
I. Introduction

The number of unique chemical compounds included in

the world largest information system, Chemical

Abstracts Service (CAS), is above 100 million

(www.cas.org). A major part of these compounds are

xenobiotics, i.e., chemical compounds that are foreign to

living organisms, are not used by cells for the production

of energy and do not serve as building materials for

cells, cofactors or intracellular messengers.1 Examples of

xenobiotics are pesticides, radionuclides, nutritional sup-

plements, dyes, preserving agents, substances used in

household and in industry and pharmaceutical drugs.

Having got into the body, xenobiotics can disturb

normal vital processes and cause intoxication 2 or allergic

response;3, 4 being accumulated in tissues, some of them

can induce mutations.5, 6 Many xenobiotics, including

drugs, are metabolized (biotransformed) in the human

body, that is, they undergo chemical transformations

induced by human cell enzyme systems.7, 8 In this case,

the initial compound is called `biotransformation sub-

strate' and the product is the `biotransformation metab-
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olite'. As a rule, a particular substrate is converted via

multistep biotransformation reactions not to one but to

several metabolites, which form a metabolic network.

Xenobiotics are metabolized in almost every tissue of

the human body, but mainly this takes place in the liver.

The whole set of chemical transformations that consti-

tute the metabolism of xenobiotics and are catalyzed by

diverse enzymes is conventionally subdivided into four

types of metabolic reactions: oxidation, reduction,

hydrolysis and conjugation, which are, in turn, histor-

ically considered as biotransformation phases I and II.7, 8

During phase I, the initial molecules are converted to

more polar hydrophilic metabolites via oxidation, reduc-

tion or hydrolysis. Hydrophilic compounds have higher

excretion rates from the body. The most widespread

enzymes for the first phase of xenobiotic metabolism in

the human body are five enzymes of the cytochrome

P450 superfamily (isoforms CYP3A4, CYP2C9,

CYP2C19, CYP2D6 and CYP1A2), which perform most

of biotransformation reactions (Fig. 1).

The reactions that take place in phase II of biotrans-

formation (so-called conjugation phase) are catalyzed by

various transferases. The most abundant type of con-

jugation of exogenous compounds is the formation of

glucuronides under the action of the UDP glucuronosyl-

transferase enzyme (UDP is uridine 5-diphosphate).

Some researchers also distinguish the third phase of

metabolism of xenobiotics, in which the metabolites

react with carrier proteins.10

As a rule, biotransformations result in detoxification

of xenobiotics and give rise to chemically stable metab-

olites, which possess neither pharmacological activity nor

toxicity. Nevertheless, in some cases, the drug biotrans-

formation products are either chemically reactive or

pharmacologically active. Transformations of this type

are called metabolic activation or bioactivation (Fig. 2).

Bioactivation can occur upon both the first and the

second phases of drug metabolism. A pharmacologically

active or toxic product can arise both in a single

reaction and in a series of enzymatic reactions. Virtually

all enzymes involved in drug metabolism can also per-

form bioactivation. However, the major role in this

process belongs to cytochromes P450, which are most

important not only for drug metabolism but also for

metabolic activation.9, 11, 12

The resulting chemically reactive metabolites can

interact with cells in different ways, e.g., participate in

the covalent binding to cell components, stimulate lipid

peroxidation and destroy the membranes. In turn, phar-

macologically active metabolites are usually chemically

stable. These metabolites can exhibit (to a higher or

lesser extent) either pharmacological properties of the

starting compounds (on-target activity) or activity differ-

a b

Figure 1. Role of various enzymes in drug metabolism.9

(a) The diagram shows the fractions of reactions of drug substances
in the human body catalyzed by various human enzymes: cyto-
chromes P450 (CYP), UDP glucuronyltransferase (UGT), esterase
(Est), flavin-containing monooxygenases (FMO), N-acetyltransfer-
ases (NAT), monoamine oxidases (MAO); (b) analogous diagram
for different cytochrome P450 isoforms.
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Figure 2. Drug bioactivation and detoxification.11
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ing from that of the starting compounds (off-target

activity); moreover, in some cases, the activity can be

opposite to that of the starting compound. An example

of this type of transformation is metabolism of the

antidepressant drug nefazodone; one of metabolites of

this drug, m-chlorophenylpiperazine, causes pronounced

excitability and has been assigned to psychoactive

agents.11

The starting drug substances that are converted to

pharmacologically active metabolites can be subdivided

into two groups. The first group comprises compounds

that initially possess biological activity, while the second

group includes prodrugs that do not possess potent

biological activity before the metabolic activation.

As examples of drugs that initially possess pharma-

cological activity and are converted, upon biotransfor-

mation, to metabolites that also exhibit biological

activity, note atorvastatin, tamoxifen, flutamide, bupro-

pion, terfenadine, losartan, hydroxyzine, phenacetin, ven-

lafaxine, sunitinib, fluoxetine and most of

benzodiazepines and tricyclic antidepressant drugs used

for therapeutic purposes.11

The prodrugs that are activated by cytochromes P450

include, for example, cyclophosphamide, ticlopidine, clo-

pidogrel and prasugrel.11 Other examples of prodrug

bioactivation, including the bioactivation implemented

via reduction rather than via oxidation typical of cyto-

chromes P450, are presented in a review.13

A textbook case of drug toxicity arising upon meta-

bolic activation induced by cytochrome P450 is acetami-

nophen, which is mainly converted under standard

conditions to nontoxic conjugated metabolites, but its

minor amount is transformed by cytochromes P450 into

hepatotoxic N-acetyl-p-benzoquinoneimine (NAPQI) the

metabolite, which is deactivated upon conjugation with

glutathione. When acetaminophen is overdosed or when

some other factor has led to depletion of glutathione

reserves of the body, a considerable part of acetamino-

phen is converted to NAPQI.14

Covalent binding of metabolites to DNA or other

macromolecules can also occur in some other cases, for

example, for bioactivated sulfamethoxazole, dapsone,

procainamide, chloramphenicol, nimesulide, dantrolene,

nilutamide, phenytoin, thalidomide, furosemide and nor-

ethindrone.11 One more well-studied example is hepato-

toxic tetrachloromethane, which is metabolized to give

DNA-alkylating compounds (alkylators) posessing geno-

toxicity (for other examples, see the paper of Montel-

lano 13).

The toxicity of compounds that are bioactivated

upon interaction with cytochromes P450 may be caused

by reversible or irreversible deactivation of the cyto-

chrome P450 itself. For example, drugs such as amphet-

amine, cimetidine and isoniazid, which are cytochrome

substrates, can also inhibit cytochromes.15

It is noteworthy that metabolic enzyme inhibition- or

induction-related effects are important factors for evalu-

ation of drug ± drug interactions. In the development of

new drugs and the use of known drugs, considerable

attention is paid to interaction of these drugs with other

drugs in the human body. A change of metabolism of

some drug substance under the action of another drug

substance is one of the most significant consequences of

drug ± drug interactions. For example, inhibition of some

metabolic enzyme may give rise to toxicity of a drug

representing a substrate of this enzyme. Inhibition of the

metabolism may increase the concentration of a compet-

ing substrate and thus enhance its action. If the increase

in the concentration is substantial, this may bring about

the toxicity. This is one of the most frequently occurring

and important mechanisms of drug interactions in clin-

ical practice. Since many drug substances are metabo-

lized by the same cytochrome P450 isoforms, the

competition between the substances is possible. For

example, inhibitors of CYP1A2 (cytochrome P450 iso-

form) can increase the risk of toxicity of CYP1A2

substrates, clozapine and theophylline. The CYP2A9

inhibitors can cause toxicity of phenytoin, tolbutamide

and oral anticoagulants such as warfarin. The CYP3A4

inhibitors (e.g., phenytoin) increase the risk of toxicity

for many drugs including carbamazepine, cyclosporine,

lovastatin, HIV protease inhibitors, rifabutin, simvasta-

tin and vinca alkaloids.16

The metabolism of drugs as xenobiotics that persis-

tently and consistently enter a human body in biolog-

ically significant doses is an important factor affecting

both their therapeutic effects and their toxicity.17 ± 20

Since the bioavailability, biological activity and toxicity

of metabolites can differ substantially from those of the

initial compounds, the integral evaluation of the behav-

iour of xenobiotics taking account of their metabolism in

the human body is an essential task of medicinal

chemistry. For such an evaluation, it is necessary to

consider each stage of metabolism of xenobiotics, which

implies, in the ideal case, the detailed construction of the

metabolic network of enzymatic reactions with indication

of qualitative and quantitative characteristics of all

metabolites formed in each stage. The complexity of

constructing such a network in an unambiguous and

completed form is caused by the fact that this network

cannot be unified for the whole diversity of genotypes

and phenotypes encountered in the human population.

In the ideal case, the construction of this network should

make allowance for individual, including time-dependent,

dynamic parameters affecting this network. For example,

the following characteristics should be considered: the

administered dose of the drug, other drugs taken simul-

taneously, patient's race, age and gender, physiological

state of the body and diseases that can affect the

expression of drug metabolism genes, food ration and

so on.

In early stages of the development and investigation

of the action of new drug substances, when the direct

investigation of the drug metabolism in the human body

is impossible for ethical reasons, while investigation on

experimental animals or using test systems in vitro

requires the synthesis and experimental testing of quite

a number of chemical compounds and their metabolites,

the only option is the application of computational

methods.21 The final goal is the in silico evaluation of

the structure and properties of the metabolites formed

upon biotransformation of pharmaceuticals. However, to

achieve this goal, it is necessary to find out what

particular enzymes interact with the test compound and

to identify most probable sites of metabolism in the

compound structure.

During the last decade, several reviews have been

reported considering both experimental methods for
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evaluation of xenobiotic metabolism 22, 23 and computa-

tional methods for predicting the metabolism.2, 21 ± 26

These reviews compare the existing metabolism databases

and the prediction methods used to evaluate particular

stages of the biotransformation of pharmaceutical sub-

stances and consider the options for combining exper-

imental and computational approaches for predicting

drug metabolism.25

This review is an attempt to consider more compre-

hensively the issues related to structural descriptors

which are specially developed for predicting the inter-

action of xenobiotics with particular enzyme isoforms

performing the biotransformation and for evaluating the

sites of metabolism and the rules of selection of the most

probable metabolites among the generated in silico can-

didates. Thus, this review covers the total integrated

picture of evaluating metabolism of pharmaceuticals,

including: (1) prediction of the interaction with particu-

lar biotransformation enzymes, (2) elucidation of the

most probable sites of biotransformation, (3) identifica-

tion of the most probable metabolites. The Conclusion

gives a brief account of computer-aided estimation of the

biological activity and toxicity of the parent compounds

and the metabolites (these issues were considered in

more detail by Zakharov and Lagunin 27).

II. Computational methods of studying metabolism

The computational approaches for metabolism prediction

can be subdivided into groups according to their appli-

cation area: (1) prediction of the interaction of xeno-

biotics with metabolic enzymes, (2) prediction of the sites

of metabolism (SOMs) in the chemical structure of a

compound to be metabolized, (3) generation of the

potential metabolite structures for the subsequent evalu-

ation of their properties.

Figure 3 shows what results can be obtained by using

various metabolism prediction methods as exemplified by

the metabolism of codeine (an opioid analgesic, opiate

receptor agonist). Drug-metabolizing enzymes convert

codeine into more active metabolites: codeine 6-glucur-

onide (formed under the action of the UGT2B7 trans-

ferase), morphine (formed by CYP2B6) and norcodeine

(formed by CYP3A4). The use of computer-aided meth-

ods provides answers to the questions of how (by which

isoenzyme), where (sites of metabolism) and to what

(metabolites) the compound of interest is metabolized.

Below we consider the computational approaches that

are applied to solve various problems related to predict-

ing metabolism of xenobiotics in the human body. They

include approaches based on the ligand structure, such

as the analysis of quantitative structure ± property rela-

tionships (QSAR), construction and analysis of pharma-

cophore models, comparative analysis of the molecular

fields and so on, and approaches based on the target

protein structures, such as quantum chemistry, molecular

docking, molecular dynamics and so on, or combinations

of both types of approaches.

Using modern computational methods, it is possible

to assess the binding energies of compounds to the

enzymes that metabolize xenobiotics, identify the chem-

ical structure moieties that are likely to be modified and

determine the structures of metabolites formed upon the

biotransformation. A popular approach to the prediction

of metabolism is based on the application of expert

systems.23 As a rule, these methods use the knowledge

bases containing the already known metabolic transfor-

mations of xenobiotics and the data on the structures of

enzyme active sites involved in a particular biotransfor-

mation.22

An important result in the prediction of xenobiotic

metabolism is the identification of the metabolites

formed, which is necessary for the subsequent integral

estimation of the properties of xenobiotics. Therefore, in

this review, we consider more closely the computational

systems that make it possible to generate metabolite

structures. In most cases, these systems are based on

analysis of training sets which include information on

the substrate and metabolite structures and biotransfor-

mation reactions observed in in vivo and in vitro experi-

ments and conditions for these reactions to proceed. The

necessary information can be collected from available

literature sources or retrieved from specialized free or

commercially available databases (DBs). Below we give

an account of databases containing relevant information.

III. Databases containing information on the
metabolism of xenobiotics

The currently existing databases of biologically active

compounds that can serve for predicting metabolism can

be subdivided into three groups: (1) DBs containing

information on the three-dimensional structures of pro-

tein ± ligand complexes needed for implementation of

methods for predicting the interaction between the sub-

strate and metabolic enzymes and probable sites of

metabolism; (2) DBs of biologically active compounds

comprising the protein ± ligand binding constants, which

can be used for (quantitative) structure ± property rela-

tionship analysis (prediction of the probability of inter-

action and estimation of the binding constants between

substrates and metabolic enzymes); (3) DBs containing

information on biotransformation reactions as well as

structures of substrates and biotransformation products.

The databases of the last-mentioned group are most

important for metabolism prediction by methods based

on the ligand structure.

Protein Data Bank (PDB) refers to the first group of

DBs (those containing data on the three-dimentional

structure of protein ± ligand complexes).28 This DB

holds the coordinates of 3D structures for more than

35 000 proteins. However, most enzymes involved in

xenobiotic metabolism refer, first of all, to the super-

family of cytochromes P450, membrane proteins for

which experimental determination of the 3D structure is

difficult. Therefore, for most eukaryotic cytochromes

P450, three-dimensional structures have been determined

after removal of the N-terminal transmembrane domain,

which allowed the protein to be isolated and crystal-

lized.29 The PDB is accessed through a web interface

with several software programs for 3D structure visual-

ization and for amino acid sequence alignment. This

allows the search for particular proteins by amino acid

sequences, in particular, in the presence of signal-site

amino acid substitutions.

The second group comprises the ChEMBL, PubChem

and DrugBank databases containing quite a lot of

information on xenobiotic metabolism.
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ChEMBL 30 is a DB created and maintained by the

European Bioinformatics Institute (EBI, UK). The

ChEMBL database (version 20) holds information

about the biological activity of more than 1400 thousand

compounds. Among more than 13.5 million records on

the biological activity of these compounds present in

ChEMBL, there are data on inhibition of cytochromes

P450 involved in metabolism of xenobiotics (CYP17A1,

CYP19A1, CYP1A2, CYP2A6, CYP2C19, CYP2C9,

CYP2D6, CYP2E1, CYP3A4 and CYP5A1 isoforms).

Altogether ChEMBL comprises data on more than 150

thousand compounds inhibiting cytochrome P450 family,

including binding constants of enzymes to xenobiotics

[half maximal inhibitory concentration (IC50) for almost

25 000 compounds and inhibition constants (Ki) for

7500 compounds]. There is information on species or

strains for which the DB contains inhibitors of the

corresponding cytochrome isoform. The ChEMBL data-

base is accessed through a web interface which provides

the keyword search and structural formula search for

small organic compounds. In addition, there is the

possibility to download the database in the SDF format

(SDF stands for structure-data file, Biovia, http://accel-

rys.com) or in the SQL format for subsequent import

into widely used database management systems (DBMS)

(Oracle, MySQL, Postgre SQL); hence, the automatic

processing of the data can be performed locally. The

developers of this DB implemented quite a number of
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Figure 3. Key tasks and computer-aided methods used to evaluate the metabolism of xenobiotics exemplified by analysis of codeine
metabolites (the hydrogen atoms at heteroatoms are not shown).
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mechanisms of automatic access to the DB by means of

various web services, including hypertext transfer proto-

col requests.31 In particular, the ADME SARfari web

service 32 provides the possiblity to retrieve ADME

(Absorption, Distribution, Metabolism, Excretion) data,

including data for compounds inhibiting particular tar-

gets (upon a query). For example, using ADME SAR-

fari, it is possible to retrieve data about more than 800

assays described in various publications and used to test

the inhibition of the CYP1A2 human cytochrome and to

estimate the number of compounds investigated by

means of particular assays.

PubChem 33, 34 is a free-access database maintained by

the National Center for Biotechnology Information

(NCBI, USA) and holding data on the interaction of

chemical compounds with target proteins, including the

interaction of xenobiotics with biotransformation

enzymes (data on more than 26 000 compounds inhibit-

ing various cytochrome P450 isoforms and on more than

400 metabolites of existing pharmaceutical drugs) in the

human body. This DB is accessed through a web inter-

face. Furthermore, a hypertext transfer protocol access 35

and data download in the XML, SDF and ASN.1

formats are envisaged.

DrugBank 36 is a free-access DB created and main-

tained by the Canadian Institutes of Health Research

(CIHR) and the the Metabolomics Innovation Centre

(TMIC). Initially, it was developed as a DB containing

information on drugs, drug targets and mechanisms of

action. The DrugBank 4.2 version holds ADMET

(Absorption, Distribution, Metabolism, Excretion, Tox-

icity) data for drugs, including 8000 records of metabo-

lism. For about 2500 drug substances, there are also

data on biotransformations, including the enzyme name,

type of reactions and the structures of metabolites (more

than 2200 structural formulae). The queries to the

DrugBank database can be made through a web inter-

face. A drug substance can be searched by the structural

formula or the target protein sequence. The DrugBank

database can be downloaded in the XML format to

perform the subsequent automatic processing locally.

BindingDB 37 is a free-access DB with a web interface

(https://www.bindingdb.org/). The database comprises

1 207 821 binding constants for protein ± ligand com-

plexes, which have been determined experimentally for

6235 target proteins and 529 618 ligands (as per May 1,

2016). The data were taken from scientific publications,

the emphasis being placed on known or potential drug

target proteins the structures of which are present in

PDB. The BindingDB web site allows one to make

various types of queries, in particular, to search by

chemical structure and substructure, amino acid sequen-

ces, names of ligands and proteins, ranges of binding

constant and the molecular mass. The answer to a query

can be exported in the SDF format for subsequent

analysis. The BindingDB records are linked to the

structural data of PDB and literature sources from

PubMed by means of PDB ID and PubMed ID identi-

fiers, respectively.

The third group databases include specialized free-

access DBs and commercial DBs containing xenobiotic

metabolism data. Since exactly these DBs are needed to

design prediction systems able to generate metabolite

structures and, over a longer term, to provide integrated

evaluation of xenobiotic metabolism, we will consider

databases of this type in more detail.

Metabolite (BIOVIA) is a database developed by the

MDL Information Systems and later purchased by the

Accelrys (currently BIOVIA) company, which is now

maintaining this DB (http://accelrys.com/products/data-

bases/bioactivity/metabolite.html). This DB contains

more than 116 thousands of records of biotransforma-

tion reactions of organic compounds (mainly drug and

drug-like substances) collected from various sources,

including the results of in vitro and in vivo experiments.

For each reaction, the database has a schematic record

including structural formulae of the substrate and the

product. For some substrates and reaction products, the

DB contains data about the biological activity, toxicity,

CAS registry number and so on. For biotransformation

reactions, there are references to publications, names of

enzymes and isoenzymes catalyzing the reaction, data on

experimental conditions, way of drug administration in

the experiment, the type of biotransformation and so on.

The Metabolite database is available through paid sub-

scription.

The database included in the MetaDrug software has

been created and is maintained by the Thomson Reuters

company; the authors claim it to be a platform imple-

menting a systemic pharmacological approach to the

analysis of the biological activity of small organic com-

pounds taking account of their ADME properties and

toxicological characteristics (http://thomsonreuters.com/

en/products-services/pharma-life-sciences/pharmaceutical-

research/metadrug.html). This DB can also be used to

analyze the properties of known and new drug substan-

ces at the development stage. The scope of analysis

includes the search by structure of a related compound,

calculated ADME properties and construction of QSAR

models for particular enzymes. This analysis provides

data on the targets being affected by biologically active

compounds and evaluations of potentially toxic and

biologically active metabolites and protein ± protein

interactions. Also, the possibility of predicting the trans-

formation pathways of a compound in the body and the

compound toxicity is envisaged. The database of Meta-

Drug contains information on the structures of more

than 700 thousand small organic compounds, their bio-

transformations and the binding constants of xenobiotics

to metabolic enzymes. The information has been taken

from scientific publications and verified by experts. The

information on reactions included in this DB is also

accessible by means of another Thomson Reuters prod-

uct Ð DB MetaBase (http://thomsonreuters.com/en/prod-

ucts-services/pharma-life-sciences/pharmaceutical-research/

metabase.html). MetaBase is a knowledge base, a com-

ponent part of the platform comprising MetaCore and

MetaDrug. MetaBase is a database managed by Oracle

and containing more than 200 tables. Thomson Reuters

provides access to MetaBase through SQL queries.

MetaBase contains information on more than 1 million

interactions of proteins with other proteins, DNA, RNA

and xenobiotics, more than 9000 metabolic reactions and

about 700 000 compounds with indication of the targets

and biological activity. These software products and DBs

are available through paid subscription.

Human Metabolome Database (HMDB) (http://

www.hmdb.ca/) is a free-access DB, which has been
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created and maintained by the Canadian Institutes of

Health Research and the Metabolomics Innovation

Centre.38 This database includes information on the

metabolites of small organic compounds (xenobiotics

and endogenous compounds) formed in the human

body. The HMDB database, version 3.6, contains data

on almost 42 thousand metabolites and more than

5.5 thousand amino acid sequences of proteins Ð meta-

bolic enzymes and transport proteins. The DB is

accessed through a web interface. Apart from the key-

word search, it is possible to search by small organic

compound structures and amino acid sequences of pro-

teins. The HMDB data can be exported in the XML,

SDF (metabolite structures) and FASTA (amino acid

sequences) formats.

Fujitsu ADME Database has been created and is

maintained by Fujitsu Kyushu Systems (https://

life-science.kyushu.fujitsu.com/admedb/). The DB con-

tains information about the interactions of more than

5200 chemical compounds with drug-metabolizing

enzymes such as esterases, transferases, monooxidases

including cytochrome P450 isoforms (CYP1A1,

CYP1A2, CYP2A6, CYP2B6, CYP2C19, CYP2C8,

CYP2C9, CYP2D6, CYP2E1, CYP3A4, CYP3A5,

including their mutant forms and so on) and with trans-

port proteins (P-glycoprotein and so on) with indication

of the corresponding animal species or microbial strains.

About 30% of biotransformation reactions included in

the DB are accompanied by the structural formulae of

metabolites. The information is collected from more than

5 thousand scientific publications. The Fujitsu ADME

Database is available through paid subscription. The

search through the DB can be performed using a stand-

ard form permitting the user to construct complex

Boolean queries by choosing the category of drug,

reflecting its pharmacological behaviour, chemical class,

name of compound, type of interaction with metabolic

enzymes (substrate, inhibitor, inducer, etc.), name of the

protein, experimental testing results, type of metabolite

(major or minor). The user can submit more complex

queries and perform search by the structural formula of

the drug. The developers do not provide an application

programming interface (API) for operating the Fujitsu

ADME database; therefore, automatic access to the DB

is impossible.

Integrity has been created by the Prous Science

company, which was later purchased by Thomson Reu-

ters; currently, the latter maintains this DB and provides

the Internet access to this DB through paid subscription

(https://integrity.thomson-pharma.com/integrity/xmlxsl/).

In particular, the database contains data on the pharma-

cokinetics of xenobiotics, including the maximum con-

centration of drug metabolites in blood plasma. A

distinctive feature of the Integrity DB is that, apart

from the drug metabolite concentration, it is also possi-

ble to retrieve data on the experimental method used to

measure the concentration (taking account of the animal

species, gender and age) and the type of biological

sample (e.g., whole blood, plasma and so on). Owing to

these detailed data, one can compare the metabolite

compositions and concentrations under different exper-

imental conditions. The database is accessed through a

web interface, which envisages the possibility to submit

complex queries including various parameters such as

pharmacokinetic data, dosage form, the model used in

the experiment, drug and metabolite names and many

other. However, automatic downloading of data from

the DB Integrity is impossible, because according to the

paid subscription terms, information can be retrieved

only for a specified number of compounds by forming

the queries manually.

KEGG 39 is an extensive resource combining genomic,

chemical and functional information. As regards the

metabolic studies, of considerable interest is the KEGG

PATHWAY database, which provides a set of KEGG

maps. A KEGG map is a diagram reflecting molecular

interactions, metabolic networks, processes that occur in

the cell and many other.

EAWAG-BBD 40 is a part of the EAWAG-BBD Path-

way Prediction System.40 This DB covers information on

more than 1300 compounds, 900 enzymes, 1500 reactions

and 500 microorganisms; also, it contains about

250 rules describing biotransformation reactions. The

EAWAG-BBD database has a web interface (http://

eawag-bbd.ethz.ch/), which allows the search for com-

pounds by the trivial or systematic name, CAS registry

number, structural formula or a substructure incorpo-

rated in the molecule.

Table 1 presents comparative characteristics of the

considered DBs, which contain information on the xeno-

biotic metabolism.

All of the described DBs provide the user with

advanced search options, including the substructure

search and the similarity search, which forms a potent

tool for generation of hypotheses (actually prediction)

for metabolism of xenobiotics in the human body, in

particular, for virtual, not yet synthesized molecules.

However, only some of these DBs (Fujitsu ADME,

Metabolite) contain biotransformation pathways and

products and metabolites formed in these reactions,

which restricts the possibility of direct utilization of

most existing databases for construction of predictive

systems.

Other resources. Apart from the DBs considered

above, which hold information about the inhibitors and

substrates of metabolic enzymes and about the biotrans-

formation reactions, there are several more dedicated

resources also relevant to drug metabolism.

SuperCYP 41 database holds records about 57 cyto-

chromes P450. For more than 1000 single nucleotide

polymorphisms and 1200 mutations in the proteins, the

effects on expression and activity are indicated. The

database also contains data on 1170 drugs and 3800

drug ± drug interactions and drug interactions with bio-

transformation enzymes. The access to SuperCYP is

through a web site (http://bioinformatics.charite.de/

supercyp/) with a convenient user interface. This web

site offers a wide range of functions for dealing with the

SuperCYP database, including cytochrome 3D structure

visualization and amino acid sequence alignment.

An interesting resource is the Transformer database,42

providing information about the interactions of 3000

drugs and more than 350 food ingredients with more

than 400 proteins such as the metabolic enzymes for the

first and second phases of drug metabolism and with

proteins of the so-called third phase, i.e., transport

proteins. Furthermore, the Transformer DB offers con-
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venient tools for the search for drug ± drug interactions

described in the literature.

Pharmacokinetics Knowledge Base (PKKB) 43 is a

free-access DB designed for accumulating information

on the ADMET properties of compounds. The PKKB

database contains records of 1685 drugs including the

LogP and LogS coefficients,{ intestinal absorption,

Caco-2 permeability, human bioavailability, half-life

excretion and other. The PKKB is available online at

http://cadd.suda.edu.cn/admet.

The information available from the considered DBs

can be used for different stages of metabolism predic-

tion, ranging from the interaction with metabolic

enzymes to generation of potential metabolite structures.

The quantity of data on the interaction of proteins

with small organic ligands is constantly increasing in

both scientific publications and databases of biologically

active compounds. According to investigations,44 ± 46 data

on the affinity of one and the same small organic

compound contained in DBs of biologically active com-

pounds are substantially scattered, which is expectable if

these data have been obtained under different experi-

mental conditions, but the discrepancies are still

observed when experimental protocols are similar. It is

quite likely that the reason is insufficiently detailed

descriptions of experimental conditions in scientific pub-

lications, which precludes development of an unambig-

uous classification of experimental methods to be

included in relevant DBs. Evidently, this brings about

the problem of choosing well-substantiated data for

numerical experiments; furthermore, ambiguity arises

when data obtained in incomparable experiments are

included in the test sets.

The key reasons for the errors in the data used to

predict the ADMET properties are disclosed by Wald-

man et al.47 In particular, the authors point out the

errors associated with inappropriately indicated units of

measurements in the DBs (e.g., mM instead of mM) upon

retrieving data from a scientific publication; faulty cor-

relation of the synonyms of chemical names and trade

names of the products; and errors arising due to tauto-

merism. The study cited describes also cases of ambig-

uous classification of compounds into cytochrome P450

substrates and non-substrates, in particular, caused by

the influence of some enzymes [for example, nicotina-

mide adenine dinucleotide phosphate-H oxidase

(NADPH oxidase)] on the structure of the initial com-

pound, which is erroneously attributed to the effect of

cytochrome on this compound.

The identification of data variability in the existing

information resources and analysis of its sources 44 ± 47

will be helpful for the development of approaches for

eliminating this problem. This will enable designing more

accurate models of quantitative structure ± activity rela-

tionships with higher predictive power.

IV. Prediction of interaction of xenobiotics with
metabolic enzymes

IV.1. Prediction methods based on ligand structure
Most of the methods of analysis of structure ± activity

relationships imply representing a small organic molecule

as a set of descriptors, most often, as a vector with fixed

positions of each type of descriptors.

IV.1.a. Descriptors of the structure of organic compounds

In most cases, organic compounds are described by one-,

two- and three-dimensional (1D, 2D, 3D) descrip-

tors.48 ± 50 One-dimensional descriptors are calculated

from the molecular formula and can describe parameters

like molecular mass. Two-dimensional descriptors are

constructed from structural formula and can reflect the

number of particular groups present in the molecule, the

numbers of hydrogen bond donors and acceptors and so

on. Three-dimensional descriptors are constructed from

the spatial structure of a small organic compound and

can describe parameters such as the charge distribution

(dipole and quadrupole moments). So-called four-dimen-

sional and higher-dimensional descriptors can take into

account, for example, the relative positions of the pro-

tein and the ligand in space or molecular dynamic

parameters over a specified period of time.
{LogP and LogS are descriptors corresponding to the logP and logS,

where P is the n-octanol ±water partition coefficient characterizing the

lipophilicity; S is the water solubility, mol litre71.

Table 1. Comparative characteristics of the databases on xenobiotic metabolism.a

DB name Total number of chemical structures Total number of Biotransformation
and compounds interacting with metabolic biotransformation reaction schemes
enzymes product structures

Protein Data Bank 79 complexes of cytochrome P450 isoforms 7 7
with ligands

ChEMBL >150 000 7 7
PubChem >26 000 >400 7
DrugBank >8000 >2200 7
Metabolite b >25 000 > 50 000 c >110 000

Metadrug b >29 000 nd d >9000

HMDB >22 000 > 40 000 7
FujitsuADME Database b > 5200 >1500 7
Integrity b nd,d present nd,d present 7

a The dash means that no data are available, bDB is accessible through paid subscription, c total number of data without taking account of the

number of unique compounds, d nd means cannot be determined because of the limited access.
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Note that the knowledge of the structural formula is

necessary and sufficient for calculating the descriptors,

as any descriptor ranging from the molecular mass to

quantum chemical values is finally calculated on the

basis of the structural formula.51 Prediction of a prop-

erty of an organic compound is usually based on a set of

descriptors rather than a single descriptor. Therefore, a

key task of the prediction 52 is to select the minimal set

of descriptors that is sufficient for characterizing the

property to be predicted.

While predicting the metabolism, one should take

into account not only characteristics of one molecule

(e.g., xenobiotic) but also the possible changes in the

xenobiotic structure upon the biotransformation. We

developed structure descriptors for metabolism predic-

tion, which can be used, in particular, to describe the

site of metabolism and biotransformation reactions.

Below we consider these descriptors in more detail.

VI.1.b. The neighbourhood descriptors MNA/LMNA

The Multilevel Neighbourhoods of Atoms (MNA)

descriptors 53 are based on a structure representation

that explicitly includes all hydrogen atoms according to

the atom valences and charges but does not specify the

types of bonds. Such a structural formula is fully

unambiguous and does not depend, for example, on

alternative ways of depicting aromatic systems.

The MNA descriptors for each atom of the molecule

are constructed iteratively on the basis of this structure

representation in the following way:

the zero-level MNA descriptor is the symbol of the

atom A;

the MNA descriptor of each successive level is the

identification code of the neighbourhood

A(D1D2 ...Di ...), where Di is the MNA descriptor of the

previous level for the ith neighbour of the given atom

designated by A. The neighbour descriptors D1D2 ...Di ...

are written in some unambiguous order, for example,

lexicographical one.

This iteration procedure can be continued up to any

level. It is important to emphasize that the atom desig-

nation is not necessarily the chemical symbol according

to the Periodic Table but can also include some addi-

tional information, for example, whether the atom is

incorporated in a chain or in some ring or whether this

atom is a site of biotransformation. This approach has

been used in the development of LMNA descriptors

(LMNA stands for Labelled Multilevel Neighbourhoods

of Atoms),54 which take account of what particular atom

is considered as the hypothetical site of metabolism

(SOM). An examples of LMNA descriptors for charac-

terizing the SOM for N-dealkylation of amitriptyline

(Scheme 1) is presented in Table 2 for four atoms that

form the biotransformation site.

Scheme 1

The zero-level LMNA descriptor for the C(1) carbon

atom (see Scheme 1) is additionally labelled by `*' as a

hypothetical SOM [C(1) is the actual SOM for N-deal-

kylation of amitriptyline]. For other atoms, the zero-

level LMNA descriptors do not have this label. Thus,

the LMNA descriptors describe the site of metabolism

and can be used to implement the computer-aided

prediction algorithms.

As regards presenting chemical information to be

applied to metabolism-related problems, the problem of

descriptor-based representation of chemical reactions

comes to the forefront. Therefore, descriptors of chem-

ical structures, in which data on chemical reactions are

stored in the compact form and the required operations

can be effectively performed, are most important for

metabolism prediction. Examples of descriptors that

represent chemical reactions are RMNA descriptors

(RMNA stands for the Reaction Multilevel Neighbour-

hoods of Atoms) 55 created on the basis of MNA

descriptors.

IV.1.c. RMNA descriptors of biotransformation reactions

The principal difference between the RMNA 55 and

MNA descriptors is the additional labelling of atoms

and simultaneous consideration of two structures,

namely, the substrate and product structures:

RNMA1(A)= ([-]A[T]A1[B]A2[B] ... Ai [B] ...)

where A is the symbol of an atom; [-] is the label that

implies that the atom is not incorporated in a ring; [T] is

the label for an atom that changes during the biotrans-

formation (acquires the value `<' for the incoming atom

and `>' for the outgoing atom, respectively);

A1 , ... , Ai ... are the types of the closest neighbours of

the atoms listed in the lexicographical order; [B] is the

label for the bond that changes during the biotransfor-

mation (acquires the value `/' if the bond between the

atom A and some neighbouring atom is cleaved, `\' if the

bond is formed, `]' if the type of bond in the substrate

changes and `[' if the type of bond in the product

changes).

C(4)

N(2)
C(3)

C(1)

N

Table 2. Example of LMNA descriptors for the biotransformation site
of N-dealkylation of amitriptyline.

Level Descriptors

Zero LMNA0(1)= -*C

LMNA0(2)= -N

LMNA0(3)= -C

LMNA0(4)= -C

First LMNA1(1)= -*C(-N-H)

LMNA1(2)= -N(-*C-C)

LMNA1(3)= -C(-N-H)

LMNA1(4)= -C(-N-C-H)

Second LMNA2(1)= -*C(-N-H)

LMNA2(2)= -N(-*C(-N-H)-C(-N-H)-C(-N-C-H))

LMNA2(3)= -C(-N(-C*-C)-H(-C))

LMNA2(4)= -C(-N(-*C-C)-C(-C-H)-H(-C))
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The RMNA descriptors of successive levels are con-

catenations of the previous-level descriptors of the given

atom and the closest neighbours.

An example of generation of different-level descrip-

tors (up to the second level inclusively) for biotransfor-

mation (aromatic hydroxylation) of the aniline molecule

is shown in Scheme 2 (the hydrogen atoms are omitted)

and in Table 3.

Scheme 2

Other molecular structure 56, 57 and quantum chemi-

cal 58, 59 descriptors are also used to predict the sites of

biotransformation. Biotransformations can also be

encoded as a system of special rules that are considered

in more detail below.

IV.1.d. Line notation rules for chemical structures

A compact notation for transformations that is applica-

ble for predicting particular biotransformation reactions

and generation of probable metabolite structures makes

use of the SMIRKS system,60 which is, in turn, an

extended version of SMARTS rules (http://www.day-

light.com/dayhtml/doc/theory/theory. smarts.html) based

on representation of the chemical structure as a linear

SMILES string.61 Although strictly speaking, these rules

are not the same as compound descriptors, they still

make it possible to compare molecular structures and

perform substructure search through databases of

organic compounds. The SMIRKS rules are used to

describe a set of biotransformation reactions; therefore,

it is necessary to consider the most popular rules of line

notation for chemical compounds.

The SMILES (Simplified Molecular Input Line Entry

System) rules 61 encode a structural formula of a mole-

cule as a string of symbols. In most cases, this notation

is much more compact than other chemical notations.

For example, the SMILES string for ethane is CC. The

construction of the SMILES string is conveniently

described in terms of the graph theory. The SMILES

string is formed by symbols of atoms present in the

molecule listed in the order of depth-first traversal of the

molecular graph. Thus, it is implied that the atoms

adjoining each other in the SMILES string are chemi-

cally bonded. With this approach, the information on

some edges belonging to rings can be lost. In order to

avoid this, the symbols of atoms connected by such a

`lost' bond are provided with equal numeric suffixes. The

branching points in the depth-first traversal tree are

marked by brackets. The advantage of the SMILES

system for the description of organic structures is the

relative simplicity of implementation of the depth-first

traversal algorithm, whereas the shortcomings are due to

ambiguity of the choice of the spanning tree and the

order of traversal, which results in the possibility of

generation of numerous SMILES strings for one and the

same structural formula. An attempt to overcome this

ambiguity was made in the development of the generally

accessible InChI format (international chemical identi-

fier) similar to SMILES (http://www.iupac.org/inchi/).

The SMARTS (SMILES ARrbitrary Target Specifi-

cation) system of rules (http://www.daylight.com/

dayhtml/doc/theory/theory.smarts.html) is designed for

the description of molecular substructures by means of

rules that are straightforward extensions of SMILES.

The use of SMARTS facilitates the search for specified

substructures in molecules, which is especially desirable

for predicting the structures of metabolites. The

SMARTS language is almost the same as that of

SMILES. However, SMARTS provides special labels

for atoms and bonds, which allow one to describe a

group of structures rather than a single structure. For

example, the SMARTS atomic symbol [C,N] means that

this atom is either aliphatic carbon or aliphatic nitrogen,

and the bond symbol `*' (tilde) matches any bond.

Furthermore, SMARTS notation has logical operators,

so that logical expressions can be used to designate

atoms and bonds. For example, if some atom is labelled

as !C, then this SMARTS string matches any structure in

which this atom is not C.

SMIRKS is a system of rules for describing general

reactions; a SMIRKS description can match a group of

reactions rather than a single reaction.60 These descrip-

tions are useful in those cases where it is necessary to

apply a set of transformations to a group of molecules,

which is especially often required for the generation of

metabolite structures. Any reaction can be represented as

a list of changes undergone by edges and atoms of a

molecule during the transformation. If the reaction rules

are designated as `edge elimination', `decrease in the

bond order by 1,' `decrease in the atomic charge by 1,'

particular atom and bond labels play no part. This

simple idea forms the basis of SMIRKS. The description

of a generalized reaction in this format consists of

SMARTS encodings of the substrate and the product,

N

1

2

3

6

N

O

1

2

3

6

8

77

4

5

4

5

Table 3. Example of RMNA descriptors for the `aromatic hydroxylation' reaction of aniline molecule.55

Atom RMNA0 RMNA1 RMNA2

1 C C-HCC (C-HCC)(C-HCC)(C-NCC)(-HC)

2 C C-HCC (C-HCC)(C-HCC)(-HC)(C-O<CC)

3 C C-O<CC (C-O<CC\)(C-HCC)(C-HCC)(-O<-H<C\\)

4 C C-HCC (C-HCC)(C-HCC)(-HC)(C-O<CC\)

5 C C-HCC (C-HCC)(C-HCC)(C-NCC)(-HC)

6 C C-NCC (C-NCC)(C-HCC)(C-HCC)(-N-H-HC)

7 N -N-H-HC (-N-H-HC)(C-NCC)(-H-N)(-H-N)

8 O -O<-H<C (-O<-H<C\\)(C-O<CC\)(-H<-O<\)
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with mapping being specified between the substrate and

product atoms. Thus, appropriate reaction can be

applied to any molecule matching the description of the

substrate.60 An example of a reaction written in the

SMIRKS notation is presented in Scheme 3.

Scheme 3

Chemical structure descriptors can be used for both

predicting the interaction of xenobiotics with metabolic

enzymes and predicting the sites of metabolism and

metabolite structures. The selection of the set of descrip-

tors that is sufficient for a particular method of predic-

tion of a property of organic compounds (e.g.,

metabolism) is determined by the researcher and influ-

ences substantially the prediction outcome.48, 52 The

application of descriptors for prediction of metabolism

is discussed in more detail below in the consideration of

particular prediction algorithms.

IV.2. Models for (quantitative) structure ± property
relationship analysis
The Quantitative Structure ±Activity/Property Relation-

ships (QSAR/QSPR) are used to find correlations

between the structure of molecules and the properties

they exhibit. QSAR models have a wide range of

application and are often used, for example, in the

development of antibacterial 62 and antitumour 63 agents.

The constructed models of organic molecules are used to

predict their properties, for example, interaction with

cytochromes P450 and sites of metabolism (biotransfor-

mation) of small organic compounds.64 In the construc-

tion of QSAR models, the compound property is

considered as the target variable and the descriptors of

compounds serve as independent variables. The set of

compounds with known experimental properties, com-

posed using information taken from databases, is sub-

divided into the training set, which serves for

constructing the model, and the test set applied to

evaluate the accuracy of the model. The QSAR models

are constructed using machine learning methods, in

particular, Multiple Linear Regression (MLR), Projec-

tion to Latent Structures (PLS), Artificial Neural Net-

works (ANN), Support Vector Machine (SVM) and

Bayes assessment-based approach. The QSAR models

can be used to predict substrate binding in the active

site 65 and inhibition 66 and induction 67 of cytochromes

P450.68 The substrates of different cytochromes are

classified using SVM, k nearest neighbours algorithm,

decision tree and so on.69

One of the first attempts of constructing QSAR

models for metabolism prediction was made by White

and McCarthy 70 in 1986 for ten para-substituted tol-

uenes. The catalytic rate constant for hydroxylation

(kcat), the apparent dissociation constant of the enzy-

me ± substrate complex (Kd) and the Gibbs energy of

interaction (DGint) were used as the target variables

characterizing the interaction of these compounds with

purified cytochrome P450 (LM2 isoform currently des-

ignated as CYP2B4) from the microsomal fraction of

rabbit liver. They revealed linear correlations between

these constants and physicochemical characteristics of

substrates. Linear dependences were found between the

rate constant for hydroxylation and the Hansch hydro-

phobic constant (p) and the Hammett electronic constant

(s); between the apparent dissociation constant and the

molecular volume and the constant p; and between the

interaction energy and the Hansch hydrophobic constant

and the reciprocal of the dielectric constant. White and

McCarthy arrived at the conclusion that the empirical

dependences they found would be useful for both pre-

diction of the properties of new substrates and the

understanding of the chemical structure and mechanistic

details of the action of the enzyme active site. Later, the

QSAR models for the rate constants for hydroxylation

and the binding energies constructed for this set of para-

substituted toluenes were improved by Lewis et al.,71

who used parameters of the substrates calculated by

quantum chemistry methods.

Lewis 72 analyzed a small set of substrates of different

cytochrome P450 isoforms and data on the substrate

binding to the enzymes using multiple stepwise regres-

sion and physicochemical descriptors. This analysis dem-

onstrated that the affinity of binding of substrates in the

active site depends on their lipophilicity, acidity and the

number of hydrogen bond donors. However, the authors

of that study indicate only that the accuracy of the

models was assessed using the set of 14 compounds and

do not specify whether it was the test or training set,

and the accuracy was calculated by leave-one-out cross-

validation.

Mishra et al.73 used the SVM method to find what

cytochrome P450 isoform (CYP3A4, CYP2D6, CYP1A2,

CYP2C9 or CYP2C19) interacts with xenobiotics being

metabolized. The models were constructed and validated

on a set of 266 drugs authorized for use in medicine.

Using a genetic algorithm, the best molecular descriptors

(41 out of 2392) were selected and then the models were

constructed by the SVM method. The k-fold cross-

validation technique estimated the prediction accuracy

as *86% and validation by an independent set of 146

drugs gave a value of *71%. The resulting models were

implemented as a web server for predicting the cyto-

chrome P450 isoform that would metabolize particular

organic compounds (http://crdd.osdd.net/raghava/meta-

pred).

One approach used for determination whether or not

a compound is a substrate of the particular cytochrome

P450 isoform is based on artificial neural networks and

is widely used to solve poorly defined problems.67 Le-

wis 68 used a set comprising 485 substrates of cytochrome

P450 and 523 biotransformation products. Seven phys-

icochemical descriptors Ð logD7.4 (logP at pH 7.4 with

ionization corrections), HOMO (Highest Occupied

Molecular Orbital) energy, Jurs-TPSA (Total Polar Sur-

face Area calculated by the Jurs method),74 Jurs-PPSA

(Partial Positive Surface Area, i.e., the surface area of

the positively charged molecular parts), molecular mass,

the number of hydrogen bond acceptors, the number of

hydrogen bond donors Ð were selected to be used as the

O

Cl
1

2

3

+ N

H

H
6

5

4 7

O

N

H

1

2

4
7

6

+ Cl H
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SMIRKS reaction

[C:1](=[O:2])[Cl:3].[H:5][N:4]([H:6])[C:7]>>[C:1](=[O:2])[N:4](H:6])

[C:7].[Cl:3][H:5]
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input parameters for artificial neural networks. Two

networks were constructed.

The first one was a Kohonen self-organizing network.

Two-dimensional coordinates of the Kohonen map,

which reflected discrimination between substrates and

products, were the output parameters. The network was

built and trained using a program included in the

ChemoSoft system.69 The model correctly classified

76.7% of substrates and 62.7% of products.

The second one was the neural network with error

back propagation algorithm using the supervised learn-

ing principle. The dataset (1008 compounds) was ran-

domly divided into the training (60%), validation (20%)

and test (20%) sets. The validation set was used to

prevent system overtraining (overfitting). As the output

parameter, the researchers used the difference between

the scores characterizing the substrates and the products.

The neural network was constructed and trained using

the NeuroSolution 4.0 software.75 The discrimination

accuracy for this neural network was, on average (for 3

experiments), 60% for substrates and 65% for products.

The possibility of classification of a compound as a

substrate, inhibitor or an inducer of various cytochromes

P450 is implemented on the PASSOnline web resource

(http://www.way2drug.com/PASSonline/). The average

leave-one-out prediction accuracy for these classes of

compounds on the training set was >90%. The PASS

program 76 is the web resource core providing high-

accuracy prediction of the biological activity spectra of

small organic compounds on the basis of their structural

formulae. The molecular structures of organic com-

pounds are written by MNA descriptors. The prediction

result is presented as a ranked list of names of the

corresponding classes and the probabilities that a com-

pound belongs (Pa) or does not belong (Pi ) to a

particular class.

Using the PASSOnline technology with a special

training set, a web service was created (SMP:

Prediction of substrate/metabolite specificity,

http://www.way2drug.com/SMP) for the prediction of

interaction with 18 key isoenzymes of the cytochrome

P450 (CYP1A2, CYP2C9, CYP2C19, CYP2D6 and

CYP3A4) and UDP glucuronosyltransferase families

(UGT1A10, UGT1A1, UGT2B7, UGT1A7, UGT2B15,

UGT1A8, UGT1A4, UGT2B17, UGT2B10, UGT1A3,

UGT1A9, UGT1A6, UGT2B4).

Apart from the studies and web services considered

above, there are also commercial software products for

the prediction of interaction with drug-metabolizing

enzymes: Discovery Studio (BIOVIA), ACD/Percepta

(ACD/Labs), ADME QSAR module for StarDrop (Opti-

brium), PASS (interaction with drug-metabolizing

enzymes), ADMET Predictor (Simulation Plus Inc.) and

so on. Comparison of these software products is given in

a review by Peach et al.2

IV.3. Advantages and shortcomings of QSAR methods
As noted above, the determination of the spatial struc-

ture of cytochromes P450 by X-ray crystallography is

difficult as they are membrane proteins. However, quite

a few experimental data on the substrates of cyto-

chromes P450 have been accumulated to date; hence,

methods based on the ligand structure alone can be used

for metabolism prediction. The quantitative structure ± -

property relationships have a number of advantages over

pharmacophore models, because they do not require

three-dimensional alignment of ligand structures, which

can be ambiguous.77, 78

Although QSAR models are able to predict the

interaction of xenobiotics with various cytochrome P450

isoforms, the use of this approach is insufficient for

predicting the metabolic pathways and constructing the

metabolic networks. The key limitation for the construc-

tion of QSAR models with the up-to-date level of

accumulated data on the structure ± activity relationships

is the substantial scatter of data contained in the data-

bases of biologically active compounds 46 (this problem

was described in greater detail in Section III).

IV.4. Construction of pharmacophore models
Pharmacophore modelling is also used for predicting

metabolism of xenobiotics.79 ± 81 By pharmacophore 82 is

meant the ensemble of structural and physicochemical

features of the molecule (hydrogen bond donors and

acceptors, positively and negatively charged atoms,

hydrophobic areas, aromatic rings and so on Ð so-called

pharmacophore sites) that are significant for a particular

sort of biological activity (in the context of this review,

metabolism). As a rule, these features are derived from

comparison of the structures of known substrates of

particular enzymes using structural formulae or, most

often, by three-dimensional alignment of structures of

compounds with known biological activity and identifi-

cation of pharmacophore sites in this way. The applica-

tion of pharmacophore models for predicting xenobiotic

metabolism is considered in reviews.83, 84

A pharmacophore model allows one to discriminate

between the structures that belong to the substrate class

and that belong to the opposite (`non-substrate') class

and to propose hypotheses about the mechanism of

substrate to enzyme binding. This can be used to assign

compounds to the class of substrates of particular

enzymes.

It is noteworthy that pharmacophore models based

on the ligand structure do not always adequately reflect

the reality. For example, it was found using the phar-

macophore model constructed for the CYP2D6 isoform

that substrates for this isoform are molecules, which

contain a basic nitrogen atom and/or positive charge,

and that CYP2D6 oxidizes atoms located at a 5 ± 7 �A
distance from a nitrogen atom.85, 86 However, some

substrate structures are beyond the scope of this model

and have much longer distances from nitrogen to the

oxidation site; an example is tamoxifen (>10 �A dis-

tance). This is attributable to the fact that models of

pharmacophores based on cytochrome P450 sub-

strates 79, 81, 87 have a limited applicability domain deter-

mined by the training set composition and reflect the

static picture of the substrate and catalyzed reaction

recognition without taking account of the shape of the

cytochrome active site and its change during the reac-

tion. Pharmacophore models also fail to predict the

strength of ligand binding in the enzyme active site.

IV.5. Comparison of molecular fields
Yet another method based on the ligand structure is

Comparative Molecular Field Analysis (CoMFA). It also

relies on superimposition of the 3D molecular structures
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of known ligands of a particular target protein, possibly,

going through their different conformations one by one.

After superposition of the training set molecules, the

molecular fields of electrostatic, steric and other inter-

actions are calculated. This is followed, most often, by

calculation of the values of the fields at three-dimen-

sional lattice points or the values averaged over the

lattice cell volumes. The set of variables obtained in

this way is used to construct a model by some machine

learning method, for example, by the PLS method. The

superposition of training set molecules is performed

under the assumption that all molecules bind to the

enzyme active site in the same way; however, in reality,

different molecules have different orientations; it is even

possible that several orientations of a molecule relative

to the active site are inherent to the same compound.88

An example of application of the CoMFA algorithm

is the construction of the active site model for the

CYP1A2 enzyme.89 This model was constructed using

molecular docking and molecular dynamics for determi-

nation of the most probable orientation of substrates in

the enzyme active site corresponding to experimental

data. Then the obtained superimpositions of the produc-

tive conformations were projected onto the residues

incorporated in the active site, which thus gave its

simplified `trace'. The model was tested in computational

and real experiments; it was shown to possess fairly high

predictive performance.

One more method of ligand-based analysis is the

Comparative Molecular Similarity Indices Analysis

(CoMSIA). In this case, training set molecules are also

superimposed on a grid but apart from the steric and

electrostatic fields, the hydrogen bond donor and

acceptor fields as well as hydrophobicity fields are

calculated. For each point of the grid, these field

characteristics are converted to similarity indices and

then correlation analysis is performed. As an example

of xenobiotic metabolism prediction by the CoMSIA

method, consider the paper of Locuson et al.,90 who

analyzed the specificity determinants for CYP2C9 using

a library of highly active benzbromarone inhibitors.

Three-dimensional contour maps and quantitative inter-

action models were constructed; this provided an explan-

ation for the fact that anionic substrates with bulky

hydrophobic substituents have higher affinity for

CYP2C9.

The Molecular Field Topology Analysis (MFTA) is a

topological analogue of CoMFA.91 This method is based

on automatic construction of the molecular supergraph.

Each structure included in the set can be represented as

a subgraph of this supergraph and the structure of a

compound being predicted can be superimposed on the

supergraph. Superimpositions of the structures of partic-

ular compounds on the supergraph form the descriptor

vectors, which can serve for modelling by machine

learning procedures. The authors demonstrated that the

MFTA combined with latent variable regression gives

robust models even if the number of descriptors is

comparable with or exceeds the number of objects.

In most cases, methods based on comparison of

molecular fields produce a generalized view of the

enzyme active site, and these data can serve for the

search for inhibitors and substrates characterized by

considerable chemical novelty.

Despite the substantial progress of CoMFA and

CoMSIA methods in recent years, they still have limi-

tations. It is necessary to calculate correct and mutually

correlated conformations of many molecules, this calcu-

lation being complicated by difficulty of correct account

of the effect of reaction centre on substrate conforma-

tions; superimposition of many molecules is not always

unambiguous and does not take account of the substrate

arrangement in the reaction centre either. Often, it is

necessary to repeatedly vary the model parameters to

achieve an acceptable accuracy, which brings about a

considerable ambiguity of the results, and not all of the

obtained parameters are cited in publications. This leads

to non-reproducible results of one particular CoMFA

and CoMSIA study and can markedly hamper the

practical application of these methods for predicting the

properties of organic compounds.92

V.Methods based on analysis of enzyme structures

The methods considered below require the data on 3D

protein structure. Usually, proteins consist of several

thousand atoms; therefore, prediction methods based on

the enzyme structure are associated with considerable

computational time, which restricts the application of

these methods for screening. Nevertheless, despite these

shortcomings, these methods are indispensable when

researchers need to understand the nature of ligand

interaction with the enzyme active site.

V.1. Determination of three-dimensional protein structure
The 3D protein structures are determined, most often, by

X-ray diffraction crystallography and nuclear magnetic

resonance spectroscopy. When no experimental data on

the spatial structure are available, researchers use models

constructed by homology [e.g., for CYP2C19 (see Ref.

93)] on the basis of amino acid sequences of similar

proteins with known 3D structures.64 These models are

actively used to assess the interaction of metabolic

enzymes with small organic ligands. For example, de

Groot et al.87 docked 51 substrates into the model

cytochrome CYP2D6 active site constructed by homol-

ogy. This study provided interpretation for 72 biotrans-

formation reactions catalyzed by this cytochrome. The

homological modelling of 3D structures can be used for

the subsequent construction of 3D QSAR models. Bel-

kina et al.94 presented a model of human CYP1A2

cytochrome P450 constructed by homology with four

bacterial cytochromes. The obtained 24 complexes of

the CYP1A2 isoform of cytochrome P450 with its

known ligands served to construct a model with high

predictive performance, which made it possible to predict

680 new potential CYP1A2 ligands.

Currently, 3D structures are known for some iso-

forms of cytochrome P450 involved in the first phase of

xenobiotic metabolism: CYP3A4,95 CYP2C9,96

CYP2D6 97 and CYP1A2.98 These structures are

included in the PDB database considered above. Studies

of the obtained 3D structures of cytochromes P450 are

continued 99 in order to specify the active site shape and

the protein ± ligand interaction mechanism. In the exper-

imental determination of 3D structures of cytochromes,

these proteins are subjected to various modifications to

increase their solubility, which is necessary to obtain

V.M.Bezhentsev, O.A.Tarasova, A.V.Dmitriev, A.V.Rudik, A.A.Lagunin, D.A.Filimonov, V.V.Poroikov

866 Russ. Chem. Rev., 2016, 85 (8) 854 ± 879



crystals. These modifications introduce some uncertain-

ties into the resulting 3D structure of the protein; hence,

the structures of the same cytochrome P450 isoform

obtained under different conditions can differ.100

The 3D structures of the isoforms of UDP glucuronyl

transferase (UGT enzymes), which accomplish most of

conjugation reactions of the metabolism second stage,

are less studied. The point is that while determining the

3D structures of UGT, researchers face even more

challenging problems than while dealing with cyto-

chromes P450. The problems are associated with the

possible overexpression of this enzyme and the isolation

and crystallization difficulties.101, 102 The studies of these

enzymes are still limited to the elucidation of the 3D

structures of particular domains.103

V.2. Molecular modelling methods
The basic methods of molecular modelling 104 used to

study the substrate ± enzyme interaction are molecular

mechanics, molecular dynamics and docking.

Molecular mechanics methods use classical mechanics

and represent molecules as point masses and charges

corresponding to atoms and elastic forces that act

between them and correspond to deviations from the

`natural' bond lengths and bond angles, van der Waals

forces and electrostatic interactions. This approach is

rough and the calculation results depend on approxima-

tions and parameters used to describe the potential

functions called force field, which are selected depending

on the type of problem being solved, for example, the

solvent molecules are included either directly or indi-

rectly.105

Molecular dynamics is based on the calculation of the

trajectories of motion of the macromolecule in the phase

space of the coordinates and impulses of its atoms where

the molecule is considered as a system of interacting

classical particles.106 Molecule dynamics serves to follow

the time variation of a system of the interacting ligand

and enzyme molecules. The method helps to consider

various orientations and conformations of the ligand in

the enzyme active site and the role of solvent molecules

if they are present.107 Using special calculation methods,

it is possible to estimate the thermodynamic character-

istics of molecular complexes without determination of

the formally accurate trajectories of motion of atoms

forming the complexes.104

Molecular docking consists in the computer-aided

search for the optimal geometry of the possible substra-

te ± enzyme molecular complex and assessment of the

formation energy of the complex, which is calculated as

scoring functions.108

Molecular docking can be used at the stage of

evaluation of the ligand interaction with a protein, viz.,

a metabolic enzyme. The molecular docking analysis

allows predicting the binding mechanism between the

protein and the ligand. Molecular docking makes it

possible to detect new compounds, which can be illus-

trated, for example, by the discovery of new antitumour

agents.109

A number of papers published in the recent years

report on assessment of the spatial arrangement of

ligands in the active site of some cytochrome P450

isoforms by molecular docking and calculation of the

binding energies for the protein ± ligand complexes

formed upon docking. Vasanthanathan et al.110 used

molecular docking to evaluate the interaction of 7469

compounds taken from the PubChem database with

CYP1A2. As a result, active conformations of small

organic ligands in the cytochrome active site (so-called

binding poses) were determined.110 However, the bal-

anced accuracy of compound classification into cyto-

chrome `ligands' and `non-ligands' was 65.5%, which

implies a relatively low prediction accuracy. Subse-

quently, a combined approach was used: docking of

eight structures of known pharmaceuticals into the

cytochrome CYP1A2 active site was followed by appli-

cation of molecular dynamics and calculation of the

binding affinity, which was defined as a linear combina-

tion of energies of several types of intermolecular inter-

actions.111 By validation on an independent test set, it

was shown that the constructed model has a reasonable

predictive performance (the root-mean-square error for

the binding affinity was 2.1 kJ mol71 for the test set).

As a drawback of this study, note that the training set

comprised only eight compounds and the test set

included only five compounds. Similarly, ligand affinity

was estimated for a number of other cytochromes:

CYP2C9,112 CYP2D6 113 and CYP3A4.114 In these stud-

ies, the numbers of involved compounds did not exceed

15 either, which precluded extrapolation of the results to

the whole diversity of structures of possible ligands. As a

benefit of these methods, note that, while using them,

researchers found that there are simultaneously several

energetically favourable (active) ligand conformations in

the cytochrome active site. This can indirectly attest to a

conformational flexibility of the active site of

CYP3A4,114 CYP2C9 112 and CYP2D6.113

Molecular docking techniques as well as combina-

tions of molecular docking and molecular dynamics are

used, in particular, for predicting the SOMs (see below),

because upon application of molecular docking, it is

possible to choose the active conformations of the ligand

in the complex with the protein, which is significant for

assessment of spatial accessibility of the potential ligand

site of metabolism. The key criterion that is used to

consider some atom as a potential site of metabolism is

the distance between this atom and the iron atom in the

enzyme active site in the active conformation of the

ligand; on average, this distances is taken to be

46 �A.115, 116 The protein ± ligand interaction models

with implemented attempts to predict the SOMs have

now been constructed for CYP3A4,117 CYP1A2 98 and

CYP2D6.115 A combined molecular docking/molecular

dynamics approach to determination of the sites of

metabolism induced by CYP2D6 has been reported by

Hritz et al.118

The key limitation for the use of molecular docking

algorithms in the prediction of SOMs is caused by the

fact that the standard docking algorithms neglect the

flexibility of some fragments of the enzyme active site

and the role of water molecules in the ligand interaction

with the enzyme. When the molecular docking procedure

tries to take account of water molecules in an explicit

form, the results Ð selected energetically favourable

ligand conformations, predicted interaction of water

molecules with the substrate or enzyme atoms or the
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predicted presence/absence of a water molecule in the

active site Ð can differ,110 and this causes difficulties in

their interpretation. In a study devoted to prediction of

the sites of CYP2D6-induced metabolism,113 it was

shown that taking account of water molecules in the

substrate docking increases the accuracy of the estimate

to a minor extent (57% and 52% with and without

water molecules, respectively).

Thus, it can be concluded that modern molecular

docking software cannot be applied for SOM recognition

with high accuracy, even when special algorithms are

used to take account of water molecules in the cyto-

chrome P450 active site.

Some researchers make attempts to use corrections

for the reactivity of particular functional groups of

ligands. The reactivity of a functional group can be

taken into account, for example, by correcting the

scoring function after application of the standard molec-

ular docking algorithm. In this case, reactivity correc-

tions are made for functional groups located in the close

neighbourhood of the iron atom or the oxygen atom of

the enzyme active site.119 ± 121 One more way to take

account of the reactivity is calculation of the activation

energy for a particular functional group 121 (for the

description of application of quantum chemical models,

see Section VI.1 below).

An approach that would provide an exhaustive

description of the substrate and enzyme interaction and

predict biotransformations in silico should consider the

ability of an enzyme to interact with a small organic

compound, the enzyme active site structure, the position

and conformation of the ligand in the active site and the

possibility for the substrate to bind in the active site in

different ways (binding may be mediated by water

molecules). Furthermore, it is known that the substrate

regioselectivity,121 which affects the substrate ± enzyme

interaction, should also be considered. (By regioselectiv-

ity is meant the situation where one chemical bond

cleavage or formation pathway predominates over the

other pathways.) The substrate ability to interact with

the enzyme and, hence, to participate in a particular

biotransformation reaction can change depending on the

conformation assumed by the substrate molecule.

Finally, such an approach should include consideration

of the affinity of the product released from the enzyme

active site. None of the currently existing methods covers

the whole set of the above requirements.122

The score functions used to calculate the binding

energies in molecular docking are not sufficiently accu-

rate, which considerably hampers the formation of ver-

satile criteria for sorting out the results.

VI. Prediction of the sites of biotransformation

The majority of the developed algorithms for prediction

of the sites of biotransformation use ligand-based com-

putational methods. Initially, quantum chemical models

were employed most often for this purpose. This, appa-

rently, stems from the fact that the chemical bond

breakage and formation are, in principle, quantum

chemical phenomena and prediction of biotransforma-

tions using computational methods without applying

quantum chemistry seemed improper.

VI.1. Quantum chemical models
Oxenoid model. The approach was proposed by Kor-

zekwa et al.123 for predicting the oxidation sites of

substituted benzenes. Aromatic compounds are typical

substrates of cytochrome P450. Many aromatic com-

pounds, in particular, pharmaceuticals, can be consid-

ered as benzene derivatives with simple or complex

substituents. Short-lived but exceptionally reactive prod-

ucts formed upon activation of benzene and benzene

derivatives in the body are arene oxides (Scheme 4).123

Scheme 4

According to the model of Korzekwa and co-work-

ers, the role of the enzyme is to cleave the O2 molecule

to give atomic or nearly atomic reactive oxygen

(`oxene'), which binds to the substrate. The oxenoid

mechanism of oxidation of various substrates was

studied experimentally and using quantum chemical cal-

culations.124 In the case of benzene derivatives, the for-

mation of an intermediate with a tetrahedral carbon

atom is the key step triggering the metabolism process.

Presumably,125 the rate of hydroxylation is deter-

mined by the stability of the `tetrahedral' intermediate

with respect to the parent compound. The formation

energies of the parent compounds and intermediates with

a tetrahedral carbon atom were calculated by the

MNDO method.126 In the calculation of intermediates,

the geometry of the metabolized ring was taken to be the

same as in the benzene intermediate and the substituent

geometry was taken to be the same as in the parent

substrate molecule. The substrate geometry was found by

optimization from the condition of the total energy

minimum. All possible sites for aromatic hydroxylation

in the molecule were considered; if there were two or

more benzene rings in the molecule, the energies were

calculated for intermediates formed upon successive

addition of oxygen to all unsubstituted positions of the

benzene rings. According to the oxenoid model, the

smaller is the difference between the formation enthal-

pies (DH ) of the intermediate and the starting substrate,

the more easily should be hydroxylation of the given

position. The enthalpy difference between the intermedi-

ate and unsubstituted benzene as the starting molecule

was taken to be zero. Positive DH values correspond to

a less easy hydroxylation compared with unsubstituted

benzene. If the DH value is positive and large, the

reaction will not proceed.

Methoxy radical model. Instead of the reactive oxene

involved in the oxenoid model,123 the model of Jones et

al.127 uses the methoxy radical mimicking the oxidizing

species of cytochrome P450. The structures of both the

substrate and the metabolite are optimized using the

semiempirical AM1 method.128 The heats of formation

of tetrahedral intermediates resulting from addition of

the methoxy radical to carbon atoms of the aromatic

ring were calculated for all possible sites of aromatic

hydroxylation. The enthalpy formation difference (DH )

between the tetrahedral intermediate and the substrate

approximately describes the activation energy for oxida-

O

O

OH
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tion and, according to the model, the lower values are

inherent in aromatic hydroxylation sites observed in the

experiment.

As compared with the oxenoid model, the methoxy

radical model is suitable for predicting the aromatic

hydroxylation not only for substituted benzenes but

also for heterocyclic and polycyclic aromatic com-

pounds.129

The practical application of quantum chemical mod-

els of cytochrome P450-induced oxidation requires con-

siderable computing time; furthermore, these models do

not take account of the substrate orientation in the

cytochrome active site. Hence, the applicability of these

models is limited; however, in combination with molec-

ular modelling methods and with introduction of stat-

istical parameters, they can be successfully employed for

prediction of the sites of metabolism.59

Currently, several approaches to SOM prediction

based on the use of quantum chemical descriptors and

on the construction of classification models by statistical

methods have been developed.

Zheng et al.58 used a set of 23 quantum chemical

descriptors reflecting charge distribution in atoms, atom

valences and energies of potential interaction between

atoms and constructed the classifier for discrimination

between SOM and non-SOM by the SVM method.

Altogether, the SOMs for six biotransformation reac-

tions were considered (aliphatic hydroxylation, aromatic

hydroxylation, N-dealkylation, O-dealkylation, S-oxida-

tion and N-oxidation). Training sets contained 74 to 300

compounds depending on the reaction. The test set

included 24 compounds. The authors indicate that the

balanced accuracy exceeded 0.9 for the training set and

was more than 0.8 for the test set. Similarly, Hennemann

et al.130 applied quantum chemical and physicochemical

descriptors and the multiple linear regression for model

construction. However, in the cited examples, the

authors did not evaluate the developed methods against

several independent datasets, for which earlier prediction

results are available.

In the SMARTCyp method,131 the score function S

by which the atoms are ranked according to the proba-

bility of being the CYP2C sites of metabolism has the

following form:

S=E78A

where E is the reactivity descriptor, A is the accessibility

descriptor. The descriptor E is an estimate of the energy

required for a cytochrome to react with a particular

atom in the molecule; SMARTCyp uses a database of

structure fragments (the fragments are described accord-

ing to the SMARTS rules), the activation energy for the

reaction of the given fragment with the cytochrome

being calculated beforehand by density functional theory

(DFT).132 For each atom, the search for fragments

containing this atom is performed. If there are several

such fragments, the one characterized by the lowest

energy is chosen. The descriptor A is defined as the

longest path distance to the given atom divided by the

path distance in the whole molecule. This descriptor is

similar to the SPAN descriptor used by Sheridan et al.133

The topological (structure) descriptors in combina-

tion with quantum chemical ones are applicable in the

implementation of the RS-Predictor algorithm.57 The

SOM for the CYP3A4 isoform of cytochrome P450 was

predicted by a modified SVM method. The authors used

cross-validation with 10-fold splitting of the dataset into

five partitions, one partition being the internal test set

and one more being the set used to select parameters in

the modelling. As a result of this procedure, each

compound of the test set had 10 putative sites of

metabolism, which were ranked by the algorithm devel-

oped by the authors. The average prediction accuracy

varied from 56% to 87% depending on the set of

descriptors. A comparison with some other SOM pre-

diction methods was made. The basic limitation of this

method is that the sites of metabolism were predicted

only for CYP3A4, which is the most important but not

the only one isoenzyme of the P450 family that catalyzes

the metabolism of xenobiotics. In addition, considerable

scatter of the accuracy of classification models depend-

ing on the set of descriptors precludes unambiguous

definition of such set for application of these models to

predict SOMs in other compounds, for example, consid-

erably differing in the chemical structure from the com-

pounds chosen for the test set.

Tyzack et al.56 considered the application of molec-

ular structure descriptors of organic compounds and

various classifiers (naive Bayes classifier and original

classifiers developed by the authors) to predict the

possible sites of biotransformation catalyzed by cyto-

chromes P450 (CYP2C9, CYP2D6 and CYP3A4 iso-

forms). The authors presented also the dependence of

the training results on the number of descriptors selected

for the model construction. The prediction methods were

tested on an external test set and compared with other

methods; however, as the parameter for comparison, the

authors used the value of correct SOM predictions out

of two most probable SOMs rather than the accuracy of

SOM prediction (for the interaction with a particular

cytochrome P450 isoform). The choice of this parameter

for comparison is ambiguous, which is a drawback of

the reported approach.

VI.2. Models based on LMNA descriptors
We developed 54 a method for predicting the sites of

biotransformation based on LMNA descriptors (the

definition of these descriptors is given above) and a

PASS software algorithm.76 Five major isoforms of

cytochrome P450 (CYP1A2, CYP2C9, CYP2C19,

CYP2D6 and CYP3A4) were chosen. An independent

test was performed on a dataset of 57 drugs acting on

the cardiovascular system. The average invariant accu-

racy of prediction was *83%. The accuracy of predic-

tion for some cytochrome P450 isoforms was found to

be higher than that achieved by other SOM prediction

methods, in particular, RS-Predictor.57

The developed method was implemented as a free-

access SOMP web site (Site Of Metabolism Prediction,

http://www.way2drug.com/SOMP/), which is capable of

predicting the sites of metabolism for CYP1A2,

CYP2C9, CYP2C19, CYP2D6 and CYP3A4 and UDP

glucuronyltransferase family.134

We will consider the results of metabolism prediction

for codeine (1) using the PASSOnline, SOMP,

SMARTCYP and RS-Predictor web services (Table 4).

It can be seen from Table 4 that the prediction

results were generally correct. According to the PAS-
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SOnline, codeine is likely to be a substrate of CYP2D6,

CYP3A4 and UGT2B7. According to the SOMP, the

known sites of metabolism for CYP3A4 and UGT were

ranked first, and those for CYP2D6 were ranked second.

The SMARTCYP and RS-Predictor also ranked first the

known codeine sites of metabolism for those enzymes for

which they were able to make predictions; however,

SMARTCYP does not predict the sites of metabolism

for CYP3A4 or UGT, while the RS-Predictor is inappli-

cable to UGT. This clearly demonstrates that higher

prediction accuracy can be achieved if different software

programs are used in combination.

VII. Generation of the structures of probable
metabolites

VII.1. Expert systems
Most of pharmaceutical drugs are subjected to several

biotransformation reactions in the body. For example,

Fig. 4 shows the quetiapine molecule in which atoms

that are involved in the major metabolic reactions in the

human body are marked.135 ± 138

Each biotransformation of the substrate molecule is

accompanied by particular changes (transformations). The

databases of transformations composed of experimental

data form the basis of expert systems and are used to

generate the structures of probable metabolites. Most

often, the transformations are described in the form: IF

`structure fragment X is present', THEN `replace it by

fragment Y'. This condition can be extended to include

several structure fragments, or can contain a list of

fragments that hamper the reaction. A set of two frag-

ments (X and Y) is called a transformation.

Examples of fragment description in the META

program 139 are presented in Table 5. In the second

column, the upper line is an example of `structure frag-

ment X', while the lower line is `structure fragment Y'.

For example, the application of a rule from the

biotransformation dictionary of the META program

[Scheme 5, reaction (1)] to methylethyl-N-nitrosamine

results in its hydroxylated derivative 2 [see Scheme 5,

reaction (2)].

Scheme 5

Thus, one iteration of the generation of potential

metabolites for a specified compound consists of appli-

cation of rules from the biotransformation dictionary to

the substrate, resulting in a set of predicted metabolites.

If the prediction has to be continued, metabolites gen-

erated in the first iteration become the substrates for the

second generation iteration. The key drawback of this

approach is the exponential growth of the number of
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Figure 4. Quetiapine structure and key sites involved in biotrans-
formation reactions.

Table 4. Results of prediction of the codeine interaction with known
metabolic enzymes and codeine sites of metabolism.

Web service Prediction results

Pa Pi Type of activity

PASSOnline 0.984 0.002 CYP2D6 substrate*

0.889 0.006 CYP3A4 substrate*

0.699 0.002 UGT2B7 substrate*

Atom Rank Score (Pa7Pi )

SOMP CYP3A4

24 1 0.748*

23 2 0.431

CYP2D6

24 1 0.755

23 2 0.752*

UGT

18 1 0.417*

1 2 70.883

SMARTCyp CYP2D6

23 1 0.755*

24 2 0.752

RS-Predictor CYP3A4

24 1*

23 2

CYP2D6

23 1*

16 2

Note. The asterisks mark the correct predictions.
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predicted metabolites. Therefore, one of the tasks is

prioritization of the results and choice of a termination

criterion for construction of the metabolic tree (undir-

ected acyclic graph with particular metabolites being the

graph nodes). A possible termination criterion is, for

example, the appearance of a metabolite with low LogP

value (which is sufficiently water-soluble to be excreted

from the body). One more limitation of expert systems is

that they contain, as a rule, information about the

biotransformations that take place in different biological

organisms. However, the metabolic pathways in different

organisms can be considerably different; therefore, for

operation of an expert system, it is important to select

the information related only to a particular group of

organisms.23

The most significant expert systems developed for

metabolism prediction are surveyed in Table 6.

The first attempts at the design of metabolite pre-

diction systems resulted, in 1985, in the release of the

system MetabolExpert.141 Initially, its set of rules was

formed by the metabolic pathways described in the book

of Testa and Jenner.142 The list of metabolic pathways

was arranged in such a way that biotransformations

associated with modifications of identical functional

groups were located in the vicinity of one another. This

data arrangement allowed, for the first time, predicting

biotransformations for compounds that have not yet

been studied. Subsequently, the set of rules was extended

by addition of data from other literature sources. The

transformation rules in MetabolExpert are similar to the

logical expressions in the Prolog programming language.

The operation of MetabolExpert involves the construc-

tion of the tree of predicted metabolites by successive

application of the rules to the input molecule. The

construction of the tree stops as soon as a second

phase metabolite has been generated. The prediction

results are represented as a dendrogram (tree). According

to the prediction, the structural formula, the hydro-

phobicity and some other characteristics are presented

for each metabolite. An important feature of

MetabolExpert is the possibility to choose only those

rules that refer to the type of metabolism that interests

the researcher, e,g., animal or plant metabolism or

degradation of organic compounds in soil. However, a

considerable drawback of MetabolExpert is that the

predicted metabolites are not ranked in any way, which

hampers the isolation of most probable metabolites.

Apart from MetabolExpert, META was one of the

first software programs designed for computer-aided

prediction of metabolites.139 The META system has a

number of considerable advantages over MetabolExpert.

First, META uses much more extended biotransforma-

tion dictionaries: there are several dictionaries, each

presenting a particular metabolic model including the

description of, for example, the animal species or organs.

In particular, there are dictionaries that cover mamma-

lian metabolism, aerobic and anaerobic degradation of

organic compounds by bacteria and photodegradation.

This separation allows the user to concentrate only on

those types of metabolism he is interested in. While

composing the dictionaries, the developers gave partic-

ular attention to mammalian metabolism. They set

themselves the goal to include as many biotransforma-

tions of this type as possible, but using only the most

reliable data from literature sources.

The biotransformations in META are prioritized.

First, the priorities were established by expert chemists,

and after that, a genetic algorithm was incorporated to

increase the accuracy. Prioritization makes it possible to

arrange the predicted metabolites in terms of the prob-

ability of their formation, which is important for the

control of combinatorial explosion. During the META

prediction, the structure of a molecule is split into

fragments and then a biotransformation dictionary is

applied to this structure to generate metabolites. Each

generated metabolite is checked for stability. META has

a dictionary of `spontaneous reactions' reflecting the

intermediate unstable steps of metabolism. Each unstable

metabolite is subjected to transformations from this

dictionary. This process is continued until all metabolites

become stable. The operation of META generates a tree

of predicted metabolites, which is terminated when com-

pounds that are sufficiently soluble to be excreted are

obtained.

Metabolizer (http://www.chemaxon.com/products/

metabolizer/) is a commercially available module

included in the JChem program package developed by

ChemAxon in 2007 and designed for metabolism predic-

tion. The Metabolizer program lists all possible metabo-

lites of a specified compound and is able to predict

metabolic pathways, major metabolites and stability of

metabolites. The input data for Metabolizer are the

biotransformation dictionary and the list of substrates

for which metabolite prediction is to be performed.

Currently, for the use of this program, one has to create

own biotransformation dictionaries as the embedded

library of biotransformation dictionaries for Metabolizer

is still under development. Apart from the human

metabolism, the program supports the prediction for

many other species such as rats, bacteria and plants.

The TIMES platform 143 was developed in 2004 at

the Laboratory of Mathematical Chemistry of the Bur-

gas Free University (Bulgaria). The key designation of

this program is to predict the toxicity of metabolites.

The scenario of metabolite prioritization depending on

their toxicity consists of four stages. The first stage is

the determination whether the compound in question is

organic. The subsequent stages are carried out only if

the compound is organic. The second stage is the

Table 5. Examples of transformations (phase I) in the META pro-
gram.140

Type of reaction Example of META Enzyme
transformations example

Aromatic hydroxylation CH=CH- P450

C=CH-<OH>

Aliphatic hydroxylation CH3-CH2- P450

CH3-CH-<2-OH>

O-Dealkylation CH''-O-CH2- P450

CH''-O-CH-<3-OH>

N-Oxidation CH2-N-CH3-<2-C> P450 and flavin

CH2-NO-CH3-<2-C> monooxy-

genase

Note. The following special symbols are used: <> indicates that the

substituent is attached to this site; " is an sp2-hybridized carbon atom.
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calculation of the physicochemical properties of the

molecule. The third stage is the assessment of the

probability of the compound to be metabolized in one

of the enzyme systems of the body (e.g., liver, skin or

other tissues). If the compound is found to be biotrans-

formable in the human tissues, metabolites are generated

on the basis of biotransformation dictionary. Each bio-

transformation is assigned a priority reflecting its prev-

alence. TIMES is based on the heuristic algorithm; it

generates a metabolic network, resulting from applica-

tion of biotransformation rules to organic molecules

which serve as the input data. Generation is stopped as

soon as metabolites with a specified threshold probabil-

ity of formation or a specified LogP value are achieved.

The resulting set of metabolites can be sorted according

to the toxicity predicted by means of QSAR models.

Furthermore, TIMES can assess the confidence level of

the generated metabolic pathways and metabolites.

The MetaDrug software,144 as has already been

noted, was developed by the GeneGo company, which

was later purchased by Thomson Reuters. It comprises a

number of QSAR models for substrates and inhibitors of

cytochrome P450 enzymes; the models are applicable

both to the parent compounds (substrates) and to

predicted metabolites. The prediction is based on binary

classifiers for CYP1A2, CYP2B6, CYP2D6 and CYP3A4

substrates and for CYP1A2, CYP2C19, CYP2C9,

CYP2D6 and CYP3A4 inhibitors (for IC50< 10 mmol

litre71). For substrate prediction, the models were

trained on published data retrieved from the MetaBase.

The inhibitor prediction models were based on the

activity data for cytochrome inhibitors from the Pub-

Chem DB. Training was accomplished by the recursive

partitioning. The substrates and inhibitors were

described by means of physicochemical descriptors.

Each MetaBase model comprises a description that

Table 6. Characterization of expert systems developed for metabolism prediction.a

Name of the Type of the Termination criteria Prioritization of meta- Web resource for prediction of reaction
method result bolites and reactions products (program downloading)

MetabolExpert Tree of Phase II metabolite None http://www.compudrug.com/

metabolites has been generated metabolexpert

META The same LogP is sufficiently low for Relative prioritization None

the compound to be excreted with a genetic algorithm

Meteor " The same Relative prioritization Only paid subscription

of rules

EAWAG-PPS " A terminal compound has been The same http://eawag-bbd.ethz.ch/predict/

(UM-PPS) reached, or a compound with

less than 3 carbon atoms

has been reached, or a layer

of the tree comprising more

than 10 compounds has been

reached

SyGMa " The user specifies the maximum Metabolites are assigned None

depth of the tree of metabolites probability scores based

on probabilities of

particular reactions

TIMES " The estimated probability Metabolite prioritization None

of metabolite formation or according to toxicity

the LogP value has reached based on QSAR models

a specified threshold

JChem " Termination criteria Reactions are prioritized https://www.chemaxon.com/products/

Metabolizer are specified manually according to their rates online-tryouts/metabolizer/

module

Metaprint2D- List of None Sites of metabolism http://www-metaprint2d.ch.cam.ac.uk/

React possible sites of and biotransformations metaprint2d-react

metabolism and are prioritized in terms

biotransformations of probability

MetaSite List of direct None Present http://www.moldiscovery.com/

metabolites software/metasite/

MetaDrug List of potential 7 7 Only paid subscription

metabolites

a The dash stands for `no data', i.e., we did not find relevant data.
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includes information about the training set, the numbers

of molecules in the training and test sets and training

parameters such as sensitivity, specificity and accuracy.

The applicability domain of each model is determined

using the Tanimoto coefficient, which characterizes the

similarity of the molecule being predicted and the train-

ing set molecules. MetaDrug is accessed through a web

interface. Compounds that are to be subjected to evalu-

ation can be uploaded in the SDF format and the

prediction results can be either viewed online or

exported as an Excel table. The MetaDrug software is

not designed for analysis of large data arrays Ð pre-

dictions are possible only for files containing not more

than 500 compounds.

The Meteor software 145 was developed by Lhasa in

1997 as an outgrowth of the Derek system designed for

toxicity prediction. The idea was that some non-toxic

compounds can be converted to toxic metabolites; there-

fore, for exhaustive evaluation of the toxicity of a

compound, it is necessary to evaluate also its metabo-

lites. Meteor uses a special language for structure

description, which extends the biotransformation rules

by additional data, for example, the charge and valence

data, and a biotransformation base composed of data

collected from databases, literature sources and consul-

tations with professionals. Meteor also includes a know-

ledge base editor, which allows the users to convert the

user databases to the Meteor format. This function

makes Meteor operation much more efficient, as the

user is not restricted to the embedded database but can

use his own accumulated experimental results. The editor

allows one to add information on the biotransformations

and structure ± activity relationships and to give referen-

ces to literature sources in which these transformations

are described. These sources are accessible from the

knowledge base through hyperlinks formed by the editor.

The Meteor prediction consists of successive applica-

tion of the biotransformation rules to the input com-

pounds. To avoid generation of too many metabolites,

each biotransformation is supplied with a qualitative

probability evaluation. The probability is described by

one of five values: probable, plausible, equivocal,

doubted and improbable. During the prediction, these

evaluations are used as absolute priorities, which in

some cases reduces the number of metabolic pathways

considered. The prediction stops after generation of the

metabolite with a LogP value sufficient for excretion

from the body. The probability for a compound to

undergo biotransformation decreases with a decrease in

the lipophilicity, because the ability of molecules to

penetrate across membranes to undergo further biotrans-

formations decreases. The Meteor developers warn that

despite all the undertaken measures, the program gen-

erates rather large numbers of false metabolites; there-

fore, prediction results should be treated as only rough

approximation requiring subsequent treatment and anal-

ysis. This, however, is true for almost any expert

system.146

EAWAG-BBD Pathway Prediction System (formerly

called UM-PPS 40) is an expert system designed for

predicting probable biodegradation pathways of organic

compounds. It is based on the EAWAG-BBD (UM-

BBD) database containing information on more than

1300 compounds, 900 enzymes, 1500 reactions and

500 microorganisms. EAWAG-BBD includes approxi-

mately 250 rules describing biotransformation reactions.

The general limitation of all systems based on the

rules designed for the construction of metabolic net-

works is related to combinatorial explosion Ð the result

of generation of a too large number of products at each

iteration. There are several methods for solving this

problem, in particular, restriction of the applicability

domain of a particular biotransformation (decrease in

the number of compounds to which a particular bio-

transformation can be applied) and removal of unlikely

biotransformations.

EAWAG-PPS (UM-PPS) envisages a number of

measures for preventing combinatorial explosion, which

are based on prioritization of the transformation rules.

For some pairs of rules, the relative priority calculated

from more than 1000 reactions retrieved from EAWAG-

BBD (UM-BBD) is indicated in the transformation base.

During prediction, only the transformations that are

most probable as regards the introduced priority are

applied to the substrates; this reduces the number of

predicted products by 10% ± 15% with insignificant

decrease in the prediction accuracy.

Also, super rules were incorporated into EAWAG-

PPS (UM-PPS) for the effective control of combinatorial

explosion. A super rule is a combination of several

successive transformation rules representing a known

metabolic pathway. An example is beta-oxidation con-

sisting of several biotransformations. The application of

super rules compresses the metabolic pathways in the

tree of metabolites and reduces the number of predicted

unlikely metabolites.147

The EAWAG-PPS (UM-PPS) system uses a relatively

small number of rules for predicting a multitude of

compounds; therefore the probability of each particular

biotransformation is not constant but depends on a

number of factors, in particular, structural details of

the compounds to which the rule is applied. For increas-

ing the prediction quality, variable probability scores for

biotransformations of particular types were introduced.

For this purpose, regular expressions were associated

with some transformation rules. If during the prediction,

a substrate structure complies with the description of the

regular expression associated with the given transforma-

tion, this transformation is assigned a probability score

based on the identified structural feature of the sub-

strate.

SyGMa 148 is a system based on the rules that

describe the biotransformations. Each rule is assigned

an empirical probability score based on the statistical

data collected from a large array of experimental results.

This allows one to estimate the likelihood of formation

of each of the predicted metabolites and rank metabo-

lites according to the obtained likelihood score. A

distinctive feature of the method is that the rules are

modified and optimized depending on the probability

scores in order to increase the prediction accuracy. The

rule base was composed of the information retrieved

from the BIOVIA Metabolite Database, version 2001.

The reactions involving compounds with molecular mass

of >900, inorganic compounds and molecules with

ambiguously determined structures (containing symbols

R or X) were discarded. Finally, 6187 reactions were
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retrieved and 144 rules covering the major part of

metabolism phases I and II were composed.

The rules chracterizing a particular biotransformation

are described in SyGMa by means of the SMIRKS

system. The probability scores were obtained by applying

each rule to all compounds of the dataset (3144 com-

pounds). For each rule, the number of correctly gener-

ated (using this rule) metabolites was divided by the

total number of generated (using this rule) metabolites.

This ratio was taken as the probability score for the

metabolic rule. Some rules were refined or split into

multiple rules to increase the probability scores. In order

to avoid overfitting, the rules were kept as general as

possible by means of special constraints. The rules for

which the probability score did not exceed 0.01 were

considered not predictive and were either refined or

rejected.

The metabolite prediction process consists of appli-

cation of all existing rules to a particular compound. If

the prediction includes several steps, in each step, the

whole set of generated metabolites is subjected to all

existing rules; this gives the set of all predicted metabo-

lites for the given step. If a cleavage reaction affords

several products, each one is treated as a separate

metabolite. The products of cleavage reactions incorpo-

rating <15% of atoms of the parent compound are

considered irrelevant and removed from the metabolic

tree. After completion of the metabolic network, each

metabolite is assigned a probability score describing its

formation on the basis of the reaction rules used to

generate it. If a metabolite results from several successive

reaction steps, the scores of particular steps are multi-

plied to give the overall score. If the same metabolite

can be formed via several parallel reactions, the proba-

bility is calculated for each reaction, the highest value is

selected and assigned to be the probability score for this

metabolite. The prediction accuracy was estimated using

the test set retrieved from the Biovia Metabolite Data-

base, version 2006. About 68% of the metabolites were

predicted correctly.

VII.2. Combined approaches
As has already been noted, the prediction results of

virtually any expert system are replete with false metab-

olites.146 The prediction quality can be improved by

using expert systems in combination with other computa-

tional methods. For example, from analysis of the 3D

structures of protein ± ligand complexes for the cyto-

chrome family, one can conclude that the positions and

orientations of substrates and metabolites are largely

conserved. Hence, the potential metabolites should be

subject to chemical and geometric constraints of the

binding site, and, as a consequence, the potential metab-

olites and non-metabolites can be discriminated by

molecular docking. This was hypothesized by Tarcsay.149

The hypothesis was verified for the MetabolExpert

system, which was used to generate the potential metab-

olites for some substrates. The prediction thus obtained

was treated with the GLIDE molecular docking soft-

ware.150 This `hybrid' approach, that is, combination of

an expert system with molecular docking, provided 69%

of correct determinations of the true metabolite among

the three most probable ones.

One more example of application of the combined

approach to structure determination of potential metab-

olites is the MetaSite program 151 released in 2003 by

Molecular Discovery. Initially, it was designed for pre-

dicting the SOMs. The prediction of SOMs is based on

the description of interaction of the cytochrome active

site with numerous small organic compounds from the

training set using the GRID molecular fields 152 and on

the calculation of 3D descriptors (the distance between

the points of interaction between the substrate biotrans-

formation site and enzyme active site) for training set

compounds. The results of calculation make it possible

to determine the orientation of the molecule in the

cytochrome P450 active site without resorting to molec-

ular modelling methods. For each atom of the com-

pound, the distance from this atom to the iron atom in

the cytochrome P450 active site is calculated. The deter-

mined distance is used to estimate the accessibility of the

cytochrome binding site. For each atom, the reactivity is

also estimated by semiempirical calculations. The bio-

transformation probability for some site in a training set

compound is found as the product of its accessibility and

reactivity scores. This determination of the most prob-

able sites of metabolism for the parent compound

reduces the number of metabolic pathways involved in

the metabolism prediction, which accelerates the predic-

tion and increases the prediction accuracy. There is also

a special version of the program, Mass-MetaSite, which

allows faster identification of the metabolite structure

in vitro from recorded mass spectra.153

One more example of application of the combined

approach for reducing the number of false metabolites is

a method for predicting small organic metabolites that

are formed in enzyme-catalyzed reactions developed at

the Los Alamos National Laboratory.154 This approach

is based on combination of computational chemistry and

machine learning methods. The key idea is that all the

enzyme-catalyzed reactions can be split into several

classes, each being characterized by transformation of

some functional group. Thus, a binary classifier able to

sort out substrates and products for a particular type of

reaction can be trained for each reaction type.

The data for classifier training and testing were

selected from the KEGG databases in two stages. In

2006, 6577 reactions were selected for which 4792 unique

metabolites were known. In 2008, additional 755 reac-

tions containing 1721 unique metabolites were selected.

The data of 2006 were used to classify the reactions,

training of classifiers and cross-validation. The data of

2008 were used to test the classifiers. The selected

reactions were split into 80 classes. The reactions belong-

ing to the same class were characterized by identical

transformation of some functional group and the identi-

cal set of reaction centres in the substrates and the

products.

All transformation sites from substrates into products

(for 80 selected classes of reactions) together with the

surroundings were described according to the SMARTS

notation. For each reaction centre pattern, a binary

classifier able to discriminate between the functional

groups involved and not involved in the reaction was

constructed using the SVM method.

The potential reactive functional groups were repre-

sented as vectors of features. The features comprised the
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properties of atoms incorporated in the reaction centre

and some molecular characteristics of the substrate

(shape, surface, energy and charge distribution). The

atomic and molecular properties were derived from 2D

and 3D structures by means of the JOELib expert

system,155 Java Chemistry Development Kit library

(CDK) 156 and the MOPAC 2007 program.157, 158 The

selection of hyperparameters during the classifier train-

ing was aimed at the maximum geometrical average

sensitivity and specificity values found upon cross-vali-

dation in three blocks. A classifier hyperparameter is a

parameter that must be specified before training. As a

result, classifiers with average sensitivity of 0.74 and

average specificity of 0.87 were obtained. The sensitivity

is the fraction of positive examples correctly predicted to

be positives and the specificity is the fraction of negative

examples correctly predicted to be negatives. This

method can be used in the construction of the tree of

metabolites for predicting the most probable biotrans-

formations and selection of the most probable metabo-

lites.

All of the methods considered above generate the tree

of metabolites for some specified compound. However,

the problem of prediction of metabolic pathways is not

always formulated in this way. A frequently used varia-

tion of this problem is as follows: two compounds are

specified, and a biotransformation chain of a minimum

length to convert one compound to the other one should

be found. One of the most efficient algorithms for

solving the problem set up in this way was described

by Nakamura et al.159 Compounds are represented as

structural feature vectors the elements of which corre-

spond to the number of occurrences of some substruc-

ture in the structure of the compound described. The

reactions are reflected by pairs of vectors, the first one

being the characteristic substrate vector and the second

one being the reaction delta (the difference between the

product and substrate vectors). The information required

to compute the characteristic vectors was retrieved from

the KEGG databases. The characteristic compound and

reaction vectors were subject to two constraints. First,

all vector elements should be non-negative; therefore, if

application of some reaction to the compound gives rise

to negative elements of the characteristic compound

vector, this reaction cannot be applied to this com-

pound. Second, for a given reaction to be applicable to

a given compound, all elements of the characteristic

vector of this compound should not be smaller than the

corresponding elements of the characteristic reaction

substrate vector.

The algorithm proposed by Nakamura et al.159 is the

problem definition in terms of the graph theory. In

particular, by taking a graph in which nodes are asso-

ciated with chemical compounds and edges are associ-

ated with biotransformations converting one compound

to another, the problem is reduced to the search for the

shortest path between some specified pair of nodes in

this graph. Thus, it is possible to predict metabolic

pathways and construct the metabolic network for inte-

gral evaluation of the metabolism.

Currently, systems based on biotransformation rules

are most popular for generation of metabolite structures.

This is due to a number of undeniable advantages over

alternative methods. First of all, methods based on

expert knowledge are distinguished by low computa-

tional difficulty. Indeed, the whole prediction process

consists of a sequence of operations that represent the

application of simple rules to chemical structures. Each

operation is elementary and is not even commensurable

in complexity with quantum chemical calculations. An

important feature of these systems is that the researcher

can intervene into generation of metabolite structures,

conduct the process in the semiautomatic mode and

control it in the desired way. Thus, systems operating

by means of metabolite generation rules automate the

routine operations, leaving the right to make key deci-

sions to the researcher. The intervention into the system

operation is done by tuning the prediction parameters,

for example, the prediction depth, and by adding thresh-

olds for metabolite cutting off. The tuning can be made

both in the very beginning and after each iteration.

While using these systems, the researcher can easily

choose only a part of the transformation rules that

correspond to the types of metabolism he is interested

in. Moreover, the researcher can extend the scope of the

system by adding new transformation rules into the

system base. Perhaps, this simple and simultaneously

flexible tuning is not inherent in any other method for

metabolite prediction. Yet another fairly important fea-

ture of the systems based on rules is the possibility to

associate each particular prediction with literature sour-

ces that describe the relevant types of reactions.23 This

function undoubtedly simplifies and accelerates the

research.

However, despite all the listed advantages, the use of

systems based on metabolite structure generation rules is

faced with some problems. The major drawback of these

methods is so-called combinatorial explosion, i.e., the

exponential growth of the number of generated metabo-

lites.23 In practice, this approach markedly restricts the

method, and a lot of heuristic algorithms have been

developed to control this phenomenon. However, when

the number of predicted metabolites is decreased, many

correctly predicted metabolites can also be rejected, that

is, a new problem arises. One more problem is that these

systems generate numerous false positive metabolites;146

therefore, it is very important to sort out and reject

exactly the false results.

VIII. Conclusion

This review considers the key computer-aided methods

for estimating the metabolic pathways of xenobiotics in

the human body ranging from interaction of a small

organic compound with the enzyme catalyzing the bio-

transformation process to the generation of potential

metabolite structures. It is noteworthy that, although

each of the developed methods has certain advantages

and limitations, by combination of computational meth-

ods, it is possible in some cases to overcome the existing

drawbacks and make prediction with a reasonable accu-

racy. Furthermore, combined computational methods

(which are probably still to be developed) allow integral

evaluation of metabolism for predicting the biological

properties of both xenobiotics and all possible final and

intermediate metabolites.

This is supported by the fact that a recent trend in

the QSAR modelling is the use of consensus models.
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Several models based on different mathematical methods

and/or different types of descriptors make use of the

same training and validation sets, and the consensus

model aggregates the predictions of all the models used.

This can be done by averaging the prediction results

(simple unweighted consensus) or averaging with some

weight for each model (weighted consensus).160, 161 The

use of consensus models is believed to reduce the

variability of particular models, resulting in more robust

predictions.162 This statement is applicable to both

quantitative and qualitative (Q)SAR models.

The properties of drug candidates that are studied by

in silico methods developed for prediction of xenobiotic

metabolism can, in principle, be determined by appro-

priate in vivo and in vitro studies during the drug

development. However, the probable termination of the

drug development at late phase clinical trials due to

unfavourable properties of drug candidates such as

unacceptable metabolism rate, toxicity of metabolites,

possible drug ± drug interaction and so on boosts the

application of computer-aided methods to predict these

properties as early as possible in the stage of theoretical

exploration and planning of the synthesis of lead com-

pounds. Thus, at the present stage of development, the

methods of predicting the metabolism of xenobiotics in

silico are not meant to completely replace the in vivo and

in vitro studies but are expected to decrease their costs

and time expenses by reducing the scope and prioritiza-

tion of these studies and decreasing the risk of failure in

the search for new drugs.

The understanding of metabolism is a key factor in

drug development; therefore, investigations in this field

require a lot of effort. Although quite a few methods for

computer prediction of metabolic pathways have been

developed in recent years, they all are still far from

being perfect; hence, studies along this line will be

undoubtedly continued in the near future.

It should be noted, however, that the approaches to

metabolism prediction that we considered, which are

mainly based on only the structures of compounds, are

fairly rough approximations. While developing QSAR

models, one should also bear in mind the molecular-

biological features of drug-metabolizing enzymes. On the

one hand, numerous xenobiotics are metabolized by

various enzyme isoforms; on the other hand, some

enzyme isoforms have low specificity of interaction with

xenobiotics (for example, CYP3A4 metabolizes >50% of

the known drugs). Furthermore, different isoforms can

catalyze identical biotransformation reactions.

Actually, metabolism is affected by a multitude of

genetic, phenotypic and ontogenetic individual factors,

for example, such as being a `slow' or `fast' metabolizer

for particular biotransformation enzyme and so on. This

brings about the idea that there exists a limit for the

accuracy of a prediction based on the drug structure

alone.

In conclusion, it should be noted that owing to the

limited size of the review, we did not consider a number

of important aspects of drug metabolism: induction of

metabolic enzymes, prediction of the metabolism rate,

bioavailability and half-life,163 physiologically based

pharmacokinetic and pharmacodynamic (PBPK/PBPD)

modelling 11 and problems of transferability of the results

of in vitro testing to the effects observed in in vivo

experiments and transferability of the results obtained

in animal experiments to humans.164, 165 For the state of

the art of these issues, the interested reader is referred to

the publications mentioned above.

This review was prepared with the financial support

of the Russian Science Foundation (Project No. 14-15-
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