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The synthesis of the desired chemical compound is the main
task of synthetic organic chemistry. The predictions of
reaction conditions and some important quantitative
characteristics of chemical reactions as yield and reaction
rate can substantially help in the development of optimal
synthetic routes and assessment of synthesis cost. Theoretical
assessment of these parameters can be performed with the
help of modern machine-learning approaches, which use
available experimental data to develop predictive models
called quantitative or qualitative structure-reactivity
relationship (QSRR) modelling. In the article, we review the
state-of-the-art in the QSRR area and give our opinion on
emerging trends in this field.
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1. Introduction

Synthesis of the desired chemical compound is the main task of
synthetic organic chemistry. Finding an optimal synthetic route
requires vast experience, deep knowledge of reaction types,
selectivity, and efficiency. The development of a synthetic plan
requires answering some quite complicated questions:

(a) What is the optimal order of structural transformations
that leads to the desired compound?

(b) Which are optimal experimental conditions for each step
in the route?

(c) What is the expected yield/rate/selectivity for each

reaction step?
Low yield or poor selectivity at even one step may cause the
entire synthetic route to be discarded. Therefore, the development
of models able to predict such reaction characteristics as yield,
rate or selectivity is as important as route assessment.

Since seminal work by E.Corey,! many attempts were
achieved to create computer-aided synthesis design (CASD)
systems that find the synthetic pathway leading to the desired
molecule. CASD systems should explore, pass through vast
spaces of possible synthetic routes and find optimal solutions.
Despite the variety of computational retrosynthetic tools reported
in the literature so far, they have not come into synthetic chemists’

© 2021 Mendeleev Communications. Published by ELSEVIER B.V.
on behalf of the N. D. Zelinsky Institute of Organic Chemistry of the
Russian Academy of Sciences.

everyday practice. The reason for such failure can be explained
by their low computational efficiencies and the small number of
considered reaction types.? In most cases, suggested by computer
synthetic pathways could easily be determined by chemists, thus
making earlier CASD tools useless from a practical perspective.
Starting from 2016, this situation began to change rapidly thanks
to the application of artificial intelligence technologies in
chemistry,>7 which led to the renaissance of CASD and reaction
informatics.

Despite the tremendous success, none of the existing
computational CASD tools has embedded models that predict
reaction conditions and some important quantitative
characteristics of chemical reactions as yield and reaction rate.
These reaction parameters are required to assess synthesis
feasibility, which, in turn, is essential for ranking possible routes
and finding optimal reaction conditions. Historically, theoretical
assessments of these characteristics were performed by quantum
chemistry or Hammett® c—p-like analysis, which is considered
an integral part of physical organic chemistry.”'® Nowadays,
because of the availability of experimental data in chemical
reaction databases, such characteristics can be assessed using
machine-learning (ML) models which reveal relationships
between structural representations of reactions (usually
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Figure 1 Schematic representation of Quantitative Structure—Reactivity
Relationship (QSRR) model and classical machine-learning concepts.

represented by descriptor vectors) and their continuous
(numerical value) or nominal (class label) properties based on
the dataset of known pairs ‘reaction—property’. This is shown
schematically in Figure 1. The model is further tested on new
data with known properties to assess model performance and
robustness. It is called the validation procedure. Hereafter, the
models for prediction of reaction characteristics we call
Quantitative or Qualitative Structure—Reactivity Relationship
(QSRR).

Here, we overview the state-of-the-art application of
chemoinformatics and machine learning to model various
characteristics of chemical reactions (QSRR) and discuss some
prospects in this scientific field. The article is arranged as
follows: first, we consider different computer representations of
reactions and provide a brief overview of data sources. Then,

quantitative (reaction rate constant, yield, and equilibrium
constants) and qualitative (reaction conditions or reaction type)
machine-learning models are considered. Finally, we give our
vision of the perspective of computational tools in synthetic
chemistry.

2. Historical survey of structure-reactivity modelling

The first approach to predicting quantitative characteristics of
chemical reactions was based on the Linear Free Energy
Relationships (LFERs) and was developed by Hammett,® Taft,!!
and Palm!? in the 1930s—1960s. LFERs'3 were extensively used
to establish simple linear correlations between substituent or
solvent descriptors and chemical reactivity. This approach has
been used to study reaction mechanisms, develop synthetic
routes, and estimate the biological activity of various organic
chemicals.!*!> However, the utility of this approach is rather
limited because: (1) it could only be applied to relatively small
congeneric datasets of compounds with the same core!®~!8 or the
same reaction proceeding in different solvents;'? (2)it used
experimentally measured substituents parameters as descriptors;
and (3) as arule, linear correlations were considered. This article
intentionally ignores early LFER approaches since they were
thoroughly studied and reviewed in the literature®!'3202! and
mostly have historical value or limited applicability.

To overcome the limitations of LFER, new modelling
techniques based on the application of different types of
molecular descriptors in combination with various machine-
learning techniques were developed in the early 1990s.2? One of
the first approaches to quantitative reactivity prediction beyond
LFER using a nonlinear machine learning method (neural
networks) was published by Halberstam et al.,”> who modelled
the reaction rate constant. The major novelty of the proposed
approach in comparison with LFER was an ability to predict
reaction rates for different reactants/products combinations
(hereafter, called transformation) under different reaction
conditions. Since then, special descriptors adapted for chemical
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reactions were proposed, among which the difference fingerprints
and fragments issued from Condensed Graph of Reaction were
the most successful.

Until  recently,  Quantitative  Structure—Reactivity
Relationship models were mostly built using in-house datasets
manually annotated or collected using the high-throughput
technique. In 2013, the first version of the USPTO database?*
collecting organic chemical reactions extracted by text-
mining from US patents was released. An updated and
sufficiently larger version of this database was released in
2016. In 2016, the Elsevier company, the owner of Reaxys®,
shared this database with several scientific groups (including
ours) in the framework of Reaxys R&D collaboration aiming
at developing novel techniques of reaction mining. The
emergence of sufficiently large datasets together with the
development of deep learning techniques®® stimulated the
development of powerful retrosynthesis approaches,’*
forward (major product) prediction,?®?’ optimal condition
selection,?®?° and Al-based novel reaction discovery
techniques.?® These approaches attracted much attention to
chemical reactions mining and led to the renaissance of the
reaction informatics area.>%3! Combining such Al-driven
approaches with automatic experimentation techniques is an
important step toward the development of an entirely self-
sufficient robochemist.??33

3. Reaction representations

Computer representation of chemical reactions is an important
step to process information for further analysis and modelling.
For clarity, we will separately discuss structure-based and
descriptor-based representations of reactions. The former is
required to store or process structural information (molecular
graphs of reactants and products), while the latter considers a
reaction as a vector in multidimensional descriptor space.

3.1. Structural representation of reactions

In chemoinformatics, molecules can be represented by molecular
graphs,3* which, in turn, can be stored as text strings,3® matrices,
tables.3¢ Alternatively, for some tasks, 3D representation’’ of
molecules can be more suitable. Encoding chemical reactions is
much more complex than that of single structures since reaction
description includes several chemical compounds: reactants,
reagents, products. Currently, three critical approaches to the
representation of chemical reactions can be distinguished:
(1) using representations of reactant and product molecules,
(2) product-reactant  difference, (3) reaction centre-based
representation.

The most straightforward way of representing a chemical
reaction is described as a set of all (relevant) molecular entities:
reactants and products. The easiest and widespread example of
the representation is the Reaction SMILES,® which captures all
involved molecules as SMILES string representations
[Figure 2(a)]. The standard exchange file of reaction datasets,
RDF file format,? also represents reactions as a set of molecules
in MOL format, together with their associated data. The
representation is suitable for storing the reactions in databases
and for calculating descriptors for reactions.

Structural changes caused by reaction could be detected by
subtracting features of reactants from the corresponding
features of products. This idea underlies the Ugi-Dugundji
matrix formalism,* according to which structures of all
molecules involved in the reaction are described by a bonds—
electrons matrix of reactants (B) and products (E), while the
reaction is described as the difference between these matrices
(R-matrix) [Figure 2(b)]. Although this representation was
used in the computer planning of synthesis*’ to predict reaction

* B
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(a) SMILES:

[H:3][C:1]([H:4])=[C:2]([H:5])([H:6]).[H:8][Br:7]>>
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Figure 2 Different computer representations of reactions: (a) reaction
SMILES, (b) Ugi-Dugundji matrices, (¢) Condensed Graph of Reaction

(CGR) and related SMILES/CGR. In CGR, broken and formed bonds are
denoted by a circle and a crossed line, respectively.

pathways*!#2 and to search for the shortest distance between
the reactant and product, it is not convenient for storing and
searching chemical reactions in databases and modelling
reaction characteristics.

In the reaction centre (RC) based approaches, chemical
bonds (broken, formed and modified) and/or formal electron
flows are specified. A reaction centre assembles a set of atoms
associated with the bonds changed during the reaction
(formation, cleavage, and bond order changes). It can be
identified using the atom-to-atom mapping (AAM) procedure.*?
The RC-based methods are particularly useful for model-driven
reaction classification (see Section 6). For example, in the
Condensed Graph of Reaction (CGR) approach,** a reaction is
represented by a single molecular graph, described by both
conventional chemical bonds (single, double, aromatic, efc.)
and so-called dynamic bonds characterizing changed/broken/
formed chemical bonds [see Figure 2(c)]. Similarly, the
changes of atomic charges can be introduced by special
dynamic atoms.®> So far, CGR method has been successfully
used for reactions storage,’®* search,?84446 analysis,>#7:48
visualization,*® and modelling.’*>> To handle CGRs
manipulation, the CGRtools library was developed.®

3.2. Reaction descriptors

Chemical reactions represent a complex object because they
involve several molecular species of two types (reactants and
products) and their properties depend on experimental conditions
(solvent, catalyst, temperature, efc.). Therefore, reaction
descriptors have to include information about reactants, products
and small molecule reagents/catalysts, i.e., should reflect the
occurring chemical transformations and condition information.
There exist three methodologies for computing reaction
descriptors: (a) reaction centre-free descriptors, and descriptors
with (b) implicit and (c) explicit consideration of a reaction
centre (Figure 3).
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Figure 3 Descriptors of chemical reaction: (a) RC-free descriptors
considering molecular descriptors of reactants or products or their
concatenation, (b) RC-implicit descriptors considering subtraction of
products and reactants descriptors, and (¢) RC-explicit descriptors issued
from CGR. The descriptor vectors, marked in pink, purple, and blue,
characterize the molecular descriptors of the reactants, products, and CGR.
The vector of descriptors, marked in green, characterizes the reaction
conditions: additives, temperature, solvents, amounts of reagents, etc. The
numbers in the figure are illustrative.

In the RC-free methodology, descriptors of reaction are
molecular descriptors of reactants and products [Figure 3(a)].
The approach is straightforward but applicable only if the
reaction type is always the same throughout the dataset.
Optionally, descriptors of reaction conditions, like temperature,
solvent descriptors, etc., can be added. This approach was used
in LFER'!® and some early publications.?3*% Recently,
Sandfort et al.>> used concatenations of 24 types of fingerprints
encoding reactants to predict enantioselectivity and yield of
reactions. A simple concatenation of descriptors of products and
reactants, [Figure 3(a)], was used to assess optimal conditions
for the Michael reaction®® and to model the rate constant of E2
reactions.”’

Popular implicit reaction centre (RC-implicit) descriptors are
calculated as a difference between descriptors vectors of product
and reactant [Figure 3(b)]. These descriptors identify changes in
the amount of particular molecular fragments, but not the atoms
taking part in reaction centres. The approach has been applied in
different reaction classification tasks,’® enzyme classification
based on reactions it catalyzes,> ! to predict genome-scale
enzyme—metabolite, and drug—target interaction,’? to predict the
potential metabolites of a given parent structure.®> Besides, such
descriptors demonstrated a good performance in comparison
with other approaches.’®-7 In principle, RC-free and difference
reaction descriptors’ calculations require perfectly balanced
reactions. Nonetheless, Schneider er al.’8 demonstrated that
difference fingerprints prepared for unbalanced reactions
performed well in classification tasks. Unlike RC-explicit

descriptors, the RC-free and RC-implicit descriptors do not need
an error-prone and time-consuming atom-to-atom mapping step.

Reaction-centre explicit descriptions can be calculated for
Condensed Graph of Reaction (CGR). Usually, SiRMS37-%4 or
ISIDA#6:% descriptors are used for CGR encoding as numerical
vector [Figure 3(c)]. Such descriptors were used in numerous
QSRR studies?831:52:56.57.67-70 (see more details in Section 5).
Explicit representation of the reaction centre [Figure 3(c)] has
particular benefits because it allows separating descriptors for
both RC and unchanged parts of the molecule, which potentially
enhances the predictive ability of models. Notice that RC-
explicit descriptors are insensitive concerning molecule ordering
and lost reactants/products.

Since kinetic and thermodynamic characteristics depend on
experimental conditions (temperature, pressure, reactant
concentration, and solvent), related descriptors should
complement descriptors characterizing chemical transformations.
Temperature and pressure can be used as descriptors. Solvents
can be encoded by experimentally measured their dipole
moment, refraction index, dielectric permittivity, Catalan SPP,”!
SA, and SB constants,”>7* Kamlet-Taft o, B, and m*
constants,”>77 some of their physicochemical parameters,?3-%-78
or other descriptors types used to represent molecules (e.g.,
fragment descriptors).??

So far, a comparison of different reaction descriptors was
performed on a very limited scale. Thus, Polishchuk et al.’’
benchmarked mixture SIRMS descriptors and ISIDA fragments
generated for CGR on a dataset for reaction rate of E2 reaction.
Skoraczyriski et al.”” compared different descriptors for yield
prediction, but the dataset was noisy and they obtained rather
poor results. Since no thorough benchmarking analysis of
various reaction descriptors has been performed, we decided to
compare RC-free, RC-implicit and RC-explicit descriptors on
the datasets of balanced reactions annotated with rate constants
of Sy2,°0 E2,2 Diels—Alder® or equilibrium constants of
tautomerization  reactions.””  Descriptor  vectors  were
complemented with experimental conditions (solvent parameters
and temperature) as described.’! The rigorous cross-validation
strategy (‘transformation-out’)8” has been applied to provide a
realistic assessment of the models’ performance. Benchmarking
results show that reactant—product concatenation and CGR-
based descriptors are generally the most performant for most
databases (see Figure 4, the benchmarking methodology is
described in Online Supplementary Materials).

09
-—ar ISIDA fragment
0.8 F 'I‘?’F F descriptors:
. . mm CGR
o Reactants
07 N 88 Products
T I Reactants +
0.6 F products
’ B Products —
& reactants
03r Difference RDkit
' fingerprints:
041 Atom pairs
m Topological
03+ - torsions
. e Morgan
0.2 1 1 1 1
Tautomers DA E2 Sn2

Figure 4 Determination coefficient of the models for rate constants of
Diels—Alder (DA), E2 and S\2 reaction and equilibrium constant of
tautomeric equilibria in ‘transformation-out’ validation®® as a function of
descriptors types. Note that external test set is comprised of reactions with
new combinations of reactant—product, absent in training set. ISIDA or
RDkit fragment descriptors varied by their topology (paths of atoms and
bonds) or sizes.
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Table 1 Reaction datasets.?

Database name Number of reactions Vendor Availability Contents
Reaxys®? >54 min Elsevier Commercial S, M, C
CASREACTS! ~134 min (from 1840) American Chemical Society Commercial S.M, C
SPRESI® >4.6 mln (1974-2014) Deepmatter Commercial S,C
Pistachio®’ >9 mln NextMove Software Commercial S,C
ChemInform Reaction Library?®? ~2 mln (1990-2016) ChemlInform (Wiley) Commercial S,C
USPTO reaction dataset** ~4 miIn (1976-2016) - Open access

MIT-400K, 8894 USPTO derivative ~400 K - Open access

USPTO-50K,%° USPTO derivative ~50 K - Open access C

@S — searchable reactions and their components, M — multistep reactions annotation, C — reaction class annotation.

4. Reaction datasets

The size of chemical reaction data is very big: the largest
CASREACT®! contains more than 130 M reactions, followed by
Reaxys®>%3 and SPRESI® containing 55+ and 4.6 M reactions,
respectively (Table 1). This amount is quickly growing up. Thus,
scientific literature analysis platform SciVal® reports that about
340 K papers were published in organic chemistry in the last
5 years only! Modern text-mining technologies have been used
to extract chemical data directly from the patents to compose
USPTO?**# and Pistachio®’ reaction databases, containing 4 and
9 M reactions, respectively. USPTO is the only open-source
reaction information existing to time. It was used to prepare
subsets of USPTO, MIT-400K38 and USPTO-50K3? intensively
used in various modelling studies. Recently, the ChEMU®
challenge has been announced to facilitate the development of
novel text-mining approaches of reaction data extraction from
the patents.

The commercial and open reaction databases listed in
Table 1 contain structural representations of reactions and
experimental conditions. Among reaction characteristics, the
only yield is annotated. There exist no databases collecting
kinetic and thermodynamic parameters of chemical reactions,
which seriously limits the development of predictive models.
In the absence of ready-to-use data, modelling datasets are
annotated from literature manually or using high-throughput
experimentation technique.’’ We collected the largest
database of kinetic reaction characteristics by the digitalization
of reference books by Palm.%? At present, it contains more
than 15000 reaction rates and equilibria constants for
different reaction types, which have been used for
modelling.30-52.69.70

5. Quantitative reaction—property modelling

5.1. Reaction rate constant

Rate reaction constants are probably one of the most important
characteristics of chemical reactions. In principle, reaction yield,
regio- and enantioselectivity, equilibrium constant can be
calculated if the reaction rate constant is known. On the other
hand, the reaction rate constant is one of the most complicated
reaction characteristics to measure experimentally, requiring
prior knowledge of the reaction mechanism.

One of the first attempts to relate reaction rate constants with
substituent constants was made by Hammett,>*° McDuffie and
Dougherty.” From the practical point of view, the logarithm of
the rate constant (log k) is more useful and theoretically supported
by LFER ideology (it linearly related with the free energy of
transition state); thus, all models mentioned below actually
predict the log k value. Since then, QSRR modelling of reactions
rate constants was performed using linear regression on
homogeneous series, either varying the reactants under fixed
reaction conditions (solvent, temperature),'®17% or inversely
varying conditions to study a reaction between given

reactants.!> One of the first studies performed on a large and
diverse reaction dataset was reported by Halberstam et al.> who
used artificial neural networks and quantum chemical descriptors
to predict rate constants of acid hydrolysis of arbitrary esters
under various conditions. To represent reaction conditions,
temperature and Koppel-Palm descriptors of solvents!% were
concatenated ~ with  structural descriptors.  Reasonable
performance on the test set was achieved (RMSE =0.34logk
units). Using molecular fragments instead of QM descriptors to
represent ester structure, Zhokhova et al.'%! slightly improved
the model’s performance (RMSE = 0.311log k units). An accuracy
of RMSE =0.581logk units on the test set of the models of
reaction rate constant of Sy2 reactions proceeding in various
solvents at different temperatures was reported by Kravtsov
et al.>® They used a descriptor vector combining temperature,
local quantum chemical and fragment descriptors for both the
nucleophile and electrophile molecules and Koppel-Palm
solvent descriptors. Similar workflow applied to Syl reaction
rate constant®* resulted in RMSE = 0.61 log k units on a test set.

A series of models of reaction rate constants were built using
ISIDA fragment descriptors**% computed for Condensed Graph
of Reaction. It concerns subgraphs of different sizes and
topologies (sequence of atoms and bonds or atom-centred
fragments).% Such descriptors were successfully used by
Hoonakker et al.'% in the modelling of the reaction rate of
bimolecular nucleophilic substitution reactions (Sy2) in water.
Later on, Madzhidov et al.>? and Gimadiev er al.>° considered
Sn2 reactions in different solvents (including water-organic
binary mixtures) using concatenated ISIDA/CGR fragment and
a series of descriptors accounting for temperature and solvents:
inverse absolute temperature, the molar ratio of organic solvent,
polarity, polarizability, H-acidity and basicity: Catalan constants,
Camlet—Taft constants, functions of the dielectric constant,
functions of the refractive index. A similar approach was used
for modelling kinetics of Sy2 substitution reaction by azide
anion,’! bimolecular elimination reactions®? and Diels—Alder
cycloaddition.%%-6?

In our recent publications’®>73% we pointed out a gap in
QSRR methodology: conventional cross-validation (CV) scheme
for model validation systematically returns overoptimistic model
performance characteristics due to reactions proceeding under
similar conditions (e.g., same solvents and close temperatures).
To address this issue, ‘transformation-out’ and ‘solvent-out’ CV
schemes have been suggested.

Gimadiev et al.’ and Rakhimbekova et al.'%% have raised a
problem of the assessment of applicability domain (AD) of
QSRR models. An AD is supposed to identify reactions that
differ from the training set ones; predictions on the objects
outside AD are considered unreliable. It has been shown that
simple filters effective for molecular datasets'®* can
successfully be applied as AD of models for chemical
reactions.
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5.2. Reaction yield

Prediction of a reaction yield can help synthetic chemists to
select an optimal synthetic route, optimize the efficiency and
‘greenness’ of the multistep synthetic procedure using a selection
of proper conditions and estimate costs of the synthesis. So far,
quantitative prediction of yields has been very little explored,
primarily due to the lack of available data.

Yields of chemical reactions are known to be quite noisy and
subjected to notorious poor reproducibility being a function of
the experience and accuracy of chemists. According to the survey
of 106 chemists, more than 85% of them were faced with
problems of reproducibility of someone else results and about
63% had difficulties with the reproduction of their results.!%
About 8% of submitted to Organic Synthesis journal publications
are rejected since yield or selectivity cannot be reproduced within
a reasonable range in the laboratory of one of the editors.!%

For this reason, most of the QSRR models for the prediction
of reaction yields were built on rather small and specially
collected datasets of reactions of the same type: Buchwald—
Hartwig  aminations,>>1106.107  Suzuki-Miyaura  cross-
coupling,'9-19  Negishi reactions,!? deoxyfluorination of
alcohols.'10

Ahneman et a applied the high-throughput experimen-
tation (HTE) technique for collecting a dataset of palladium-
catalyzed Buchwald—Hartwig C-N cross-coupling reactions,
containing 4140 data points obtained by full enumeration of
reactions of 15 aryl and heteroaryl halides, 4 Buchwald ligands,
3 bases, and 23 isoxazole additives. The yield was predicted by
the Random Forest method using DFT-calculated electronic,
atomic, and vibrational mode descriptors. The model displayed a
good performance on a 70/30 train-test random split (RMSE = 7.8
and R? = 0.92, average over ten random divisions). The authors
also attempted to interpret the data obtained with experimental
NMR data and thus to show how ML can be used to give insight
into reaction mechanisms. Later on, this study was criticised by
Chuang and Keiser'!? for improper computational design. In
particular, they demonstrated that replacement of the DFT-
calculated chemical features with a random vector of the same
length leads to similar model performances. Nonetheless, the
dataset from Ahneman et al.''' was actively used in other
studies?>196:107  where different techniques for reaction
representation were proposed and compared.

Granda et al.'” reported a neural network-based model that
predicted Suzuki—Miyaura reaction yields collected using HTE
technique.!'? They obtained a very small error (10%) in yield
prediction in both retrospective and prospective tests. Moreover,
the model trained on 10% of data was used as a ‘brain’ of a
chemical robot that can perform chemical operations and was
applied to explore chemical space to find reactions with high
yield.

Huerta et al.'% used the only OD-, 1D- and 2D-structural
descriptors to build classification using the Random Forest
model to predict yields of 48900 Suzuki—-Miyaura cross-
coupling reactions, 3300 Negishi and 26 500 Buchwald-Hartwig
reactions extracted from Reaxys. High (>60%) and low (<40%)
yield outcomes were predicted with good quality.

Fu et al'® used quantum mechanics-based reaction
descriptors and deep neural networks to establish relationships
between the chemical contexts (reactants and precatalysts),
reaction conditions and product yields aiming to determine the
most efficient reaction conditions. The model was applied to the
387 Suzuki-Miyaura cross-coupling reactions''# to find the best
catalysts for given reactants and, at the same time, to discover the
most favourable catalyst loading and reaction temperature. The
model demonstrated good performance on the external validation
set (RMSE = 9%).

llll

For now, rare attempts to predict reaction yields on a large-
scale, diverse reaction database failed to achieve reasonable
performance. Thus, Skoraczyrski et al.’® used a dataset of
425000 reactions from Reaxys to model yields and reaction
duration. To simplify the task, predicted values were binarized
into 2 classes, high (value >65%) and low yields. The developed
classification model achieved an accuracy of 65% which is
slightly better than random prediction. Such mediocre prediction
quality was interpreted as a consequence of the imperfectness of
descriptors,’® but one should keep in mind ignorance of reaction
conditions and a high level of noise in yields values too. Besides,
Schwaller et al.'%7 showed that the distribution of yields reported
in the USPTO dataset varies as a function of the reaction mass
scale, i.e. the amount of isolated product (milligrams or grams).
They used complex transformer-based''> models, which were
first trained to predict reaction products from reactants. Then
reaction embeddings, called reaction fingerprints,''® were
extracted and applied for yield modelling. The proposed
Yield-BERT approach worked well on the above-mentioned
Suzuki-Miyaura''® and Buchwald-Hartwig'!! datasets but
failed to accurately learn patent reactions’ yields: R? achieved
0.117 for gram scale and 0.195 for milligram-scale synthesis
because of intrinsic lack of consistency and quality in the patent
data.

5.3. Reaction equilibrium constant

Equilibrium constants are not common reaction characteristics
to model using QSRR modelling workflow because of the
following reasons: (i) they can be estimated using regular
quantum chemical calculations, (ii) an equilibrium constant
defines reaction outcome for thermodynamically controlled
reactions; however, reaction kinetics is, usually, more important,
(iii), the problem of low yield is often related to the formation of
by-products but not unfavourable thermodynamics.

Prototropic equilibria — acidity and tautomerism — are
important equilibrium processes extensively studied in
Quantitative Structure—Activity Relationships (QSAR)!7-119 or
by quantum chemical studies.'?*-'?> Tautomeric equilibrium
constants can be calculated using acidity values of each
tautomeric form:

log K1 = pK,(tautomer 2) — pK,(tautomer 1)

where K7 is tautomerization equilibrium constant, pK, — acid
dissociation constant for left (tautomer 1) and right-hand-side
tautomer (tautomer 2) in equilibrium. Different quantum
chemistry,'?-127 and QSAR!?%12% approaches were used to
assess equilibrium constant or tautomer distribution using
predicted pK, values of each tautomer. Gimadiev et al.'3* were
the first who treated tautomer equilibria as a reaction and
attempted to predict log Ky directly. They achieved good
prediction performance employing fragment descriptors based
on CGR representation of equilibrium reaction equation. The
proposed model outperformed results obtained in QSAR'?® and
quantum chemical studies. Zankov et al.'3' developed a
conjugated learning approach that linked the modelling
workflows for the tautomeric equilibrium constant and acidity,
and, thus, predicted tautomeric distribution and acidity of
molecules simultaneously. It was found that the proposed
approach correctly predicted the acidity of minor tautomers,
which is hardly possible in regular QSAR acidity modelling.

5.4. Reaction enantioselectivity

Enantioselectivity is a parameter which characterizes reactions
leading to the formation of new chiral centres. The computer-
aided design of catalysts leading to high enantioselectivity is an
important task due to the high cost of experiments. Earlier,
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machine learning approaches were used to establish Quantitative
Structure—Selectivity Relationship (QSSR)!3? that relate catalyst
structure with its selectivity, see recent review by Zahrt et al.'3
and references therein.

In most of publications in the QSSR area, the selectivity of
different catalysts applied to one particular reaction was
considered. In this case, reaction structure can be ignored upon
the model building. Since organic molecules used as catalysts for
enantioselective catalysis are chiral, an information extracted
from their 2D graphs may not be sufficient for the modelling. For
this reason, most of QSSR studies were carried out using
3D QSAR techniques'3*!13% and 3D descriptors. In CoMFA!3¢
and other alignment-based 3D QSAR approaches, a catalyst
moleculeis placed in the rectangular box followed by calculations
of van der Waals, electrostatic or other fields (so-called Molecular
Interaction Fields) in the nodes of the rectangular grid superposed
with the box. These energy values are used as descriptors in
machine-learning models. To achieve the descriptors consistency,
all considered molecules must be aligned to some frame. The
advantage of 3D QSAR approaches is an ability to build a model
on a rather small dataset and to interpret the modelling results in
terms of physical interactions responsible for catalysts’ activity.
Lipkowitz and Pradhan'?’ applied the COMFA!3¢ approach for
establishing a relation between enantiomeric excesses in the
Diels—Alder reaction catalyzed by 23 copper-containing
compounds and their structure. Kozlowski et al.'3? used 3D
structure of the transition state of the catalyst-reactant complex
in order to model the relative free energy of concurrent reactions
(AAG) calculated based on an experimental ratio of stereoisomers
instead of enantiomeric excesses.

In order to exclude the catalysts’ alignment step, which
requires some manual intervention and introduces some noise in
the model, the alignment-free GRIND!3® approach was applied
in the modelling of enantioselectivity of Diels—Alder, addition
and reduction reactions'3? as well as for the analysis of substrate
influence on the enantioselectivity of hydrolysis reaction
catalyzed by lipases.'*’ Becides 3D QSAR approach, some
specific descriptors of the reaction centre,'*!'%> quantum
chemical descriptors!43!4+ or their combinations'*> were also
used for enantioselectivity modelling. Note that conventional
3D QSAR approaches rely only on one conformer per catalyst
molecule which may significantly deteriorate the model
performance. Indeed, Melville et al.'*® observed an increase of
the predictive ability of the models when a Boltzmann averaging
of molecular interaction fields over conformation ensembles was
considered. In order to account for conformational ensembles of
catalysts, Zahrt et al.'*’-'%8 proposed special steric descriptors
(called ‘average steric occupancy’, ASO). The ASO descriptors
reflect both conformational flexibility of catalyst and steric
hindrance induced in a particular region of space.

Significant progress in the enantioselectivity modelling has
been achieved in the study by Zahrt ef al.'*”-'%8 who considered
simultaneously different catalysts and different reactions. They
reported a Random Forest'*” model built on a set of 1075
experimental enantioselectivities of 25 aza-Michael addition
reactions catalyzed by 43 chiral phosphoric acids. For each
catalyst/reaction pair, the ASO descriptors calculated for catalyst,
electrophile and nucleophile participating in a reaction were
concatenated with special electrostatic descriptors of substituents
and NBO charges.

This dataset was used in subsequent works where alternative
approaches of reaction-wide enantioselectivity modelling were
proposed. Xu et al.">° proposed spherical projection descriptors
of molecular stereostructure (SPMS) calculated for 20
conformations of catalyst, nucleophile and electrophile which
fed different channels to convolution neural network. Zankov

etal.>' represented reaction structure using CGR-based
fragment descriptors whereas each conformer of a catalyst
molecule was represented by stereochemically sensitive
intermolecular interaction descriptors.'> Entire descriptor
vector resulted from concatenation of the above descriptors fed
multi-instance learning neural network accounting for multiple
conformations.'3 Both approaches!>*!3! performed similarly to
the Zahrt et al. model'” but they were alignment-free and
required no human intervention.

6. Classification modelling

6.1. Reaction type

Classification of reaction types is an important task in many
different applications, such as searching for similar reactions,
optimal condition selection, or synthesis design. The approaches
to classify reaction by types can be divided into ‘model-based’,
‘rule-based’, and ‘data-based’ methods. The model-based
methods use predetermined representations of the reaction
centre, i.e., formal bond redistribution schemes.'>* Different
model-based classification approaches were proposed by
Balaban,'> Dugundji and Ugi,* Hendrickson,'3%!57 Arens,!58
Zefirov and Tratch,'3190 and Fujita;'®"-192 they differ by
representations of the reaction centre. ICClassify approach is
one of the most recent model-based classification systems that
found its utility in reaction classification or similarity search.!6?
It represents a reaction by three levels of hash-codes reflecting
reaction centre with the different environment — broad, medium,
and narrow (Table 2). At the broad level, only atoms of the
reaction centre are considered, at the medium level it also
includes the first environment atoms (a-atoms to reaction
centre), at the narrowest level it also includes B-atoms (see
Table 2). Broad, medium and narrow transformations can be
easily encoded by related motifs of Condensed Graph of
Reactions and further used for a hash-code generation.?*8
Obtained hash-codes can be used to perform unsupervised
classification by grouping reactions of the same type.

The rule-based approaches are based on manually prepared
structural rules which can be formalized by SMIRKS.*® The
popular RXNO reaction ontology is based on arranging similar
types of reactions into groups following chemical logic.!0+165
RXNO ontology is implemented in the rule-based reaction
classification NameRxn tool by NextMove.'% This tool was
applied to investigate the popularity of various types of reactions
in medicinal chemistry.'%” Christ et al.'® proposed a SMIRKS
rule-based method for classification reactions and applied them
to analyze reaction types from electronic lab notebooks.

Table 2 Levels of consideration of the reaction centre used in the
ICClassify approach.'®3

Sphere Level Example

Zero  Broad (only the reaction

centre atoms are /&\D H
C C
i — I
NH NH H

included)

First ~ Medium (the reaction
centre atoms and
o-atoms expect for
hydrogens are
included)

Second Narrow (the reaction
centre atoms, o and
B-atoms expect for
hydrogens and
consecutive sp3-atorns
are included)
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Data-based classification approaches use machine learning
(ML) to predict reaction classes. Kohonen’s self-organizing
maps'% was one of the first approaches used for this purpose. It
has been shown that the objects falling into the same node of the
map were mostly comprised of reactions of the same type.
Similarity-based reaction classification was proposed by Sello
and Termini.!”%!7! Schwaller et al.''® proposed a data-driven
unsupervised classification of chemical reactions by applying
BERT transformer-based neural networks trained to restore
reaction products from reactants. It has been demonstrated that
clusters obtained from BERT embeddings of reactions effectively
group reactions of the same type.

The rule- and model-based approaches are often either too
strict or make too many errors. Moreover, they ignore reaction
conditions that in principle can be important to assign reaction
types. For example, the amination of aryl halides in the presence
of palladium catalyst (or other coupling catalysts) is called
Buchwald-Hartwig reaction, the reaction in the presence of a
copper catalyst is usually referred to as Goldberg reaction, and
the amination of electron-deficient aryls in the absence of any
catalyst is called aromatic nucleophilic substitution (SyAr)
reaction. Therefore, supervised classification of the reaction
types using different ML methods represents their valuable
alternative. Schneider et al.>® applied supervised classification of
the reaction types using different ML methods and concatenated
structural and ‘agent’ fingerprints describing catalysts and
solvents. The model classified USPTO reactions annotated
according to RXNO ontology using NameRxn.!'% Interestingly
that the classifier was able to correctly assign the reaction type
when NameRxn failed. Using an in-house dataset containing
reactions of 336 types, Ghiandoni et al.'” applied the Random
Forest classifier coupled with the Conformal Prediction!'”?
method to predict reaction type and to estimate the confidence of
class assignment. Wei et al.'’* developed neural networks for
predicting reaction classes (17 reaction types considered) using
a concatenation of the fingerprints of the reactants and the
reagents. This model is required to determine the SMIRKS
pattern corresponding to a particular reaction.

6.2. Optimal reaction conditions

Significant progress in the development of retrosynthetic
planning tools reinforces the interest in the assessment of optimal
reaction conditions of a given one-step reaction. There exist two
main approaches helping to assess optimal reaction conditions:
indirect prediction using a surrogate model that links structure
and conditions with some characteristics (Y =rate, yield,
selectivity) and direct prediction when conditions are the model’s
primary outcome. In both approaches, conditions are represented
by either a single entity (temperature or catalyst, or solvent) or
their combination (e.g., temperature and solvent).

In the first approach, a previously trained QSRR model
linking a target property (Y) with some condition parameters X
(e.g., solvent descriptors) is used to determine X which
maximizes Y. Struebing er al.!” proposed an approach for the
selection of solvent for Menshutkin (subtype of S\2) reactions.
Their approach involves building a surrogate linear model,
approximating reaction rate dependency on solvent parameters,
while the rate constant is calculated through quantum chemistry
approaches. Reaction rates on some preselected solvents are
calculated, then the best solvent is found based on model
prediction for all the rest solvents, and the rate constant
calculation is repeated for it. In turn, Fu ef al.'% used the QSRR
model trained on HTE yield data from Jensen et al.!'* for optimal
condition selection. They predicted reaction yield using quantum
chemical descriptors of reagent and conditions (such as
descriptors of catalyst used and its loading, temperature). It has

been shown that the model efficiently selects optimal conditions
and provides a quite good estimation of yield.

Models for direct conditions prediction are usually based on
reactions belonging to the same type. Marcou et al.>® applied the
multiclass classification method to predict optimal catalysts and
solvents for the Michael reactions. The performances of models
only marginally depended on the descriptors used: ISIDA,
MOLMAP, CDK, and EED descriptors calculated for reagents
only, products only, or entire reaction. Lin et al.?® applied a
reaction similarity-based approach to predict optimal catalysts
for deprotection reactions using a dataset of 150 K hydrogenation
reactions extracted from Reaxys. A good performance was
achieved on the external set containing substrates bearing several
protective groups. However, this approach can provide only a
general type of catalyst, like Pd-containing or Ni-containing, or
Lindlar catalyst.

Friedel-Crafts, aldol addition, Claisen condensation, Diels—
Alder, and Wittig reaction datasets extracted from the Reaxys
database were used to model optimal solvent and catalyst.!”®
Benchmarking of different ML techniques showed that the
nearest neighbour approach is the most accurate and neural
networks slightly less performant.

Gao et al.?® reported a ‘universal’ approach to predict reaction
conditions using some 10 million single-step reactions from the
Reaxys database for the model training. The modelling procedure
involved a deep neural network that recurrently predicted
catalysts, solvents, reagents, and temperature. The nearest
neighbour approach performed similarly well but was much
slower and resource consuming. The trained neural-network
model is available within the ASKCOS system.!”’

7. Concluding remarks
Reaction informatics has a long and rugged history. Synthesis
design and reaction characteristics prediction approaches had
ups and downs and entered into the renaissance era the last
3-5 years. The main reasons for this are the accumulation of
synthetic data into large databases, the development of
surprisingly efficient deep learning architectures to predict
reaction products and the development of very efficient synthesis
planning approaches, which, in turn, was caused by the
development of efficient Al algorithms. This has led to the surge
of interest in structure—reactivity modelling to predict reaction
kinetic, thermodynamic properties, yield, and other reaction
outcomes. Although this area is in its infancy, some progress has
already been achieved, and some conclusions can be made.
Datasets. Data availability is the most important problem that
limits the development of QSRR modelling. Currently, manually
annotated databases are mostly commercial, whereas non-
commercial databases have been created using automatic text-
mining of patents and, hence, quite noisy. Kinetic and
thermodynamic properties of chemical reactions are not
annotated in commercial databases and are hence sporadic.
Negative results are not recorded in chemical reactions: failed
reactions with a very low rate or yield, poor selectivity are rarely
published and annotated in databases. These data would greatly
help develop yield and condition prediction models and are
essential for generating reaction feasibility filters required for
synthesis planning (‘in-scope’ filter in paper®). Data quality is
still the most problematic QSRR modelling issue; even
commercial datasets have many flaws, inconsistencies, and
errors. Thus, the development of data curation procedures, like
the one developed for molecular datasets, is critical. New large
and high-quality open datasets of chemical reactions are required
for further progress in the field. High-throughput experimentation
techniques can also help in the collection of high-quality reaction
data.
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Descriptors. Many different approaches for descriptor
representation of chemical reactions were proposed that either use
information about reactants or products separately, combine them
into one vector, or use reaction centre representations like CGR for
generating descriptors. No benchmarking studies have been
performed on a broad scale yet, but according to sporadic publications
and our tests, we can conclude that different ways of reaction
descriptor calculation have similar performance. CGR-based
fragment descriptors and concatenation of reactant—product
descriptors have shown the best performance across different
balanced reaction datasets in our benchmark. At the same time, if
fragment descriptors are applied for modelling, the fragmentation
scheme and length of fragments influence drastically the model
performance. Among others, difference fingerprints and CGR-based
fragment descriptors look most widely used. Direct graph-based
machine learning approaches, such as graph convolutional
networks'”® and graph embedding schemes, are not widely used
for QSRR studies; however, this approach seems to be quite
promising. There is only one very recent work applying reaction
SMILES for direct property (yield) prediction.'”” At the same
time, ML approaches trained directly on SMILES or molecular
graphs become quite popular for predicting molecular
properties' 7180 and for de novo molecule generation.'!-185 In the
field of reaction informatics, such approaches, however, are used
almost exclusively for product prediction'3¢!87 or retrosynthetic
transformation prediction.!3%!89 Limitation of such approaches to
use rather big datasets can be overcome using transfer learning
techniques, as it was done in the aforementioned yield prediction
model.'%” We expect the rise of the application of such approaches
for reaction property prediction in the nearest future.

Modelling. At present, the workflow of QSRR modelling is
well elaborated and straightforward. Many models were developed,
either for reactions with simple mechanisms, like Sy2 and for
complex reactions, like Suzuki-Miyaura. Reaction rates and
equilibrium constants for single type reactions can be modelled
routinely, but the lack of experimental data limits the development
of this topic. QSRR models for predicting the reaction yield for
diverse reactions are in high demand. They are needed for reaction
conditions prediction, reaction feasibility assessment, and
synthetic plan prioritization. Unfortunately, yield is a very noisy
characteristic for modelling, and successful examples of modelling
are mainly based on in-house or HTE datasets. Predictions of
reaction conditions are still terra incognita in reaction informatics:
although several approaches have been suggested, it is unknown
which method is the best one. Besides, prediction of reaction
conditions is a quite challenging task because: (1) negative
examples of reaction conditions are not recorded in databases,
(2)only in a few cases all possible conditions were fully
enumerated and tested in experiments, (3)if a model predicts
some new conditions that were not tested, this does not mean that
such conditions are not suitable for the reaction. Only one universal
model for condition prediction has been built to date;?® however,
its tests in a real-world scenario was not published yet.

It is already clear that commonly used techniques for QSRR
model validation can fail, and several reasons for such failure
can be suggested. Although several ‘best practices’ for model
validation have been recently proposed,3%!1? they still need to be
accepted by society and implemented into standard modelling
workflows. Moreover, almost all published QSRR models ignore
the problem of applicability domains, which are well developed
and widely used in standard QSAR modelling.

Recent progress in chemoinformatics, machine learning, and
artificial intelligence is transforming the field of organic
chemistry. A brave new world of synthesis robots'”" is
coming!'%-191-195 45 more efficient synthesis planning, and
reaction procedure prediction approaches!®® are proposed.

Several initiatives to create such automatized synthesis robots
are opened worldwide.3>!197 Also, we believe that very soon, the
accuracy of these approaches will achieve such high quality that
synthetic chemists will start to apply computer-aided synthesis
design and QSRR models in their everyday practice.
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