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Machine learning is revolutionizing the field of heterogeneous catalysis, transitioning from a supporting
tool to a central force in materials discovery and mechanistic understanding. At the heart of this
transformation lies feature engineering, which bridges the catalyst structure with predictive modeling
capabilities. In this review, we provide a systematic overview of the evolution of feature engineering in
heterogeneous catalysis. This progression spans hand-crafted descriptors, symbolic regression methods,
graph-based features that capture intricate chemical and geometric relationships, topological data
features encoding multiscale structural invariants, and most recently, multimodal representations
that integrate textual data and structure into unified feature spaces. Despite these advancements, several
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1. Introduction

Heterogeneous catalysis, a cornerstone of clean energy conversion
and storage, underpins key processes such as water splitting for
hydrogen production, CO, electroreduction (CO,RR), and fuel
cell reactions.'® However, the intrinsic complexity of catalytic
systems, which arises from high-dimensional chemical spaces,
intricate interfacial reaction pathways, and multiscale physico-
chemical coupling, makes traditional trial-and-error experi-
ments and standalone simulations inefficient for rational
catalyst design and mechanistic understanding. In this context,
machine learning (ML) has emerged as a transformative
approach, capable of autonomously learning complex struc-
ture-performance relationships from growing volumes of com-
putational and experimental data.”® It enables rapid prediction
of adsorption energies,’ efficient catalyst screening,'®'" and dis-
covery of nonlinear correlations among multiple variables.'*** ML
has evolved from a mere auxiliary tool into a central paradigm for
materials discovery and mechanistic elucidation in heterogeneous
catalysis.* Consequently, artificial intelligence (AI) is increasingly
viewed not as a supporting technique but as a driving force
reshaping catalytic science.
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limited model interpretability, and the absence of cross-scale structural descriptors.
Emerging strategies aimed at addressing these issues are discussed in detail. We hope that this review
in feature engineering methodologies tailored to the continued
advancement of heterogeneous catalysis.

In ML applications for heterogeneous catalysis, model per-
formance, whether predicting catalytic activity, adsorption
energies, or material stability, critically depends on the features
used to represent the system.'*™'” Features are numerical
encodings of key physicochemical properties that bridge the
catalyst structure with predictive models."®**> This involves
selecting, transforming, and constructing descriptors that cap-
ture essential determinants of catalytic behavior, such as
electronic structure, atomic geometry, and composition. Well-
designed features enhance predictive accuracy, generalization,
and computational efficiency by focusing on the most informa-
tive variables.*® For example, Vinchurkar et al. found that
“effective coordination number” and the catalyst’s “catalyst
electronegativity” were the most important features in their
model, and through symbolic regression deduced that the
adsorption energy is approximately proportional to the square
of the catalyst electronegativity.>* Consequently, feature engi-
neering is not merely a preprocessing step but a decisive factor
shaping the reliability and interpretability of ML-driven cata-
lysis research.

This review traces the evolution of feature engineering as a
central driver of ML in heterogeneous catalysis with a primary
focus on how to encode catalyst structures. Early studies relied
on handcrafted features such as electronegativity, atomic
radius, and other fundamental properties, forming the basis
for high-throughput screening using density functional theory
(DFT). The subsequent introduction of symbolic regression
methods, exemplified by the sure independence screening
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and sparsifying operator (SISSO), enabled automated discovery
of low-dimensional, interpretable descriptors from vast candi-
date spaces. With the emergence of graph neural networks
(GNNs), structural representation advanced toward end-to-end
learning of atomic configurations and local chemical environ-
ments. More recently, topological data analysis (TDA) has
provided mathematical tools such as persistent homology to
quantify multiscale geometric and topological invariants, while
multimodal fusion strategies have begun integrating structural,
compositional, and textual information into unified represen-
tations. This review discusses the application of these feature
paradigms to catalytic activity prediction and stability analysis.
Finally, we outline emerging opportunities in developing more
advanced multimodal feature representations, enhancing model
interpretability, and establishing cross-scale feature engineering
frameworks, all aimed at accelerating the rational design of high-
performance catalytic systems.

2. Machine learning in catalysis
research

Al is rapidly evolving from a supportive tool to a core driver in
heterogeneous catalysis research. Its key value lies in extracting
hidden ‘structure-performance relationships” from high-
dimensional, complex, multi-source data. This enables accu-
rate prediction of catalytic properties and rapid screening of
high-performance materials. Such progress relies on a systema-
tic ML workflow (Fig. 1), which continuously improves model
performance and scientific insight through a data-driven closed
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loop.'®*® The workflow encompasses several key stages. It begins
with data collection and preparation, which integrates multi-
source data from experimental measurements, literature data-
bases, and high-throughput computations. Subsequent steps,
including data cleaning, standardization, encoding, and aug-
mentation, ensure data reliability and consistency. The pro-
cessed data is then divided into training, validation, and test
sets to lay the foundation for assessing model generalizability.
A core component is the feature engineering, which aims
to extract informative and physically/chemically interpretable
feature representations from raw structural and property
data. This stage typically involves three sub-steps: (1) feature
construction: generating new descriptors based on domain
knowledge, such as electronegativity, atomic radius, and coor-
dination number-related descriptors; (2) feature selection:
employing filter, wrapper, or embedded methods to identify
the most predictive variables from the high-dimensional fea-
ture space; (3) feature transformation: optimizing the feature
space structure through techniques like principal component
analysis (PCA), nonlinear mapping, or discretization to enhance
model stability and generalization. In this review, these metho-
dological sub-steps are manifested through five primary feature
paradigms: hand-crafted features, SISSO, graph based features,
topological data features, and multimodal features. The process
then proceeds to model training and evaluation. Algorithms such
as neural networks, gradient boosting trees, and GNNs are applied
to learn the feature-performance mapping. Model performance is
assessed using multiple metrics (e.g., RMSE, R*, and MAE) to
guide model selection. Following optimization, the model enters
the deployment and application phase, where it is validated and
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Fig. 1 Workflow for the development and deployment of machine learning models in heterogeneous catalysis. The process begins with data collection
and proceeds through stages of feature engineering, dataset splitting, model training, evaluation, and deployment. Following deployment, continuous
performance monitoring guides outcomes toward two critical pathways: successful models advance to practical application, while models requiring
refinement initiate a cycle to improve the model, which informs subsequent rounds of data collection for iterative enhancement.
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monitored in real-world catalytic systems. Finally, through con-
tinuous iteration and model refinement, a closed-loop optimiza-
tion is achieved. This loop connects model predictions with
experimental validation, mechanism elucidation, and knowledge
feedback, thereby providing a robust foundation for the intelli-
gent design of heterogeneous catalytic materials.

A key application of ML in electrocatalysis is the rapid pre-
diction of performance metrics, including adsorption energies,
activity, and selectivity, enabling high-throughput screening
of candidate materials.>*° For example, Rosen et al. showed
that the crystal graph convolutional neural network (CGCNN)
can directly predict fundamental properties, such as band gaps,
from crystal structures.*’ By incorporating descriptors such
as intermediate adsorption energies, active-site coordination,
and reaction conditions (e.g., potential and pH), Al models can
accurately predict product selectivity in complex reaction
networks.>* For the oxygen evolution reaction (OER), symbolic
regression approaches like SISSO have been used to extract
concise physical descriptors from large feature spaces, facilitat-
ing precise activity trend predictions.*® In studies of g-CN-
supported double-atom catalysts (DACs), Bian et al. employed
feed-forward neural networks trained on DFT data to predict
limiting potentials for various bimetallic combinations, effi-
ciently identifying superior catalysts for the catalytic CO,RR to
CO and HCOOH.”® More machine-learning-driven catalyst dis-
covery studies can be found in previous review articles.'®**~3¢

Another key application of ML lies in machine-learning
interatomic potentials (MLIPs), which enable atomistic simula-
tions of catalysts with near-DFT accuracy at unprecedented
computational efficiency.’”*® MLIPs achieve this by learning
high-dimensional potential energy surfaces directly from refer-
ence DFT data using flexible, data-driven representations such
as neural networks, graph-based models, and other regression
frameworks, thereby overcoming the functional limitations of
classical empirical force fields and extending simulations to
larger system sizes and longer timescales. To ensure the
reliability and transferability of such potentials across vast
configurational spaces, uncertainty-aware active learning fra-
meworks have been developed as a systematic strategy to
iteratively identify poorly sampled regions and enrich training
datasets.>*° In the electrocatalysis domain, a growing body of
research has shown that MLP-driven molecular dynamics can
significantly reduce computational cost compared with con-
ventional DFT simulations.*®*"*> For instance, Lian et al. used
high-accuracy machine-learning potential-driven molecular
dynamics simulations to investigate oxide-derived copper elec-
trocatalysts and showed that subsurface oxygen diffusion
occurs over spatiotemporal scales extending from seconds to
hours, a regime that is experimentally relevant but effectively
unreachable by conventional DFT due to prohibitive computa-
tional cost.*®

ML has emerged as an essential tool in heterogeneous
catalysis, offering powerful capabilities for predicting material
properties, adsorption energies, catalytic activity, and stability.
It is fundamentally reshaping the paradigms of catalyst design
and discovery, driving the field toward a more rational and
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data-driven future. Central to these advances is the construc-
tion of effective system representations and feature sets, with
feature engineering serving as a critical link between under-
lying physicochemical mechanisms and ML models. The con-
tinued development of feature engineering is thus pivotal to the
effectiveness and depth of AI applications in heterogeneous
catalysis.

3. Feature engineering in
heterogeneous catalysis

3.1. Rule-based or knowledge-based features

3.1.1. Hand-crafted features. Hand-crafted features are
parameters designed by researchers based on physicochemical
intuition and theoretical models to quantitatively characterize
the intrinsic properties of catalysts. These features derive from
elemental and compound properties, quantum chemical calcu-
lations, and experimental measurements, spanning multiple
dimensions such as electronic structure, geometric configu-
ration, thermodynamic stability, and surface chemistry.** For
example, properties like electronegativity, atomic radius,
valence electron count, and density can be directly obtained
from databases, whereas quantities such as metallic d-band
centers, adsorption free energies, and coordination numbers
require computational evaluation or in-depth analysis. Hand-
crafted features offer clear physical interpretation, linking
catalytic performance to material properties and providing a
theoretical basis for rational catalyst design. They encapsulate
the “a priori knowledge” in materials science, bridging empiri-
cal exploration and predictive modeling in heterogeneous
catalysis. This framework has evolved from single physico-
chemical descriptors to multi-parameter combinations, reflect-
ing the progressive enrichment of feature representations.

Among numerous handcrafted features, the d-band center
theory represents a paradigmatic example of successfully estab-
lishing a quantitative correlation between the electronic structure
and catalytic activity.*>*® By describing the relative position of
metallic d-band centers with respect to the Fermi level, this
theory provides a mechanistic understanding of how adsorp-
tion strengths of reaction intermediates are regulated on tran-
sition metal surfaces. Originating from Newns et al.’s quantum
model*” and systematically elaborated by Nerskov et al.,*® the
d-band center theory has undergone continuous refinement.
It has been employed to rationalize adsorption and reactivity
variations across different metal surfaces,*® guide the design of
alloy catalysts,’® and elucidate the influence of strain or surface
modification on catalytic performance,’ ultimately giving rise
to the well-known ‘volcano plot” for predicting activity
trends.”® Beyond the d-band center itself, additional descrip-
tors such as d-bandwidth, filling factor, and coupling matrix
elements, introduced by Nilsson®>® and Ruban et al.,**>* have
been incorporated to enhance theoretical precision. Experi-
mentally, Stamenkovic et al. demonstrated that the formation
of a Pt-skin structure on Pt;Ni(111) lowers the d-band center of
surface Pt by approximately 0.34 eV, resulting in a tenfold
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Fig. 2 (a) Fingerprint of the coordination site. Adsorption sites are reduced to numerical representations, or fingerprints, and these fingerprints are used

as model features by TPOT>® to predict AEco. Reprinted with permission.** Copyright 2018, Springer Nature. (b) Nine basic atomic properties are
presented by one-hot encoding®® to prepare the atomic feature vectors. Reprinted with permission.®” Copyright 2019, American Chemical Society.

enhancement of the oxygen reduction reaction (ORR) activity
relative to Pt(111). This work provides direct evidence of how
electronic structure modulation can govern catalytic behavior,
highlighting the predictive power and practical relevance of
d-band-based descriptors in electrocatalysis.

As research in electrocatalysis has advanced, handcrafted
features have gradually evolved from single-parameter descrip-
tors to multi-parameter combinations forming systematic
descriptor frameworks. A representative example is provided
by Trand et al., who integrated four categories of physicochem-
ical descriptors: the atomic number of the element (2), the
Pauling electronegativity (), the coordination number of the
element with the adsorbate (CN), and the median adsorption
energy between the adsorbate and the pure element (AE), as
illustrated in Fig. 2a. This approach constructs a 32-dimensional
feature vector, offering a comprehensive digital representation of
the local chemical environment at adsorption sites. By establish-
ing effective mapping from simple elemental properties to
complex catalytic performance, it enables accurate predictions
of adsorption energies for the CO,RR and the hydrogen evolution
reaction (HER).** Building on this framework, hand-crafted
features have been widely applied in machine-learning-assisted
high-throughput screening of electrocatalysts.>**® For example,
Back et al. further expanded the feature system (Fig. 2b) by
incorporating additional atomic properties, including periodic
table position, electronegativity, atomic volume, valence elec-
tron count, first ionization energy, electron affinity, and atomic
radius. Moreover, by introducing a Voronoi polyhedron-based

This journal is © the Owner Societies 2026

neighborhood solid angle descriptor, this enhanced feature set
achieved an average absolute error of only 0.15 eV in predicting
*CO and *H adsorption energies, thereby facilitating high-
throughput screening across the vast catalyst design space.””
In the study of single-atom and diatomic catalysts, handcrafted
features have proven to be highly effective in elucidating
structure-activity relationships. By carefully selecting descrip-
tors such as d/p electron count, oxide formation enthalpy, and
electronegativity, researchers successfully predicted the selec-
tivity of single-atom catalysts (SACs) for H,O, generation.””
Similarly, active sites for the CO,RR on dealloyed gold surfaces
were identified,*® and the critical role of interatomic spacing in
governing HER activity within g-CN systems was established.®*
Subsequently, using hand-crafted geometric and electronic
descriptors combined with random-forest models, a materials
genome containing 279 bi-atom catalysts was constructed, from
which 9 HER-active, 3 OER-active, and 5 ORR-active catalysts
were high-throughput screened, with AuCo/g-CN identified as a
rare trifunctional HER/OER/ORR catalyst.®* Xu et al. using
physically interpretable hand-crafted descriptors combined
with an XGBoost model, screened 196 S/N-coordinated SACs
and uncovered 17 promising NRR catalysts, among which
Mo@8S;N; and W@S;N; exhibited the best performance.®

To ensure robustness, many hand-crafted features are
physics-informed and mathematically designed. Notably, the
smooth overlap of atomic positions (SOAP) descriptor (Fig. 3)
represents local atomic environments by expanding a smooth
atomic neighbor density on the basis of radial functions and
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Fig. 3 (a) lllustration of the construction principle of the smooth overlap
of atomlc positions (SOAP) descriptor. First, the neighbor atomic density p
around a central atom is expanded in a local basis composed of radial basis
functions and spherical harmonics Y{". Then, the expansion coefficients
Chim are summed over the squared modulus in the m direction to obtain
the power spectrum vector p, thereby ensuring the rotational invariance of
the descriptor; (b) elucidation of this construction from a mathematical
structural perspective. Reprinted with permission.®* Copyright 2021,
American Chemical Society.

spherical harmonics, yielding a continuous, high-dimensional
representation that is invariant to translation, rotation, and
permutation of identical atoms.®> Among structural descriptors
tested in kernel ridge regression models for hydrogen adsorp-
tion energies on MoS, and Cu-Au nanoclusters, Jéger et al.
found that SOAP achieved the lowest mean absolute error in
modeling HER activity.’® In the screening of catalysts for CO,
hydrogenation at complex metal-oxide interfaces, Nielsen et al.
found that combining SOAP descriptors with the WWL-GPR
model can efficiently predict catalyst adsorption energies.®”
When combined with sparse Gaussian process regression
(SGPR), SOAP can be used to develop data-efficient machine-
learned potentials with built-in uncertainty quantification,
enabling active-learning-driven refinement of training datasets
during molecular dynamics simulations.®®®® To improve scal-
ability over large configurational and chemical spaces, sparse
Bayesian committee machine (BCM) schemes partition the
descriptor space into multiple local SGPR experts and integrate
their predictions within a Bayesian framework, preserving
uncertainty estimates while reducing computational cost;”
such BCM-based potentials have been explored as a route
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toward constructing transferable potentials spanning wide
materials spaces, enabling high-throughput molecular dynamics
simulations of multicomponent and multiphase systems.”®

Manual feature design in heterogeneous catalysis faces
intrinsic limitations. Expert-crafted descriptors often struggle
to explore high-dimensional feature spaces, capture nonlinear
multi-factor interactions, or generalize to novel materials such
as high-entropy alloys, complex oxides, and metal-organic
frameworks. These challenges have motivated interpretable
automated feature engineering methods, such as SISSO, which
efficiently identify optimal feature combinations from large
pools of primary descriptors. By revealing subtle interactions
inaccessible to human intuition, such approaches enhance
descriptor discovery and enable rational design of complex
catalytic systems.

3.1.2. SISSO. Interpretability is a fundamental requirement
for ML-driven catalytic research.”’ The introduction of the
SISSO method, originally proposed by Ouyang et al., represents
a significant advance in feature engineering, shifting from
manual design to automated, interpretable descriptor dis-
covery.”” SISSO leverages symbolic regression to screen relevant
descriptors from high-dimensional feature spaces and directly
generates mathematically meaningful expressions, thereby
establishing a systematic framework for constructing catalytic
material descriptors. Interpretability is a fundamental require-
ment for ML-driven catalytic research.”” The introduction of the
SISSO method, originally proposed by Ouyang et al., represents
a significant advance in feature engineering, shifting from
manual design to automated, interpretable descriptor dis-
covery.”” SISSO leverages symbolic regression to screen relevant
descriptors from high-dimensional feature spaces and directly
generates mathematically meaningful expressions, thereby
establishing a systematic framework for constructing catalytic
material descriptors. Before applying symbolic regression,
domain-specific filtering is applied to prune the initial variable
pool by enforcing dimensional consistency, removing redun-
dant features through correlation analysis, and retaining only
variables that are robustly available from DFT or experimental
databases.

The fundamental framework of SISSO is illustrated in Fig. 4a.
Its workflow consists of two sequential steps: first, ‘“‘sure
independence screening” rapidly reduces the candidate feature
space; second, a ‘“‘sparsifying operator” precisely identifies
optimal low-dimensional descriptors.”> By integrating com-
pressive sensing with symbolic regression, SISSO enables the
automated extraction of descriptors from complex expressions
involving numerous primary features. The resulting descriptors
are presented as analytical formulas, providing a transparent
link between data-driven modeling and the underlying physical
mechanisms.”>”?

With methodological advancements, SISSO has demon-
strated substantial applicability in the study of catalytic materi-
als. For example, in predicting the relative stability of
octahedral binary compounds, SISSO derived analytical formu-
las linking energy stability to complex feature spaces, thereby
establishing clear mappings between material properties.”®

This journal is © the Owner Societies 2026
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Building on this foundation, the method has been extensively
applied to catalytic systems.’® Wang et al. introduced the sign-
constrained multi-task learning (SCMT-SISSO) framework
(Fig. 4b and c), which addresses discrepancies in experimental
data by enforcing sign consistency of descriptor coefficients
across multiple sources. Using 182 data points from 13 inde-
pendent studies, they identified an effective two-dimensional
descriptor, (dg, ng), where dg corresponds to the number of d
electrons in the B-site metal and ng denotes its oxidation state
(Fig. 4d). This descriptor enabled the screening of 36 660 pero-
vskite materials, successfully predicting several high-performance
OER catalysts whose activity was subsequently validated
experimentally.”* In addition, Fung et al employed compressed
sensing to extract key descriptors for the HER reaction in SACs.”
Similarly, in studies on selective alkene oxidation, Foppa et al
applied SISSO to reveal intrinsic correlations between key features
and catalytic performance, based on 12 vanadium/manganese
catalysts and 55 physicochemical parameters.”®

To address challenges in practical applications, researchers
have continued to optimize and extend the SISSO methodology

This journal is © the Owner Societies 2026

to identify universal descriptors across diverse catalytic reac-
tions. For example, Gong et al. proposed the physically mean-
ingful feature engineering and selection (PFESS) framework,
inspired by SISSO, and developed the ARSC descriptor with
explicit physical interpretation, expressed analytically as @ =
(1 + ko) x ¢y, [62]. As illustrated in Fig. 5, the descriptor
construction follows a systematic four-step process: (i) estab-
lishing primary atomic properties (A) based on the d-band
shape of homonuclear sites; (ii) selecting optimal parameters
(R) by incorporating reactant effects; (iii) introducing hetero-
nuclear intermetallic synergistic effects (S) via the PFESS
framework; and (iv) integrating coordination environment
influences (C) to form the final ARSC descriptor. This
approach demonstrates how complex descriptors can be pro-
gressively built from fundamental physical properties.
Importantly, ARSC successfully unified independent experi-
mental data from 17 types of diatomic sites across 28 pub-
lications, with activity data exhibiting high consistency on
the ARSC volcano plot, thereby validating the descriptor’s
universality and reliability.””
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SISSO has also shown exceptional capability in handling
complex catalytic systems. Nair et al. developed an SISSO-guided
active learning workflow, in which a closed-loop ‘“predict-
validate-update” mechanism enabled efficient screening of
stable catalysts under acidic conditions.>® To further enhance
algorithmic practicality, the RF-SISSO model was introduced,
achieving a 265-fold improvement in regression efficiency com-
pared to the original SISSO model with only 45 samples.”®
Concurrently, manual feature engineering is increasingly inte-
grated with interpretable ML; for instance, physically informed
descriptors such as the “topological undercoordination
number” have successfully revealed structural sensitivities in
metal catalysts.”®

These methodological refinements have substantially broa-
dened the applicability of SISSO in machine-learning-assisted
high-throughput screening of SACs across key electrocatalytic
reactions. For example, high-throughput first-principles calcu-
lations combined with SISSO have been used to screen 192
transition-metal atoms anchored on 1T-TMD substrates for the
CO,RR, where SISSO-derived descriptors linking intrinsic
features to limiting potentials guided the identification of
promising catalysts such as Fe@CoS,, Pt@TiTe,, and Co@CoS,
with low overpotentials and selective pathways to fuels like
formic acid and methane.®® In studies focusing on the HER,
SISSO has been integrated into machine-learning workflows
to derive interpretable descriptors correlating adsorption

5078 | Phys. Chem. Chem. Phys., 2026, 28, 5072-5093

energetics and electronic structure with catalytic activity,
enabling rapid screening and prediction of high-performance
SACs.®" Similarly, in ORR screening, SISSO-generated features
such as combinations of d-electron count and Bader charge
have been shown to play a critical role in predicting over-
potentials and activity trends of MXene-supported single
atoms.®

The SISSO method offers a robust and interpretable approach
for small-sample datasets, automatically extracting optimal
descriptors from large feature spaces while generating concise
analytical expressions instead of black-box models. Its perfor-
mance depends on the coverage of primary features, and large
feature pools require pre-screening due to computational
demands. Although its ability to capture highly nonlinear
relationships is limited, SISSO serves as a powerful bridge
between data-driven modeling and physical mechanism under-
standing, providing clear, actionable insights for rational design
of heterogeneous catalysts.

3.2. Graph based features

3.2.1. Chemical graph features. While SISSO extracts inter-
pretable descriptors to capture key physicochemical relation-
ships, graph-based representations complement this approach
by encoding atomic connectivity and local environments, pro-
viding ML models with structural information beyond what
SISSO descriptors alone can offer. A chemical graph provides an
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abstract yet effective framework for representing chemical
systems, where atoms are modeled as nodes and chemical
bonds or interactions as edges. Node features encode intrinsic
atomic properties such as element type, electronegativity,
valence electrons, and hybridization state, while edge features
describe interatomic connections, including bond type, length,
and order. This topological representation systematically
encodes the chemical semantics of a system, enabling a unified
framework for subsequent ML modeling. As one of the earliest
and most mature feature representations, chemical graph
descriptors illustrate how graph-based methodologies have
evolved beyond conventional descriptors, laying the theoretical
foundation for geometric graph features. Early applications in
catalysis primarily targeted active site modeling and reaction
network analysis. Notably, Dufaud et al. employed graph-
theoretical concepts to design heterogeneous catalysts with
multiple synergistic active sites, establishing a structured para-
digm for modeling complex catalytic reactions.*®

The development of chemical graph features originated
in computational chemistry and chemoinformatics, where
molecular systems were first abstracted as graphs with atoms
as nodes and covalent bonds as edges. A notable milestone in
this field was the establishment of the GDB-9 dataset by
Ramakrishnan et al.,, which systematically provided quantum
chemical structural and property data for over 130000 mole-
cules. This dataset revealed the scaling behavior of chemical
space with molecular size and the distribution of isomeric
properties, validating the feasibility of predicting molecular
properties through graph-based representations.®** With subse-
quent advances, the concept of chemical graphs has been
extended from molecular systems to crystalline and solid-
state materials, supporting broad applications in materials
science and heterogeneous catalysis. Concurrently, the advent
of deep learning and GNNs has transformed chemical graph
features from static descriptors into end-to-end, learnable
representations. This evolution has culminated in the emer-
gence of chemical graph neural networks, establishing a new
paradigm for feature engineering in heterogeneous catalytic
systems.

A breakthrough in chemical graph features for materials
science and heterogeneous catalysis was achieved with the
introduction of the CGCNN. In this framework, crystal struc-
tures are represented as graphs (Fig. 6a), where nodes corre-
spond to atoms in the unit cell and edges denote chemical
bonds or interatomic interactions. Graph convolutional layers
iteratively update atomic features by aggregating information
from neighboring atoms and bonds, while pooling layers
integrate these local features into global crystal descriptors
for property prediction. This end-to-end learning approach
effectively eliminates the dependence on manually designed
descriptors. Applied to ~47000 crystal structures from the
Materials Project, CGCNN achieved a mean absolute error of
0.039 eV per atom in formation energy prediction, surpassing
conventional ML models.®” Subsequently, Chen et al. developed
the multi-task crystal graph convolutional neural network
(MT-CGCNN), enabling efficient and accurate simultaneous
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prediction of multiple material properties. This multi-task
framework is particularly advantageous in limited-data scenar-
ios and high-throughput material screening.®®

Researchers have leveraged the high efficiency of CGCNN in
predicting energetic properties to enable high-throughput
screening and prediction of catalysts.>>®°° Kim et al. intro-
duced the Surface Graph Convolutional Neural Network
(SGCNN), tailored to predict the binding energies of key adsor-
bates (*H, *N,, *N,H, *NH, and *N,) relevant to the NRR. Using
only low-dimensional inputs such as elemental properties and
atomic connectivity, SGCNN achieved a mean absolute error of
0.23 eV on a dataset of 3040 DFT-calculated surfaces.”* For HER
catalysts, Zheng et al. employed an improved CGCNN model
(ASB-GCNN) that partitions crystal geometry into active, sur-
face, and bulk layers to screen 600 MA,Z,-based materials,
identifying five promising SACs, including V;/HfSn,N,(S) with
a near-ideal AGy» of 0.06 eV, thereby demonstrating efficient
structure-activity mapping.”> For OER catalysts, Back et al.
combined DFT and CGCNN to identify low-index IrO, surfaces
with lower overpotentials than the rutile(110) benchmark,
highlighting GNN-assisted screening of active facets.”® In the
CO3RR, Gu et al. used labeled site representations within a
GNN framework to predict CO adsorption energies with an
MAE of 0.116 eV, enabling rapid evaluation of diverse
Pd,Ti,_H, surfaces.”® Collectively, these developments high-
light how graph-based neural networks have redefined
chemical feature engineering, providing scalable and physically
grounded representations for heterogeneous catalysis.

Leveraging chemical graph features, their application has
been extended to automated construction and exploration of
complex reaction networks. Zheng et al. combined graph theory
with active learning to model the electro-synthesis of urea,
representing reactants as molecular graphs (atoms as nodes,
bonds as edges; Fig. 6b). Graph editing operations enabled
automated simulation of elementary steps, constructing a
reaction network with hundreds of intermediates. The graph
stability prediction (GSP) algorithm reduced DFT computa-
tional cost by ~40% while maintaining accurate pathway
identification (Fig. 6c and d).”

As model scale and catalytic system complexity increase,
traditional GNNs face challenges in accurately capturing multi-
ple adsorbates and diverse bond interactions. To address this,
Bang et al. proposed the bond-type embedded crystal graph
convolutional neural network (BE-CGCNN), which explicitly
distinguishes and embeds four bond types: covalent, metallic,
chemisorption, and nonbonded interactions, allowing more
precise representation of nanoparticle surface chemistry
(Fig. 7a and b). This approach discards distance-dependent
features in favor of one-hot encoded bond types, enhancing
robustness for unrelaxed structures and achieving a MAE of
0.07 eV in Pt *OH adsorption predictions (Fig. 7¢).”® For
limited-data systems, Xu et al. developed a simplified crystal
graph neural network with adaptive feature encoding (S-CGCNN),
maintaining high predictive accuracy under small-sample
conditions.®” Chemical graph features are increasingly recog-
nized as universal descriptors linking atomic structures to
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macroscopic properties, providing a foundation for high-
throughput screening, multi-task learning, and active site
mechanistic analysis.”®*°

3.2.2. Geometric graph features. Building on chemical
graph features, geometric graphs incorporate three-dimensional
atomic coordinates and spatial relationships to capture complex
catalytic environments. Nodes encode atomic properties, edges

5080 | Phys. Chem. Chem. Phys., 2026, 28, 5072-5093

describe interatomic distances and angles, and global features
reflect lattice parameters and symmetry. Unlike molecular
graphs based solely on chemical bonds, geometric graphs
employ cutoff radii or Voronoi analysis to capture long-range
interactions and steric effects, enabling accurate representa-
tion of adsorption, coordination, and electronic structure on
catalyst surfaces.
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SchNet, introduced by Schiitt et al., pioneered the use of
continuous-filter convolution to model quantum interactions
in molecular and crystalline systems, enabling direct learning
of potential energy surfaces from atomic 3D coordinates.
Unlike traditional graph-based chemical descriptors, SchNet
represents atoms as nodes and spatial vectors between atoms
(distance and direction) as edge features, encoded continuously
via radial basis functions. As illustrated in Fig. 8a, a learnable
filter network processes this geometric information through
multiple interaction blocks, progressively updating atomic
features to output rotationally invariant total energies and
rotationally covariant atomic forces.'*® Building on this approach,
Chen et al. developed the MEGNet (Materials Graph Network)
framework, which unifies the treatment of molecules and crystals
within a graph neural network by incorporating multi-level
updates for atoms, bonds, and global state variables (e.g., tem-
perature, pressure) (Fig. 8b). Trained on ~69000 crystals from
the Materials Project, MEGNet outperformed prior models such
as CGCNN in predicting crystal formation energies and bulk
moduli.'""

The DimeNet model (Fig. 9a) overcomes the limitations of
distance-only geometric representations by introducing direc-
tional message passing. Using a two-dimensional basis of
spherical Bessel and spherical harmonic functions, it explicitly
encodes both distances and bond angles, enabling precise
modeling of local directional interactions.'®> This approach is
particularly effective for analyzing conformational evolution in
multi-step reactions such as the OER and CO,RR. Building on
this, Li et al. proposed LEPool-DimeNet++, which incorporates
local environment pooling to improve adsorption energy pre-
dictions. The model achieved mean absolute errors (MAEs)
of 0.096 eV and 0.073 eV for *CO and *H adsorption ener-
gies, respectively, outperforming previous state-of-the-art
models.'® Further advancing geometric graph representations,

This journal is © the Owner Societies 2026

Choudhary et al. developed ALIGNN (Atomistic Line Graph
Neural Network) (Fig. 9b). ALIGNN performs message passing
simultaneously on atomic graphs (nodes = atoms, edges =
bonds) and line graphs (nodes = bonds, edges = bond angles),
collaboratively updating atomic, bond, and bond-angle
features. This allows accurate capture of local geometric
configurations at surface active sites and shows exceptional
performance in adsorption energy prediction, conformational
stability analysis, and modeling reaction intermediates.'®
Geometric graph neural networks also extend to complex
organic molecules. GAME-Net, developed by Pablo-Garcia
et al. (Fig. 10), predicts adsorption energies of organic mole-
cules on metal surfaces with an MAE of 0.18 eV, achieving
approximately six orders of magnitude faster computation
than traditional DFT, thereby enabling high-throughput
screening of heterogeneous catalysts.”®

Geometric graph features naturally encode three-dimen-
sional structural information. This makes them well-suited
for complex catalytic systems, including alloys, surfaces, and
interfaces. Nevertheless, these features face several challenges.
They are sensitive to unrelaxed structures and highly depen-
dent on precise atomic positions, often requiring large training
datasets for complex systems. Their high computational
complexity also places greater demands on algorithms and
hardware.

3.3. Topological data features

While geometric features capture atomic spatial arrangements,
they are sensitive to structural relaxation and local pertu-
rbations. To extract descriptors robust to such deformations,
algebraic topology methods have been introduced. These
approaches characterize the intrinsic connectivity of materials
by identifying discrete entities, ring-like structures, and high-
dimensional cavities via computing topological invariants that
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remain unchanged under continuous deformations.'®> Homol-
ogy groups, a core concept in algebraic topology, detect “holes”
of different dimensions through simplicial complexes and
boundary operators. The number of such features is quanti-
fied by Betti numbers (fy, f1, f2-..), representing connected
components, one-dimensional loops, and two-dimensional
cavities.'®'?” Traditional homology is static and does not
capture scale-dependent features. Persistent homology over-
comes this limitation by constructing nested topological spaces
through increasing scale parameters (e.g., interatomic dis-
tances or electron densities), tracing the birth and death of
topological data features.'®®'* These results are visualized as
persistent barcodes or diagrams, with bar length reflecting
feature stability (Fig. 11a).'°® Topological descriptors capture
both local atomic arrangements and global structural patterns,
including long-range interactions. They have demonstrated
success in bioactivity prediction, protein structure analysis,
membrane fusion pore studies, and gene regulatory net-
works,°®1101127118 and are increasingly applied to materials
science and heterogeneous catalysis, highlighting their growing
relevance in complex materials modeling."'”*"®

5082 | Phys. Chem. Chem. Phys., 2026, 28, 5072-5093

In heterogeneous catalysis, adsorption energies at active
sites critically determine catalyst activity, selectivity, and stabi-
lity. These energies strongly depend on local atomic configura-
tions, coordination environments, and electronic structures,
making the establishment of universal structure-performance
relationships challenging. Topological data features provide a
machine-learning-compatible representation that captures
complex three-dimensional structures. For example, in metal-
organic frameworks (MOFs), pore topology governs gas adsorp-
tion behavior. Yang et al. applied TDA to convert MOF crystal
structures into descriptors quantifying pore connectivity, ring
structures, and cavity distribution (Fig. 11b). When combined
with an extreme gradient boosting (XGBoost) model, this approach
substantially outperformed traditional geometric descriptors in
predicting C;-C; alkane adsorption performance.'’

TDA can capture structural information that is difficult to
encode using conventional graph-based representations. For
example, in metal-nitrogen-carbon SACs, local curvature
plays a critical role in modulating the geometric environment.
However, such curvature does not directly alter bonding con-
nectivity and therefore remains challenging to represent using
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permission.° Copyright 2022, the Authors. (b) An undirected crystal graph representation and the corresponding line graph construction of a SiOy4
polyhedron. For clarity, only Si—O bonds are shown. The ALIGNN convolution layer alternates messages passing between the bond graph (left) and the
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standard graph encodings. Liang et al. developed the persistent distal Ru atoms as optimal configurations, exhibiting higher
homology-enhanced crystal graph convolutional neural net- OH adsorption energies than Pt(111). Incorporating second-
work (PH-CGCNN) (Fig. 12), which embeds curvature-induced neighbor Ru further modulated the d-band center, optimizing
microstructural variations by persistent homology into graph the ORR pathway and enhancing catalytic efficiency and
neural network features. The barcodes generated by persistent poisoning resistance.'>°
homology can effectively distinguish structural variations Zheng et al. proposed PH-SA (Fig. 14a-d) to efficiently
induced by different curvature conditions. explore active phase configurations using TDA. The method
Beyond interpretation and prediction, topological appro- decomposes structures into atomic aggregates, identifies poten-
aches have been extended to reverse design of active sites. tial adsorption sites via persistent homotopy, and generates
Wang et al. developed a topology-based variational autoencoder configurations through combinatorial enumeration. Machine
framework (PGH-VAEs) that represents catalytic sites using learning force fields optimize these structures, and Pourbaix
persistent GLMY homotopic features (Fig. 13a-c). This method diagrams track phase evolution under external conditions. PH-
quantifies the relationship between three-dimensional struc- SA samples surface, subsurface, and bulk sites for both slabs and
tural sensitivity and adsorption properties, enabling inter- clusters, overcoming limitations of intuition-based approaches.
pretable design of high-entropy alloy active sites. Applied to In Pd hydrogenation and Pt cluster oxidation, it accurately
the IrPdPRhRu system, it revealed synergistic regulation of *OH predicted structural rearrangements and reactivity, providing
adsorption energies by coordination and ligand effects. Latent- an efficient framework for discovering active phases and eluci-
space analysis identified Pt-Pd bridging sites combined with  dating catalytic mechanisms."*
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(c) Framework of PGH-VAEs, showing modules for encoding, latent space visualization, sampling, and decoding to generate potential active sites.
Reproduced with permission.*2® Copyright 2025, Chinese Academy of Sciences.

Topological algebra methods provide multiscale representa-
tions for designing heterogeneous catalysts and predicting
performance. Challenges include integrating element-specific
information and combining topological descriptors with
electronic structure features. Techniques such as attention
mechanisms, multimodal learning, and dynamic descriptors
can enhance expressiveness and applicability. With further

This journal is © the Owner Societies 2026

development, they hold promise for elucidating catalytic
mechanisms, guiding material design, and accelerating catalyst
discovery.

3.4. Multimodal features

Single-descriptor models often fail to capture the full complexity
of heterogeneous catalysts. Multimodal feature fusion integrates
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permission.*?* Copyright 2025, Springer Nature.

computational and experimental data, including composition,
atomic structure, electronic properties, and macroscopic perfor-
mance, into high-dimensional “super-descriptors”, enabling
a more comprehensive, mechanism-driven understanding of
catalytic behavior.'*” For instance, the adsorption multi-modal
transformer model proposed by Chen et al. effectively couples
atomic-level graph representations of catalyst surfaces with
molecular descriptors of adsorbates via a cross-attention mecha-
nism, thereby achieving high-precision predictions of global
minimum adsorption energies.’

Textual representations can complement
descriptors, supporting multimodal approaches for catalyst
design. Catalyst generative pretrained transformer (CatGPT)
generates chemically valid string representations of inorganic
catalysts from text inputs. When fine-tuned on specialized
datasets, such as binary alloys for the two-electron ORR, it
can propose candidate structures tailored to specific catalytic
applications.’® As a specific implementation of multimodal
fusion, structure-text alignment aims to connect textual mate-
rial descriptions with numerical structural features. Ock et al.
developed a graph-assisted pretraining framework that inte-
grates atomic structures with textual descriptions for predicting
adsorption energies. As shown in Fig. 15a, the framework
operates through two main stages: self-supervised graph-text
alignment pretraining followed by supervised fine-tuning for
energy prediction. This approach aligns graph embeddings
from an equivariant graph neural network (Equiformerv2)
with text embeddings from a Transformer language model
(CatBERT4) in a shared latent space (Fig. 15b). The framework

traditional
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also incorporates a large language model (CrystalLLM) to
generate structural descriptions from simplified chemical inputs,
enabling reasonable energy predictions without complete atomic
coordinates (Fig. 15¢). This method offers a potential pathway for
utilizing textual information from the literature to support catalyst
screening.”

In multimodal catalyst screening, spectroscopic descriptors
complement conventional structural representations and
enable integrated Al-driven design. To improve catalyst screen-
ing efficiency, Yang et al. developed a cross-modal encoder—
decoder framework that integrates spectroscopic and structural
descriptors for comprehensive chemical representation. Using
pretraining strategies based on property regression and masked-
mode prediction, the model enables bidirectional translation
between molecular geometries and vibrational spectra. In CO/
NO adsorption on Ag/Au surfaces, the framework exploits the
complementarity of infrared and Raman signals to accurately
predict adsorption properties and internal coordinates (RMSE =~
0.01 A). This method addresses the information insufficiency of
single-modality representations and supports multi-objective
prediction and data recovery in complex catalyst design.'*’
Subsequently, Zhao et al. extended multimodal fusion to organic
molecular structure elucidation by proposing a framework based
on one-dimensional convolutional neural networks (1D-CNNs).
By integrating infrared, Raman, and nuclear magnetic resonance
spectra, the method effectively leverages the complementary
strengths of vibrational and magnetic resonance information,
enabling automated identification and quantification of func-
tional groups.'®® Although several multimodal alignment

This journal is © the Owner Societies 2026


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5cp04352b

Open Access Article. Published on 29 January 2026. Downloaded on 5/10/2026 12:30:08 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

View Article Online

Review PCCP
a Graph-assisted Pretraining
by
=3
=
Projection
head, 7,6, | 16, | TGy 6
: 0)</s>[C Ti Pd Pd hollow [Ti CatBERTa
Relaxed Pd Pd Pd Pd Pd Pd...]
Structure R TwGs | TwG:| TG TarGu
Fine-tuning M Loading
/ checkpoint
Text
oC.HSS[cT i o ronow m TP CatBERTa Relaxed Energy
PdPdPdPdPdPd...] i
b Finetuning c Q.. Input3D
OOO Structure
[ Textual String ] Oo
@ Tokenization e ,. o System embedding
. \; Atom <
' Separable ' embedding "y
() (™) [P o 3 R
e . ’ Equivariant ,
Positional encoding i Graph Attention i
& Token embedding ' '
[ RoBERTa Encoder ] Reshaping
': Separable
@ s Layer Norm e =
Emb Eh : Feed Forward ;
m ml Network : i
() (=) (ema) - ;
A XN
NN / =
g Separable
R i Layer Norm
[ e%r::dsmn ] :> [ Energy ] o
Fig. 15 (a) The training involves two steps: graph-assisted pretraining followed by energy prediction fine-tuning. (b) The CatBERTa model is used as the

text encoder. (c) The graph encoder, with the final-layer graph embeddings reshaped and max-pooled into a 1D format. The architecture is reproduced

from the original Equiformerv224

approaches integrating spectra, structures, and text have
emerged in recent years, such as TranSpec and SpecGNN,
which enable bidirectional translation between vibrational
spectra and SMILES representations, their application in
catalysis remains relatively unexplored."””

Compared to traditional single-modality descriptors, multi-
modal feature representations offer a more comprehensive
capture of the complex structure-property relationships in
catalytic systems. As a result, they have emerged as a critical
direction in structural feature engineering, showing great
potential in enhancing both the generalization ability and
physical interpretability of ML models.

This journal is © the Owner Societies 2026

publication. Reproduced with permission.

2! Copyright 2025, Springer Nature.

4. Summary and outlooks

Structural feature engineering in heterogeneous catalysis has
made significant progress, particularly in establishing general-
izable models across diverse material systems. GNNs, such
as DimeNet and GAMENet, have emerged as powerful tools
capable of capturing atomic connectivity and local environ-
ments, and have been widely applied to structure-property
predictions in metals, oxides, and alloy-based catalytic systems.
In terms of interpretability, the introduction of sparse modeling
approaches like SISSO has enabled the automatic identifica-
tion of key atomic-scale descriptors directly correlated with
catalytic activity, offering physically meaningful insights into
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structure-performance relationships. Despite this progress,
structural feature engineering in heterogeneous catalysis still
faces numerous challenges, necessitating sustained and inter-
disciplinary collaboration.

4.1. The in-depth development of multimodal features

Multimodal feature integration for structural representation in
heterogeneous catalysis is still at an early stage. Most existing
studies have focused on limited modality combinations, such
as structure-text’' and structure-spectra integration.'*® Within
this scope, structure-Raman fusion represents a typical form
of structure-spectroscopy multimodality, where vibrational
fingerprints provide chemically informative, albeit indirect,
insights into local bonding environments and surface inter-
mediates. However, extending these approaches to higher-
dimensional experimental modalities, including charge
density maps, electron microscopy images (e.g., STEM and
TEM), and spectroscopic signals such as XAS and XRD,
remains challenging. These modalities differ fundamentally
from atomistic structural descriptors in data format, spatial
resolution, and physical semantics, hindering their direct
incorporation into unified machine-learning frameworks.
The key challenge lies in developing representations that
simultaneously maintain structural sensitivity and physical
interpretability while enabling automated extraction of cata-
lytically relevant features, such as defects, coordination envir-
onments, and local electronic states. Despite the progress
detailed in Section 3.4, practical multimodal applications in
catalysis remain scarce. The field is pivoting toward unified
multimodal learning architectures that transcend simple
feature concatenation. By employing cross-attention or con-
trastive learning, these frameworks deeply align atomic topol-
ogies, electronic states, and experimental fingerprints within a
shared latent space.*297*%!

4.2. Interpretability enhancement

Although notable advances have been achieved in enhancing
interpretability for machine-learning-assisted catalytic design,
key limitations remain. Sparse symbolic regression methods
such as SISSO yield low-dimensional, physically interpretable
descriptors that enable mechanistic insight,”* but their reliance
on predefined operator sets and sparse formulations restricts
their capacity to capture strong nonlinearities, high-order inter-
actions, and complex reaction dynamics.”” In contrast, deep
learning models, particularly graph neural networks, provide
higher predictive accuracy and generalization by modeling
intricate structure-property relationships, yet their limited
interpretability hampers physical understanding and hypoth-
esis generation."** To bridge the gap between predictive power
and interpretability in deep learning, two promising directions
have emerged. The first involves hybrid frameworks that inte-
grate GNNs with sparse modeling approaches like SISSO, where
the rich structural representations learned by GNNs serve as
input features for interpretable models, achieving a balance
between expressiveness and transparency. The second path
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View Article Online

Review

focuses on developing inherently interpretable deep learning
architectures. Among these, topological deep learning shows
great promise,* %20

4.3. Cross-scale structural mapping

Catalyst structures inherently span multiple spatial scales, from
atomic coordination environments and point defects to surface
reconstructions, crystal facets, particle morphology, and macro-
scopic catalytic architectures, posing a fundamental challenge
for structure-property modeling. While atomistic simulations
such as DFT are effective in identifying active sites and ele-
mentary mechanisms, they are intrinsically limited in captur-
ing mesoscale and macroscale effects, whereas experimentally
or mesoscale-derived structural information often lacks atomis-
tic resolution. Most current machine-learning representations
therefore remain confined to microscopic atomic configurations,
with insufficient treatment of larger-scale structural features.
Beyond spatial scale mismatch, catalytic modeling also suffers
from pronounced fidelity inconsistency arising from different
levels of physical approximation, ranging from low-cost DFT
calculations that neglect solvation or electrochemical potential,
to high-fidelity constant-potential simulations and experimental
conditions. Multi-fidelity learning, particularly A-learning, offers
a systematic strategy to address this issue by learning structure-
preserving corrections that map low-fidelity predictions onto
higher-level physical descriptions, thereby reconciling compu-
tational efficiency with physical accuracy.'”*'** Although such
approaches have been actively explored in materials science and
molecular modeling,****® their application in heterogeneous
and electrocatalysis remains limited, highlighting a critical
opportunity for catalytic research. Integrating multi-scale struc-
tural representations with multi-fidelity learning frameworks is
therefore expected to enable consistent structure-property rela-
tionships across spatial hierarchies and levels of theory, bridging
electronic-structure simulations, realistic operating conditions,
and device-level catalytic performance toward unified, system-
level catalyst design.

In summary, this systematically summarizes
advances in feature engineering for heterogeneous catalysis,
from empirical descriptors to data-driven methods. Early work
relied on intuitive descriptors like the atomic radius and
electronegativity, linking electronic structure to activity
but struggling with high-dimensional complexity. Symbolic
regression methods, such as SISSO, automate the discovery of
low-dimensional, interpretable descriptors, improving predic-
tion and mechanistic insight. GNNs model catalysts as ato-
mistic graphs, capturing local environments and multi-site
interactions, enhancing adsorption and activity predictions.
TDA, e.g., persistent homology, provides multi-scale insights
into structural connectivity. Integrating multimodal data
from computational, experimental, and literature sources
enables mechanism-informed ‘“super-descriptors,” bridging
prediction and understanding. Overall, feature engineering
advances both predictive accuracy and mechanistic insight,
supporting rational, data-driven design of next-generation
heterogeneous catalysis.
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