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Abstract

Computational asymmetric catalysis has seen an impressive rise in the last twenty years, thanks to
advancements in algorithm and method development for predicting catalyst enantioselectivity. These
methods/algorithms describe reactions that can be categorized into two groups: reactions where 1)
knowledge of the mechanism is not required and where leveraging experimental data to establish
correlations between reaction descriptors and enantioselectivity is imperative, and 2) the mechanism (or
transition state (TS) for the enantioselective step) is known and used to determine catalyst stereoselectivity
by modeling the diastereomeric TSs. Although these methods have reached an important level of
proficiency for enantioselectivity prediction, this field remains largely obscured for experimental chemists.
In this review, we aim to shed light on models, methods, and applications used in asymmetric synthesis,
with accessible language suited for experimental chemists. Our hope is that these methods will ultimately
be adopted by synthetic chemists for the design of novel catalysts.
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Introduction

Asymmetric Catalysis. The field of asymmetric catalysis has revolutionized organic synthesis in the last
50 years. Catalysts have been developed to introduce stereogenic centers into molecules primarily through
the formation of new C-C bonds and reduction of unsaturated bonds (e.g., carbonyls, alkenes). These chiral
catalysts can take many forms, including transition metal complexes, organocatalysts, and biocatalysts
(Figure 1). With transition metal complexes, the reaction is often catalyzed by the metal itself while
stereochemistry is introduced in the form of metal ligands (e.g., chiral phosphines). In organocatalysis and
biocatalysis, small organic molecules and enzymes function as both catalysts and chiral directing groups.
The latter two forms of asymmetric catalysts have been seen as very promising alternatives to transition
metal catalysts, due to their reduced costs and toxicity. In fact, the potential impact of these alternatives
was recently recognized when the Nobel Prize in Chemistry was awarded to Frances Arnold (2018, directed
evolution of enzymes), then Benjamin List and David MacMillan (2020, asymmetric organocatalysis), after
Barry Sharpless, Ryoji Noyori and William Knowles shared the Nobel Prize in 2001 for asymmetric transition
metal catalyzed reactions.
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Figure 1. The three main asymmetric catalysis fields.

Developing new catalysts. The relatively simple mechanisms of organocatalyzed reactions are a significant
advantage for their development and optimization. However, the use of these catalysts has been hampered
by their lower stereoselectivities and the need for higher loading. Alternatively, development of transition
metal catalysts is facing complex mechanisms often involving multiple possible transition states (TSs),
metal coordinations, additives, and ligands. As a result, the very tedious “trial-and-error” approach is still
commonly used. To address environmental concerns, catalysts based on greener and cheaper metals
(bismuth, iron, copper) have been developed, yet the most used transition metal catalysts are built around
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palladium, rhodium, and other toxic and expensive metals. Thus, despite tremendous progress in the field
of small molecule catalysis, development of new chiral catalysts remains quite challenging and often calls
for stepwise optimization. This is often a time-consuming, labour-intensive process. It requires the
synthesis and evaluation of multiple novel ligands/catalysts, in an iterative process that is often pursued in
an empirical fashion with little guidance other than simple models and intuition. Computational methods
guiding the design of new catalysts are sought after and should address this major issue.

Computational methods for catalyst design and discovery. As an analogy, over the past decades, docking-
based virtual screening has found extensive use and acceptance as a design tool in medicinal chemistry.’
The low computational demands of these methods and user-friendly interfaces removed hurdles towards
their widespread adoption. In contrast, computational tools that could improve the process of chemical
reaction development remain underutilized as predictive/design methods. The power of quantum
mechanics (QM) calculations, particularly density functional theory (DFT), is primarily used in a
retrospective, post-hoc fashion for understanding reaction mechanisms and for rationalizing observed
selectivities, rather than in the prediction/design of new catalysts. In fact, the computational cost
associated with ab initio QM or DFT methods, let alone the required expert knowledge, makes them
unsuitable for the screening of large libraries of potential catalysts. However, major efforts are currently
ongoing to develop computational tools to assist organic chemists, and integration into organic chemistry
laboratories is imminent.?

We believe that the successes of virtual screening in medicinal chemistry should be adaptable to reaction
prediction, with the challenge being the availability of computationally inexpensive, rapid, and accurate
methods for predicting stereoselectivities associated with complex TS structures and energies.

State-of-the-art approaches. In recent years, computer-assisted synthesis has gained significant
momentum and several computational methods (most commonly machine learning (ML) methods and
statistical models) applied to organic synthesis problems have been reported. For example, computer-
aided synthesis planning has advanced rapidly and can propose reaction mapping® and realistic
retrosynthesis? 4% (e.g.,, Chematica/Synthia” 8 and AlZynthFinder®), can predict yields,'®'? catalyst
inhibition,’® regioselectivity,'* and chemical reactivity.’> In practice, these predictive trained methods have
been successfully used to design new catalysts'® and predict the stereochemical outcome of asymmetric
reactions.' For the latter, ML techniques are advantageous over QM and molecular mechanics (MM) for
two reasons: speed (orders of magnitude faster than QM) and their application to reactions with unclear or
complex mechanisms (ML models developed from catalyst structures only).’® However, training ML models
requires a significant amount of experimental data for training’® and can hardly be applied to new reactions,
as emphasized by Norrby in a viewpoint.?® Reaction/chemical mapping is more general; for example,
physicochemical and QM descriptors of over 300,000 monodentate phosphine ligands have been added to
a database named Kraken,?" which will certainly be particularly useful for new reactions relying on
phosphine ligands. However, despite all these successful developments, much is left to be done in the field,
including the use of these methods in prospective studies.

In this review we will describe the development and application of computational methods for the design
of asymmetric catalysts with a particular focus on organocatalysis and transition metal catalysis. For more
information about biocatalysis (primarily enzymes), the readers are referred to the excellent overviews of
this field by Bell et al.?? and Pyser et al.® Thus, while computational methods for biocatalysis have been
developed,?* these will not be discussed herein.

In the context of computational asymmetric catalysis, an overarching goal of the computational methods
is the prediction of enantioselectivity of asymmetric reactions, enabling computational reaction
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optimization (i.e., optimal catalysts, substrates, ligands, and conditions). Different methodologies for
achieving these goals exist, and they can be divided in two main categories: 1) methods requiring sufficient
knowledge on the reaction mechanism (primarily QM and MM-based methods) and 2) data-driven methods
(primarily databases and ML methods). Irrespective of category, the overall principles are similar and
involve data collection, identification of meaningful patterns, parameters or features, model building and
testing, followed by model refinement (Figure 2).

Collect B. Collect
- data - data

i ' Identify/refine
Refine Compute Refine .
model featLIJJres settings mechanism/TS

w8 £

Statistical QM/MM
models

Make Build and Test Identify
train model settings on FF/basis

Pred'Ct'Onsh i data set/functional
2

Figure 2. Overall workflow for A) ML methods and B) QM/MM methods.

Data.

Developing datasets. The first step in any modeling project is often data collection from the scientific
literature (or generating data in the wet lab). Since representative systems are selected and modeled based
on these data (ML) and/or used to test the method (QM, MM), data curation is essential, as literature data
may be riddled with issues (e.g., misassigned stereocenters, incomplete experimental data, reproducibility
issues). This process is a challenging task that may be prone to human error. Thus, model or method
development and/or evaluation require the availability of consistent and reliable experimental
enantioselectivities. The type and amount of data required to develop a predictive model depends on the
approach used to model the reaction (evaluation on small sets or training on large sets) - Box 1.

Below, we list several guidelines that we believe to be key when developing a robust dataset.

1) For most methods, it is assumed that the set of substrates and catalysts collected follow a similar (if
not identical) mechanism. If more than one competing mechanism is to be considered, substrates and/or
catalysts favoring alternative mechanisms should be sufficiently represented. For each mechanism, one
should also assume that the enantioselectivity is affected by the same factors.

2) In the context of catalyst design using ML methods, the model is more likely transferable to new sets of
catalysts and substrates when trained on datasets with larger chemical diversity. If a component is kept
constant (e.g., all the reactions in the dataset are applied to the same substrate), then the model will not be
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trained to understand the impact of this component (e.g., not applicable to the search for ideal substrates
for a given catalyst or prediction of the substrate scope of an asymmetric reaction).

3) Training a model or testing a method requires not only information on highly selective catalysts, but also
on poorly selective catalysts. For optimal accuracy, ML models should be trained to correlate “good”
features (e.g., chemical groups) to high enantioselectivity, as well as “bad” features to poor
enantioselectivity, while QM and MM methods must be evaluated for their ability to distinguish good from
poorly stereoselective catalysts.

4) TS-based methods derive the enantioselectivity from the energy difference of the diastereomeric TSs,
requiring some experimental knowledge of the mechanism. More specifically, the stereoselectivity
determining step (or steps) must be known, and at the very least, a good hypothesis for the TS structure
must be available. If not, a separate investigation of the mechanism must be carried out, which can be quite
time-consuming.

5) In general, the larger (and more diverse) the dataset is, the more information ML models may learn.
However, building a large dataset should be done with care as adding data may also results in loss of
diversity and introduction of biases. For example, overrepresenting a class of catalysts may result in the
model learning (or even memorizing) mostly about this chemical series (e.g., phenyl better than methyl at
a given position on a ring), rather than learning general rules (e.g., steric effects). This can result in
significant biases of the model and poor accuracy in the search for novel catalysts. At this point, it is
important to note that information following all these criteria is rarely available in a form that can be used
immediately (such as a text files or formatted tables). For QM and MM methods, the size of the set is not
as relevant, but the diversity should still be a focus of the data collection, as these methods must be able
to capture various effects experienced by various catalysts (e.g., hydrogen bonds, cation-mtinteractions). In
practice, should all this information be available (several catalysts from different classes already
developed), one may question the need for a model to design novel catalysts for this reaction. Thus, the
transferability of the method to other reactions may be investigated (see Applications section). In the case
several catalysts are already available but none providing the level of stereoselectivity targeted, an ML
model may be required. However, one may question the ability of a model trained on poor to good catalysts
to identify excellent catalysts (e.g., based on a different mechanism, on an interaction not experienced by
other catalysts). An important aspect is that the model would be as general as the data set is: if the data
set contains little variability, the model would likely fail to predict an out of set example.

6) Depending on the method used, additional information may be needed. For example, in the case of MM,
relevant force fields (FFs, Box 1) are necessary (e.g., for transition metals). This will be discussed further
under the Descriptors section.

7) In practice, ML models are trained on a first set (referred to as training set) and tested on a second
distinct set (testing set), while hyperparameters may be optimized using a third set (validation set). While
simple random splitting is still often used, the similarity between these sets must be monitored and
minimized. If the model memorizes input data (“CHsCOOH: pKa 4.75") rather than learning to predict a
property (e.g., “electronic effects make acetic acid acidic, with a pKa of 4.75"), the model tends to be poorly
predictive (e.g., “CFsCOOH looks like CH;COOH and is predicted to have a pKa of 4.75", as opposed to “the
fluorine inductive effect reduces the pKa to 0.2"). If similar compounds are kept in the testing set,
memorization would still yield a good prediction (“C2HsCOOH looks like CHsCOOH and is predicted to have a
pKa 4.75"). This would lead to an overestimation of the real accuracy of the model.
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157  Available datasets. When MM or QM methods are used, developers often rely on sets of a few dozens of
158  systems to test their methods. However, as more data-intensive ML-based methods become more
159 prevalent, and the need for datasets arises, a few curated datasets have been reported and made available.
160  While these datasets contain information about catalysts/ligands and computed descriptors, the reaction-
161 related information still needs to be manually collected.

162  We have built a non-exhaustive collection of available datasets (see Supporting Information for a detailed
163 breakdown) which may be useful for method developers. We expand on a selection of datasets below:

164 1. Kraken. This database, curated by Gensch et al.?' contains ~300,000 virtual monodentate
165 organophosphorous (lll) ligands for asymmetric catalysis. These ligands were combinatorially
166 enumerated in silico using a set of 1,558 experimental ligands (including commercially available
167 compounds) and 576 unique, diverse substituents. For the set of 1,558 ligands, physicochemical
168 descriptors were calculated on conformer ensembles using QM methods. These descriptors were
169 then used as input for ML models trained to predict the physicochemical profiles of the entire virtual
170 library of 300,000 ligands.
171 2. OSCAR. This dataset of organocatalysts assembled by Gallarati et al.?® is available online (see
172 Supporting Information) and contains 4,000 catalysts collected either from literature or the
173 Cambridge Structural Database (CSD), along with combinatorially enriched sets for carbene
174 catalysts (over 8,000), and non-covalent dual-hydrogen-bond donor catalysts (ca. 1.5 million). All
175 catalysts have QM-computed stereoelectronic descriptors and DFT-optimized structures available.
176 3. VIRTUAL CHEMIST. Upon the publication of the VIRTUAL CHEMIST platform for asymmetric catalysis,
177 Burai-Patrascu et al.?® made available the data collected for the platform validation. These data
178 include experimental conditions and %ee (experimental and computed) for over 350 reactions
179 across 7 reaction classes, involving both transition metal and organocatalysis. The data are
180 available in table format (see Supporting Information in reference 26) and on the research group
181 website (http://www.moitessier-group.ca/) for structures.
182
183
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184 Box 1. A closer look at MM, QM, and ML.

MM. In MM, the molecules are somewhat represented as charged points (atoms) connected by springs (bonds) and interacting
by other means (e.g., angles, torsions, van der Waals, electrostatic) in a 3-dimensional Cartesian space. Because MM does not
consider electrons or nuclei, atoms (and the interactions between them) must be parametrized a priori. These parameters may be
obtained either experimentally (e.g., van der Waals radius of an atom) or from high level QM calculations (e.g., atomic charge,
force constants) and stored in lists termed force fields (FFs). Importantly, in MM, atoms in different chemical environments are
distinguished by introducing the concept of atom types (i.e., an oxygen atom in water vs. in a carbonyl group would have different
atom types), each bearing specific bonding and non-bonding parameters. It is thus important to define the correct atom type for
a system under scrutiny, as the total energy of the system is calculated as a sum of contributions from both bonded and non-
bonded terms. Due to the size of the chemical space - >10%° small organic molecules - the number of possible atom types is
virtually extremely large.®° To make the development of FFs tractable, the number of atom types is limited yet must be accurately
assigned (together with the corresponding parameters) to each atom of any molecule. On the one hand, although the problem of
accurately atom typing every molecule seems problematic, significant efforts have been made to exhaustively assign atom types
to a large number of small molecules.®® On the other hand, others have proposed approaches discarding atom types altogether.*"
92 Thus, the accuracy of MM calculations is strongly impacted by the choice of an FF and the assignment of atom types.

QM. In contrast to MM, QM methods consider both electrons and nuclei. The orbitals required to calculate electronic terms are
described by basis sets. Many different types of basis sets have been developed, and their usage depends on the system under
scrutiny (i.e., metal complexes, organic molecules, etc.). As a rule of thumb, the larger the basis set, the more computationally
expensive the simulations. The explicit treatment of electrons significantly increases the computational cost compared to MM,
due to the resource-intensive computations of electronic integrals. Depending on the desired level of accuracy, significant speed-
ups are possible, either through elegant algorithms for computing electronic integrals (see the ORCA SHARK integral engine®3),
lower-cost semi-empirical (SE) QM methods where some integrals are neglected (e.g., PM6,°* GFN2-XTB®5), composite methods
such as HF-3c/PBEh-3c, or DFT. By far the most popular method is DFT, which has seen a tremendous uptake from organic
chemists. Most often employed to rationalize reaction mechanisms, DFT has more recently been used to try and explain the
reactivity of different types of chemicals (through the conceptual DFT — cDFT - framework). Higher accuracy algorithms such as
Mgller—Plesset (MP) or coupled cluster (CC) are generally reserved for advanced theoretical work and are not commonly employed
in routine organic chemistry simulations. Overall, the accuracy of the calculations is highly dependent on the choice of method
(e.g., MP2, DFT, SE) and basis sets.

ML. ML methods differ significantly from both MM and QM. ML algorithms (and the more interpretable statistical models) aim at
finding and quantifying patterns in vast amounts of data for predicting a given outcome. In chemistry, this outcome can come in
the form of a single number (e.g., pKa, solubility, enantioselectivity), while the data can be in the form of structural data, reaction
data, etc. As a major advantage, ML algorithms are orders of magnitude faster than both MM and QM. In contrast to both QM and
MM, most ML models are “black box”, meaning that the way in which an algorithm arrives at a prediction is unknown, although
explainable artificial intelligence (Al) is emerging. There are multiple flavours of ML: supervised, unsupervised, and reinforcement,
each with their own advantages and disadvantages. For example, supervised learning requires labelled input and output training
data (e.g., catalyst A provides an enantioselectivity of 45 %ee), whereas unsupervised learning deals with raw data. In
reinforcement learning, a feedback loop is employed so that the model can learn from its environment and maximize its correct
predictions. Irrespective of flavour or model, the key ingredients for a predictive ML model are data quality and quantity.
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Descriptors.

Encoding catalysts, substrates and/or TS structures. There are numerous methods through which
molecular complexes and associated information (e.g., solvent, temperature, counter ions) can be
represented numerically. Since enantioselectivity is affected by multiple factors, these representations
usually include a combination of steric, electronic, and geometric information - Box 2.%7:28

In TS-based methods molecules can be represented in several ways, depending on the approach. In MM
methods, molecules are represented by Cartesian coordinates, atom types and/or FF parameters (Box 1).
The challenge is to optimize TS structures when most FFs have been developed for ground structures. To
solve this, specific FFs have been developed (i.e., ReaxFF), while other methods rely on a combination of
ground state reactants and products (i.e., empirical valence bond (EVB)),?® multi configurational molecular
mechanics (MCMM),%%and SEAM?). Although these methods are available to the scientific community at
large, they still require expertise in computational chemistry, scripting, and/or computer environments to
be truly usable in chemistry laboratories. In this context, another two approaches, ACE and Q2MM, were
implemented into user friendly platforms (VIRTUAL CHEMIST and CatVS, Box 3).

In QM methods, molecules are more accurately described than in MM through the usage of atomic and
molecular orbitals to describe atoms in molecules (Box 1). In terms of computational cost and time
requirements, QM calculations are orders of magnitude more costly than MM. However, the major
advantages of QM over MM when it comes to predicting TS structures are 1) the ability to optimize
structures without the need for specific parameters (assuming all the necessary elements - in particular
transition metals - are included in the basis set, see Box 1) and 2) obtaining accurate energies and
geometries that describe the bond breaking/forming process. While some QM methods (i.e., ab initio:
Hartree-Fock or post-Hartree-Fock, DFT) are highly accurate, they can be used effectively for catalyst design
primarily in a post-hoc manner and on a limited number of systems.®? Alternatively, SEQM methods,
although less accurate than the former, are significantly faster and can be envisioned as a useful tool in
prospectively screening libraries of hundreds of potential catalysts due to their relatively low computational
cost. However, the accuracy of SEQM in transition metal catalysis is yet to be demonstrated.3?

In ML-based approaches, the information is usually represented by descriptors (also referred to as
features). Different molecular representations exist (e.g., graph, simplified molecular-input line-entry
system (SMILES)) and are linked with different molecular descriptors.3* Among those are system
descriptors (temperature, concentration, etc.), steric descriptors®® (e.g., Sterimol parameters, average steric
occupancy (ASO), %buried volume), electronic descriptors (e.g., Natural Bond Orbital (NBO)- charges,
polarizability, Frontier Molecular Orbital (FMO)-gap), and geometric descriptors (e.g., bond lengths, dihedral
angles). The latter are often obtained from QM calculations (see Box 2).36

Selection of descriptors and their computation. In TS-based models, descriptors are often chosen to
describe the steric and electronic effects governing the reaction. It is important to note here that these
descriptors generally have chemical meaning. For example, in both QM and MM, electronic descriptors such
as atomic charges and dipole moments may be used to understand catalyst/ligand reactivity.3”: 8
Additionally, more advanced QM descriptors such as local and global reactivity parameters (obtainable in
the cDFT framework - Box 1, see Supporting Information for detailed list of parameters), have often been
used to rationalize the reactivity and selectivity of various chemical series in numerous reaction classes.?°

In the case of statistical or machine learning models, thousands of descriptors may be computed and used
for building the model, especially with the advent of specialized software for computing descriptors.® 41
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However, without carefully choosing only the most important descriptors that significantly contribute to the
prediction, the model is bound to contain a large amount of noise. This affects the accuracy of the
predictions. Indeed, different methods to select descriptors*> 4 (either supervised or unsupervised) have
been developed to address this exact issue. These techniques (for a complete breakdown with examples
see Supporting Information) include filtering methods (selection based on statistical methods like the chi-
squared test), wrapper methods (selection based on a predictive model to generate the best descriptor
combinations), embedded methods (selection is made by learning the importance of each feature during
model training), hybrid methods (combination of filtering and wrapper methods), and dimensionality
reduction techniques (selection of features after dimensionality reduction of the data).** Perhaps the most
widespread method is principal component analysis (PCA), a technique that reduces data dimensions to
fewer components while retaining essential information about its diversity. This allows for simpler
visualization, although interpretation might not always be straightforward.*>

If one of the goals is not only to develop a predictive model, but also to have chemically interpretable
descriptors that can shed light on the mechanism (statistical models), then the descriptor selection
requires additional attention. First, chemical knowledge may be used when selecting these. For example, if
properties profoundly influencing the reaction outcome have been identified experimentally, descriptors of
these properties may be considered. In this case, the ML or statistical model will eventually quantify the
impact of these properties. Unfortunately, irrelevant descriptors may still coincidentally correlate with the
property the model aims to predict, leading to poorly predicting models. Generally, the assumption is that
the different descriptors are independent of each other (as in, the change of one will not influence the
other). However, a counter example can be seen in the work of Werth et al.*¢ on bifunctional hydrogen bond
donor (BHD) catalysts, where the NBO charge of the catalyst was indirectly correlated with the pKa value
via the LUMO energy and a separate steric parameter.

How the descriptors are computed is another fundamental aspect. Many descriptors are conformation-
dependent: descriptors computed only for a single conformer may not adequately represent more flexible
ligands. Should a Boltzmann population average be used instead, a conformational search (hence time)
must be added to the computation. A significant advantage of some available databases (e.g., Kraken and
Oscar described above) is their computed descriptors, which may be used by other model developers.

Number of descriptors. With the help of numerous cheminformatics tools*® #’- 48 thousands of descriptors
can be computed for each model, although the final version of the model will ideally contain less than 10.
While more descriptors are expected to provide a more complete representation of a reaction, they may
also lead to overfitting, a common issue when developing ML or statistical models. As an indication of
overfitting, the model performs well on the training set but poorly on the testing set, hence the need for
significantly dissimilar training and testing sets to detect overtraining. Moreover, not all the descriptors will
have a significant enough influence on the accuracy of the model and will add unnecessary noise. In
general, the simpler the model (i.e., the fewer descriptors), the easier (and faster) it is to train and often the
better (more generalizable) and interpretable the model will be. In practice, many descriptor combinations
are evaluated for model training, and the most predictive set of descriptors is chosen for the final version
of the model. However, a careful evaluation of the relevance of these descriptors should be carried out.
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Box 2. Different types of descriptors/methods are used to describe unique atomic and molecular properties.

Steric parameters. Steric effects play an important role in catalyst reactivity and selectivity. In the context of asymmetric catalysis,
a catalyst may have different substituents, with each substituent taking up a different volume of the space around the reactive
part of the catalyst, influencing the shape, stereoinduction, and reactivity of the catalyst. To account for these effects, descriptors
representing the steric character of the molecule and its substituents have been developed. An important aspect of some steric
parameters is that they are conformation dependent, making the selection of the conformation impactful. In practice, chemists
often rely on C2 symmetrical catalysts (e.g., BINAP) to reduce the conformational space (e.g., the number of possible
conformations, the number of different faces of nucleophilic attack), which in turn simplifies their optimization. Depending on the
system, these descriptors may be calculated for the lowest energy conformer, the catalytically relevant conformer, or as a
Boltzmann-weighted conformation average. Mentioned in text: Sterimol parameters, ASO, %buried volume.

Geometric parameters. In addition to sterics, one can compute descriptors providing information on the 3D shape (geometry) of
the molecule. The geometry of a catalyst affects the selectivity and rate of catalyzed reactions; therefore, the selection of the
conformation is critical. In addition to overall shapes, geometric parameters may also contain information such as bond lengths
or bond-angle and torsion values. Mentioned in text: cone angles.

Electronic parameters. These descriptors aim to represent the electronic properties of the molecule, often of a reactive centre
(e.g., the atoms participating in the reaction) or of a ligand (e.g., a phosphine ligand modulating the reactivity of metal centers). In
organic chemistry, electronic properties describe information such as ability to donate or accept electrons (Lewis basicity and
acidity, respectively), nucleophilicity and electrophilicity, hyperconjugation, and more. Unlike steric and geometric parameters,
electronic parameters are often less influenced by conformation, and they can either be derived from a single (optimized)
conformation or as a Boltzmann-weighted conformational average. Most electronic parameters describe a fragment of the
molecule, such as a substituent or reactive atom, rather than the entire molecule. Mentioned in text: NBO charges, FMO gap.
Empirical parameters. Descriptors do not always have to be computed theoretically. A variety of empirical descriptors can be used
in model development, such as nuclear magnetic resonance (NMR) chemical shifts, NMR 3'P tensors, and infrared (IR) spectrum
frequencies and vibrations.

Interaction Fields. Comparative molecular field analysis (COMFA). A method developed for ligand 3D-QSAR studies in drug
discovery, which has since been implemented in asymmetric catalysis modeling.°® The method aims to correlate reaction
outcomes to molecular fields described by the steric and electronic properties of a molecule. To achieve this, molecules are first
aligned and then placed in a three-dimensional energy grid. A probe atom is then added at strategic points on this grid and the
interaction energy (Van der Waals and electrostatic) between the molecules and the probe atom is calculated at each grid point.
These energies are the descriptors that input into regression models, most often partial least squares (PLS), which correlate
catalytic activity/enantioselectivity with the computed descriptors.®”. %8

Comparative molecular similarity indices analysis (CoMSIA). CoMSIA is a 3D-QSAR method developed as a natural extension of
CoMFA by including molecular similarity in the computation of the molecular fields. In addition to the steric and electronic
parameters captured by CoMFA, CoMSIA also includes a hydrophobicity term. The calculation of descriptors is then performed in
a similar manner to CoMFA.

Sterimol parameters Average steric occupancy Nuclear magnetic resonance (NMR)
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Models.

Unknown mechanism/stereoselective step (statistical and ML models). Modeling enantioselectivity for
reactions and catalysts with unknown mechanisms relies on quantitative structure-selectivity relationships
(QSSR), where statistical models can be used to correlate enantioselectivity to the structure of the catalyst
and reaction components.**%T In addition to these, the field has evolved to also incorporate ML methods
for the development of predictive models.5? 5 While sometimes used interchangeably in the scientific
literature, statistical and ML models are in fact distinct. Statistical models are derived from the whole data
(where statistical relevance is measured), while ML models are trained and tested on separate sets.
Additionally, statistical models are often more interpretable than ML models.

Depending on the desired outcome, different methods can be used to relate the catalyst (and substrate, in
some cases) structure to enantioselectivity. For example, Sigman and co-workers have been developing
statistical models based on linear free energy relationships (LFER), where they aim to achieve both an
increase in prediction accuracy as well as an intuitive understanding of the potential mechanism.5" % This
type of model aims to find a linear correlation between a variable and free energy, which in asymmetric
catalysis is often the energy difference between the diastereomeric TSs (AAG¥). Since stereoselectivity is
dependent on multiple variables, the model would usually be a multivariate linear regression (MLR). The
input would be the numerical representations of the reaction components (descriptors), and the output
would be the free energy difference.5? % These models have been successfully applied on several metal
catalyzed reactions such as the Pd-catalyzed enantioselective aryl-carbonylation of sulfonimidamides,®®
Pd-catalyzed Hayashi-Heck reaction,®” Negishi coupling,’® and different Pd- and Ni-catalyzed cross-
coupling reactions.>® Additionally, they have been applied to organocatalyzed reactions including the
Mannich reaction,*® chiral phosphoric acid catalyzed nucleophilic addition to iminiums,'” € 67 HBD
catalyzed addition of nucleophiles to nitro alkenes,*® and others.>* %5

A different type of model used successfully in asymmetric catalysis is support vector regression (SVR).
With such an ML algorithm, the data may be correlated to the energy difference (enantioselectivity). In SVR
the data points are correlated by a linear line, or a higher dimension curve, within a predetermined margin.
The goal of the model is to identify the line that fits most data points which falls within a predetermined
margin (prediction error).62%4 Such models have been successfully applied to organocatalyzed reactions
such as the chiral phosphoric acid catalyzed thiol-nucleophiles addition to imines.®®

The major difference between MLR and SVR is that SVR does not have an underlying assumption of a linear
relationship between the data points (descriptors) and the outcome (enantioselectivity), and therefore, can
be more suitable for modeling complex reactions. On the other hand, MLR can be more informative for the
interpretation of the influence of each descriptor (e.g., catalyst structure, solvent, temperature), as the
coefficients also contribute to their weight of influence. An SVR model is used for predicting an outcome,
and the model itself, often used as a black box, is not easily interpreted. Each model has its strengths and
weaknesses, and they are used based on the main goals of the modeling project as well as the existing
data. It is worth noting that other regression models such as kernel ridge and partial least squares (PLS,
also referred to as projection to latent structures) have also been used.%3 6567

Once a predictive model has been developed and tested, it should then be adopted by organic chemists. As
the field remains in its infancy, most published ML models and methods are only made available in the form
of scripts and methodologies. However, there is no available user-friendly package that can be used or
models that can easily be trained for novel reactions by organic chemists with minimal expertise in
computer science, although this may soon change.%8
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Using knowledge of potential TS structures (mechanism-based approach). When a hypothesis exists for
the diastereomeric TSs of the stereoselective step, these TSs may be modeled and used directly to extract
the energy difference between the diastereomeric TSs (AAG*), and consequently to compute selectivity.
Although many methods to model TSs exist, this review is not meant to be exhaustive and will focus on the
most recent and advanced methods available, as well as their applications to stereoselectivity predictions.

For more detailed information on TS modeling for the prediction of enantioselectivity, we refer the readers
to previous reviews.5%71

Calculating the stereoselectivity from the energy difference AAG* assumes that the reaction is under Curtin-

Hammett control (Figure 3). Simply put, the product ratio (e.g., R:S) reflects the energy difference between
the two competing and irreversible diastereomeric TSs (i.e., AAGY).

A
G
I‘ =
AAGE
J':‘ 1\
/o |
L \
1’ 1 ‘\
I AGE |
J 3 AGt '
J'l/ : I 1
3 : \
S+ S+ {f i ‘\
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i P(R) P(S)
—

Reaction Coordinate

Figure 3. Curtin-Hammett principle in the context of asymmetric catalysis. C: catalyst, S: substrate, P: product, either

R or S enantiomer. S+C(S) and S+C(R) are the catalyst substrate complexes leading to either the S or the R product,
respectively.

Since the difference in AAG* between a moderately selective catalyst (~80 %ee) and an excellent catalyst
(>97 %ee) is about 1 kcal/mol, there is a requirement for the methods to be accurate enough to be able to
distinguish between them. Hence, a prediction error within 1 kcal/mol is targeted. While high level
calculations may fulfill this criterion, an objective is to obtain predictions quicker than experimental data
and using less expensive equipment. Unfortunately, the most accurate methods for modelling TSs (e.qg.,
MP2, DFT) are demanding in both computational resources and time. It follows that they can hardly
compete with high throughput experimentation which provides true data (not predictions) in a time-efficient
manner. As a result, these high-level calculation methods are primarily used to investigate reactions post
facto rather than for designing novel catalysts.”? Thus, faster alternative methods are necessary.

The energy difference can be calculated from single, lowest lying conformers for each diastereomeric TS
identified using a conformational search algorithm.”® Alternatively, multiple thermally accessible
conformations, and their Boltzmann population distribution, can be used to obtain the energy difference. In
both cases, the challenge of TS structure-based approaches is to identify and optimize all potential
diastereomeric TSs of the reaction under investigation. In practice, the simplicity of the Curtin-Hammet
principle is overshadowed by the number of possible TS conformations, or reactions for which multiple
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steps could be rate-determining, or for which multiple competing mechanisms leading to opposite
enantiomeric products exist.”* For these methods to be user-friendly, an automated conformational search
algorithm is needed.

Automated conformational sampling of TSs lies at the heart of tools like VIRTUAL CHEMIST/ACE,
CatVS/Q2MM, QChASM/AARON (Quantum Chemistry Automation and Structure Manipulation/An
Automated Reaction Optimizer for New catalysts),”> 7® or the chemical steering wheel.”” VIRTUAL
CHEMIST/ACE, developed in our research group, is a self-contained, graphics user interface (GUI)-based
asymmetric catalyst design platform.?® Designed with a chemist’s needs in mind, the underlying MM
methodology has been thoroughly tested on seven widespread metal and organocatalyzed reactions, with
an overall accuracy of ~ 1 kcal/mol (Box 3). To note, VIRTUAL CHEMIST was also applied to several scenarios
that an experimental chemist might face in his project: one-by-one catalyst design, screening a library of
catalysts, catalyst lead optimization through analogue search (detailed in the Evaluation of the Models,
Methods, and Applications section), and identifying the substrate scope of a known catalyst, with
demonstrated advantages over traditional asymmetric catalyst design.

A similar asymmetric catalyst design platform is CatVS/Q2MM (Box 3), primarily focused on
organometallic catalysts. Like VIRTUAL CHEMIST/ACE, CatVS/Q2MM is an MM-based method and was first
benchmarked on known metal-catalyzed reactions (see Box 3), followed by its application in a “real-world”
scenario, which yielded stereoselective ligands for the Rh-catalysed asymmetric hydrogenation of
enamides (discussed in more detail in the Evaluation of the Models, Methods, and Applications section).
Unlike VIRTUAL CHEMIST, the free version of CatVS does not include an interface and the calculations must
be run from the command line environment.

Apart from VIRTUAL CHEMIST and CatVS, another virtual platform for catalyst design is QChASM/AARON
(Box 3). Contrary to both VIRTUAL CHEMIST and CatVS, QChASM/AARON is an interface to various open-
source tools for structural manipulation, TS search and optimization, as well as free energy calculations for
%ee determination. While VIRTUAL CHEMIST and CatVS are primarily based on MM, the geometry optimization
and energy calculations available through the QChASM/AARON interface are based on QM methods (either
SEQM or DFT) accessible through software such as Gaussian,”® Psi4,”® or ORCA.8° QChASM employs a GUI
plugin for the Chimera visualizer,®' which benefits experimental chemists with little to no expertise in
command line environments.
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Box 3. Computational platforms for asymmetric catalyst design.

Asymmetric Catalyst Evaluation (Ace). ACE is an MM-based software that predicts the stereochemical outcome of asymmetric
reactions by modeling the relevant TSs of ligand/substrate/catalyst systems. The stereoinducing step for these reactions must
be known a priori. Part of the larger VIRTUAL CHEMIST platform for asymmetric catalyst design, AcE is built on two fundamental
organic chemistry principles: 1) the Hammond-Leffler postulate and 2) the Curtin-Hammett principle. The TSs are built in
accordance with principle 1) (i.e., the TS is most similar to the species to which it is closest in energy, either reactants or products,
hence is a linear combination of reactant and product structures), while the enantiomeric excess is calculated according to
principle 2) (i.e., the %ee is determined according to the difference in energies between diastereomeric TSs). The preferred
stereoisomers are determined through a genetic algorithm that efficiently samples the conformational space around the
ligand/substrate/catalyst system. ACE has been successfully tested on seven organo- and metal-catalyzed reactions commonly
employed in asymmetric synthesis: Diels-Alder cycloaddition (with chiral auxiliaries and organocatalysts), Aldol reaction, Shi
epoxidation, OsOs-based dihydroxylation of alkenes, ZnEt.-addition to aldehydes, and Rh-catalyzed hydrogenation of enamides,
achieving accuracies of ~ 1 kcal/mol compared to experimental values.?®

Quantum-guided molecular mechanics (Q2MM). Q2MM is an MM-based methodology that uses automated FF parametrization
to describe TSs and predict the outcome of stereochemical reactions. Similar to ACE, Q2MM is part of a larger catalyst design
platform called CatVS. To date, CatVS/Q2MM has been primarily employed for organometallic catalysis, with the tested reactions
involving Rh-catalyzed hydrogenation of enamides, OsO4 dihydroxylation of alkenes, ZnEt,-addition to aldehydes, Pd-catalyzed
allylation, asymmetric redox-relay Heck reaction, and Ru-catalyzed hydrogenation of ketones.8.9%.1% The FFs generated by Q2MM
are reaction-specific and are known as TSFFs. Similar to ACE, the stereoinducing step must be known a priori. However, in contrast
to ACE, Q2MM relies on reference data for a training set of model TSs that is subjected to QM calculations to determine the
necessary parameters for FF parametrization. The uniqueness of Q2MM relies on the usage of the QM-derived Hessian matrix
(i.e., the variations in energy with respect to geometry changes) to fit TSFF force constants for bonded parameters. Once the TSFF
has been generated and validated for a reaction, Monte Carlo (MC) conformational searches are employed to find the relevant TSs
and stereoisomers. The %ee’s are calculated by Boltzmann-averaging the relative energies of the identified conformations. Q2MM
has been tested on four metal-catalyzed reactions, achieving correlation coefficients between 0.8-0.9 between predicted and
experimental data.

An Automated Reaction Optimizer for New catalysts (AARON). In contrast to both AcE and Q2MM, AARON is an open-source
framework that interfaces various tools for structural manipulation, TS searches, and energy calculations. However, like Ace and
Q2MM, AARON is part of a larger toolkit named QChASM. Designed with ease-of-use in mind, AARON uses a library of TS
templates to construct TSs of novel ligand/substrate/catalyst systems, followed by TS optimization at a desired level of theory
(semiempirical methods or DFT). Once the TSs have been located, conformational sampling is performed using a rule-based
methodology that accounts for the torsional preferences of each substituent. These conformers are then subjected to
thermochemistry calculations to obtain free energies, which are Boltzmann-averaged over the populations of conformers leading
to specific enantiomers to predict the %ee. Representative applications of AARON include Pd-catalyzed Heck allenylation, Rh-
catalyzed hydrogenation of enamides, and the Lewis-base promoted propargylation of aromatic aldehydes.

Evaluation of the Models, Methods, and Applications

This section is not meant to be exhaustive but, rather, to illustrate different uses of these methods.

Catalyst design. The use of computers for asymmetric catalyst design has been a very promising field for
two decades. For example, as early as 2003, Kozlowski and co-workers developed a model based on
interaction fields (see Box 2) for dialkylzinc addition to aldehydes catalyzed by B-amino alcohols and
applied it to identify novel catalysts.®? However, unexpectedly, twenty years later, while more validated
methods are now available to the organic chemistry community, the applications to new catalysts design
by groups other than the developers are still scarce.

A representative example of catalyst design is the application of CatVS to the investigation and discovery
of novel catalysts.?® TSFFs for several reactions including asymmetric dihydroxylation and rhodium-
catalyzed asymmetric hydrogenation had previously been developed using Q2MM.# When Q2MM was
integrated into CatVS, real-world case studies were carried out. Prediction of the (DHQD)2PHAL-catalyzed
dihydroxylation of a dozen substrates revealed a mean unsigned error of about 0.6 kcal/mol, while the
screening of rhodium ligands for Rh-catalyzed asymmetric hydrogenation of enamides was also
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performed. Remarkably, CatVS/Q2MM was able to distinguish between highly stereoselective and poorly
stereoselective ligands. For one substrate, the four most stereoselective ligands were among the top 5
predictions. Interestingly, the use of implicit solvent was not found to improve the accuracy, in line with
what was observed with Ace.”®

Stereoselectivity and catalytic activity optimization. A key aspect of reaction optimization is tuning the
enantioselectivity without compromising reactivity. This is especially important in the synthesis of active
pharmaceutical ingredients (APIs), as the final product has strict purity requirements. For this reason, high
yields of the desired product with low catalyst loading are of significance. An interesting application of this
concept has been developed by Dotson et al.,” who designed a computational workflow to fine-tune
enantioselectivity while simultaneously accounting for catalyst/ligand reactivity in two metal-catalyzed
reactions: 1) Pd-catalyzed Hayashi-Heck and 2) Rh-catalyzed alkene hydroformylation. These reactions use
chiral bisphosphine ligands and are pharmaceutically relevant due to their use in the synthesis of a transient
receptor potential ankyrin 1 (TRPA1) antagonist (Figure 4A, Compound 20).84

The Dotson workflow began with assembling a set of over 550 chiral bisphosphine ligands, for which steric,
electronic, and geometric descriptors were calculated with QM. For each reaction, a subset of ligands was
selected for experiments to determine the regio-, enantioselectivity, and reaction yields/conversion. The
latter was used to discriminate between reactive and unreactive complexes using two classification
algorithms: a) a single-node decision tree for reaction 1)°® and b) a logistic regression classification
algorithm for reaction 2). Consequently, for each reaction, the descriptors and associated experimental
data of the reactive complexes were used to train a reaction/metal-agnostic MLR model capable of
correlating input data to regio- and enantioselectivity. To verify whether the workflow can be used to
prospectively screen for high conversion/high enantioselectivity ligands, the last step involved a virtual
screen on the database of ligands not involved in training of the classification or MLR models. Applying the
developed classification and MLR models on this database led to the identification of several ligands with
excellent experimental conversion and enantioselectivity (Figure 4A).
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Similar to Dotson et al., Rinehart et al. developed a model to predict enantioselectivity, with a focus on the
chiral phosphoric acid (CPA) catalyzed thiol nucleophilic addition to imines.5% The goals of this work were
to 1) describe the components of the reactions using descriptors that are agnostic to the mechanism and
2) develop a predictive SVR model without an assumption of a shared mechanism between the different
data points. The final model related the catalyst structure to its function (enantioselectivity), in any reaction
catalyzed by the input catalyst scaffold.

For this reason, the descriptors of choice were ASO for the portrayal of steric information, and ESPmax for
the electronic information.™® %385 These descriptors are more abstract than the ones commonly used when
building an MLR model (e.g., NBO charges, cone angles). However, the emphasis of this work is on
descriptors that have been previously shown to work well,®> as opposed to exploring a wide range of
descriptors that relate to the reaction mechanism. Therefore, the choice of an SVR model was also
appropriate. As mentioned in the section Models, the descriptors appearing in the final SVR model cannot
generally be used to gain insights into the reaction mechanism and the factors that influence
enantioselectivity. Thus, there is no underlying assumption of a shared mechanism/stereoselective step.
Once the descriptor library was ready, the next step in the workflow was the use of an algorithm to divide
the dataset into training and testing sets, as the more diverse the data the model is trained on, the more
likely it is to be transferable to new data points. The training set, termed a universal training set (UTS),
represents the variability of the chemical space of the full library.5°

With a library of 1,075 unique reactions consisting of 43 chiral phosphoric acids, 5 thiol nucleophiles, and
5 imine electrophiles (25 possible products) the bulk of the work consisted of developing and testing
different descriptor combinations (steric and electronic) with different models, as well as developing the
algorithm for training set selection. Eventually the best performing model and descriptors (SVR with ASO
and ESPuax) were chosen. Interestingly, Rinehart et al demonstrated the ability of the model to predict highly
enantioselective catalysts, even when the training set consists of data points of 80 %ee or less. This is a
significant achievement, as most asymmetric catalyst developments start with only lower selectivity
catalysts.

The last representative example we shall discuss in this sub-section was described by our research group
during the validation of VIRTUAL CHEMIST.?® In this example, we replicated in silico the excellent experimental
study by Gerosa et al.?¢ that aimed to identify selective chiral pyrrolidines as organocatalysts for the Diels-
Alder cycloaddition. In this report, 22 catalysts were synthesized and tested for their ability to catalyze the
Diels-Alder cycloaddition between (E)-cinnamaldehyde and cyclopentadiene. The preparation of these
potential levoglucosenone-derived organocatalysts required complex synthesis, separation, and
characterization of stereoisomers. We developed a workflow using the modular workflow interface in
VIRTUAL CHEMIST to simulate the entire process including the 1) parallel synthesis of a small library (ca.
500+) of these organocatalysts, including the ones tested by Gerosa et al. and 2) evaluation of the induced
stereoselectivities. We demonstrated that VIRTUAL CHEMIST not only reproduced the process successfully
within just a few days, but accurately identified the most stereoselective catalysts determined
experimentally.

Guiding asymmetric synthesis. An important aspect about model development is its transferability to out-
of-set reaction components, and most importantly the application of the model for a synthesis project. The
work by Betinol et al.,%° exemplifies this scenario, by demonstrating how previously developed statistical
models can be extrapolated to structurally diverse substrates. Four goals were set at the onset of this
research project: 1) application of an existing model to the synthesis of complex scaffolds; 2) application
to the synthesis of a natural product; 3) preferred catalyst for a given reaction; 4) preferred route (reaction

17

https://doi.org/10.26434/chemrxiv-2023-t29k7 ORCID: https://orcid.org/0000-0001-6933-2079 Content not peer-reviewed by ChemRxiv. License: CC BY 4.0


https://doi.org/10.26434/chemrxiv-2023-t29k7
https://orcid.org/0000-0001-6933-2079
https://creativecommons.org/licenses/by/4.0/

460
461
462
463
464
465
466
467

468
469

470
471
472
473
474

type) for the synthesis of a given product. For Goal #1 Betinol et al. investigated the CPA catalyzed
nucleophilic addition to iminiums.’ 87 The model was tested on three reported reactions for the
functionalization of indoles (as relevant scaffolds for biological compounds) that are catalyzed by CPAs.
Importantly, these three reactions are not represented in the training set. Nonetheless, the model was able
to predict the enantioselectivity with excellent accuracies (average errors between 0.29-0.54 kcal/mol).
Next, for Goal #2 Betinol et al. tested a model designed for secondary amine catalyzed reactions,®” and
demonstrated the transferability of their model to new reactions with more complicated conditions that
were not represented in their training set.

1) Synthesis of complex scaffolds

HN/COan 1. Na,S0O,4, CPA1 (10 mol%),

OH DCM, RT
+
o )\©\ 2. HyO0"
H R

average error (13 examples) 90-96 %ee observed
statistical model = 0.29 kcal/mol 86-90 %ee predicted

2) Synthesis of a natural product

NHBoc (+)-minifiensine
[0} Me
7~ \ OH N/
o) SMe Amine1 (15 mol%)
/ + N / O -NBoc we N)"“Bu
V4 N Et,0, -50 °C, NaBH,, N SMe H .
bvis CeCl;, MeOH Yus OO
96 %ee pbserved Amine1
98 %ee predicted

A via:

3) Preferred catalyst for the same transformation 4) Preferred route for the Et _~_-OH

same product H
O\N
o Ho conditions A or B Ph P Et A~ ° conditions A or B or l Eta_~_-OH
B _—
Pha~® + "Ogm, 5 PH, H
B via: OH
EtWO
conditions A conditions B conditions A K7 conditions B
1.
FsC FaC
F;C

CFy CF3 CFy
CF3 CF,
O 10 mol%
N 10 mol%

OTMS

OTMS
OTMS Ph CFs CF3
CFy CF3 N=" PhCO,H, toluene, 4 °C
nd HOOH, DCM, RT
DCM, RT dioxane, 35 °C 2. NaBH,, methanol
94 %ee predicted 91 %ee predicted 95 %ee predicted 95 %ee predicted
93 %ee observed 91 %ee observed 95 %ee observed 96 %ee observed

Figure 5. Betinol and co-workers’ work on the application of existing models to different scenarios.

With both models successfully extrapolated to more complex reactions, Betinol et al. moved on to goals #3
and #4. Selecting the optimal catalyst for a given reaction (Goal #3) was tested on the asymmetric
epoxidation of cinnamaldehyde, while selecting the optimal catalyst to synthesize a product (Goal #4) was
evaluated on the synthesis of diols via two different pathways. The results of both studies were highly
encouraging, with predictions being within 1 %ee of experimental results.
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Conclusions and Perspectives

With the advancement of methods and algorithms for predicting catalyst enantioselectivities,
computational asymmetric catalysis is a ripe area for further research. In general, the different approaches
used to predict these enantioselectivities are broadly distinguished as ones where the mechanism is
unknown (statistical models and ML), and ones where TS information for the enantioselective step is
(partially) known (QM, MM). Regrettably, the field still requires some understanding of the underlying
computational methods and theory before being adopted integrally by experimentalists. Consequently,
practical applications of these methods are yet to come. This situation leads most organic chemistry
laboratories to continue with employing the conventional, albeit laborious and time-intensive technique of
stepwise optimization. As computational methods continue to evolve and their accessibility improves, we
envision a future where these tools will be completely integrated in the toolbox of experimentalists, and
where the trained models or platforms will be able to improve the discovery rate and unveil new insights in
asymmetric catalysis.

With the help of high-throughput experimentation (HTE) for asymmetric catalysis, reproducibility and
reliability of data will increase and facilitate the development and integration of predictive computational
tools. Automated HTE systems have played a crucial role in accelerating catalyst screening processes,
generating vast datasets for diverse reaction conditions.® Integrating computational models, as we have
described throughout this review, alongside high-throughput screening will not only help overcome
limitations related to the number of variables that can be tested (temperature, solvent etc.), but will also
contribute to the generalization and robustness of the models developed on datasets gathered under the
same experimental conditions. This intersection of automated experimental and computational
approaches can then enhance the global efficiency of asymmetric catalysis research, leading to more
accurate catalyst design strategies and predictive models.

Supporting Information

Commonly computed descriptors in the conceptual DFT framework (Table S1). Examples of methods to
selected features for training ML models (Table S2). A list of available datasets for asymmetric catalysis,
curated from the literature (Excel format).
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