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a Computational approaches for understanding and predicting enantioselectivity in asymmetric catalysis

Mechanism-guided approach

Mechanism-agnostic approach
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Difficulty: use DFT to predict enantioselectivity B MLR (multivariate linear regression)
1. Small energy difference

2. Conformers

3. Competing and off-cycle pathway

=

Need DFT level results to train

Different mechanism (different enantio-ds)

Descriptor can’t describe cat-sub interactions

Sparse data (one ligand-multi subs / multi ligands-one sub)
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b MLR for asymmetric Ni-catalyzed cross-electrophile coupling (XEC)
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increasing catalytic relevance, increasing computational cost

Different sub needs different ligand to control ee

The goal of this work is to maximize useful
information extracted from sparse data,
especially for emerging reactions where only
limited data are available. And can also used
for other reactions with same mechanism
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Results—Computational workflow and benchmarking

steric and electonic descriptors
(min, low E, Boltz., max)

transition state templates

® A

MOLASSEMBLER . ORCA :
(graph-based) E spGFN2-xTB PCM/wB97X-3c e.g., Sterimol, spin density, %V, , ...

generate library
of transition states

conformer : full TS filtering and descriptors
ensembles : optimization single-point energy calculation

a AaronTools: WIREs Comput. Mol. Sci. 11, e1510 (2021).

® Molassembler: J. Chem. Inf. Model. 60, 3884—-3900 (2020).

2a A script to use xtb-gaussian, hiips://github.com/aspuru-guzik-group/xtb-gaussian.
26 MARC: J. Phys. Chem. Lett. 15, 73637370 (2024).

2¢ Get Properties and Jupyter notebook: Digit. Discov. 4, 222—-233 (2025).

N,N-ligands
library

Get 756 parameters
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Outer training-validation and test folds: performance assessment

4-fold CV, repeated 5 times: 20 outer-fold champion models

test fold 1, repeat 1 training-validation fold 1, repeat 1

f—

training-validation fold 4, repeat 1

test fold 4, repeat 1

validation fold 1,

Tepeat] train fold 1, repeat 1

train fold 5, repeat 1

validation fold 5,
repeat 1

Inner training and validation folds: feature selection
5-fold CV, repeated 10 times: 50 inner-folds

Figure S3. Repeated, stratified, nested £-fold CV scheme.

Good for sparse data
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a Traditional workflow for reaction optimization

optimization of

data reported:
multiple substrates
x single L*

substrate scope
selection

reaction scope

“model system”
reaction
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L1 60 45 ._X

L2 30 63

L3 90 95 ._ A

P e T T

data-science “ideal” data reported:
guided reaction each substrate matched
scope evaluation with optimal L*

virtual screen:
substrates x L*
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b Test case for proposed workflow

@ reaction optimization

optimal conditions
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d Using ensemble models for virtual screening of unseen chiral ligands
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a Data set curation
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AB--C
DEF---G

LORO
leave-one-reaction-out

b Modeling results and feature analysis

C Experimental validation of Model 2
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Unseen ligand Use DEFG --- H

d Out-of-sample predictions on unseen substrate and ligand type
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Bayesian optimization:

a sequential strategy uses a
probabilistic model to efficiently
identify optimal conditions with

as few experiments as
possible.

GPR:

a probabilistic  regression

method that predicts both the
expected value and the
uncertainty of a target, making
it well suited for Bayesian
optimization with sparse data.

SHAP:

a model-interpretation method
that quantifies how much each
feature contributes to a
prediction.

UMAP

a Rapid identification of selective ligands using Bayesian optimization
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b Feature importance using SHAP analysis
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We have developed a workflow to predict the enantioselectivity of Ni-catalyzed C(sp?)-
couplings where multiple reaction components are varied simultaneously using only sparse
data for training. Parametrizing regression models with descriptors extracted from catalytically
relevant structures increases the models’ accuracy and domain of applicability. Owing to the
mechanistic complexity of Ni-catalyzed C(sp®)-couplings, the input representation is large,
which makes identifying the most important descriptors challenging. We have addressed this
problem via repeated, nested k-fold cross-validation and ensemble modeling, but less expensive
approaches are still desired. The low-cost, mechanism-informed features obtained via our
workflow allowed us to identify optimal catalyst—substrate combinations and make accurate
predictions on out-of-sample ligand and substrate classes. The added value of this approach is
that limited data of known reactions may be used to train models applicable to unknown
transformations. While we envision it will facilitate the development of transfer learning
approaches for the discovery of novel synthetic methods, alternative solutions to extract
detailed mechanistic information and unambiguously identify the nature of the
enantiodetermining step for a given combination of ligand and substrates will further expand
the scope of this workflow.

Sparse data prediction and useful methods

Workflow
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