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Abstract

Rational development of transition-metal catalysts, even when guided by theory and mechanistic
knowledge, involves significant trial and error. Although ML offers the potential to accelerate
catalyst discovery and optimization, accurately modeling the complex structures of catalysts and
the multistep mechanisms by which they react remains challenging with the limited sets of data
available. Olefin hydroformylation is a quintessential example of this challenge: its catalytic cycle
involves many, often reversible, steps, and decades of study have not yielded reliable structure-
selectivity relationships. We report Libra-ML, a 3D structure-based deep learning approach for
predicting experimental outcomes of transition-metal catalyzed reactions. To demonstrate the
ability of Libra-ML to model the outcomes of complex catalytic reactions, we predicted the
regioselectivity of hydroformylation with terminal olefins catalyzed by rhodium complexes.
Comparisons to existing methods demonstrate the state-of-the-art performance of Libra-ML and
illustrate the importance of capturing 3D structure to predict experimental outcomes with
molecular catalysts.

Keywords

Hydroformylation, Catalysis, Machine Learning

Posted on 28 January 2026 — CC-BY 4.0 — This is a preprint and has not been peer reviewed. Data may be preliminary. — https://
doi.org/10.26434/chemrxiv.10001648/v1



 1 

A 3D, Structure-Based, Deep Learning Approach for Predicting the 
Regioselectivity of Transition-Metal Catalysis 
Nicholas Hadler1, N. Ian Rinehart1,2, Masha Elkin1, Jeremy Nicolai1, Golsa Gheibi1, Jiaqing Chen3, Mat-
thew Avaylon4, Ross Maciejewski3, Gunther H. Weber4, Michael W. Mahoney4,5,6, Talita Perciano4,*, 
and John F. Hartwig1,2,* 
1 Department of Chemistry, University of California Berkeley, CA, United States. 
2 Division of Chemical Sciences, Lawrence Berkeley National Laboratory, CA, United States. 
3 School of Computing and Augmented Intelligence, Arizona State University, AZ, United States 
4 Scientific Data Division, Lawrence Berkeley National Laboratory, CA, United States. 
5 International Computer Science Institute, CA, USA 
6 Department of Statistics, University of California at Berkeley, CA, USA. 

Hydroformylation, Catalysis, Machine Learning 

ABSTRACT: Rational development of transition-metal catalysts, even when guided by theory and mechanistic knowledge, involves 
significant trial and error. Although ML offers the potential to accelerate catalyst discovery and optimization, accurately modeling 
the complex structures of catalysts and the multistep mechanisms by which they react remains challenging with the limited sets of 
data available. Olefin hydroformylation is a quintessential example of this challenge: its catalytic cycle involves many, often reversi-
ble, steps, and decades of study have not yielded reliable structure-selectivity relationships. We report Libra-ML, a 3D structure-
based deep learning approach for predicting experimental outcomes of transition-metal catalyzed reactions. To demonstrate the ability 
of Libra-ML to model the outcomes of complex catalytic reactions, we predicted the regioselectivity of hydroformylation with ter-
minal olefins catalyzed by rhodium complexes. Comparisons to existing methods demonstrate the state-of-the-art performance of 
Libra-ML and illustrate the importance of capturing 3D structure to predict experimental outcomes with molecular catalysts.

INTRODUCTION 
The development of catalysts that are active, selective, and 

react with high turnover numbers has classically been guided 
by mechanistic information and the identification of discrete re-
lationships between catalyst structure and reactivity. Such ra-
tional development, even when guided by theory, mechanistic 
knowledge, and fundamental chemical principles, requires sig-
nificant trial and error. Machine learning (ML) and cheminfor-
matics have been envisioned as an alternative approach to iden-
tify relationships between catalyst structures and reaction out-
comes that are too complex or subtle for human intuition1–5. 
Hallmark studies have been reported by Sigman6, Doyle7, Ko-
zlowski8, Denmark9–11, Hong12,13, and others, wherein digital 
representations of catalyst structures or properties are correlated 
with reaction yield14 or selectivity15.  

However, there are many fundamental challenges facing the 
application of ML to transition-metal catalysis, and synthetic 
chemistry more broadly. Although ML offers the potential to 
accelerate catalyst discovery and optimization, modeling both 
the complex three dimensional (3D) structures of molecular cat-
alysts and the multistep mechanisms by which they react re-
mains challenging with the limited datasets available for catal-
ysis, especially when compared to the large datasets common in 
traditional ML. Even for larger datasets comprising diverse 

catalyst structures, representing such molecular diversity as in-
put for ML models is difficult. Finally, deriving chemical in-
sights from commonly used “black box” ML models has been 
difficult, if not impossible. This inherent lack of transparency 
regarding the process by which model outcomes are generated 
makes it challenging to understand the reasoning behind predic-
tions or derive new chemical knowledge. This lack of transpar-
ency limits the utility of such models to advance chemistry. Ad-
dressing these challenges would significantly advance the use 
of ML for a wide range of catalytic problems and synthetic 
chemistry. 

We posited that a suitable dataset for olefin hydroformylation 
would be available, that this dataset would be amenable to aug-
mentation by computation and experiment, and that predictions 
of this reaction's regioselectivity would serve as an ideal test of 
the ability of ML to predict outcomes in homogeneous catalysis. 
Hydroformylation is the addition of CO and H2 across an olefin 
double bond to generate an aldehyde from an alkene typically 
catalyzed by Co or Rh complexes and is one of the largest-scale 
homogeneous catalytic reactions in the chemical industry, gen-
erating millions of tons of chemical products annually16. This 
reaction is a complex, multicomponent homogeneous catalytic 
process16 and many steps of the catalytic cycle can be reversi-
ble, with the degree of reversibility often depending on the tem-
perature and pressure of CO and H2

17
. Thus, the regioselectivity 
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to form linear or branched aldehydes (Figure 1) depends on both 
the identity of the catalyst and, due to the complex mechanism, 
the reaction conditions. A large body of literature data on the 
mechanism of this reaction exists. Although numerous pro-
posals regarding the effects of ligand structure on catalyst ac-
tivity and selectivity have emerged from decades of research 
that generated these data, including heuristics based on bite an-
gle 18 and electronic character19, no guidelines can reliably pre-
dict the regioselectivity of olefin hydroformylation.  

 

 

Figure 1. General mechanism of olefin hydroformylation. 

A trained ML model that is valuable for catalysis would ac-
curately predict selectivity as a function of catalyst structure and 
reaction conditions across a wide range of reactions. Such a 
model applied to hydroformylation could predict the regiose-
lectivity and be used to design new ligands that form complexes 
capable of catalyzing olefin hydroformylation with counterin-
tuitive selectivities. Existing studies using ML to predict the re-
gioselectivity of olefin hydroformylation have established that 
predictions made by linear regression20, random forest21, and 
extreme-gradient-boosting models21,22 with tabular, handcrafted 
descriptors are accurate within narrow training domains. Con-
trol experiments demonstrating the limitations in performance 
of the decision tree models and extreme-gradient-boosting 
models21,22 under rigorous evaluation are provided in the Sup-
porting Information. Thus, a model that predicts selectivity with 
high accuracy and with suitable control experiments across a 
broad domain of ligands has not been reported. 

We report Libra-ML, a predictive model for hydroformyla-
tion that uses deep learning based on 3D structures to model the 
on-cycle rhodium species responsible for forming linear or 

branched catalytic intermediates along the reaction pathway, ra-
ther than relying on computed, expert-selected descriptors. To 
do so, we use a 3D graph neural network (3D GNN) trained on 
the 3D structures of the transition-metal catalytic intermediates 
that contain bound reactants, to predict catalyst selectivity. 
Sourcing data broadly from the chemical literature resulted in a 
model with broad generalizability across organophosphorus lig-
ands, while data augmentation using catalyst conformers ena-
bled effective training on this diverse dataset. In-house experi-
mental validation demonstrates the model's accurate prediction 
of olefin hydroformylation regioselectivity, its capacity to gen-
eralize across a broad domain of ligand structures, and its utility 
in designing new ligands with surprising selectivities. The ap-
proach used to develop Libra-ML addresses many of the chal-
lenges facing the application of ML to catalysis, such as the dif-
ficulty of developing effective data representations for diverse 
datasets, the small size of datasets endemic to synthetic chem-
istry, and the challenge of achieving model interpretability and 
trustworthiness. Accordingly, we present Libra-ML as a prom-
ising template that can be adapted to other catalytic systems. 
Libra-ML enables the prediction of catalyst selectivity with a 
single command-line operation and is available as a Python 
package and a pre-configured Docker image. 

METHODS. 
Data Collection. 

To construct a predictive model for olefin hydroformylation, 
a dataset was extracted from published literature. Although the 
quality of data from this literature can be variable, and bias in 
literature-sourced datasets is common23, these datasets do pos-
sess advantages for the training of ML models. Literature da-
tasets are often less combinatorial than datasets obtained by 
high-throughput experimentation, thereby reducing the possi-
bility of overfitting.24 Literature datasets also result from dec-
ades of experimentation and, in homogeneous catalysis, often 
include ligands that are not commercially available or readily 
prepared. These ligands, as a whole, span many distinct struc-
tural types, mechanistic hypotheses, research groups, and time 
periods. In addition, many ligands were developed to test spe-
cific mechanistic hypotheses, and structures within individual 
families of ligands and within studies have frequently been var-
ied. Finally, systematic variations in the conditions for hydro-
formylation are frequently reported. Based on these observa-
tions, we reasoned that a dataset on hydroformylation con-
structed from the literature would result in a large diversity of 
ligand structures and reaction conditions.  

A dataset comprising published results on the hydroformyla-
tion of unactivated α-olefins catalyzed by rhodium complexes 
containing bidentate organophosphorus ligands was manually 
curated by synthetic chemists. Each paper and its supporting in-
formation were inspected, and data tables were manually added 
to a spreadsheet to avoid errors in translation. While the manual 
curation of literature data is more labor-intensive than auto-
mated exporting of data from chemical search engines like Re-
axys© or SciFinder®, the manual curation avoids the inclusion 
of mischaracterized or erroneous data, which can constitute 
10% of the data in Reaxys© and 56% of the data in the USPTO 
database23,25. Each reaction in the dataset includes an unacti-
vated terminal olefin, rhodium precatalyst, bidentate organo-
phosphorus ligand, and hydrogen and carbon monoxide gases. 
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Figure 2. (A) Literature dataset encompassing a wide range of ligand structures (X = C, O; R = C, N, O). (B) Catalyst modeling, conformer 
generation with GFN1-xTB and CREST, and graph embedding workflow. 

Reaction conditions, such as pressures of H2 and CO, tempera-
ture, mol % of catalyst, and mol % of ligand were also tabulated. 
These conditions were included as descriptors to capture their 
effects on selectivity. 

The resulting curated dataset includes 32 papers with 378 re-
actions that encompass 156 ligands possessing a wide range of 
structures. The ligands in our dataset include phosphines, phos-
phonites, phosphites, phosphonamides, phosphinamides, and 
include both C2-symmetric and nonsymmetric (C1) bidentate 
ligands (Figure 2, A). The reported linear:branched (L:B) ratios 
range from 0.2 to 618. The reaction conditions captured in this 
dataset include 17 temperatures, 34 combinations of CO and H2 
pressures, and 61 combinations of precatalyst and ligand load-
ings. Because the hydroformylation of unactivated α-olefins is 
generally selective for the linear aldehyde, the data skew to-
wards high L:B ratios.  
Representation of Metal-Ligand Complexes.  

The need to describe the properties of a wide range of struc-
tures with just a few atoms in common creates a challenge when 
applying ML to make predictions about a set of potential cata-
lysts. The application of ML to homogeneous catalysis has typ-
ically involved sets of structures with shared scaffolds and 
points of diversity26,27. The differences between the descriptors 
calculated for such structures are then correlated with a reaction 
outcome. In that scenario, the modeling task is simpler because 
the domain of the dataset is limited, and the resulting models 
need not extrapolate to compounds lacking a shared scaffold. In 
contrast, the ligand library described herein, like that of many 
metal-catalyzed reactions, comprises a wide range of structures 
that only share the presence of two phosphorus atoms. An ap-
proach to address this challenge was developed in 2003 simul-
taneously by Kozlowski28 and Lipkowitz29 for modeling the en-
antioselectivity of catalysts that do not share a common scaf-
fold. Both groups applied a 3D representation of the catalyst 
structure, but the level of predictive power was limited by the 

mismatch of the high dimensionality of their molecular repre-
sentation and the limited quantities of experimental data. Sub-
sequent work from Denmark and coworkers addressed the chal-
lenges of modeling with limited data using voxel-based repre-
sentations of transition-metal30 and organic catalysts26 with fea-
ture selection and dimensionality reduction, but the use of thou-
sands of voxels to represent catalysts still limits the ability of 
such approaches to model selectivity with small experimental 
datasets27,31–33. 

We have developed an approach to model the full metal-lig-
and complex in a manner that captures 3D information at the 
level of atoms and bonds. We envisioned that directly inputting 
an on-cycle, selectivity-determining catalytic intermediate into 
a 3D GNN that captures atomic identities, spatial coordinates, 
and chemical bonding information, would create a model with 
a deeper understanding of the factors influencing regioselectiv-
ity than tabular descriptors or voxel representations, especially 
in scenarios with limited experimental data. A key advantage of 
this 3D GNN approach is its ability to learn relevant structural 
features automatically from the data. This approach does not re-
quire the manual feature engineering often associated with tra-
ditional descriptor-based methods and helps address complexi-
ties in feature selection and dimensionality that can arise with 
high-dimensional representations (vide supra). 

Unlike tabular descriptors that capture 3D structures implic-
itly through descriptors, such as bite angle or percent-buried 
volume, 3D molecular representations can allow a model to 
learn more explicitly the structural features, at the level of at-
oms, bonds, and spatial coordinates, that govern the selectivity 
of the reaction. Furthermore, using an on-cycle metal complex, 
rather than a free ancillary ligand, as is commonly done in ap-
plications of ML to transition-metal catalysis, enables the 
model to capture both the features of the ancillary organophos-
phorus ligands and the influence of these features on the reac-
tive components (hydride, CO, and olefin).  
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For these reasons, we hypothesized that training a 3D GNN 
on a catalytic intermediate containing both ancillary and reac-
tive ligands would enable models to predict selectivity across a 
broad ligand domain, despite the limited size of the dataset that 
is typical for such catalytic reactions. 3D GNNs have been 
widely reported to enable ML to predict interatomic poten-
tials,34,35 quantum mechanical properties,36–38 and both transi-
tion states and binding energies computed with DFT.38 Their 
performance has been shown to be stronger than that of 2D 
GNNs when predicting DFT-computed reaction barriers for re-
actions catalyzed by transition-metal complexes.39 They have 
also been used to model the properties of organic molecules 
and, in rare cases, reactions of them.40 However, they have not 
been used to relate the structures of transition-metal catalysts to 
experimental outcomes or predict the outcomes of new cata-
lysts. 

To begin, we chose the trigonal bipyramidal intermediate in 
Figure 1 to represent the catalyst because this complex under-
goes migratory insertion to either the linear or branched Rh–
alkyl intermediate, and we reasoned that perturbations in its ge-
ometry and electronic properties would be sensitive to the struc-
ture of the ligand. Because the identity of the regio-determining 
step can be different for different ligands, substrates, and reac-
tion conditions, the trigonal–bipyramidal intermediate serves as 
a standardized structure that represents the molecular recogni-
tion environment and is relevant to the selectivity. We 
acknowledge that a single complex does not completely control 
the regioselectivity.  Each ligand was docked to a rhodium cen-
ter bearing 1-butene, CO, and hydride ligands in a trigonal bi-
pyramidal arrangement with both phosphorus atoms and the 1-
butene in equatorial positions, and the CO and hydride ligands 
in the axial positions (Figure 2B, A). By modeling this reaction 
intermediate, the metal, butene, CO, and hydride are constant 
components in the dataset, while the phosphine ligand is varied. 
These catalyst structures are programmatically generated by a 
module in Libra-ML, based on molSimplify41,42 that uses a 
SMILES string of the organophosphorus ligand as the only in-
put and returns an XYZ file of the trigonal bipyramidal complex 
as the output. This process allows large numbers of catalyst ge-
ometries to be generated rapidly. 

The energy of the catalyst structures generated in this way are 
then minimized using techniques designed to enable computa-
tions to be conducted rapidly on large molecules (Figure 2B, 
B).43,44 Each catalyst structure was optimized using semi-empir-
ical density functional theory with implicit solvation by toluene 
(GFN1-xTB/ALPB(Toluene))44 because it is the most common 
solvent in the dataset, and all reactions in the dataset, with the 
exception of one, were run in toluene or benzene. GFN1-xTB 
was chosen over GFN2-xTB, due to its greater accuracy for the 
structures of transition-metal complexes.43 While density func-
tional theory (PBE0-D4/def2-SVP with CPCM(Toluene) in 
ORCA 6, using 16 CPU cores) minimizes the energy of a typi-
cal complex modeled in our study in approximately three hours, 
GFN1-xTB/ALPB(Toluene), using 16 CPU cores, minimizes 
the energy of the same structure in approximately three minutes, 
with comparable structural accuracy. These computational re-
quirements were benchmarked for a DPPE (1,2-bis(diphe-
nylphosphino)ethane)-ligated trigonal–bipyramidal Rh–hy-
dride–CO–olefin complex. 
Data Augmentation.  

To expand the structural representations available for each 
catalyst, a set of conformers within 12 kcal/mol of the most 

stable conformer was generated, and the 10 lowest-energy con-
formers were included independently as a form of data augmen-
tation (Figure 2B, C). When predicting L:B ratios, the predicted 
values for each conformer are pooled and averaged to give a 
final prediction for a given catalyst. This approach can be seen 
as a voting or ensembling technique across accessible confor-
mations. Prior work on catalyst parameterization included aver-
aged or Boltzmann-weighted descriptors of conformers to cre-
ate a dynamic picture of catalyst properties or averaged voxel 
representations of entire conformer ensembles.10,11,45 In our ap-
proach, each conformer is treated as a unique chemical entity 
with a corresponding unique data point. By doing so, the model 
learns that multiple conformations are correlated with the same 
reaction outcomes. This approach helps compensate for inaccu-
racies identifying global minima by computation at a level of 
theory that scales well with large sets of complexes. Our ap-
proach can also be viewed as a form of multi-instance learning 
(MIL), wherein an object is represented by a set of alternative 
instances and the task is to establish a correlation between the 
set of instances and the label.46 Prior work has shown that the 
performance of MIL models containing conformer-based in-
stances with 3D descriptors is higher than those with 2D de-
scriptors when predicting enantioselectivity in conformation-
ally flexible organic catalysts.47 

Conformers were generated using CREST with GFN-
FF/ALPB(Toluene).48,49 The resulting conformer ensemble was 
then reoptimized using GFN1-xTB/ALPB(Toluene) and repro-
cessed with CREST to remove degenerate structures. The 10 
lowest-energy conformers, then, were used as representative 
structures. These conformers were subjected to a final optimi-
zation using GFN1-xTB/ALPB(Toluene) with stricter optimi-
zation criteria. This strategy provides a chemically meaningful 
form of data augmentation50,51 by increasing the number of 
training instances per catalyst 10-fold to improve model perfor-
mance and, thereby, to address the challenges of building ML 
models from limited catalytic reaction data. This process re-
sulted in a final dataset composed of 3518 entries, representing 
a diverse range of organophosphorus ligands and reaction con-
ditions.  

RESULTS AND DISCUSSION. 
Model Training and Testing.  
    A series of models were trained to predict experimental regi-
oselectivities from the literature using the combination of cata-
lyst geometries and reaction conditions (Figure 3, A). The L:B 
ratio was transformed into the energy difference (ΔΔG‡, in 
kcal/mol) between the transition states leading to the isomeric 
products using the reported reaction temperature. The perfor-
mance of each model was evaluated using leave-one-catalyst-
out (LOCO) cross-validation. In this method, a model was 
trained on data from all but one of the catalysts and then tested 
on its ability to predict regioselectivity for the remaining cata-
lyst. Because the data are split by catalyst identity (i.e., by lig-
and), all conformers and all reactions associated with a given 
ligand are kept together in the same fold. As a result, no con-
formers from a ligand in the test fold can appear in the training 
set, eliminating conformer-level leakage. Performing LOCO 
cross-validation across the full set of 156 ligands therefore pro-
duced 156 distinct train/validation splits, with each split holding 
out one ligand and training on the remaining 155. This method 
to evaluate performance contrasts with random data splitting, 
an alternative validation approach. Because each catalyst con-
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Figure 3. (A) Table containing the performance for each model on the literature leave-one-catalyst-out (LOCO) set and the in-house exper-
imental set. Literature LOCO performance was calculated by aggregating all test predictions into a combined set and evaluating metrics on 
this set. For the in-house experimental set, predictions were first averaged across all ensemble members for each model, and metrics were 
then calculated on this set of averaged predictions. (B) Predicted versus measured ΔΔG‡ for the conformer augmented DimeNet++ model 
trained on on-cycle intermediates. This model predicted the regioselectivity of olefin hydroformylation across a wide range of catalyst struc-
tures and reaction conditions. 

stitutes a varying fraction of the dataset, random splitting can 
create partitions in which performance metrics misrepresent the 
model's true performance across the entire dataset, potentially 
leading to artificially inflated or deflated results. The LOCO ap-
proach, therefore, provides a more rigorous and accurate assess-
ment of the model's ability to generalize its predictions of regi-
oselectivity across the diverse range of ligand structures and re-
action conditions present in the dataset. Additional experiments 
and statistical validation conducted using 5×2 repeated, group-
aware cross-validation, can be found in the Supporting Infor-
mation. 

To create benchmarks for the performance of a 3D GNN, we 
evaluated the ability of published approaches to predict the re-
gioselectivity from the same dataset. The predictive perfor-
mance of a linear regression and lasso regression model using 
tabular chemical descriptors derived from the lowest energy 
conformer (see Table S2 in the Supporting Information for de-
tails) was poor (LOCO R2 = -0.04, MAE = 0.99 kcal/mol and 
LOCO R2 = -4.83, MAE = 1.39 kcal/mol, respectively). The 
predictive power of a random forest regressor was higher with 
the same tabulated descriptors (LOCO R2 = 0.35, MAE = 0.78 
kcal/mol) but still resulted in poor predictive performance. Im-
proved but still weak predictive performance was observed for 
the linear regression (LOCO R2 = 0.55, MAE = 0.68 kcal/mol), 
lasso regression (LOCO R2 = 0.53, MAE = 0.69 kcal/mol), and 
random forest regressor (LOCO R2 = 0.46, MAE = 0.67 
kcal/mol) models when using tabular chemical descriptors with 
the data augmentation described above. 

We also tested a 2D GNN. To do so, we trained Chemprop52, 
a directed-message-passing graph neural network (D-MPNN), 
on the free ligand structures represented as 2D graphs with re-
action conditions concatenated to the graph embeddings prior 
to prediction. The performance metrics of this approach were 
the similar to those of the models trained on data augmented 
tabular descriptors (LOCO R2 = 0.55, MAE = 0.72 kcal/mol), 
indicating only modest predictive power.  

To test our hypothesis that a model trained directly on the 
optimized 3D geometries of a catalytic intermediate would gain 
a richer understanding of the structural features of a ligand that 
influence regioselectivity, we assessed the performance of a 3D 
GNN on both the geometry of the free ligand and on-cycle cat-
alytic intermediate. We chose a modified architecture based on 
DimeNet++53,54, an E(3)-invariant, directed-message-passing 
3D GNN that uses interatomic distances and angles. The input 
for DimeNet++ is only atomic identities and  coordinates. We 
modified DimeNet++ for our application to catalysis by adding 
a multi-layer perceptron (MLP) to predict the experimental 
ΔΔG‡ from the concatenated graph embedding and reaction 
conditions.  

Training DimeNet++ with only the lowest-energy conformer 
for both the free ligand and catalyst as input resulted in better 
performance (LOCO R2 = 0.60, MAE = 0.62 kcal/mol and 
LOCO R2 = 0.61, MAE = 0.62 kcal/mol, respectively) than the 
models trained on tabular chemical descriptors and the 2D 
GNN, despite the small dataset and simple embeddings. These 
higher values for R2 and RMSE show that the 3D structure of 
the free ligand and a key catalytic intermediate are both rich 
sources of predictive information about the complex relation-
ship between the structure of the catalyst and regioselectivity of 
olefin hydroformylation.  

Subsequent training using the data augmentation described 
above led to remarkable performance for both the 3D GNN 
trained on the free ligand and the catalytic intermediate (LOCO 
R2 = 0.77, MAE = 0.46 kcal/mol and LOCO R2 = 0.75, MAE = 
0.45 kcal/mol, respectively). Overall, both 3D GNN models 
surpassed the performance of the previous models across a wide 
range of catalyst structures and reaction conditions (Figure 3, 
B). However, importantly, when the performance of each model 
is stratified into branched-selective, near-equimolar, and linear-
selective regimes (defined as above 20:1 L:B), the performance 
of the model trained on the on-cycle intermediate was much 
stronger in the branched-selective regime (branched MAE = 
0.33 kcal/mol) than was that of the model trained on the free  

Model Literature 
R2

Literature 
MAE 

(kcal/mol)
In-House 

R2

In-House 
MAE 

(kcal/mol)

Random Forest (DFT)
No Augmentation 0.35 0.78 0.12 0.80

Random Forest (DFT)
10-Fold Augmentation 0.46 0.67 0.45 0.59

2D GNN (Free Ligand)
Chemprop D-MPNN 0.55 0.72 0.12 0.78

3D GNN (Free Ligand)
No Augmentation 0.60 0.62 0.39 0.62

3D GNN (Free Ligand)
10-Fold Augmentation 0.77 0.46 0.69 0.44

3D GNN (On-Cycle)
No Augmentation 0.61 0.62 0.65 0.46

3D GNN (On-Cycle)
10-Fold Augmentation 0.75 0.45 0.74 0.39

A. B. 
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Figure 4. (A) Experimental validation demonstrating the ability of Libra-ML to make predictions in diverse chemical space. aReaction and 
prediction were run at 2 bar of H2 and 2 bar of CO. bReaction and prediction were run at 100 °C. DMP = 3,5-dimethylphenyl; TMP = 3,4,5-
trimethoxyphenyl; BTFM = 3,5-trifluoromethylphenyl; dppp = diphenylphosphinopentane. (B) Model performance for the prediction of 
styrene and allyl cyanide regioselectivity. 

ligand geometries (branched MAE = 0.46 kcal/mol); improve-
ments in the linear-selective regime (linear MAE = 0.43 
kcal/mol versus linear MAE = 0.44 kcal/mol) were smaller than 
those in the branched-selective regime. This overall stronger 
performance of the model built on the rhodium complex sug-
gests that models trained on on-cycle intermediates generalize 
more accurately to challenging predictive regimes. Full details 
of stratified model performance can be found in Table S3 in the 
Supporting Information. Ultimately, the ability to incorporate a 
conformer-augmented dataset into our 3D GNN model was par-
ticularly important because such conformers cannot augment a 
2D GNN dataset. They cannot augment this type of dataset be-
cause 2D graphs capture only atomic information and connec-
tivity, not the three-dimensional spatial relationships that define 
conformations. 

The data augmentation we used for this model resembles 
noise augmentation techniques used in protein structure predic-
tion with GNNs55 and CNNs56 for which random noise added to 
atomic positions leads to more robust models by preventing 
overfitting. However, our conformer-based method introduces 
chemically meaningful structural perturbations derived from 
molecular dynamics simulations, rather than random noise. Of 
course, these conformers are easier to obtain for transition-
metal complexes than for entire proteins. We hypothesize that 
conformer augmentation using the 3D geometries of these com-
plexes improves model performance by reducing overfitting by 

providing chemically meaningful conformational information 
that enables the model to learn more generalizable structure–
selectivity relationships, rather than memorizing specific cata-
lyst structures or substructures. Before further evaluating that 
hypothesis, we first assessed the validity of our 3D GNN mod-
els. To do so, we performed control experiments designed to 
determine whether the observed predictive performance was 
genuinely reliant on chemically meaningful inputs, or if it could 
be attributed to data leakage or spurious patterns in the data. 
Control Experiments. 

To establish whether our 3D GNN models are learning chem-
ically meaningful information or inherent patterns in the data, 
we performed a control experiment to test if chemically mean-
ingful inputs are necessary for accurate predictions from the 
data (Figure 3, A). If the dataset contains patterns that are not 
chemically meaningful and that the model learned to make its 
predictions, then high performance should be observed when 
the models are trained using inputs that are not chemically 
meaningful 24. Training DimeNet++ on a dataset with shuffled 
selectivities (the Y-shuffle test) resulted in a model lacking any 
predictive power (LOCO R2 = -0.20, MAE = 1.18 kcal/mol).  

We also conducted a control experiment to determine 
whether biases and patterns within the literature data could, by 
themselves, lead to predictive ability, even in the absence of 
chemically meaningful catalyst input. For this control, a random 
forest model trained solely with one-hot encoded ligand  



 7 

 

Figure 5. (A) Loss landscape visualizations comparing the baseline DimeNet++ model trained on lowest-energy catalyst geometries with a 
DimeNet++ model trained on the conformer-augmented dataset. The smoother landscape of the augmented model compared to the baseline 
suggests that conformer augmentation reduces overfitting and enhances the model’s ability to generalize. (B) SHAP feature importance 
visualization for dppe (1,2-Bis(diphenylphosphino)ethane) and Xantphos. Red indicates these substructures contribute to a higher predicted 
L:B value, and blue indicates these substructures contribute to a lower predicted L:B value. 

identities and reaction conditions yielded poor, yet measurable, 
predictive performance (LOCO R2 = 0.47, MAE = 0.68 
kcal/mol). We interpret this result to mean that the modest pre-
dictive power from this control model stems from the model 
exploiting inherent biases within the literature data, not from 
learning genuine chemical principles. For example, it could 
learn correlations between specific reaction conditions com-
monly reported alongside certain ligands and the regioselectiv-
ities typically obtained with such combinations of ligand and 
reaction condition. While reaction conditions influence selec-
tivity, they are insufficient by themselves to predict selectivity 
because the conditions leading to the highest selectivity vary 
with the identity of the ligand. However, literature data often 
underrepresent pairings of less-optimal conditions with various 
ligands. Consequently, the control model is inadequately penal-
ized for over-relying on patterns in reaction conditions, rather 
than the ligand's structural features. This outcome underscores 
the critical need for in-house experimental validation of models 
trained on literature data. 
Experimental Validation with New Ligands. 

Having developed a series of ML models to predict the regi-
oselectivity of hydroformylation, we evaluated the performance 
of each model (Figure 3, A) with a test set of experiments in our 
laboratory. To obtain this set, 29 bidentate organophosphorus 
ligands previously unreported for the hydroformylation of un-
activated α-olefins were selected (Figure 4, A). The unreported 
ligands include many chiral bidentate organophosphorus lig-
ands because they are not frequently used to form the achiral 
linear aldehyde products from hydroformylation reactions of α-
olefins. The set of ligands for these experiments also cover a 
diverse chemical space, including ligands with acyclic, biaryl, 
and xanthene backbones, as well as varied phosphorus substit-
uents. 

For each ligand, we measured the experimental L:B ratio for 
the hydroformylation of 1-octene. We then used each model to 
predict the L:B ratio and compared their predictive perfor-
mances (Figure 3, A). Each reaction was conducted under the 
same conditions (0.1 mol% Rh, 0.4 mol% ligand, 5 bar H2, 5 
bar CO, 80 °C, 4 h) and then with varying reaction conditions 
to probe the ability of the model to predict the effect of reaction 
conditions on selectivity (see Supporting Information for full 

details). Because the reactions in our set were evaluated under 
standardized and unoptimized conditions, this reaction set is 
less prone to patterns and biases that might allow a model to 
predict outcomes without learning chemically meaningful prin-
ciples than is typical for literature data. Therefore, evaluating 
the model’s performance on this set provides a rigorous assess-
ment of its ability to generalize to practically relevant condi-
tions and to predict outcomes for ligands previously untested in 
a reaction of interest. 

Among the models we used in this work, the conformer-aug-
mented 3D GNN trained on on-cycle catalytic intermediates 
predicted regioselectivities for the in-house experimental test 
set with the highest accuracy (R2 = 0.74, MAE = 0.39 kcal/mol). 
The 3D GNN trained on free ligand geometries was less accu-
rate (R2 = 0.69, MAE = 0.44 kcal/mol) than the 3D GNN trained 
on on-cycle intermediates, even though the performance of the 
two models was similar on the literature dataset. Consistent 
with our results from the literature dataset, predictions by 3D 
GNNs trained without conformer augmentation were less accu-
rate on our experimental test set than were those trained with 
conformer augmentation. In particular, the accuracy of the 
model trained on free ligand structures was much lower (R2 = 
0.39, MAE = 0.62 kcal/mol) than that of the model trained on 
on-cycle intermediates (R2 = 0.65, MAE = 0.46 kcal/mol). This 
result mirrors the trend of performance by the conformer-aug-
mented models, but with a larger gap in the quality of the per-
formance. 

The predictive performance of the random forest model 
(trained on tabular chemical descriptors with and without aug-
mentation) on our in-house experimental set was poor (R2 = 
0.12, MAE = 0.80 kcal/mol and R2 = 0.45, MAE = 0.59 
kcal/mol, respectively) and similar to its performance on the lit-
erature dataset. The performance of the 2D GNN, Chemprop, 
on our experimental set was extremely poor (R2 = 0.12, MAE = 
0.78 kcal/mol), especially in comparison to its performance on 
the literature dataset. This large difference in performance 
demonstrates a failure of this model to learn generalizable con-
nections, presumably chemical principles, beyond the biases 
and patterns inherent in the literature data. 

Thus, the combination of a 3D GNN with conformer augmen-
tation, trained on on-cycle intermediates, was the only approach  
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Figure 6: (A) Predicted and experimental results for the reprogramming of Xantphos selectivity. Naïve refers to the baseline Libra-ML 
model predictions. Retrained refers to the model trained on the experimental results from the previous generation. (B) SHAP value visuali-
zation of L3, filtered to only visualize negative contributions, indicate the impact of the (NEt2)2P– group on the model predictions.

among those we tested that predicted the selectivity of this com-
plex hydroformylation reaction with the highest precision for 
both the literature and in-house experimental datasets, espe-
cially in challenging selectivity regimes important for use in de-
signing new ligands. We anticipate that this approach will be 
valuable beyond hydroformylation because the model was cre-
ated from an experimental dataset with a size that is character-
istic of those available for complex  chemical systems, includ-
ing other chemical reactions catalyzed by transition-metal com-
plexes.  
Validation with Distinct Substrates. 

To gain initial information on the general ability of a 3D 
GNN to predict the outcomes of related but distinct chemical 
reactions, we collected a separate set of literature data compris-
ing 150 hydroformylation reactions of styrene and 85 reactions 
of allyl cyanide. We then applied the same computational work-
flow as used for reactions of the unactivated α-olefins to obtain 
representative structures of the hydridorhodium carbonyl unit 
bound to each ligand-substrate combination within these two 
additional datasets. Subsequently, a new 3D GNN was trained 
and tested on each of these two new datasets using the estab-
lished LOCO cross-validation strategy (vide supra). The perfor-
mance (Figure 4, B) of models built to predict the regioselectiv-
ity for the hydroformylation of styrene and allyl cyanide was 
strong, despite the small size of their datasets (LOCO R2 = 0.66, 
MAE = 0.34 kcal/mol for styrene; LOCO R2 = 0.51, MAE = 
0.44 kcal/mol for allyl cyanide).  

This strong performance highlights the generalizable nature 
of this computational workflow and modeling approach. This 
accuracy was achieved, even though the datasets for reactions 
of these olefins were much smaller than were those for the un-
activated α-olefins, the reactions of styrene are biased to form 

the branched isomer, and the mechanistic origin of the regiose-
lectivity is fundamentally different than that for 1-octene. The 
success of this approach in predicting outcomes for these two 
alkenes demonstrates its potential for application to additional 
reactions catalyzed by transition-metal complexes. 
Analysis of the Loss Landscape. 

Having established the validity of our model by control ex-
periments and experimental validation, we evaluated whether 
conformer augmentation improves performance by reducing 
overfitting while providing chemically meaningful conforma-
tional information that enables the model to learn more gener-
alizable structure–selectivity relationships. To evaluate this hy-
pothesis, we analyzed the loss landscape57–59. The loss land-
scape is a visual representation of the model's loss as a function 
of the perturbations in its trainable parameters. In this land-
scape, the x and y axes represent two perturbation directions, 
while the z corresponds to the loss value. Analysis of the topol-
ogy of the resulting landscape provides insights into the optimi-
zation of the model during training and its subsequent predic-
tive ability. Broadly, landscapes with single, wide minima have 
been found to correlate with less overfitting and better general-
ization performance60. 

The loss landscape (Figure 5, A) of the DimeNet++ model 
trained without augmentation is fragmented with multiple min-
ima below an RMSE of 0.885 kcal/mol. A loss landscape with 
multiple local minima can be indicative of overfitting, reflect-
ing many distinct parameter configurations that fit the training 
data well but may generalize poorly. In contrast, the landscape 
of the DimeNet++ model trained with conformer augmentation 
is smoother, with a single, broad minimum below an RMSE of 
0.892 kcal/mol. This difference indicates a more stable loss 
landscape and an improved ability to generalize. Full details of 
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this experiment can be found in the Supporting Information, and 
further work is underway to analyze the loss landscapes of all 
models in this work to gain a deeper understanding of how these 
models learn and generalize. 
Model Interpretability.  

While 3D GNNs offer a powerful way to learn important fea-
tures directly from the chemical structures on which they are  
trained, they are fundamentally black-box models. An ability to 
generate insights into the structural features that drive the 
model’s predictions would allow chemists to combine human 
chemical intuition with data-driven selectivity patterns in a 
manner that has not yet been demonstrated for the application 
of deep learning to the development and optimization of new 
catalysts. 

To understand which catalyst structural features influence the 
model's prediction, we employed Shapley value analysis 
(SHAP), a post hoc interpretation technique61. Using the Per-
mutationExplainer function from the SHAP package, we eval-
uated feature contributions by systematically masking combi-
nations of atoms and observing the resulting impact on the pre-
diction. This process yields Shapley values for each atom, quan-
tifying their individual importance to the model's output. Posi-
tive Shapley values signify contributions favoring linear selec-
tivity (higher L:B), whereas negative values signify contribu-
tions favoring branched selectivity (lower L:B). We then devel-
oped a visualization method to overlay these Shapley values 
onto the 3D structure of the catalyst, highlighting the molecular 
substructures responsible for the model's predictions. This ap-
proach allows us to begin to understand the reasoning of the 
model’s predictions and assess its alignment with chemical in-
tuition. By doing so, we obtain a post-hoc, local, atom-level at-
tribution of the chemical origins of the predicted reaction out-
come, thereby increasing the interpretability and confidence in 
model predictions. 

We chose to interrogate the reasoning of the model's predic-
tions for the regioselectivity with dppe and Xantphos as exam-
ples of ligands leading to lower and higher L:B selectivity, re-
spectively. These ligands have been studied extensively to de-
termine the structural features responsible for their observed re-
gioselectivities 62,63. Libra-ML identified the ligand substructure 
(Figure 5, B) that determines the bite angle, associating the 
smaller bite angle (85°) of dppe with increased branched selec-
tivity and the larger bite angle (108°) of Xantphos's with in-
creased linear selectivity. This correlation aligns with estab-
lished empirical heuristics that ligands with larger bite angles 
lead to an increase in linear selectivity, indicating that the model 
is learning chemically meaningful information from its training 
data, rather than making spurious correlations. In addition to 
validating the predictions made by the model, this approach to 
visualization offers a powerful tool to assist the design of new 
ligands. By highlighting the molecular substructures predicted 
to influence selectivity most strongly, it can help chemists 
choose the regions of a ligand to modify to achieve a desired 
goal.  
Use of Libra-ML for Accelerated Catalyst Development. 

To evaluate the ability of Libra-ML to aid in the design of 
new ligands, we envisioned a workflow in which an experimen-
talist imagines a new ligand structure, uses Libra-ML to predict 
the selectivity of the resulting catalyst, interprets these predic-
tions across many candidates to form a structure/selectivity hy-
pothesis, and then synthesizes a ligand that could lead to a 

desired outcome. Given the difficulty synthesizing organophos-
phorus compounds, this ability to prioritize candidates with Li-
bra-ML would substantially accelerate the design process over 
the synthesis of ligand libraries or traditional trial-and-error.  

We considered the potential to convert the classic Xantphos 
ligand, with its wide bite angle and accompanying high L:B se-
lectivity (Figure 6, B) to a ligand that leads to a much different 
selectivity that would be difficult to predict with existing heu-
ristics. Studies with preliminary models not discussed here sug-
gested this possibility, and rapid in silico screening of hypothet-
ical ligand structures with Libra-ML predicted selectivity pat-
terns for catalysts containing heteroatoms on phosphorus that 
most practicing chemists would not anticipate: the catalyst with 
a bidentate ligand containing phenoxy or amino groups on 
phosphorus and the same wide bite angle of Xantphos produces 
nearly equal ratios of linear and branched isomers.  

Because non-symmetrical xanthene ligands and ligands with 
amino groups on phosphorus were rare in Libra-ML's training 
dataset, we envisioned an active learning scenario in which we 
would iteratively update the model by retraining with new ex-
perimental L:B ratios (each evaluated under 6 reaction condi-
tions) as new ligands containing more heteroatom-based groups 
on phosphorus were identified and synthesized. An initial in sil-
ico exploration with Libra-ML led us to investigate ligands L1-
L3 in Figure 6A. The model predicted L:B ratios of 21.0:1 for 
L1, 10.1:1 for L2, and 16.3:1 for L3. Consistent with this pre-
diction, the new ligands formed catalysts that reacted with much 
lower L:B ratios than Xantphos and even more branched prod-
uct than predicted (L:B ratios of 4.7:1 with L1, 4.6:1 with L2, 
and 2.7:1 with L3). While Libra-ML did not predict the exact 
experimental L:B ratios, it correctly predicted that these new 
ligands would form catalysts that react with L:B ratios that are 
substantially lower than those with catalysts containing 
Xantphos. 

To help understand the model’s reasoning behind these re-
sults and improve model predictions within this class of ligands, 
we retrained Libra-ML with these new data points and gener-
ated the SHAP value visualization in Figure 6B. This visualiza-
tion indicates that the (NEt2)2P– group significantly contributed 
to the predicted greater amount of branched isomer formed with 
the catalysts containing L3. Using the newly trained model, we 
conducted a second in silico exploration campaign. Ligand L4 
retains the (NEt2)2P– group that is shown to be important by 
feature visualization and was targeted for synthesis and experi-
mental assessment. The catalyst formed from this ligand was 
predicted to form the aldehyde with an L:B ratio of 1.9:1. It re-
acted with a regioselectivity of 2.2:1, a value remarkably close 
to the prediction and unlikely to be predicted with existing heu-
ristics based on the well-known high regioselectivity of 
Xantphos containing Ph2P– groups on the backbone. 

This sequence shows that the model can make predictions 
that are distinct from those in the literature and convert the 
Xantphos ligand to one generating a catalyst reacting with much 
different selectivity, even though it still contains the backbone 
leading to a large bite angle that was thought to dominate con-
trol over the L:B ratio. Moreover, this sequence shows how just 
a few new datapoints can strongly impact the model’s predic-
tions of selectivity and rapidly expand the chemical domain in 
which predictions can be trusted. In our case, this expansion 
was realized for ligands absent in the original training set (non-
symmetric xanthene ligands and ligands with amino groups on 
phosphorus). We anticipate that this computational workflow 
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and modeling approach, when combined with insights from hu-
man-interpretable, data-driven selectivity patterns, may be 
adapted to other catalytic systems. This workflow should help 
prioritize candidates that generalize beyond the immediate 
training domain, reduce the number of active learning cycles 
and synthetic effort, and, ultimately, reducing the amount of 
trial-and-error in traditional catalyst development. 
Conclusion 

This strong performance of Libra-ML, which is founded on 
our mechanistically guided approach to represent a catalytic 
process with 3D structures, demonstrates that deep learning 
based on these 3D structures can accurately predict the experi-
mental outcome of organic reactions catalyzed by transition-
metal complexes whose complicated mechanisms have pre-
vented traditional approaches from developing reliable, quanti-
tative structure-selectivity relationships and can begin to reveal 
the origin of the predictions by visualization methods. By incor-
porating domain knowledge and a fundamental understanding 
of the underlying chemical transformations, this approach helps 
address key challenges facing the application of ML to chemis-
try and the natural sciences, such as the need for improved 
model generality, interpretability, and performance. We expect 
that the approach described herein can be broadly applied to nu-
merous problems in catalysis, and efforts to this end are under-
way in our laboratory. 
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