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A B S T R A C T

Understanding electrocatalytic mechanisms is essential for rational catalyst design. While operando experiments 
and atomistic simulations provide complementary insights into catalytic states, they face inherent limitations in 
resolving dynamically evolving structures, disentangling overlapping signals, and sampling the vast configura
tional space governing reaction pathways. Here, we present an artificial intelligence (AI)-integrated framework 
for mechanistic studies in electrocatalysis, positioning AI as a tool to augment and connect conventional ap
proaches. By defining the functional roles of AI in representation, exploration, and inference, we outline how 
complex operando data can be systematically interpreted, how simulation space can be extended, and how 
mechanistic hypotheses can be evaluated under physical constraints. Together, this framework offers a structured 
perspective on integrating AI into mechanistic analysis, highlighting key opportunities and limitations, and 
establishing a conceptual pathway toward a more consistent, mechanism-driven understanding of electro
catalytic systems.

1. Introduction

In heterogeneous electrocatalysis, catalytic reactions occur at solid
–liquid interfaces under applied potential, where catalyst structure and 
the electrochemical environment are inherently coupled [1,2]. Thus, 
electrocatalytic behavior is governed not by static material properties 
but by the evolving states of active sites, reaction intermediates, and the 
surrounding environment during operation [3–5]. Mechanistic under
standing is therefore essential for establishing causal relationships be
tween catalyst structure, reaction conditions, and macroscopic 
performance [6,7]. However, resolving electrocatalytic mechanisms 

remains challenging because these coupled factors evolve dynamically 
under non-equilibrium conditions [1,5]. Catalysts undergo continuous 
structural and electronic changes, while intermediates form, decay, and 
compete on short time scales [8–14]. In addition, electrolyte composi
tion, solvation structure, and interfacial electric fields actively modulate 
reaction pathways and selectivity [15–17]. This intrinsic, 
time-dependent complexity fundamentally limits mechanistic de
scriptions based on static structures or equilibrium assumptions.

Electrocatalytic reactions are commonly investigated using a com
bination of operando experiments and atomistic simulations [18–22]. 
Operando electrocatalytic techniques enable direct observation of 
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catalysts under working conditions, providing insight into dynamic 
structural transformations, changes in electronic states, and the forma
tion of surface-bound reaction intermediates [23–25]. Atomistic simu
lations offer a complementary molecular-level perspective for 
interpreting reaction energetics, reaction pathways, and 
environment-mediated effects [26–28]. Together, these experimental 
and computational approaches form the foundation of mechanistic un
derstanding in electrocatalysis by linking observable catalyst dynamics 
to underlying reaction processes. However, when applied to complex 
and dynamic electrocatalytic systems, both approaches face inherent 
challenges in data interpretation, mechanistic resolution, and efficient 
exploration of relevant reaction space, motivating the development of 
new integrative strategies [29–31].

To address these limitations, AI is emerging as a promising set of 
data-driven tools for electrocatalytic mechanism studies [32–36]. 
Rather than representing physical models or experimental analysis, AI is 
being explored to assist the interpretation of complex operando mea
surements and the exploration of mechanistic space in atomistic simu
lations. By extracting structure, patterns, and relationships from 
high-dimensional data, AI enables the organization of evolving cata
lyst states, reaction intermediates, and reaction environments into 
interpretable representations [37–39]. Although these approaches are 
not yet routine, their conceptual alignment with the demands of oper
ando electrocatalysis and molecular simulations hold significant prom
ise for advancing mechanism-driven studies.

This review presents a conceptual framework for AI-assisted 

mechanistic analysis in electrocatalysis. We focus on how AI can be 
integrated with operando experiments and atomistic simulations to 
address fundamental challenges in mechanism identification. Rather 
than cataloging AI applications, we position AI as a tool to transform 
complex operando data into interpretable representations and to expand 
the accessible scope of atomistic simulations (Fig. 1). Within this 
perspective, we examine representative electrocatalytic systems, 
including oxygen evolution reaction (OER), oxygen reduction reaction 
(ORR), and CO2 reduction reaction (CO₂RR), to define the key mecha
nistic insights required for understanding catalytic function. We then 
assess how these insights are obtained through operando experiments 
and atomistic simulations, and where fundamental limitations arise in 
resolving dynamic states, interfacial effects, and reaction pathways. 
Building on this, we explore how AI can be integrated into these pro
cesses to extend mechanistic interpretation. Finally, we highlight recent 
developments and outline an emerging framework in which operando 
analysis and atomistic simulations are increasingly connected through 
AI, pointing toward a closed-loop approach to mechanistic studies.

2. Mechanistic challenges

Electrocatalytic systems such as OER, ORR, and CO2RR involve 
distinct reactants and operating conditions yet share a common mech
anistic foundation as surface-mediated reactions governed by transient 
intermediates [41–45]. Understanding these mechanisms is essential for 
establishing how catalytic structure, reaction environment, and 

Fig. 1. Conceptual overview of AI-integrated mechanistic analysis in electrocatalysis. Reproduced with permission from Ref. [33]. Copyright 2025 American 
Chemical Society. Reproduced with permission from Ref. [40]. Copyright 2023 John Wiley and Sons.
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dynamic processes determine activity and selectivity, and thus for 
guiding rational catalyst design [46].

In this section, rather than comparing these systems individually, we 
focus on the common mechanistic challenges that arise across them, 
particularly in resolving catalytic states, their evolution under reaction 
environments, and their connection to reaction pathways and selec
tivity. These interconnected aspects define the key mechanistic insights 
required for understanding electrocatalytic function and, importantly, 
where current approaches encounter fundamental limitations.

2.1. State identification and evolution

Defining the identity of catalytic active states is a central objective in 
mechanistic studies of electrocatalysis. Under operating conditions, 
catalyst surfaces undergo continuous structural and electronic evolution 
in response to applied potential, adsorbate interactions, and interfacial 
processes [47–54]. As a result, catalytic states are represented by 
dynamically evolving configurations distributed across space and time, 
rather than by a single static structure [55].

Operando transmission electron microscopy (TEM) enables direct 
visualization of these structural transformations under electrochemical 
bias [56–60]. In oxygen evolution systems, electrochemical TEM 
(EC-TEM) studies of transition-metal sulfides reveal lattice-level trans
formations, including oxygen incorporation and sulfur depletion, which 
initiate surface reconstruction prior to steady-state catalysis (Fig. 2a) 
[57]. In CO2RR systems, liquid-cell TEM (LC-TEM) measurements show 
that crystalline Cu surfaces evolve into amorphous, Cu-containing in
terphases that dynamically interconvert with the underlying lattice and 
exhibit lateral mobility (Fig. 2b) [58]. These observations unambigu
ously demonstrate the spatial and temporal evolution of catalytic 
structures under reaction conditions.

Atomistic simulations provide complementary insight into the 

mechanisms underlying this evolution. Constant-potential density 
functional theory (DFT) and ab initio molecular dynamics (AIMD) 
simulations capture how electrochemical bias and adsorbate in
teractions influence structural stability and drive transitions between 
configurations [40,53,61–63]. For example, in Cu–N–C single-atom 
catalysts, hydrogen adsorption modifies metal–ligand coordination 
and facilitates aggregation, while cooperative interactions between ad
sorbates promote the formation of mobile surface complexes [61]. In 
oxide catalysts, simulations reveal reconstruction processes driven by 
lattice oxygen activation and interfacial reactions, leading to the for
mation of oxyhydroxide-like phases under operating conditions (Fig. 2c) 
[40]. Together, these approaches unveil the structural evolution of 
catalytic states across highly dynamic systems.

2.2. Environment and interface effects

Catalytic states in electrocatalysis are defined by their interaction 
with the surrounding electrochemical environment. Applied potential, 
electrolyte composition, interfacial electric fields, and adsorbate in
teractions collectively determine the accessible structural, electronic, 
and chemical configurations of the catalyst [64–68]. As a result, cata
lytic behavior reflects the coupled evolution of catalyst and environment 
under operating conditions.

Operando X-ray absorption spectroscopy (XAS) enables direct access 
to probe the element-specific coordination and electronic structure in 
liquid electrolytes [54,69]. In transition-metal oxyhydroxide catalysts, 
X-ray absorption near edge structure (XANES) and extended X-ray ab
sorption fine structure (EXAFS) measurements show that catalytic acti
vation is associated with changes in local coordination geometry and 
metal–oxygen electronic structure under applied potential [70]. Varia
tions in XAS features capture reversible symmetry changes and evolving 
metal–ligand interactions, providing insight into coordination-state 

Fig. 2. a) Time-resolved operando TEM images showing the formation of an amorphous surface shell under the applied voltage of 0.9 V. Reproduced with permission 
from Ref. [57]. Copyright 2023 Springer Nature. b) Time-resolved HRTEM images of Cu surface showing lateral flow of the amorphous interphase. Reproduced with 
permission from Ref. [58]. Copyright 2024 Springer Nature. c) AIMD snapshots showing the spontaneous surface reconstruction of LaNiO3 into an amorphous 
oxyhydroxide phase. Reproduced with permission from Ref. [40]. Copyright 2023 Wiley-VCH GmbH.
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evolution under electrochemical conditions [71].
Interfacial dynamics further define catalytic states through time- 

dependent interactions between the catalyst and surrounding species. 
Time-resolved operando measurements uncover progressive evolution 
of electronic states with applied potential and reaction time [72,73]. 
Vibrational techniques, such as Raman and infrared spectroscopies, 
resolve bond-specific signatures of surface adsorbates and reveal 
continuously evolving ensembles of species at the interface [74–79]. For 
example, in CO2 reduction, operando surface-enhanced Raman spec
troscopy (SERS) captures redistribution of adsorbates such as COad and 
OHad under pulsed electrochemical conditions, revealing the nature of 
dynamic interfacial configurations [75].

Atomistic simulations yield further microscopic insights into these 
interactions by explicitly modeling the electrolyte environment 
[80–84]. Molecular dynamics (MD) and ab initio simulations show that 
solvent molecules, ions, and electric fields actively influence reaction 
energetics and intermediate stability. In CO2 reduction on Cu surfaces, 
cation–adsorbate interactions modify activation barriers and adsorption 
configurations (Fig. 3a) [80], while in oxygen reduction systems, 
restructuring of interfacial water networks alters hydrogen-bond con
nectivity and reaction energetics (Fig. 3b) [83]. These approaches 
enable detailed investigation of catalyst–environment coupling and its 
influence on catalytic states.

2.3. Reaction pathway and selectivity

Mechanistic analysis of electrocatalysis requires identification of 
reaction pathways that connect catalytic states to product formation. In 
multistep electrochemical reactions, multiple reaction routes can pro
ceed concurrently, and overall selectivity reflects the distribution of 
elementary steps occurring at the catalyst surface [45]. Understanding 
reaction mechanisms therefore involves resolving the formation, trans
formation, and consumption of intermediates along different pathways.

Atomistic simulations serve as a primary framework for mapping 
these reaction pathways. DFT calculations identify stable intermediate 
and elementary reaction steps, enabling construction of reaction net
works that describe possible transformation routes [44,85].

Beyond static pathway identification, statistical simulation methods 
capture the dynamic selection of reaction routes under operating con
ditions. Kinetic Monte Carlo (kMC) simulations incorporate time- 
dependent event selection and surface coverage evolution, enabling 
direct evaluation of how reaction flux is distributed across competing 
pathways [45,86–88]. For example, kMC simulations of CO2 hydroge
nation on Ni/CeO2 catalysts reveal that reaction flux is governed by 
cooperative interactions between distinct active sites, where removal of 
surface oxygen dynamically enables intermediate diffusion and 
completion of the catalytic cycle (Fig. 3c) [87]. These simulations 

Fig. 3. a) AIMD simulations illustrating the critical role of alkali metal cations in modifying the CO2 activation barrier through different coordination abilities of Li+ , 
Na+, K+, and Cs+ on Cu(100) surfaces. Reproduced with permission from Ref. [80]. Copyright 2024 Springer Nature. b) Free energy profile for the ORR pathway on 
the Fe-N4-C electrocatalyst, illustrating the thermodynamic energetics of the reaction steps. Reproduced with permission from Ref. [83]. Copyright 2023 American 
Chemical Society. c) Schematic representations of the executed reaction events derived from kMC simulations, illustrating the shift in dominant reaction pathways 
depending on the inclusion of Eley-Rideal (ER) reactions. Reproduced with permission from Ref. [87]. Copyright 2024 American Chemical Society.
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further show that different products emerge from distinct pathways 
within the same reaction network, such as CO formation via a reverse 
water–gas shift route and CH4 formation through a formyl-mediated 
pathway.

Statistical approaches also reveal how reaction pathways evolve with 
applied potential and surface conditions. In CO2 reduction on Cu sur
faces, kMC simulations demonstrate that surface coverage transitions 
with increasing overpotential, leading to changes in dominant reaction 
routes and shifts in rate-determining steps. These results illustrate how 
pathway selection is dynamically regulated by reaction conditions 
through changes in reaction flux [88].

2.4. Challenges

The capabilities outlined in Sections 2.1–2.3 demonstrate that 
operando experiments and atomistic simulations provide access to cat
alytic states, their environment-dependent evolution, and associated 
reaction pathways. However, translating these observations into a 
definitive mechanistic description remains fundamentally unresolved.

A primary challenge arises from the entanglement of catalytic states 
and their environments. As described in Section 2.1, catalytic structures 
continuously evolve under reaction conditions and exist as transient 
populations rather than isolated configurations. At the same time, as 
shown in Section 2.2, these states are strongly coupled to the sur
rounding electrochemical environment, where adsorbates, solvent 
molecules, and electric fields continuously reshape the accessible 
configurational space. Because these structural and environmental de
grees of freedom evolve simultaneously, experimentally observed sig
nals represent superpositions of multiple coexisting states and 
interactions, rather than direct signatures of individual configurations 
[89–92].

This complexity leads directly to an underdetermined problem in 
mechanistic interpretation. As discussed in Section 2.3, multiple reac
tion routes can originate from shared intermediates [93,94], and 
pathway selection depends on dynamic competition between elemen
tary steps [45]. Consequently, similar intermediate populations or en
ergetic landscapes can correspond to different dominant pathways, 
depending on reaction conditions and surface states. This prevents a 
unique mapping between observed intermediates and the underlying 
reaction mechanism.

These intrinsic challenges are further amplified by sampling limi
tations in both experimental and computational approaches. Operando 
techniques provide time-resolved and environment-specific informa
tion, but measurements remain indirect and often integrate signals over 
spatial and temporal domains. Atomistic simulations offer detailed 
insight into local structures and reaction energetics yet remain restricted 
in their ability to sample the full configurational, temporal, and 
ensemble space relevant to catalytic systems [66,95–98]. As a result, 
experimental observations and simulation results each provide partial 
and complementary views of a much larger mechanistic landscape.

Taken together, mechanistic analysis in electrocatalysis requires 
reconstructing relationships between evolving states, coupled environ
ments, and competing pathways from incomplete and indirect obser
vations. These challenges can be understood in terms of three 
interrelated limitations: entanglement, underdetermination, and sam
pling limitations. This establishes the need for analytical frameworks 
capable of integrating heterogeneous data, disentangling coupled vari
ables, and extracting mechanistic information from complex datasets.

3. AI Framework

Building on the fundamental challenges identified in Section 2, this 
section establishes a role-based framework for integrating AI into 
mechanistic analysis. Rather than treating AI as a collection of indi
vidual models, the framework organizes its contribution according to 
the mechanistic problems it addresses, the methods through which it can 
be implemented, and the reliability criteria required for meaningful 
interpretation. This structure provides the basis for defining the func
tional roles of AI, mapping them to representative methodological ap
proaches, and evaluating their limitations and physical consistency.

3.1. Roles in mechanistic analysis

The limitations summarized in Section 2.4 highlight three major 
requirements for AI-assisted mechanistic analysis: organizing incom
plete and convoluted data, expanding the accessible state space, and 
supporting physically meaningful interpretation. Accordingly, AI can be 
understood in terms of three functional roles: representation, prediction 
and exploration, and inference (Fig. 4). These roles are not independent 
categories, but interconnected steps that link data transformation, state- 

Fig. 4. Conceptual framework connecting mechanistic limitations in electrocatalysis with the functional roles of AI-derived analysis.
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space expansion, and mechanistic interpretation.
The first role, representation, converts complex and noisy data into 

structured descriptors that capture underlying catalytic states. In oper
ando analysis, this involves extracting latent features from overlapping 
spectroscopic signals or time-resolved measurements, thereby enabling 
patterns to be identified beyond direct observability. This step defines 
how information is encoded and directly constrains the scope of subse
quent analysis.

The second role, prediction and exploration, extends these repre
sentations into a broader configurational and energetic space. By 
learning structure–property relationships, AI models enable efficient 
sampling of atomic configurations, reaction intermediates, and dynamic 
surface states that are otherwise inaccessible through conventional 
simulations. This role bridges experimentally observed signals with the 
underlying atomistic landscape.

The third role, inference, connects the explored state space to 
mechanistic interpretation. Rather than providing definitive solutions, 
AI-based inference evaluates competing hypotheses and identifies 
physically plausible reaction pathways based on available data and 
learned relationships. This process inherently involves uncertainty and 
requires consistency with physical principles to ensure meaningful 
interpretation.

Taken together, these roles define a hierarchical workflow in which 
representation establishes the information space, prediction and explo
ration expand it, and inference assigns mechanistic meaning. Mecha
nistic understanding therefore emerges from the integration of these 

functions, rather than from any single model or method.

3.2. Methods and implementation

While the roles defined in Section 3.1 describe the functional struc
ture of AI-assisted mechanistic analysis, their practical realization de
pends on the selection and integration of appropriate computational 
methods. Different roles require distinct data processing, modeling, and 
interpretation strategies, depending on the nature of the data input, the 
scale of the system, and the level of mechanistic detail required.

Rather than reviewing individual models in isolation, we organize 
representative AI approaches according to their functional roles in 
mechanistic analysis, as summarized in Table 1. This role-based classi
fication provides a structured mapping between AI methods and their 
contributions to data representation, state-space exploration, and 
mechanistic inference. It also facilitates comparison between different 
approaches and clarifies their applicability across operando analysis and 
atomistic simulations.

Importantly, these roles are not uniquely associated with specific 
models, as the same method can be adapted to perform different func
tions depending on the task. This flexibility enables the integration of 
multiple approaches within a unified workflow, rather than restricting 
analysis to fixed model categories. The framework presented here 
therefore emphasizes functional relationships over model types, 
providing a flexible basis for applying AI in mechanistic studies.

Table 1 
Representative AI methods and their functional roles in mechanistic analysis.

AI role AI approach Method / Model type Function Role in mechanistic analysis Typical application Ref.

Representation Deep learning Autoencoder (AE), 
CNN

Nonlinear feature 
extraction

Extraction of latent features 
associated with catalytic states from 
complex operando signals

Spectroscopic pattern 
recognition (XAS, 
Raman)

[99, 
100]

Unsupervised / self- 
supervised learning

Deep clustering, 
contrastive learning

Representation 
learning without labels

Grouping of similar spectral or 
structural patterns and temporal 
evolution

Time-resolved operando 
data analysis

[101]

Prediction & 
exploration

ML interatomic 
potentials

Deep MD Scalable energy and 
force prediction

Atomistic simulations under realistic 
electrochemical environments

Electrochemical interface 
modeling

[102]

Neural Network 
Potentials (NNP), 
HDNNP

Energy and force 
prediction

Exploration of large configurational 
space beyond DFT limits

Large-scale MD 
simulations of catalytic 
surfaces

[103]

Graph neural 
networks

SchNet, DimeNet, 
ALIGNN

Structure-property 
mapping

Prediction of adsorption energies and 
structure-property relationships

Catalyst surface and 
material modeling

[104, 
105]

Active learning 
framework

Adaptive sampling 
(ANI, DP-GEN)

Iterative model 
refinement

Efficient exploration of 
configurational space and rare events

Accelerated simulation 
workflows

[106]

Inference Probabilistic models Bayesian inference Uncertainty-aware 
modeling

Probabilistic assessment of 
competing mechanistic hypotheses

Reaction network 
analysis

[107]

Generative models Variational 
Autoencoder (VAE)

Latent space sampling 
and data generation

Generation of plausible reaction 
configurations or pathways

Mechanism exploration 
and inverse design

[108]

Diffusion models Probabilistic 
generation

Sampling of plausible structure or 
reaction configurations

Molecular and reaction 
pathway generation

[109]

Learning-based 
optimization

Reinforcement 
learning (RL)

Policy optimization Optimization of reaction sequences 
or catalytic design strategies

Catalyst design and 
mechanism search

[110, 
111]

Table 2 
Reliability, and evaluation of AI-assisted mechanistic analysis.

AI Challenge Origin Impact on mechanistic interpretation Current strategies

Data quality and 
noise

Noisy, overlapping, and time-resolved operando 
spectroscopic signals with limited direct structural 
observability

Ambiguous identification of transient catalytic states 
and reaction intermediates under dynamic 
electrochemical conditions

Advanced signal processing, data 
denoising, and multimodal data 
integration

Model 
interpretability

Limited physical interpretability of learned features in 
deep learning models applied to spectroscopic and 
atomistic data

Difficulty in linking extracted features to physically 
meaningful reaction coordinates and catalytic 
mechanisms

Explainable AI (XAI) and physically 
informed feature attribution 
methods

Generalization and 
transferability

Strong dependence on system-specific training data and 
sensitivity to changes in electrolyte, potential, and 
surface structure

Limited transferability of learned models across 
different electrochemical and catalyst surfaces

Domain adaptation and cross- 
condition transfer learning

Physical 
inconsistency

Absence of explicit thermodynamic, kinetic, and 
electrochemical constraints in purely data-driven 
models

Generation of energetically or kinetically inconsistent 
reaction pathways and misleading mechanistic 
interpretations

Physics-informed models and 
hybrid simulation-AI framework
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3.3. Reliability and physical consistency

The integration of AI into mechanistic analysis introduces challenges 
that are distinct from those encountered in conventional data analysis or 
simulation. While AI enables the extraction and exploration of complex 
relationships, it does not inherently guarantee that the resulting in
terpretations are physically meaningful or mechanistically reliable [112, 
113]. As a result, the use of AI requires careful consideration of the 
conditions under which its output can be interpreted with confidence.

These challenges can be broadly categorized into four interrelated 
aspects, as summarized in Table 2: data quality and noise, model 
interpretability, generalization and transferability, and physical con
sistency. Each of these factors directly affects the reliability of mecha
nistic interpretation. Noisy or indirect operando signals can lead to 
ambiguous representations of catalytic states, while limited or biased 
datasets constrain model generalization across different reaction con
ditions [114–117]. At the same time, the black-box nature of many AI 
models obscures the relationship between input features and predicted 
outcomes, making it difficult to establish causal links [118–120]. 
Furthermore, the absence of explicit physical constraints may result in 
predictions that are inconsistent with thermodynamic or kinetic prin
ciples [112,121–123].

Importantly, these challenges do not arise independently but are 
strongly coupled within the mechanistic analysis workflow. Limitations 
in data quality propagate through representation and prediction steps, 
while poor interpretability and lack of physical consistency can 

compromise inference. Consequently, the reliability of AI-assisted 
mechanistic analysis depends not only on model performance, but on 
the consistent integration of data quality, interpretability, and physical 
constraints. Addressing these factors is therefore essential for ensuring 
that AI contributes to mechanistic understanding rather than merely 
generating plausible but unverified interpretations.

4. Applications in mechanistic analysis

The framework introduced in Section 3 defines the functional roles of 
AI in mechanistic analysis, including representation, prediction and 
exploration, and inference. In practice, however, these roles are not 
implemented in isolation but are realized through diverse analytical 
workflows that combine different types of data processing and modeling 
approaches. As a result, the contribution of AI often emerges as part of 
an integrated analysis pipeline rather than as a standalone component.

In this section, we examine how these functional roles are reflected 
in current mechanistic studies, with a focus on their implementation in 
operando analysis and atomistic simulations. In practice, many key 
analytical steps are still predominantly performed using statistical and 
data-driven approaches that structure complex datasets into interpret
able components. Therefore, rather than restricting the discussion to 
fully AI-driven implementations, we consider how different analytical 
strategies contribute to mechanistic interpretation. This perspective 
reflects the evolving nature of the field, in which AI is progressively 
integrated into existing workflows to enhance the interpretation of 

Fig. 5. a) Operando HAADF-STEM image and b) the corresponding 4D-STEM clustering map of a Cu nanowire, distinguishing the crystalline core from the disordered 
spongy shell. c) Representative electron diffraction patterns extracted from the clustering analysis. d) Operando 4D-STEM clustering map of the nanowire-derived 
polycrystalline Cu nanograins. e-g) Detailed clustering maps and corresponding diffraction patterns of selected individual nanograins from d), resolving distinct 
crystallographic orientations across grain boundaries. Reproduced with permission from Ref. [132]. Copyright 2024 American Chemical Society.
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complex experimental and computational data.

4.1. AI-integrated operando analysis

Operando electrocatalytic measurements, as discussed in Section 2, 
produce complex signals arising from dynamically evolving and coex
isting catalytic states, which inherently limit direct mechanistic inter
pretation. Within the framework defined in Section 3, these challenges 
can be understood in terms of representation and inference, where 
experimental observables must be transformed into meaningful state 
descriptors and linked to mechanistic interpretation.

In practice, this transformation is not achieved in a single step, but 
through a sequence of analytical processes, including data qualification, 
state separation, and structure extraction. These steps are not indepen
dent, but are sequentially connected within a unified workflow, where 
the output of each stage defines the input of the next. Within this 
framework, AI-based and data-driven methods operate across multiple 
stages, enabling the systematic transition from raw operando measure
ments to mechanistically interpretable descriptors [124,125].

4.1.1. Data qualification
Within AI-assisted operando analysis workflow, data qualification 

represents a distinct and foundational analytical step. Rather than 

directly extracting mechanistic descriptors, data qualification aims to 
assess whether operando datasets are internally consistent, statistically 
robust, and suitable for downstream state separation or structural 
interpretation [126]. In this framework, machine learning (ML) can be 
employed to evaluate signal stability, discriminate artefact-dominated 
regions, and define analyzable signal domains prior to mechanistic 
analysis. For example, Yao et al. utilized ML-based segmentation not as a 
means of inferring particle dynamics per se, but to establish reliable 
particle boundaries in noise-dominated liquid-phase transmission elec
tron microscopy (LP-TEM) videos, thereby defining which portions of 
the dataset could be meaningfully analyzed [127]. Likewise, Sun et al. 
applied deep-learning models to isolate physically meaningful nano
particle features from fluctuating operando backgrounds, enabling 
subsequent quantitative analysis only after artefact-prone regions had 
been excluded [128].

The role of ML-assisted data qualification becomes even more critical 
for high-dimensional operando datasets, such as four- and five- 
dimensional scanning transmission electron microscopy (4D/5D- 
STEM). Lee et al. explicitly addressed this challenge by demonstrating 
that operando diffraction datasets acquired in liquid-cell environments 
contain substantial fractions of low-information or noise-dominated 
diffraction patterns that compromise unsupervised clustering analysis 
[129]. By implementing background masking and similarity-based 

Fig. 6. Operando Ni K-edge a) XANES and b) magnitudes of the FT-EXAFS (phase uncorrected) spectra collected before and at the end of the CO2RR (after 1 h) for the 
HT Ni-TMNC sample. c) XANES spectra for the extracted pure species and d) related concentration profiles (filled circles) extracted via TM approach from the 
experimental Ni K-edge XANES data for the HT Ni-TMNC sample. e-g) Comparison of the XANES components for pure species, as extracted from the experimental 
data, with the best-fit results. Insets show the final structure models obtained in the XANES fitting. Reproduced with permission from Ref. [138]. Copyright 2023 
American Chemical Society.
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validation prior to clustering, they established a qualified subset of 
diffraction data that could be reliably subjected to downstream state 
separation. Similarly, the framework introduced by Wang et al. 
employed unsupervised ML to define statistically reliable nanoparticle 
populations in TEM datasets, explicitly framing ML as a tool for deter
mining what constitutes valid data before any structural or kinetic 
interpretation is attempted [130].

These studies underscore that ML-based data qualification is 
conceptually distinct from state separation or structural inference. As 
emphasized by Scott et al., unsupervised analysis of large 4D-STEM 
datasets is highly sensitive to feature representation and preprocessing 
choices, and clustering results can vary substantially in the absence of 
robust qualification strategies [131]. Together, these findings illustrate 
that data qualification is not an optional preprocessing step, but a pre
requisite for reliable AI-assisted operando analysis. By establishing 
which portions of complex operando datasets are physically meaningful 
and statistically consistent, data qualification provides the necessary 
foundation upon which subsequent state separation and structure 
extraction can be performed with confidence.

The relevance of data qualification becomes particularly evident in 
operando electrocatalytic systems, where catalyst restructuring, gas 
evolution, and electrochemical reactions proceed simultaneously under 
highly dynamic and noise-prone conditions [133,134]. Yang et al. 
employed operando electrochemical 4D-STEM combined with 
ML–assisted data qualification to investigate Cu nanowire–derived cat
alysts under CO₂ reduction conditions (Fig. 5) [132]. In operando 
4D-STEM, a full electron diffraction pattern is recorded at each probe 
position, generating an exceptionally high-dimensional dataset that is 
highly susceptible to noise, beam-induced damage, and structural 
disorder.

Rather than directly interpreting individual diffraction patterns, 
Yang et al. applied unsupervised clustering as a data qualification 
strategy to identify statistically consistent diffraction signatures across 
the dataset [132]. As shown in the false-color clustering maps (Fig. 5a, 
b), this approach enabled discrimination between the crystalline Cu 
nanowire core and a surrounding spongy, disordered Cu shell, while 
simultaneously excluding low-information or artefact-dominated 
diffraction patterns. This clustering-based analysis served to validate 
which portions of the operando 4D-STEM dataset were physically 
meaningful, rather than to infer catalytic states directly.

Following this qualification step, the authors analyzed selected 
polycrystalline Cu nanograins formed during electrochemical operation 
(Fig. 5d), demonstrating that crystallographic orientations across grain 
boundaries could be resolved without imposing prior assumptions 
regarding phase purity or structural uniformity (Fig. 5e–g) [132]. In this 
framework, ML-based analysis serves as a gatekeeping step that estab
lishes data reliability prior to interpretation, thereby preventing mis
assignment of transient or artefact-induced features as catalytically 
relevant structures. This study illustrates how data qualification trans
forms raw, noise-prone operando 4D-STEM measurements into analyt
ically trustworthy representations, providing a necessary foundation for 
subsequent state separation and structure extraction in operando 
electrocatalysis.

4.1.2. Data separation
Following data qualification, a critical analytical task in operando 

electrocatalysis is the resolution of coexisting catalytic states embedded 
within ensemble-averaged measurements. To address this challenge, 
data-driven statistical decomposition methods are employed to separate 
mixed operando datasets into distinct components prior to mechanistic 
interpretation. These approaches aim to extract statistically independent 
spectral or structural contributions without relying on predefined 
reference states, thereby providing an intermediate representation of the 
system that can guide subsequent analysis.

To date, data separation in operando analysis has been predomi
nantly performed using data-driven statistical decomposition methods, 

which aim to resolve mixed signals into statistically independent com
ponents. Voronov et al. demonstrated that multivariate curve resolution 
(MCR) can function as a blind-source separation strategy for in situ and 
operando XAS, enabling extraction of pure spectral components and 
their associated concentration profiles without relying on predefined 
reference compounds [135]. In a related approach, Cassinelli et al. 
applied principal component analysis (PCA) followed by constrained 
matrix factorization to time-resolved XAS measurements, revealing the 
presence of multiple transient species that could be resolved through 
conventional linear combination fitting [136]. More importantly, Mar
tini et al. emphasized that successful spectral decomposition must satisfy 
both mathematical consistency and physico-chemical plausibility, 
underscoring that statistical separation alone does not establish mech
anistic identity [137].

Extending these methodological principles to operando electro
catalysis, Martini et al. further addressed transformation-mixed-based 
separation to time-resolved Ni K-edge XANES spectra acquired during 
CO2 reduction on Ni-TMNC catalysts (Fig. 6) [138]. The measured 
spectra exhibited continuous evolution arising from multiple coexisting 
Ni coordination environments. To resolve these contributions, PCA was 
first applied to determine the number of statistically significant com
ponents required to describe the dataset. PCA identified multiple inde
pendent spectral contributors beyond those accessible through direct 
linear combination fitting [138].

Based on this dimensionality analysis, a transformative-matrix (TM) 
approach was implemented to extract pure component spectrum and 
their corresponding concentration profiles from the mixed operando 
dataset [138]. As shown in Fig. 6c, the extracted XANES components 
correspond to spectroscopically distinct Ni species. These species cannot 
be isolated experimentally but are resolved through data-driven 
decomposition. The associated concentration profiles (Fig. 6d) quan
tify the dynamic interconversion of these species during electrochemical 
operation. The extracted spectral components were subsequently sub
jected to XANES fitting to determine coordination geometries and 
structural models (Fig. 6e-g), establishing a direct pathway from sta
tistically separated spectral states to atomically defined Ni environ
ments, which is discussed in the following subsection.

Conceptually, data separation occupies an intermediate position 
within the data-driven operando analysis framework. Whereas data 
qualification ensures that measurements are physically reliable, data 
separation resolves the internal heterogeneity of qualified datasets by 
identifying coexisting states. The resulting components are statistically 
defined and model-agnostic, providing structured representations that 
guide, but do not replace subsequent structural interpretation.

4.1.3. Structure extraction and inference
While data separation isolates spectroscopically independent com

ponents, these signatures remain without assigned atomic structure until 
explicitly mapped onto atomic configurations. The transition from 
spectral signatures to atomic identity therefore constitutes a funda
mentally inverse problem in operando analysis, requiring a quantitative 
relationship between measured observables and underlying structural 
parameters [139].

In conventional operando XAS analysis, structural interpretation 
relies on predefined structural models and limited parameter fitting 
within constrained coordination shells. Such approaches become 
increasingly inadequate under working conditions, including non-ideal 
distortions, symmetry breaking, alloying, or phase interconversion. 
Data-driven structure extraction extends beyond reference-based fitting 
by enabling high-dimensional exploration of structural parameter space 
and capturing nonlinear relationships between spectral features and 
atomic configurations [91,140]. Importantly, this process does not 
merely refine fitting accuracy; it reformulates spectral interpretation as 
a data-driven mapping from measurement to structural space.

In atomically dispersed catalysts, structural evolution under elec
trochemical bias is generally manifested as continuous geometric 
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distortion while maintaining the coordination framework [141]. In this 
regime, structure extraction can be formulated within a continuous 
structural parameter space. As illustrated in Fig. 7a–g, Martini et al. 
employed PCA and complementary statistical criteria to establish the 
intrinsic dimensionality of the operando Co K-edge XANES dataset 
[141]. Scree plots, embedded error analysis, Malinowski indicators, and 
Fisher significance testing consistently indicated three independent 
spectral contributions (Fig. 7a–d). Transformation-matrix analysis then 
reconstructed the corresponding pure XANES spectra and their con
centration profiles (Fig. 7f, g), thereby completing the separation stage.

To assign structural identity to these components, the spectra were 
interpreted within a simulated structural space covering diverse coor
dination geometries [141]. By establishing a quantitative mapping be
tween spectral features and structural parameters, the analysis enabled 
continuous inversion of experimental spectra to extract bond distances, 
coordination asymmetry, and adsorbate-induced distortions under 
operando conditions. Structural evolution was thus expressed through 
continuously varying geometric descriptors rather than discrete refer
ence compounds, extending operando spectroscopy from state discrim
ination to quantitative active-site geometry reconstruction [141].

In contrast, heterogeneous alloy catalysts exhibit structural evolu
tion that reflects redistribution among coexisting structural domains 

rather than distortion of a single coordination motif [142]. For such 
systems, structure extraction must operate within a discrete motif space. 
This distinction is reflected in Fig. 7h, i, where Rüscher et al. analyzed 
operando Zn K-edge EXAFS data from Cu–Zn nanocatalysts during CO₂ 
reduction. Instead of parameterizing local bond distortions, theoretical 
datasets representing oxide, face-centered cubic (FCC)-like alloy, and 
hexagonal close-pack (HCP)-like alloy motifs were used to relate EXAFS 
oscillations to radial distribution functions [142]. As shown in Fig. 7h, 
time-dependent radial distribution functions were reconstructed 
directly from operando spectra, resolving changes in interatomic dis
tances and coordination environments. Concurrently, the relative con
centrations of oxide, fcc-like, and hcp-like phases were quantified as a 
function of reaction time (Fig. 7i), providing a dynamic description of 
alloying and phase interconversion under high current density.

In this motif-resolved framework, structural evolution is represented 
as redistribution among discrete structural ensembles rather than in
cremental bond distortion. Together, Fig. 7 illustrate two complemen
tary formulations of structure extraction in operando electrocatalysis: 
continuous geometric inference within a single-site scaffold and motif- 
resolved reconstruction in heterogeneous systems. Despite methodo
logical differences, both approaches translate statistically resolved 
operando spectra into explicit atomic-level descriptors that can be 

Fig. 7. a) Scree plot. b) Imbedded error plot. c) Malinowski indicator factor plot. d) Significance level plot derived from the Fisher test. The arrows point to the 
number of pure species contributing to the XANES dataset, as obtained from each test. For all of them, this number was found to correspond to 3. Pure XANES spectra 
e) and concentration profiles f) extracted by the TM approach. The inset in (e) shows a magnification of the pre-edge region for the three XANES components. 
Reproduced with permission from Ref. [141]. Copyright 2024 John Wiley and Sons. g) Time-dependent evolution of radial distribution functions obtained by the 
NN-EXAFS analysis from operando Zn K-edge EXAFS data for bimetallic catalysts with 15%, 7% and 4% Zn content. h) Evolution of the relative concentrations of 
oxide, fcc-like and hcp-like phases, as obtained by the NN from operando Zn K-edge EXAFS data for bimetallic catalysts with a Zn loading of 15%, 7% and 4% during 
CO2RR at a current density of − 500 mA cm− 2. Reproduced with permission from Ref. [142]. Copyright 2022 The Royal Society of Chemistry.
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directly linked to catalytic mechanisms. In this context, AI-based ap
proaches serve as an enabling framework for establishing relationships 
between experimental observables and atomic-level descriptors, com
plementing statistical decomposition and model-based analysis rather 
than replacing them [86].

Despite these advances, AI-assisted operando analysis remains sub
ject to important conceptual and practical limitations. The inversion 
from spectral observables to atomic structure is fundamentally non- 
unique, and statistically separated components do not inherently guar
antee physical identity [143]. Distinct coordination distortions, dynamic 
disorder, or adsorbate configurations may generate spectrally similar 
signatures, rendering structure extraction an ill-posed problem without 
additional physical constraints [144]. Moreover, supervised models 
depend strongly on the representativeness of training datasets, which 
are often derived from idealized simulations that may not fully capture 
realistic electrochemical complexity [145]. Even unsupervised decom
position methods such as PCA or MCR can yield different solutions 
depending on preprocessing choices and feature representation [146]. 
These considerations underscore that AI functions not as an autonomous 
interpreter, but as a statistically guided inference layer whose reliability 
depends on physically informed constraints, cross-validation with 
complementary techniques, and careful integration with mechanistic 
reasoning [144]

Across all stages of operando analysis, the use of AI does not elimi
nate uncertainty or guarantee correctness. Instead, it shifts the analyt
ical process from subjective interpretation toward statistically defined 
and reproducible frameworks. While both manual and ML-based ap
proaches remain sensitive to feature representation and preprocessing 
choices, AI-based methods enable systematic evaluation across large 
datasets, reducing operator-dependent bias and improving consistency.

Importantly, the reliability of AI-assisted analysis depends on vali
dation strategies, including consistency across multiple representations, 
agreement with physically meaningful structures, and cross-verification 
with independent experimental or computational results. In this context, 
AI does not replace human judgment, but provides a structured and 
scalable framework for supporting mechanistic interpretation under 
complex operando conditions. These considerations highlight the need 
for physically consistent and generalizable modeling frameworks, which 
are discussed in Section 3.3 (Table 3).

4.2. AI-enabled molecular simulations

Atomistic simulations, as discussed in Section 2, provide a mecha
nistic link between atomic-scale energetics and electrocatalytic 
behavior, but are inherently limited in accessing the full configurational, 
temporal, and thermodynamic space of catalytic systems. Within the 
framework defined in Section 3, these limitations primarily constrain 
prediction and exploration, where mechanistic understanding depends 
on the extent of accessible state space.

AI-based approaches address this limitation by enabling systematic 
expansion of the accessible simulation domain. Machine-learning 
interatomic potentials (MLPs) extend atomistic simulations to larger 
length and time scales while retaining near first-principles accuracy, 
thereby overcoming key bottlenecks in conventional approaches [147, 
148]. As illustrated in Fig. 8a, MLP-based simulations extend the 
accessible time–length domain beyond the intrinsic limits of ab initio 
methods. More broadly, the impact of AI on molecular simulation can be 
understood as an expansion across three interrelated 
dimensions—configurational, temporal, and ensemble space [151]. This 
shift enables mechanistic analysis to move beyond isolated configura
tions toward statistically meaningful descriptions of dynamically 
evolving catalytic systems.

Importantly, this expansion is not achieved through purely data- 
driven fitting but is grounded in physically consistent modeling frame
works as mentioned in Section 3.3. Machine-learning interatomic po
tentials are trained on first-principles reference data and preserve key Ta

bl
e 

3 
A

na
ly

tic
al

 m
et

ho
d 

fo
r 

m
ec

ha
ni

st
ic

 in
te

rp
re

ta
tio

n 
in

 o
pe

ra
nd

o 
el

ec
tr

oc
at

al
yt

ic
 a

na
ly

si
s.

O
pe

ra
nd

o 
 

Te
ch

ni
qu

e
R

ea
ct

io
n

A
na

ly
ti

ca
l O

bj
ec

ti
ve

M
et

ho
d

R
ep

re
se

nt
at

iv
e 

M
et

ho
ds

K
ey

 O
bs

er
va

ti
on

M
ec

ha
ni

st
ic

 In
si

gh
t E

na
bl

ed
R

ef
.

D
at

a 
 

qu
al

ifi
ca

ti
on

O
pe

ra
nd

o 
 

4D
-S

TE
M

CO
₂R

R
D

iff
ra

ct
io

n-
pa

tt
er

n 
cl

us
te

ri
ng

; s
pa

tia
l 

se
gm

en
ta

tio
n

St
at

is
tic

al
 /

 
cl

us
te

ri
ng

K-
m

ea
ns

–b
as

ed
 h

ie
ra

rc
hi

ca
l 

cl
us

te
ri

ng
; fl

uc
tu

at
io

n 
el

ec
tr

on
 

m
ic

ro
sc

op
y

Co
ex

is
te

nc
e 

of
 c

ry
st

al
lin

e 
Cu

 n
an

og
ra

in
s,

 
di

so
rd

er
ed

 r
eg

io
ns

, a
nd

 h
et

er
og

en
eo

us
 

gr
ai

n 
bo

un
da

ri
es

 u
nd

er
 r

ea
ct

io
n 

co
nd

iti
on

s

Id
en

tifi
ca

tio
n 

of
 p

ol
yc

ry
st

al
lin

e 
Cu

 n
an

og
ra

in
 

ne
tw

or
ks

 a
nd

 g
ra

in
 b

ou
nd

ar
ie

s a
s o

pe
ra

nd
o 

ac
tiv

e 
st

ru
ct

ur
es

, i
na

cc
es

si
bl

e 
by

 e
ns

em
bl

e-
av

er
ag

ed
 

im
ag

in
g

[1
32

]

D
at

a 
 

se
pa

ra
ti

on
O

pe
ra

nd
o 

XA
N

ES
CO

₂R
R

D
ec

om
po

si
tio

n 
of

 m
ix

ed
 

sp
ec

tr
al

 s
ig

na
ls

; s
pe

ci
es

 
nu

m
be

r 
id

en
tifi

ca
tio

n

St
at

is
tic

al
 

de
co

m
po

si
tio

n
PC

A
; t

ra
ns

fo
rm

at
io

n 
m

at
ri

x 
(T

M
) 

an
al

ys
is

Ex
tr

ac
tio

n 
of

 th
re

e 
di

st
in

ct
 N

i s
pe

ci
es

 w
ith

 
in

de
pe

nd
en

t k
in

et
ic

 p
ro

fil
es

 d
ur

in
g 

CO
₂R

R

D
ir

ec
t e

vi
de

nc
e 

fo
r 

dy
na

m
ic

 c
oe

xi
st

en
ce

 a
nd

 
in

te
rc

on
ve

rs
io

n 
of

 m
ul

tip
le

 s
in

gl
e-

at
om

 N
i s

ta
te

s 
un

de
r 

op
er

at
in

g 
co

nd
iti

on
s

[1
38

]

St
ru

ct
ur

e 
 

ex
tr

ac
ti

on
O

pe
ra

nd
o 

XA
N

ES
O

ER
 /

 
O

RR
Pe

ak
 s

ep
ar

at
io

n 
an

d 
st

ru
ct

ur
al

 m
ot

if 
in

fe
re

nc
e 

fr
om

 o
pe

ra
nd

o 
sp

ec
tr

a

H
yb

ri
d 

(s
ta

tis
tic

al
 

+
m

od
el

-b
as

ed
)

PC
A

-a
ss

is
te

d 
pe

ak
 s

ep
ar

at
io

n;
 M

L-
 

as
si

st
ed

 s
pe

ct
ra

l fi
tt

in
g

Re
so

lu
tio

n 
of

 o
ve

rl
ap

pi
ng

 o
xi

da
tio

n-
st

at
e 

an
d 

co
or

di
na

tio
n 

m
ot

ifs
 h

id
de

n 
in

 
en

se
m

bl
e 

sp
ec

tr
a

Re
co

ns
tr

uc
tio

n 
of

 tr
an

si
en

t a
ct

iv
e-

si
te

 g
eo

m
et

ri
es

 
an

d 
ox

id
at

io
n-

st
at

e 
ev

ol
ut

io
n 

du
ri

ng
 

el
ec

tr
oc

he
m

ic
al

 r
ea

ct
io

ns

[1
41

]

O
pe

ra
nd

o 
XA

S
CO

₂R
R

M
ap

pi
ng

 s
pe

ct
ra

l f
ea

tu
re

s 
to

 
lo

ca
l s

tr
uc

tu
ra

l p
ar

am
et

er
s

M
ac

hi
ne

 le
ar

ni
ng

 /
 

m
od

el
-b

as
ed

M
L-

ba
se

d 
XA

N
ES

 fi
tt

in
g 

(R
BF

 
re

gr
es

si
on

); 
ad

ap
tiv

e 
sa

m
pl

in
g;

 
Re

ve
rs

e 
M

on
te

 C
ar

lo
 (

RM
C)

 
va

lid
at

io
n

Q
ua

nt
ita

tiv
e 

de
te

rm
in

at
io

n 
of

 N
i–

N
, 

N
i–

O
, a

nd
 N

i–
CO

 b
on

d 
di

st
an

ce
s 

an
d 

ge
om

et
ri

ca
l d

is
to

rt
io

ns

A
to

m
is

tic
 id

en
tifi

ca
tio

n 
of

 r
ea

ct
io

n-
in

du
ce

d 
co

or
di

na
tio

n 
ch

an
ge

s 
an

d 
ad

so
rb

at
e 

bi
nd

in
g 

in
 

si
ng

le
-a

to
m

 N
i s

ite
s

[1
42

]

J. Kim et al.                                                                                                                                                                                                                                      Applied Catalysis B: Environment and Energy 398 (2026) 127014 

11 



physical properties, such as energy conservation, symmetry invariance, 
and force consistency. As a result, the expanded sampling enabled by AI 
remains anchored to physically meaningful potential energy surfaces, 
extending the applicability of atomistic simulations without compro
mising physical fidelity. Together, these developments establish a 
framework in which configurational, temporal, and ensemble expansion 
define the key dimensions of AI-enabled molecular simulation, as dis
cussed in the following sections.

4.2.1. Configurational expansion
Configurational expansion addresses the combinatorial growth of 

atomic arrangements in multicomponent and structurally heteroge
neous catalysts [152]. In systems such as high-entropy alloys (HEAs), 

defect-rich interfaces, and nanocrystalline-amorphous (N/A) compos
ites, the number of distinct surface sites increases exponentially with 
compositional and structural complexity [153]. Conventional DFT ap
proaches typically evaluate a limited set of representative slab models 
and adsorption sites, which restricts mechanistic interpretation to a 
small subset of the accessible configuration space [154].

To overcome this limitation, Li et al. employed an atomistic line 
graph neural network (ALIGNN)-based MLP for MC to enable large-scale 
equilibrium sampling of a HEA surface [149]. Canonical Monte Carlo 
(cMC) simulations driven by the trained potential were used to deter
mine thermodynamically equilibrated surface segregation profiles, 
shown in Fig. 8d. The results reveal preferential enrichment of specific 
elements at the outermost layer, establishing the physically relevant 

Fig. 8. a) Schematic overview of operando computational methods bridging different length- and time-scales in combination with ML. Reproduced with permission 
from Ref. [98]. Copyright 2023 John Wiley and Sons. b) Atomic models of N/A alloy interfaces optimized via HDNNP-based annealing simulations for large-scale 
configurational sampling. c) Fractions of active sites across different atomic regions within the sampled N/A interfaces. Reproduced with permission from Ref. [149]. 
Copyright 2024 John Wiley and Sons. d) Statistical distributions of the OER adsorption energy descriptor derived from the HDNNP sampling, demonstrating that 
structural heterogeneity broadens the dispersion and increases the probability of generating near-optimal sites. e) Thermodynamically equilibrated surface segre
gation profiles of a PdCuPtNiCo HEA, obtained through large-scale sampling using ALIGNN and MC simulations. f) ML-predicted OH adsorption free energy his
tograms and the ORR activity map of the HEA surface, showing that compositional segregation shifts the energy distribution and increases the statistical population 
of near-optimal sites. Reproduced with permission from Ref. [150]. Copyright 2024 American Chemical Society.
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surface configuration under reaction-relevant conditions [149]. Using 
these equilibrated structures, they predicted site-resolved OH adsorp
tion energies with a pretrained neural network model and mapped them 
onto a volcano-based electrokinetic framework for ORR [149]. The 
resulting activity map and adsorption energy histograms (Fig. 8e) 
exhibit a broad distribution of adsorption free energies, with a sub
stantial fraction of sites positioned near the volcano apex. These results 
show that ORR enhancement correlates with a segregation-induced shift 
in the adsorption energy distribution, increasing the statistical popula
tion of near-optimal sites rather than generating a single dominant 
active motif.

A comparable configurational strategy was applied to structurally 
heterogeneous nanocrystalline–amorphous (N/A) interfaces by Huang 
et al. [150]. A high-dimensional neural network potential (HDNNP), 
developed based on deep potential generator (DP-GEN), enabled 
large-scale MD simulations of interfacial structures beyond 
DFT-accessible system sizes. After structural equilibration, adsorption 
free energies were evaluated across crystalline, interfacial, and amor
phous regions within the computational hydrogen electrode framework 
[150]. The fraction of sites located within ±0.3 eV of the volcano-top 
descriptor is shown in Fig. 8b, where interfacial domains exhibit the 
highest active-site population. The corresponding distributions of ΔGO* 

Fig. 9. a) Free-energy profile for O2 adsorption on an Fe–N4/C catalyst in fully explicit water, reconstructed using a MLFF combined with metadynamics. b) Global 
free-energy surface projected onto path collective variables, explicitly resolving the minimum-energy pathway of the ORR. c) Extended nanosecond-scale sampling of 
PCET pathways, distinguishing barrierless steps from the rate-determining O2 adsorption process. Reproduced with permission from Ref. [155]. Copyright 2025 The 
Royal Society of Chemistry. d) Time evolution of the dissolution ratio for varying sizes of Pt3Co nanoparticles, obtained via NNP-driven off-lattice kMC simulations. e) 
Diameter dependence of the dissolution ratio, demonstrating that smaller nanoparticles exhibit higher dissolution propensity. f) Combined activity–durability 
analysis establishing a FOM that captures the trade-off between catalytic activity and structural stability as a function of nanoparticle size. Reproduced with 
permission from Ref. [156]. Copyright 2023 American Chemical Society.
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− ΔGVTO* (Fig. 8c) indicate both a shift of the mean toward the volcano 
apex and broader dispersion at the interface. Huang et al. thereby 
quantified how structural disorder increases the probability of gener
ating near-optimal adsorption configurations for OER.

Across these studies, AI-enabled configurational sampling estab
lishes a direct connection between equilibrium structure and statistical 
activity distributions. In HEA systems, Li et al. demonstrated that 
compositional segregation shifts adsorption energetics toward the vol
cano apex. In N/A interfaces, Huang et al. showed that structural het
erogeneity broadens and re-centers adsorption energy distributions. 
Thus, configurational expansion reframes mechanistic analysis from 
isolated active-site identification to ensemble-level evaluation of cata
lytically favorable configurations across large atomic populations.

4.2.2. Temporal expansion
Temporal expansion addresses the fundamental limitation of time 

resolution in first-principles molecular simulations of electrocatalytic 
systems [153]. Electrochemical reactions at solid–liquid interfaces are 
governed by rare barrier-crossing events, solvent reorganization, and 
dynamic restructuring processes that occur over nanosecond or longer 
timescales [152,154]. Conventional AIMD simulations typically access 
only picosecond trajectories, which constrains transition-state sampling, 
limits free-energy convergence, and prevents statistically meaningful 
characterization of solvent fluctuations or degradation kinetics. 
Machine-learning force fields (MLFFs) overcome this bottleneck by 
learning the underlying potential energy surface from first-principles 
data, thereby enabling long-time MD with near-DFT accuracy [153].

The impact of temporal expansion is evident in kinetic investigations 
of the ORR at explicit solid–liquid interfaces [155]. Using an 
active-learning MLFF framework combined with well-tempered meta
dynamics, Yu et al. reconstructed the free-energy landscape of ORR on 
Fe–N4/C in fully explicit water [155]. The free-energy profile for O2 

adsorption as a function of the O2–Fe distance (Fig. 9a) reveals a barrier 
of 0.39 eV. The global free-energy surface projected onto path collective 
variables (S, Z), shown in Fig. 9b, explicitly resolves reactants, in
termediates, transition states, and products along the minimum-energy 
pathway. Extended sampling further enabled resolution of competing 
proton-coupled electron transfer (PCET) pathways (Fig. 9c), dis
tinguishing barrierless PCET steps from the rate-determining O2 
adsorption process. Nanosecond-scale trajectories provided statistically 
converged hydrogen-bond distributions and lifetimes at the interface, 
directly linking solvent microstructure to kinetic barriers [155]. Such 
solvent-resolved kinetic coupling cannot be reliably captured within 
short AIMD trajectories.

Temporal expansion further enables direct resolution of degradation 
kinetics that evolve beyond the time window accessible to conventional 
ab initio simulations [156]. In alloy nanoparticles, structural instability 
and dissolution arise from slow atomic detachment and surface rear
rangement processes that require extended sampling to capture statis
tically meaningful trends [156]. Using machine-learned interatomic 
potentials, Jung et al. performed long-time MD simulations to quantify 
dissolution behavior of truncated octahedral Pt3Co nanoparticles with 
varying diameters [156]. The time evolution of the dissolution ratio, 
defined as the fraction of dissolved atoms relative to the initial total 
atom count, is shown in Fig. 9d. These trajectories reveal progressive 
size-dependent degradation behavior over simulated long-time in
tervals. The diameter dependence of the dissolution ratio after 24 h 
equivalents (Fig. 9e) demonstrates a clear scaling relationship, with 
smaller nanoparticles exhibiting higher dissolution propensity.

By integrating these degradation metrics with geometric activity 
scaling (activity factor ∝ 1/d), Jung et al. constructed a combined acti
vity–durability analysis (Fig. 9f). The resulting figure of merit (FOM) 
quantitatively captures the trade-off between catalytic activity and 
structural stability as a function of nanoparticle size. This 

Fig. 10. a) Dynamic oxygen adsorption and structural evolution of an Fe30 cluster confined within a CNT during MLP-GCMC simulations. b) Histogram of the oxygen 
binding energy distributions for the confined and supported Fe clusters. c) KDE of the binding energies, revealing a systematic shift toward weaker binding under 
CNT confinement. d) DRC analysis for Fe and Ru step surfaces with and without compressive strain, simulating the structural effects of confinement. e) Volcano plot 
for the TOF of CO conversion versus CO dissociation energy, demonstrating how confinement-induced binding energy shifts lead to distinct kinetic responses 
depending on the catalyst. Reproduced with permission from Ref. [160]. Copyright 2025 John Wiley and Sons.

J. Kim et al.                                                                                                                                                                                                                                      Applied Catalysis B: Environment and Energy 398 (2026) 127014 

14 



stability–activity relationship emerges from explicitly sampling degra
dation pathways over extended timescales, illustrating how temporal 
expansion enables mechanistic evaluation of long-term catalyst perfor
mance rather than short-time energetic snapshots [156].

Through these studies, temporal expansion facilitates statistically 
converged free-energy surfaces, explicit identification of rate- 
determining steps, and direct observation of slow degradation path
ways. In interfacial ORR, extended sampling resolves solvent-controlled 
kinetic barriers. In alloy nanoparticles, long-time evolution reveals size- 
dependent dissolution mechanisms and structural instability. Thus, 
temporal expansion shifts atomistic modeling from short-time energetic 
snapshots to time-resolved kinetic and durability analysis under realistic 
electrochemical conditions.

4.2.3. Ensemble expansion
Ensemble expansion addresses a fundamental thermodynamic limi

tation in conventional first-principles catalyst modeling. Standard DFT 
approaches typically evaluate adsorption energetics on a single 

optimized structure at fixed coverage, implicitly assuming that one 
representative configuration governs catalytic behavior [157]. Under 
realistic reaction conditions, however, catalysts exist as thermodynamic 
ensembles defined by finite temperature, variable chemical potentials, 
fluctuating coverages, and dynamically evolving coordination environ
ments [158]. Reactivity therefore reflects the statistical distribution of 
accessible states rather than the properties of a single minimum-energy 
geometry. AI-enabled simulation frameworks make it possible to 
explicitly construct and analyze such ensembles [157,159].

This shift is exemplified by the MLP-accelerated GCMC simulations 
reported by Yang et al., where confined Fe nanoparticles inside carbon 
nanotubes (CNTs) were studied under operando atmospheres [160]. In 
this approach, machine-learned interatomic potentials trained on AIMD 
data enabled large-scale sampling, while GCMC incorporated tempera
ture and chemical potential effects. As illustrated in Fig. 10a, oxygen 
adsorption on Fe₃₀ clusters evolves dynamically with increasing 
coverage, and the O–Fe coordination number continuously reorganizes 
during sampling. Adsorption sites are not static; newly introduced 

Table 4 
Dimensional expansion enabled by AI in atomistic electrocatalysis.

Reaction / 
Catalysts

AI Model Simulation 
Framework

Expanded Dimension Key Mechanistic Insight Ref.

Configurational 
expansion

ORR / HEA ALIGNN 
+ TinNet

MC + adsorption ML Configuration space Site distribution shifts adsorption energy 
distribution toward volcano apex

[149]

OER / Interface HDNNP Large-scale structure 
sampling

Structural 
heterogeneity

Interface increases fraction of near-optimal 
adsorption sites

[150]

Temporal expansion ORR / Fe-N4/C MLFF 
(DeepMD)

MLFF-MD + MetaD Time (rare-event 
kinetics)

Explicit solvent-dependent free energy barrier and 
RDS identification

[155]

ORR / Pt3Co MLP (NNP) Off-lattice kMC Time (degradation 
evolution)

Dissolution kinetics and morphology-durability 
tradeoff

[156]

Ensemble expansion CNT 
confinement

MLP (REANN) MLP-GCMC 
+ microkinetics

Thermodynamic 
ensemble

Binding energy distribution shift and activity 
reversal via strain-induced D-band shift

[160]

Fig. 11. Unified AI-driven closed-loop framework for mechanism discovery in electrocatalysis.
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adsorbates induce redistribution of previously stabilized species, 
generating a population of metastable configurations. This behavior 
demonstrates that the catalytically relevant structure is inherently 
ensemble-defined.

The ensemble character becomes explicit when adsorption energetics 
are evaluated statistically [160]. Rather than comparing single adsorp
tion energies, Yang et al. analyzed hundreds of sampled configurations 
to construct binding-energy histograms and kernel density estimates 
(Fig. 10b, c). The distributions reveal a systematic shift of approximately 
0.2 eV toward weaker binding for Fe clusters confined inside CNTs 
relative to supported counterparts. Importantly, this confinement effect 
manifests as a displacement of the entire probability distribution rather 
than as an isolated structural anomaly [160]. The trend persists across 
temperatures, nanoparticle sizes, and reacting species, indicating that 
confinement modifies the ensemble-averaged electronic environment.

To elucidate the structural origin of this distribution-level modula
tion, Yang et al. applied Random Forest regression to more than 20,000 
sampled configurations [160]. Feature-importance analysis identified 
average Fe–Fe bond length as the dominant descriptor governing 
adsorption energy variations, followed by coordination statistics and 
Fe–C interfacial bonding. Confinement induces slight but systematic 
bond-length shortening, corresponding to compressive strain within 
encapsulated clusters [160]. Electronic structure analysis further shows 
a downshift of the D-band center for confined systems, rationalizing the 
weakened adsorption energies in terms of modified antibonding occu
pation. Through this data-driven analysis, ensemble sampling is linked 
quantitatively to structural and electronic descriptors [160].

The ensemble perspective also enables direct integration with kinetic 
modeling. Using strain-modified slab models to represent confinement- 
induced bond shortening, microkinetic simulations and degree-of-rate- 
control (DRC) analysis were performed (Fig. 10d) [160]. The weak
ened adsorption energies derived from ensemble statistics produce 
catalyst-dependent kinetic responses: for Fe surfaces, reduced binding 
alleviates surface poisoning and enhances activity, whereas for Ru sur
faces the same energetic shift increases the barrier for reactant dissoci
ation and suppresses activity. The seemingly contradictory experimental 
observations of enhanced and suppressed confined catalysis thus emerge 
naturally from volcano-type kinetic sensitivity. Ensemble expansion 
therefore connects thermodynamic sampling to reaction-rate control 
within a unified framework.

By combining machine-learned potentials, grand canonical sam
pling, statistical analysis, and microkinetic modeling, ensemble expan
sion transforms atomistic simulation into a thermodynamically 
consistent description of operando catalysis. Reactivity is no longer 
interpreted through a single adsorption energy, but rather through shifts 
in probability distributions governed by structural strain and electronic 
modulation. In this framework, AI does not merely accelerate compu
tation; it enables explicit resolution of the statistical state space that 
defines catalytic function under realistic chemical potentials (Table 4).

5. Conclusion and perspective

Electrocatalysis proceeds under inherently dynamic, non- 
equilibrium conditions in which catalytic performance emerges from 
continuously evolving active states, transient intermediates, and 
environment-coupled interfacial interactions. As highlighted 
throughout this review, mechanistic understanding in such systems 
cannot be reduced to static structural descriptors or isolated minimum- 
energy pathways. Instead, it requires analytical frameworks capable of 
resolving heterogeneous, time-dependent, and ensemble-defined cata
lytic states under realistic operating conditions.

AI contributes to this challenge not by replacing physical insight, but 
by enhancing mechanistic resolution across both experimental and 
theoretical domains. In operando electrocatalysis, AI-driven data qual
ification, state separation, and structural inference enable trans
formation of high-dimensional measurements into statistically and 

structurally interpretable state representations. In atomistic simulations, 
AI-enabled configurational, temporal, and ensemble expansion extends 
the accessible state space of molecular modeling, allowing statistically 
grounded exploration of catalytic landscapes beyond the intrinsic of 
conventional approaches. Together, these parallel developments rede
fine mechanistic inquiry from single-state analysis toward dynamic 
state-space exploration.

The unified framework illustrated in Fig. 11 encapsulates this tran
sition toward an AI-integrated, closed-loop paradigm for mechanism 
discovery. In this workflow, operando observations generate high- 
dimensional representations of evolving catalytic systems; AI-driven 
analysis resolves these observations into interpretable states; AI- 
enabled simulations explore the broader configurational and kinetic 
landscape; and mechanistic inference integrates these insights to 
generate targeted hypotheses. Iterative feedback between experiment 
and simulation progressively refines state representations and reaction 
pathways, forming a self-consistent cycle of hypothesis generation, 
validation, and refinement. By embedding AI within experimentally 
anchored and theory-guided workflows, electrocatalysis research can 
move beyond descriptive characterization toward predictive, 
mechanism-driven understanding. Such integration holds the potential 
to accelerate rational catalyst design by systematically resolving the 
dynamic complexity that defines catalytic function under operating 
conditions. Ultimately, this AI-integrated paradigm provides a roadmap 
for designing next-generation catalysts with unprecedented efficiency 
and selectivity, bridging the gap between fundamental understanding 
and practical application. In addition, it enables the prediction of 
mechanistic phenomena, guiding hypothesis generation and offering a 
pathway toward rational, predictive catalyst design. This framework 
could accelerate discovery across energy conversion technologies.

CRediT authorship contribution statement

Junyoung Mun: Validation, Supervision. Jung Ho Kim: Validation, 
Supervision, Project administration. Hun-Gi Jung: Validation, Super
vision. Jongsoon Kim: Validation, Supervision. Jiwon Kim: Writing – 
review & editing, Writing – original draft, Visualization, Conceptuali
zation. Sangkyu Woo: Writing – original draft, Visualization.

Declaration of Competing Interest

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper.

Acknowledgements

This work was supported by the Ministry of Trade, Industry & En
ergy/Korea Evaluation Institute of Industrial Technology (MOTIE/KEIT) 
(RS-2025-25458436), the National R&D Program through the National 
Research Foundation of Korea (NRF) funded by the Ministry of Science 
and ICT (RS-2024-00408156) of Republic of Korea.

Data availability

No data was used for the research described in the article.

References

[1] X. Kong, J. Zhu, Z. Xu, Z. Geng, Fundamentals and challenges of ligand 
modification in heterogeneous electrocatalysis, Angew. Chem. Int Ed. Engl. 64 
(2025) e202417562.

[2] C. Xie, W. Chen, Y. Wang, Y. Yang, S. Wang, Dynamic evolution processes in 
electrocatalysis: structure evolution, characterization and regulation, Chem. Soc. 
Rev. 53 (2024) 10852–10877.

[3] J. Kim, W.K. Pang, J. Mun, T. Song, J. Chen, J.H. Kim, D.H. Yoon, Prospect of 
ruthenium for hydrogen evolution reaction in alkaline media through in situ 
monitoring, Adv. Energy Mater. 15 (2025) 2502858.

J. Kim et al.                                                                                                                                                                                                                                      Applied Catalysis B: Environment and Energy 398 (2026) 127014 

16 

http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref1
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref1
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref1
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref2
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref2
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref2
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref3
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref3
http://refhub.elsevier.com/S0926-3373(26)00634-X/sbref3


[4] D.S. Aldianto Pratama, C.W. Lee, Electrocatalytic seawater splitting for 
sustainable hydrogen production: recent advances and material perspectives, 
J. Energy Chem. 117 (2026) 146–173.

[5] A. Li, H. Ooka, S. Kong, K. Adachi, Y. Zhang, K. Fushimi, S. Hamamoto, M. Oura, 
S.H. Kim, D. Hashizume, R. Nakamura, Oxygen evolution electrocatalysis 
resilient to voltage fluctuations, Nat. Sustain. 8 (2025) 1533–1540.

[6] N. Sakamoto, K. Sekizawa, S. Sato, J. Jung, T. Wakabayashi, K. Kamada, 
T. Nonaka, T. Uyama, T. Morikawa, S. Saito, Mechanism of CO2 Electrolysis with 
Heterogenized Molecular Iridium Catalysts Deciphered Using Operando 
Spectroscopy, J. Am. Chem. Soc. 147 (2025) 47859–47866.

[7] Y. Zhang, T. Binninger, J. Huang, M. Eikerling, Effective Ion Concentration as a 
Descriptor for the Local Reaction Environment at Nanoparticle-Based 
Electrocatalysts, ACS Catal. 16 (2026) 3175–3187.

[8] X. Ding, X. Fu, Dynamic reconstruction defines true active states in the hydrogen 
evolution reaction, Energy & Environ. Sci. 19 (2026) 1497–1507.

[9] H. Liu, X. Liu, A. Sun, C. Xuan, Y. Ma, Z. Zhang, H. Li, Z. Wu, T. Ma, J. Wang, 
Enhancing Oxygen Evolution Electrocatalysis in Heazlewoodite: Unveiling the 
Critical Role of Entropy Levels and Surface Reconstruction, Adv. Mater. 37 
(2025) e2501186.

[10] C.H. Scharf, A. Chandraraj, K. Dyk, F. Stebner, S. Lepin, J. Tian, L. El Bergmi 
Byaz, J. Stettner, C. Leppin, A. Kotova, S. Reinke, J. Linnemann, F. Maroun, O. 
M. Magnussen, Role of Defects in Reversible Surface Restructuring and Activity of 
Co3O4 Oxygen Evolution Electrocatalysts, ACS Catal. 16 (2026) 4877–4891.

[11] Q. Tang, S. Zhang, B. Zhu, Y. Gao, Situ Reconstruction of a Cu(100) Surface for 
Promoted C–C Coupling in CO2 Electroreduction from First-Principles Multiscale 
Modeling, ACS Catal. 16 (2026) 1325–1337.

[12] Q. Wang, Y.B. Liao, B. Mei, J. Zhang, D. Kido, W. Cheng, G. Chen, T. Zhang, 
Y. Cao, S.L. Li, Y. Yan, Y.Q. Lan, Operando XAFS Reveals Dynamic Structural 
Evolution of Pt Single-Atom Catalysts for Efficient Chlorine Electrosynthesis, 
Angew. Chem. Int Ed. Engl. 64 (2025) e202513656.

[13] D.J. Zheng, K. McCormack, J. Peng, R. Garcia-Diez, E.Y. Kataev, F. Schwarz, 
S. Nehzati, J. Thyr, W. Quevedo-Garzon, B. Howchen, M. Bar, Y. Roman-Leshkov, 
Y. Shao-Horn, M. Gorlin, Lattice Oxygen Exchange Pathways in Nickel-Iron 
Metal-Organic Framework-Based Oxygen Evolution Electrocatalysts, ACS Appl. 
Mater. Interfaces 18 (2026) 1062–1076.

[14] H.W. Choi, H. Lee, J. Lu, S. Bin Kwon, D.I. Jeong, B.J. Park, J. Kim, B.K. Kang, 
G. Jang, D.H. Yoon, Trifunctional robust electrocatalysts based on 3D Fe/N-doped 
carbon nanocubes encapsulating Co4N nanoparticles for efficient battery- 
powered water electrolyzers, Carbon Energy 6 (2024) e505.

[15] J. Bai, Z. Dong, X. Jiang, Q. Zhou, J. Zhao, J. Mei, Z. Tan, T. Liao, Z. Sun, 
Advancing Nitrate-to-Ammonia Electrocatalysis: Strategies in Catalyst Design, 
Electrolyte Engineering, and Performance Evaluation, Adv. Sci. 12 (2025) 
e08614.

[16] P. Sebastián-Pascual, A. Herzog, Y. Zhang, Y. Shao-Horn, M. Escudero-Escribano, 
Electrolyte effects in proton–electron transfer reactions and implications for 
renewable fuels and chemicals synthesis, Nat. Catal. 8 (2025) 986–999.

[17] P.-P. Wang, H.-B. Chi, W.-F. Yang, X.-F. Zhao, G.-F. Long, Z.-P. Yu, Interfacial 
electrolyte effects on electrocatalytic oxygen evolution reaction, Rare Met. 44 
(2025) 8329–8355.

[18] B.W.J. Chen, M. Mavrikakis, Modeling the impact of structure and coverage on 
the reactivity of realistic heterogeneous catalysts, Nat. Chem. Eng. 2 (2025) 
181–197.

[19] X. Chen, Y.L. Sun, X.M. Lin, J.C. Dong, J.F. Li, situ Studies of Electrochemical 
Energy Conversion and Storage Technologies: From Materials, Intermediates, and 
Products to Surroundings, Nanomicro Lett. 18 (2026) 160.

[20] K. Dong, S. Han, Y. Li, Z. Wang, C. Xue, X. Sun, Y. Yao, H. Li, X. Wang, D. Ma, L. 
M. Liu, B. Zhang, Testing, quantification, in situ characterization and calculation 
simulation for electrocatalytic nitrate reduction, Nat. Protoc. (2025).

[21] Z. Huang, D. Eder, Harnessing the structural evolution of metal-organic 
frameworks under electrocatalytic conditions, Commun. Chem. 8 (2025) 359.

[22] R. Sun, X. Liu, J. Huang, Y. Wang, H. Huang, Y. Lei, J. Ge, Situ and Operando 
Analytical Techniques of Single-Atom Catalysts for Electrocatalytic CO2 
Reduction, Small Methods 9 (2025) e2500516.

[23] D. Chen, Y. Wei, Z. Sun, X. Zhao, X. Tang, X. Zhu, G. Li, L. Yao, S. Chen, R. Lin, 
J. Wang, Q. Li, X. Fan, T. Qiu, Q. Hao, Unveiling the Cation Effects on 
Electrocatalytic CO2 Reduction via Operando Surface-enhanced Raman 
Spectroscopy, Small 21 (2025) e2409569.

[24] M. Shi, F. Sultana, X. Qin, P. Zhang, K. Qian, T. Wei, Y. Duan, T. Li, J. Bai, R. Li, 
situ evolution of MOF-derived C@NiCoP/NF promotes urea-assisted 
electrocatalytic hydrogen production, Appl. Catal. B Environ. Energy 371 (2025) 
125210.

[25] W. Yu, S. Yue, M. Yang, M. Hashimoto, P. Liu, L. Zhu, W. Xie, T. Jones, 
M. Willinger, X. Huang, Operando TEM study of a working copper catalyst during 
ethylene oxidation, Nat. Commun. 16 (2025) 2029.

[26] D. Cheng, K.C. Nguyen, V. Sumaria, Z. Wei, Z. Zhang, W. Gee, Y. Li, C.G. Morales- 
Guio, M. Heyde, B. Roldan Cuenya, A.N. Alexandrova, P. Sautet, Structure 
Sensitivity and Catalyst Restructuring for CO2 Electro-reduction on Copper, Nat. 
Commun. 16 (2025) 4064.

[27] Y. Xu, H. Li, J. Yang, Y. Liu, W. Deng, A. Lee, F. Jiao, F. Che, Active learning- 
guided catalyst design for selective acetate production in CO electroreduction, 
Nat. Commun. 16 (2025) 11503.

[28] X. Jin, T. Lee, J. Park, J. Kim, S. Park, S.Y. Yun, Y.E. Sung, D.W. Kim, M.G. Kim, 
A. Soon, S.J. Hwang, pH-dependent mechanism of oxygen evolution in highly 
disordered RuO2 nanosheets, Nat. Commun. 17 (2025) 672.

[29] A. Prajapati, C. Hahn, I.M. Weidinger, Y. Shi, Y. Lee, A.N. Alexandrova, 
D. Thompson, S.R. Bare, S. Chen, S. Yan, N. Kornienko, Best practices for in-situ 

and operando techniques within electrocatalytic systems, Nat. Commun. 16 
(2025) 2593.

[30] Z. Levell, J. Le, S. Yu, R. Wang, S. Ethirajan, R. Rana, A. Kulkarni, J. Resasco, 
D. Lu, J. Cheng, Y. Liu, Emerging Atomistic Modeling Methods for Heterogeneous 
Electrocatalysis, Chem. Rev. 124 (2024) 8620–8656.

[31] A.O. Elnabawy, M. Mavrikakis, Nanocluster Active Sites Formed on 
Heterogeneous Thermal Catalysts and Electrocatalysts by Operando Reactive 
Environments, ACS Catal. 15 (2025) 9919–9927.

[32] H. Bae, H. Ji, K. Konstantinov, R. Sluyter, K. Ariga, Y.H. Kim, J.H. Kim, Artificial 
Intelligence-Driven Nanoarchitectonics for Smart Targeted Drug Delivery, Adv. 
Mater. 37 (2025) e10239.

[33] T.H. Lee, S. Lee, L. Yuan, J.A. Dionne, J. Park, Integrative Approaches to Reveal 
Catalyst Dynamics: Bridging Operando Techniques, Theory, and Artificial 
Intelligence, ACS nano 19 (2025) 36827–36844.

[34] Y. Zeng, J. Wang, F. Li, T. Liu, A. Xu, AI-Accelerated Discovery of Electrocatalyst 
Materials, ACS Mater. Au 6 (2026) 72–89.

[35] L. Xu, J. Zhou, A.S. Bandarenka, Z. Chen, Data-Driven Electrocatalyst Discovery: 
Recent Trends in Machine Learning Approaches and Descriptor-Based Design 
Principles, Acc. Mater. Res. 7 (2026) 294–308.

[36] X. Lin, W. Qu, Z. Wang, J. Liu, C. Qian, L. Tian, L. Wang, Y. Zhang, H. Zhou, 
Y. Zhao, Y. Wu, Decoding heterogeneous electrocatalysts for acidic oxygen 
evolution: mechanisms, rational design and AI acceleration, Natl. Sci. Rev. 12 
(2025) nwaf474.

[37] Y.B. Zhuang, C. Liu, J.X. Zhu, J.Y. Hu, J.B. Le, J.Q. Li, X.J. Wen, X.T. Fan, M. Jia, 
X.Y. Li, A. Chen, L. Li, Z.L. Lin, W.H. Xu, J. Cheng, An artificial intelligence 
accelerated ab initio molecular dynamics dataset for electrochemical interfaces, 
Sci. Data 12 (2025) 997.
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