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Abstract
Adsorption energies are key catalytic descriptors that reveal adsorbate-site interactions on
heterogeneous catalysts. However, their computation via DFT is time-consuming, limiting
high-throughput screening. This work presents a machine learning (ML) methodology
based on graph representations of local adsorption sites, using a Graph Neural Network
(GNN) with per-atom local descriptors derived from accessible physicochemical
properties. The approach is evaluated on two bimetallic datasets. The first includes AB-
type bimetallic flat surfaces with varying A:B ratios, predicting binding energies for small
monodentate adsorbates (C, N, O, S, H) with MSEs of 0.073/0.181 eV (train/test). The
second dataset comprises reaction energies of key intermediates for CO2 hydrogenation
on Ni-Ga-based surfaces. The GNN model achieves an impressive performance (MSE:
0.001/0.002 (train/test) eV) on complex atomic configurations, even bidentate ones.
Beyond predictive performance, clustering analysis provides an explainable framework,
showing how structural and electronic descriptors can rationally guide catalyst design and
deepen understanding of adsorbate-metal interactions.

INTRODUCTION
Bimetallic alloys exhibit promising synergistic catalytic effects arising from interactions
between their constituent atoms1, often allowing them to overcome the catalytic
limitations of their respective pure metals2. Beyond composition, factors such as
morphology and surface structure also play a critical role in determining catalytic
performance3. Accelerated screening methodologies are essential to correlate and
rationalize the catalytic activity at the atomic level via structural, geometric, and
electronic properties4 of the catalysts' active sites. Accurate modeling of catalyst activity
requires precise kinetic and thermodynamic calculations of adsorbate-metal interactions.
As a starting point, thermodynamic evaluation of these interactions provides valuable
insights into reaction mechanisms, helping to identify strategies for controlling side
reactions and improving catalyst design5,6. In this context, binding energy calculations
performed within the Density Functional Theory (DFT) framework are a key tool for
evaluating the activity of bimetallic catalysts. However, the high computational cost of
DFT simulations limits the exploration of the vast chemical compound space. To reduce
the computational cost of DFT, approaches that use correlations such as scaling relations7–

11 and catalytic descriptors, like the d-band center,12,13 have been proposed. Although
these methods are intuitive and useful, they are relatively simple and fail to address some
critical aspects of the interaction. This limitation is even more significant for bimetallic
alloys, often resulting in poorly correlated models11. However, a promising approach has
emerged to accelerate adsorption energy prediction: training machine learning (ML)
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models using DFT-derived data14,15. These models predict bonding strength and help
identify adsorption trends, providing valuable insights into catalytic behavior16–19.

Several adsorption energy prediction models have traditionally relied on features defined
in Euclidean space20–22, using machine learning architectures such as Linear Regression,
Gradient Boosting machines, Support Vector Machines, and Gaussian Process
Regressors23–26. However, using Euclidean space, inputs force the adsorbate-metal
interaction to be modelled with predefined feature representations, which restricts and
oversimplifies the complexity of these interactions. This constraint limits capturing the
complex nature of the catalytic surfaces, where atomic interactions depend on both local
geometry and electronic effects. More adaptable and flexible ML-based architectures are
required to accurately represent complex chemical interactions to overcome the
limitations of traditional ML architectures27,28. One such approach that has gained
significant attention is using Graph Neural Networks (GNNs). GNN-based architectures
use graphs as inputs, which belong to non-Euclidean spaces. The graph represents the
connectivity, and optionally the spatial relationship, between nodes, i.e., encoding
chemical bond information, while nodes symbolize the atomic centers. This makes graphs
a natural and intuitive way for capturing bonding interactions and chemical structures for
molecular and catalytic systems. Evaluating the capabilities of GNN-based methodologies,
early implementations focused on capturing chemical information for molecular systems29–

31. For instance, using geometrical descriptors, such as bond distances and angles, the
local reactivity of organic molecules with different functional groups was compared, with
nodes including features that distinguish between atoms32. Since then, GNNs have been
successfully applied in various impactful tasks33, including material classification34,35, and
predicting molecular and solid-state properties36–40.

Focusing on methodologies for predicting binding energies on metallic catalysts, two types
of descriptors can be considered when using graph-based representations as input: edge
and node attributes. Edge attributes typically encode bond distances, bond types, and
other relevant geometric information, while node features define atom types. Among the
frameworks employing edge descriptors, Crystal Graph Convolutional Neural Networks
(CGCNNs) have become one of the most widely used architectures41–45. In CGCNN, bond
distances and tabulated atomic properties are encoded as input features. This
methodology is distinguished by its interpretability, offering insights into how each metal
locally affects the adsorbate-metal interaction. CGCNNs have been successfully applied to
various materials, including nanoparticles, 2D systems, and periodic surfaces. Other
models requiring bond information as input include ACE-GCN46, ALIGNN47, GAT48–50, all
based on Graph Neural Networks (GNNs). These frameworks use graph convolutional-like
operators to embed features by aggregating and transforming information from
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neighboring nodes. An alternative approach involves Machine Learning Potentials (MLPs)
using graph architectures51–53. MLPs go beyond simple atomic tabulated features,
incorporating more complex descriptors such as SOAP (Smooth Overlap of Atomic
Positions)54. Nevertheless, larger datasets are generally required than in previous
architectures.

By employing edge attributes, models achieved high accuracy; however, their dependence
on distance information does not alleviate the computational cost of DFT, as optimized
adsorbate structures on the catalyst are still required. One alternative is using machine
learning potentials (MLPs), but training such models demands extensive calculations and
an exhaustive exploration of the potential energy surface (PES). Given this context, a
promising solution is to employ GNN frameworks that rely only on node attributes. For
instance, Pablo-García et al. 55 proposed a methodology that uses only one-hot encoding
representation of the chemical element and the connectivity matrix to predict binding
energies for large organic molecules. Their findings demonstrated that distinguishing
atom types through a graph-based architecture can effectively model stable adsorbate
structures. Building on this methodology, the impact of how neighboring nodes are
defined has also been explored56, which is a fundamental consideration when modeling
complex adsorbate-metal interactions, particularly in cases where multidentate binding
occurs57. Besides the advantage of using GNNs, it is essential to consider how the findings
align with physicochemical insights and how the predictions regarding electronic and
structural properties can be interpreted58–62.

Aimed at developing a methodology that combines high predictive accuracy with improved
interpretability in relating the catalyst's structure to its properties, our work presents a
method for constructing a GNN-based model to predict binding/adsorption and reaction
energies of complex species on bimetallic alloys. The methodology uses easily accessible
atomic features as node attributes. Additionally, we demonstrate how one can directly
predict these target quantities using features/properties only from the clean surface and
the gas-phase adsorbate. To simplify the construction of the GNN-based model, only
atomic connectivity is considered, preventing the need for bonding distances (edge
attributes) as input in the graph representation. The selected inputs are designed to
facilitate the structural analysis of each atom's impact on bonding interactions, identifying
factors that influence bonding strength. The model's architecture was evaluated on two
datasets. The first dataset consisted of monodentate adsorbates on flat facets, where the
binding/adsorption energy is predicted. This dataset is constituted by AnBm alloys with
systematic variation in their stoichiometry ratio, allowing the bonding interaction to be
correlated at the atomic level with the catalyst's electronic structure. The second dataset
contains Ni-Ga alloys, including systems such as Ni, Ni3Ga, and Ni5Ga3, and includes both
flat and stepped facets. Here, reaction energies for key intermediates in CO2
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hydrogenation to methanol are predicted. These Ni-based systems are interesting because
Ni3Ga has been computationally proposed as a promising, highly active catalyst for
methanol, while experimental studies have shown that Ni5Ga3 performs better63–65.
Therefore, understanding the structural origin of this catalytic performance is critical, and
a localized description of the metallic adsorption site can provide valuable insights into
how electronic and geometric factors influence interaction with key intermediates in CO2
hydrogenation. This dataset also considers the effects of bidentate adsorbates and
reaction energies influenced by multiple adsorbates. Finally, we assess the practicality and
flexibility of using a GNN-based predictive model, highlighting its advantages over
classical ML architectures.

RESULTS

Databases
In this work, two databases were used. The first database comes from a previously
reported dataset of bimetallic alloys, which includes only monodentate adsorbates66. This
dataset was chosen because we previously developed ML-based models using Gradient
Boosting on Decision Trees, such as CatBoost67 and XGBoost68, classical ML architectures
with input in Euclidean space, i.e., the inputs were numerical arrays with fixed shape69.
Using this dataset, we aim to compare the strengths, limitations, and advantages of
Euclidean-space-based methodologies with the non-Euclidean-space approach explored in
this study, using graphs to represent the local adsorption sites.

The reported dataset for AnBm bimetallic alloys includes the relaxed structures on the
clean surface, the adsorbate on the surface, and their total electronic energies. The alloy's
surfaces expose flat (111) and (101) facets, with an FCC Bravais lattice. The
stoichiometric composition of the modeled systems varies between the two elements at
ratios of 0%, 25%, 50%, and 75%. In the AnBm bimetallic alloys, element A includes Ag, Au,
Cu, Fe, Pt, and Zn, while element B encompasses all metals from groups 3 to 15 and
periods IV to VI, including Al. The dataset contains monodentate adsorbates such as C,
CH, CH2, CH3, H, N, NH, O, OH, H2O, S, and SH, resulting in 17,343 data points. These
adsorbates can be bound at the top, bridge, or hollow sites. As in our previously reported
model, this study only extracts the relaxed geometries of the clean surfaces, with
additional DFT calculations performed to generate descriptors for both the clean metallic
surfaces and the free adsorbates in the gas phase. In this dataset, adsorption/binding
energy is the predicted property, calculated using the total electronic energies from the
reported dataset as follows:

Ebind = Eads/surf − (Esurf + Eads)
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We generated a second dataset to study CO2 hydrogenation to methanol on Ni-Ga-based
systems70. It includes Ni-fcc, Ni3Ga-fcc, and Ni5Ga3-orthorhombic systems. Two surface
types were considered for modeling the slab: flat surfaces (Ni(111), Ni3Ga(111), and
Ni5Ga3(221)), and stepped surfaces (Ni(211), Ni3Ga(211), and Ni5Ga3(211)). For
Ni3Ga(211) and Ni5Ga3(211), two-step compositions were evaluated, one with a higher Ni
concentration and another with a mixed Ni-Ga composition. Table S1 in the ESI contains
side views of each proposed surface model. The key intermediates studied include the
following adsorbates: C*, O*, HCOO*, and CH3O*. This dataset accounts for two important
factors: firstly, the adsorption of bidentate adsorbates, such as HCOO*, and secondly,
reactions that depend on multiple adsorbates. Like the first dataset, only the relaxed
geometries of clean metallic surfaces and free adsorbates in the gas phase were used to
generate atomic descriptors. The predicted property is the electronic reaction energy,
calculated as follows:

All reaction energies in this dataset are calculated using CO2 and H2 as common reference
energies. The resulting dataset contains a total of 6708 reaction energy data points.
Figure 1 shows the reaction scheme of each reaction step considered in this dataset,
where only those appearing within the large blue box are included.

Workflow
We propose a methodology that integrates a structured workflow and an ML-based
architecture to generate a predictive model to accelerate the exploration of binding
interactions on bimetallic alloys. This approach accounts for key factors such as diverse
alloy compositions, various adsorbates, complex binding interactions (including bidentate
adsorbates), and binding properties influenced by multiple adsorbates. Given the need for
a detailed representation of local adsorption sites, GNN-based architectures were selected
for their ability to capture the chemical nature of these interactions effectively. Regardless
of the specific binding property being predicted (e.g., adsorption or reaction energy), a
standardized workflow was established to develop the predictive model, as shown in
Fig. 2a. In our predictive model, the approach is based on the interaction between the
metallic local adsorption site and the adsorbate. To define what constitutes the local site
on the catalyst, we established a methodology to limit the region considered. Specifically,
we first identify the atom or atoms in the adsorbate that are mainly bonded to the surface.
Once the atoms constituting the local site are identified, the next step is constructing the
graph representation for each data point. During this process, we also define the atomic
features, which consist of a combination of tabulated atomic properties and easily
accessible electronic descriptors obtained from DFT calculations. With the graph

Ereac = ∑ Eproducts −∑ Ereactants = ∑ Eproducts − (ECO2
+ 3EH2)
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representations ready, the GNN-based model is trained using the architecture presented
in Fig. 2b.

Graph representation
A graph ( ) is a mathematical structure used to represent relationships
between entities, where  denotes the set of nodes (or vertices) representing individual
elements, and  denotes the set of edges (or links) representing the connections or
interactions between them. In chemical systems, nodes represent atoms, and edges
represent the bonds or interactions between neighboring atoms. One essential
characteristic of the graphs is that edges can be either directed or undirected. In directed
graphs, edges have a specific direction, meaning they go from one node to another, but
not necessarily the reverse. In contrast, undirected graphs have edges without direction,
representing mutual connections. In this study, undirected graphs are employed.
Additionally, both nodes and edges can be associated with features or attributes that
provide more information about the modeled system. A key characteristic of graphs is
their flexibility: unlike traditional fixed-size vector inputs used in machine learning, graphs
can vary in size and shape, making them ideal for modeling complex, non-Euclidean
structures like molecules, surfaces, or catalysts.

Constructing the graph representation involves defining a list of nodes (atoms) and
identifying their neighboring atoms. As shown in the workflow (Fig. 2a), the local
adsorption site is determined by identifying the atoms in the adsorbate that are primarily
bonded to the surface. This typically involves a single atom for monodentate adsorbates,
while two atoms are considered for bidentate adsorbates. This approach can be
progressively extended to adsorbates with multiple bonding atoms. Once these key atoms
are identified, cutoff spheres with a radius of 4.5 Å are centered on them to limit the
region considered as the local adsorption site, as illustrated in Fig. 2c. The atoms enclosed
within these cutoff spheres form the list of nodes, resulting in a substructure used to build
the graph, as shown in Fig. 2d.

The next step is to define the list of neighboring atoms. One option could be to use all
interatomic distances within the substructure and assume that all atoms are neighbors.
However, we use a connectivity matrix to simplify the model and avoid reliance on the
relaxed geometries of the adsorbate-surface system. This matrix is symmetric and binary -
it contains a value of one when two atoms are considered neighbors, and zero otherwise,
making the resulting graph undirected. In our case, two atoms are connected if the
distance between them is smaller than the natural cutoff, as defined by the Atomic
Simulation Environment (ASE) library71. This natural cutoff is based on the sum of the
covalent radii of the two atoms, multiplied by a factor of 1.1, ensuring that only first-

G = (V , E)

V

E
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neighbor interactions are captured. For the node features, we concatenate different
properties in a single feature array per node, employing atomic tabulated features,
electronic properties, and categorical features by type of adsorbate and surface. The
tabulated properties defined for each node are atomic number, covalent radius, and
Pauling electronegativity. We extract atomic electronic features such as the orbital
occupancies (s, p, d, and f) from the DFT calculations of the clean surface and gas-phase
adsorbates. The categorical concatenated features depend on whether the node
represents a metal atom (surface atoms) or not. The average work function of the surface
is only assigned to each node associated with the surface atoms, while the HOMO-LUMO
gap energy of the adsorbate is only concatenated for the nodes representing adsorbate
atoms. As a surface's global property, the work function encodes the surfaces by their
stoichiometry, whereas the HOMO-LUMO gap encodes adsorbates by type. Lastly, we
include one numerical feature for encoding the surface exposed facet (namely 'Step'). This
feature is assigned at the substructure level, meaning all nodes within a given datapoint
share the same numerical value.

Model architecture
The model was implemented using the PyTorch library72, specifically PyTorch
Geometric73, a sub-library designed for building and training Graph Neural Networks
(GNNs)74. The architecture of the GNN-based model (Fig. 2b) consists of three Graph
Embedding Layers (GELs), a pooling layer, and a final linear transformation. For the
GELs, we employed the GraphSAGE operator75 to embed the node attributes. This
operator was selected after comparing it to other alternatives, including GCNConv74,
GraphConv76, and GATConv77. GraphSAGE achieved the highest predictive accuracy, as
shown in Table S2 of the ESI. With the implementation of GNN based on Embedding
Layers, it is essential to note that the dimensionality of the graph representation changes
as it passes through the Graph Embedding Layers (GELs). Initially, the input has
dimensions of (Vi, 8), where Vi is the number of atoms (nodes) in each graph and 8 is the
number of features per node. After processing through the GELs, the dimensionality
becomes (Vi, hidden_dimension), where hidden_dimension (or output_dimension, 512
(Alloys dataset)/256 (Ni-Ga dataset)) is a tunable hyperparameter. Finally, the
global_max_pool operator is applied to reduce the variable-sized output from the GELs to a
fixed-size 1D array (Euclidian space), by selecting the maximum value for each feature
across all nodes, with a size of (1, hidden_dimension). The resulting embeddings in
Euclidean space serve two purposes in our framework: (i) regression of target properties
via a linear transformation layer in PyTorch, and (ii) clustering analysis for model
interpretability. The model was trained using the Mean Squared Error (MSE) as the loss
function and the Adam optimizer for stochastic weight optimization. After training, the
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model's performance was evaluated using both Mean Squared Error and R2 score on the
training and test sets. To interpret the model and analyze the importance of each feature,
we used GNNExplainer, an explainer tool available in PyTorch Geometric.

We also applied the Uniform Manifold Approximation and Projection (UMAP) technique78

to reduce the dimensionality of the outputs from the pooled graph embeddings, allowing
us to explore their correlation with the predicted binding properties. A detailed
description of the hyperparameters used to train each ML-based model is provided in
Table S3 of the ESI.

Model performance: Adsorption energies
As mentioned, the alloy's dataset consists of AnBm bimetallic systems, focusing exclusively
on flat surfaces with an FCC Bravais lattice, comprising 17,343 datapoints. The
stoichiometric ratio in this dataset is systematically varied, allowing the electronic
structure of each catalyst to be analyzed based on the local geometry of the adsorption
site, as illustrated in Fig. 3. The influence of composition on local sites is studied in
conjunction with the binding behavior of adsorbates of different chemical natures; these
adsorbates have different main bonded atoms at the surface, such as H, C, N, or O. In a
previous study69, we demonstrated that predictive models based on classical machine
learning architectures can effectively capture these effects when used to estimate
adsorption energies. In addition, we compared various classical ML architectures for
predicting adsorption energies of monodentate adsorbates using the alloy's dataset.
Among them, the CatBoost model demonstrated the best performance. The descriptors
used in the previous study were constructed using an approach similar to the GNN model:
cutoff spheres were added to define the local adsorption site. However, in the case of the
classical ML architectures, the atomic properties of the surface atoms within the sphere
are averaged to form the surface features. For the adsorbate, the features are defined by
the properties of its main bonded atom on the surface. These two feature arrays are then
concatenated into a single fixed-shape input array, which is used by the CatBoost model.

In the present work, we compare the CatBoost with the GNN-based architecture. Using
the best-performing hyperparameters reported in the previous work, we retrained the
model with an 70:15:15 train-validation-test split. To compare the performance of the
CatBoost and GNN models, parity plots between the ML-predicted and DFT-calculated
values were generated (see Fig. 4). As shown in Fig. 4a, the CatBoost model exhibited
more biased predictions, particularly in the energy range of 0 to -4 eV, ranging from non-
binding to weak adsorption energies. Previous analysis indicated that this bias originated
from the inability of the model to fully capture binding interactions at top sites, due to the
limitations of the fixed-structure descriptor methodology used in the CatBoost
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architecture. In contrast, the results from the GNN-based model (Fig. 4b) show a clear
reduction in data dispersion for both the training and test sets. Unlike the CatBoost model,
the GNN model does not exhibit significant bias within the 0 to -4 eV energy range.

Extending the comparison between the CatBoost and GNN models. We calculated the
Mean Squared Error (MSE) and the coefficient of determination (R²), as presented in
Table 1. On the training set, the CatBoost model demonstrated a slightly lower MSE. Both
models had similar R² scores, indicating that they performed comparably in correlating the
proposed input features and the predicted adsorption energies for the training set.
Nevertheless, more significant differences emerged when evaluating the models on the
validation and testing sets. The MSEs for the CatBoost model were nearly twice those of
the GNN-based model, as can also be graphically noticed in Fig. 4. Similarly, the R² score
for CatBoost dropped considerably, indicating that the GNN model delivers stronger and
more consistent predictive performance.

A main difference between the two models which explains the improve performance of the
GNN-based architecture is in how features are represented. In the GNN model, attributes
are assigned per node, preserving atomic-level detail. In contrast, the CatBoost model
relies on averaged properties, reducing the chemical information to fixed-shape
descriptors. Both models used geometrical, atomic tabulated, and electronic features. In
the GNN model, the geometrical information is derived from the neighbor list (spatial
relationship) and is also implicitly captured through the electronic properties. However, a
notable advantage of the GNN approach is its ability to differentiate atoms based on their
spatial position, such as distinguishing surface-exposed atoms from those deeper within
the surface's structure, through electronic descriptors by atom (node). This distinction is
especially valuable in surface modeling, as the lower coordination of the surface-exposed
atoms is expected to be less stable than bulk atoms. Considering the other features
employed, such distinctions cannot be captured wholly in averaged or tabulated atomic
properties.

Table 1
Summary of the performance of the evaluated ML-based architectures for the alloy's
dataset, including the metric of the average error and R2 score for both the training,

testing, and validation datasets: Mean Squared Error (MSE), and R2 score.
ML-based
models

MSE of
train[eV] R2

score
of
train

MSE of
test[eV] R2

score
of test

MSE of
validation[eV] R2 score of

validation

CatBoost 0.067 0.983 0.415 0.894 0.372 0.904

GNN 0.073 0.982 0.181 0.954 0.215 0.945



Page 11/38

An essential aspect of the proposed methodology is the correlation between
physicochemical properties and binding interactions, where the selected features were
chosen to ensure the model is grounded in physical and chemical reasoning. To validate
the effectiveness of these features in the GNN-based model and simultaneously gain
deeper insight into how its architecture operates, we analyzed the impact of atomic
features, as illustrated in Fig. 5. To assess the effect of the node attributes, we used the
GNNExplainer, which identifies the nodes that most influence the model's predictions for
each graph and indicates the contribution of each feature by node. This analysis was
performed across all graphs in the training set, and the impacts were averaged by feature.
In the first case, the average impact was calculated by considering all nodes within each
graph (Fig. 5a). This reveals that atomic radius and electronegativities are the most
influential, both showing comparable and significant effects on the predicted adsorption
energies. In contrast, work function and atomic number have the lowest impact, although
their contributions are not negligible.

When examining the influence of orbital occupancies, the trend follows a decreasing order
of p > d > s, while the f-orbitals (not plotted) show almost no contribution. To better
understand this trend, we evaluated the feature's impact separately for surface and
adsorbate atoms. For surface atoms (Fig. 5b), a similar pattern and magnitude of influence
were observed, with p- and d-orbital occupancies again having the most significant impact
on predicted energies. This finding aligns with the composition of the dataset, which
includes elements from both the d-block and p-block. Following these, the s-orbital
occupancy feature appears next in importance. Lastly, the step termination, atomic
number, and work function show the lowest influence among the features of the surface
atom. The step termination and work function features showed the lowest impact, likely
because the dataset includes only two exposed facets. For adsorbate atoms (Fig. 5c), the
feature impacts are more pronounced, indicating that the type of adsorbate has a more
substantial influence on the predicted energy in the GNN-based model compared to the
atoms in the bimetallic surfaces. The electronegativities show the highest impact, followed
by the s-orbital occupancies. The observed trend in orbital occupancies (s- >p-) for the
adsorbates is expected, as most of them contain hydrogen atoms. Consequently, the
number of hydrogen atoms in each adsorbate helps distinguish between different types of
molecules, as the sp-orbital hybridization changes proportionally with the number of
hydrogen atoms.

By analyzing the impact of each feature, we were able to compare the importance of
combining descriptors of different natures, specifically the combination of atomic
electronic, atomic tabulated, and averaged properties. However, this analysis alone does
not provide enough information. Therefore, we performed a clustering analysis to better
understand the correlation between the proposed features and the adsorption energy. To
conduct this analysis, it was first necessary to define the basic structure of the GNN
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architecture. Node attributes are initially embedded through Graph Embedding Layers
using the GraphSAGE and global_max_pool operators, producing values in the latent
space. Then, a final linear transformation is applied to these embedded features to predict
the adsorption energy. Using this framework, we extracted the latent space
representations, i.e., the embedded node features, and applied UMAP for dimensionality
reduction to project them into 2D. Figure 6a illustrates the correlation between the 2D
reduced features and the adsorption energy. The resulting clusters reveal that the value of
adsorption energies determines the clusters' distribution, i.e., the global structure.
Furthermore, it is observed that clusters associated with the strongest binding
interactions (indicated by dark blue points) are closely grouped, whereas clusters
corresponding to weaker interactions are more spread out. This suggests that internal
factors, properties, or features influence the relative proximity or separation of the
clusters.

Additional properties were analyzed within the cluster visualization to understand which
internal factors influence cluster proximity (global structure). Since the graph
representation relies primarily on the node attributes, we identified the i-th node
corresponding to the adsorbate's atom, mainly bonded on the surface, and extracted its
atomic number and s-orbital occupancy. The atoms considered include H, C, N, O, and S.
These values were then plotted using the 2D-reduced features, as shown in Fig. 6b and 6c.
In Fig. 6b, each cluster was additionally assigned to its corresponding adsorbate. This
assignment was based on combining s- and p-orbital occupancies (see Fig. S1 in the ESI).
The clustering proximity indicates that the bonding interactions are more similar for
adsorbates such as C, N, and O, which aligns with the closeness of these elements in the
periodic table. Although S is not as close, its bonding interactions are still relatively
similar to those of C, N, and O. In contrast, H forms a distinct cluster, reflecting its weaker
bonding strength. Moreover, the presence of hydrogen in C-, N-, and O-based species
reduces the similarity in bonding strength, causing the corresponding clusters to be more
distant.

As previously mentioned, the sharpness and proximity of the clustering distribution are
primarily determined by the type of adsorbate. However, this does not directly explain the
trend in bonding strength for adsorbate-metal interactions. To better understand when
this bonding is stronger or weaker, examining additional properties, specifically those
related to the bimetallic surfaces, is necessary. For this purpose, we selected all nodes
corresponding to metal atoms and averaged their features. Among the compared features,
the d-orbital occupancy showed the strongest correlation with adsorption energy values,
as illustrated in Fig. 6d. The results suggest a trend in which surfaces with lower d-orbital
occupancy exhibit stronger adsorbate binding.
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Furthermore, d-orbital occupancy tends to decrease as the average atomic radius of the
metal atoms increases (see Fig. S2 in the ESI), i.e., for heavier elements. This trend
implies that higher concentrations of heavier metal atoms may enhance bonding strength,
potentially leading to strong chemisorption. Conversely, a higher concentration of lighter
metals may result in weaker physisorption and short adsorbate residence times.

Model performance: Reaction energies
The comparison between the CatBoost and GNN architectures helps evaluate each model's
performance and assess whether our selection of atomic features is appropriate for
representing the local adsorption site. However, using this dataset also raises several
questions regarding limitations that must be addressed when modeling more complex
interactions. These include handling bidentate or multi-site adsorptions, capturing the
dependence of multiple adsorbates on the predicted properties, how the model is affected
when higher Miller index surfaces are included, and distinguishing between structurally
similar adsorbates. To further explore these challenges, we used an in-house obtained
dataset focused on predicting electronic reaction energies for various carbon-based
adsorbates70, corresponding to reaction intermediates on Ni-Ga surfaces, explicitly
focusing on Ni, Ni3Ga, and Ni5Ga3 systems, comprising a total of 6,708 reaction energy
datapoints. The catalytic performance for methanol production has been previously
discussed. In our previous joint experimental and computational work, Ni3Ga was
evaluated as a methanol synthesis catalyst from CO2 and H2 and compared to other Ni-
based systems in a joint experimental and theoretical effort. Nevertheless, it proved
computationally challenging to establish correlations with global surface properties such
as the work function or d-band center with the reaction energies. This limitation indicated
that local descriptors were necessary to fully capture the bonding interactions of the
reaction intermediates of the CO2 hydrogenation to methanol adsorbed on Ni-Ga-based
surfaces.

Developing a predictive model that relates reaction energies to the local chemical
structure of these adsorption sites can provide valuable insights into which catalytic
properties are responsible for modulating catalytic activity. Furthermore, the composition
and Bravais lattice of the exposed facet of Ni5Ga3 exhibit more heterogeneous adsorption
sites, meaning it contains a greater variety of distinct local adsorption sites, increasing the
complexity of modeling this catalyst (see Fig. 7). Using the same type of atomic features
applied in the bimetallic alloy's dataset, we trained a GNN-based model. The parity
between DFT-calculated and ML-predicted reaction energies is shown in Fig. 8. Compared
to the adsorption energy model, the GNN-based model for reaction energies demonstrates
excellent performance, with no highly biased predictions observed over the entire energy
range.
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To complement the results shown in the parity plot, the accuracy metrics are summarized
in Table 2. The near-zero Mean Squared Error for the training, validation, test sets, and
coefficients of determination (R2) close to one confirm that the model shows minimal
deviation from the DFT-calculated reaction energies in the Ni-Ga dataset. While this
dataset is more homogeneous since it is limited to Ni-Ga surfaces and therefore a good
performance is expected, it is important to note that it also includes complex local
environments. These complexities arise from the presence of stepped surfaces, which
introduce structural diversity and pose additional challenges for prediction. Another
important consideration is that some reaction energies depend on two or three adsorbates.
In the proposed methodology, this multi-adsorbate dependence is addressed by
concatenating the graph representations of each adsorbate into a single data point, i.e., by
generating a separate connectivity matrix for each adsorbate and then combining them.

Table 2
Summary of the performance of the GNN-based architecture for the Ni-Ga dataset,

including the metric of the average error and R2 score for both the training and testing
datasets: Mean Squared Error (MSE), and R2 score.

ML-
based
models

MSE of
train[eV] R2

score
of train

MSE of
test[eV] R2

score
of test

MSE of
validation[eV] R2 score of

validation

GNN 0.001 0.999 0.002 0.998 0.001 0.999

Similar to the analysis performed on the alloy's dataset, the impact of atomic features on
the GNN-based model was evaluated. In this case, the analysis was only performed for the
surface and the adsorbate atoms (see Fig. 9), as averaging the feature impact across all
atoms did not provide sufficient insight. The average impact for the surface atoms is
shown in Fig. 9a. The most influential feature is the atomic radius, which is consistent with
the adsorption energy model; however, its impact is slightly higher in this case. In
contrast, the second most influential feature is the atomic number for the surface atoms,
unlike in the alloy's dataset, where it had one of the lowest impacts. In descending order
are d-orbital occupancy, the work function, electronegativity, and p-orbital occupancy, all
of which have a moderate impact. In ascending order, the features with the least influence
are step termination and s-orbital occupancy. The step termination and work function are
categorical features intended to encode the exposed facet and surface type. Both are
global surface descriptors, meaning they are not defined locally for individual atoms but
remain identical for all nodes within a given substructure. However, in this dataset, the
average work function of the clean surface appears to be more effective in distinguishing
surface types than step termination when the surface atoms are considered, suggesting
that the current encoding method for the step termination feature may be insufficient to
differentiate between surface configurations fully.
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Regarding the adsorbate atoms, the impact of their features was also evaluated, as shown
in Fig. 9b. Similar to the alloy dataset, adsorbate-related features exhibit a greater
influence than surface atoms. This confirms that, in the proposed GNN-based models, the
bonding interaction between the adsorbate and the metal is highly dependent on the type
of adsorbate. The atomic radius has the highest impact among the adsorbate features,
followed by s-, p- orbital occupancies, step termination, atomic number, HOMO-LUMO
energy, and electronegativity. Unlike the model for predicting adsorption energies, the
GNN model shows that electronic atomic features contribute more significantly than
tabulated atomic properties. This difference may stem from the fact that most adsorbates
in the Ni-Ga dataset are carbon-based, making it more challenging to differentiate them
using only tabulated properties. Finally, although the electronegativity feature is not
among the most impactful, its influence is still greater than that of the surface atom
features.

Then, we performed a clustering analysis on the embedded features for the Ni-Ga dataset.
The visualization of the reduced features alongside the reaction energies is shown in
Fig. 10a. For clarity, reaction energies higher than 4 eV are excluded from the plot, but
this is only for the visualization. Compared to the alloy's dataset, the clusters in the Ni-Ga
system are smaller and more dispersed, indicating fewer similarities among the clusters.
This distribution cannot be attributed to the type of adsorbate, as most clusters
correspond to the formation of C* + 2O* (see Fig. S3 in the ESI). At the same time, the
remaining intermediates are grouped within a smaller region.

Additionally, the work function and step termination were included when evaluating other
influential descriptors on the visualization of the 2D reduced features. These features
contribute to distinguishing and grouping surfaces by stoichiometry and atom
coordination, reflecting the catalyst's structure (see Figs. S4 and S5 in the ESI). To better
understand the factors influencing bonding strength, we analyzed the reaction involving
the formation of C* + 2O*. This reaction step correlates with the average atomic radius of
the surface atoms (see Fig. 10b); the reaction energy increases with a larger average
atomic radius of the surface atoms, corresponding to a higher concentration of Ga. This
correlation also reflects the dependence of bonding on d-orbital occupancy, as shown in
Fig. S6. In the context of CO2 hydrogenation to methanol, forming C* is undesirable since
it leads to side reactions. Therefore, increasing the Ga concentration can be favorable,
using a catalyst like Ni5Ga3, as it reduces the selectivity toward C* and promotes methanol
formation.

The separate analysis of the impact from surface and adsorbate atoms reveals general
trends in how features correlate with predicted energies. However, some specific insights
can be overlooked when the impacts are averaged. Therefore, performing a per-atom
analysis helps to capture these finer details. To illustrate this, we analyzed the graph
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representations of two specific HCOO* adsorption structures, one with the lowest reaction
energy (Fig. 11a) and one with the highest (Fig. 11c), corresponding to the most stable
and least stable configurations. For the most stable structure, we also present a heatmap
showing the impact of each atom (Fig. 11b). This heatmap indicates that, once again, the
atoms with the highest impact belong to the adsorbate (atoms with index from 12 to 15).
In particular, the s- and p-orbital occupancies and electronegativities contribute most to
the model's prediction. Regarding the surface atoms, fewer atoms influence the reaction
energy in this configuration, particularly those of the adsorbate. We found that the Ni
atoms (specifically atoms with index 6 and 11), which are directly bonded to the
adsorbate, have a greater impact on the bonding interaction than other metal atoms.

For the least stable HCOO structure (Fig. 11c), the corresponding heatmap showing the
impact of features per atom is presented in Fig. 11d. Ga with index 2 presents a high
impact on the reaction energy among the surface atoms. These results suggest that the
direct bonding of HCOO* to one Ga atom, along with a higher overall Ga presence,
increases the reaction energy and contributes to the instability of this configuration.
Considering possible methanol formation pathways, one proposed route involves the
formation of HCOO*. In this case, we found that increasing the Ga concentration
decreases the stability of HCOO*, particularly in systems like Ni5Ga3. This suggests that
precise control over the catalyst's stoichiometry is necessary to regulate both C* and
HCOO* formation effectively, and geometrical factors, such as the coordination, can play a
huge role. Fig. S7 shows the distribution of reaction energies for each step in a violin plot.
These results highlight the importance of the local adsorption site composition, which is
consistent with the findings from the clustering analysis.

DISCUSSION
This paper proposes a methodology for training a GNN-based architecture that relies
solely on graph representations with node attributes, avoiding edge attributes. The first
section compares two machine learning architectures: the proposed GNN model and
CatBoost, which uses fixed-shape arrays as input. For the comparison, predictive models
were trained to estimate adsorption energies using a dataset of AnBm bimetallic alloys. The
results confirm that the graph-based representation is more suitable for capturing the
local adsorption site and effectively modeling the adsorbate-bimetallic catalyst binding
interactions. In the CatBoost model, the local adsorption site is represented as a fixed
input array that combines the averaged properties of the surface metal atoms with those
of the adsorbate atoms. Additional geometric features were included to distinguish
different binding modes in the CatBoost model, such as coordination number and the
number of metal atoms bonded to the adsorbate. However, our reported results suggested
that this approach falls short in accurately capturing binding interactions, particularly for
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bonding on top sites69. In contrast, the graph-based representation inherently includes
geometric information through the connection matrix, eliminating the need for explicitly
defined geometric features. A comparison of the most biased data points between the two
models reveals that the GNN more effectively captures top-site adsorption modes.

Our proposed node-based features can be categorized into three types: (1) average
properties that describe the surface or adsorbate by type, such as step termination and
work function for surfaces, or HOMO-LUMO energies for adsorbates; (2) tabulated atomic
properties, including atomic number, atomic radius, and electronegativity; and (3)
electronic properties per atom, such as orbital occupancies. The combination of these
node attributes is intended to achieve a highly accurate predictive model and enable
clustering analyses that reveal clearer and more specific correlations between features
and predicted properties, thereby facilitating a deeper understanding of adsorbate-metal
interactions. Upon evaluating the correlation and performance of the proposed models, we
found that while average properties fulfill their intended role, they have the lowest overall
impact on the model. Moreover, none of these average properties alone can fully
differentiate data points based on surface type. However, combining step termination and
work function features helps to alleviate this limitation.

The tabulated atomic properties generally show the highest impact in GNN-based models,
indicating that differences highly influence this type of architecture in node (atom) type.
This result is consistent with previous studies, where models using only atomic number as
a feature have achieved high accuracy55, and other GNN-based models, such as CGCNN42,
which encodes several atomic properties and bond distances, have also demonstrated
strong performance. However, it is essential to highlight that, in our case,
electronegativity and atomic radius have the highest impact. This is significant because
these features help differentiate atom types and capture underlying physicochemical
properties. Unlike the atomic number, features such as electronegativity and atomic
radius reflect the periodic trends of elements, offering the model more chemically
meaningful information.

Including features that account for the electronic structure of adsorbates and surfaces
significantly impacts both models, improving their ability to distinguish between different
types of surfaces and adsorbates. These features were included to capture electronic
trends relevant to adsorbate-metal interactions, thus describing how adsorbates bind to
metal surfaces. Beyond this purpose, electronic atomic features could also help
differentiate between adsorbates more effectively. For example, they can reflect subtle
atomic differences in bond activation or transition states, where tabulated atomic
properties alone would not provide sufficient detail. Another aspect of the GNN-based
model is that bond attributes are not used in the graph representation. Notably, electronic
features allow the model to distinguish between surface-exposed and subsurface metal



Page 18/38

atoms. This is especially beneficial for capturing more complex atomic coordination
environments, such as those in high Miller index surfaces.

Although it is possible to include bond distances in the model to improve accuracy, we
chose not to do so, in contrast to other studies using the same bimetallic alloy dataset with
graph representations based on node and edge attributes (bond distances)50. Following
the proposed approach of Pablo-García et al.55, our model is designed for quick and wide
screening of bonding interactions in bimetallic catalysts and therefore relies only on easily
accessible properties. With this approach, once the model is trained, only DFT calculations
for the clean surface and gas-phase adsorbate are needed, eliminating the need for
computationally expensive relaxed adsorbate-surface structures. This methodology can
also be extended to larger and more complex molecules, for which DFT relaxation
becomes the most resource-intensive step. Although the type of adsorbate generally
influences the binding energy in both datasets, accurately capturing the structural
information of the local adsorption site plays a more significant role in determining the
bonding strength. This effect is particularly evident in the Ni-Ga dataset, where the
coordination and abundance of Ga atoms lead to either stronger or weaker interactions,
furthermore, when analyzing the interactions of individual adsorbates (e.g., C* and
HCOO*) at a local level, it becomes clear that proposing generalizable trends may
overlook critical details about the local structure, resulting in a loss of valuable
information regarding catalytic activity.

In this contribution, we presented an approach to generate graph representations for
predicting binding interactions in bimetallic systems with high accuracy. Our results
demonstrate the strength of this method compared to traditional ML-based architectures
that require fixed input representations. The flexibility of GNN-based models allows them
to fully capture complex aspects that are difficult to represent in Euclidean space, such as
mono- and bi-dentate interactions, without increasing the data sparsity. Additionally, this
approach enables the inclusion of graph-based representations for properties that depend
on multi-adsorbate interactions, and it can model highly complex local adsorption sites,
such as those found on high Miller index surfaces, without omitting atomic information.
Finally, this approach is presented as a tool to analyze graph representations and uncover
physicochemical trends that can accelerate the exploration of bimetallic alloy catalysts, via
explainable feature impact and clustering analysis. This methodology enables the
development of a GNN-based predictive model for adsorption energies that outperforms
the CatBoost approach, achieving mean squared errors (MSE) of 0.073 eV for the training
set and 0.181 eV for the test set. A second model was also trained for reaction energies,
reaching respective MSE values of 0.001 eV and 0.002 eV for the training and test sets.
The proposed node attributes, based on easily accessible atomic and electronic features,
allow the model to go beyond the limitations of using atomic numbers alone in graph
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representations. In both models, these features enable a deeper understanding of the
binding trends on adsorbate-metal interactions.

METHODS

Computational details
As mentioned, two datasets were used, with calculations performed within the periodic
Density Functional Theory (DFT) framework, though each dataset was obtained using a
different DFT code. For the first dataset, which consists of bimetallic alloys used to
calculate adsorption energies, simulations were conducted using Quantum ESPRESSO, a
plane-wave-based DFT code79,80. The computational parameters were previously reported
on our former ML-based model, which employed the CatBoost architecture. A more
detailed description of the DFT parameters can be found in our previous work 69. The alloy
dataset was extracted from a previously reported dataset on Catalysis-Hub, and the
calculation parameters were adapted accordingly66. For this dataset, spin-polarized
calculations were performed using the BEEF-vdW81 functional.

The second dataset consists of NiGa alloys, used to calculate reaction energies of key
intermediates in CO2 hydrogenation to methanol. This dataset was obtained using the
Vienna Ab initio Simulation Package (VASP), another plane-wave-based DFT code82–84.
The DFT parameters are the same as those in our previously reported study, which
analyzed the energetic profile of the most stable adsorption sites for the considered key
intermediates. A more detailed description of the DFT parameters can be found in the
referenced paper70. Like the first dataset, the BEEF-vdW81 functional was used to
calculate structure optimization and electronic properties.

Hyperparameter optimization
Each input graph considered only node attributes, i.e., only features per atom were
employed. To prevent these attributes from having a disproportionate influence on
predictions due to differences in scale, normalization was applied using the MaxAbsScaler
transformation from Scikit-learn85. Each dataset was randomly divided into training,
validation, and test sets with a 70:15:15 split ratio. The proposed architecture for the GNN
model only has four controllable hyperparameters: batch size, output size, hidden
dimension, dropout ratio, and learning rate. The evaluated batch sizes for the training
were 16, 32, and 64. The output size or hidden dimension determines the number of
outputs after the Graph Embedding Layer (GEL), with values ranging from 4 to 512,
increasing exponentially at multiples of two. The dropout ratio, which reduces the number
of outputs after a GEL to prevent overfitting, was varied from 0.1 to 0.9 in increments of
0.2. The learning rate was tested at 0.0005, 0.001, and 0.005 values. The best-performing
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hyperparameters were selected to avoid over- and under-parameterization, ensuring the
lowest Mean Squared Error (MSE) for both training and test sets.
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Figure 1

Reaction scheme for CO2 hydrogenation to methanol, including the formation pathways of
CO(g), CH4(g), and CH3OH(g). Oval nodes involve gas-phase species that are not included in
the dataset. Square box nodes indicate that at least one key intermediate is adsorbed on a
surface model; all these reaction steps are included.
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Figure 2

a) Schematic workflow for constructing the GNN-based predictive model. b) Architecture
of the GNN-based model. c) Centered on cutoff spheres on main bonded atoms in the
adsorbates (HCOO*). d) Graph representation of substructure for the local adsorption site
obtained from the cutoff spheres (HCOO*), green atoms represent Ni, salmon atoms
represent Ga, red atoms represent O, grey atoms represent C, white atoms represent H.
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Figure 3

a) List of metals constituting the AnBm bimetallic alloy, yellow corresponds to A, while the
blue ones to B. Top view of different Cu-based alloys: b) Cu12, c) Cu9Ni3, d) Cu6Ni6, and e)
Cu3Ni9, representing different stoichiometric combinations of A=Cu and B=Ni used in the
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alloy's dataset. f) Side view of slab model for Cu3Ni9 with CH2 adsorbed on hollow
position. Brown atoms represent Cu; green atoms represent Ni.

Figure 4

Parity plot of DFT-calculated vs ML-predicted adsorption energies for a) the CatBoost
model and b) the GNN-based model.
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Figure 5

Average feature importance for the GNN model on the alloy's dataset using the training
set for: a) all atoms, b) surface atoms, and c) adsorbate atoms.  The term 'work function',
as presented on the average impact across all atoms, represents the combined average
contribution of both the surface work function and the HOMO-LUMO energy of the
adsorbates.
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Figure 6

UMAP-based 2D dimensionality reduction of pooled graph embeddings on the training set.
Visualization of 2D reduced dimension with a) the adsorption energy, b) atomic number, c)
s-orbital occupancy of the main adsorbate bonding atom on the surface, and d) average d-
orbital occupancy of surface atoms.
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Figure 7

Top view of: a) Ni, b) Ni3Ga, and c) Ni5Ga3, representing flat surface models used in the
Ni-Ga dataset. d) Side view of slab model for Ni5Ga3(221) with CH3O* adsorbed on hollow
position.
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Figure 8

Parity plot of DFT-calculated vs ML-predicted reaction energies for the GNN-based Model.
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Figure 9

Average feature importance for the GNN model on the Ni-Ga dataset using the training set
for: a) surface atoms, and b) adsorbate atoms.

Figure 10

UMAP-based 2D dimensionality reduction of pooled graph embeddings on the training set.
Visualization of 2D reduced dimension with a) the reaction energy, and b) the atomic
radius of surface atoms. The range of energy is plotted from -2 to 4 eV.
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Figure 11

Graph representation and their corresponding heatmaps showing the impact of features
per atom for: (a-b) the most stable HCOO* substructure, which has the lowest reaction
energy; and (c-d) the least stable HCOO* substructure, along with its corresponding graph
and heatmap. The index numbers in the substructure correspond to the index of atoms in
the heatmap plot. The term 'work function' represents the surface work function (Index 0 -
11) and the HOMO-LUMO energy of the adsorbates (Index 12 - 15) for both substructures.
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