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Abstract | The molecules of today — the medicines that cure diseases, the agrochemicals

that protect our crops, the materials that make life convenient — are becoming increasingly
sophisticated thanks to advancements in chemical synthesis. As tools for synthesis improve,
molecular architects can be bold and creative in the way they design and produce molecules.
Several emerging tools at the interface of chemical synthesis and data science have come to the
forefrontin recent years, including algorithms for retrosynthesis and reaction prediction, and
robotics for autonomous or high-throughput synthesis. This Primer covers recent additions to

the toolbox of the data-savvy organic chemist. There is a new movement in retrosynthetic logic,
predictive models of reactivity and chemistry automata, with considerable recent engagement
from contributors in diverse fields. The promise of chemical synthesis in the information age is

to improve the quality of the molecules of tomorrow through data-harnessing and automation.
This Primer is written for organic chemists and data scientists looking to understand the software,
hardware, data sets and tactics that are commonly used as well as the capabilities and limitations
of the field. The Primer is split into three main components covering retrosynthetic logic, reaction

In 1948, Claude Shannon reported that information
can be encoded and transferred as ones and zeros',
which launched the field of information theory and set
the stage for the merger of data science and chemical
synthesis. Within two decades, information theory had
become ingrained in organic chemistry, as evidenced
by the translation of retrosynthetic logic to a computer
code’. By this time, linear free energy relationships such
as the Hammett® and Bronsted* equations were well
established, and the commercialization of computers
enabled predictive reaction calculations to be performed
with increasing sophistication. In 1966, the automation
of chemical reactions with a computer-driven robot
enabled a high-throughput synthesis of peptides™®.
It would seem that the information age of chemical syn-
thesis enjoyed its pinnacle decades ago. Yet, in 2021, the
retrosynthesis of complex molecules, the high-fidelity
prediction of reaction outcomes and the automation of
chemical reactions very much remain developing areas
of research. Computational power has accelerated,

prediction and automated synthesis. The former of these topics is about distilling the strategy
of multistep synthesis to a logic that can be taught to a computer. The section on reaction
prediction details modern tools and models for developing reaction conditions, catalysts

and even new transformations based on information-rich data sets and statistical tools such
as machine learning. Finally, we cover recent advances in the use of liquid handling robotics
and autonomous systems that can physically perform experiments in the chemistry laboratory.

automation hardware and software have advanced and
algorithms for chemical synthesis have been refined,
paving the way for an exciting future where molecules
can be automatically designed, synthesized and tested.
Building upon seven decades of discovery since the sem-
inal report on information theory, there is still ample
basic science to develop to realize the information age
of chemical synthesis.

The data available to the synthetic chemist to tackle
research problems have increased significantly in the
past decade. In order to apply data science in chemical
synthesis, computers must understand the informa-
tion encoded by molecular structures. Representation
of molecules was non-trivial in the early days of the
field, and to begin to address this long-standing chal-
lenge, programs such as ChemDraw emerged to help
communicate chemical structures to the computer’.
Today, molecules are commonly input and pro-
cessed as string-based representations including the
simplified molecular input line entry system (SMILES)
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Linear free energy
relationships

Linear relationships between
the free energy of activation
or free energy change of

a reaction induced by a
substituent of a molecule and
a parameter that describes the
electronic or steric properties
of that substituent. Linear free
energy relationships are a
subset of structure—function
(or structure—activity)
relationships.

Simplified molecular input
line entry system

(SMILES). A string notation to
represent chemical structures
that can be generated from

a two-dimensional or three-
dimensional graph notation.
Notably, the same molecule
can sometimes be represented
by multiple different SMILES
codes depending on the
drawing that was input.
These notations are human
understandable and variable
in length.

a SMILES strings
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b Retrosynthetic planning
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string® (FIG. 1). The SMILES string is a concise and
accessible format that enables the rapid transmission
of chemical structures into and out of the computer.
Nonetheless, the SMILES notation has limitations —
for example, the output can be dependent upon how
the input structure is drawn, which can be amended
by canonicalization, transition metal complexes are
not well described by SMILES and, although relative
stereochemistry is encoded, absolute stereochemistry
can be lost. Other common string-based inputs include
the International Chemical Identifier (InChI) and the
SMILES arbitrary target specification (SMARTS), which
includes connectivity and stereochemical information
while allowing consideration of generic R-groups, and
provides a way to efficiently store chemical structure
information and interact with software.

This Primer aims to introduce non-experts to the
current state of the field of chemical information theory,
capturing both experimental and theoretical aspects, as
well as automation software and hardware currently in
use. The field entered a renaissance about 5 years ago,
and continues to evolve rapidly. This Primer groups the
merger of chemical synthesis with information theory
into the three themes of retrosynthetic logic, reaction
prediction and automated synthesis (FIG. 1). These three
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Fig. 1| General tools underlying chemical synthesis with information theory.
Molecular representation such as simplified molecular input line entry system (SMILES)
strings (panel a), retrosynthetic planning (panel b), reaction prediction (panel c¢) and
automated synthesis (panel d) as discussed in this Primer.

themes capture a majority of the recent activity of the
field, and each theme is discussed in terms of techniques
for experimentation, the types of results obtained and
modern applications, followed by some overall consid-
erations and the outlook for the field. For additional
details, the reader is referred to reviews on retrosyn-
thetic software’'®, reaction prediction'*"’ and auto-
mated synthesis**~>. This Primer discusses these three
themes independently in the Experimentation, Results
and Applications sections, and collectively as we discuss
data, limitations and the outlook for the field.

Experimentation

Chemical synthesis in the information age involves an
understanding of organic chemistry and data science
experimentation techniques. In this section, we cover
the software, hardware and data formats needed to per-
form research in each thematic area of computer-assisted
synthesis — retrosynthetic logic, reaction prediction and
automated synthesis.

Retrosynthetic logic

We begin with a focus on retrosynthetic logic, and con-
sider both the manner by which computers disconnect
a molecule and the strategic value of a given transform.
Ultimately, our goal is to introduce a practising synthetic
chemist to the considerations, capabilities and limita-
tions of modern retrosynthetic computer programs.
This area of research has a long history>**-*, and today
enjoys a resurgence that has been enabled in part by the
availability of digitized reaction data from sources such
as Reaxys and SciFinder.

Traditional logic. Retrosynthesis was defined by Corey
in the 1960s to describe the iterative process of reduc-
ing a complex target molecule to a simple precursor by
breaking bonds’, to arrive at a compound that is readily
available. This recursive analysis revolutionized com-
plex molecule synthesis and introduced rules that were
codified in an express attempt to develop computer-
assisted synthesis®. After all, understanding the logic
of retrosynthesis is necessary to program a computer to
automate the process.

The game of chess is often employed as a meta-
phor for organic synthesis**’. Similar to chess, several
attempts have been made to apply computer-assisted
logic to organic synthesis. However, unlike games such
as chess, one reason chemical synthesis cannot be easily
solved is the non-trivial evaluation of whether a given
retrosynthetic transformation will make the route more
efficient overall, both strategically and experimentally.
Therefore, rather than concrete rules for retrosynthe-
sis, the heuristics or guidelines that were first codified
in Logic and Heuristics Applied to Synthetic Analysis
(LHASA) are favoured®'. Also unlike chess, the value
of each move, and the overall objective of the route,
may be open to interpretation through a chemical lens.
In any event, chess was a logical proving ground for the
advancement of artificial intelligence with the Deep
Blue chess program™. More recently, the more sophis-
ticated game of Go has succumbed to computational
planning, with the AlphaGo program able to beat the
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International Chemical
Identifier

(InChl). A fixed-length,
27-character line notation
that is designed to allow
easy searches of chemical
compounds. These are
derived from the full length
that encodes layers of
information about a

given molecular structure
including connectivity, charge,
stereochemistry and atomic
isotopes. These notations are
not human understandable.

SMILES arbitrary target
specification

(SMARTS). An extension of
the simplified molecular input
line entry system (SMILES)
notations that allows for

the specification of generic
atoms and bonds to allow for
substructures for searching
databases.

Reaction rules
Descriptions of chemical
transforms that can be
applied in a retrosynthetic
module. These encode the
substructures of the products
and starting materials for

a given synthetic step, and
also include additional layers
to express the scope and
limitations of when the
transform can be applied.

Reaction templates
Descriptions of chemical
transforms that include the
substructures of the reactants
and products and highlight
structural changes. These
contain somewhat less context
than a reaction rule and often
require additional strategy to
select which of the numerous
templates to apply in a
retrosynthetic module to
minimize computational cost.

Sequence-to-sequence

A family of machine learning
algorithms developed for
natural language processing
(language translation, image
captioning and so on) that
relies on recurrent neural
networks to transform one
sequence into another
sequence.

Transformer

An algorithm developed for
natural language processing
(language translation, image
captioning and so on). This
algorithm does not rely on
recurrent neural networks and
can process data in any order,
thus allowing for reduced
training times .

world’s best Go players®. The logical and creative nature
of organic synthesis has made it attractive as a higher
computational bar to clear.

High-level logic-based programs. High-level logic-
based retrosynthetic programs (FIC. 2a) are designed to
apply a particular heuristic to a given compound and
are intended to be used with significant input from
an experienced user. First, this requires the identification
of a specific heuristic followed by the application of an
algorithm that can modify the molecular representation
and present routes or key disconnections. For example,
it can be advantageous for a synthetic route towards a
chiral, enantio-enriched molecule to start from readily
available enantio-enriched starting materials that obvi-
ate the need to install stereocentres using asymmetrical
reactions. To this end, many programs have been devel-
oped to map readily available enantio-enriched starting
materials to a particular target®**~’. For any high-level
logic-based program, the algorithms used are defined by
the heuristic to be applied and can be highly specialized.
For example, in the case of starting material-based pro-
grams, the software is based on similarity recognition
whereas application of bond-network analysis requires
software to analyse the molecule as a graph. These pro-
grams present the solution to the heuristic but typically
require significant input from the chemist to arrive at an
overall synthetic route.

Detailed retrosynthetic planners. An orthogonal strategy
is the development of synthetic planners (FIG. 2b). Instead
of identifying strategic elements, these programs pro-
pose discrete intermediate compounds that can be used
as stepping stones to reach the target molecule. This
process requires a module that disconnects the target
compound into potential precursors and reports a pro-
posed structure to the user'. Internally, these modules
typically apply either rule-based or rule-free methods to
propose possible transforms.

Rule-based methods are conceptually akin to the
process of an organic chemist selecting a known reac-
tion type to apply to a particular synthetic target. It fol-
lows that one way to build the necessary reaction rules
is to have expert organic chemists encode a transform
defined by the substructures of the products and reac-
tants as well as necessary molecular context, such as
functional group compatibility, stereoselectivity and
so on. This approach has been well implemented in
state-of-the-art detailed synthesis planners™, but build-
ing a library of expert-coded rules is laborious and
inherently dependent on the expertise of the coders.
As a result, a growing area of research is the automatic
generation of the reaction rules from accessible reaction
databases'. In this process, a library of reaction templates
is typically extracted from each reaction in the data-
base. In a rule-based approach, these templates are
then clustered and processed with additional molecu-
lar context to automatically generate explicit reaction
rules®*. Other approaches apply templates directly to
the target where filters, such as similarity-based neural
networks, are often used to apply only a chemically rele-
vant subset of the template library to reduce the required

computational power' . Although these methods are
common in state-of-the-art detailed synthesis planners,
there is significant computational cost in extracting
rule or template libraries; additionally, such libraries
inherently demote or exclude rare reactions with sparse
literature examples.

By contrast, rule-free methods bypass the need to
build a library of reaction rules by directly mapping
products to potential starting materials. Early examples
in this field recognized that by representing molecules as
text (for example, SMILES strings), retrosynthesis could
be treated as a natural language processing problem in
which the target molecule (one language) is translated
to reactants (another language)**°. Implementation of
sequence-to-sequence neural networks was able to effec-
tively generate single-step retrosyntheses*’. One inher-
ent challenge to this approach is that not all generated
SMILES strings lead to a valid chemical structure*.
Subsequent research built upon this work by applying
the newly developed transformer neural networks that
have been able to more accurately produce valid SMILES
strings*-'. Rule-free approaches that represent the mol-
ecules as information-rich subgraphs rather than as a
string of text have also been developed®>**. Compared
with rule-based approaches, rule-free methods are more
generalizable and have a lower associated computational
cost; however, they lack comparative interpretability.
Today, rule-based or template-based methods are more
common in detailed retrosynthetic planners but multi-
step rule-free planners are emerging"’ and remain an
important area of development.

As one considers multistep syntheses, applying these
approaches to generate simplifying transforms will lead
to an exponential increase in the number of precursor
compounds that must be analysed®. A program must
rank the most promising disconnections to navigate
the synthetic tree to prioritize among the many pos-
sible precursor compounds; this navigation strategy
will significantly impact the output synthetic route.
One example is the use of a Monte Carlo tree search with
reinforcement learning to balance exploration against
exploitation in navigating the synthesis search space®*.
Although promising disconnections typically reduce the
complexity of the target molecule, developing an objec-
tive measure for ranking retrosynthetic transformations
can be difficult as the most concise syntheses are con-
cerned with target-relevant synthetic complexity, which
cannot be locally determined. There is also no guarantee
that a synthesis that uniformly increases target-relevant
complexity can be achieved for a given target with cur-
rently available methods or that the application of a
particular transform will be synthetically feasible. For
this reason, many measures of structural complex-
ity>® have been applied™’; however, recent efforts have
focused towards implementing measures of synthetic
complexity””**. Other programs have eliminated this
issue by incorporating human interaction at each step
to determine the feasibility of a proposed strategy,
albeit in a less automated way’”*’. Considerations for
generating and prioritizing disconnections are vital
when building, evaluating or applying a retrosynthetic
program.
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Fig. 2 | Retrosynthetic planners, reaction prediction and automated synthesis
workflows. a| Workflow for high-level logic-based retrosynthetic planners showcasing
significant human input in the planning stages. b | General workflow employed iteratively
for detailed retrosynthetic planners. ¢ | Building a statistical model for a single-step
reaction. d | Automated syntheses and main components in an automation platform.
Automated synthesis generally falls into two categories: autonomous systems or high-
throughput experimentation (HTE). Autonomous system example (top-left image) in
paneld reprinted from REF."**, Springer Nature Limited. Multichannel pipette dispensing
liquid (top-right image) in panel d, credit to red_moon_rise/Getty Images Plus. Image of
automated liquid handler (bottom middle) in paneld, image courtesy of Carrey Rooks

(SPT Labtech).

Monte Carlo tree search
An algorithm for navigating
search trees in which search
steps are selected randomly,
without branching, until a
solution has been found or a
maximum depth is reached.
Algorithms of this type have
emerged as strategic in
applications of sequential
decision problems without
clear heuristics.

Quantitative structure—
activity relationship

A statistical modelling method
used to relate molecular
structure to biological and
physico-chemical properties
and predict these properties
in new molecules.

Reaction prediction

To construct a molecule, one must know not only the
retrosynthetic sequence of steps but also the reaction
conditions to execute each step. Identifying effective
reaction conditions experimentally can consume sig-
nificant time and resources because reaction space is
highly dimensional. Therefore, chemists have sought
tools for predicting the optimal conditions and reagents
to ensure that a reaction yields the desired product. In
this subsection, we discuss modern reaction prediction
(FIC. 2¢), with a focus on its dependence on the availa-
bility of high-quality data and meaningful descriptors
that parameterize the reaction components and translate
chemical knowledge. These factors influence the algo-
rithm choice required for successful modelling. Our goal
is to introduce the capabilities and limitations of cur-
rent reaction prediction tactics. The methods covered
model experimental reaction data for the prediction of
yields, selectivities and reaction conditions, although
additional work in the field has been done for the pre-
diction of reaction products® in the development of
computational workflows for virtual reaction screening
protocols®*=*.

Data sets for reaction prediction. Data sets can be built
by data mining digital records of pre-existing experi-
ments or from new experimental data. Obtaining data
from sources such as Reaxys or SciFinder, patents,
published chemical literature or proprietary databases
enables the creation of large data sets, on the order of
hundreds to millions of data points, without the need
for experimental resources. However, the quality of these
data can be inconsistent between sources or limited by
omission of critical reaction metadata such as tempera-
ture or solvent identity'’. The data available in the litera-
ture are also often biased away from perceived ‘negative’
reactions, leaving out data points with low yields or
selectivities, which can be critical for accurate model-
ling®. To aid in the extraction of data from publications,
platforms that can translate text from experimental pro-
tocols into tabulated data have emerged®’-*’. Synthetic
chemistry experimental protocols are generally written
in loosely structured prose, and progress in text extrac-
tion has centred on harmonization of experimental
instructions. For instance, a human can recognize that
the phrase ‘the reaction was quenched by the addition
of 100ml of water’ is equivalent to ‘water (100 ml) was
added as a quenchant] but a computer must be trained to
recognize the equivalency of these statements.

Newly generated data sets allow for internal consist-
ency and enable exploration of new chemical space not

yet represented in the literature. Experimental research-
ers can usually access data sets in the scale of tens of data
points using standard screening protocols, but genera-
tion of larger data sets (hundreds or thousands of data
points) requires the use of high-throughput experimen-
tal set-ups as discussed below (see Automation). When
feasible, it is advantageous to design a data set that cov-
ers a broad area of chemical space. That is, to improve
model performance, the data used to build the model
should include data points that are representative of the
range of possible parameter values to avoid overfitting
to the training set or introducing biases®. Curation of a
diverse data set can be facilitated by using a dimension-
ality reduction method, such as principal component
analysis, in tandem with clustering algorithms, such as
K-means, to group together data points that exist in a
similar area of chemical space — that is, ones that have
similar properties based on the descriptors used”’-"2
A subset of potential reactions can be chosen from
these clusters for use in modelling. For commonly used
substrates or catalysts, the development of represent-
ative subsets of molecules that provide good coverage
of chemical space, referred to as universal training sets,
using design of experiments principles is an active area
of interest”>”*. For smaller data sets or novel methodol-
ogies, however, such a purposeful design of the data set
may not be practical.

Descriptor selection. 1t is essential to consider how many
dimensions, or reaction variables, are being modelled
and how they can be most effectively described when
building a model for reaction prediction. Common
variables for reaction prediction include the sub-
strate, solvent, temperature, additive, base and ligand.
Modelling can be performed on a single reaction var-
iable, for example, a study of ligand effects’>’¢, or can
be performed on several variables simultaneously to
achieve more comprehensive predictions of ‘over the
arrow’ conditions®>**”>”"7%, These variables can be made
machine-readable by one-hot encoding’, where each
category (for example, each ligand) is transformed into
abinary variable (present or not present in a reaction).
Molecular descriptors are employed to provide chemical
and structural context when building a model.
Information-based descriptors provide a means of
converting the two-dimensional structures of molecules
into a machine-readable format. Many of these descrip-
tors are rooted in the representation of molecules as
molecular graphs, in which atoms are treated as nodes
with bonds defined as the edges that connect them.
A ‘walK through the molecular graph collects the iden-
tity and connectivity of each node and edge. This infor-
mation is stored as matrices such that it can be used in
machine learning algorithms®'. Other information-based
descriptor sets have been developed that include chem-
ical information about the atoms or functional groups
present in a molecule, such as electronic or topological
properties, and provide snapshots of local and global
chemical environments. One commonly used type of
descriptor for quantitative structure—activity relationship
modelling is molecular fingerprints that provide sub-
structures of a molecule and describe the neighbourhood
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Density functional theory
(DFT). A computational method
for modelling the electronic
structure of atoms and
molecules using quantum
mechanics. In synthetic
chemistry, density functional
theory is used to compute and
study molecular structures and
their corresponding energies
that cannot be obtained
through experimental methods.

Molecular mechanics

A computational method for
modelling molecular structure
using classical mechanics.
Bonds are treated as springs
from which a potential
energy can be determined.
Molecular mechanics is a less
computationally expensive
method relative to density
functional theory.

HOMO-LUMO energies
(Highest-occupied molecular
orbital-lowest-unoccupied
molecular orbital energies).
These values correspond

to the energetics of the
molecular orbitals that are
most involved in bond-making
and bond-breaking processes,
commonly referred to as the
frontier molecular orbitals.

Sterimol parameters

Three steric parameters — B,
By and L — for molecular
substituents determined from
three-dimensional structures.
B, and B; represent the
minimum and maximum
widths, respectively, of the
molecule perpendicular to the
primary bond axis. L is the
total length of the substituent
measured along the primary
bond axis.

Buried volume

A steric parameter for ligands
in transition metal complexes.
The volume of a ligand, bonded
to a metal at a fixed distance,
enclosed by a sphere of a
defined radius r. Provided as a
percentage, representing the
percentage of the sphere that is
filled by a single bound ligand.

Conformers

(Also known as conformational
isomers). Structures of a
molecule that differ by the
rotation of groups about

one or more single bonds in
the molecule. Conformers can
interconvert without making or
breaking bonds and will have
different relative energies
based on the presence of
attractive or repulsive
interactions.

in which certain atoms or functional groups reside®*. In
practice, software libraries such as RDKit or Mordred*
generate tabulated values for a given descriptor set
from a one-dimensional (string) or two-dimensional
(structure) representation of a molecule. A develop-
ing strategy for representing molecules directly from
two-dimensional structures is the use of neural networks
to provide a molecular graph representation that can be
directly fed into the model for reaction prediction®-*%.
These learned molecular representations remove the
step of choosing and obtaining a set of descriptors but
may have difficulty accounting for information about a
molecule’s three-dimensional structure.

Experimental or computational methods — including
density functional theory (DFT) and molecular mechanics
— are used to formulate physically meaningful des-
criptors, enabling access to a diverse array of electronic
and steric descriptors and considering the molecule
in three-dimensional space. These descriptors include
HOMO-LUMO energies, torsion angles, Sterimol para-
meters®*®, buried volume®"* and nuclear magnetic
resonance (NMR) shifts. When using computational
methods for acquiring these descriptors, a conforma-
tional search is often performed to find one or more
conformers that may be active in a reaction and need to
be accounted for in parameter acquisition®. Including
individual descriptors for different conformers (for
example, highest and lowest energy conformers) may
be necessary to accurately reflect a flexible molecule’s
three-dimensional properties, as it can be challenging
to determine which conformer represents the reactive
species’.

Descriptors can be thought of as information-based
or physics-based. Physics-based parameters, in concert
with experimentally derived parameters, have the ben-
efit of interpretability, allowing a chemist to intuit addi-
tional physical information from the model”. However,
acquisition can be a time and resource-intensive pro-
cess, owing to the need for computationally expensive
structure optimizations or experimental resources,
limiting throughput. These physical parameters are not
general to all molecular scaffolds and reaction compo-
nents, thus rendering the creation of a comprehensive
descriptor set challenging®. For example, describing
a monodentate phosphine on the basis of buried vol-
ume does not provide a means of direct comparison
with bidentate phosphine structures. In this regard,
information-based descriptors provide a more gen-
eral and easily accessible means of storing chemical
information, as they can be accessed using computer
software from string or two-dimensional structural
representations. However, this generalizability comes
at the cost of interpretability and falls short for orga-
nometallic complexes that are not accurately translated
into the string-based representations used to generate
these descriptors.

Algorithm selection. The machine learning algorithms
applied in synthetic chemistry can be categorized gen-
erally as either linear or non-linear. When possible, mul-
tiple algorithms will be tested and tuned for a given data
set before the best performer, as determined by model

validation (described in the Reaction prediction section
of Results), is tested on new data.

Linear and multivariate linear regression have been
used as tools for probing linear free energy relationships
and modelling reaction selectivities'*””. This method can
be used on smaller data sets (magnitude of tens of data
points), making it suitable for use with traditional exper-
imental screening methods. Although stepwise methods
for parameter selection can provide meaningful linear
models, regression algorithms such as ridge regression,
least absolute shrinkage and selection operator (LASSO)
regression and elastic net methods may be necessary to
improve model performance and to prevent overfitting.

Non-linear methods have been popular strategies for
modelling using larger data sets. Many of these machine
learning algorithms have been previously implemented
on non-chemical data sets where large quantities of
data are easily available, such as photographs or text.
Non-linear algorithms that have been tested or applied
in synthetic chemistry include ensemble random for-
est, k-nearest neighbours, support vector machines and
neural networks’***. Using a non-linear algorithm can
be beneficial for multidimensional reaction predictions
involving several reaction variables, such as the catalyst,
solvent, additive and temperature, whereas linear meth-
ods have commonly been used for modelling data sets
with a focus on a single reaction condition variable for
one class of reaction.

Automation

A long-term vision of synthesis is to prepare samples
of complex molecules automatically. Retrosynthetic
logic and reaction prediction algorithms would provide
the recipe, which would then be translated into reality
by an automated hardware platform. Much in the way
the automated synthesis of peptides®”** and oligonu-
cleotides” is routine today, we envision a future where
complex pharmaceuticals and natural products can
be automatically produced. Although much effort has
been invested in broadening the menu of automatable
reactions and synthetic targets, automated synthesis
of diverse products using an assortment of reaction
types is in its infancy. Automating complex molecule
synthesis will augment human creativity in the design
of new functional molecules such as medicines*>'®,
materials'®' and energy sources'”. Automated synthesis
generally falls into one of two broad objectives: to either
increase reaction throughput or increase user autonomy
(FIC. 2d). The former objective is commonly referred to
as high-throughput experimentation (HTE), an area that
has been heavily developed in recent years. HTE allows
rapid, efficient, miniaturized and systematic generation
of reaction data points, which can be used to inform
reaction prediction. The latter objective aims to auto-
mate as much of the synthetic experimentation process
as possible, such that little to no user input is required
to synthesize molecules once the experiment is started.
Such autonomous systems have the potential to real-
ize the multistep recipes of a retrosynthetic algorithm,
or invent new reactions. In this section, we review the
hardware, software, consumables and reaction types
for automated synthesis under the umbrellas of HTE or

6 | Article citation ID:

(2021) 1:23

www.nature.com/nrmp


https://www.rdkit.org/

High-throughput
experimentation

(HTE). A technique used

for screening chemical
experiments, typically

in a miniaturized format.
Common formats for HTE
include 24-well, 96-well and
384-well arrays, whereas
ultraHTE refers to arrays of

1,536 experiments or more.

autonomous systems. We cover both robotic and man-
ual tactics for performing HTE and focus on label-free
approaches, excluding reactions on resin beads'**'*, on
DNA' or on other supporting media'®.

High-throughput automated synthesis systems. When
setting objectives for an HTE campaign, a first analysis
should consider the desired reaction throughput, reac-
tion type and engineering requirements, such as heating
or cooling, as well as budget. In recent years, HTE has
become highly accessible in a manual format enabling
multiplexing of dozens of reactions at a time in 24-well
or 96-well reactors'””'”. Meanwhile, nanoscale ultraHTE
has made it possible to run thousands of reactions in
a single campaign; but this process requires specialized
equipment'*'”-"', Homogeneous reactions performed
at ambient temperature in low-volatility solvents are the
easiest to automate. Exclusion of air requires an inert
atmosphere enclosure for reaction set-up, which is typi-
cally accomplished in a glovebox. Heating reactions are
generally straightforward in HTE, but operations such
as cooling, stirring, photo-irradiation and gas-handling
require additional engineering®. Solutions to nearly
every common synthetic operation have been developed
for HTE, each tackling a different engineering challenge.
However, in many cases, budgets can be significantly
reduced by engineering the chemistry to fit the auto-
mation platform, rather than engineering the platform
to fit the chemistry.

With respect to the hardware and consumables, HTE
systems are divided broadly into well-plate (miniaturized
batch)?' or microfluidic (miniaturized flow) formats''?,
and typically operate on milligram to microgram reac-
tion scales. In general, efforts are made to maintain
reaction concentrations of ~0.1 M, such that a typi-
cal reaction volume is 1-100 pl (REF.'"). Handling these
small volumes can be done manually using single-channel
or multichannel micropipettes, or using liquid handling
robotics'**"*-'"*, Among the commercial systems in
use for HTE are Chemspeed SWING'>'", Unchained
Labs Junior?', Tecan Freedom EVO*, Labcyte Echo'''",
Thermo Matrix'* and SPT Labtech mosquito®!%%!20-122,
Low solvent vapour pressure facilitates liquid transfer,
such that volatile solvents like dichloromethane and
diethyl ether are rarely used, modestly volatile solvents
such as tetrahydrofuran, acetonitrile or toluene are com-
monly used in microvial HTE and high boiling solvents
such as dimethylsulfoxide, N-methyl-2-pyrrolidinone or
ethylene glycol are preferable for handling minute liquid
volumes (<3 pl). A typical workflow involves the prepa-
ration of concentrated reagent stock solutions or vigor-
ously stirred suspensions in source vials, which are then
multiplexed into the desired reaction array in a well plate
or microfluidic reaction vessel. Prepared reagent stocks
may be stored in an inert atmosphere, but long-term
stock solution storage conditions should be informed by
ageing studies. Although the automated dispensing of
liquids is straightforward, solid chemicals may be dense,
flocculent, waxy, crystalline or granular. This diversity of
properties renders automated solid dispensing challeng-
ing'”. One recent solution to the solid dispensing prob-
lem emerged by coating solid chemicals on the surface of

tiny glass beads such that the chemical assumes the uni-
form bulk properties of the beads'**'*. In flow systems,
pumps are required and offer tunable pressure and flow
rates. Homogeneous reactions are strongly preferred in
flow to prevent system clogging''*'**'”’. HTE in 24-well,
96-well or 384-well plates and ultraHTE in 1,536-well
plates can be executed in glass or plastic reaction ves-
sels. Glass shell microvials with parylene-coated metal
stir dowels sealed inside aluminium reaction blocks are
routine for 24-well to 96-well reaction campaigns'®'"*.
For 384-well to 1,536-well reaction campaigns, glass well
plates are available but expensive'”’, so consumable plas-
tic polypropylene or cyclic octane copolymer plates are
more cOMmon.

Diverse chemical reaction types have been studied,
and reactivity trends become apparent when multi-
ple reaction parameters are varied. Among reactions
commonly used in HTE campaigns, metal-catalysed
cross-coupling reactions have emerged as a popular
choice, perhaps because many reaction variables must
typically be explored in the development of such reac-
tions'**'#-1%°, Suzuki-Miyuara''®"*! and Buchwald-
Hartwig”"** couplings have been studied considerably,
owing to their prominent role in medicinal chemistry'*.
A benefit to miniaturized HTE is that precious catalysts,
ligands or complex substrates are needed in only small
amounts, so they can be easily conserved or used in more
experiments than a traditional format. Miniaturization
of photoredox reactions is now somewhat common-
place***1**, and miniaturized electrochemistry in flow
has been reported recently’*.

HTE in well plates and in flow requires careful selec-
tion of solvents to facilitate liquid transfers or avoid
clogs in the reactor coils. Homogeneous reaction mix-
tures are desirable, but stirring capabilities can handle
reaction suspensions and slurries. Solvent evaporation
must be minimized when handling small liquid volumes.
Variation in temperature is routine in flow systems, but
atypical in a well-plate format. By contrast, the well-plate
format is ideal for varying discrete reaction variables
such as the catalyst, ligand, additive or substrate in par-
allel. Notably, automated tasks can also prevent the direct
exposure of human operators to dangerous chemicals.
Flow systems have been broadly used to incorporate haz-
ardous reagents'*'**, and miniaturized HTE may also
lower the risk of handling dangerous chemicals by virtue
of the small reaction scale'”. One area of considerable
interest is the use of algorithms to optimize reaction var-
iables. The SNOBFIT algorithm'"'*" has been popular
for the optimization of continuous variables, such as
temperature and concentration, whereas LabMate. ML
merges random reaction selection with active learning
and considers discrete variables such as the catalyst,
solvent or additive'".

Autonomous systems for chemical synthesis. At the high-
est level of sophistication, fully autonomous systems
enable self-driven chemistry optimization and discov-
ery'*. In contrast to HTE, which has largely repurposed
liquid handling equipment originally designed for bio-
chemical high-throughput screening, many autonomous
systems are built de novo. The custom design of robotic
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systems for chemistry can lead to high efficiency and flexi-
bility, but a significant investment in the build of hardware
and software is typically required and few systems have
been commercialized'*. At some point, human input is
required — for instance, to load reagents into the system
— and a key question when designing an autonomous
platform is the level to which tasks should be automated.
For simple tasks, such as moving a reaction vessel from
one instrument to the next or uncapping a reaction vial,
automated engineering solutions are available but may
significantly increase a project’s complexity and budget.

With autonomous systems, the aim is to emulate tra-
ditional organic synthesis that takes place in the fume
hood. In most cases, despite the objective to minimize
human intervention, manual operation of some tasks,
such as loading physical reagents into the system, is
required'”. Generalized systems include a reactor, a sep-
arator for reaction workup and an evaporator to remove
volatiles while collecting the products®'*. An approach
to miniaturize a chemical production factory that ena-
bles multistep synthesis'* and a cartridge-based plat-
form with preloaded reaction recipes have been recently
reported'**. Compound purification, for instance by
column chromatography, can be included but puri-
fication remains challenging. A notable exception
reminiscent of solid-supported synthesis is the use of
N-methyliminodiacetic acid (MIDA) boronates, which
selectively elute from silica gel when tetrahydrofuran
is used as an eluent'*”'**. The apparatus in autonomous
systems is typically based on customized flow equip-
ment, or retrofitted synthesis glassware, connected
using chemical-resistant polytetrafluoroethylene tub-
ing. Pumps transfer reaction mixtures between each
module. In-line analysis to collect high-performance
liquid chromatography coupled to mass spectrometry
(HPLC-MS)!** NMR', infrared and UV spectros-
copy, pH¥, biochemical assay'’> and other analyti-
cal data in real time have been implemented, creating
closed-loop systems.

The automated formal synthesis of paclitaxel was
reported more than a decade ago, highlighting the
diversity of accessible reaction types on autonomous
platforms'. Amide coupling, nucleophilic substitutions,
cycloadditions, olefinations, reductive aminations and
Grignard reactions have all been performed both as dis-
crete steps and as part of multistep synthesis campaigns.
The autonomous syntheses of diverse drug molecules,
using popular reactions from the medicinal chemists’
toolbox'****2 have also been reported, in addition to
the synthesis of natural products through tandem cou-
pling and cycloaddition reactions'*’. To complement
autonomous synthesis of target molecules, autonomous
reaction discovery has emerged with robotic platforms
discovering and optimizing new multicomponent
coupling reactions or photocatalytic methods'*. The
engineering investment for these systems focuses on
emulating traditional organic synthesis; therefore, most
solvent and temperature regimes are supported. Phase
homogeneity remains highly desirable to facilitate
transfer of reaction mixtures as monophasic liquids.

Although fully autonomous systems typically per-
form one reaction at a time, the minimization of human

intervention means that they can run continuously, often
learning from the result of one reaction to inform the
design of the next. In a recent example, a self-driving
robot performed 688 sequential reactions over 8 days to
discover a new photocatalytic method"*. Related discov-
eries have been made by self-optimizing robots varying
substrates and catalysts®.

Software for automated synthesis. Software in an auto-
mated workflow falls into one of three categories: soft-
ware to select target molecules and design a synthetic
route; scheduling software to control the robotics during
the experimental operation; and laboratory information
management software to process experimental inputs
and outputs including reaction metadata. Metadata
may include information such as well location, reagent
SMILES or molar mass inputs for a mass spectrometer,
from one instrument to the next, and ultimately docu-
ment and report the experimental outcome. For HTE,
research has so far relied on commercial packages or
custom macros in Excel. Numerous academic software
packages specifically for HTE''**° and autonomous syn-
thesis'**"*” (IBM RXN for Chemistry) are emerging. To
pursue a fully fledged automation platform, a variation
on all three software components is typically integrated.
For example, a recent flow system determines a target
molecule, self-optimizes the routes based on a retrosyn-
thetic algorithm'* and drives a fully autonomous system.
This system merged discrete flow modules for reaction
execution, reaction workup and volatile removal with
a robotic arm to orchestrate the physical movement of
the flow modules depending on the configuration rec-
ommended by the self-driving software. In another sys-
tem, named Chemputer, reaction and scheduling inputs
are encoded from published experimental protocols,
and integration of in-line NMR and mass spectrometry
analysis enables the autonomous discovery of multi-
component coupling reactions'*. In reality, the human
chemists’ intuition remains quite necessary to evaluate
the reagents, substrates, concentrations and other reac-
tion parameters, but the autonomous system can remove
the tedious experimental tasks.

Safety

Our discussion on retrosynthetic logic and reaction pre-
diction focuses on the computational aspects. Hazards
are clearly minimized in such research, although safety
and risk assessment can be a key motivator in the selec-
tion of predicted routes from a retrosynthetic analysis.
For instance, if one route suggests the use of a particularly
explosive reagent, efforts to replace this reaction or at least
the explosive reagent may be undertaken. With respect to
automated synthesis, the miniaturized reactions used in
HTE are often less hazardous to the operator given their
small scale. By contrast, care must be taken to protect
robotic equipment, which is generally not designed to
handle corrosive reagents. The use of automation intro-
duces a new hazard in the form of moving mechanical
parts, but engineering controls such as inertion chambers
physically separate the operator from the moving parts,
and many modern robots are outfitted with sensors to
stop moving if they encounter an obstruction, such as an
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operator’s hand. Autonomous systems further distance
the operator from hazardous experimental operations.
An exciting recent demonstration utilized a motorized
robot on wheels to physically move around a laboratory
and deliver samples from reaction stations to analytical
stations with no human present. This sophisticated plat-
form harnessed scheduling software reminiscent of that

used in the automotive industry'**.

Results

The output of an experiment in retrosynthetic logic,
reaction prediction or automated synthesis may be phys-
ical samples or simply data. In any event, the information
density is often higher than a traditional experiment.
Here, we cover what the output of information-rich

synthesis experiments looks like, and how to interpret
the results.
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Fig. 3 | Results from retrosynthetic planning programs. a | Results of a Diels-Alder
transform from application of Logic and Heuristics Applied to Synthetic Analysis (LHASA)
to a fused bicyclic compound (5)°". b | Results of bond-network analysis by the program
Maxbridge as applied to synthesis of the diterpenoid alkaloid weisaconitine D (6)'**.

c| Cartoon depiction of results from a detailed retrosynthetic planner that proposes
discreet intermediates en route to a target compound. Each node represents an
intermediate and each arrow represents a transformation. Depending on the program,
this may include proposed conditions for each transformation.

Retrosynthetic logic

The output of retrosynthesis programs is meant to be a
guide or recipe for a chemist to synthesize a particular
compound. In this section, we detail the variations in
outputs of high-level logic-based planners and detailed
planners, as well as methods used to validate predicted
routes and disconnections.

High-level logic-based programs. Each high-level logic-
based retrosynthetic program is designed to apply a par-
ticular heuristic. Therefore, the nature of the output also
depends on the strategy applied. The level of detail varies
from program to program.

For example, some programs allow the chemist to
apply a particular reaction, in which case the software
will output any proposed instance of, for example, Diels-
Alder cycloaddition to build the core of the molecule’
(FIC. 3a). Ultimately, in this case, the user selects the
desired transform-based strategy (such as a Robinson
annulation, sigmatropic rearrangements and so on) and
often must select the most promising proposal manu-
ally. Another well-recognized strategy for the synthesis
of topologically complex molecules is the use of network
analysis to identify the most impactful bond to discon-
nect in simplifying a topologically complex structure'**
(FIG. 3b). Programs have been developed to automate this
analysis and propose disconnections that can lead to a
concise synthetic sequence, and proposals of particular
transformations would be left to the chemist user.

It is worth noting that a given heuristic, by defini-
tion, does not perform equally well on all molecules. For
example, as an analysis that seeks to reduce structural
complexity by breaking apart bridged structures, appli-
cations of bond-network analysis can only be invoked
in the synthesis of bridged molecules. Therefore, eval-
uating and directly comparing different programs is a
challenge and each program is, by intention, applicable
or advantageous only in certain cases.

Detailed retrosynthetic planners. The output of retro-
synthetic planners is relatively uniform, as each planner
generally proposes a synthetic route through several
intermediates®'*® (FIG. 3c). Additional rigour can be
added to a program through the use of reaction predic-
tion software*"*>**151% ejther as part of the algorithm
or through post-processing, to indicate how likely the
corresponding forward synthesis is to proceed. As each
molecule will generate multiple solutions, another neces-
sary feature is the ability to rank and highlight the most
promising of several possible routes that were able to
return a ‘successful’ synthesis. Typically, metrics such as
anticipated selectivity and expected yield based on lit-
erature precedents, as well as step count, are prioritized
in ranking syntheses as these are likely to correlate with
whether the synthesis will be viable and economical
— in terms of cost, time and waste produced — in the
laboratory.

To determine whether a program has success-
fully identified a viable route, synthetic validation of
the proposal is preferable, but this requires signifi-
cant investment of resources. Nonetheless, several
computer-generated syntheses have been successfully
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k-fold cross-validation

A method for evaluating
model performance on limited
data. The data are split into

k groups; one group is a test
set, whereas the other is used
as the training set. This is
repeated k times to train and
test the several groupings of
the data.

R? value

(Also known as the coefficient
of determination). A measure of
how well a model fits the data
when comparing the measured
values against predicted values
for the training set. An R?

value of 0.8 means that the
model can account for 80%

of the observed variance in

the data.

carried out in the laboratory’®'**. Other methods of
validation include comparisons of the proposed route
with existing literature that was not in the program’s data
set'*2, or double-blind surveys with trained chemists™
who can probe the perceived effectiveness, as well as the
elegance, of a route.

Each aspect of retrosynthesis programs, such as the
development of the module to generate disconnections,
the prioritization of different routes and the maximum
allowed search depth, is designed to balance perfor-
mance and computational cost to maximize success
within the intended application. The computational cost
associated with successfully identifying a synthetic route
to a target varies widely depending on the complexity of
the molecule and the algorithms used. State-of-the-art
programs perform well on reasonably complex targets
and can identify many well-precedented reactions such
as cycloadditions as well as many modular routes that
include common reactions such as Suzuki and amide
couplings. The synthesis of topologically complex targets
remains at the forefront of the field. Recently, computa-
tionally predicted retrosynthesis of the fused-ring alka-
loid (R,R,S)-tacamonidine was experimentally vetted,
marking one of the most complex molecules synthesized
with the aid of a retrosynthesis program to date'®".

Reaction prediction

Models must first be vetted by statistical validation
metrics before being applied towards the prediction of
out-of-sample reactions and interpreted for their chem-
ical significance. At its simplest, the output of these
models is a reaction yield or selectivity for a specific
regioisomer or stereoisomer of the product (given as
the difference in free energy of activation (A AG¥) value
between the transition states to reach the major and
minor isomers) for a given set of conditions that have
been parameterized. More complex reaction predic-
tion algorithms can provide the user with the proposed
product or conditions to successfully transform a set of
reactants to products. These models can then be used to
virtually screen proposed reactions, predict higher yield-
ing or more selective conditions, or construct forward
routes for retrosynthetic planners.

Model validation. To construct a model for reaction
prediction, the data must first be split into a training set
and a test set; the former is used in building the model,
whereas the latter set is used to assess the predictive
power of the model based on data for which there are
known outputs. Best practice requires the use of cross-
validation (for example, k-fold cross-validation); this
process creates several training test splits with which
to construct a model, such that the model learns from
different subsets of the data set. Cross-validation is per-
formed in an effort to avoid overfitting to a single train-
ing set and improve a model’s predictive ability. When
it is necessary to tune the settings for a given algorithm,
a training-validation test split is performed, with the
model built using the training set and evaluated using
the validation set. The settings of the model, commonly
referred to as hyperparameters, are adjusted and the
model retrained until the outcome for the validation set

is satisfactory; at this point, keeping the hyperparam-
eters constant, the model is evaluated against the test
set. Cross-validation can be performed on the training—
validation data to improve the model in a process known
as nested cross-validation'”.

Common metrics used to assess a model include the
coefficient of determination R? value, which assesses
the fit of the model when comparing the values pre-
dicted by the model against those empirically observed
(for example, predicted versus experimental yields).
Models that overfit the training data can have a high
R?value for training data but a low R value for test data,
indicating that they are likely unable to successfully
predict outputs beyond the data from which the model
learned (see the Limitations and optimizations section
for guidance regarding avoidance of overfitting). Further,
despite being a common metric used to assess models
for reaction prediction, the R? value has been shown to
be limited in its ability to characterize model predictive
power and should be used in tandem with additional
statistical metrics'®’>. The root mean squared error is
one metric that can be applied, which determines the
averaged value of the difference between observed and
predicted outputs. A low root mean squared error indi-
cates good fidelity between predicted and observed val-
ues. Importantly, measures of model fit on training data
cannot be used as reliable indicators for how a model will
perform against new data.

To test the robustness of a model more rigorously
for out-of-sample prediction, especially in cases where
these out-of-sample data points are dissimilar to the
data points on which the model was trained, purpose-
ful skewing of the training set has been performed.
For example, in training a neural network model to
predict enantioselectivities for a chiral phosphoric
acid-catalysed transformation, a training set composed
entirely of reactions with low selectivities was used to
predict the higher selectivities of a test set”’.

Mechanistic insights. The descriptors that are classified as
most important to modelling reactivity or selectivity can
be further investigated in mechanistic experimentation,
providing a means of quantitatively interrogating struc-
ture—function relationships. Interpretability of a model
and its descriptors is essential for mechanistic analy-
sis. In a best-case scenario, the model can point to the
descriptors most influencing the prediction, which are
in turn rationalized by the chemist on the basis of their
understanding of chemical reactivity. Linear models, pro-
viding the chemist with the most important descriptors
in the form of dependent variables with coefficients, are
the most transparent and readily amenable to interpreta-
tion. By contrast, non-linear methods can be challenging
to interpret owing to the complexity of these algorithms.
For example, although a single decision tree can be
rationalized by a chemist, the ensemble that constitutes
a random forest model becomes challenging to read.
Feature importance plots (available with SciKit-learn
and other open-source software libraries) that indicate
the relative contribution of a descriptor to the predictive
ability of the model, for example, can provide insights
that facilitate mechanistic interrogation®.
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Automation

In terms of automation, outputs can be physical if the
product sample is isolated or information-based if
the reaction is analysed solely to produce performance
data. In the latter case, products are typically not iso-
lated, especially on a small scale, although miniaturized
chromatographic purification, as well as the direct sub-
mission of reaction mixtures to a bioassay, are emerging
areas of research. In terms of exporting information,
a minimum data output would typically include an
identifier describing each reaction component, such as
a SMILES string, and the reaction metadata the exper-
iment has been designed to capture, such as the tem-
perature, concentration, pressure or stirring rate. The
advantage of automated synthesis is that such metadata,
which is critical for reaction prediction, is often captured
and systematically reported. By contrast, for many man-
ually performed reactions reported in the literature, such
metadata cannot be easily accessed. As described above
(Experimentation), a custom software package or a set
of scripts to unite multiple commercial software pack-
ages is often needed. Electronic laboratory notebooks
can complement custom software, but are typically not
designed to capture all necessary details and dataflow for
an automated experiment.

In some cases, an isolated yield of physical product
is reported, but in most HTE studies the output is an
analytical read-out™ such as the peak area in a HPLC
or mass spectrometry analysis. Distinct compounds
will have different UV extinction coefficients or mass
ionization abilities, such that reaction results are only
qualitative unless calibration curves are performed to
achieve quantitative results. NMR has been used to gen-
erate quantitative results in automated systems but the
throughput is low. Evaporative light-scattering detec-
tion'”, charged aerosol detection'® or matrix-assisted
laser desorption/ionization'*"'*> with deuterated inter-
nal standards that are chemically similar to the analytes
have been used to provide semi-quantitative results in a
high-throughput manner. Most typically, an HTE exper-
iment is used to generate information and select reac-
tion wells are targeted for confirmation on a traditional
reaction scale, with traditional gravimetric analysis and
NMR characterization of purified products. In addition
to enabling the systematic study of defined reaction
space, increased experimental throughput can accelerate
the serendipitous discovery of new reactions. The initial
conditions are often suboptimal for new reaction discov-
ery when the products appear only as minor products
and can be easily overlooked in a high-throughput data
set. Deconvolution algorithms have been developed to
highlight these minor peaks as potentially novel reaction
products'*®'*”,

Applications

Retrosynthetic logic

Computer-assisted retrosynthesis has been an active area
of research for more than half a century that has seen
renewed interest because of the significant opportuni-
ties offered by the revolution in data science and new
machine learning techniques. This renaissance has cul-
minated in both excellent software to inspire chemists

through logic-based programs and fully automated gen-
eration of retrosyntheses that have been experimentally
validated in the laboratory.

High-level logic-based retrosynthesis. The LHASA
program is a forerunner in the field that is intimately
tied to the development of retrosynthesis as a whole.
Although the strategies implemented in LHASA have
been refined, they form the basis of high-level logic
approaches. LHASA is no longer available, but serves
as an important foundation in the field. For this reason,
our first case study is the application of LHASA’ chiral
starting material program to the synthesis of a bicyclic
compound (18) (FIG. 4a) where the mapping heuristic was
able to identify a non-obvious starting material, citron-
ellol (19)'%*. After the program identified the material,
the chemist users interfaced with LHASA' detailed plan-
ner to arrive at a complete retrosynthesis. Independently,
comparisons with published work'® indicated this was
a viable strategy that had been previously carried out
successfully in the laboratory. This case exemplifies that
applying retrosynthetic programs can help find non-
intuitive solutions that may not be obvious to the human
observer, and can afford elegant and efficient syntheses.

Detailed retrosynthetic planners. In the past decade,
there have been numerous reports on the implemen-
tation of detailed retrosynthetic planners and various
components of the software. In particular, we review
two retrosynthesis programs and their approach and
successes in identifying routes to complex molecules.
The reader is also referred to other literature detailing
synthetic planners that highlight developments in this
areaJ‘),S-’l,lTUfli‘.

SYNTHIA, formerly known as Chematica®, has been
developed over the past decade and has recently
been commercialized by MilliporeSigma. This software
boasts a collection of more than 100,000 expert-coded
rules that are recursively applied to synthetic targets. In
each hand-coded rule, there also exist general reaction
conditions and identification of potential functional
group conflicts, which provides insight into whether
protecting groups are necessary (SYNTHIA). Two
important components in multistep synthetic plan-
ning are how the algorithm selects which branches of
the synthetic tree to pursue, that is determining which
disconnections are valuable, and the way in which the
algorithm selects the ‘best’ of many multistep syntheses.
In SYNTHIA, these functions are called the chemical
scoring function and the reaction scoring function,
respectively, and are editable by the user to allow prior-
itization based on factors such as the overall step count,
starting material cost and use of protecting groups.

In a recent example, several drug-like molecules of
interest to MilliporeSigma were analysed by SYNTHIA
(FIG. 4b) and the routes were vetted experimentally*
(FIG. 40). In these cases, the average computation time
was around 15-20 min per molecule and the first
or second top-rated route was chosen to vet with-
out allowing significant changes from the proposed
reagents. The restriction was implemented that only
70h of bench work would be allowed to develop the

NATURE REVIEWS |

| Article citation ID: (2021)1:23

11


https://www.sigmaaldrich.com/chemistry/chemical-synthesis/synthesis-software.html

Me
Me

Me

18
Me

Me Me
: Ho/\)\/\)\ Me

b

e

$0.01

Citronellol (19)

Identification of a non-intuitive starting material

¢ Execution of SYNTHIA proposed synthesis of 20

HoN

21

MeO,C

22

Me

X

I
Me

23

(0]

[¢]
j\ H)‘\©\
NO, cl

Me
AN
MeO,C
aza-Henry HN N [¢]
reaction ) I\IAe Lactamization
» >
—_—
8% NO, ©\CI 41% over 3 steps

¢ Sixfold increase in overall yield
¢ Decrease number of column chromatography steps
e 7 other targets synthesized by SYNTHIA's proposal

Se—@-—@——0,,
e o

$71.09

Me Me
i > I m
N NS0 N o
. l\llle Coupling 0, Me
“ —_— o
69% W _NH ©\
NH, ©\CI O=g~” Cl
25 Mew)
Ve o o 20
Me ~al Obtained desired
26 enantiomer in 40% yield

after chiral separation
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(yellow)*®. c | Laboratory-validated forward synthesis of 20 with only minor variations from Chematica/SYNTHIA-generated

results*. Panel b adapted with permission from REF*%, Elsevier.

experimental execution of predicted routes. In par-
ticular, for a quinoline-fused lactam (20) selected for
its biological activity, SYNTHIA’ proposed route was
successful experimentally, decreased the required col-
umn chromatography steps from five to three and led to
an overall yield improvement of more than sixfold that
previously reported. Seven additional targets were also
synthesized using the output from SYNTHIA and each
included some benefit over the previous route, including
higher yields, shorter step counts, higher purity or more
facile separation.

Another well-known package is the ASKCOS suite,
an open-source software package meant to aid in many
aspects of computer-assisted synthesis including reac-
tion planning and one-step retrosynthesis'**>>3%60.77.160,
Several of these tools individually fit into either a logic-
based approach or an iterative automated set-up that
has recently been applied to retrosynthetic planning for
the synthesis of 15 drug molecules'* (FIC. 5). Notably,
by demonstrating the efficacy of retrosynthetic software
with integrated reaction prediction tools and by validat-
ing the retrosynthetic proposals with fully automated
syntheses, this work represents a union of the three
topics covered in this Primer.

Building on earlier developments in detailed retro-
synthetic planning™, ASKCOS was trained to automat-
ically extract reaction templates from the US Patent
and trademark office as well as the Reaxys database,
arriving at a library of 163,723 transforms. Within the
algorithm, the templates extracted from similar mol-
ecules and, thus, predicted to work well on the target
molecule are applied to identify possible disconnec-
tions*. At this stage, another module of the software

tests forward reaction prediction software to ascertain
whether reaction conditions that are expected to furnish
the desired product from the proposed starting mate-
rial exist (FIG. 5b—d, see Reaction prediction case study
below). Another module that predicts the major product
is used to determine whether there are likely to be side
products or other considerations that affect the feasi-
bility of a given transformation (FIG. 5e). Limits are set
on the maximum search depth to explore the synthetic
tree and it is explored through a Monte Carlo tree search
to balance the exploration of ‘promising’ routes as well
as the exploration of less frequently visited branches.
Notably, the program successfully developed routes to
targets it had never seen before, as well as useful active
pharmaceutical ingredients.

The proposed synthesis of safinamide (27) (FIG. 5a), as
well as 14 other medicinal compounds, was completed
from inexpensive, commercially available reagents using
a fully automated system (FIC. 5f, see Automation case
study below).

Ultimately, these examples showcase the capabili-
ties of retrosynthetic planning software to arrive at new
syntheses of useful molecules in a quick and efficient
manner.

Reaction prediction

Here, we present a sampling of case studies that high-
light successful implementations of the various tools
and approaches to reaction prediction, demonstrating
the strengths of each approach and describing potential
for future development. The reader is referred to other
reaction prediction studies that highlight progress in this

4737578 6. 174175
area64,,3,/3,,5,)0,1,4,1/_).

12 | Article citation ID:

(2021) 1:23

www.nature.com/nrmp



Reaction selectivity. A two-step approach to modelling
using multivariate linear regression was used to predict
enantioselectivities of various chiral phosphoric acid-
catalysed nucleophilic additions to imines® (FIC. 6a).
A comprehensive multivariate linear regression model for
a data set of 367 literature reactions, with enantioselectiv-
ity as the output (A AG*), was built using a combination of
two-dimensional quantitative structure—activity relation-
ships and three-dimensional computational descriptors
to parametrize the catalysts and substrates (see, for exam-
ple, 40-43, 45, 46). The sign of AAG* was interpreted
to assign each reaction to one of two possible transition
state geometries (E-imine or Z-imine). Subsequently, the
data were partitioned by transition state geometry and
used to construct two focused multivariate linear regres-
sion models (FIC. 6b). For out-of-sample predictions, the
parameters were first passed through the general model
before using the appropriate focused model based on the
predicted transition state geometry.

This approach allowed for improved predictive abil-
ity (as measured by the average absolute error of AAG¥)
and more nuanced mechanistic insights that account
for the different catalyst-substrate interactions incurred
in the two transition states. The coefficients of each lin-
ear model highlighted the steric and electronic proper-
ties of both the substrate and the catalyst that influence
selectivity in both transition states. Both models had
common steric terms for imine and catalyst structure,
with the Z-imine transition state having an additional
steric term associated with the nucleophile. The strength
of this approach is its ability to predict outcomes for
diverse reactions and novel catalyst structures within a
common manifold (FIC. 6¢), while also applying a linear
algorithm that facilitates analysis.

Reaction yields. In 2017, a random forest algorithm was
implemented to predict reaction yields in a palladium-
catalysed Buchwald-Hartwig amination reaction of aryl
halides (49) with 4-methylaniline (48) to give 50 (REF.”)
(FIC. 7a). One objective of this work was to model and
predict reactivity in the presence of challenging hetero-
cyclic motifs; however, screening reactions across mul-
tiple substrates traditionally necessitates the individual
synthesis of each product to enable quantitation, thus
limiting the scope of unique reactions that can be run.
As an alternative, the Glorius fragment additive screen-
ing approach'”® was applied, where fragment additives
representing different functional groups are added to
the reaction to interrogate the influence of such discrete
functional groups on the reaction. In the present case,
23 unique isoxazole additives were screened against
a matrix of 4 palladium catalysts, 15 aryl halides and
3 bases to measure the inhibitory effects of the additives.
Using the ultraHTE (1,536-well plate) set-up at Merck
& Co., Inc., this strategy resulted in a data set of 4,608
unique reactions for modelling.

Molecular, atomic and vibrational properties were
computed by DFT using automated feature-generation
software. The random forest model proved to have
the highest predictive performance (test set predic-
tion R?=0.92, root mean squared error=7.8%) (FIG. 7b)
over other linear regression and machine learning

methods, and was used to predict the yields for a series
of out-of-sample additives. Although the model itself
is not readily interpretable in the same sense as a lin-
ear model, the construction of the model was probed
by determining relative feature importance as demon-
strated by the increase in error that occurs upon shuf-
fling the values for a given descriptor and retraining the
model (FIC. 7c). The descriptors that caused the greatest
increase in error — in this case, a series of descriptors
that reflect the electrophilicity of an isoxazole additive
such as 51 or 52 — guided stoichiometric mechanistic
studies into side reactivity (FIC. 7d). Specifically, for the
more electrophilic isoxazole additive, N-O oxidative
addition followed by Kemp elimination was shown to
be a potential competitive pathway preventing oxidative
addition of the aryl bromide.

Reaction conditions. In a larger-scale implementation
of reaction prediction, a general platform for the pre-
diction of organic reaction conditions (catalyst, sol-
vent, reagents and temperature)”” was developed, and
has subsequently been implemented as part of the fully
automated ASKCOS platform'*. The data set consists
of approximately 11 million reactions obtained from the
Reaxys database. It is important to note that, as is com-
mon practice in generating data sets from the literature,
they employed a series of ‘data cleaning’ protocols. These
filters helped eliminate incomplete and uninterpretable
entries, homogenize the syntax of input data and filter
out ‘rare reaction components for which data are sparse.

Starting from their respective SMILES string, reac-
tants and products were described using Morgan circular
fingerprints. Temperature was included as a continu-
ous variable, whereas the catalyst, reagent(s) and sol-
vent(s) were represented as one-hot vectors. These data
were used to train a neural network model, which was
constructed to allow for sequential prediction of each
condition — catalyst, followed by solvents, reagents
and temperature — to enable context-based recom-
mendations (FIG. 5b,c). This structure was created to
reflect the way in which chemists commonly approach
constructing conditions for a reaction and facilitate the
selection of chemically compatible conditions. Overall,
in assessing the top-10 predictions made for 1 million
test set reactions, they were able to accurately predict
the catalyst and at least 1 solvent or reagent 69.6% of the
time (FIG. 5d). The breadth of reactivity that this model
can assess makes this platform suitable for use in the
prediction of reaction conditions for multistep syntheses.

The descriptor set chosen for this model prior-
itizes throughput over interpretability, given the need
to parameterize approximately 11 million reactions
that involve structurally diverse reactants and prod-
ucts”’. By contrast, the DFT-based descriptors used in
the respective reports by Reid and Sigman®* and Doyle
and colleagues” are more interpretable for mechanistic
interrogation but are computationally more expensive.
As these reports focus on a specific reaction or are mani-
fold of reactivity employing a limited scope of reactants,
catalysts and reagents, it is feasible to perform the req-
uisite molecular structure optimizations needed to get
these descriptors for all variables of interest.
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a Proposed retrosynthesis to safinamide (27) by ASKCOS retrosynthesis software
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Fig. 5 | Retrosynthetic planning, reaction prediction and automated synthesis
platform directed by ASKCOS. a | Proposed retrosynthesis of safinamide (27) by
automated retrosynthesis software'’°. Compounds that are not commercially available
(blue box) can be built from available starting materials (orange box). b | Schematic of

the sequential selection of reaction conditions performed by the neural network model
used by ASKCOS'?. ¢ | Example of correct and incorrect reaction condition prediction
made by the neural network model””. d | Accuracy of neural network model for various
reaction condition prediction tasks’”. e | Example forward reaction prediction for the base-
mediated coupling of phenol 30 and arene 37. This validation was performed for each
reaction in the proposed retrosynthesis. f | Automated synthesis of 27 in the workflow

of the ASKCOS platform (left); specific fluid streams labelled alphabetically (blue circles).
Mechanical components and unit operations of the ASKCOS flow synthetic platform
(right)**. BPR, back-pressure regulator; DBU, 1,8-diazabicyclo[5.4.0]lundec-7-ene; MeOH,
methanol; R1, reactor 1; R2, reactor 2. Panel a adapted with permission from REF.'*°,
AAAS. Panel d reprinted with permission from REF.”’ (https://pubs.acs.org/doi/10.1021/
acscentsci.8b00357), ACS; further permissions related to the material excerpted should
be directed to the ACS. Panel f reprinted with permission from REF.'?, AAAS.

Acoustic droplet ejection

A technology that uses precise
ultrasound waves to move or
transfer nanolitre volumes

of solutions. Acoustic droplet
ejection transfers the droplets
from the source plate into an
inverted receiving plate above
the source plate.

Automation

The field of automated synthesis has advanced rapidly
in the past decade. We highlight a handful of examples, and
refer the reader to other recent developments'' 24177,

Reaction selectivity. A dehydrogenation step required to
generate the key intermediate (55) for the synthesis of
the hepatitis C treatment elbasvir (53) was studied using
HTE in 96-well plates with the aim of finding an environ-
mentally friendly replacement for KMnO, in a key
oxidation'”’ (FIC. 8). Here, 4 oxidants, 12 photocatalysts
and 2 solvents were screened to find a promising photo-
redox system. Following detailed mechanistic work,
results from scouting reactions run on a 2.5-pmol scale
in glass shell vials were translated to a 100-g scale in a
photochemical flow reactor.

Reaction miniaturization. Reaction miniaturization
has emerged as a key technology enabled by modern
automated synthesis. Recently, thousands of transition
metal-catalysed coupling reactions were run in 1.2 ul
droplets and the reaction products directly submitted
to a bio-affinity assay against diverse kinase proteins'*.
Reaction screening on a similar scale was also per-
formed in a custom flow apparatus assembled inside an
inert atmosphere glovebox''’. Acoustic droplet ejection
has become a popular technology for low-volume lig-
uid handling in biochemical experimentation, and
has recently been used in automated chemical synthe-
sis''". An Ugi four-component coupling reaction was
used to synthesize indoline analogues'* (FIG. 9). The
stock solutions employed in the reaction were pre-
pared and manually pipetted into a 384-source plate,
then dosed by an Echo robot into the 384-well reaction
plate and, finally, the reactions were analysed by super-
critical fluid chromatography-mass spectrometry and
thin-layer chromatography-UV-mass spectrometry.
The results were further validated by synthesis of select
products on a 10-g scale.

Organic synthesis in a modular robotic system. An auto-
mated modular synthesis platform, Chemputer, exe-
cuted the syntheses of diphenhydramine hydrochloride
(62), rufinamide (68) and sildenafil (69) with minimal
human intervention'*!. The system was coded with a

chemical markup language (XDL), which reduces com-
mon laboratory tasks such as mixing or filtration into
machine-readable operations and includes metadata
for future analysis. The platform has a backbone struc-
ture that enables facile switching of modules for routine
synthesis tasks such as heating or phase separation
(FIC. 10). The backbone has a six-port valve that connects
pumps to the modules so reagents or reaction mixtures
can be flowed to the appropriate module. The three
drugs (62, 68 and 69) were synthesized in 38-100h
for the overall sequence, with yields comparable with
reported manual syntheses. An earlier generation of
this system was used in a machine learning-driven
autonomous search for new chemical reactivity®.

Following fully automated retrosynthetic planning
using the ASKCOS suite (see Retrosynthetic logic
case study), the fully automated syntheses of 15 drugs
were achieved in a sophisticated flow reactor'* (FIC. 5f).
A robotic arm assembled required modules such as
reactors or separators into an appropriate flow path. The
reaction types varied from amide couplings to reduc-
tions, and the platform yielded the products at a rate of
100mgh™.

Reproducibility and data deposition

High-quality data sets are essential for reaction pre-
diction and synthesis planning. Although proprietary
databases, such as Reaxys and SciFinder, can yield large
amounts of reaction data, many entries can be incom-
plete or missing key information such as stereochemistry
or yields. Mining data from the chemical literature can
be a time-intensive process, often requiring the manual
extraction of data from supplemental text. Consistency
of data can also be uncertain and unsuccessful reac-
tions are often under-represented. The quality of data
influences the quality of the reaction prediction models
and reaction templates used in retrosynthesis planners.
A reaction prediction model built on incorrect or incom-
plete data seeks correlations that may not exist and, thus,
lacks predictive power. The development of robust mod-
els trained on large data sets, if available, can overcome
a few aberrant data points. In short, ideal data are com-
plete, cover a wide chemical space and are reproducible.
HTE is one solution to obtain higher quality data for
many applications because it intrinsically generates large
data sets in a systematic way. HTE excels in elucidating
trends for parallel reactions that interrogate sets of con-
dition variables. Given the miniaturized nature of HTE,
reproducibility on a larger scale needs to be assessed,
which is often done through the scale up of a selec-
tion of wells to validate translation to more traditional
conditions.

In the context of both literature-mined and HTE
data, the processing and visualization of large amounts
of metadata require software or custom scripts. As a
result, it has become common for academic scientists
to upload the scripts for data processing alongside algo-
rithms and data sets on open-source websites such as
GitHub to enable the transfer of these methods between
researchers. Reproducibility of reaction data is vital,
but even data-driven methods of reaction prediction
and retrosynthetic planning are not fully translatable.
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Fig. 6 | Prediction of reaction enantioselectivities for chiral phosphoric acid-catalysed nucleophilic additions

to imines®*. a| General reaction scheme for transformations included in the data set. Catalyst and substrates were
parameterized using molecular descriptors obtained by density functional theory (DFT) calculations, whereas solvent

was described using both two-dimensional (2D) and DFT molecular descriptors. b| Comprehensive, Z-imine and E-imine
regression models. Each model contains a combination of descriptors for both catalyst and substrate properties; for
amore detailed explanation of each descriptor, see REF.’". Data represent training (black) and validation (blue) sets.

c| Out-of-sample prediction. Performance metrics demonstrate the improved predictive power of the focused correlations
over the comprehensive correlations. AAGY, difference in free energy of activation; NBO, natural bond orbital. Adapted

from REF.”, Springer Nature Limited.

In many workflows, decisions may be made by the user
that factor in so-called chemical intuition in the con-
struction of the model — for example, trying to get a
linear predictive model to use a particular descriptor
based on prior observations or selection of a particular
retrosynthetic disconnection. Furthermore, both retro-
synthetic planning programs and reaction prediction
software often contain a randomized element, such as a
randomized initialization in the set of reaction templates
or a randomized train/test split that can lead to slightly
different results and model validation metrics. Seed data
can be provided to aid in the reproducibility of ‘random’
selections. For these reasons, recreating the exact model
from a publication can be challenging, as can duplicating
an exact synthetic proposal using step by step algorithms.
However, the overall trends are likely to be reproducible

for a robust model. In cases where a retrosynthesis
program can identify a particularly efficient reaction
sequence, it is likely to converge on that route, regardless
of randomized elements, if given enough search time.

Limitations and optimizations

Successful implementation of these methods in synthetic
chemistry requires an understanding of their inherent
limitations. By keeping in mind the challenges incurred
in their use, one can avoid common pitfalls and better
understand the utility of these techniques.

Retrosynthesis

Although many programs have successfully designed
routes to a target compound, there is wide variability
in the complexity of the target molecules accessible.
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For example, natural product synthesis often focuses
on complex sp*-rich molecules as targets, which often
have additional stereoelectronic challenges associated
with building their framework. By contrast, a program
designed to identify pathways to drug-like molecules is
often trained on data specific to sp>-rich molecules. By
virtue of a close literature precedent being intimately
tied to a program’s perceived likelihood of success for a
particular reaction, detailed retrosynthesis programs are
generally unable to propose novel disconnections that, if
proposed, would be viewed sceptically by the user. Until
recently, retrosynthetic planners were only accessible to
a handful of groups. Today, accessibility is increasing
as many platforms have been made open source (such as
AiZynthFinder, ASKCOS, IBM RXN for Chemistry)
whereas many others have been developed commercially
(such as SciFinder”, SYNTHIA, Reaxys, ICSYNTH,
Chemical.AT and Iktos spaya.ai).

Reaction prediction

Data overfitting can occur when more descriptors are
used than there are available data points and this is an
inherent challenge of the modelling techniques used for
reaction prediction. Overfitting in modelling of chem-
ical reactivity exists in part because reaction data are
available in low quantity relative to the data sets with
which machine learning algorithms are commonly
applied, such as online images or text, emphasizing
the limitations presented by reaction data availability.

Pd catalyst (10 mol%)

NH X additive (1 equiv.
> | x (1 equiv.) .
M = Base (1.5 equiv.)
e DMSO (0.1 M), 60 °C, 16 h
48 49 50

4,608 distinct reactions run using 15 aryl halides

Also, given the high dimensionality of a chemical reac-
tion, the available chemical information is relatively
sparse except for a handful of popular reactions. The
addition of more descriptors will improve the model’s
fit to the training data; however, an overfit model will not
be effective in exploring chemical space beyond data it
has already seen. Using cross-validation and limiting the
number of descriptors can help prevent overfitting;
the use of a test set can help identify when overfitting has
occurred. The use of a larger data set is a conceptually
simplistic means of avoiding overfitting, but cannot be
accomplished in cases where only a small amount of data
are available. By contrast, if a model is not given enough
information from which to learn, for example if there
are insufficient descriptors to account for the chemical
complexity of a system, this model can be underfit, likely
limiting its predictive ability.

Automation

In general, the first concern users have when approach-
ing miniaturized HTE is the ability to translate results
of small-scale reactions to a traditional scale. For homo-
geneous reactions, this is generally not problematic, and
examples of scaling from microgram up to gram scale
are known'”, but in the case of a heterogeneous reaction,
issues of particle size or stirring rate may impact fidelity
across multiple scales. Solvents must be carefully cho-
sen in automated synthesis, unless additional engineer-
ing controls have been implemented. Ideally, a reaction

b
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Mechanistic hypothesis: propensity of isoxazole to act as a competitve
electrophile can cause deleterious side reactivity

Fig. 7| Prediction of reaction yields for palladium-catalysed Buchwald-
Hartwig aminations®. a| General reaction scheme and variables employed
to build a data set using ultra-high-throughput experimentation (ultraHTE).
b | Workflow used to develop a random forest model and performance of
test set data. c | Relative feature importance plot used to interrogate the
model. Analysis of the relative importance of various descriptors revealed
that the *C nuclear magnetic resonance (NMR) shift of the isoxazole
additive was the most significant contributor to model performance. It was

hypothesized that this descriptor served as a read-out of the degree to
which the isoxazole can act as a competitive electrophile. d | Mechanistic
study to assess the competitive N-O oxidative addition of the isoxazole
additive to Pd(0). The observation of both oxidative adducts suggests that
more electrophilic isoxazoles (51) promote this side reactivity that causes
diminished yields of the desired Buchwald-Hartwig amination product.
DFT, density functional theory; R, coefficient of determination; RMSE, root
mean squared error. Adapted with permission from REF %, AAAS.
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a Key step optimization for the synthesis of elbasvir (53)
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.a| Optimization of the dehydrogenation
step in the synthesis of elbasvir (53). b | Photoredox conditions designed and screened by high-throughput experimentation
(HTE) in a 96-well plate. Numbers in each well in the colour map (middle) are percentage assay yields based on high-
performance liquid chromatography analysis, relative to an internal standard; blue represents lower yields and yellow
represents higher yields. Panel b adapted with permission from REF."”’ (https://doi.org/10.1039/C5SC03350K), RSC.

mixture will have low volatility and be homogeneous,
compatible with plastic components of the robot and
consumables (typically polypropylene or cyclic octane
copolymer). Increasing the reaction volume can increase
solubility and minimize evaporation, but most reactions
have favourable kinetics at a substrate concentration of
0.1 M or above, so dilution is not a general fix''*. Solvent
screening is also a challenge because multiple stock solu-
tions must be prepared for the same reagents. Another
limitation is the accessibility of expensive robots and
hardware, as many systems are built de novo and only a
handful of commercial systems have been used by more
than one research group. Solid handling robots are con-
siderably less developed, and for exploratory chemistry
where diverse solid properties are encountered, manual
solid handling remains common'**'**. Reconfiguration
of procedures is needed when switching reaction types
or consumables and human intervention is generally
required, especially the first time a system is run.

Outlook

As the field of synthetic chemistry works to incorpo-
rate emerging methods for retrosynthesis, reaction
prediction and automation into the synthetic chemist’s
toolkit, it is necessary to take stock of what has been
accomplished. The work highlighted in this Primer
represents a limited cross-section of achievements in
the field, new developments are emerging. Automated
and high-information content solutions should not be
viewed or implemented as a replacement for the chemist,
nor as a ‘fix’ to every challenge of synthesis. Rather, these
methods enable chemists to streamline the tedious steps
of synthesis and focus on creativity.

Towards this goal, there are several avenues for tar-
geted development that will prove important across
retrosynthetic planning, reaction prediction and
automation. Continued work to develop generaliza-
ble molecular representations will improve the ability
with which a computer can learn chemistry and assess
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reactivity. An idealized descriptor or descriptor set
can be applied across classes of molecules and provide
complete chemical context without requiring extensive
computational methods. Upgrading of software, hard-
ware and equipment is required to pave the road to
increased automation. Some vendors offer commercially
available consumables such as glass vials, reaction blocks
and customized plates for specific reaction conditions.
Vendors now provide easy entry points for new users,
such as commercialized consumable kits for screens in
24-well and 96-well plates. Increased commercial avail-
ability, with good selection and competitive pricing, is
critical to advance any new area of science. Instruments
from different vendors often cannot be easily integrated
with each other, limiting the scope of accessible exper-
iments. The instrument data and hardware interopera-
bility gap will become increasingly recognized as more
chemists request instrument integration from vendors,
and either suitable instrument drivers are made avail-
able or instrument back-end software becomes more
accessible for customization.

A challenge the community must tackle is the lack of
access to uniform data. Literature repositories contain
a wealth of chemical data, yet it remains challenging
to organize this information into a usable format. Data
mining of literature sources often requires the man-
ual collection of data from the literature. Supporting
information, for example, is typically housed as a port-
able document file (.pdf), from which data extraction
can require considerable effort, although automated

extraction is emerging'’®. The data harmonization
challenge can be addressed with the development of
open-access databases for reaction data and the creation
of a standardized data submission format in journals.
As much as the community has adopted a standard for
reporting NMR characterization data, there is momen-
tum to standardize the documentation of routine reac-
tion metadata as high-dimensional data formats become
readily accepted by journals. Similarly, automated syn-
thesis has the capability to generate a large volume of
new data, which will only be useful to the field if well
formatted. Similar to X-ray crystal structures submitted
to the Cambridge Crystallographic Data Centre (CCDC)
or Protein Data Bank (PDB), or DNA sequences submit-
ted to GenBank, uniform reporting of reaction data will
hopefully become a community standard.

With respect to retrosynthesis planners, many of
the available detailed planners will allow for synthesis
applications focused on building moderately complex
compounds. We envision that these planners can aug-
ment the way we search the literature, much in the same
way that database searching using Reaxys or SciFinder
proliferates data. In this way, we can accelerate the pro-
cess of navigating many potential routes and enable
practitioners to focus on bigger overall questions in
their research.

Although the use of these retrosynthetic planning
programs rely on known, well-precedented reactions,
computer-assisted synthesis also fosters innovation.
The use of heuristic-based programs often invites and
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Fig. 9 | Reaction miniaturization and validation'*

.a| Discovery of a miniaturized Ugi coupling reaction for the synthesis

of indoline analogues (61) facilitated by an Echo robot. b | Reaction progress from the discovery of the hit in 384-well
plates, to confirmation of selected experiments at a scale of 80-1,000 mg. HTE, high-throughput experimentation.
Echo robot image in panel a reprinted with permission from REF.**, RSC.
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necessitates creativity from chemists to arrive at a more
ideal route. Additionally, step by step retrosynthetic pro-
grams rely on definitions of synthetic complexity and a
reduction in complexity, where there is still considerable
room for consensus and improvement.

In order for these methods to be adopted broadly, the
technical developments made in the laboratory will need
to be met with changes in the classroom where chem-
ists are trained to use these tools. Traditional chemical
education does not include statistics or computer sci-
ence in a way that will provide students with the foun-
dational knowledge used to develop and implement
computer-assisted synthesis methods. The means of
addressing this challenge are twofold. Chemistry curri-
cula can introduce information science to help cultivate
a generation of ‘bilingual’ chemists who are conversant
in data science, whereas the tools themselves can be stra-
tegically designed to be accessible and user-friendly to
enable their adoption in synthesis. Every chemist does
not need to be a statistician or computer scientist but,
rather, needs to be provided with the knowledge neces-
sary to implement these tools at a high level or possess

the ability to converse with data-savvy collaborators, all
while maintaining the highest standards of creativity and
rigour in synthetic organic chemistry.

We expect that another challenge in entering this
field is the broad range of knowledge required. In retro-
synthetic planning, reaction prediction and automa-
tion, there is wide variability in the methods used. In
the coming years, we expect that the community will
come to a consensus on which of the various methods
to build upon to improve and demonstrate their value
rather than building new tools from scratch. Therefore,
fair comparisons of different approaches are needed to
assess the strengths, shortcomings and best uses of these
technologies.

Ultimately, information-rich techniques will become
part of the practising synthetic chemist’s toolkit towards
the dream of realizing the synthesis of any given mol-
ecule from route prediction to preparation of target
compounds in high yield with minimal human effort.
In reality, we are far from realizing this vision, and
it is unlikely to ever be realized for all of chemical
space. However, a system that could produce terpene,
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