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Abstract 

In the past decade, machine learning has emerged as a powerful tool to predict reaction 

outcomes. However, mechanistic interpretability of the constructed machine learning 

models remains limited due to the use of domain-specific and often arbitrary descriptors. 

Herein we demonstrate that an energy descriptor comprising the energies of the possible 

intermediates in the reaction system serves as a suitable descriptor for the construction 

of an interpretable machine learning model for mechanistic elucidation. The energy 

descriptor was calculated using the single-component artificial force induced reaction 

(SC-AFIR) method, which autonomously and comprehensively searches for 

intermediates of a target reaction, and subsequently used to train machine learning 

models for reaction yield prediction. Linear models with regularization showed good 

predictions for the hold-out samples (RMSE < 7% yield) and the coefficients of the 

models provided information on how the energies of the intermediates should be 

adjusted to enhance the reaction yield. This work highlights the utility of energy 

descriptors in constructing mechanistically interpretable machine learning models for 

predictive tasks in chemistry. 
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Introduction 

    Over the past decade, machine learning has emerged as a powerful tool for 

predicting reaction outcomes and accelerating reaction optimization.1  In a typical 

machine learning workflow, input molecules are first transformed into feature vectors.2 

Molecular fingerprints, along with physical, chemical, and quantum chemical features, 

are commonly employed for this vectorization.3 More advanced approaches incorporate 

molecular stereostructure and graph-based message passing techniques.4 Additionally, 

SMILES representations have played a key role in enabling the use of language models 

for reaction outcome prediction.5 These molecular descriptors are employed as inputs 

for machine learning models, which are trained by minimizing predefined loss functions 

to accurately predict target variables. A range of models including linear regressors, 

decision trees, and neural networks are frequently used to predict reaction selectivity 

and yield. However, the mechanistic interpretability of these models remains limited, 

owing to the use of domain-specific and often heuristically chosen descriptors. 

Although the feature importance can be extracted from the machine learning model for 

interpretation, these values do not necessarily correspond directly to chemically 

meaningful aspects of the reaction.6 

    Based on this underlying problems associated with interpretability, we sought to 
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investigate the potential of using the energies of the possible intermediates in the 

reaction system as descriptor. This design is based on the empirical Bell 

(Brønsted)-Evans-Polanyi (BEP) relationship, which assumes a linear relationship 

between the activation energy and the free energy, in which kinetic information is 

stipulated based on thermodynamic information.7 This approach would simplify the 

workflow by circumventing the use of transition state energies. 8  Despite this 

straightforward design, the utilization of descriptors constructed by the energies of the 

intermediates has been a great challenge due to the difficulty of determining the 

energies of the possible intermediates present in the reaction mixture. To obtain the 

"energy descriptor", we decided to use the single component-artificial force induced 

reaction (SC-AFIR) method, available through the Global Reaction Route Mapping 

(GRRM) program,9 which is one of the most powerful methods to search reaction 

paths.10 Starting from a single input file specifying the initial reactants, the program 

iteratively selects two fragments within an intermediate and applies an artificial force to 

induce a reaction and generate a reaction path. This iterative process, guided by kinetic 

navigation, results in the construction of a network of realistic reaction paths. The 

resulting reaction path network contains a sufficient number of relevant intermediates to 

describe the outcome of the target reaction. By using this energy descriptor for machine 

learning, the feature importance derived from the machine learning model can be 

directly associated with specific intermediates, thereby providing insights into which 

species play critical roles in the reaction mechanism. 

    Figure 1 outlines a workflow of the construction of an interpretable machine 

learning model for yield prediction utilizing the energy descriptor calculated by the 

SC-AFIR method. First, the SC-AFIR method was applied to the initial reactants of a 

model reaction to obtain the reaction path network of energetically accessible 

intermediates. Next, substituents were introduced to the identified intermediates, 

followed by single-point energy calculations and geometry optimizations. The resulting 

energies were organized into a matrix, with columns representing the intermediates and 

rows corresponding to the various combinations of substituents. In parallel, an 

automated robotic platform (Chemspeed SWING) was employed to carry out the 

reactions with the substituents to afford experimental yields. The obtained yields were 

aligned to a vector, with its length matching the number of substituent combinations. 

Then, a machine learning model was constructed between the energy descriptor and the 
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experimental yields. In this work, we preferably investigated linear models such as 

ordinary least squares (OLS), partial least squares (PLS), Ridge, and Lasso regressions 

because of the limited number of data points.11 Leave-one-group-out cross-validation 

(LOGOCV) was used to assess the ability of the model to predict reaction yield for the 

holdout samples.12 Furthermore, the number of explanatory variables was reduced by 

recursive feature elimination (RFE) so that less important intermediates for yield 

prediction would be excluded in the subsequent steps.13 Finally, the intermediates that 

play key roles in determining the reaction yield were identified based on the coefficients 

of the linear model. This workflow enables the construction of a machine learning 

model capable of predicting reaction yields while simultaneously providing mechanistic 

insight through the analysis of feature importance. 

 

 
Figure 1. The workflow of using the energy descriptor for the construction of machine 

learning models and the extraction of mechanistic information. The automated 

calculation by GRRM identifies intermediates (Int1, Int2, … IntM) and their energies 

with different substituents (En1, En2, … EnM). A robotic system performs the reaction, 

providing experimental yields (Y1, Y2, … YN). 
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Results and Discussion 

    To demonstrate the effectiveness of this workflow, we first selected a model 

reaction that is easy to perform and analyze. We applied this approach to the 

palladium-catalyzed oxidative C–H alkenylation of simple arenes with 

electron-deficient alkenes using amino acid and pyridone as ligands, both of which are 

commercially available. 14  The dual-ligand system facilitated rapid screening of 

multiple reactions through the preparation of stock solutions for each ligand. 1 equiv of 

o-xylene was reacted with 2 equiv of ethyl acrylate in the presence of 10 mol % of 

Pd(OAc)2 as a catalyst, 20 mol % of mono-protected amino acid (MPAA) and 20 mol % 

of pyridone as ligands, and 3 equiv of AgOAc as an oxidant in HFIP at 100 °C for 24 h 

under air in the well of the robotic platform. Electronically and sterically diverse 8 

MPAAs and 13 pyridones were selected based on their commercial availability. The 

oxidative C–H alkenylation product was obtained in low to high yields with excellent 

E-selectivity and over 94% b-selectivity. 
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Figure 2. Palladium-catalyzed oxidative C–H alkenylation of arenes with 

electron-deficient alkenes using amino acid and pyridone as ligands. 8 MPAAs and 13 

pyridones were selected by commercial availability. 

 

    Next, we applied the SC-AFIR method to the palladium-catalyzed reaction. The 

input file for the model reaction consisted of a molecule of benzene, methyl acrylate, 

palladium/MPAA complex, and pyridone as the initial reactants. The calculation was 

conducted using ONIOM at the level of B3LYP/LanL2DZ for the high layer and UFF 

for the low layer.15,16 14 atoms at which the reaction may take place such as palladium 
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and one of the C–H bonds (as indicated by the red shading in Figure 3a) were 

designated as the high layer and others were designated as the low layer. All reaction 

path searches were guided by the kinetics-based navigation method, where the 

equilibrium structures (EQs) to which the next SC-AFIR procedure is applied were 

selected based on the "traffic volume" determined by the rate constant matrix 

contraction (RCMC) method (see Supporting Information for details). 17  A weak 

universal force was applied to each intermediate to maintain reasonable intermolecular 

proximity. To obtain the energetically accessible intermediates, the SC-AFIR method 

was applied by the following multi-step procedure, in which the kinetics-based 

navigation was altered several times by successively assigning the population to the 

EQs of putative reaction intermediates. First, 500 effective AFIR paths were computed 

from 111 sets of randomly generated initial structures. In the kinetic analyses, the initial 

population (1/n) was assigned to n initial structures. Then, the population of 1.0 was 

assigned to the C–H activation complex with the lowest electronic energy in the 

reaction path network, and 500 effective AFIR paths were further computed to obtain 

the alkene coordination step. Similarly, the population was assigned to the alkene 

coordination complex with the lowest electronic energy, and 500 effective AFIR paths 

were computed to obtain the alkene insertion step. The same procedure was applied to 

the proton transfer, carbopalladation, and b-H elimination steps. For simplicity, we did 
not explicitly include HFIP and Ag(OAc) molecules for the calculation. In total, 2500 

effective AFIR paths were computed to obtain the reaction path network containing the 

productive reaction paths giving the cross-coupling product and other unproductive 

paths. The reaction path network constructed using this multi-step method contained 

3954 intermediates and 7120 transition states including structural conformers (Figure 

3a). By employing the traffic volume and the minimum path algorithms,17 52 key 

intermediates that are kinetically and thermodynamically accessible under the reaction 

conditions were identified. 

    In calculating the energy descriptor, the intermediates were decomposed into 

individual components according to the connectivity of the atoms, which was 

determined using a distance matrix and a predefined threshold based on atomic radii. 

The separated components were subjected to single-point energy calculation and 

geometry optimization, followed by the introduction of a set of substituents. During this 

process, multiple conformers were generated; for example, the introduction of an 

https://doi.org/10.26434/chemrxiv-2025-0qr26 ORCID: https://orcid.org/0000-0003-3593-9723 Content not peer-reviewed by ChemRxiv. License: CC BY-NC 4.0

https://doi.org/10.26434/chemrxiv-2025-0qr26
https://orcid.org/0000-0003-3593-9723
https://creativecommons.org/licenses/by-nc/4.0/


 8 

isopropyl group resulted in three conformers corresponding to 120° rotations around the 

C–C bond. Subsequently, the substituted components were subjected to single-point 

energy calculations and geometry optimizations to determine their respective energies 

(Ea, Eb, Ec in Figure 3b). Finally, these energies were summed to obtain a single energy 

value (i.e. E = Ea + Eb + Ec) and used to construct the energy descriptor. This procedure 

was applied automatically to the 52 key intermediates and all combinations of 

substituents using a Python program. 

 

 
Figure 3. Theoretical calculation and calculation of the energy descriptor. (a) 

Automated reaction path network exploration using SC-AFIR in the GRRM program. 

Target atoms shown in red indicate the atoms to apply the artificial forces. Nodes and 

edges of the graph represent intermediates and reaction paths, respectively. (b) Stepwise 

calculation of the energy used for the construction of the energy descriptor. SP: 

single-point energy calculation, MIN: geometry optimization. 
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    The reactions for all combinations of MPAAs and pyridones were carried out using 

the Chemspeed SWING robotic platform. The heatmap in Figure 4a shows the average 

yields of two runs of the oxidative C–H alkenylation product 3-b. Variations in MPAAs 

and pyridones are represented along the rows and columns, respectively, with observed 

yields ranging from 17% to 70%. Reactions were carried out in wells containing small 

vials, and GC samples were prepared autonomously by passing the reaction mixtures 

through a pad of silica gel (Figure 4b). 

 

 
Figure 4. The model reactions performed on a robotic platform. (a) Experimental yields 

of the oxidative C–H alkenylation product 3-b. The heatmap shows the average yields 

of two runs using various combinations of MPAA (rows) and pyridone (columns). (b) 

The reaction wells of Chemspeed SWING robotic platform used for automating the 

synthesis and screening process. 

 

    With the energy descriptors and corresponding experimental yields in hand, we 

constructed machine learning models to predict reaction yields for holdout samples and 

to gain insights into the mechanism of the reaction. All energy values included in the 

energy descriptor were referenced to the energies of the unreacted intermediates. Due to 

the limited number of data points, we focused on linear models—ordinary least squares 

(OLS), partial least squares (PLS), Ridge, and Lasso regression. Each column of the 

energy descriptor was standardized to unit variance so that the coefficient values can be 

compared directly. These simplified models also contribute to maintaining the 

interpretability of the model. Leave-one-group-out cross-validation (LOGOCV) was 

applied based on pyridone subgroups: one pyridone group was held out for testing, 

while the remaining groups were used for training, and the holdout group was used to 
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assess model performance. To further improve model performance and interpretability, 

recursive feature elimination (RFE) was employed to reduce the number of explanatory 

variables. In RFE, a linear model was first trained using all features (i.e., all columns of 

the energy descriptor). The feature with the smallest absolute coefficient was removed, 

and a new model was trained on the reduced set. This process was repeated iteratively, 

allowing the model to achieve high predictive accuracy with a minimal set of features. 

Figure 5a shows the root mean squared error (RMSE) for both training and test sets 

across the linear models. The optimal number of features was identified at the point 

where the RMSE for the training set was minimized. The RMSE values for the test sets, 

calculated at the optimal feature number, are summarized in Figure 5b. Among the 

models tested, the OLS model exhibited the lowest RMSE for the training set when 

using all features; however, its RMSE for the test set was substantially higher, reflecting 

poor generalization performance due to the absence of regularization. In contrast, the 

PLS model reduced the RMSE for the test set to 7.02% using 21 features, or energies of 

21 intermediates. The Ridge model, incorporating L2 regularization, further lowered the 

RMSE for the test set to 6.20% with 19 features, indicating that this model can predict 

the reaction yield of an unknown pyridone with an accuracy of approximately ±6% 

yield. The Lasso model, incorporating L1 regularization, reduced the number of 

selected features to 14, although the RMSE for the test set did not improve further. 

Figure 5c shows a plot between the experimental yields and the yields predicted by the 

Ridge regression model. The data points exhibit close alignment along the diagonal line, 

indicating strong agreement between the predicted and experimental yields across the 

entire range, from low to high yields. 

    Finally, a Ridge model was trained using the full dataset, from which 11 features 

were selected using RFE. The corresponding model coefficients are shown in Figure 5d. 

Energy contributions of intermediates are represented as either positive or negative, 

offering a clear picture on how the energies of the intermediates should be manipulated. 

The positive coefficients (red bars) indicate that higher energy values for the 

corresponding intermediates are associated with higher reaction yields, while negative 

coefficients (blue bars) suggest that lower energy values are correlated with higher 

yields. For example, increasing the energy of intermediate 271 correlates with higher 

yield, while reducing the energy of intermediate 324 improves reaction performance. In 

both cases, larger absolute values imply that the reaction yields are more strongly 
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influenced by the energy of the corresponding intermediate. 

 

 
Figure 5. Construction of machine learning models. (a) Root mean squared errors 

(RMSE) of linear models for train and test sets. (b) RMSE for the test sets at the number 

of features that gave the smallest RMSE for the training sets. (c) Comparison between 

experimental and predicted yields. (d) Coefficients of the Ridge model trained over all 

data. X axis indicates the number of intermediates. Python programs were used for the 

machine learning studies. 

 

    The feature importance derived from the machine learning model provided insights 

into the reaction mechanism. Figure 6 illustrates a plausible catalytic cycle constructed 

based on the intermediates identified from the coefficients of the Ridge model. The 

values displayed beneath the intermediate numbers represent the coefficients assigned 

by the model. The intermediates shown without coefficients were not selected by the 

model but were included to help connect the selected intermediates. Starting from the 

initial reactants (Int-0), pyridone coordinated to palladium to form a palladium complex 

bearing two ligands (Int-7). The coefficient of Int-7 was +0.50, suggesting that a higher 
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energy of Int-7 is associated with a higher reaction yield. This observation aligns with 

the notion that Int-7 should not be overly stable in order for the subsequent C–H 

activation step to proceed efficiently. Although the C–H activation complex (Int-46) 

was not selected by the model, the coefficient of the intermediate after the olefin 

coordination step (Int-91) was –0.45, suggesting that a lower energy of Int-91 is 

associated with a higher reaction yield. This observation is consistent with the 

understanding that efficient olefin coordination is essential for smooth reaction 

progression. Int-46 may not have been selected because the energy levels of the 

intermediates preceding and following the C–H activation step (Int-7 and Int-91, 

respectively) played a more significant role in determining the reaction yields. The 

coefficients of Int-232 and Int-240 were –0.33 and –0.90, respectively, suggesting that 

these intermediates need to be stabilized. These intermediates feature dechelated 

monodentate coordination of the MPAA ligand. This is in line with the fundamental 

understanding that two substrates must occupy two coordination sites on the 

square-planar palladium center, positioned cis to each other, for the subsequent 

carbometallation step to proceed. On the other hand, the coefficients of other types of 

dechelated palladium intermediates (Int-234 and Int-235) were +0.36 and +0.61, 

respectively, suggesting that these intermediates need to be destabilized. This subtle 

difference is nontrivial, and the method provides valuable insights into the nuanced 

dynamics of ligand coordination. The coefficients of the intermediates preceding and 

following the proton transfer step (Int-240 and Int-324, respectively), in which the 

imidic acid moiety of the MPAA ligand is converted to an amide, were both strongly 

negative, suggesting that the proton transfer step needs to be facile. This is consistent 

with the typical use of a protic HFIP solvent under these reaction conditions.14 Although 

Int-240 and Int-324 had the two most negative coefficients (–0.90 and –0.89, 

respectively) and suggest that these intermediates are involved in the turnover-limiting 

step, these values might include artifacts. This is because the theoretical calculations did 

not explicitly account for the effects of HFIP, and the energy descriptor may lack 

sufficient information to fully capture the energetics of the proton transfer step. In 

contrast, the coefficient of Int-271 was strongly positive (+0.83), indicating that the 

ligand dissociation is not preferred. From Int-324, carbopalladation occurred to give 

Int-357, in which the phenyl group is oriented toward the palladium center. The 

coefficient of the intermediate following the C–C bond rotation (Int-469) was –0.36, 
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suggesting that a lower energy of Int-469 is associated with a higher reaction yield. 

This is in accordance with the requirement that the β-hydrogen must be oriented toward 

the palladium center for the subsequent β-hydride elimination step to proceed. 

Interestingly, the coefficient for the product complex (Int-494) was positive (+0.24), 

suggesting that a higher energy of Int-494 is associated with a higher reaction yield. 

This is consistent with the idea that the product complex must be sufficiently unstable to 

facilitate product dissociation from the palladium center and enable catalyst 

regeneration. Conversely, the coefficient of Int-543 was positive (+0.50), indicating that 

the ligand dissociation should not occur. 

    Without relying on arbitrarily chosen descriptors, the model successfully identified 

key intermediates within the catalytic cycle and off-cycle species that play significant 

roles in determining reaction yield. The resulting coefficients were interpretable and 

consistent with fundamental understanding of palladium-catalyzed C–H activation and 

Mizoroki-Heck reactions. 

 

 
Figure 6. A plausible catalytic cycle constructed based on the intermediates identified 

from the coefficients of the Ridge model. 

 

Conclusions 

    In summary, an interpretable machine learning model that can provide insight into 
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the mechanism of the reaction was constructed using the energy descriptor 

automatically generated by the SC-AFIR method. Linear models performed effectively, 

with the Ridge model providing accurate predictions for the holdout samples (RMSE < 

7% yield). The coefficients of the Ridge model provided information on how the 

energies of the intermediates should be adjusted to enhance the reaction yield. This 

work highlights the synergy of this integrative approach combining theoretical 

calculation, automated synthesis, and machine learning, offering a powerful framework 

for predicting reaction yields and obtaining mechanistic insights. Extension of this 

method to identify improved catalysts and reaction conditions is currently underway in 

our laboratory. 
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