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ABSTRACT: Density functional theory (DFT) has become a popular method to model transition state (TS) energies to predict 
enantioselectivity, but the associated errors present challenges. Machine learning has emerged as a powerful tool to model enantiose-
lectivity but generally requires large datasets for training. Herein, we describe the development of a feed forward neural network for 
predicting enantioselectivity of the Negishi cross-coupling reaction with Boehringer Ingelheim (BI)-type phosphines. The selectivity 
predicted from DFT TS energies is upgraded through the neural network based on input features including geometries, electron 
population, and dispersive interactions. This new approach to modeling enantioselectivity is compared to conventional approaches, 
including exclusive use of DFT energies, and data science approaches using features from ligands or ground states with simple neural 
network architectures. 

    Axially chiral biaryl compounds are prevalent in many bio-
logically active natural products and pharmaceuticals, while 
also serving as the backbone for thousands of chiral catalysts 
and ligands.1 Transition metal-catalyzed C(sp2)-C(sp2) cross-
coupling reactions remain one of the most straightforward and 
versatile ways to achieve the synthesis of these motifs.2 One 
powerful method that has emerged is the Pd-catalyzed Negishi 
coupling3 using BI-type ligands (Figure 1A).4  
    Challenges in evaluating and predicting the efficiency of new 
ligands in these and other catalytic reactions are commonly en-
countered when using the one variable at a time optimization 
approach to isolate the effect of a single variable.5 Although an 
effective way for generating new ligands, this technique com-
monly fails to locate the global maximum in a multidimensional 
space, or otherwise is overly time- and resource-intensive to it-
eratively probe new ligands.6 Predictive approaches promise to 
overcome these limitations with density functional theory 
(DFT) being one of the most commonly implemented methods 
for modeling enantioselectivity.7, 8 Not only do the differences 
in free energies of transition states (TSs) (ΔΔG‡) provide phys-
ically meaningful results (Figure 1B), but the geometries ob-
tained can provide stereomechanistic understanding and inspire 
synthetic innovation (Figure 1C).8, 9 The principal limitation 
with exclusively using energy barriers from DFT calculations 
derives from small errors that lead to dramatically significant 
synthetic conclusions.10 For example, for a selective reaction 
with a 90:10 er, the ΔΔG‡ for the diastereomeric transition states 
is 1.3 kcal/mol and nuanced variation of that catalyst control 
can easily be overcome by errors in calculation (up to ~ 1 
kcal/mol).11 Although higher levels of theory could in principle 

Figure 1. Process for model development for the asymmetric 
Negishi reaction catalyzed by BI-type phosphines 
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resolve this challenge, these methods are prohibitively expen-
sive for complex substrates and catalysts. 
    Herein, we report a more accurate approach to predicting the 
ΔΔG‡ by upgrading DFT transition state calculations with a 
feed forward neural network (NN). The workflow developed 
herein is applied to the asymmetric Negishi reaction, but in prin-
ciple could be applied to a wide range of catalytic asymmetric 
reactions (Figure 1E). By extracting a maximum amount of in-
formation from each datapoint through the use of transition state 
calculations, training on larger datasets can be avoided. With 
this approach, our method succeeds with a deliberately small 
training set (17 data points) that is a comparable size to many 
publicly available datasets. 
    Traditionally, machine learning (ML) models employ the use 
of hundreds, if not thousands, of data points for training.12 This 
type of data is typically accessed by searching through chemis-
try databases for relevant reactions or obtaining data through 
high throughput experimentation (HTE).13 While these data col-
lection methods are valuable tools for creating large datasets, a 
few immediate challenges have become prevalent; (1) data 
available on chemistry databases can be inconsistently cata-
logued14, (2) oftentimes only positive results from experiments 
are reported whereas failures are not, which can greatly limit 
the training space for models15, and (3) generating large datasets 
via HTE can be difficult due to the necessity of sophisticated 
equipment for reactions with harsher conditions. These prob-
lems are a common challenge faced by the modeling commu-
nity, and while using smaller datasets has been a successful ap-
proach when using multivariate linear free energy relationships 
(MLFERs)13, 16, using small datasets in ML has yet to be fully 
explored. 
    The choice of the supporting ligand for the Negishi cross-
coupling reaction is crucial for a highly enantioselective out-
come.17 Patel and co-workers3 recently reported a method for 
the Pd-catalyzed asymmetric Negishi cross-coupling of tetra-
ortho-substituted biaryls in good yield and enantioselectivity 
(Figure 1A). They reported 17 ligands that shared a common 
backbone structure for the Negishi cross-coupling.  Several 
qualitative and generalizable conclusions were drawn to inform 
catalyst design. They found that the use of bulkier substituents 
at C2 and electron-donating groups on the lower aryl ring re-
sulted in higher enantioselectivity (Figure 1A). Although indi-
vidual variables correlated to higher enantioselectivity, combin-
ing these variables together did not inform the optimal structure 
or properties of the ligand.	While the optimal ligand did require 
greater electron donating properties on the lower aryl ring, a 
bulky group at the C2 position was not required. To understand 
this phenomenon, Patel and co-workers performed DFT calcu-
lations for 2 of the 17 ligands and concluded that shorter bond 
distances between the Pd and O of the lower aryl ring (Figure 
1A) could be associated with the lower barrier to achieving the 
S isomer. This study provides a fascinating mechanistic frame-
work for considering further ligand design but was not able to 
provide quantitative predictions. 

Computational Methods 
    Transition state energies for these 17 ligands were calculated 
in the gas phase using DFT at the B3LYP/6-31G(d,p) level of 
theory and the LANL2DZ pseudopotential for Pd. To refine the 
calculations, single-point energy calculations were performed 

at the  M06/6-311+G(d,p) level of theory and the LANL2DZ 
pseudopotential for Pd. Human inspection of these geometries 
was conducted to identify potentially significant features to de-
scribe enantioselection. Geometries and other computed prop-
erties were correlated to efficiency. Figure 2A highlights some 
representative features and a complete list can be found in the 
Supporting Information (Table SI-X). 
    The features included geometric features that attempt to de-
scribe to what extent the ligand impacts the spatial organization 
of the substrates. These descriptors included the extent to which 
Pd was projected out of the plane defined by its ligands (Figure 
2A, Planarity), the extent to which the ligand is oriented to-
wards one of the substrates as defined by deviation from a reg-
ular Y-shaped complex (Figure 2A, Y-ness), and other bond 
lengths and angles. The most significant geometric features 
were the bond length between C2 and P, how far Pd was puck-
ered from the plane, and the bond angle between P-C4-C5. In 
addition to geometric features of the TS, electronic features 
were also analyzed (Figure 2D). Analysis revealed that the at-
oms that experienced the strongest correlation to selectivity in 
terms of electronic features were P and the C2 of the oxaphos-
phole or azaphosphole ring. This result is in good agreement 
with experimental observations as C2 substitution was required 

Figure 2. (a) Unique features to the asymmetric Negishi re-
action (b) Correlation of the bond angle between P, Pd, and 
the projected Pd to selectivity (c) Correlation of electronics 
of C2 to selectivity (d) Correlation of dispersive interaction 
between substrates to selectivity (e) Correlation of the devia-
tion from a regular Y-shape to selectivity 



 

 

3 

for good selectivity. Additionally, attractive dispersion was in-
vestigated by computing this feature by the method of Peng Liu 
and co-workers.18 While dispersion has been found to be im-
portant in asymmetric catalysis, to the best of our knowledge it 
has not been used as a feature for a neural network to describe 
the efficiency of a catalytic asymmetric reaction. Multiple dis-
persive interactions between the ligand and substrates were 
identified and studied (Figure 2D). While significant correlation 
was observed (R = 0.46), this was not one of the highest levels. 
Although dispersive interactions are evidently important based 
on the magnitude of these values (e.g. R2 = 0.32, 0.21), this fea-
ture did not vary in a useful way across the ligands in this da-
taset. 

Results and Discussion 
Neural Network Architecture 
    With the features in hand, we sought to build a feed forward 
neural network with this small dataset. Our approach was to first 
develop a series of high performing models and then evaluate 
those models with two additional experimentally obtained da-
tasets. Due to the small size of the training set, all models were 
trained with the leave-one-out (LOO) cross-validation method. 
Overfitting was evaluated through these plots, input of random 
data, and by evaluating how closely the slope approached the 
expected value (m=1),  as well as the R2, and the RMSE.  
    Recognizing that a larger number of features would result in 
overfitting, our objective was to use a minimal number while 
maintaining model performance. Faced with the challenge of 
paring down the input features to the number of literature ex-
amples (17 or less), a few methods were evaluated by Samman 

Mapping, Principal Component Analysis (PCA), and manual 
selection (Figure 3). Reducing the number of input features to 
15, Samman Mapping (RMSE = 18.6) and PCA (RMSE = 12.9) 
were less effective than manual selection (RMSE = 6.9) as man-
ual selection involved human inspection of the correlation be-
tween the features and selectivity. 
    Now that the input features to the model were determined, 
the hyperparameters of the model were fine tuned.19 We began 

by comparing the performance of different activation functions 
in the hidden layers.20 The sigmoid and hyperbolic tangent func-
tions gave the worst performance (Figure 3). Rectified linear 
unit (ReLu), softplus, and Leaky ReLu all produced similar 
RMSEs, with ReLu having the lowest (6.9). A version of the 
NN was also created with no activation functions, which essen-
tially becomes a linear regression. This method saw a higher 
RMSE (7.8) compared to using the ReLu activation. This result 
indicates that introducing non-linearity to the model afforded 
better predictions. Additionally, we examined the model perfor-
mance by tuning the number of hidden layers and the number 
of neurons in the hidden layers.21 However, changing these var-
iables did not result in significant performance changes of the 
model, so our final architecture utilized two hidden layers with 
15 nodes in each of the layers (Figure 3).  
Model Validation 
    In addition to employing LOO cross-validation, a number of 
other tests were used to evaluate for overfitting. A series of ran-
domization tests, including Y-shuffling (shuffling the labels) 
and X- and Y- randomization (generating random inputs and 
labels) afforded models with high RMSEs and no correlation 
(RMSE = 32.5, R2 = 0.0) (see SI). These results suggested the 
model was capturing chemical meaningful information from the 
data. 
    With the final architecture of the NN defined, 5 versions of 
the model were created. Each of these 5 models is representa-
tive of a different metric to evaluate enantioselectivity. These 
metrics include enantiomeric excess (ee), enantiomeric ratio 
(er), the natural log of the er (ln(er)), the S-selectivity and the 
R-selectivity. To determine which one of these models provided 

the best predictions, 10 validation ligands were evaluated with 
each of the 5 models. The ligands were selected for their ready 
availability without any consideration made for how they may 
perform. For reasons that are not clear at this juncture, we de-
termined that the model that predicted S-selectivity gave the 
best predictions (Figure 3). Because we fit the 10 validation 
points to the data when choosing our final model, we performed 

Figure 3. Evaluating the performance of the feed forward neural network based on fine-tuning of the activation function, feature 
selection, number of hidden layers, and number of nodes in the hidden layers. The final performance of the model on the training 
and validation sets is shown on the right. 
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a second validation with three additional ligands. The enanti-
oselectivity of these ligands was also predicted by our model in 
good error (RMSE = 7.73) (Figure 3). 
Comparing Different Approaches to Modeling 
    To highlight the efficacy of modeling by the approach de-
scribed herein, we compared our approach to several commonly 
defined approaches that are successful with larger datasets. Fig-
ure 4A shows the correlation for the validation sets for our DFT-
ML approach. This approach is compared to a model built by 
using features derived exclusively from the ligand. As illus-
trated by the representative plot in Figure 4B, this approach only 
resulted in regression to the mean. 
    A less resource-intensive semi-empirical method (GFN2-
xTB) was also applied to the model.22 Due to limitations with 
these calculations, pseudo-TSs were located by traversing along 

the reaction coordinate by locating the highest energy point as 
the distance between coupling carbons was decreased. Model-
ing with these geometries and features calculated by DFT was 
met with more limited success (RMSE = 12.0, Figure 4C). For 
example, experimental results revealed that C2 substitution was 
required for good selectivity. While our DFT-ML model cap-
tured this trend, the model built from GFN2-xTB could not: for 
XX (see SI) our calculated er (38.7:61.1) was in good agree-
ment with the experimentally observed value (48.5:51.5), 
whereas the GFN2-xTB model did not (15.3:84.7). This may 
indicate that the accuracy of the DFT geometries is essential for 
estimating the electronic properties imparted by the ligand.  
    We also compared our ML method to the traditional DFT ap-
proach of calculating er from ΔΔG‡ according to the Gibbs 
equation. As shown in Figure 4D, the limited extent of correla-
tion observed highlights the challenge of correlating enantiose-
lectivity to purely DFT-calculated energies. Like the GFN2-
xTB model, the purely DFT approach was unable to capture the 

importance of substitution at C2. A ligand that lacks a substitu-
ent at C2, XX (see SI), is predicted to have high selectivity by 
the purely DFT approach (100:0), yet a relatively low level of 
selectivity is experimentally observed (47:53). In contrast, the 
DFT-ML model, identifies this counterintuitive selectivity se-
lectively with a predicted er of 53.4:46.6. 

Conclusion 
    In summary, we have developed a novel computational ap-
proach to predict enantioselectivity in asymmetric catalysis. Us-
ing molecular features and relatively inexpensive DFT calcu-
lated TSs as inputs for a NN allow for the accurate predictions 
of ligand efficiency in the Negishi cross-coupling reaction of 
tetra-ortho-substituted biaryls. The DFT TSs revealed new ge-
ometric, electronic, and attractive dispersive interactions that 
correlated well to selectivity. We conjecture that the input fea-
tures indicate how early or late the TS is along the C-C coupling 
coordinate, which in turn predict the extent of selectivity more 
precisely than simply relying on TS energies. The workflow de-
fined herein outperforms traditional approaches to modeling; 
including using features of only the ligand, semiempirical cal-
culations, and linear regression of DFT calculated ΔΔG‡. It is 
anticipated that this approach could be broadly applied to asym-
metric reactions with well-defined enantiodetermining steps 
even with data sets the small size of this one (17) and other pub-
licly available datasets 
 
Email: timothy.newhouse@yale.edu and victor.ba-
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