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Introduction

Difficulty: use DFT to predict enantioselectivity
1. Small energy difference
2. Conformers
3. Competing and off-cycle pathway

MLR (multivariate linear regression)

Different mechanism (different enantio-ds)

Descriptor can’t describe cat-sub interactions

Need DFT level results to train

Sparse data (one ligand-multi subs / multi ligands-one sub)
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Introduction

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



2. Results
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Results––Computational workflow and benchmarking

1a AaronTools: WIREs Comput. Mol. Sci. 11, e1510 (2021).
1b Molassembler: J. Chem. Inf. Model. 60, 3884–3900 (2020).
2a A script to use xtb-gaussian, https://github.com/aspuru-guzik-group/xtb-gaussian.
2b MARC: J. Phys. Chem. Lett. 15, 7363–7370 (2024).
2c Get Properties and Jupyter notebook: Digit. Discov. 4, 222–233 (2025).

Get 756 parameters

https://github.com/aspuru-guzik-group/xtb-gaussian


Results––Computational workflow and benchmarking



Results––5 x 2 CV test

Good for sparse data



Results––Case study 1



Results––Case study 1

OOS
Out-of-Sample

SISSO
Sure 
Independence 
Screening and 
Sparsifying 
Operator

White-box,

 good for 
sparse data

give a formula



Results––Case study 1

From 74% to 85% ee



Results––Case study 2



Results––Case study 2

LORO
leave-one-reaction-out

D
Different sub

G

A B --- C
D E F --- G



Results––Case study 2

Unseen ligand    Use DEFG --- H



Results––Case study 3
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
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Summary

Sparse data prediction and useful methods

Workflow



Thank You
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