
I. Introduction

A huge body of information on chemical reactions has been

accumulated to date: the data on more than 806106

chemical reactions are stored in the largest CASReact

database (http://www.cas.org/content/reactions). Large

arrays of data can also be found in original journal papers,

reviews, reference books, theses and patents.1 Analysis of

these data is needed to develop tools to be used by chemists

for planning a synthesis. Efficient handling of such huge

and intricately arranged amounts of data requires the use of

high-performance computers and software that would be

based on artificial intelligence techniques.2

The term `artificial intelligence' usually refers to the

property of computing systems to solve problems that are

traditionally meant for humans.3 The notion of artificial

intelligence appeared rather long ago and was continuously

changed with varying ideas of what problems can be solved

I.I.Baskin. Doctor of Physical and Mathematical Sciences, Leading

Researcher of the Faculty of Physics at theMSU, Senior Researcher at the

KFU.

Telephone: +7(495)939 ± 2677, e-mail: igbaskin@gmail.com

Current research interests: chemoinformatics, computational chemistry,

machine learning.

T.I.Madzhidov. Candidate of Chemical Sciences, Senior Researcher at the

KFU.

Telephone: +7(843)233 ± 7371, e-mail: timur.madzhidov@kpfu.ru

Current research interests: chemoinformatics, quantum chemistry, chem-

ical reactions.

I.S.Antipin. Corresponding Member of the RAS, Doctor of Chemical

Sciences, Professor, Head of the Department of Organic Chemistry at the

KFU.

Telephone: +7(843)233 ± 7463, e-mail: iantipin54@yandex.ru

Current research interests: organic chemistry, supramolecular chemistry,

host ± guest complexes.

A.A.Varnek. Doctor of Science, Professor at the University of Strasbourg,

Chief Researcher at the KFU.

Telephone: +33(0)3 ± 6885 ± 1560, e-mail: varnek@unistra.fr

Current research interests: chemoinformatics, computational chemistry,

molecular modelling.

Received 14 April 2017

Translation: Z.P.Svitanko

DOI: 10.1070/RCR4746

Artificial intelligence in synthetic chemistry: achievements and
prospects

Igor I. Baskin,a, b Timur I. Madzhidov,b Igor S. Antipin,b Alexandre A. Varnek b, c

a Faculty of Physics, Lomonosov Moscow State University

Leninskie gory 1, stroenie 2, 119991 Moscow, Russian Federation
bA.M.Butlerov Institute of Chemistry, Kazan (Volga Redgion) Federal University

ul. Kremlevskaya 18, 420008 Kazan, Russian Federation
c Laboratory of Chemoinformatics (UMR 7140 CNRS/UniStra), University of Strasbourg

4 rue Blaise Pascal, 67000 Strasbourg, France

Contents

I. Introduction 1127

II. Computer coding of chemical reactions 1129

III. Preliminary processing of reaction data 1131

IV. Computer-assisted methods for planning organic synthesis 1132

V. Analysis and visualization of reaction data 1137

VI. Prediction of quantitative characteristics of the reactions 1142

VII. Modelling of catalytic activity and computer-aided design of new catalysts 1147

VIII. Conclusion 1149

The review is devoted to the achievements in analysis of information on chemical reactions using machine learning methods.

Four large areas that actively use these methods are outlined: computer-assisted planning of synthesis, analysis and

visualization of chemical reaction data, prediction of the quantitative characteristics of reactions and computer-aided design

of catalysts.

The bibliography includes 346 references.

# 2017 Russian Academy of Sciences and Turpion Ltd.

I.I.Baskin, T.I.Madzhidov, I.S.Antipin, A.A.Varnek Russ. Chem. Rev., 2017, 86 (11) 1127 ± 1156



by computers and what problems necessarily require a

human brain. Whereas formerly the artificial intelligence

was mainly addressed by philosophers and science-fiction or

script writers, today it is the object of vigorous scientific

research, rapidly entering everyday life and becoming a

major factor in the science-and-technology, economic and

even cultural development of the humankind.

This review is devoted to the use of artificial intelligence

tools for analyzing information on chemical reactions and

development of predictive tools able to answer the following

questions, which are important for a synthetic chemist:

Ð how to synthesize a specified compound;

Ð what conditions (catalyst, solvent, reactants, temper-

ature, etc.) are required for the reaction to be most

regio(chemo, stereo)selective and to give the highest yields

of products;

Ð what the rate, the yield and the time for the given

reaction will be;

Ð what major (minor) product is to be expected for this

reaction conducted under specified conditions;

Ð how to find a reaction similar to this one in either a

commercial or open-access database in order to get an idea

of the procedure for the synthesis of a specified compound;

Ð what types of reactions are stored in the database and

whether there are enough examples of the reaction type of

interest.

The development of computing technologies that are

suitable for discovering answers to these questions started

in the 1960s with studies of Corey et al.4 ± 6 The OCSS

(organic chemical simulation of synthesis) program, deve-

loped in 1969, was the first computer software meant for

synthetic chemists.4 This program was based on the concept

of retrosynthetic analysis, which represents a multistage

chart (tree) of the synthesis of an organic compound from

precursors.5 This software was further developed as

LHASA (logic and heuristics applied to synthetic analysis)

under supervision of Corey 6 and as SECS (simulation and

evaluation of chemical synthesis) under supervision of

Wipke.7, 8 The cited studies 4 ± 8 had a determining influence

on the formation of a whole research area, which was

coined computer synthesis.9, 10 The research and develop-

ment of this area resulted in numerous computer programs

for retrosynthetic analysis (SYNCHEM,11 SYNSUP,12, 13

WODCA,14 TOSCA,15 SYNGEN,16 FORWARD,17

LILITH,18, 19 FLAMINGO,20 COMPASS,21, 22

SYNLMA,23 CHIRON,24 ± 26 SST,27 SOS,28, 29 SESAM,30

AIPHOS,31 KOSP,32 RASA,33 etc.), for predicting reaction

products (CAMEO,34, 35 EROS,36, 37 PSYCHO,38

SOPHIA,39, 40 ROBIA,41, 42 etc.), for the search for new

types of chemical transformations (IGOR,43, 44 SYMBEQ,45

ARGENT,46 ± 48 RENE,49 etc.) and for analysis of reaction

mechanisms (RAIN,50 ICAR,51, 52 etc.). The key character-

istics of these programs, the potential of underlying

approaches and particular application examples are com-

prehensively considered in review publications.9, 10, 53 ± 57

Despite the hopes put on the programs listed above, they

still have not turned into widely demanded tools for

synthetic chemists. The almost 20-year stagnation in the

computer-assisted synthesis is usually attributed to the

following factors:

Ð small amount of encoded knowledge in comparison

with the immense body of information pertaining to organic

chemistry;

Ð low computer performance at that time and small

amount of data computers could process;

Ð limited range of task setting and solution using

computers in comparison with the everyday demands of

synthetic chemists.57

Nevertheless, the approaches to handling the informa-

tion about organic reactions elaborated during the creation

of numerous software products for computer-assisted syn-

thesis and the accumulated experience were not lost in vain

Ð they provided the basis for new-generation software

systems actively developed in recent years, which are capa-

ble of treating big data covering the information on an

enormous number (up to hundreds of millions) of organic

reactions. Software products designed for retrosynthetic

analysis are, in particular, ARChem (route designer) 58, 59

(developed by SimBioSys, Canada), ICSYNTH 60 (de-

veloped by InfoChem GmbH, Germany) and

CHEMATICA.57 Mention should also be made of synthesis

planners arranged as interfaces to large chemical reaction

databases. Using the planners such as Reaxys AutoPlan

(https://vimeo.com/63343963) and SciFinder SciPlanner

(http://www.cas.org/etrain/scifinder/sciplanner.html), one

can interactively construct the trees of synthesis. Most

systems of this type are commercial products.

The methods for computer analysis of chemical reaction

data, especially computer-assisted synthesis, have always

been closely connected with contemporary views on artifi-

cial intelligence. Indeed, almost all of the mentioned soft-

ware products implement the concept of expert systems

popular in the 1970 ± 1980s, which included the knowledge

bases formed by experienced experts and the inference

engine mechanism.61 By knowledge base is meant the set

of principles (rules) describing chemical reactions and

inference engine stands for the synthesis trees. However,

the 1990s brought disappointment in expert systems of this

type, because the manually formed sets of rules are insuffi-

cient for solving practically important problems. The mod-

ern stage of development of artificial intelligence relies on

an alternative paradigm of the formation of knowledge Ð

automatic knowledge extraction from the data by means of

machine learning methods. Currently, machine learning

methods are actively used in chemoinformatics Ð a scien-

tific discipline that develops approaches to both the analysis

of known chemical data and creation of mathematical

models for predicting the properties and methods of syn-

thesis of new compounds.62 ± 69

This review is devoted to achievements in analysis of

chemical reaction data using machine learning methods.

The following large areas that actively use these methods

are outlined: computer planning of synthesis, chemical

reaction data analysis and visualization, prediction of

quantitative characteristics of reactions and finally com-

puter design of catalysts. Prior to analysis of relevant

publications, we consider versions of computer coding of

chemical reactions that are used in chemoinformatics algo-

rithms.

The limited size of this review does not allow giving

detailed information about the popular machine learning

techniques such as artificial neural networks, multiple linear

regression, k nearest neighbours, partial least squares,

support vector machine, decision trees and other mehods

that are mentioned in the review. Interested readers can find

this information in the literature (e.g., Ref. 69).
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II. Computer coding of chemical reactions

A chemical reaction is a more complex object for computer

representation than a chemical compound. It is described by

a set of compounds (no fewer than two) corresponding to

two types Ð reactants and products. Chemical transforma-

tions are often complex and cover numerous interrelated

parallel and successive processes, which depend on the

conditions. One and the same reaction equation may refer

to different reaction conditions.

Currently, three key approaches to computer represen-

tation of chemical reactions are used. The first approach is

based on the Dugunji ±Ugi matrix formalism,70 according

to which the structures of reactants and products are

described by special BE (bond ± electron) matrices, while

the reaction is described as the difference between these

matrices. This approach makes it possible to code chemical

reactions to be used in the computer planning of a synthesis;

however, it does not provide sufficient opportunities for

arranging efficient storage, search and analysis of chemical

reactions in databases or for modelling the reactivity.

According to the second approach, a chemical reaction

is described as a combination of descriptors { of reaction

products and reactants. This representation is the simplest

to implement; it is suitable for storing the reactions in

databases, for performing some types of search and for

calculating descriptors for reactions. The major drawback

of this representation is the lack of information about the

reaction centre, which precludes the use of reactions in

synthesis planning software.

Finally, the third approach is based on the use of a

single graph (condensed graph of reaction; CGR), which

combines information about the reactant and product

structures for a reaction. This approach is universal, as it

is applicable to almost any problem concerning the storage,

search, analysis and modelling of chemical reactions. In

particular, it is possible to calculate and apply descriptors

for reactions in the same way as it is done for molecules.

II.1. Dugunji ±Ugi matrix formalism
In the mid-1970s, Dugunji and Ugi 70 proposed to describe

chemical reactions by so-called R matrices. According to

this method, all molecules participating in a reaction are

represented as BE matrices of reactants (B) and products

(E). This requires that the numbers of atoms incorporated

in the reactant and product molecules be equal and each

atom in the reactants be matched by an atom in the reaction

products, i.e., atom-to-atom mapping should be performed.

In this case, the reaction can be described by the R matrix

defined as the difference between the E and B matrices

(Fig. 1).

Note that the rows or columns of the R matrix that

correspond to those atoms whose surrounding remains

unchanged are filled by zeros. Deleting these rows and

columns gives a description of changes taking place in the

reaction centre. The Dugunji ±Ugi formalism was used to

plan organic synthesis and predict reaction pathways,37, 71

classify reactions according to types,72 analyze the contents

of reaction databases,73 design new reactions,74 plan the

synthesis 75 and search for the shortest distance between the

reactant and product.76 A drawback of this approach is the

absence of a direct method for calculation of reaction

descriptors.

II.2. Descriptors of chemical reactions as combinations of
descriptors of reactants and products
The goal of modelling of structure ± reactivity relationships

is to derive an equation relating the property being mod-

elled (rate constant, reaction heat and so on) to the

structure of reactants and/or products, which is encoded

by a set of parameters Ð molecular descriptors. It is evident

that reaction descriptors should reflect the occurring chem-

ical transformations. There are two options for the calcu-

lation of reaction descriptors Ð either with or without

inclusion of information about the reaction centre. The

first option is technically more complicated, because iden-

tification of the reaction centre requires the atom-to-atom

mapping procedure to match the reactant atoms to the

product atoms. The set of descriptors describing a molecule

or reaction forms a vector of real integers. When binary

1 2 3 4 5 6 7 8

1

11

11

1

1

1

1

1

1

2 2

2

3

5

4

6

6

7

8

1 2 3 4 5 6 7 8

1

1

1

1

1 71

71

2 71

71

3

5

4

6

7

8

1 2 3 4 5 6 7 8

1

1 1

1

1

11

1

1

1

1

1

1

2 1

1

3

5

4

6

6

7

8

B R E

C C

HH

H H

+1 2

5

6

4

3

H Br
7 8

C C

HH

H H

BrH
1 2

5

6

7 8

4

3

Figure 1. Dugunji ±Ugi representation of hydrobromination of ethylene.66

The off-diagonal elements of B and E matrices correspond to the bond orders, while the diagonal elements correspond to the numbers of
lone pair electrons in the atom. For convenience, the zeros in the matrices are omitted; the grey colour marks the ordinal numbers of atoms.

{The numerical values independent of atom numbering characterizing the

structural changes during the reaction.
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numbers (0 or 1) are used as descriptors, they form a bit

string called a fingerprint.

A simple method for encoding the structural changes

involved in chemical processes is to combine information

about the structures of reactants and products, without

considering the atom-to-atom mapping or reaction centre.

This approach hampers the construction of synthetic and

retrosynthetic trees in the computer planning of synthesis;

however, it is suitable for computing reaction descriptors by

combining the standard descriptors calculated for reactant

and product molecules. There are several procedures for

transition from reactant and product descriptors to reaction

descriptors:

Ð mere combination of the reactant and product

descriptors;

Ð calculation of the difference between the product and

reactant descriptors;

Ð considering reactants and/or products as mixtures

and calculation of descriptors for them.

One of the simplest ways of representing a reaction as

the difference between the product and reactant descriptors

is the use of reaction difference fingerprints. For example,

Hu et al.77 calculated them as the difference between the

product and reactant bit strings. In this case, the molecular

fingerprints of reactants (products) were derived by means

of OR logic operation for combining the bit strings of their

molecules. The resulting descriptor strings were used to

classify enzymes according to types.

Schneider et al.78 also implemented the idea of reaction

difference fingerprints, but used a different procedure: first,

they calculated the bit strings for each molecule involved in

the reaction, while the descriptor representation of the

reaction was found as the difference between the sum of

product bit strings and the sum of reactant bit strings.79

For taking into account the additional components

(low-molecular-mass reagents, additives and catalysts),

Schneider et al.78 proposed two procedures. According to

the first one, the weigthed sum of the mentioned reaction

difference fingerprint and the molecular fingerprints of

additives was found (the length of the vector thus formed

coincided with the length of each of the initial vectors)

RDF=oreacton(SproductsFPi7SreactantsFPi)+

+oadditivesSadditivesFPi

where FPi are the bit strings of molecules, oreaction is the

reaction weight and oadditives is the weight of low-molecular-

mass additives.

According to the second procedure, the reaction differ-

ence fingerprint was combined with the molecular finger-

prints of additives (the vector thus formed contained two

times more elements than the initial vectors).

The difference fingerprints obtained by the exclusive OR

(XOR) operation were proposed by the Daylight company

(http:///www.daylight.com/dayhtml/doc/theory/theory.smirks.htm).

The required fingerprints of reactants and products can be

derived by combining molecular fingerprints of compounds

using the OR logic operation.

One more type of difference descriptors has been pro-

posed by Ridder and Wagener,80 who calculated the reac-

tion descriptors as the difference between the frequencies of

occurrence of some fragment in the products and in the

reactants. A similar approach, but using special type of

fragment descriptors, which were called atomic signatures,

was applied by Faulon et al.81 The MOLMAP reaction

descriptors calculated as the difference between the product

and reactant descriptors (see below) have been used for

classification of reactions.82 ± 84

The difference fingerprints can serve for evaluation of

similarity and clusterization of reactions, but they are

inapplicable for the similarity search, as they do not reflect

the presence of structural fragments that are preserved

throughout the reaction. A benefit of this representation is

that no atom-to-atom mapping for reactants and products

is required, while the reaction centre information is encoded

in an implicit form. The principal requirement for the

calculation of difference descriptors is the stoichiometric

character of the reaction, that is, all of the reactants and

products must be indicated.

The authors of some papers approximated the reaction

descriptors by reactant descriptors. However, this method is

admissible only for a certain type of reactions in which the

product structures are unambiguously determined by the

reactant structures. An example is mapping of the chemical

reaction space, with the reactions being described by

descriptor vectors composed of local physicochemical char-

acteristics of particular atoms in reactant molecules (see

below).

There are relatively few descriptors that are calculated

while taking account of the information on the reaction

centre. As an example, consider the fragment descriptors

calculated for a special reaction-coding entity called con-

densed graph of reaction.

II.3. Condensed graph of reaction
The idea of describing a chemical reaction by a single graph

that bears information about the structures of all reactants

and products appeared back in the 1970s and was initially

meant for a formal logic consideration and classification of

the structural changes occurring during chemical reactions

rather than for computer storage and processing of the

reaction data. Indeed, Hendrickson 85 considered electron

transfers in the reaction centre by analyzing a family of

pericyclic reactions with a cyclic reaction centre with even

or odd numbers of atoms. He distinguished the bonds in the

reaction centre that formally did not change the order.

Arens 86 ± 88 described the changes in the formal bond order

in the ring and in the chain of atoms; for this purpose, he

developed a line notation for the bonds. The overall type of

transformation of the reaction centre was termed as oper-

ator. The operator applied to atoms of the reaction centre of

a particular molecule made it possible to reveal the structure

of products.

While considering the changes in the types of bonds in

the reaction centre in terms of so-called formal logic

approach to chemical reactions, Zefirov and Tratch 89 ± 91

proposed in the 1970s ± 1980s their own classification sys-

tem for reactions. Within this approach, they developed a

procedure based on the strict graph theory for enumerating

the types of changes of bond orders in a reaction centre of a

particular topology that are allowed by classical organic

structure theory.92, 93 This approach was implemented in the

SYMBEQ (Ref. 45) and ARGENT (Refs 46 ± 48) programs.

It can serve for finding new types of reactions; a new type of

transformation has been predicted by SYMBEQ and then

confirmed experimentally.45

1130 I.I.Baskin, T.I.Madzhidov, I.S.Antipin, A.A.Varnek Russ. Chem. Rev., 2017, 86 (11) 1127 ± 1156



Vladutz and Geivandov 94, 95 defined, for the first time,

the reaction centre (called key atoms of the reaction) as a

group of atoms in which changes of bonds take place during

the reaction and proposed a method for representing the

reaction centre in terms of bond changes. According to this

approach, the reaction centre atoms of the reactant were to

be superimposed onto atoms of the product and changes in

the bonds between them during the reaction were to be

marked. The graph thus obtained was coined the skeletal

scheme of reaction.94 It is common to reactions of the same

type and encodes the changes taking place in the reaction

centre. Kiho 96 proposed to construct these compact nota-

tions not only for the reaction centre, but also for the whole

reaction, including atoms at which no changes of bonds

occur. However, this paper passed unnoticed. The same idea

was independently stated by Fujita,97 who called the graph

describing the reaction the imaginary transition structure

and proposed the terms in-bonds, out-bonds and par-bonds

for the bonds that are formed, cleaved and unaffected in the

reaction, respectively. Fujita defined the reaction centre as a

set of atoms that form the in- and out-bonds. This approach

for treating reactions was somewhat upgraded by Jauffret et

al.98, 99 and called the condensed graph of reaction. The

condensed graph of reaction was used to retrieve informa-

tion about generalized types of reactions from databases.

Scheme 1 { presents an example of the condensed graph of

reaction (below) corresponding to nucleophilic substitution

(above). The authors proposed to introduce, into the CGR,

pseudo-atoms corresponding to the formal charge, stereo-

chemistry and other characteristics of atoms. This enabled

explicit encoding of the change in atom characteristics

(stereochemistry change and so on) using the concept of

dynamic bonds.

Varnek et al.100 paid attention to the fact that CGR can

be regarded as a pseudo-molecular graph, for which frag-

ment descriptors can be calculated. This, in turn, opens up

the possibility of using many algorithms developed for

single molecules for the description of chemical reactions.

The condensed graph of reaction is a versatile tool for

representing chemical reactions for computer processing. It

can be used to store reactions in databases and to perform

various types of search (including the similarity search),

automatic classification of reactions, formation of knowl-

edge bases on the reaction pathways, automatic retrieval of

rules from reaction databases, calculation of substructure

descriptors for reactions, quantitative modelling of reactiv-

ity, prediction of the feasibility and kinetic parameters of a

reaction, mapping and visualization of reactions and so on.

III. Preliminary processing of reaction data

A key problem arising in dealing with databases con-

taining information on chemical reactions is the presence of

errors 101 caused by the following circumstances:

Ð problems related to the input data preparation;

Ð erroneous data annotation;

Ð incorrect automatic processing of information about

reactions.

The first-mentioned issue concerns incorrect identifica-

tion of the reaction products and the lack of knowledge

about some possible products. In some cases, the yield is

low and it is unknown what the major product is. In kinetic

studies, the type of reaction may be incorrectly determined

or ambiguous (e.g., SN2 or SN1 mechanism). These errors

are exceptionally difficult to trace.

Errors of the second type arise because the data input

into the major sources of chemical reaction information,

such as Reaxys and CASREACT databases, is manual. This

may bring about a variety of problems associated with input

errors, misunderstanding or just misprints. Furthermore,

errors may be caused by incorrect information presented by

the authors of original publications, which is correspond-

ingly reproduced in the database. The situation is aggra-

vated by the problems of structure standardization resulting

from the presence of numerous tautomers,102 resonance

structures, methods for depicting the aromaticity and so

on.103 These problems could be solved by inspection of data

in order to eliminate faulty, unreliable, doubtful and

ambiguous information.104 ± 106 For the processing of large

amounts of information about molecules, special automatic

tools have been designed in databases, for example, the

chemical validation and standardization platform (CVSP)

for the ChemSpider database.107

In recent years, the manual data annotation for data-

bases has started to be replaced by automatic text mining.

Lowe 101 described a protocol for automatic retrieval of

information on chemical compounds and reactions from

patents. However, this analysis can give rise to errors caused

by incorrect determination of the role of some compounds

in the reaction. For example, solvents or low-molecular-

mass reagents can be erroneously assigned to the left-hand

part of the reaction equation, whereas in databases such

components should be entered into special designated

fields.108 Even manually inspected databases are not

immune from such errors. Schneider et al.109 proposed an

algorithm for unambiguous determination of the roles of

reaction components based on the difference between reac-

tion fingerprints.

One more source of errors is related to the automatic

analysis and annotation of reactions. The key stage of such

treatment is identification of the reaction centre, which is

accomplished by atom-to-atom mapping (AAM). The

essence of this procedure is to establish a one-to-one

correspondence between the reactant and product atoms.

Methods for the search for reactions by substructure,110

similarity search for reactions using the hash code for the

reaction centre (a multi-digit number unambiguously cod-

ing the reaction centre) 111 and application of protocols

based on representation of reactions with explicit coding
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of the reaction centre (e.g., CGR) 112 require the preliminary

AAM. A detailed review of AAM techniques has been

published;113 however, it did not cover several recent

publications on this subject.111, 114 ± 116 The major challenge

in the AAM is that this procedure is computationally

sophisticated. Currently, there is no algorithm for an

unmistakable search for AAM. Muller et al.117 proposed a

method for identification of erroneous AAM based on

machine learning. The search for erroneous AAM was

addressed as a classification problem; for this purpose, a

training set containing both correct and wrong mappings

was formed. The training set was used for constructing a

model in terms of the support vector machine.118 Using the

JRip method 117 trained with this set, simple rules for

identification of wrong mappings were created.

It is noteworthy that most of the above problems can be

avoided if experimental results are entered into a database

directly from electronic laboratory notebooks, which are

preferable over the paper versions for the following reasons.

Convenient data access. Electronic laboratory notebooks

are suitable for easy search through databases. An opinion

survey conducted in the UK has shown that 75% of the

respondents encounter difficulties in looking for earlier data

obtained in their own laboratory (htpp://www.rsc.org/

Membership/Networking/InterestGroups/FaradayDivi-

sion/ELNs.asp).

Data structuring. The use of electronic laboratory note-

books requires a certain standardization in presenting the

results. Indeed, 90% of the respondents noted that the lack

of a clear structure or appropriate quality of data in the

paper laboratory notebooks brought about problems ham-

pering the work.

Completeness of data records. The description of an

experiment can be accompanied by any digital information

such as files containing the spectra, plots or video records.

Easy data exchange. Electronic laboratory notebooks

provide easy access for the supervisor to the data of the

staff. It is possible to envisage transfer of data to a third

party and data import into a database.

Data safety. It is easy to ensure data safety, for example,

a copy can be stored in the cloud server. Even a failure or

loss of the computer where the record was made would not

lead to the loss of data. Meanwhile, destruction of a paper

laboratory notebook as a result of fire, loss or just ageing of

paper would lead to the permanent loss of data. A study

reported in 2013 119 has shown that *17% of results of

research are lost every year because of the use of paper

records. Only with timely digitizing, it is possible to avoid

huge information and financial loss.

Presence of negative results. The databases containing

data from scientific publications store only positive results,

that is, how to conduct the reaction, but no negative

examples of reactions that the authors failed to conduct.

Without this information, chemists may repeat the same

unsuccessful experiment over and over again. Furthermore,

the presence of negative examples facilitates the use of

artificial intelligence techniques with data processing and

model design.

Electronic laboratory notebooks have long been used in

industrial companies, especially in science intensive fields

such as drug development, and are used more and more

widely in fundamental research laboratories,120 where users

have noted considerable benefits over paper data storage.121

From the standpoint of adding data into databases, elec-

tronic laboratory notebooks represent a reliable method for

data collection, which markedly improves its quality and

integrity.

IV. Computer-assisted methods for planning
organic synthesis

IV.1. Approaches to computer synthesis
The modern approaches to computer-assisted planning of

organic synthesis can be classified into six types (Table 1).

The first type comprises methods of retrosynthetic analysis

based on the use of rules describing the possible trans-

formations of organic structures. These methods implement

the concept of expert systems, which make decisions by

emulating the reasoning of a human experts in the subject of

interest.61 As a rule, an expert system includes a knowledge

base and an inference engine. The application of expert

systems based on the knowledge bases related to various

fields of chemistry has been described in detail in a

monograph.122

In the case of retrosynthetic analysis, knowledge bases

are represented by the rules describing chemical transfor-

mations, that is, transformations inverse to chemical reac-

tions, which convert products to reactants, and the

inference engine is represented by retrosynthetic analysis

trees (Fig. 2). The input value is the structure of a chemical

compound, while the output is the retrosynthetic analysis

tree. The compound to be synthesized is the root of this tree,

the possible starting compounds are the leaves, while alter-

native synthetic pathways form the branches. The number

of steps can be either specified manually, or (if a database of

available reactants is present) determined automatically. As

a rule, the programs include some method for prioritization

of particular synthetic pathways. The mechanisms of chem-

ical reactions are usually not considered in the retrosyn-

thetic analysis.

The central position in the computer-assisted retrosyn-

thetic analysis (in the computer synthesis) is occupied by the

chemical transformation rules. It is customary to distin-

guish the empirical approach, in which each rule describes a

narrow group of transformations, and the non-empirical

approach, in which the rules describe the general reaction

principles applicable to a large number of chemical

reactions.9, 10 The empirical approach is used more fre-

quently; the specification of the transformation rules for

this approach includes the following:

T

T1

T2

T3

T4

T5

T31

T32

T33

T34

T35

T331

T332

T333

T334

T335

Figure 2. Retrosynthetic analysis tree for a three-step synthesis.
Compound T is the final goal of the synthesis; compounds Ti , Tij

and Tijk are the possible precursors of compounds T, Ti and Tij ,
respectively.
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Ð description of one or several substructures that are to

be present in the specified system to enable the given

transformation;

Ð description of the conditions usually concerning the

local physicochemical characteristics of atoms located in or

near the reaction centre that determine the feasibility or

priority of the transformation;

Ð description of structural changes involved in the

transformation.

All three components of specification of a transforma-

tion are often written as a generalized reaction equation.

This can be treated as an analogue of Markush structures

containing additional labels that describe the physicochem-

ical properties of atoms and atoms with generalized labels.

A classic example of an expert system that implements the

empirical approach is the LHASA program.6 The non-

empirical approach is realized in the EROS program,36, 37

in which all conceivable transformations are described by

only five general bond redistribution patterns (so-called

reaction generators). The application of programs based

on the non-empirical approach is often combined with

simple physicochemical calculations for determining the

feasibility or priority for a chemical reaction to proceed in

the specified structural context. One more specific feature of

the systems based on the non-empirical approach is that

they can be used to construct both retrosynthetic trees and

the trees for the forward synthesis (from reactants to

products).

The traditional approach to the formation of rules

includes manual coding of the conceivable types of chemical

transformations by skilled chemists. Arguments in favour of

manual coding are still put forward,57 despite the fact that

the statement about the necessity of automatic retrieval of

the rules from chemical reaction databases has become

predominant since the 1990s. In this case, each rule is

considered as a model that predicts the feasibility of a

particular chemical transformation for a compound, while

the automatic construction of such models on a computer

by generalization of the information contained in databases

is a sort of machine learning. The existing approach to

automatic generation of transformation rules by analysis of

chemical reaction databases is considered below.

The development of databases of chemical reactions has

stimulated the appearance of synthesis planners (type 2 in

Table 1). Like retrosynthetic analysis programs, synthesis

planners construct the retrosynthetic tree for a specified

chemical compound Ð from the compound to be synthe-

sized (root) to the possible starting reactants (leaves). The

fundamental difference between retrosynthetic analysis and

synthesis planners is that the latter use the reaction equa-

tions from the database rather than the coded rules. The

application of synthesis planners does not involve the

construction of models using machine learning techniques.

Examples of synthesis planners are provided by

Reaxys AutoPlan (https://vimeo.com/63343963) and

SciFinder SciPlanner (http://www.cas.org/etrain/scifinder/

sciplanner.html).

Some developed approaches are aimed at elucidation of

the mechanisms of complex processes (type 3 in Table 1),

e.g., multistep rearrangements. The input data are specifi-

cations of the reactants and products and the output is the

reaction mechanism as a path in the graph describing

transitions between the intermediate compounds.

Approaches of this type make use of a set of rules that

describe the possible elementary steps of chemical processes

and, most often, simple physicochemical calculations for

prioritization. The programs for this type of approaches are

few in number (RAIN,50 ICAR 51, 52) and currently they are

not further developed. Meanwhile, active development is

observed for the systems for forward synthesis, which often

also operate within the mechanistic approach and are quite

suitable for generation of various reaction mechanisms.

Forward synthesis programs (type 4 in Table 1) predict

the reaction products for specified reactants and conditions.

The input data include the structures of the reactants and

specified conditions, while the output includes the possible

reaction products. A classic example of an expert system

operating in this way is CAMEO,34 which is based on a

large number of rules formulated by human chemistry

experts and describing the reactivity of organic compounds.

The set of rules can specify the presence of both particular

substructures and particular calculated physicochemical

parameters of the molecules. The successful use of these

approaches is largely determined by the quality of the

Table 1. Various scenarios of computer synthesis

Type Task Reactant Pro- Prioritiza- Mecha- Synthesis Reaction Base Example of Ref.
duct tion nism rules plan program

1 Retrosynthesis out in +/7 7 + out 7 LHASA

EROS 6

2 Synthesis planners out in 7 7 7 out 7 CHEMATICA 36, 37

3 Generation of mechanisms in in + out + 7 7 RAIN 50

4 Forward synthesis in out + + + 7 7 CAMEO 34

EROS 36, 37

5 Forward synthesis out out + 7 + out 7 DOGS 123

for a specified property

6 Reaction prediction in out + 7 7 + + Knowledge 124

with a knowledge graph graph

Note. The following designations are used: in and out are input and output data, respectively; the plus andminus signs indicate whether or not this

parameter has been used in calculations; the plus/minus sign means that prioritization is used only in some retrosynthesis approaches.
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prioritization method used, which finds the most probable

reaction pathway among several alternative pathways.

Starting with the 1990s, prioritization has been performed

using models obtained by machine learning (see a review 63)

that are based on artificial neural networks.125 ± 129 It is

believed that they implement the so-called connectionist

approach to artificial intelligence, by which is usually meant

simulation of the cognitive process by modelling functions

of brain neurons. The architectures of artificial neural

networks and the modes of their use for prioritization of

various reaction pathways are considered below.

In recent years, programs for the forward synthesis have

been used for compilation of virtual libraries of syntheti-

cally readily accessible compounds. These libraries can be

used for the search for new biologically active compounds

and development of new pharmaceutical agents by means of

a virtual screening procedure. An example is provided by

the Niklaus' group initiative on the development of

`synthetically accessible virtual inventory' Ð a database

comprising up to a billion of compounds that can be easily

prepared in one step from commercially available

chemicals, which were found using the knowledge base of

transformations (which was developed previously for the

expert system LHASA 6 for synthesis planning

(see http://cisrg.shef.ac.uk/shef2016/talks/oral2.pdf).

An interesting approach was implemented in the DOGS

program 123 (type 5 in Table 1) for finding structures and

synthesis pathways for analogues of a particular biologi-

cally active compound. In this case, the set of rules includes

58 easily performed organic reactions (click reactions) and

the set of possible reactants comprises 25 144 accessible

synthetic blocks. As a prioritization criterion, the evaluated

measure of similarity with the target compound is used.

An approach for predicting the reaction products and

reaction conditions using the knowledge graph was pro-

posed by Segler and Waller.124 By the knowledge graph is

meant a bipartite graph with one group of nodes corre-

sponding to chemical compounds (both reactants and

products) and the other group of nodes corresponding to

reactions between them. The reaction nodes can bear a label

describing the reaction conditions. This strategy is based on

the use of a very large knowledge graph containing

14.46106 molecules and 8.26106 reactions between them

with indicated conditions as graph nodes. The edges of the

knowledge graph specify whether compounds belong to

reactants or products. The proposed procedure for predict-

ing new reactions and reaction conditions is reduced to

predicting additional edges and nodes of this graph. As an

example, Fig. 3 presents a fragment of the knowledge graph

consisting of five molecules (dark circles), which serve as

reactants for four reactions (diamonds), forming four dif-

ferent products (light circles). In the knowledge graph, there

is a path connecting the reactant molecules, with edges

being numbered from 1 to 8. For movement along this
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Figure 3. Example of analogues and complementary reactants determined on the path along the knowledge graph. The figure is adapted
from Ref. 124;
(1 ± 8) are the numbers of CGR edges.
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path to model the reasoning by analogy, the following

conditions should be fulfilled, according to the authors:

Ð two successively located reaction nodes should

describe similar processes;

Ð two reaction nodes surrounding a reactant node

should code the transformations that affect the same

atoms in the reactant molecule.

The reaction similarity is evaluated by the Tanimoto

index, which compares the corresponding binary finger-

prints, which are, in turn, calculated as the difference

between the product and reactant fingerprints. In this

path, the reactants separated by one reaction node are

considered to be complementary, as they are both reactants

for this reaction. Meanwhile, the reactant nodes separated

by four edges describe compounds that react in a similar

way with one and the same compound located in the path

between them; therefore, such compounds are coined as

analogues. For a path of an arbitrary length, all reactants

whose nodes are separated by 4 n edges (n is any positive

integer) are regarded as analogues and those separated by

4 n+2 edges are complementary.

In the considered approach, for predicting the possibil-

ity of reaction between two reactants, it is necessary to find

a path in the knowledge graph that connects the nodes of

the corresponding reactants and meets the two above-listed

conditions. If at least one path is found, a reaction between

these compounds is predicted, the reaction route being

formed depending on the structures. The conditions for

conduction of the predicted reaction are forecast taking

account of the conditions indicated for reaction nodes in the

path between the reactant nodes.

IV.2. Automatic generation of reaction rules
There are three key approaches to automatic generation of

the reaction rules as generalized reactions. The first

approach developed by Gelernter's research group 130 was

formulated in the context of the artificial intelligence sub-

ject matter as a machine learning problem. The researchers

used the inductive and deductive approaches to generation

of chemical transformation rules to be entered into the

knowledge base for the SYNCHEM synthesis discovery

system 11 by generalizing examples from chemical reaction

database. The inductive generalization accomplished by

ISOLDA software gave rise to generalized reactions, such

that all considered examples of reactions of a particular

class present in the database were their specific instances.

For all atoms of the reaction centre, the generalized reac-

tions contain specifications of local physicochemical prop-

erties of the environment (for example, the presence of

neighbouring electron-withdrawing groups) needed for the

reaction. The ideas of the inductive approach formed the

basis for the HORACE program developed by Gasteiger's

research group 131, 132 and later used to form the knowledge

bases in the software EROS 36, 37 (for prediction of the

reaction products) and WODCA14 (for retrosynthetic anal-

ysis).

The deductive generalization carried out for reactions of

the specified type using the TRISTAN program gave rise to

generalized reaction pathways, which, on the one hand,

contained all atoms participating in at least one step of the

hypothetical mechanism and, on the other hand, did not

include atoms that do not affect any of the stages.

The second approach was developed by Kaufmann's

research group 133 and implemented in the GRAMS soft-

ware in which the generalized reactions are identified by

finding the maximum common subgraph in a set of con-

densed graphs of reactions.98, 99, 134 Subsequently this

approach was extended to analysis of multistep synthesis

pathways via the formation of generalized synthesis path-

ways (COSYMA).135

The third approach was implemented in the ARChem

route designer system. It includes an extensive system for

automatic formation of the reaction rules by analyzing the

databases of chemical reactions.58 For each reaction with a

specified atom-to-atom mapping, a reaction centre is iden-

tified, comprising only the bonds involved in the reaction.

The reaction centres are extended to cover neighbouring

atoms, bonds and functional groups that affect the reaction

mechanism. Generalization of the types of leaving groups

affords the extended reaction centre (Table 2). This is

followed by cluster analysis of all reactions from the data-

base corresponding to each of the reaction centres, and the

most typical reactions are taken from each cluster to form

the final set of reaction rules.
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Table 2. Formation of reaction rules by analysis of databases of chemical reactions using the ARChem system.58

Stage Formation of reaction rules Example

1 Reaction with partial atom-to-atom mapping

2 Reaction core (NF is nucleofuge)

3 Generalized extended reaction centre

4 Example of final reaction rule
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Each of the *105 000 unique chemical transformations

isolated in this way from the database counting *10.86106

reactions was subjected to statistical treatment to determine

its utility (considering the number of representatives in the

database) and possible variations of conditions and accom-

panying functional groups. All this information is used in

the retrosynthetic analysis. The advantage of the automati-

cally generated rules over the rules formed manually is

much wider coverage of the organic chemistry data.

Unfortunately, no additional data about the reaction mech-

anisms and principles of the electronic structure of mole-

cules are employed according to this approach. However,

presumably, this drawback could be eliminated with

upgrading of software systems, updating of databases and

implementation of artificial intelligence techniques for their

analysis.

IV.3. Prioritization of reaction rules
An important task of computer synthesis systems is to

predict which of alternative pathways would predominate

for a given reaction. Hence, they perform two closely

interrelated functions Ð prioritization of reaction rules

and prediction of the reactivity of organic compounds.

The first studies along this line were carried out in the

context of the strategy based on expert system rules.

Whereas in the classic CAMEO system developed by

Jorgensen's research group 34, 35 the rules were formed as a

program code simulating the reasoning of an experienced

organic chemist (with possible use of the results of simple

physicochemical calculations) separately for different

classes of organic reactions, in the SOPHIA system devel-

oped by Satoh and Funatsu,39, 40 this was done using the

knowledge base that was automatically formed from the

reaction database.

The first studies utilizing machine learning methods

were carried out in the mid-1980s by Gasteiger et al.136

and comprised the construction of classification models

(k nearest neighbours, linear discriminant analysis and

logic regression methods), which predicted the feasibility

of the heterolytic bond cleavage on the basis of local

physicochemical characteristics of atoms. Subsequently the

same sets of descriptors were applied to construct similar

models by combining two types of artificial neural

networks Ð multilayer perceptron and Kohonen self-orga-

nizing map.137 To make the sets of descriptors related to the

properties of chemical bonds applicable to characterization

of molecules of an arbitrary size, it was proposed to use

combined descriptors, which were called MOLMAP. It was

shown 138 that MOLMAP can serve as an efficient tool for

predicting the ability of organic compounds to react with

particular chemical reagents. Indeed, the classification

models formed by the `random forest' method were able to

predict whether a test molecule would react with BunNH2 or

Na(CN)BH3.

Several studies published in 1990 and 1991 were devoted

to the use of artificial neural networks to predict reaction

pathways for organic compounds within simple model

systems. For example, Elrod et al.139, 140 used a neural

network to predict the products of electrophilic substitution

of monosubstituted benzenes and the regiochemistry of

classic Markovnikov, Diels ± Alder and Zaitsev reactions.

A similar method was applied by Kvasnicka and Pospi-

chal 141 to predict the products of aromatic electrophilic

substitution of benzene derivatives. Using simple examples,

the authors demonstrated the applicability of artificial

neural networks to organic chemistry problems.

Quite a promising approach to prioritization of reaction

rules is implemented in the ReactionPredictor system, which

utilizes neural networks to predict the products of multistep

reactions by considering the reaction mechanisms and

comparing the feasibility of the formal electron transfer

schemes in the elementary steps.142 An advanced version of

ReactionPredictor is applicable not only to reactions that

follow a polar mechanism, but also to reactions occurring

by pericyclic and radical mechanisms.143 A method was also

proposed for combining the ReactionPredictor system

based on machine learning techniques with quantum chem-

ical calculations.144 In this case, transition states and

activation barriers are calculated for the most favourable

reaction steps predicted by the system; the calculation

results are entered back into the ReactionPredictor and are

+

Prediction of the reaction product

Prediction of the reaction type

Reaction type probabilities

Concatenated reaction fingerprint

O

O MeHO Me

O

Cl N

Figure 4. Scheme of the neural network method for prediction of reactions. The figure is adapted from Ref. 145.
The neural network the input of which is the vector formed by concatenation of the vectors describing the reactants and reaction conditions
forms the probability vector for alternative reaction pathways at the output and thus enables prediction of the reaction products.
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used for additional training of neural networks. This

increases the reliability of prediction.

Yet another method of neural network prediction of

reaction products was proposed by Aspuru-Guzik's

research group.145 The strategy was tested on a database

comprising only 17 types of organic reactions; however, it

can quite be extended to a markedly wider range of

reactions. The authors used special neural network finger-

prints derived from chemical structures by means of a

convolutional neural network operating on the deep learn-

ing principle.146 The prediction affords the probability

vectors for each of the 17 types of reactions (Fig. 4).

Coley et al.147 developed a general-purpose and more

perfect program for predicting the products of organic

reactions, which combines the reaction rules and deep

learning-based neural networks. The modular neural net-

work underlying the system was trained with the data on

chemical reactions taken from a large US patent database

(4 106 reactions). The same database was used for auto-

matic retrieval of the reactivity rules, which were applied to

each reaction to generate the possible alternative reaction

pathways. This resulted in 4 56106 generated reactions.

They served as `negative examples' for building of the

neural network model, which could predict the probability

for each reaction pathway. The products for a specified set

of reactants are predicted via generation of possible prod-

ucts using the set of reactivity rules and selection of those

products that are chosen as most probable by the neural

network.

V. Analysis and visualization of reaction data

V.1. Classification of reaction types
The term `classification of reaction types' is usually referred

to several different, but closely related concepts. First of all,

this is the regulation of terms used to describe various types

of chemical reactions at the conceptual level, which refers to

the knowledge background of synthetic organic chemistry.

In the field of artificial intelligence, the agreements that

define the basic notions of the subject matter (in this case,

synthetic organic chemistry) and establish the relationships

between them are called ontologies. Usually, ontologies

include taxonomies, which are hierarchical classification

systems for some objects (in this case, chemical reactions).

The reaction classification schemes in synthetic organic

chemistry are traditionally based on consideration of formal

bond redistribution schemes.

Furthermore, `classification of reaction types' implies

the recognition of types of reactions present in databases or

entered by a user, which is important for solving practical

tasks of synthetic chemistry.

V.1.a. Classification based on formal bond redistribution schemes

During a reaction, changes usually affect relatively small

parts of the reacting molecules. In view of the common

natures of these changes, reactions can be grouped together

according to the type. Indeed, considering generalized types

of bond changes, Thelheimer 148 was able to distinguish four

general types of reaction Ð addition, elimination, rear-

rangement and exchange (subsequently more often called

substitution).

Attempts to elaborate a more specific classification of

reactions resulted in the development of a multitude of

approaches that considered the changes in the bond orders,

valences and formal charges of atoms in the reaction centre.

Among them, noteworthy are the approaches of Hendrick-

son,85 Arens,86 ± 88 Zefirov,89 ± 91 Vladutz,94, 95 Dugunji and

Ugi 70 and some other. The approaches of this type to

classification of organic reactions have been surveyed in

detail.149, 150

V.1.b. Ontologies of chemical reactions

It was noticed long ago that reactions of similar types can

be grouped into more general classes; this allows the

construction of a hierarchical classification system Ð

taxonomy of reactions, which forms an important part of

their ontology. The attempts at constructing ontologies

have been made using two types of approaches. In the first

type, which can be called inductive, researchers proceeded

`from the data' and tried to arrange similar types of

chemical reactions in groups in accordance with chemical

logic. An example of this type of ontology is the three-level

classification system proposed by Carey et al.151 and later

upgraded by Roughley and Jordan.152 This system formed

the basis for the RXNO reaction ontology

(http://github.com/rsc-ontologies/rxno), proposed, used

and developed by the UK Royal Society of Chemistry. For

reaction classification in accordance with RXNO ontology,

the rule-based NameRxn system was devised

(http://www.nextmovesoftware. com/namerxn.html);78 this

system was used 153 to investigate the popularity of reac-

tions of various types in medicinal chemistry. The complex-

ity of constructing `chemistry-based' ontologies is in the fact

that one reaction can simultaneously belong to several

groups of reactions at a higher generalization level.

It is very difficult to construct an unambiguous and

exhaustive hierarchy. The second, rule-controlled approach,

which can be considered as deductive, is potentially free

from this drawback. According to this method, a set of rules

indicating the possibility of electron or bond redistribution

during the reaction is formulated based on the consider-

ation of the formal valences of atoms. Representations of

reactions with different levels of generalization are thus

generated (for example, at the highest generalization level,

only the way of electron redistribution is considered, while

at a lower level, changes in the bond orders are included,

and at the lowest level, symbols of atoms are added), which

makes it possible to compose an hierarchical system for the

reaction classification. Among the most consistent systems

of this type, mention may be made of the Tratch ± Zefirov

approach.154 The drawback of this approach is that the

results may deviate from chemists' views on classes and

designations of reactions.

V.1.c. Problem of the automatic classification of reactions in the

databases

The task of classification of reactions stored in databases

according to types includes determination of the type of

reaction on the basis of the encoded reaction transforma-

tion. This solves four main problems:

Ð identification of what types of reactions are present

in a database and quantitative characterization of these

reactions;

Ð performing search of the database for a specified type

of reactions;

Ð collecting reactions of the same type into groups for

the subsequent identification of reaction signatures or

retrosynthetic rules;
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Ð predicting characteristics of a chemical reaction on

the basis of known characteristics of other reactions of the

same type.

Classification methods based on formal bond redistrib-

ution schemes usually do not take into account the chemical

environment of the reaction centre. This is typical of data-

driven methods in which the classes and hierarchy of

reactions arise upon analysis of reaction data. One of the

most popular classification systems of this type is ICClas-

sify.111 For classification, atoms at which bond orders

change are identified (Table 3). Reactions of a given type,

e.g., reduction of the cyano group presented in Table 3,

would always involve similar changes in the reaction centre

(the C:N bond of reactants is converted to the C7N bond

of the products). However, in some cases, it is important to

consider also the local environment, for example, to find

out whether the cyano group is attached to an aliphatic or

an aromatic atom. Therefore, several generalization levels

for the reaction centre are used, differing in the extent of

inclusion of the chemical environment of the reacting

group. Altogether, three types of fragments are considered

for each reaction: at the broad level, only the reaction centre

atoms are considered; at the medium level, the local envi-

ronment is also included (a-atoms except for hydrogen

atoms); and at the most narrow generalization level, the

reaction fragment to be considered comprises the reaction

centre and the surrounding a- and b-atoms (see Table 3). It

is evident that several medium-level fragments can corre-

spond to one broad-level fragment and that several narrow-

level fragments can correspond to one medium-level frag-

ment. For better compliance with the chemical logic, the

symbols of some chemical elements are replaced by general

symbols indicating a certain group of elements (e.g., alkali

metals, alkaline earth metals, noble gases, transition metals

and so on).

The fragment corresponding to the reaction centre at a

certain consideration level is written as the reaction centre

hashcode. The hashcode is a concise representation of the

reaction centre, which unambiguously describes it, but

cannot be converted into a structural view. The reaction

hashcodes are calculated by the procedure based on the

modified Morgan algorithm 155 with allowance made for

types and characteristics of atoms.111 Thus, reactions des-

ignated by the same hashcode belong to the same type at the

chosen consideration level. This allows using the ICClassify

system for analyzing the diversity of reactions in a database,

clusterization of reactions, grouping together of the list of

reactions formed by a search system, filtering a database

and search for reactions of a desired type. In addition, this

algorithm serves for the search for similar reactions in the

SciFinder system.111 In this case, the reactions that have

identical hashcodes at the narrow level are considered to be

the most similar, while reactions that have coincident

broad-level hashcodes are regarded as the least similar.

The same algorithm, but involving consideration of the

reaction centre environment at six levels (up to the fifth

sphere) is used in the Reaxys information system.

By analyzing the dynamic bonds in the condensed graph

of reactions, one can also unambiguously identify the

reaction centre, which is unique for each type of reactions.

Similarly to early studies of Jauffret and co-workers 98, 99, 134

and de Luca et al.,156 CGR fragments that unambiguously

characterize reactions of a given class (reaction signatures)

were identified. If reactions are presented in a database as

CGR, then reactions of this type can be found by a

substructure search using the signatures. Furthermore,

CGR can be used for the search for similar reactions on

the basis of the `neighbourhood behaviour' concept.157

Examples of the signatures of the Diels ± Alder reactions

found by de Luca et al.156 are presented in Table 4.

Further development of this approach is the CGR-

HASH algorithm, which allows representing the reaction

centre as a hashcode, the latter being a way of coding of

reaction signatures.158 Three description levels for the

reaction centre, substantially differing from the ICClassify

classification, have been proposed. The first level takes into

account only types of bonds, but types of atoms are

neglected. The second level takes into account the types of

changing bonds and the symbols of atoms. This level

resembles the broad level involved in the ICClassify sys-

tem,111 and also it can be considered as the hashcode

representation of the `skeletal schemes' proposed by Vla-

dutz et al.94 The third level considers additional parameters

of atoms (hybridization, aromaticity) and types of bond

change. The generation of reaction signatures (hashcodes)

for the reaction centre is illustrated by Scheme 2, in which

the reaction equation is given at the top and the CGR and

hashcodes for different levels are given below (A is any

NH NH

C
N

C
N

H

H

NH NH

C
N

C C
C

N
H

H

C
N

C C
C

N
H

HNH NH

Table 3. Levels of consideration of the reaction centre used in the ICClassify approach.111

Sphere Level Example

Zero Broad (only the reaction centre atoms are included)

First Medium (the reaction centre atoms and a-atoms except for hydrogens

are included)

Second Narrow (the reaction centre atoms and a- and b-atoms except

for hydrogens are included)
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atom). The atoms of the first, second and other neighbour-

hoods can be added to the reaction centre, like in the

ICClassify system. By adding atoms from all reaction centre

neighbourhoods possible for a given reaction, one can

represent the whole reaction as a single hashcode, which

can be used for looking for reaction duplicates in a data-

base.

Christ et al.159 proposed a `data-driven' approach

to classification, which is based on the formation of rules

by means of representing reactions as SMIRKS

strings (http://www.daylight.com/dayhtml/doc/theory/

theory.smirks.html). Sello and Termini 160, 161 have applied

quite an unusual method for hierarchical classification of

reactions, which, unlike the techniques mentioned above, is

based on the use of physicochemical descriptors calculated

from empirical equations rather than on the structural

description of reactions.

Machine learning methods are widely used in the classi-

fication of reactions by types; most popular are dimension-

ality reduction methods, such as Kohonen self-organizing

maps (see below).

The classification of reactions by types was carried out

using machine learning with various modifications of reac-

tion difference descriptors, which appear to be the most

natural choice for solving this issue. Schneider et al.78

reported classification of the reactions according to the

RXNO ontology using quite a number of machine learning

methods and difference descriptors of reactions. This

approach provided a successful classification of some reac-

tions that had not been assigned to a particular type in

terms of the rule-based NameRxn approach

(http://www.nextmovesoftware.com/namerxn.html). Patent

claims 79 describe the application of difference fingerprints

to identifying reactions of similar type and demonstrate the

advantages of this method over Daylight software products

(Daylight Chemical Information Systems Inc.,

http://www.daylight.com). Hu et al.77 performed classifica-

tion of enzymes according to the Enzyme Commission (EC)

rules, using the known types of reactions they catalyze and

the nearest neighbour method. The similarity of reaction

mechanisms has been used to study the similarity of

enzyme-catalyzed reactions.162 In this approach, the atten-

tion is focused on the mechanistic details of the processes.

The condensed graph of reactions is also a convenient

tool for structural similarity-based prioritization of reac-

tions. By using the representation of reactions as CGR and

rows of fragment descriptors, one can calculate the standard

similarity indices between the reactions,100 which was also

reflected in a patent.163

V.2. Mapping of chemical reaction space
Out of numerous methods for visualization of chemical

data,164 only two are applied to analyze the chemical

reaction space Ð Kohonen self-organizing maps 165 and

generative topographic maps.166, 167 The Kohonen maps

result from calculations involving neural networks of a

specific sort (Kohonen networks). These maps project

multidimensional objects onto a neural network (map

cells) located on a plane in such a way that similar objects

are mapped on the same or neighbouring neurons.168

Table 4. Examples of signatures derived from CGR corresponding to Diels ±Alder reactions.156

Signature CGR Chemical reaction
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An example of analysis of the chemical reaction space

using the Kohonen maps for a sample comprising 8544

reactions of various types is shown in Fig. 5. All reactions

have been represented as CGR, for which fragment descrip-

tors have been calculated. The Kohonen map cells are filled

with a colour corresponding to the type of most of the

mapped reactions. It can be seen that reactions of the same

type form clusters covering one or several cells of the

map.169 In most cases, cells of the same colour occupy

extended areas in the map.

An interesting method of topological analysis of the

distribution of reactions in the Kohonen maps has been

reported.170 The landscapes of reactions, with vertical

coordinates encoding the distances between the clusters

formed by network nodes, were constructed in the map

based on local physicochemical characteristics of atoms. In

this case, reactions of the same type form the `valleys'

separated by `mountain ridges'. An example of such land-

scape is shown in Fig. 6, where three `valleys' are seen

corresponding to the nucleophilic aliphatic substitution of

acyl chlorides (black), acylation of C=C bonds (grey) and

acylation of arenes (light grey).

The idea of using local physicochemical descriptors for

classification and prediction of reactions by means of the

Kohonen maps has been further developed by Satoh et

al.171 and Hiroko et al.,172 who calculated the local phys-

icochemical characteristics of atoms as the average energy

of their electrostatic or van der Waals interaction with the

test atoms [H+ and C(sp3), respectively] placed on the open

part of the van der Waals surface. The local characteristics

of atoms obtained in this way, which were called FRAU

(field-characterization for reaction analysis and under-

standing) descriptors, numerically describe the fields

around the reacting molecules. Unlike the molecular field

descriptors used in the 3D QSAR methods (e.g.,

CoMFA 173), the FRAU descriptors are calculated without

the spatial alignment of molecules; the values of these

descriptors depend little on the choice of molecular con-

formations. Therefore, the FRAU descriptors can be

applied to structurally different reactant molecules. The

Kohonen map formed by means of such descriptors for

39 reactants containing magnesium and boron atoms was

used for classification and prediction of the types of

reactions involving these reactants.171, 172

Machine learning methods can be efficiently applied for

the automatic classification of organic reactions. The tradi-

tional approach to determination of the type of reaction is

based on the consideration of bond redistribution. This, in

turn, requires the knowledge of which atoms in the products

match particular atoms in the reactants (atom-to-atom

mapping). Since this information is often missing in data-

bases, for assignment of the types of chemical reactions,

classification problem should be solved in terms of a model

that does not require atom-to-atom mapping. This problem

was solved for the first time by introducing special

MOLMAP reaction descriptors;174 the descriptors were

derived and utilized for the construction of classification

models by means of machine learning techniques. The

MOLMAP descriptors for molecules are found 175 by con-

structing the Kohonen map. For this purpose, the Kohonen

network is trained using a sample of diverse chemical bonds

represented by seven local physicochemical descriptors

(electronegativity, atomic charge, total atomic charge,

bond polarity, average bond polarizability, resonance stabi-

lization and bond dissociation energy) proposed by Gas-

teiger and co-workers 137 for modelling the reactivity of

organic compounds.

For the calculation of MOLMAP descriptors, the infor-

mation about each bond in the molecule is put onto a map

formed in this way (Fig. 7 a), in which the occupied cells are

assigned the values corresponding to the numbers of bonds

of this type in the molecule. Then the cell occupancies are

recalculated to take into account the possibility for a bond

to get into neighbouring cells (Fig. 7 b). Finally, the vector

Figure 5. Classification of 8544 reactions using the Kohonen
map.169

The colours correspond to various types of reactions: Sonogashira
(brown), dihydroxylation (yellow), nucleophilic substitution (blue),
epoxidation (green), metathesis (orange), domino ±Heck ±Di-
els ± Alder reactions (black). The red and violet colours mark the
Diels ± Alder reactions in which the reaction centre comprises
carbon atoms and heteroatoms or only carbon atoms, respectively.
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Figure 6. 3D landscape of reactions.170

The digits at the axes in the map plane are the row and column
numbers in the network determining the positions of nodes, and the
vertical scale encodes the distance between the clusters. It can be
seen that three `valleys' separated by `walls' (`mountain ridges')
indicate clearly different reaction types in the Kohonen map.
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of MOLMAP descriptors for a molecule is formed as a

concatenation of the matrix columns.176

The MOLMAP descriptors for reactions are calculated

as the difference between the MOLMAP descriptors of the

reaction products and reactants.176 The number of

MOLMAP descriptors obtained in this way is equal to the

number of Kohonen's cells and does not depend on the

number of atoms or bonds in the molecules; therefore, they

can be represented as fixed-length vectors and, hence,

applied in conjunction with standard machine learning

methods for the construction of classification, regression

and other types of models and also for data visualization.

Zhang et al.176 used the MOLMAP descriptors in con-

junction with the random forest method 177 to classify

organic reactions. They have also been used to classify

metabolic reactions by assigning the EC numbers to enzy-

matic reactions involved in metabolism 82, 83 and for auto-

matic assignment of EC numbers to arbitrary enzymatic

reactions.178 The selection of the random forest method for

machine learning in the construction of the classification

model is caused by its ability to efficiently operate large

numbers of descriptors, although only few of them are

relevant. The MOLMAP descriptors were successfully used

to generate the Kohonen map suitable for classification of

metabolic reactions (Fig. 8).

The automatic encoding of organic reactions accom-

plished by means of MOLMAP descriptors was also used

for mapping and classification of whole metabolic path-

ways.179 For calculating the MOLMAP descriptors of the

0 1.2 4.0 1.2 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 0 0 0

0 0 0 0 0 0 0 0 0 1.2 1.2 1.2

0 0 0 0 0 0 0 0 0 1.2 4.0 1.2

0.6 0 0 0 0 0 0 0 0 1.2 1.2 1.2

0.6 0 0 0 1.2 1.2 1.2 0.6 0.6 0 0 0

1.2 1.2 0.6 0 1.2 5.2 2.4 1.2 0 0 0 0

0.6 2.0 0.6 0 1.2 3.0 5.2 1.2 0 0 0 0

0.6 0.6 0.6 0 0.8 1.6 1.2 1.2 0 0 0 0

0 0 0 0 0.6 1.8 1.8 0 0 0 0 0

0 0 0 0 0.6 2.0 1.8 0 0 0 0 0

0 0 0 0 0.6 0.6 1.2 0 0 0 0 0

ba

C=C

O=C

C7C

C7Cl

Cl7C

C=O

Cl

Cl

Cl

O

O

Cl

Figure 7. Calculation of the MOLMAP descriptors for a molecule. The figure is adapted from Ref. 176.
(a) Mapping of the chemical bonds of the molecule on the Kohonen network cells, (b) conversion of the cell occupancy to MOLMAP
descriptors.

Figure 8. Kohonen map constructed for 7482 enzymatic reactions
involved in the metabolism. The figure is adapted from Ref. 82.
Enzymes catalyzing the reactions: oxidoreductases (red), transfer-
ases (dark blue), hydrolases (green), isomerases (light blue), ligases
(pink); black colour bears no definite correspondence.
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next level in which the metabolic pathway is described by a

fixed-length vector, all reactions involved in metabolism are

placed on the map trained using metabolic reaction data-

bases, and the descriptors are determined from cell occu-

pancies. The descriptors thus obtained can be applied for

mapping of various metabolic pathways of various organ-

isms using the next-level Kohonen maps.

Yet another popular approach to visualization of chem-

ical reaction data is generative topographic mapping

(GTM), which is a probabilistic analogue of the Kohonen

maps. The GTM method was introduced by Bishop

et al.166, 167 as a non-linear method for decreasing dimen-

sionality, with data topology being retained. This method

approximates the data distribution by a smooth manifold,

which can be represented as a flexible sheet of paper located

in the data space. The mapping of chemical items (mole-

cules, reactions) on this sheet gives maps describing their

relative positions.164, 180 The GTM method has been used

previously for mapping the chemical space of mole-

cules 180 ± 186 and for `activity landscaping', which serves

for visualization of quantitative structure ± activity relation-

ships.187

Structural descriptors are most useful for mapping of

the chemical reaction space. The maps provide visual

examination of the structural diversity of the set of reac-

tions and identify groups of similar reactions. The GTM

approach has been used to form a map describing a large set

of hydrogenation reactions (see Fig. 9).188 The reactions

were represented as CGR for which the ISIDA fragment

descriptors were calculated.100, 189 First, using the approach

reported by Lin et al.,108 the reactions in which protecting

groups are removed were identified. Thus, the reactions

were labelled according to the type of protecting group

being removed or were designated as 'unclassified' if none

of the considered protecting groups was removed in the

reaction. The analysis covered 470 000 reactions from the

Reaxys database.108 Similar reactions formed compact

clusters, with reactions with different chemical neighbour-

hoods being gathered in different areas. For example, zone

1 in Fig. 9 corresponds to removal of benzyl groups at

secondary aliphatic carbon atoms, zone 3 corresponds to

elimination of one benzyl group in a primary alcohol, and

zone 2 reflects complex reactions that include the removal

of numerous benzyl protecting groups. Generally, more

complex reactions tend to accumulate in the upper part of

the map. The reactions that include reduction of double

bonds (designated as unclassified) and are accompanied by

removal of some protecting groups (zones 4 and 5) got into

the left-hand side of the map. Meanwhile, reactions of

relatively rare types (5100 reactions) may form no compact

zones.

VI. Prediction of quantitative characteristics of the
reactions

VI.1. Kinetic and thermodynamic parameters
The works on the quantitative prediction of reaction

parameters (rate constants or yields) by machine learning

methods include both classic approaches based on linear

free energy relationships and construction of regression

models using advanced statistical analysis and machine

learning techniques.

The pioneering studies on the quantitative prediction of

rate constants for chemical reactions were based on the

linear free energy relationships and were published by

Hammett,190 Taft 191 and Palm 192 in the 1930s ± 1960s.

These studies underlay the classic physical organic chem-

istry. In all cases, the quantitative modelling was carried

out for very narrow series of compounds that had the same

skeleton and reacted under strictly identical conditions and

differed only by one substituent. The rate constants were

predicted by a linear equation with a single descriptor Ð the

substituent constant } belonging to one of empirical scales.

Although these equations have played an important part in

the formation of physical organic chemistry and views on

reaction mechanisms, they could not find practical use as

prediction tools because of a too narrow range of com-

pounds used for modelling and a limited range of substitu-

ents with known values of required constants. Nevertheless,

with further development of this strategy and wide imple-

mentation of computers in chemical research, in the

1970s ± 1980s, the series of compounds involved in analysis

were extended to include variation of several substituents.

In addition, the first procedures for describing the solvent

effect were developed. This allowed Palm 193 to write about

a quantitative theory of organic reactions.

The foregoing created prerequisites for further develop-

ment of works dealing with quantitative relationships

between the structures and reactivity of chemical

compounds. These relationships are designated by the

abbreviation QSRR (quantitative structure ± reactivity rela-

tionship). Currently, by QSRR is meant a strategy accord-

ing to which the molecules of one or several reactants (or

the whole reaction scheme) are described by a set of

descriptors; this set is used for quantitative prediction of

one reactivity parameter (usually, rate constant for the

reaction) by application of a model constructed by machine

learning. The QSRR technique was employed for the first

time back in 1989 in the study of Mishra et al.;194 however,

in full measure it was implemented only 11 years later.

NH group protection
(carbamates):

OH group protection
(phenols):

other groups

OH group protection
(aliphatic alcohols):

Bn

Bn

Bn

NrBn

But

Silyl

(Ph)3Me

Figure 9. GTM map for hydrogenation reactions.188

Protecting groups: Bn is benzyl, NrBn is nitrobenzyl, But is tert-
butyl, Silyl is silyl, (Ph)3Me is triphenylmethyl. Less abundant
groups are omitted. }One of the constants present in the Hammett, Hammett ± Taft and other

similar equations, which underlie the linear free energy relationships.
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In the 1980s ± 1990s, several papers were published

addressing the prediction of rate constants for gas-phase

reactions of
.
OH free radicals with organic compounds,

considering group contributions 195 and empirical equations

based on quantum chemical characteristics.196 In this case,

the sets of compounds comprised hundreds of structures

and were not limited to narrow series; however, they still

referred only to gas-phase reactions of one type.

In the beginning of the 2000s, Katritzky's group 197, 198

reported two first studies on the QSRR prediction of the

kinetic characteristics of reactions. One publication 197

described the prediction of the rate constant for gas-phase

homolysis of C7X bonds, while the other paper 198

addressed the rate constant for chain transfer in styrene

polymerization, induced by free radicals generated by var-

ious organic compounds. In both cases, the descriptors were

calculated using the CODESSA program,199 and multiple

linear regression with selection of descriptors was used as

the machine learning method. Since the structure of only

one reactant was varied in these studies, with the reaction

conditions remaining invariable, the QSRR procedure was

reduced to the standard QSAR/QSPR (quantitative struc-

ture ± activity relationships/quantitative structure ± prop-

erty relationships) methodology for the search for quanti-

tative correlations between the structure and property of a

chemical compound.200, 201 The same expedient of reducing

QSRR to QSPR was used later for prediction of rate

constants for hydrolysis of esters.202, 203 The same approach

was employed to predict the degradation of organic com-

pounds upon oxidation in the upper atmosphere 204 ± 208 in

which the set of reactions is not always exactly known. The

publications on modelling the reactivity of organic com-

pounds to ozone and hydroxyl radical in the atmosphere,209

to ozone and sulfate radical in water 210 and to nitrate

radical depending on temperature 211 can be assigned to

the same group of studies.

A publication 212 of 2002 describing the model for

predicting the rate constant for acid hydrolysis of arbitrary

esters under various conditions (various temperatures, sol-

vents or solvent mixtures with water) is a milestone in the

development of QSRR approaches. The set used for sol-

vents included both local quantum chemical descriptors

characterizing the properties of atoms near the reaction

centre and descriptors of reaction conditions (temperature

and proportion of solvent in a mixture with water) as well as

four descriptors characterizing the physicochemical proper-

ties of the solvent. The machine learning method used in

this case represented a multilayer neural network imple-

mented in the NASAWIN program package 213 employed

according to the general methodology of structure ± condi-

tions ± properties relationships.214 The interpretation of the

neural network model by the procedure proposed by Baskin

et al.215 demonstrated the exact correspondence to the

known principles determining the reactivity for this reac-

tions, thus indicating the ability of neural networks to

extract knowledge from data. Subsequently the model was

modified by replacing quantum chemical descriptors by

labelled fragment descriptors, which improved the predic-

tive power.216 Thus, fragment descriptors can be used

instead of the traditional local quantum chemical descrip-

tors for modelling the reactivity of organic compounds.

The next important step in the development of studies

along this line is the construction of a neural network model

for predicting the rate constants for nucleophilic substitu-

tion by the SN2 mechanism with variable structures of the

nucleophilic reagent and the electrophilic substrate and

with variable reaction conditions.217 The set of descriptors

comprised either local quantum chemical or fragment

descriptors for both the nucleophile and electrophile mole-

cules and the reaction conditions in accordance with the

bimolecular QSPR concept.218 A neural network model for

predicting rate constants for nucleophilic substitution by

the SN1 mechanism was also constructed.219

An interesting development of the QSRR strategy is the

model for quantitative prediction of the reactivity index in

the Michael addition with variable structures of the sub-

strate (24 variants) and the enone (4 variants) and three

different catalysts.220 The models were constructed sepa-

rately for each of the catalysts using the quantum chemical

descriptors calculated for the substrate and the enone, with

multiple linear regression and partial least squares being

used as the machine learning methods with selection of

descriptors using the genetic algorithm.

The approach involving the use of the condensed graph

of reaction makes it possible to encode a reaction trans-

formation as a numerical vector in approximately the same

way as for a molecule. When fragment descriptors are used,

each element of the vector encodes the number of times a

particular fragment occurs in a chemical structure. In the

case of ISIDA descriptors, these are chains of atoms and/or

bonds of a definite length or atoms with the local environ-

ment.100, 189

Madzhidov et al.221 proposed a CGR-based procedure

for predicting the rate constants for chemical reactions; the

procedure was considered by the example of bimolecular

nucleophilic substitution reaction. Since the rate constant

depends not only on the reactant and product structures,

but also on the conditions, the descriptors for the solvent

and the temperature were added to the vector of descriptors

describing the transformation (ISIDA fragment descriptors

for CGR). As the solvent descriptors, the Kamlet ± Taft and

Catalan parameters were used, as well as other parameters

depending on the solvent dielectric permittivity and the

refractive index, characterizing its polarity and

polarizability. In order to describe water ± organic mix-

tures, which are often used, a descriptor encoding the mole

fraction of the organic solvent in a mixture with water was

added to the solvent descriptors. The temperature was

described using the reciprocal of reaction temperature (in

Kelvin degrees). The relationship between the logarithm of

the rate and the obtained vector of descriptors was modelled

by the random forest machine learning method.222 This

method was shown to be able to predict a rate constant to

an accuracy close to the error of measurements.

Nugmanov et al.223 continued to develop this approach

by applying it to bimolecular nucleophilic substitution

reactions giving practically important azides. A specific

feature of such reactions is that the nucleophile (azide

anion) has a counter-ion (alkali metal, ammonium, alkyl-

ammonium or tetraphenylarsonium cation). It was shown

that the nature of the counter-ion affects the reaction rate.

An attempt was made to find an optimal representation for

the counter-ion based on quantum chemical and fragment

descriptors. With the latter, models with better predictive

power were constructed by the support vector method. The

authors performed an independent validation of the model

quality on the basis of available kinetic data on the rate of

calix[4]arene azide formation. It was shown that in the
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absence of steric hindrance, the rate constant can be

properly predicted; however, in the presence of steric

effects, which are neglected in this model, the prediction of

rate constants was expectedly fairly unreliable.

The described strategy of modelling the quantitative

characteristics of chemical reactions in water, organic

solvents and water ± organic mixtures based on the use of

CGR technique and physicochemical parameters of the

solvents was also applied to predict rate constants for

bimolecular elimination 224 and the equilibrium constants

of tautomerization reactions.225

VI.2. Optimal reaction conditions
Whereas quite a few tools have been developed for planning

the synthetic strategy towards a chemical compound, vir-

tually no approaches for predicting the optimal conditions

of chemical reactions have existed until recently. The paper

of Struebing et al.226 was among the first publications

focused on the prediction of the reaction conditions, in

particular, the choice of the optimal solvent. The authors

chose the optimal solvent for the Menshutkin reaction by a

rather complex procedure that included the following

stages:

Ð quantum chemical calculation of the activation bar-

rier of the reaction for a series of solvents;

Ð construction of the regression model to relate the rate

constant of the reaction to solvent parameters;

Ð choice of the best solvent in terms of the resulting

model;

Ð correction of the obtained regression model by add-

ing information for the reaction in a new solvent.

The procedure was repeated until the solvent of choice

was found. This approach to the choice of the optimal

solvent for the reaction is largely based on first principle

calculations and, therefore, it is computationally rather

time-consuming.

One more approach to prediction of the optimal reac-

tion conditions is based on the assumption that the choice

of the best conditions such as the catalyst and the solvent

can be treated as a classification task. In this case, the

reaction itself is considered as a chemical object whose

property must be predicted, while the optimal solvent

(catalyst) is the property to be predicted. Marcou et al.84

constructed the model for predicting the types of the solvent

and the catalyst for the Michael reaction. For this purpose,

they collected 222 examples of reactions proceeding under
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Figure 10. Data processing for collection of statistics on the reactivity of protecting groups.
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known conditions. The catalysts used were classified

according to types (Brùnsted acids, Lewis acids, basic

catalysts), and the class of reactions proceeding without a

catalyst was selected. The solvents were also classified

(hydrophobic, aprotic polar and protic) and a class of

solvent-free reactions was designated. Thus, using machine

learning, it was necessary to construct a model capable of

predicting the classes of catalyst and solvent for the

reaction. Both MOLMAP descriptors and fragment

descriptors generated for CGR were used in combination

with various machine learning techniques. This yielded

classification models that evaluated the feasibility of the

reaction in the indicated solvent with a particular type of

catalyst.

Lin et al.108 proposed an original approach to evalua-

tion of the optimal conditions for removal of protecting

groups using large bodies of data. First, the researchers

developed an automatic procedure for processing the `raw'

information about the reactions from the Reaxys database,

which included the following stages:

Ð standardization of reaction representation (structure

standardization);

Ð atom-to-atom mapping;

Ð standardization of records about the reaction

conditions (conversion of catalyst names to the standard

form including identification of the solvents and low-molec-

ular-mass reactants).

Using CGR, they identified the reactions in which the

deprotection took place and in which the protecting groups

were retained (Fig. 10). Hence it was possible to evaluate

how frequently the protecting groups of a particular type

were removed with a given catalyst. The results of statistical

treatment for catalytic hydrogenation were compared with

the results of `manual' analysis of the literature data on

reactivity published in a monograph 227 (see Table 5). It was

found that only in 25% of cases, the results of automatic

and manual analysis were in full agreement, while in

7%± 10% of cases, contradictions between them were

found. In the other cases, the quantity of data was statisti-

cally insignificant, so that no substantiated conclusion

could be drawn (510 reactions).

Since a considerable drawback of reactivity tables pre-

sented in the mentioned monograph 227 is neglecting the

structural environment of protecting groups, a prototype of

an expert system free from this drawback was proposed.108

The proposed strategy is based on the idea that similar

reactions proceed under similar conditions. The expert

system operation principle is schematically presented in

Fig. 11. After structure standardization and conversion to

CGR (stages 2 and 3), the program looks for the reaction

resembling most closely the query in two folders prepared

beforehand, which contain reactions with the protecting

group of interest being either removed or retained with the

given catalyst (stages 4 and 5). The similarity measure is

quantitatively determined by the Tanimoto index, which is

varied from 0 (for a pair of absolutely different reactions)

to 1 (for a pair of identical reactions). It is taken that the

reactivity of a protecting group in the query reaction (either

removed or not) with a given catalyst corresponds to the

type of reactions with the greatest similarity index (stage 6).

Table 5. Analysis of deprotection of the phenol OH groups in catalytic hydrogenation reactions.108

Protecting group Raney nickel Pt, pH 2 ± 4 (see a) Pd/C Lindlar Rh/C or Rh/Al2O3

A CR A CR A CR A CR A CR

Methyl L 0 L 0 L 0 L 0 L 0

Methoxymethyl L 7 M 7 L 1 L 0 L 0

Methoxyethyl L 7 M 7 L 4 L 7 L 7

Cyclohexyl L 7 L 7 L 0 L 7 L 7

tert-Butyl L 7 L 7 L 0 L 0 L 7

Benzyl H 75 H 17 H 99 L 37 H 28

tert-Butyldimethylsilyl L 7 H 7 L 1 L 0 L 0

Acetyl L 0 M 0 L 1 L 0 L 0

Pivaloyl L 7 L 7 L 6 L 7 L 7

Benzoyl L 0 L 7 L 50 L 7 L 7

Methoxycarbonyl L 7 H 7 L 0 L 7 L 7

Benzylcarbamate H 7 H 7 H 100 L 7 L 7

Mesityl R 0 L 7 L 8 L 7 L 7

Note. The following designations are used: A is reactivity, CR is the probability of deprotection under these conditions, % (CR=100% means

that this protecting group was removed under the given conditions in 100% of cases; CR=0% means that the group was never removed). The

reactivity labels H, M and L were taken from a monograph 227 and stand for high, medium and low reactivity, respectively; R means that no

deprotection occurs under the indicated conditions but the protecting group is modified. The colour of the cell encodes the agreement (grey) and

discrepancy (dark) between the analysis carried out by Lin et al.108 and monograph data; 227 no colour corresponds to cases where no such

reactions were found. The squares indicate the cases where the number of reactions for this group and conditions was 510. a It has been

assumed 108 that Pt/C served as the catalyst and an acid was present as an additive.
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If the behaviour of each protecting group with each catalyst

is known, one can easily find a catalyst that is suitable for

the selective deprotection.

VI.3. Metabolic transformations
A special type of chemical reactions is represented by

metabolic transformations (biotransformations) of xenobi-

otics taking place in living organisms. Prediction is a very

important task associated with new drug development and

estimation of drug toxicity and pharmacokinetic properties.

As in the case of organic synthesis planning, the first

programs for prediction of biotransformations were

designed as expert systems based on rules manually

encoded by human experts and forming their knowledge

base. The most well-known products of this type are

MetabolExpert,228 META 229, 230 and METEOR.231 The

sets of rules, even formulated by skilled experts, proved to

be insufficient for reliable prediction of metabolic path-

ways; therefore, now machine learning methods are used

predominantly. The prediction is, in this case, accomplished

by means of classification or regression models constructed

using databases of metabolic transformations, in combina-

tion with the descriptor representation of chemical struc-

tures within the framework of the general QSAR

approach.201

Studies dealing with QSAR modelling for predicting the

quantitative characteristics of catalytic hydroxylation of

para-substituted toluenes under the action of purified cyto-

chrome P450 enzyme, which plays an important part in the

metabolism of xenobiotics, appeared in the 1980s. The

classic Hansch method was used Ð construction of a linear

model relating the predicted rate constant, apparent dis-

sociation constant of the ligand ± enzyme complex and

Gibbs energy to the substituent constants and hydrophobic

constants of the molecule.232 This model was subsequently

improved by the use of physicochemical and quantum

chemical descriptors.233 ± 235 In the later studies, various

machine learning methods were used (multiple linear regres-

sion, k nearest neighbours, partial least squares, support

vector machine, decision trees, multilayer artificial neural

networks, Kohonen self-organizing maps, etc.) in combina-

tion with diverse molecular descriptors needed for the

design of models for predicting the substrate binding in

the cytochrome P450 active site,236 enzyme inhibition 237

and induction,238 and substrate specificity to enzyme

subtypes.239 The model designed by the support vector

machine was implemented as a web-server predicting

which form of cytochrome P450 would be involved in the

metabolic transformation of a specified xenobiotic.240

In 2003, Poroikov's research group 241 developed the

PASS-BioTransfo program for predicting the feasibility of

various types of biotransformation for an arbitrary organic

compound. The classification models used for this purpose

were based on the metabolic transformation data stored in

commercial databases, Metabolite (MDL Information Sys-

tem Inc.) and Metabolism (Accelrys), and the methodology

that was implemented previously by the same research

group 242, 243 for predicting the range of biological activity

for an organic compound with the PASS program. The

chemical structures of xenobiotics were represented as frag-

ment descriptors, which were called MNA (multilevel ner-

ighbourhoods of atoms) and describe the multilevel neigh-

bourhood of atoms,244 and a modified version of the `naive

Bayes' classifier was chosen as the machine learning

method.243 The accuracy of prediction of 1927 biotransfor-

mation classes by the model based on the Metabolite data-

base was estimated as 88%, while the prediction accuracy

for 178 biotransformation classes by means of the model

using the Metabolism database was 85%. Later, this meth-

odology was extended to the prediction of the probable

metabolic transformation sites, which was done using spe-

cial sorts of fragment descriptors called RMNA (reacting

multilevel neighborhood of atom) 245 and LMNA (labelled

multilevel neighborhood of atom).246 ± 248 This underlay the

MetaTox web-application to predict the structures and

toxicity of xenobiotic metabolites.249 Modern research on

computer-assisted prediction of the metabolic transforma-

tions of xenobiotics has been covered in detail in a

review.250

Swamidass' research group developed models for pre-

dicting metabolic transformation sites using deep neural

networks popular in the artificial intelligence field such as

XenoSite P450 Metabolism (for metabolic activation by

cytochrome P450),251 Xenosite Epoxidation (for metabolic

activation via epoxide formation),252 Xenosite Quinone

Formation (for metabolic activation via quinone forma-

tion),253 Xenosite Reactivity (for predicting the toxicity

associated with reactions of xenobiotic with nucleophilic

centres in nucleic acid and protein macromolecules) 254, 255

and XenoSite UGT [for metabolic activation by the uridine

diphosphate glucuronosyltransferase (UGT) enzyme].256

The metabolic activation of xenobiotics may occur

stereospecifically. This cannot be taken into account in the

Similarity search

(stage 4)

A B C
A B C

Database of reactions in which

the groups were removed

The most similar reaction

involving this group for each

catalyst (stage 5)

The most similar reaction

involving this group for each

catalyst (stage 5)

Database of reactions in which

the groups were retained

User query (stage 1)

Structure standardization,

atom-to-atom mapping (stage 2)

Conversion to CGR (stage 3)

Determination of the reaction class

(removed/retained) with the highest similarity

index for each catalyst (stage 6)

Figure 11. Prediction procedure for the conditions of reactions
involving protecting groups. In stage 4, the reactions in the base
are grouped depending on the catalyst used Ð A, B, C, etc.
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above-mentioned models constructed by means of 2D

descriptors. In order to take into account the spatial

structures of molecules, 3D-QSAR models were constructed

using the CoMFA 173 and CoMSIA 257 methods. In this

case, the descriptor values are the values of molecular fields

(electrostatic, steric, etc.) calculated at the nodes of an

imaginary lattice formed around the training set molecules

superimposed in space, with partial least squares being used

as the machine learning technique to construct the regres-

sion model. The 1A2 (Ref. 258) and 2C19 (Ref. 259) models

for cytochrome P450 inhibition were constructed in this

way.

One more approach to metabolism prediction taking

into account the geometric structures of molecules is phar-

macophore analysis. This implies the search for a pharma-

cophore inherent in all molecules that exhibit a particular

type of biological activity. Pharmacophore is defined as a

set of generalized functional groups (pharmacophore fea-

tures) and distances between them. The search for pharma-

cophores by comparing the chemical and geometric struc-

tures of active molecules can be treated as a special sort of

machine learning. The pharmacophore approach has been

utilized to predict the metabolic transformations of xeno-

biotics.260 ± 262

VI.4. Synthetic accessibility of organic compounds
An important area of using artificial intelligence for reac-

tivity analysis is the prediction of synthetic accessibility of

organic compounds.263 The significance of this task is due

to the fact that the development of new drugs employs,

more and more often, virtual screening of computer-gener-

ated chemical structures and de novo design of chemical

compounds, that is, virtual assembly of a chemical com-

pound within a receptor model. In both cases, it is highly

important that the new chemical structures generated on a

computer be accessible by laboratory synthesis. The use of

only readily proceeding click reactions and libraries of

easily accessible chemicals solves the problem only partly,

like in the case of the DOGS system,123 as it sharply restricts

the range of eligible molecules.

Currently, there are two fundamentally different

approaches to evaluation of the synthetic accessibility of

organic compounds. One is based on the following idea: for

understanding how accessible the specified compound is, it

is necessary to carry out automatic retrosynthetic analysis

and propose a pathway for compound synthesis from

available reactants. This strategy was implemented in the

CAESA commercial expert system (computer assisted esti-

mation of synthetic accessibility 264, 265). This approach

provides a reliable estimate for the synthetic accessibility;

however, it is highly time-consuming and, hence, it can be

used only at final stages of virtual screening where the

number of compounds to be considered is moderate.

One more approach that can be successfully combined

with the first one is the use of complexity indices. For

calculation of these indices, there is no need to perform

retrosynthetic analysis in explicit form; they can be formed

both purely heuristically and by machine learning, i.e., by

analysis of databases of accessible chemicals and reactions.

This approach underlies the commercially available

SYLVIA system.266 ± 268

However, currently the synthetic accessibility problem

cannot be considered to be solved, despite the presence of

commercially available systems. Solution of this problem

may be one of the goals in the development of new, more

perfect approaches based on artificial intelligence methods.

VII. Modelling of catalytic activity and computer-
aided design of new catalysts

Computer-aided design of new catalysts forms a separate

group of studies on the prediction of quantitative character-

istics of reactions.269 In these studies, machine learning

methods are used to model the relationship between the

reactivity and the structure or composition of the catalyst

(see reviews 270 ± 273). This problem is solved in different

ways depending on whether catalysis is homogeneous,

phase transfer or heterogeneous.

VII.1. Homogeneous catalysis
In the field of homogeneous catalysis, studies of this type

address, most often, the quantitative prediction of the

catalytic activity and enantioselectivity of organic reactions

catalyzed by metal complexes and the use of constructed

models for optimization of the structures of organic ligands

incorporated in transition metal complexes applied as

catalysts. The first studies along this line were based on

the 3D-QSAR approach.274 ± 278 Lipkowitz and Pradhan 279

modelled the Diels ± Alder reaction in the presence of

copper complexes with chiral bisoxazoline and phosphine

oxazoline ligands using electrostatic and steric descriptors,

standard for the CoMFA method.173

In the modelling of acetylene polymerization catalyzed

by zirconium-, titanium- and hafnium-based metallocenes,

the LUMO and local softness fields calculated by the

density functional theory were added to the two standard

molecular fields mentioned above.280, 281 Meanwhile, the

3D-QSAR models for the same reaction catalyzed by

zirconocene were constructed using the standard fields.282

From this, it follows that substituents at the ligands in

metallocenes exert, first of all, electronic and steric effects

on the reactivity, while quantum chemical descriptors are

needed to take account of the differences between the nature

of metals in the metallocene catalysts.

The studies of the last several years have mainly dealt

with quantitative modelling of the enantioselectivity and

reactivity for reactions catalyzed by homogeneous asym-

metric metal complexes using the linear free energy relation-

ships, considering variations of the ligands incorporated in

the catalyst.283 ± 295 A bunch of studies along this line used

the theoretically calculated descriptors, instead of empirical

constants, for describing the effect of substituents.292, 294, 295

In the studies cited, models were constructed within series of

organometallic catalysts in which ligands had the same

skeleton, but differed in the substituent structures, with

the difference between free activation energies being the

property to be modelled. Statistical analysis was performed

using multiple linear regression, and non-linearity was

introduced into the model by using squares and products

of the initial descriptors. The constructed models served for

optimization of the organometallic catalyst structures.

In 2013, Gonzalez-Diaz et al.296 proposed a general

approach to quantitative modelling of the reactivity based

on combination of the perturbation theory (PT) with

QSRR. The developed PT ±QSRR method was applied to

construct equations for quantitative prediction of the enan-

tiomeric selectivity (enantiomeric excess) and yields for

homogeneous asymmetric catalysis, depending on the reac-
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tion conditions, the structure and composition of the

catalytic system and the substrate structure. The

PT ±QSRR method was used to model intramolecular

carbometallation,296 palladium-catalyzed Heck ±Heck cas-

cade reaction,297 Brùnsted acid-catalyzed enantioselective

a-amidoalkylation,298 Parham cyclization 299 and other.

VII.2. Phase transfer catalysis
Several papers address the quantitative modelling of stereo-

selectivity in reactions catalyzed by chiral quaternary

amines as phase transfer catalysts.300 ± 302 In all cases, the

CoMFA method implementing the 3D-QSAR concept was

used.173 According to this method, a partial least squares

algorithm is used as the machine learning technique to find

a correlation between the activity to be modelled (in this

case, the enantiomeric excess) and the electrostatic and

steric fields of the molecule.

VII.3. Heterogeneous catalysis
Since the end of the 1980s, expert systems have found use in

the development of materials for heterogeneous catalysis.303

The knowledge bases in such systems contain detailed

information about catalytic processes, including numerous

rules and empirical trends encoded using special knowledge

representation languages. The inference engine reproduces

reasoning of a chemist guided by this knowledge. As a rule,

each of these expert systems is directed towards one or

several reactions widely used in chemical industry. The

DECADE expert system was the first to be developed (in

1987);304, 305 it is aimed at the choice of a metal catalyst for

carbon monoxide hydrogenation (Fischer ± Tropsch proc-

ess). This was followed by INCAP 306 ± 308 (for oxide-cata-

lyzed oxidative dehydrogenation of ethylbenzene), INCAP-

Muse 309 (for butene oxidative dehydrogenation catalyzed

by a multicomponent mixture of metal oxides) and

ARCADE as its upgraded version,310 Hu System 311 (for

the synthesis of alcohols by carbon monoxide hydrogena-

tion catalyzed by metal oxides), IACES 312 (for the prepa-

ration of catalyst supports), EASYCAD 313 (for a group of

reactions including CO hydrogenation, alkane dehydrogen-

ation and methane oxidative coupling) and other.

Currently, machine learning methods are actively

applied to heterogeneous catalysis.270, 271, 273 The difficulty

of modelling of heterogeneous catalysis is that the catalyst

structure cannot be described as simply as it is done for

homogeneous or phase transfer catalysts. Moreover, the

exact structure of catalytic sites is usually unknown. Often

these sites arise at crystal lattice defects with the participa-

tion of impurities and also when special metastable micro-

phases are present on the solid surface. Nevertheless, a

clear-cut dependence of the catalyst activity on the compo-

sition and characteristics of catalyst-forming atoms is often

observed and can be studied using machine learning meth-

ods. The pioneering studies 314, 315 of 1991 ± 1992, in which

the neural network served for predicting the acidity of metal

oxide-based catalysts were followed by publications in

which this approach was applied to predict the distribution

of the products of oxidative dehydrogenation of ethylben-

zene catalyzed by promoted SnO2-based catalysts 316, 317

and the yield of products of butane oxidation catalyzed by

lanthanide oxides.317

A neural network was used by Huang et al.318, 319 to

optimize the composition of the multicomponent catalyst of

methane oxidative coupling. If the Na, S, W, P, Zr and Mn

mole fractions in the catalyst were taken as the input data,

this method predicted the ethane conversion and selectivity

to C2 .319 A similar approach has been used 320 to estimate

the product yield in the oxidative dehydrogenation of

propane in the presence of a multicomponent catalyst

containing B, Fe, Ga, La, Mg, Mn, Mo and V. This formed

the basis of a general strategy for the search for the optimal

catalyst compositions using neural network modelling in

combination with the evolutionary optimization algo-

rithms.321 This combination also underlies the optimization

methods for the composition of solid-state catalysts

reported by Serra and co-workers.322, 323

The modern approach to the development of heteroge-

neous catalysts largely relies on experimental high-perform-

ance screening of their combinatorial libraries (see a

review 324). This screening can be accelerated to a large

extent by using machine learning, in particular, artificial

neural networks 325, 326 and the support vector machine.327

The primary goal of this screening is to specify a combina-

torial library of potential catalysts. Since there are infinitely

many solid-state catalysts, rational design of a screening

procedure requires that a most diverse subset of a finite

(and minimum possible) size be chosen. For this purpose,

using experimental design techniques, it is necessary to

define a small set of descriptors in the space of which

similar catalysts would have similar catalytic activity pro-

files (similarity principle). These descriptors would enable

virtual screening of combinatorial libraries of solid-state

catalysts and formation of focused libraries. These descrip-

tors are needed for the efficient use of machine learning

methods in the development of solid-state heterogeneous

catalysts.

A fundamental distinction of the targeted design of

solid-state catalysts from the design of low-molecular-mass

compounds, for example, drugs, is that the catalytic activity

is determined, to a large extent, by not only the catalyst

composition, but also the preparation procedure (and, as a

consequence, the presence of trace impurities, crystal lattice

defects, morphology of the material, the presence of meta-

stable microphases on the surface and a multitude of other

factors) and application conditions. For example, catalysis

by gold nanoparticles differs substantially from the catalysis

by bulk gold, although the composition is the same. There-

fore, the attributes describing the composition of the mate-

rial are not always suitable as descriptors and often do not

comply with the above-noted similarity principle.328

To solve this problem, Klanner et al.328 proposed the

following procedure for the formation of sets of descriptors

for the solid-state catalysts:329, 330

Ð forming the primary set of diversified types of solid-

state catalysts and high-performance screening of the cata-

lysts against the test catalytic process under various con-

ditions;

Ð screening gives rise to the maximum diversity of

products;

Ð forming the response vector (e.g., yields of various

reaction products at various temperatures), which is used

for clusterization of catalysts.

As a result of this procedure, each cluster would com-

prise catalysts with similar catalytic activity profiles. Then

each of the catalysts is described by attributes of three

major types, which characterize:

Ð material properties and preparation methods;

Ð catalyst composition;
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Ð physicochemical properties of the major elements

contained in the catalyst and their simple derivatives (e.g.,

metal oxides in consideration of oxidation reactions).

Since there is a very large number (thousands) of these

attributes, the most valuable ones (providing the best

assignment of catalysts to the above-mentioned clusters by

using machine learning methods, in particular, neural net-

works) are selected. The set of attributes generated as a

result of this procedure forms the desired set of descriptors

for solid-state catalysts. This strategy was successfully

tested in the oxidation of propene: the final set of a

moderate number of descriptors was formed using a library

of 467 solid-state catalysts; initially 3179 different attributes

were calculated for each of the catalysts.329, 330 The set of

descriptors thus formed was used for the design of new

solid-state catalysts by means of models constructed via

machine learning techniques.330 In addition, the formation

of a small set of the most valuable descriptors can be

regarded as a method for extracting knowledge about the

factors determining the efficiency of heterogeneous cataly-

sis.

Corma et al.331 proposed to use the X-ray diffraction

spectra of a solid-state catalyst as descriptors. In this case,

the initial spectra were subjected to primary processing by

dimensionality reduction and clusterization methods (prin-

cipal component method and Kohonen maps), and the

models for predicting the catalytic activity were constructed

using machine learning techniques such as logistic regres-

sion, multilayer neural networks and decision trees. The use

of experimental spectra precludes the application of the

constructed models for virtual screening; however, owing to

the ease of obtaining the spectra, the models considerably

accelerate the high-performance screening of the combina-

torial libraries of catalysts in the case of long-term exper-

imental measurements of the catalytic activity. Meanwhile,

unlike the descriptors characterizing the catalyst composi-

tion and preparation conditions, X-ray diffraction spectra

characterize directly the catalyst structure.

A special mention should be made of the studies devoted

to modelling of the catalytic activities of zeolites, the crystal

structure of which (unlike many other solid-state catalysts)

can be determined in an X-ray diffraction experiment.

Hence, a set of descriptors characterizing the structures of

the zeolite crystal lattice has been formed.332 An alternative

set of physicochemical descriptors characterizing the zeolite

structure was used to carry out the virtual screening of

libraries of 300 000 zeolite structures in order to search for

the best catalyst for CO2 reduction.333 The role of zeolite in

this case consists in adsorption of H2 and CO2 molecules in

the pores, thus creating conditions for the reduction reac-

tions. The application of a special sort of Bayesian regular-

ized artificial neural network as a machine learning techni-

que made it possible to construct models that relate the

adsorption properties and structures of zeolites. These

models were used to design the catalytic system for CO2

reduction.333

VIII. Conclusion

The vigorous development of chemoinformatics gave rise to

novel approaches to computer synthesis planning methods,

theoretical estimation of the kinetic and thermodynamic

characteristics of reactions and prediction of the optimal

conditions for a given reaction. Nevertheless, despite the

fast progress, the artificial intelligence methods in chemistry

have not yet reached the required level and have not yet

become an everyday tool of a synthetic chemist. This may

be attributed to both the insufficiently advanced method-

ology of modelling and analysis of chemical reactions and

the problems of availability of reliable experimental data.

As noted above, reactions are much more complex model-

ling objects than single compounds. The application of new

machine learning techniques 63 with inclusion of parameters

obtained in quantum chemical calculations can substan-

tially increase the reliability of predictions of new reactions

and their characteristics.

Currently, the CAS and Reaxys databases store infor-

mation about more than 1006106 chemical reactions.

Unfortunately, a greater part of this information cannot

be used for modelling because of incomplete reaction

equations and annotations of experimental conditions (cat-

alyst, solvent, additives, pH, etc.) and the lack of informa-

tion about the product yields or thermodynamic and kinetic

reaction parameters. This may account for the moderate

number of structure ± reactivity models available from the

literature Ð they are all based on rather small sets of data

selected and annotated manually. In this connection, we

would like to emphasize the importance of development of

automatic curation procedures for reaction databases,

including not only structure correction and standardization,

balancing of atom numbers in reaction equations, correct

annotation of reactions, but also atom-to-atom mapping.

Our experience has shown that the condensed graph of

reaction may prove very useful for the development of these

technologies.100, 156, 334, 335

Obviously, the creation of open databases of chemical

reactions would facilitate the use of approaches of chemo-

informatics. These studies are already in progress along

several avenues. The first one is manual annotation of the

data on chemical reactions. For example, we collected a

database of *15 000 values of kinetic parameters of various

chemical reactions, which is planned for open-access pub-

lication. However, this approach is limited by the fact that

the manual data mining is expensive and available only for

large companies. To make it generally available, coopera-

tion of the scientific community and development of a

convenient-to-use platform for publication of the data on

reactions are needed.

The information on chemical reactions can be retrieved

directly from the literature using artificial intelligence meth-

ods for text mining 336 and image recognition. For example,

computer-assisted text mining was used to retrieve informa-

tion on more than 106 reactions from patents; and this

information was used to solve various problems.78, 101, 153

This approach is restricted by the fact that information is

taken from secondary sources (papers, patents, collections

and reference books), which gives rise to errors.

Gasteiger 337 believes that the only way to solve this issue

is to carry out quality checks before the information is

deposited in a database, and for this purpose, information

should be taken directly from laboratory notebooks. Thus,

the most reliable way for collecting data on reactions is to

use electronic laboratory notebooks.

One cannot help mentioning the nearly complete

absence of open-access databases of chemical reactions,263

with only small exceptions of websites for synthetic proce-

dures, e.g., OrgSyn (www.orgsyn.org), which cover a minor

part of reactions, and the USPTO database (bitbucket.org/
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dan2097/patent-reaction-extraction/downloads), which

stores reactions taken from US patents. Almost all modern

databases are commercial and, hence, accessible

only by subscription. These databases include Reaxys

(reaxys.elsevier.com), CASREACT (www.cas.org/content/

reactions) and SPRESI (www.spresi.com) well-known to

synthetic chemists. At some time, the same situation

occurred with databases of chemical compounds, but che-

moinformatics was revolutionized as open-access databases

on chemical compounds appeared. First of all, biological

activity data were opened for public access.338 This mark-

edly accelerated the development of new pharmaceutical

drugs, and chemoinformatics became an inherent part of

pharmaceutics as an important development tool.

The progress of computer analysis of chemical reactions

and its application to `big data' in chemistry would not only

generate tools for predicting characteristics and conditions

of any reaction, but also compete with humans in the ability

to choose the optimal pathway for the synthesis of com-

pounds.57, 339 Combining these approaches would finally

create an `intellectual partner' Ð a device able to provide

a chemist with information he is interested in and make

decisions what compounds are to be synthesized and how

this is to be done. The experimental equipment used in

chemistry already has well-developed electronic interfaces,

which allow computer control of processes.

It is quite reasonable that artificial intelligence and

experiment design methods would be combined with instru-

ments. Indeed, systems for automatic optimization of flow

synthesis conditions have been reported.340, 341 The use of

artificial intelligence methods as control systems would give

rise to a new type of such systems Ð an intellectual `robo-

chemist' 342 able to automate particular procedures of the

search for compounds with desired properties, optimize and

scale-up the synthesis, and even obtain the desired com-

pound. Unlike the existing systems, the `robochemist' would

be able to make intelligent hypotheses based on `big data'

analysis, conduct an experiment, improve the model on the

basis of experiment results and make new, more substanti-

ated and accurate decisions. Although this goal seems to be

science fiction and despite the skeptical attitude of some

researchers,340, 342 studies along this line are being carried

out and tools of this type have already appeared.

Professor Schneider's group 343 developed the ALOE

(automated lead optimization equipment) platform for

optimization of the lead compound. The system is con-

trolled by an algorithm based on the use of machine

learning techniques. With a set of reactants and a set of

synthetic rules at hand, this program predicts the possible

products and, using a computer model, predicts their bio-

logical activity. Thus it is able to find the potentially most

active compound and the method for its synthesis. Using

ALOE, it is possible not only to synthesize the proposed

compound by means of the microflow synthesis process, but

also to experimentally assess its biological activity on a

separate chip. These data are entered into a computer

control system, which specifies the computational model.

Thus, the system learns to give more accurate predictions

with time and finds more and more active compounds

without human intervention. Currently, ALOE implements

click reactions, which do not require sophisticated selection

of reaction conditions or separation of products. Never-

theless, this approach is a prototype of a machine that

would be able to perform fully automatic structure optimi-

zation, synthesis and testing of biologically active com-

pounds. An alternative approach for automatic optimiza-

tion of the lead compound without synthesis planning

elements (compounds are listed as combinatorial library

elements), but with more advanced experimental equipment

including the isolation of the target compound, has been

reported.344

The time will come when the progress in the synthesis

design approaches associated with prediction of the reaction

conditions results in the development of systems for auto-

matic synthesis that would be able to replace humans in the

synthesis of chemicals.342 This challenging goal is already

being implemented with the Dial-a-Molecule Grand Chal-

lenge project sponsored by the UK Engineering

and Physical Sciences Research Council

(http://generic.wordpress.soton.ac.uk/dial-a-molecule/).

The Dial-a-Molecule staff members plan that in the

20 ± 40 years, they would make the preparation of a desired

chemical compound as easy as to dial a phone num-

ber.345, 346 Nevertheless, they admit the necessity of essential

development of the existing tools. It becomes clear that flow

reactors and microreactors, which are gaining popularity,

are the major candidates for the future robotized reactor

vessels. Owing to their design, they ensure higher rate of

synthesis and easy controllability.

Thus, creation of `synthesis robots' able to solve on their

own the problems faced by chemists is a goal that has

already passed from being a science fiction fantasy to

practical implementation. This gives an optimistic view of

the future of artificial intelligence methods in chemistry,

which will crucially change the existing approaches to the

preparation of new compounds and materials with specified

properties.

This review was prepared with financial support of the

Russian Science Foundation (Project No. 14-43-00024P).
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