic

binding proteins.289 The first attempt to construct mole-

cular models for the glutamate and glycine sites of the

Figure 2. Model for the open form of the N-terminal domain of

mGluR1.

} No data on models for the type 4 and type 5 GPCR are available as yet.
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NMDA receptor by comparative modelling using the peri-

plasmic protein LAOBP as template was reported by Laube

et al.290 In the year 2000, the results of X-ray diffraction

study of an artificial protein based on the agonist-binding

domain of the AMPA receptor in complexes with some

ligands were reported.291 This made it possible, due to

relatively high homology between the amino acid sequences

of the AMPA and NMDA receptors in the domain in

question, to construct much better molecular models of

the glutamate (Fig. 3) 292, 293 and glycine (Fig. 4) 294, 295

binding sites of the NMDA receptor. These models were

used to explain the available structure ± activity relation-

ships for ligands of the glutamate site,293 in constructing

quantitative models for ligand binding to the glutamate site

of the AMPA receptor 296 and to the glycine site of the

NMDA receptor,295 to develop the concept of `selectivity

fields',297 and for virtual screening and creation of focussed

libraries of potential ligands of the NMDA and AMPA

receptors.298

b. Modelling of ion channel of the NMDA receptor

Molecular modelling of the ion channel of ionotropic

glutamate receptors is based on architectural similarity to

bacterial potassium ion channels.299 The 3D model for the

ion channel of the NMDA receptor (Fig. 5) 300 was con-

structed by comparative modelling with the structure of the

potassium channel KcsA 301 as template and then used to

study the interaction with non-competitive antagonist

(channel blocker) MK-801 and to design its flexible ana-

logues.300 More recently, this model was refined and used

for quantitative and qualitative modelling of the binding of

channel blockers.302

c. Modelling of N-terminal modulator domains

A feature of ionotropic glutamate receptors is a large

number of binding sites in the case of molecules modulators

(both positive and negative) towards the NMDA receptor.

Many pharmacologically significant organic compounds

affecting the central nervous system have binding sites

localized in the N-terminal domains of the NMDA receptor.

This makes modelling of the 3D structures of these domains

topical; such models can favour the design of novel drugs

for treatment of neurodegenerative diseases. The first

molecular models for domains were obtained 303 by compa-

rative modelling using the 3D structure of the N-terminal

domain of the metabotropic glutamate receptor mGluR1
274
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Figure 3. Complexes of agonist (glutamate) with the closed form (a) and antagonist (AP5) with the open form (b) of the glutamate-binding

domain of the NMDA receptor.

Shown are the globule with ligand (above) and the binding site (below).
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as template. Fragments of the secondary structure of the

target protein were predicted by the PSI-Pred programme 69

and sequence alignment was done by the threading method.

The domain models thus constructed served as a basis for

the assumption of binding modes of modulators of the

NMDA receptor and for construction of quantitative mod-

els for binding of ifenprodil analogues.303

d. Modelling of binding of positive allosteric modulators

to the AMPA receptor

Recently, particular attention in drug design has drawn to

positive allosteric modulators of the AMPA receptor.304, 305

An X-ray diffraction study revealed that their binding site is

located between two subunits of the AMPA receptor. The

action mechanism of positive modulators seems to consist in

slowing down mutual rotation of the subunits, which is

necessary for desensitization of the receptor (to close the ion

channel, which was preliminarily open after binding to

glutamate) and thus can enhance the magnitude and dura-

tion of the ionic current passing through the channel.306 The

binding site was used for modelling of the interaction of

positive modulators with the AMPA receptor and in the

design of novel drugs.307, 308
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Figure 4. Complexes of agonist (glycine) with the closed form (a) and antagonist (7-chloro-6-methyl-5-nitroquinoxaline-2,3-dione) with the open

form (b) of the glycine-binding domain of the NMDA receptor.

Shown are the globule with ligand (above) and the binding site (below).

Figure 5. Model for the ion channel of the NMDA receptor with

phencyclidine blocker.
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3. Receptors structurally similar to the nicotine receptor
The nicotine receptor and the subtypes A and C of the

GABA receptor (GABAA and GABAC, respectively), the

subtype 3 of the serotonin receptors (5-HT3) and the glycine

receptor are similar in 3D structure to the nicotine receptor;

they are sometimes called nicotinoid or cysteine-loop recep-

tors. They represent ion-channel-forming pentameric supra-

molecular structures incorporated into the cell membrane.

The interaction with agonist molecules causes changes in

the receptor conformation and the opening of the ion

channel. The results of X-ray diffraction studies of acetyl-

choline-binding protein 309 and its complexes with

ligands 310, 311 are of great importance for investigations of

the 3D structure of this family of receptors. These structures

were used as templates to construct molecular models for

the GABAA (see Ref. 312) (Fig. 6) and GABAC recep-

tors 313, 314 by comparative modelling, to carry out theoret-

ical analysis of the interaction of the receptors with agonist

and competitive antagonist molecules and to propose a

receptor activation mechanism. They can be used in virtual

screening of novel potential active ligands.313

* * *

At present, molecular modelling techniues play an impor-

tant role in rational design of novel drugs. They are

particularly important when choosing PAC receptors as

biological targets for drugs. Taking into account improve-

ments to the methodology of molecular modelling of pro-

teins and protein ± ligand interactions, significant

improvement in performance of computational facilities

and rapid accumulation of a great body of experimental

data necessary to improve computational methods, one can

expect an increasing significance of molecular modelling in

medicinal chemistry. It is computational methods combin-

ing molecular modelling, bioinformatics, chemogenomics

and chemoinformatics that will be in the vanguard of

medicinal chemistry in the future.
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