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ABSTRACT: The Buchwald−Hartwig (B−H) reaction graph, a novel graph for deep learning
models, is designed to simulate the interactions among multiple chemical components in the
B−H reaction by representing each reactant as an individual node within a custom-designed
reaction graph, thereby capturing both single-molecule and intermolecular relationship
features. Trained on a high-throughput B−H reaction data set, B−H Reaction Graph Neural
Network (BH-RGNN) achieves near-state-of-the-art performance with an R2 score of 0.971
while maintaining low computational costs. Using a perturbation-based analysis, the model
reveals significant insights into the relationship between bases and reaction yields, identifying
key characteristics of bases influencing yields, which provides valuable guidance for base
selection in the B−H reaction. This work demonstrates the effectiveness of tailored graph
representations in advancing GNN applications for chemical reaction modeling, offering a
promising tool for predicting reaction yield and identifying key reaction factors.

1. INTRODUCTION
In recent years, machine learning methods based on graph
neural networks (GNNs) have emerged as powerful tools in the
field of chemical reaction research.1 Their ability to effectively
represent molecular structures through graph-based modeling
has led to widespread applications in materials science, drug
discovery, and synthetic and process chemistry.2−6 In these
approaches, molecules are typically encoded as undirected or
directed graphs, where atoms and bonds are represented as
nodes and edges, respectively. This representation allows GNNs
to capture complex intermolecular relationships and has
significantly advanced predictive modeling in various chemical
domains.
Probst et al. proposed a GNN framework based on set

representation learning, which significantly improved model
performance by aggregating the outputs of the encoding layer
into a global set representation.7 However, despite the success of
existing GNN-based models, most studies predominantly focus
on single-molecule learning through the construction of
individual molecular graphs for each reactant or product.2,8,9

Although such representations effectively capture local struc-
tural features, they often overlook intermolecular interactions
that are crucial in determining the overall reactivity and outcome
of chemical transformations. This limitation highlights the need
for a more comprehensive and holistic representation of
chemical reactions�one that explicitly incorporates interac-
tions among all participating species.
To address this limitation, Hong et al. proposed a strategy in

which one-dimensional feature vectors, obtained through graph
convolution and pooling operations, are duplicated to create two
identical vectors. These vectors are then subjected to matrix
multiplication, resulting in a two-dimensional representation
that captures the intercomponent interaction information in

chemical reactions.10 While this approach effectively captures
certain aspects of molecular interactions, it tends to produce
high-dimensional feature spaces and lacks the flexibility needed
to analyze the contributions of specific component pairs.
Additionally, it does not provide clear interpretability regarding
which intermolecular interactions are considered most signifi-
cant by the model.
In this work, we propose a novel reaction graph representation

specifically designed for the analysis of Buchwald−Hartwig (B−
H) reaction, which is anticipated to expand to pharmaceuticals,
materials science, and catalysis. As depicted in Figure 1, unlike
conventional approaches that model each reactant separately,
our method treats all participating components as independent
nodes within a unified graph structure, which we define as a
reaction graph. This framework enables GNNmodels to directly
learn from both single-molecule and intermolecular interaction
features, thereby capturing the full complexity of chemical
transformations at the systems level. The various graph
construction strategies were evaluated on Doyle et al.’s data
set.11 By exploring various graph construction strategies and
evaluating their influence on model performance, we demon-
strated that the proposed method achieves strong predictive
accuracy across multiple GNN architectures. More importantly,
the trained model offers interpretable insights into key reaction
features, including the discovery of significant base-related
characteristics and their correlation with reaction yields.
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2. RESULTS AND DISCUSSION
2.1. B−H Reaction Data Set. For our study, we utilized

Doyle et al.’s data set, a data set of Pd-catalyzed C−N cross-
coupling reactions between 4-methylaniline and aryl halides,
illustrated in Figure 2a, as the benchmark for designing and
training neural network models.11−13 This high-quality data set
comprises 3955 B−H reaction yield data points from a high-
throughput experimentation (HTE), provides comprehensive
statistical information that maps the full synthetic space defined
by the studied reaction components, and has been widely
adopted as a benchmark in machine learning studies.14−18

The yield distribution of the B−H reaction HTE data set is
presented in Figure 2b. Analysis of the yield distribution reveals
that most reactions exhibit relatively low yields. Specifically, the
most common yield range is between 0% and 20%, followed by
the 20% to 80% range, with very few reactions achieving yields
above 90% (more details in the Supporting Information, Section
S1.1). Overall, the data set shows an average yield of 32.37% and
a median yield of 27.25%. This imbalanced distribution poses
significant challenges for model training, since more low-yield
cases make the trained model biased toward low-yields, thus
underestimating the reaction yield when predicting.
Additionally, the data structure of the data set is displayed in

Figure 2c. Compounds are represented using the simplified
molecular input line entry system (SMILES).19 The reactions
primarily involve varying aryl halides while keeping 4-
methylaniline as the other reactant constant, and the other

components have a consistent skeleton with different sub-
stituents. Doyle et al. utilized SMILES as the input for the
density functional theory (DFT) calculations of all compounds,
and fed the obtained quantum chemical parameters into the
machine learning model for yield prediction. This method
captures some aspects of quantum chemical properties; the
chemical interactions are neglected.

2.2. B−H Reaction Graph. Given the detailed character-
istics of the B−H reaction data set, it becomes evident that
traditional methods may struggle to fully capture the complex
interactions among different reaction components. To address
these challenges, we treated the five key components of the B−H
reaction�substrate, product, additive, base, and catalyst
ligand�as distinct nodes within a unified graph framework.
Different connection patterns among these nodes were utilized
to reflect the complex intermolecular interactions involved in
the reaction system. This approach requires each component to
be processed independently, with relevant physicochemical
features extracted and assigned to their respective nodes.
Specifically, the Mordred package was employed to compute

molecular descriptors from the SMILES strings of each reaction
component.20 Mordred is widely recognized for its scientifically
sound definitions, which are derived from established QSAR
(Quantitative Structure−Activity Relationships) literature,
thereby ensuring the reliability of the generated features.
These descriptors are primarily based on fundamental atomic
properties such as atomic number, atomic mass, and valence

Figure 1. Schematic illustration of this work.

Figure 2. Introduction of the B−H reaction HTE data set. (a) B−H reaction in the data set. (b) Yield distribution. (c) Data structure.
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electron count, enabling efficient computation of a large number
of physicochemical parameters in a short time.
After computing the feature sets for all five reaction

components, data preprocessing was performed to remove
invalid or noncomputable values. For instance, certain
descriptors related to cyclic structures could not be calculated
for molecules lacking such features, resulting in NAN (not a
number) entries (more details in the Supporting Information,
Section S1.3). Following the filtering of physicochemical
meaningless (redundant parameters with the same value for all
and NAN), the final feature dimensions for each component
were as follows: 1335 descriptors for aryl halides (substrate),
1486 for the product, 1335 for the additive, 1430 for the base,
and 1489 for the catalyst ligand. Since graph neural networks
require consistent feature vector lengths across all nodes, it was
necessary to standardize the dimensionality of these feature sets.
This was achieved through a feature selection strategy rather
than padding, to optimize computational efficiency.21 A
common subset of descriptors was selected for each component
to ensure uniform feature vector lengths while preserving
meaningful chemical information.
To obtain optimally matched feature vectors of equal length

across all reaction components, we processed the feature sets of
each component accordingly. Figure 3 shows that after removing
features with Pearson correlation coefficients above 0.90, the
number of remaining features for the five components in the B−
H reaction becomes more balanced. This facilitates the
subsequent selection of feature vectors with a common length.
Therefore, a Pearson correlation coefficient threshold of 0.90
was selected for final feature screening (more details in the
Supporting Information, Section S1.4 and 1.5).
The observed variation in the number of low-correlation

features appears to be associated with the chemical diversity of

each component. Among the five components, additives are
represented by the most diverse set, comprising 22 distinct
species, which likely contributes to their richer feature space and
higher number of weakly correlated descriptors. In contrast, only
three types of bases are present in the data set, resulting in a
higher proportion of highly correlated features. This observation
suggests that capturing meaningful information becomes
increasingly challenging when the underlying chemical space is
limited.
Based on the above analysis and considering the trade-off

between computational efficiency and model accuracy, we
selected 100 low-correlation features from each component for
representation. To achieve this, we first calculated the pairwise
Pearson correlation coefficients among all descriptors within
each component’s feature set and removed one of the two
features in any pair where the correlation exceeded 0.90. When
choosing which feature to retain from a highly correlated pair, a
random elimination strategy is adopted. This approach not only
simplifies the process but also introduces randomness that
enhances model robustness. Following this procedure, the
feature vector lengths for the five components were reduced to
between 340 and 470. These filtered feature sets were then used
as input to train Random Forest (RF) models, with B−H
reaction yields serving as the regression targets. RF was selected
due to its proven effectiveness in previous studies on the B−H
data set and its favorable balance between performance and
computational cost.11,14 The well-trained RF models were
utilized to rank the importance of individual features for each
component. Based on the feature importance ranking, the top
100 most influential descriptors were selected from each
component’s feature set to form the final feature vectors used
in constructing the B−H reaction graph. This strategy ensures
both the relevance and consistency of the selected features while

Figure 3. Preliminary feature screening based on Pearson correlation coefficients.

The Journal of Organic Chemistry pubs.acs.org/joc Article

https://doi.org/10.1021/acs.joc.5c01400
J. Org. Chem. 2025, 90, 12975−12983

12977

https://pubs.acs.org/doi/suppl/10.1021/acs.joc.5c01400/suppl_file/jo5c01400_si_001.pdf
https://pubs.acs.org/doi/suppl/10.1021/acs.joc.5c01400/suppl_file/jo5c01400_si_001.pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01400?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01400?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01400?fig=fig3&ref=pdf
https://pubs.acs.org/doi/10.1021/acs.joc.5c01400?fig=fig3&ref=pdf
pubs.acs.org/joc?ref=pdf
https://doi.org/10.1021/acs.joc.5c01400?urlappend=%3Fref%3DPDF&jav=VoR&rel=cite-as


significantly improving model training efficiency and predictive
accuracy. By reducing redundancy without sacrificing critical
chemical information, the proposed feature selection method
effectively balances model complexity and performance, laying a
solid foundation for subsequent model development and
mechanistic interpretation. Notably, the feature set for each
component remained unchanged throughout the subsequent
experiments and analyses.
After processing the node features, we explored the graph

topologies for constructing B−H reaction graphs, which serve as
the basis for model training and evaluation.22 As shown in the
left panel of Figure 4, these topologies include star-shaped,
chain-like, cycle, tree-like, and complete configurations. In each
topology, nodes represent individual reaction components
(substrate, product, additive, base, and catalyst ligand), and
undirected edges are used to simulate their interactions.
Wherein, the cycle topology allows for potential exploration of
cyclic or feedback mechanisms within the reaction system; the
completed topology enables all components to interact directly,
offering a comprehensive view of intercomponent effects; the
tree-like structure provides a hierarchical perspective, useful for
understanding branching pathways in complex reaction net-
works. The star-shaped topology assumes one central
component influencing all others, while the chain-like
configuration reflects sequential interactions among compo-

nents. The study of diverse connection patterns provides
complementary perspectives for the model to learn from.
It is worth noting that, apart from the completed topology, the

other four topologies�cycle, chain, star, and tree�are
significantly varied in the placement order of nodes. Given the
vast number of possible permutations among these graph
topologies, a random assignment strategy was adopted in node
labeling to balance computational cost and generalization. This
approach not only reduces the complexity of the experiments
but also enhances the robustness of the model by introducing
stochasticity. Also, a custom-designed topology based on
chemical knowledge was proposed. This novel architecture,
denoted as the B−H reaction graph (right panel of Figure 4),
subsequently served as the foundation for further comparative
analysis.

2.3. Reaction Graph Neural Network. To effectively
process the B−H reaction graph, we designed the reaction graph
neural network (RGNN) based on our previously proposed
Graph Attention Network Unit (GATU) for yield prediction.18

As illustrated in Figure 5, the feature vectors representing each
reaction component are first assigned to their corresponding
nodes in the graph.
The model employs two graph convolution operations, which

leverages self-attention mechanisms to enhance the model’s
ability to learn from key features across the graph. To preserve
information from both convolution operations, a residual

Figure 4. Common topological reaction graph (left) and the defined B−H reaction graph (right).

Figure 5. Framework of the reaction graph neural network (RGNN).
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connection is applied. This combined vector is then processed
through max-pooling and min-pooling layers, followed by
concatenation to retain more of the original feature information.
The resulting one-dimensional vector is subsequently passed
through a fully connected layer for dimensionality reduction,
completing the final regression task. To mitigate overfitting, a
Dropout layer is incorporated into the framework, randomly
deactivating a portion of neurons during training. This strategy
not only introduces stochasticity but also improves model
robustness by encouraging the learning of more generalized
feature representations. Through this architecture, the model is
capable of capturing complex relationships among different
reaction components while maintaining strong generalization
performance and stability. It is worth noting that other
topological reaction graphs also utilize this framework for
comparison.

2.4. Model Training and Evaluation. The B−H data set
was randomly split into train and test sets, with 70% of the data
used for training and the remaining 30% for testing. This split
facilitates comparison with prior work and effectively validates
the superiority of our approach.11 Five times random splits
between the train and test sets were conducted for model
performance evaluation to ensure result reliability. Wherein, the
coefficient of determination (R2), root-mean-square error
(RMSE), and mean square error (MAE) are utilized as
evaluation metrics. Hyperparameter optimization was per-
formed using grid search (details in the Supporting Information,
Section S2.1).
Figure 6 presents the performance of models trained on

different topologies. The model using a custom-designed B−H
reaction graph (shown on the left of Figure 6, red curve)
demonstrated faster, smoother convergence and achieved the

highest final R2 value (More details in the Supporting
Information, Section S2.3).
Table 1 provides detailed model performance metrics for

comparison, showing that all five topologies yield R2 values
exceeding 0.94, indicating the effectiveness of the BH-RGNN
model. Among the five common topologies, the tree-like
structure achieved the best performance with an R2 value of
0.965, while the fully connected topology, despite having the
most bidirectional edges, exhibited the lowest R2 of 0.943. This
intriguing finding suggests that higher connectivity and
interaction frequency between nodes do not necessarily
correlate with better model performance. Specifically, simpler
structures like the tree-like or chain-like topologies, which have
only four bidirectional edges, outperformed more complex
networks, achieving R2 values of 0.965 and 0.960, respectively.
This phenomenon implies that simpler network architectures
may be more effective in handling data sets with outliers, as
overly complex networks can propagate misleading information,
negatively impacting prediction accuracy.22 Models of the
complete type, which have the most bidirectional edges, exhibit
the lowest R2 of 0.943. In contrast, tree- and chain-type models,
with fewer bidirectional edges, achieve higher R2 values of 0.965
and 0.960, respectively. And experimental results show that the
model using this streamlined B−H reaction graph achieved
superior performance, with an R2 value of 0.971 on the test set,
outperforming all other configurations. These findings demon-
strate that our custom-designed B−H reaction graph with only
one bidirectional edge connecting the substrate and product
nodes reduces unnecessary complexity, making the model more
accurately capture intercomponent interactions and limit the
spread of erroneous information, thereby enhancing predictive
performance.

Figure 6. Performance of the model under different topological reaction graphs (left), and performance of the B−H reaction graph model (right).

Table 1. Performance of the BH-RGNN Model with Different Topological Reaction Graph Data

topological graph train evaluation metrics test evaluation metrics

R2 RMSE MAE R2 RMSE MAE

chain 0.983 ± 0.004 0.036 ± 0.004 0.024 ± 0.001 0.960 ± 0.006 0.054 ± 0.003 0.037 ± 0.001
cycle 0.986 ± 0.002 0.032 ± 0.001 0.027 ± 0.001 0.957 ± 0.007 0.056 ± 0.004 0.038 ± 0.002
tree 0.990 ± 0.002 0.027 ± 0.003 0.020 ± 0.002 0.965 ± 0.007 0.051 ± 0.004 0.036 ± 0.002
star 0.984 ± 0.004 0.034 ± 0.004 0.023 ± 0.002 0.955 ± 0.007 0.057 ± 0.003 0.040 ± 0.002
complete 0.980 ± 0.003 0.039 ± 0.003 0.027 ± 0.002 0.943 ± 0.006 0.065 ± 0.002 0.044 ± 0.001
B−H reaction graph 0.998 ± 0.001 0.012 ± 0.001 0.009 ± 0.001 0.971 ± 0.006 0.046 ± 0.004 0.031 ± 0.002
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We investigated the impact of randomly permuting the node
assignments corresponding to reaction components under the

same topology, as shown in Figure S19 in the Supporting
Information. Table S11 shows that such node permutations have

Table 2. Comparison of BH-RGNN with Other Models on the B−H Reaction HTE Dataset

test evaluation metrics

model input R2 RMSE MAE

RF DRFP13 0.928 ± 0.002 0.073 ± 0.001 0.049 ± 0.001
XGBoost DRFP13 0.946 ± 0.005 0.063 ± 0.003 0.042 ± 0.001
GAT26 graph 0.911 ± 0.036 0.080 ± 0.018 0.056 ± 0.011
yield-BERT15 SMILES 0.951 ± 0.005 0.058 ± 0.004 0.054 ± 0.003
yield-GNN9 graph, physicochemical parameters 0.961 ± 0.005 0.040 ± 0.002
multimodal BERT27 SMILES, physicochemical parameters 0.959 ± 0.005 0.055 ± 0.003
MMHRP-GCL18 SMILES, graph 0.968 ± 0.002 0.049 ± 0.002 0.034 ± 0.001
uncertainty-aware GNN8 graph 0.974 ± 0.001 0.044 ± 0.001 0.029 ± 0.001
BH-RGNN (this work) B−H reaction graph 0.971 ± 0.006 0.046 ± 0.001 0.031 ± 0.001

Figure 7.Model-based interpretation of the Buchwald−Hartwig reaction graph. (a) Importance of edges in the reaction graph. (b) Node importance
(left) and mean importance per sample across nodes (right).
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minimal effect on model performance, with R2 ranging from
0.965 to 0.971. Therefore, when designing reaction graphs for
optimal performance, the choice of topological connectivity
should be the primary consideration, followed by the specific
assignment of components to nodes.
We also tested the BH-RGNN using molecular fingerprints as

input features. Five common 100-dimensional molecular
fingerprints were utilized: Atom Pairs, Avalon, Morgan, RDkit,
and Topological Torsions.23−25 Table S12 shows that, except for
RDkit fingerprint, usingmolecular fingerprints slightly improved
model performance, with R2 ranging from 0.973 to 0.975.
However, molecular fingerprints provide limited interpretability
for deriving chemical insights. Therefore, in this study, we focus
on the more interpretable Mordred physicochemical descrip-
tors.
To further validate the effectiveness of the proposed method,

the BH-RGNN model trained on the B−H reaction graph was
compared with existing state-of-the-art models. As shown in
Table 2, the results demonstrate the superior performance of
BH-RGNN based on the custom-designed B−H reaction graph.
BH-RGNN achieves a near-state-of-the-art performance with an
R2 of 0.971, and RMSE and MAE values of 0.046 and 0.031,
respectively, on the test set, using only non-DFT-derived
physicochemical descriptors within the proposed custom
topology and a single graph modality. It should be noted that
while our model achieves high predictive performance on the
B−H HTE data set, prior studies have demonstrated that such
strong performance may be partly attributed to the relatively
narrow and highly optimized chemical space inherent in this
data set. For instance, the limited diversity of reaction
outcomes�featuring only a few core C−N coupled prod-
ucts�can contribute to enhanced model accuracy. As shown in
previous work, predictive power often declines significantly
when models trained on such specialized data sets are applied to
more diverse, real-world reaction data.9 This outperforms
models that rely on potentially computationally expensive
DFT-based features or complex multimodal architectures,
demonstrating both the validity of our approach and the
potential of well-designed graph representations combined with
appropriate model design. Although Kwon et al. developed an
uncertainty-aware graph neural network and reached an R2 of
0.974 under the same model evaluation method, their model
used overly simplistic atomic and bond features, which made it

difficult to gain a deeper chemical interpretation than BH-
RGNN.8

2.5. Model Interpretation and Analysis. To further
investigate the interpretability of the BH-RGNN model, we
employed perturbation-based approaches.28,29 Specifically, we
set the portions of the target data to zero, and the modified
inputs were fed into the model to evaluate the resulting
predictions. The importance score of the masked portion was
then quantified by computing RMSE between the predicted and
true values. A higher change in RMSE indicates a more critical
role of the masked component in the model’s prediction.
As shown in Figure 7, edge masking was first applied to the

custom-designed B−H reaction graph. The experimental results
reveal that the bidirectional edge between the substrate (aryl
halide) and the product exhibits the highest importance, with a
value of 0.16. In contrast, the importance of other edges is
generally below 0.1. Further analysis along the pathway from the
substrate through the base and catalyst ligand to the product
shows that the three unidirectional edges have importance
scores of 0.04, 0.06, and 0.07, respectively. Their combined
importance reaches 0.17, nearly matching that of the substrate−
product bidirectional edge. Additionally, the edge importance
between the additive and other components ranges from 0.06 to
0.08, showing relatively uniform contributions. These findings
suggest that the model can effectively identify the relative
importance of different edges. However, this study does not
address the question of how to determine the optimal
topological configuration for model performance. As such, we
do not delve into defining or searching for the ideal B−H
reaction graph. Future work exploring the precise identification
of the optimal graph structure, in combination with the
techniques proposed here, could offer a deeper mechanistic
understanding of data derived from unknown reaction systems.
Node masking analysis was performed on the five different

reaction components to evaluate their relative importance
within the model. The results indicate that the substrate is the
most critical component, followed by the additive, while the base
exhibits the lowest importance. Notably, the diversity of
additives (up to 22 types) in the B−H data set may significantly
influence the importance analysis. Despite the low number of
base types (only 3), their cumulative importance score of 0.10
corresponds to an average importance of approximately 0.03 per
sample�almost the highest among all components�indicating

Figure 8. Model-based interpretation of the bases in the B−H reaction: node importance (left) and MATS4d value (right).
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a non-negligible contribution (Figure 7b). This suggests that
even with limited diversity, bases meaningfully influence the
reaction yield.
The BH-RGNN model was used to assess the importance of

individual features within each node through feature masking.
We conducted masking analysis on the features of the five
components: aryl halides, additives, catalyst ligands, products,
and bases. For each component, the top ten most important
features were ranked. The experimental results show that for aryl
halides, additives, catalyst ligands, and products, the importance
scores of the top ten features are relatively close, differing by
approximately 0.01 (more details in Section S3.1 in the
Supporting Information). Moreover, the positions of the most
important features can vary across repeated experiments,
presenting challenges for deeper analysis. However, the model
provides stable importance rankings specifically for bases,
suggesting consistent predictive insights for this component.
As shown in Figure 8 (left), among the features of bases

involved in the B−H reaction, MATS4d was identified as the
most influential descriptor, with a significantly higher
importance score compared to other features.30,31 MATS4d is
defined as the Moran autocorrelation coefficient of lag 4,
weighted by the number of sigma (valence) electrons on each
atom. This descriptor reflects the spatial pattern of valence
electron density across the molecular structure, particularly
capturing electronic correlations between atom pairs separated
by four bonds.
We conducted a more in-depth investigation into the role of

bases in the B−H reaction by analyzing the MATS4d value. In
the data set, three bases were employed: Phosphazene base P2-
Et, BTMG, and MTBD, which participated in 1320, 1318, and
1317 reactions, respectively. To explore the relationship
between the MATS4d values of these bases and the
corresponding reaction yields, statistical analysis was performed
on reactions involving each base. As illustrated in Figure 8
(right), a clear trend emerges: when sufficient data is available,
lower MATS4d values generally correlate with higher median
reaction yields across the HTE reaction scope. Specifically, as
the MATS4d value decreases from −0.21 to −0.36, the median
yield increases from 17.33% to 41.45%. In this context, atoms
with higher valence electron counts�such as carbon and
nitrogen�contribute more significantly to the descriptor value
than hydrogen. Structural analysis of the bases revealed that
those with fewer alkyl groups and reduced molecular complexity
tend to exhibit lower MATS4d values, consistent with a lower
overall valence electron count and less extended electronic
networks. The observed correlation between lower MATS4d
values and higher reaction yields suggests that bases with
simpler, less electron-dense architectures are associated with
improved reaction efficiency.

3. CONCLUSIONS
In this study, we introduced the concept of a reaction graph for
representing chemical reactions. By representing individual
reaction components as graph nodes, we constructed a custom-
defined reaction graph to serve as input data for the B−H
reaction, enabling BH-RGNN to achieve near-state-of-the-art
performance on Doyle et al.’s data set with an R2 of 0.971.
Furthermore, the model variants based on five commonly used
graph topologies all outperformed the upper performance limit
of the conventional RF model. Among these, the Complete
topology yielded the lowest R2 of 0.943, whereas the Tree
topology achieved the highest R2 of 0.965. Notably, the model

was trained using only 100 non-DFT-derived physicochemical
descriptors per node, demonstrating that high-accuracy
prediction of chemical reaction outcomes can be achieved at a
significantly reduced computational cost.
To gain deeper insights into how BH-RGNN interprets the

degree of the B−H reaction yield, we conducted perturbation-
based analyses to evaluate the model’s predictive behavior. The
results show that the model can effectively identify and
differentiate the importance of various edges in the reaction
graph. Furthermore, through feature importance analysis across
all reaction components, we uncovered a meaningful trend:
when sufficient data is available, bases with simpler, less
electron-dense architectures tend to have lower MATS4d
values, which are generally correlated with higher median
reaction yields across the HTE reaction scope.
This finding provides valuable theoretical guidance for

optimizing B−H reaction conditions, particularly in the rational
selection of appropriate bases. It highlights the potential of
combining well-designed graph representations with interpret-
able machine learning models to not only improve predictive
accuracy but also provide chemical insights.
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