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Hydrogenation with 3D Structure-Based Deep Learning

Nicholas Hadler,! Evelyn Ramirez,' Matthew Avaylon,?> Masha Elkin,! N. Ian Rinehart,!* Michael W. Mahoney,>**
Gunther H. Weber,? Joscha Hoche,® Jan Gerit Brandenburg,® Talita Perciano,>* and John F. Hartwig!>*

! Department of Chemistry, University of California, Berkeley, CA, United States.
2 Scientific Data Division, Lawrence Berkeley National Laboratory, CA, United States.

3 Division of Chemical Sciences, Lawrence Berkeley National Laboratory, CA, United States.

4 International Computer Science Institute, CA, United States.

3 Department of Statistics, University of California, Berkeley, CA, United States.

¢Merck KGaA, Frankfurter Str, Darmstadt, Germany.

ABSTRACT: We report machine-learning (ML) models that
predict with high accuracy the enantioselectivity of ketone
hydrogenation with Noyori-type diphosphine-diamine catalysts.
To mitigate bias in published data, we combined a dataset curated
from the literature with >1,000 examples from our own high-
throughput experimentation. We demonstrate that 3D graph neural
networks, trained on 3D representations derived from the
enantiodetermining transition state, outperform models based on
2D-graphs, molecular fingerprints, and descriptors derived from
semiempirical quantum calculations. These results indicate that
models trained on 3D structural representations that reflect
catalyst-substrate interactions relevant to enantioselectivity can
accurately extrapolate to structures distinct from those in the
training set.

The enantioselective hydrogenation of ketones is a valuable
transformation catalyzed by organometallic complexes,'™ and
is now widely used in both academic and industrial synthesis.’
Noyori-type ruthenium(II) complexes containing a diphosphine
ligand, a diamine ligand, and two trans chlorides often catalyze
the hydrogenation of unfunctionalized ketones with high
enantioselectivity, chemoselectivity, and functional-group
tolerance.

Enantioselective hydrogenations with Noyori’s catalysts
generally proceed by a metal-ligand bifunctional mechanism,
in which a metal hydride and the N-H group of the diamine
directly participate in the stereodetermining, outer-sphere
addition of hydride to the substrate (Figure 1).°'° These
catalyst—substrate interactions strongly influence
enantioselectivity, and no universal catalyst exists. Achieving
the highest selectivity typically requires varying both the
diphosphine and diamine ligands. Thus, identifying the most
active and selective catalyst in this family for hydrogenation of
a specific ketone is often time- and resource-intensive.

We envisioned that machine learning (ML) could help
identify the optimal combination of diphosphine and diamine
for a specific ketone. Prior work on predicting
enantioselectivity with Noyori-type catalysts by computation
has been limited to studies by Norrby!! in 2014, who reported a
bespoke force-field parameterized on seven transition-states

and validated on thirteen literature reactions, and by Lei'?

2016, who used comparative molecular field analysis to predict
enantioselectivity of five reactions after training a model on 20
literature reactions. More generally, methods for predicting
enantioselectivity have used multivariate linear regression'*"
and ML models trained on fingerprint-,*>2* descriptor-,>*

voxel-,**4 transition-state,*' and graph-based
representations.*’ >3
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Figure 1: Mechanism of Ru-catalyzed asymmetric hydrogenation
of ketones with Noyori-type catalysts.

For ML to guide catalyst selection, the models must be
accurate for reactions of a diverse set of substrate—catalyst pairs



and remain accurate when applied to structures distinct from
those in the training set. The large diversity of published
catalysts and substrates for ketone hydrogenation makes the
enantioselectivity obtained with Noyori-type catalysts a
suitable yardstick for a model’s ability to predict
stereoselectivity in homogeneous, transition-metal catalysis.

The preponderance of high enantioselectivity in reported
examples™ leads to the well appreciated overrepresentation of
catalysts that are highly active or selective, or both. Thus,
models trained solely on published data fail to learn what leads
to low activity or selectivity, and they often incorrectly predict
the outcomes of reactions comprising substrates or catalysts that
are structurally distinct from those represented in the training
set. This issue was underscored by Kumar in 2023% with a
dataset of ester hydrogenations collated from the literature.

Recently, our group reported the use of 3D graph neural
networks (3D-GNNs) trained on catalytic intermediates to
predict the regioselectivity of the hydroformylation of terminal
olefins.*® Building on this strategy, we sought to determine
whether structure-based deep learning could predict
enantioselectivity controlled by a single transition-state and
whether a 3D representation of this enantiodetermining
transition-state would lead to more accurate predictions than
approaches followed previously.

We report ML models, based on 3D representations of the
transition-state, that predict enantioselectivity for the
asymmetric hydrogenation of ketones with high accuracy. To
train these models, we curated a dataset of published results
and, to address the scarcity of low and moderate
enantioselectivities, obtained >1,000 datapoints with a variety
of catalysts and substrates by high-throughput experimentation
(HTE). We compared several state-of-the-art ML methods
using train—test splits designed to evaluate both model
interpolation and extrapolation and found that our model based
on 3D-GNN representations of the enantiodetermining
transition-state consistently outperformed models based on 2D-
graphs, molecular fingerprints, and descriptors derived from
semiempirical quantum calculations.

To begin, we curated a dataset comprising published results
on the asymmetric hydrogenation of aryl ketones catalyzed by
Noyori-type ruthenium(Il) complexes bearing a diphosphine
ligand and a diamine ligand. Each paper and its Supporting
Information were inspected, and data tables were collated
manually. Each reaction in the dataset included only a ketone,
a ruthenium complex, a bidentate organophosphine ligand, a
bidentate amine ligand, base, solvent, and hydrogen gas.
Reactions not meeting this criterion were excluded. Reported
enantioselectivities were rounded to the third decimal place and
transformed into the corresponding absolute free-energy
difference between the transition-states leading to the
enantiomeric products (AAG¥, kcal/mol) calculated from the
reported reaction temperature. The resulting curated dataset was
derived from 33 papers describing 725 reactions that encompass
163 unique catalysts and 249 unique substrates.

The set of reactions from the literature contained a
disproportionate  number of examples with  high
enantioselectivity (Figure 2A); over half of the reported
reactions occurred with enantioselectivities above 90%.
Although skewed, such datasets do offer advantages because
they often include a broader range of structures by including
molecules that are not commercially available or readily
prepared. Rather than discarding these training examples, we
followed a synergistic strategy that combined data from the
literature with data generated by HTE in our laboratory and

deliberately designed to sample reactions that occur with low to
moderate enantioselectivity.

We constructed a library of Noyori-type catalysts by
systematically varying commercially available diphosphines
(P-P) and diamines (N-N) in 96-well plates, enabling rapid,
modular assembly of hundreds of ruthenium complexes. We
assembled Ru(P-P)(N-N)CL. complexes by combining
Ru(nbd)(py):Cl> (nbd = norbornadiene; py = pyridine) with 48
diphosphines and 32 diamines. The ligands were divided into
two independent sets of 24 diphosphines and 16 diamines with
no overlapping diphosphines or diamines. For each set, 24
Ru(P-P)(py):ClL> stock solutions were dispensed across one
dimension of a 96-well plate and 16 diamine stock solutions
were dispensed along the other dimension, generating 384
Ru(P-P)(N-N)CL. complexes (24 x 16) per set. The resulting
768 Ru(P-P)(N-N)CL. complexes were used without further
purification. Full experimental details are provided in the
Supporting Information.
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Figure 2: (A) Distribution of enantioselectivity (%) for both the
literature and HTE data. (B) Scheme and substrates of the HTE
campaign.




Ten representative ketones (Figure 2B) were then
hydrogenated with 384 different catalysts by dispensing stock
solutions of each substrate into the prepared plates and running
the reactions in a custom high-pressure reactor (20 bar H,) for
24 h at room temperature. After venting, reactions were
analyzed by chiral HPLC to measure enantioselectivity and the
ratio of the product peak area to reactant peak area. Reactions
with peak area ratios reflecting yields < 80% were excluded,
resulting in an experimental dataset of 1,154 reactions that
encompasses 500 discrete catalysts and 10 discrete substrates.
Combined with the literature dataset, the final dataset contained
1,877 reactions with 660 catalysts and 254 substrates. This
dataset provided results of reactions occurring with low and
moderate enantioselectivity that were absent from the literature
dataset (Figure 2A).
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Figure 3: Workflow for rapid generation of 3D transition-state
representations.

Next, we generated the 3D representations needed to train a
3D-GNN that would predict enantioselectivity. We
hypothesized that the geometry of the enantiodetermining
transition-state (Figure 1, TS1), which includes both the catalyst
and the substrate, would best capture the non-covalent
interactions underlying enantioselectivity. Because the
optimization of thousands of transition states with accurate
levels of theory can be prohibitively expensive, we developed a
workflow (Figure 3) that templates catalyst—substrate pairs onto
a constrained, ground-state geometry derived from a DFT-
optimized transition-state.” This structure captures relevant
non-covalent interactions and can be optimized more quickly
than a transition-state.

All catalysts were built in Molli*’ to ensure correct absolute
configurations and were then optimized with xTB-GFN2.%®
Substrates were docked to the catalyst by placing each substrate
10 A above the templated position and running a constrained
optimization that converged to the target pose. For each

catalyst—substrate pair, both diastereomers were generated,
single-point energies were computed with UMA-S-1.1,% and
the lowest-energy diastereomer was retained. Conformer
searches with CREST®®?> were performed, and conformers
were re-ranked with single-point energies calculated using
UMA-S. To increase the effective size of the training set, up to
10 lowest-energy conformers were included as separate entries.
Full details can be found in the Supporting Information. This
approach conducted on all 1,877 reactions yielded a final
dataset of 8,100 entries.

To evaluate the accuracy of ML models that predict
experimental enantioselectivity, we assessed performance using
three methods to split the data: (i) interpolative, in which
catalysts and substrates are shared between the training and test
sets; (ii) catalyst-extrapolative, in which the catalysts in the test
set were excluded from the training set; and (iii) substrate-
extrapolative, in which the substrates in the test set were
excluded from the training-set. Interpolative splits typically
yield the highest apparent model performance, but they can
overestimate the generality of the model because they
emphasize patterns represented in the training data. The
extrapolative splits more stringently test the generality of the
model because they assess whether the model can predict
outcomes accurately when the catalyst or substrate lies outside
the types of structures in the training set.

We compared our 3D-GNN approach to a series of ML
methods commonly applied to transition-metal catalysis: 2D-
GNNs, such as Chemprop,® the 2D-GNN foundation model
CheMeleon,* and tabular regressors trained on either molecular
fingerprints or descriptors derived from semiempirical quantum
calculations of transition-state structures. These descriptors
include the bite angle, percent buried volume, Sterimol values,
partial charges, and other steric and electronic features detailed
in the Supporting Information. To assess whether performance
differences among the evaluated ML methods were statistically
significant, we followed the procedure recommended by
Walters et al.* We conducted 5x5 repeated cross-validation to
assess interpolative performance, in which 5-fold cross-
validation was repeated five times with different random
partitions, and repeated cross-validation split by catalyst (5x5)
or substrate (5%3) to assess extrapolative performance.

For each method and fold, predictions were obtained by
averaging outputs from five independent replicates, each
trained on the corresponding training partition with a different
random initialization seed. Performance metrics were then
computed on the averaged predictions for each test partition.
Differences were assessed using a one-way ANOVA or
Friedman test on the MAE computed for each fold, followed by
Tukey’s HSD or Conover—-Holm post hoc pairwise
comparisons. Results tables for each splitting strategy, which
include all evaluated methods, performance metrics (MAE, R?,
RMSE, Spearman’s p, MCCooy, stratified MAE), and the
outcomes of the pairwise statistical analyses, are provided in the
Supporting Information.

Under the interpolative train-test split (Figure 4A), the MAE
of the 3D-GNN DimeNet++ trained on 3D transition-state
representations with 10-fold conformer augmentation was
lower and the R? higher (MAE: 0.299 kcal/mol, R?: 0.817) than
those of the other methods evaluated by statistically significant
amounts. The performance of CheMeleon (MAE: 0.312
kcal/mol, R*: 0.810) was second-best and was significantly
better than that of Chemprop (MAE: 0.447 kcal/mol, R?: 0.660).
Random-forest regressors trained on descriptors derived from
semiempirical quantum calculations with and without
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Figure 4. Mean absolute error (MAE) averaged across models for (A) interpolative, (B) catalyst-extrapolative, and (C) substrate-
extrapolative splits. Brackets denote pairwise comparisons; asterisks indicate significant differences in mean MAE (ns, not significant; *p <

0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001).

conformer-based data augmentation were among the least
accurate models evaluated (MAE: 0.547 kcal/mol, R%: 0.483;
MAE: 0.567 kcal/mol, R?: 0.468, respectively). We observed a
similar trend in model performance for the catalyst-
extrapolative split (Figure 4B). The MAEs from DimeNet++
with 10-fold conformer-based augmentation (MAE: 0.396
kcal/mol, R?: 0.680) and CheMeleon (MAE: 0.401 kcal/mol,
R%: 0.678) were the lowest and the R? higher than those of the
methods tested.

The substrate-extrapolative split (Figure 4C) is the most
challenging evaluation because it is less combinatorial than the
catalyst-extrapolative split. In this case, the MAE for
DimeNet++ trained with conformer augmentation (MAE: 0.492
kcal/mol, R* 0.614) and without conformer augmentation
(MAE: 0.525 kcal/mol, R 0.565) was lower and the R* was
higher than those of the other methods evaluated. CheMeleon
(MAE: 0.650 kcal/mol, R%: 0.417), which was the next-best-
performing model in both the interpolative and catalyst-
extrapolative splits, was significantly less accurate when
extrapolating to substrates outside the training set.

Thus, 3D-GNNSs trained on 3D representations derived from
the enantiodetermining transition state gave the most accurate
predictions across all three data splits, including the most
challenging substrate-extrapolative split. We hypothesize that
the strong performance of this approach arises from its ability
to capture catalyst-substrate interactions relevant to
enantioselectivity. Consistent with this interpretation, the 3D-
GNN appears to learn structure-selectivity relationships that
extrapolate more readily to substrates distinct from those in the
training data than models trained on 2D or descriptor-based
representations.

In summary, we report ML models trained to predict the
enantioselectivity of ketone hydrogenation with Noyori-type
catalysts. To train these models, we combined a set of curated
data from the literature with >1,000 experimental datapoints
from HTE enriched with reactions occurring with low to
moderate enantioselectivity. These results indicate that 3D-
GNNs can predict enantioselectivity with high accuracy for a
broad range of catalysts and substrates. We expect this strategy
will be valuable to predict selectivity and potentially activity for
additional catalytic reactions, and such work is underway in our
laboratory.
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