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Abstract—Sustainable chemical transformation plays a
vital role in achieving carbon neutrality and promoting green
development, with catalyst design being a key factor.
Traditionally, developing new catalysts involves expensive and
time-consuming trial-and-error experiments or computational
modeling. Although machine learning methods have recently
shown promise in speeding up the process, their "black-box"
nature often makes it difficult to understand how they work or
to design better catalysts based on their predictions. To
overcome this challenge, our study introduces a new
framework that combines the transparency of Graph Neural
Networks (GNNs) with counterfactual analysis. This
combination helps uncover the complex links between a
catalyst's structure and its performance. Specifically, we built
a GNN model capable of accurately predicting both the activity
and selectivity of catalysts. We used the selective
transformation of biomass-based molecules — like 5-
hydroxymethylfurfural — on different metal catalysts as our
test case. To enhance interpretability, we incorporated Grad-
CAM and attention mechanisms, allowing the model to visually
highlight important atomic sites and structural features that
influence how well a catalyst works. On top of that, we used
counterfactual analysis to answer a key question: "What small
changes to the catalyst’ s structure would make it perform
better?" This technique introduces targeted, minimal
modifications to the catalyst model to reveal what
improvements could be made, offering practical insights for
rational catalyst optimization. Our findings show that
combining GNN interpretability with counterfactual thinking
not only delivers accurate performance predictions but also
uncovers structural insights that might go unnoticed by
traditional chemical reasoning. This data-driven approach
presents a promising path forward in the quest for smarter,
greener catalysts— dramatically lowering research costs and
speeding up the discovery of efficient and eco-friendly catalytic
materials.
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I. INTRODUCTION
Driven by the global shift toward cleaner energy and the

goal of carbon neutrality, transforming the chemical industry
into a greener and more sustainable system has become an
unavoidable direction. One of the key strategies is replacing
fossil-based resources with renewable alternatives [1].
Biomass, as the only renewable carbon source available on
Earth, plays a crucial role in this transition. Efficient catalytic
conversion of biomass is therefore essential for building

future systems capable of producing sustainable chemicals
and fuels [2]. However, biomass-derived molecules typically
contain complex structures and multiple oxygen-containing
functional groups. These characteristics often lead to
complicated reaction networks during selective conversion,
which places very strict requirements on catalysts in terms of
activity, selectivity, and long-term stability [3].

Traditionally, the discovery and optimization of catalysts
rely heavily on researchers’ chemical intuition combined
with extensive “ trial-and-error ” experimentation. This
approach is not only time-consuming and expensive but also
inefficient when exploring the enormous combinatorial space
of potential catalytic materials. Although high-throughput
computational approaches, such as Density Functional
Theory (DFT), can assist with theoretical screening, they
usually require significant computational resources and
specialized expertise. As a result, their routine use is often
limited in many research environments [4].

In recent years, machine learning (ML), often referred to
as the “ fourth paradigm of science,” has emerged as a
powerful tool for accelerating the discovery and design of
catalytic materials [5]. By learning the relationships between
structural features and material properties from existing
datasets, ML models can quickly estimate the catalytic
performance of new candidates, significantly reducing the
need for extensive experimental screening. Among the many
ML approaches, Graph Neural Networks (GNNs) have
shown particular promise in materials science and catalysis.
Because they can directly capture the connectivity between
atoms, GNNs naturally represent molecules or crystal
structures as graph data, eliminating the need for manually
crafted physicochemical descriptors [6]. A well-known
example is the Crystal Graph Convolutional Neural Network,
which has been widely used for accurate and interpretable
prediction of material properties [7]. Building on these
advances, GNN-based models have been successfully
applied to predict important catalytic properties such as
adsorption energies, reaction barriers, and catalytic activity,
enabling more efficient catalyst screening [8].

Despite their impressive predictive performance, GNNs
and other deep learning models still face a major challenge:
their “black-box” nature. In catalytic research, scientists
are not only interested in identifying which catalyst performs
best but also in understanding why it performs well and how
its performance can be further improved. When the
reasoning behind a model ’ s prediction is unclear, it
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becomes difficult for researchers to trust the results or to
extract deeper mechanistic insights that could guide catalyst
design. For this reason, developing interpretable machine
learning approaches that reveal how GNNs make
decisions — and how catalyst structures influence
performance—has become an important challenge in data-
driven catalysis research [9]. Current work on GNN
interpretability mainly focuses on methods such as attention
mechanisms, gradient-based explanations, and subgraph
identification. These approaches aim to highlight the atoms,
bonds, or structural fragments that contribute most strongly
to the model ’ s predictions, thereby creating more
interpretable and robust graph-based representations of
molecules [10].

However, while these interpretability methods can
answer the question “ Which structural features matter
most? ” , they are less effective at addressing a more
practical design question: “What specific structural changes
would lead to better catalytic performance?” To address
this limitation, researchers have recently begun exploring
Counterfactual Analysis, an emerging technique in
interpretable artificial intelligence, for molecular and
catalytic systems [11]. Counterfactual reasoning seeks to
identify the smallest possible change to an input that results
in a desired change in the model’s output, providing model-
agnostic explanations and practical guidance for decision-
making [12]. In the context of catalyst design, this means we
can ask: “What minimal modification to a catalyst structure
could transform a low-activity catalyst into a highly active
one? ” Such causal insights can offer concrete and
actionable directions for the rational optimization of catalysts.

In this work, we propose a new framework for rational
catalyst design in sustainable chemical transformations by
integrating advanced GNN models with interpretability
techniques and counterfactual analysis. Using the selective
conversion of a representative biomass platform molecule on
heterogeneous catalysts as a model reaction, we first
construct a high-accuracy GNN model to predict catalytic
performance. On top of this model, we develop a multi-level
interpretability framework that combines attention
mechanisms, gradient-based visualization, and counterfactual
reasoning. The main goals of this study are threefold: (1) to
achieve accurate prediction of catalytic performance, (2) to
identify key structural factors that influence catalytic activity,
and (3) to provide clear and actionable guidance for catalyst
optimization through counterfactual analysis. By moving
beyond traditional “black-box” predictions, this approach
aims to deliver both strong predictive capability and
meaningful mechanistic insights, ultimately accelerating the
discovery and development of next-generation catalytic
materials for a more sustainable future.

II. RELATEDWORK

The application of machine learning in catalytic science
has rapidly developed into an important research direction,
aiming not only to accelerate the discovery of new materials
but also to deepen our understanding of catalytic
mechanisms. In this context, recent studies have increasingly
focused on the use of Graph Neural Networks (GNNs),
advances in interpretability techniques, and the emerging
role of counterfactual analysis as an explanatory framework.

This section reviews these developments and clarifies the
position and contribution of the present study.

A. Graph Neural Networks in Catalyst Design
Catalytic performance is fundamentally determined by

the complex interplay between a catalyst’s atomic structure
and its electronic properties. Classical theoretical
frameworks, such as the d-band model, have long provided
important insights into the electronic origins of catalytic
activity [13]. In traditional machine learning approaches,
researchers typically construct “descriptors” or “features”
to represent these properties. However, designing effective
descriptors requires substantial domain expertise, and
handcrafted features may fail to capture all the critical factors
influencing catalytic performance.

Graph Neural Networks (GNNs) offer a powerful
alternative to this limitation. By representing molecules or
crystal structures as graphs — where atoms are treated as
nodes and bonds or interactions as edges — GNNs can
directly learn structure – property relationships without
relying heavily on manually engineered descriptors. This
ability makes them particularly well suited for catalytic
systems, where structural complexity plays a crucial role.

Several GNN architectures have already demonstrated
strong performance in catalysis-related tasks. For instance,
SchNet employs continuous-filter convolutional layers to
learn atomic interactions and has shown high accuracy in
predicting molecular energies and forces [14]. Directional
Message Passing Neural Networks (D-MPNNs) further
enhance molecular property prediction by incorporating
directional information, allowing the model to better capture
geometric relationships between atoms [15].

For crystalline materials commonly involved in
heterogeneous catalysis, Crystal Graph Convolutional Neural
Networks (CGCNN) and related models encode crystal
structures as graphs, enabling accurate prediction of key
material properties such as formation energy and band gap
[16]. More recently, the Materials Graph Network (MEGNet)
framework has extended this idea by integrating atomic,
bond, and global state information into a unified
representation. This design allows the model to address a
wide range of prediction tasks involving both molecular and
crystalline systems [17].

B. Interpretability of Graph Neural Networks
Despite their impressive predictive capabilities, GNN

models are often criticized for functioning as “black boxes,”
which limits their broader adoption in catalysis research.
Scientists are not only interested in accurate predictions but
also in understanding the reasoning behind them. To address
this issue, a variety of interpretability methods have been
developed for GNN models.

One widely used category involves gradient-based
visualization techniques. Methods such as Gradient-weighted
Class Activation Mapping (Grad-CAM) compute the
gradients of model outputs with respect to internal feature
maps and generate heatmaps that highlight the atoms or
structural regions most responsible for a prediction [18].
These visualizations provide intuitive insights into which
parts of a catalyst structure influence model decisions.

Another influential method is GNNExplainer, which
seeks to identify the most informative subgraph and the most
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relevant node features for a given prediction. By optimizing
an objective function that maximizes mutual information
between the explanation and the original prediction,
GNNExplainer provides a concise and interpretable
representation of the model’s reasoning [19].

More recently, researchers have extended these ideas
toward counterfactual explanations. For example, CF-
GNNExplainer was proposed to generate counterfactual
scenarios for graph neural networks, identifying structural
modifications that would change the prediction outcome [20].
Building on this concept, the DR-CFGNN framework
introduces a completion-aware strategy that improves the
robustness of counterfactual generation in graph structures
[21]. In addition, newly proposed counterfactual masking
strategies have further enhanced chemical interpretability
when analyzing GNN predictions [22]. These explainable
approaches are particularly valuable in catalysis research,
where reliable theoretical datasets — often derived from
Density Functional Theory calculations using widely adopted
software such as VASP—serve as important benchmarks for
model development and validation [23].

C. Counterfactual Analysis for Catalyst Design
In recent years, integrating GNN models with explainable

AI techniques has emerged as a promising direction for
intelligent catalyst design [24]. For example, the
Homogeneous Catalyst Graph Neural Network framework
has been developed as an interpretable tool to guide ligand
optimization in asymmetric catalysis [25]. Beyond predicting
catalytic performance, explainability techniques have also
been applied in related areas, such as using GNN models to
predict X-ray absorption spectra, helping bridge theoretical
simulations with experimental observations [26].

Within the field of biomass upgrading, metal-based
catalysts have been widely investigated for converting plant-
derived feedstocks into renewable fuels and valuable
chemicals [27]. At the same time, many studies have
explored the catalytic conversion of carbohydrates into
renewable chemical products using various heterogeneous
catalytic systems [28]. More recently, machine learning–
driven approaches have been increasingly applied to the
design of single-atom catalysts, particularly for sustainable
CO₂ conversion processes [29].

Overall, although significant progress has been made in
applying GNNs and interpretability techniques to catalysis,
most existing studies still focus primarily on post-hoc
explanations — that is, explaining model predictions after
they are made. Such approaches rarely provide direct
guidance for a priori catalyst design.

The key innovation of this study lies in the deep
integration of GNN modeling, interpretability methods, and
counterfactual analysis within a unified framework, applied
specifically to catalyst design for sustainable chemical
transformations. In addition to leveraging the predictive
capabilities of GNNs and conventional interpretability
techniques to identify important catalytic sites, this work
further employs counterfactual analysis to generate explicit
and actionable structural optimization strategies. In doing so,
it aims to move beyond simply understanding catalytic
behavior toward actively creating improved catalysts,
marking an important step forward in data-driven catalyst
design.

III. METHODOLOGY

To achieve accurate prediction, meaningful interpretation,
and rational design of catalyst performance, we developed an
integrated computational framework that combines a Graph
Neural Network (GNN), an interpretability module, and a
counterfactual analysis module. This section describes the
main components of the framework, including the model
architecture, data preparation, interpretability strategies, and
the approach used to generate counterfactual examples.

A. Overall Framework
The proposed framework, illustrated in Figure 1, consists

of three main stages.

1) GNN Prediction Stage:
In the first stage, the atomic structures of catalysts —

together with their surfaces and the adsorbed reactants or
intermediates — are converted into graph-based
representations. In these graphs, atoms are treated as nodes
and their interactions as edges. A specifically designed GNN
model is then trained on these catalyst graphs to learn the
relationship between structural features and catalytic
performance. The trained model can directly predict key
reaction indicators for a given catalytic system, such as the
yield of a target product or the activation energy of a reaction.
In this study, the selective hydrogenation of 5-
hydroxymethylfurfural (HMF) is used as a representative
example.

2) Interpretability Analysis Stage:
Once the GNN model is trained, an interpretability

module is applied to analyze the factors behind its
predictions. This module integrates two complementary
approaches. The first is an attention mechanism embedded
within the model, which evaluates the relative importance of
neighboring atoms during the message-passing process. The
second is the Grad-CAM (Gradient-weighted Class
Activation Mapping) method, a gradient-based visualization
technique that produces heatmaps highlighting the atomic
sites and structural regions that contribute most strongly to
the model’ s prediction. Together, these approaches allow
us to identify the key structural regions—or “hotspots”—
that influence catalytic behavior.

3) Counterfactual-Guided Design Stage:
After identifying these important catalytic sites, we apply

a counterfactual analysis module to explore potential
improvements in catalyst design. Starting from an existing
catalyst structure, the algorithm searches for the smallest
possible structural modification to the original catalyst graph
that would lead to improved predicted performance. These
modifications may include operations such as atom
substitution, bond addition, or bond removal. The resulting
“ counterfactual ” catalysts represent hypothetical
structures with enhanced catalytic properties, such as higher
reaction yield. By analyzing these counterfactual examples,
the framework reveals practical pathways for improving
catalyst performance and provides clear guidance for future
experimental synthesis and optimization.
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Fig. 1. Schematic of the integrated framework for GNN-based catalyst
design, encompassing three stages: GNN Prediction, Interpretability
Analysis, and Counterfactual-Guided Design.

B. Graph Neural Network Model
To effectively capture the complex interactions between

atoms in catalytic systems, we adopted a modified
Directional Message Passing Network (DimeNet) as the core
architecture of our Graph Neural Network model. Unlike
conventional GNNs that primarily rely on pairwise atomic
distances, DimeNet incorporates directional information such
as bond angles, enabling the model to more accurately
represent the three-dimensional geometric relationships
between atoms. This capability is particularly important for
describing the intricate steric environments that exist on
catalyst surfaces [15].

1) Graph Construction:
For a given catalyst–adsorbate system, the structure is

represented as a graph

� = (�,�) 1

where nodes vi ∈ V represent atoms and edges eij ∈ E
denote the connections between atoms i and j. The initial
feature vector hi

(0) for each node corresponds to a one-hot
encoding of the atomic species. Edge features encode the
interatomic distance and directional information, which are
further expanded using spherical harmonic basis functions to
capture angular relationships between neighboring atoms.

2) Message Passing:
The model learns structural representations through L layers
of message passing. At each layer ⋅ �,, the representation ℎ�

(�)

of node i is updated using information from its neighboring
nodes. Compared with standard GNN architectures, the
DimeNet message passing mechanism explicitly incorporates
both distance and angular dependencies. The update process
can be expressed as:

���
(�+1) = ����(ℎ�

(�),ℎ�
(�),���,���)�∈�(�)∖�

ℎ�
(�+1) = �푢푝푑��� ℎ�

(�),
�∈�(�)

���
(�+1)�

2

where fmsg and fupdate update are learnable functions
implemented as multi-layer perceptrons (MLPs), and N(i)
denotes the set of neighboring atoms of node i. By stacking

multiple message-passing layers, the final representation hi
(L)

captures rich structural and chemical information from the
atom’s multi-hop neighborhood.

3) Prediction Output:
After completing the message passing process, a Readout

function aggregates the final node embeddings to obtain a
graph-level representation hG . This representation
summarizes the overall structural characteristics of the
catalyst system. The aggregated vector is then passed
through a fully connected network to predict the catalytic
performance indicator ypred:

ℎ� = �∈�ℎ�
(�)� 3

�푝푟�푑 =푀��(ℎ�) 4

This output corresponds to the predicted catalytic
property of interest, such as reaction activation energy,
selectivity, or product yield.

C. Interpretability Module
To better understand how the model arrives at its

predictions, we incorporated two complementary
interpretability techniques into the framework.

1) Attention Mechanism:
A Graph Attention (GAT) layer was integrated into the

message-passing network [18]. During neighbor aggregation,
the model assigns an attention coefficient αij to each
neighboring node j, representing its relative importance when
updating the state of the central atom i. By analyzing these
attention weights, it becomes possible to identify which
atomic interactions play the most significant roles in
determining catalytic performance.

2) Grad-CAM:
To provide a broader, more visual explanation of the model’
s decision-making process, we applied the Gradient-
weighted Class Activation Mapping (Grad-CAM) technique
[19]. This method calculates the gradients of the prediction
result y with respect to the feature maps �� of the final
convolutional layer in the GNN. These gradients are globally
averaged to obtain the importance weight �� for each
neuron:

�� =
1
� � �

휕�

휕�
��
��� 5

The Grad-CAM heatmap is then obtained by performing
a weighted linear combination of the feature maps:

��푟�푑−퐶�푀 = 푅��� ���� �� 6

The resulting heatmap highlights the atoms or structural
regions that contribute most strongly to the model’s
prediction, providing intuitive visual insights into the
catalytic sites and interactions that govern the reaction.

D. Counterfactual Analysis Module
The goal of counterfactual analysis is to identify a

counterfactual graph G′ that remains as similar as possible to
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the original graph G, while producing a desired change in the
predicted outcome y′ (for example, shifting from low activity
to high activity). This objective can be formulated as the
following optimization problem [21]:

�푟�min
�'

cost(�,�') + � ⋅ loss(�',���푟���) 7

Here, cost (G,G ′ ) measures the structural difference
between the original and the counterfactual graphs. In this
work, we define this cost as the number of modified atoms or
bonds, which encourages minimal structural changes. The
term loss (y', ytarget) drives the predicted output of the
counterfactual graph toward the desired target value ytarget .
The hyperparameter λ balances the trade-off between
structural similarity and prediction improvement.

Because graph structures are inherently discrete, directly
optimizing the above objective is challenging. To address
this issue, we adopt a gradient-guided approximation strategy.
The key idea is to first apply perturbations in the continuous
graph representation (i.e., node embeddings) and then map
the perturbed representation back to a valid discrete graph
structure. The overall procedure is summarized as follows:

1) Determine the Perturbation Target
Select a catalyst graph G that needs improvement and define
the desired performance target ytarget.

2) Gradient Guidance
Compute the gradient of the target loss with respect to the
initial embedding ℎ�

(0) of a specific atom in the graph. This
atom can be chosen based on prior knowledge or insights
from the interpretability module. The gradient indicates the
direction in feature space that would most effectively change
the prediction.

3) Generate Candidate Perturbations
Guided by the gradient direction, we explore discrete

structural modifications that are likely to improve the
prediction. For instance, if the gradient suggests that
increasing the electronegativity of a particular atom could
enhance performance, we may replace that atom with a more
electronegative element at the same position, generating a
candidate counterfactual graph Gcandidate

'

4) Validation and Ranking
All candidate graphs Gcandidate

' are evaluated using the pre-
trained GNN model. Candidates whose predicted values
meet the target ytarget are considered valid counterfactuals.
These valid samples are then ranked according to the cost
function cost (G,G ′ ), and the one with the lowest
modification cost is selected as the final optimization
recommendation.

IV. DATA AND EXPERIMENTAL SETUP
The reliability of this study depends on the availability of

a high-quality and structurally diverse catalyst dataset.
Rather than performing new computationally expensive
simulations, we curated and standardized a dataset for a
representative sustainable chemical transformation using
publicly available resources and density functional theory
(DFT) results reported in the literature. These DFT-derived
data serve as the labels for training and evaluating our model.

A. Dataset Construction
1) Model Reaction.
As a case study, we focus on the selective hydrogenation

of the biomass-derived platform molecule 5-
hydroxymethylfurfural (5-HMF) on catalyst surfaces. This
reaction involves multiple competing pathways and can yield
several valuable products. For example, hydrogenation of the
C – O bond can produce 2,5-bis(hydroxymethyl)furan
(BHMF), while hydrogenation and hydrogenolysis of the
C=O bond may lead to 2,5-dimethylfuran (DMF). The
coexistence of these pathways makes catalyst selectivity
particularly important and therefore provides a suitable
benchmark for model evaluation.

2) Catalyst Model.
To construct a structurally diverse dataset, we adopt

Single-Atom Alloys (SAAs) as the catalyst model. In this
configuration, an isolated active metal atom (e.g., Ni, Pd, Pt,
or Ru) is embedded in an otherwise inert metal host surface
such as Cu(111). We systematically considered more than 20
different active metal atoms and generated multiple
adsorption configurations for the reactants (HMF and H
atoms) around the active site. In total, this process yielded
approximately 500 unique catalyst–adsorbate structures.

3) DFT Data Sources.
To ensure practicality and reproducibility, no new

geometry optimizations or transition-state calculations were
performed in this work. Instead, we collected catalyst –
adsorbate structures and their corresponding energetics from
previously published studies and publicly available databases,
where standardized computational workflows (e.g., VASP
calculations using GGA functionals such as PBE) are
commonly employed [24]. Using the reported energies of
key intermediates and barrier-related descriptors within the
reaction network, we selected a descriptor that determines
BHMF selectivity: the difference between the hydrogenation
energy barriers of the aldehyde C=O bond and the furan-ring
C–O bond in the HMF molecule (ΔEact ). This quantity is
used as the prediction target for our GNN model (Table I).

B. Dataset Statistics

TABLE I. PRESENTS THE BASIC STATISTICS OF THE DATASET USED IN
THIS STUDY.

Metric Value

Total Samples 500

Training Set
Size 400

Validation Set
Size 50

Test Set Size 50

Number of
Active Metals 20

Range of
ΔE_act (eV) -0.52 to 0.78

Mean of
ΔE_act (eV) 0.12



Published on October 1 th

Vol. 2 No. 4 (2025): Green Design Engineering https://gdejournal.org/

6

Metric Value

Std. Dev. of
ΔE_act (eV) 0.31

C. Experimental Setup
1) Data Splitting.
The dataset containing 500 catalyst–adsorbate structures

was randomly divided into training, validation, and test sets
following an 8:1:1 ratio. Specifically, 400 samples were used
for training, 50 for validation, and the remaining 50 for
testing, as summarized in Table II.

2) Model Training.
The GNN model described in Section 3.2 was

implemented using the PyTorch Geometric library. Training
was performed with the Adam optimizer using an initial
learning rate of 1 × 10−3 and a batch size of 16. During the
training process, the model performance on the validation set
was continuously monitored. An early stopping strategy was
applied to mitigate overfitting by terminating training when
the validation loss no longer improved.

The final model performance was assessed on the held-
out test set using two common regression metrics: Mean
Absolute Error (MAE) and the coefficient of determination
(R2).

V. RESULTS
This section evaluates the predictive performance of the

proposed GNN model and demonstrates how the
interpretability and counterfactual analysis modules provide
insights into structure–property relationships, thereby
offering guidance for rational catalyst design.

A. GNN Model Prediction Performance
After training, the GNN model exhibited strong

predictive capability on the test set. As illustrated in Figure 2,
the predicted energy barrier difference (ΔEact,pred ) shows a
strong correlation with the reference values ( ΔE� act,ref )
derived from curated literature-reported and publicly
available DFT data. The model achieved a mean absolute
error (MAE) of only 0.08 eV on the test set, with a
coefficient of determination ( R2 ) of 0.95. These results
indicate that the model successfully captures the key
structure – property relationships governing catalytic
selectivity from complex atomic configurations. The high
prediction accuracy also provides a reliable basis for the
subsequent interpretability and counterfactual analyses.

Figure 3 presents the training curves of the loss and MAE
during the optimization process. The model converges after
approximately 60 epochs, and the validation loss closely
follows the training loss throughout the training process. This
behavior suggests that the model generalizes well and does
not suffer from significant overfitting.

Fig. 2. Prediction performance of the GNN model on the test set. The
parity plot shows the comparison between the model-predicted
hydrogenation energy barrier difference and the reference values (DFT-
derived labels) curated from publicly available and literature-reported data.
The data points are tightly distributed around the y=x diagonal, indicating
high prediction accuracy.

Fig. 3. Model training curves. (a) Training and validation loss as a
function of training epochs; (b) Mean Absolute Error (MAE) as a function
of training epochs.

B. Interpretability Analysis: Identifying Key Active Sites
To better understand how the model achieves accurate

predictions, we applied the interpretability module to analyze
the learned structure – property relationships. Figure 4
presents the attribution analysis results for the hydrogenation
selectivity of HMF on a representative Pd/Cu(111) single-
atom alloy catalyst.

1) Attention Weights.
By examining the internal attention weights of the GNN

model, we observed that the model assigns high importance
to the C and O atoms in the aldehyde group of the HMF
molecule, as well as to the Pd single atom and its
neighboring Cu atoms on the catalyst surface. This
observation is consistent with chemical intuition, since these
sites correspond to the key regions where the hydrogenation
reaction occurs.

2) Grad-CAM Visualization.
To further interpret the model ’ s decision-making

process, we applied Grad-CAM to visualize the regions that
contribute most strongly to the prediction. The resulting
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heatmap, shown in Figure 4, highlights the Pd single atom
and the aldehyde group of HMF that directly interacts with it.
This indicates that the model recognizes the interaction
between the Pd active site and the aldehyde group as a
critical factor governing catalytic selectivity.

Overall, these interpretability results confirm that the
model captures chemically meaningful features rather than
relying on spurious correlations. Moreover, the identified key
interaction regions provide valuable guidance for identifying
structural sites that may be further optimized in catalyst
design (Figure 5). Figure 6 presents the complete attention
weight matrix, which quantitatively describes the interaction
strengths between different pairs of atoms in the system.

Fig. 4. Interpretability analysis of the Pd/Cu(111) catalyst. (a) Schematic
of the catalyst-adsorbate atomic structure; (b) Grad-CAM heatmap, where
redder colors indicate a greater contribution to the prediction. The heatmap
clearly highlights the Pd single atom and the aldehyde part of HMF.

Fig. 5. Attention weight matrix. The values in the matrix represent the
attention weights between pairs of atoms, with higher values indicating
more important interactions. It can be seen that the Pd atom has the highest
attention weights with the C and O atoms of the aldehyde group.

C. Counterfactual Analysis: Guiding Catalyst Structure
Optimization
Building on the insights obtained from the interpretability

analysis, we further applied the counterfactual module to
explore strategies for improving catalyst performance
through minimal structural modifications. As a case study,
we selected a Ni/Cu(111) catalyst with poor predicted
selectivity and aimed to identify possible optimization
strategies to enhance its BHMF selectivity.

The counterfactual analysis suggested a simple yet
effective modification: replacing the Ni atom at the active
center with a Pd atom. This substitution represents the
minimal structural change required to shift the predicted
catalytic behavior toward the desired target.

To evaluate the plausibility of this recommendation
without performing additional computationally expensive
simulations, we compared the predicted results of the
counterfactual catalyst (Pd/Cu(111)) with independent
reference values reported in the curated dataset and relevant
literature sources. As summarized in Table II and illustrated
in Figure 6, both the model predictions and the reference data
show a consistent trend. Specifically, the GNN-predicted
energy barrier difference increases from − 0.25 eV for
Ni/Cu(111), which is unfavorable for BHMF formation, to
+0.35 eV for Pd/Cu(111), indicating improved selectivity
toward BHMF. The corresponding reference values exhibit
the same directional change, increasing from − 0.22 eV to
+0.38 eV.

These results demonstrate that the counterfactual module
can generate chemically meaningful catalyst modification
strategies while maintaining minimal structural changes,
thereby providing practical guidance for rational catalyst
design.

TABLE II. COMPARISON OF CATALYST OPTIMIZATION RESULTS GUIDED
BY COUNTERFACTUAL ANALYSIS.

Catalyst
GNN

Predicted
ΔE_act (eV)

Reference
ΔE_act (eV) Conclusion

Ni/Cu(111)
(Original) -0.25 -0.22 Poor

Selectivity

Pd/Cu(111)
(Counterfactual) +0.35 +0.38 Good

Selectivity

Fig. 6. Counterfactual analysis results. (a) Comparison of the energy
barrier difference for the original (Ni/Cu) and counterfactual (Pd/Cu)
catalysts, showing high consistency between GNN predictions and
reference values (DFT-derived labels from public/literature sources); (b)
Sabatier volcano plot showing the relative activity of different metals on
the Cu(111) substrate, with the positions of Ni and Pd clearly marked.

This case study clearly demonstrates the practical value
of counterfactual analysis in catalyst design. The approach
not only identifies what structural feature is important— in
this case, the active metal atom—but also provides explicit
guidance on how it should be modified, suggesting the
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replacement of Ni with Pd to achieve improved catalytic
performance.

Such capability represents a crucial transition from
simple model interpretation to actionable design guidance.
By translating model insights into concrete structural
modification strategies, the proposed framework
significantly enhances the efficiency of the catalyst discovery
process and accelerates the cycle of rational catalyst design.

VI. DISCUSSION

The results of this study demonstrate the significant
potential of integrating GNN interpretability with
counterfactual analysis for the rational design of catalysts.
Beyond achieving high-accuracy predictions of catalytic
performance, the proposed framework helps open the
“black box” of deep learning models and provides deeper
insights into the structural factors governing catalytic
behavior.

A. Prediction Accuracy and Model Generalizability
The developed GNN model achieved a prediction error of

less than 0.1 eV on the single-atom alloy catalyst dataset.
This level of accuracy is comparable to — or even better
than — many traditional descriptor-based machine learning
approaches, while avoiding the labor-intensive process of
manually designing descriptors. The strong performance can
largely be attributed to the DimeNet architecture, which
effectively captures three-dimensional geometric
relationships between atoms and therefore learns subtle
structural features relevant to catalytic selectivity.

Although the dataset used in this work focuses primarily
on single-atom alloy catalysts, the overall framework is
inherently flexible and scalable. With appropriate structural
inputs and corresponding performance labels, the approach
can be readily extended to more complex catalytic systems,
such as high-entropy alloys, bimetallic surfaces, or metal–
organic frameworks (MOFs).

B. Interpretability Insights and Consistency with Chemical
Intuition
The interpretability analysis (Figure 3) shows that the

model assigns the highest importance to the active single
atom and its interaction region with the HMF molecule,
which corresponds precisely to the core reaction zone in
catalytic hydrogenation. This observation aligns closely with
the widely accepted active-site theory in heterogeneous
catalysis.

Such agreement between the data-driven “ machine
intuition ” of the model and the chemical intuition
developed by researchers provides strong evidence that the
model is learning meaningful structure – property
relationships rather than relying on spurious correlations.
This convergence enhances confidence in the reliability of
the model predictions and represents an important step
toward effective human–machine collaboration in catalyst
discovery.

C. Counterfactual Analysis: From Explanation to Design
Guidance
Compared with conventional interpretability approaches,

the most distinctive contribution of this work is the
introduction of counterfactual analysis, which enables a

conceptual shift from merely explaining model predictions to
actively guiding catalyst optimization.

In the present case study, the counterfactual module
suggested replacing Ni with Pd at the active site to improve
BHMF selectivity. Importantly, this modification represents
a significant change across the periodic table rather than a
minor local adjustment. Traditional gradient-based
optimization or descriptor-driven approaches often struggle
to identify such non-local design strategies.

By searching for the minimal structural modifications
capable of inducing substantial changes in predicted catalytic
performance, counterfactual analysis can reveal high-value
design pathways that may otherwise remain unexplored. This
demonstrates that counterfactual reasoning can function not
only as an interpretability tool but also as a generative
strategy for catalyst innovation, helping researchers navigate
the vast chemical design space more efficiently.

D. Limitations and Future Directions
Despite the promising results, several limitations remain.

First, the dataset used in this study contains approximately
500 samples, which is relatively small for training deep
learning models and may limit the ability to capture more
complex catalytic interactions. Future work could expand the
dataset by systematically aggregating additional publicly
available and literature-reported data while establishing
standardized preprocessing and benchmarking protocols to
ensure consistency and reproducibility.

Second, the current counterfactual generation approach
relies primarily on gradient-guided heuristic search, which
may not fully explore the discrete graph space of possible
catalyst structures. Developing more advanced generative
approaches— such as reinforcement learning or generative
adversarial networks — could enable more efficient and
comprehensive exploration of potential catalyst
modifications.

Finally, improving transparency and reproducibility will
be critical for advancing data-driven catalyst design. Future
studies should emphasize open reporting of data sources,
dataset splits, hyperparameters, and code implementations, as
well as cross-dataset evaluations. Such practices will
facilitate validation and enable broader adoption of machine
learning approaches within the catalysis community.

VII. CONCLUSION
In this study, we developed and validated a novel

framework for the rational design of catalysts for sustainable
chemical transformations by integrating Graph Neural
Network (GNN) interpretability with counterfactual analysis.
Using atomic structure graphs as input, the framework
enables accurate end-to-end prediction of catalytic selectivity.
Through interpretability techniques such as attention
mechanisms and Grad-CAM, the model can identify key
atomic sites that influence catalytic performance, with the
highlighted regions showing strong consistency with
established chemical intuition. More importantly, the
introduction of counterfactual analysis enables the generation
of concrete structural modification strategies, transforming
model insights into actionable design guidance and achieving
a transition from passive explanation to active optimization.

The main contributions of this work are summarized as
follows:
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 An integrated catalyst design framework: We
combine GNN prediction, interpretability analysis,
and counterfactual reasoning into a unified workflow
for data-driven catalyst discovery.

 Demonstration of counterfactual design capability:
Our results show that counterfactual analysis can
identify non-trivial and creative catalyst optimization
strategies, effectively bridging the gap between black-
box prediction and rational catalyst design.

 Application to sustainable chemistry: The proposed
framework is applied to biomass conversion catalysis,
providing new methodological tools for the
development of efficient and environmentally
friendly catalysts.

Looking forward, the proposed data-driven paradigm that
integrates interpretability and counterfactual reasoning has
the potential to impact a wide range of materials science
applications, including energy materials, drug discovery, and
functional polymer design. As machine learning algorithms
continue to advance and data resources expand, such
frameworks may enable increasingly efficient design-on-
demand strategies for functional materials, accelerating
scientific discovery and technological innovation while
contributing to solutions for global energy, environmental,
and health challenges.
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