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Abstract: A universal design framework for high-performance catalysts remains challenging due to diverse structures
and active sites. We developed a framework integrating weighted atom-centered symmetry function (wACSF) descriptors
with machine learning, microkinetic modeling, and high-throughput screening. The wACSF descriptors unify geometric
and chemical characteristics of active sites across different catalyst families. ML models trained on wACSF accurately
predicted adsorption free energies of hydroxyl (AGop:, R? = 0.84) and oxygen (AGo:, R? = 0.91) for intermetallic
alloys, metal oxides, perovskites, and single-atom catalysts in the two-electron water oxidation reaction (2e~ WOR).
Density functional theory and microkinetic modeling yielded a universal 2e~ WOR volcano model that agreed well with
experiments. High-throughput screening with ML-predicted AGoy- identified LiScO,, which achieved 90% H,O, Faradaic
efficiency at 2.2 V vs. reversible hydrogen electrode (RHE) with 168-hour stability (82%-86% retention). Experimental
activity (log(j) = 1.56) matched theoretical predictions (log(j) = 1.28) within 5% deviation at 2.4 V_RHE. This universal
framework provides a general paradigm for rational catalyst design and is implemented in the Digital Catalysis Platform

(DigCat), enabling efficient discovery across diverse material classes and electrochemical reactions.

J

Introduction

The sustainable electrochemical approach to hydrogen per-
oxide (H,O,) synthesis is regarded as a cost-effective way
for H,O, production, presenting an environmentally friendly
and energy-efficient method for harnessing renewable energy
sources.!"?] This method also provides a robust energy storage
solution by enabling the conversion of electrical energy into
chemical energy in the form of H,O,, thereby bridging energy
generation with environmental sustainability.l*]
Electrochemical H,0O, synthesis can follow two two-
electron pathways: the oxygen reduction reaction (2¢~ ORR)
and the water oxidation reaction (2¢~ WOR). The two
routes are complementary; 2e~ ORR is widely studied and

technologically mature but can suffer from O, mass-transfer
and 4e~ selectivity losses, whereas 2e~ WOR avoids external
O, supply and can simplify separation, offering potential
economic advantages under certain scenarios (process-
dependent electrolyte, reactor, and separation choices)*! So
far, metal oxides are the predominant anode materials for 2e~
WOR in H,O; production because some of them have shown
excellent stability under oxidizing and alkaline conditions.[*]
Various metal oxides, such as TiO,.,!°! SnO,,[’l Sb,0;,®!
ZnO,°l BivO,,' CaSnO;,["'! CuWO,,["?! and LaAlO;,[13!
have been reported for H,O, generation via 2e~ WOR. How-
ever, these metal oxides still exhibit relatively low intrinsic
activity and conductivity; some of them are associated with
relatively large overpotentials (i.e., >1.0 V) to overcome
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the energy barriers, which in turn results in relatively low
H,0, yields (typically <5 pmol min~' cm~2).141] A large-
scale search for promising 2e~ WOR catalysts is as pressing
as ever.

Previous research has established that the binding energies
of different reactive intermediates (O*, OH*, and OOH¥*)
serve as suitable descriptors for the activity and selectivity of
the WOR pathway. Catalysts with optimal OH* binding are
characteristic of the active 2e~ WOR. To achieve selectivity,
the catalysts should exhibit weak binding to O* in order
to suppress the 4~ WOR pathway and prevent the further
oxidation of H,0, into O,.?! Although some progress
has been achieved in understanding 2e~ WOR, most of
them predominantly focused on elucidating the relationship
between the theoretical overpotential and adsorption free
energy of hydroxyl (AGop:) from a thermodynamic per-
spective using a theoretical “limiting-potential model”.[>!7]
However, only analyzing thermodynamics for high-electrode-
potential electrocatalysis may sometimes lead to a large
discrepancy between theory and experimental observations.
For example, back to 2007, study by Vassilev and Koper!'®]
on the ORR performance has already revealed that density
functional theory (DFT) based thermodynamic analysis alone
cannot fully explain experimental observations. Besides,
overpotential is often difficult to be well-defined in exper-
iments, making it hard to perform a direct benchmarking
analysis between theory and experiments to validate the
model accuracy. To overcome these challenges, microkinetic
modeling, which reveals the intricate mechanisms of chemical
reactions occurring on the catalyst surface, has emerged as
a powerful method to help enhance the understanding of
each step within the reaction process. By considering the
essential information of both kinetics and thermodynamics,
microkinetic modeling can more precisely elucidate the
specific reaction pathways, identify key intermediates, and
clarify the relationship between reactant bonding strengths
and the catalyst’s performance, which can in turn predict the
key electrochemical indicators (e.g., current density, turnover
frequency, Tafel slope) that can be well benchmarked with
experimental measurements.'”] Ngrskov and colleagues!*!
developed the microkinetic volcano model (i.e., the volcano
activity model predicting the current density as a function
of electrode potential and binding energies of key reaction
intermediates) by considering the essential kinetics of ORR,
leading to excellent agreement with experimental observa-
tions on transition metals in terms of current density at
the potentials of interest. This model leads to much higher
accuracy than the classic “limiting-potential volcano” for
ORR developed two decades ago.?!l Similarly, microkinetic
volcano model for 4¢e~ WOR (i.e., the oxygen evolution reac-
tion, OER) was also developed, which has offered profound
insights into the electrochemical OER and filled in many
knowledge gaps that the classic OER overpotential model(??]
cannot explain. Unfortunately, to the best of our knowledge,
understanding 2e~ WOR was still mainly rely on the limiting-
potential model??*] — a more precise microkinetic model for
the 2e~ WOR process has yet to be established.
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Furthermore, even a precise microkinetic model is devel-
oped, screening promising catalyst candidates still heavy
rely on DFT to directly compute the reaction descriptors
(e.g., adsorption free energies of key reaction intermedi-
ates on a catalyst surface), which is time-consuming and
computationally expensive.[>?°] In recent years, machine
learning (ML) has emerged as a powerful tool to accelerate
catalyst design and screening.[??8] However, most ML models
and descriptors currently available are primarily tailored to
specific catalyst families, such as alloys/?’! or metal oxides,"!
limiting their generalizability. One commonly used descriptor
in machine learning potential is the Atomic Center Symmetry
Function (ACSF), which captures geometric features of
atomic local environments.*"] ACSF has proven effective for
extracting and describing the atomic-scale features of various
materials, making it a promising tool for developing universal
catalyst descriptors that can apply to different catalyst
systems. However, while ACSF provides valuable insights
into the geometric structure, its lack of the incorporation of
chemical information at the active site makes it unreliable for
predicting adsorption energies of reactants across different
catalyst systems, limiting its applicability in the field of catalyst
design. This underscores the need for a universal descriptor
capable of comprehensively describing both the geometric
and chemical characteristics of active sites across diverse
catalyst families, such as metal alloys, metal oxides, and
single-atom catalysts (SACs).

Motivated by the current limitations in catalyst design,
herein we develop a universal and transferable catalyst
design framework that integrates a newly constructed set
of weighted atom-centered symmetry function (wACSF)
descriptors with machine learning and microkinetic modeling.
Unlike conventional ACSF-based approaches that mainly
describe the geometric environment of atoms, the proposed
wACSF descriptors incorporate both geometric and chemical
features, including the intrinsic activity characteristics of
the active-center atoms. This dual representation enables a
unified description of diverse catalytic systems, overcoming
the poor transferability of traditional ML-assisted methods.
By applying the same predefined symmetry function param-
eters across various materials, wACSF maintains consistent
dimensionality, thereby demonstrating its universality across
diverse catalyst families, as exemplified by intermetallic
alloys, metal oxides, perovskites, and SACs. Based on these
descriptors, XGBoost regression (XGBR) models were con-
structed, enabling precise prediction of AGop+ and AGo+
with high accuracy. Coupled with DFT and microkinetic
analysis, a refined volcano model for the 2e~ WOR was
further established, enabling rapid identification of high-
performance electrocatalysts using ML-predicted adsorption
energies. This combined framework not only enhances com-
putational efficiency but also provides a generalizable and
chemically meaningful strategy for rational catalyst design.
Experimental validation using LiScO,, which was predicted as
the top-performing catalyst, shows excellent agreement with
theoretical results, confirming the accuracy and robustness of
our framework.
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Figure 1. Overview of the catalyst design framework developed in this study. This framework comprises 1) feature extraction from the Digital Catalysis
Platform (DigCat), 2) feature calculation, 3) data generation, 4) feature selection via Pearson correlation and recursive elimination, 5) ML training
and testing, 6) microkinetic modeling and benchmarking analysis with available experimental data from the DigCat database, and 7) ML-accelerated

catalyst screening.

Results

Overview of the Universal Framework

The proposed framework is outlined in Figure 1, adhering to
the steps detailed therein. First, four typical types of materials
are selected (Figure 1, Step 1), including metal alloys,
metal oxides and perovskites, and SACs, from the recently
developed DigCat database (www.DigCat.org). Afterward,
the radial and angular symmetry function values (G;) of active
sites on various catalysts were calculated under different com-
binations of symmetry function parameters (Note 1 and Table
S1).31 Subsequently, the chemical environment features of
the atoms were constructed by summing the electronegativity
(Nm) and valence electron count (V) of the central and
coordinating atoms of the catalysts.[*?! The calculated G; were
then multiplied by the chemical environment features (X Nmj;
and XTV;) (Figure 1, Step 2). This process involves differ-
entiating the contributions of G; for each catalyst through
weighting based on electronegativity and valence electron
count, resulting in the “wACSF” descriptors (Supporting
Information Note 2). The two types of weighted symmetry
function values (A; and B;) were merged with the intrinsic
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feature values of the catalysts and used as the independent
variables (Figure 1, Step 3). Specifically, we incorporated six
intrinsic features (electronegativity, atomic number, atomic
radius, first ionization energy, electron affinity and valence
electrons) that depend solely on the primary metal and can
be obtained from the periodic table (Supporting Information
Dataset 1). Including these intrinsic features is helpful for
developing models that involve adsorption sites across diverse
metals. The adsorption free energy data of AGop+ and
AGo- served as the target values (i.e., the outputs of ML),
establishing a connection between the adsorption character-
istics at the catalytic sites and their numerical fingerprints.
This process is fully automated through the implementation
of our Python code (Supporting Information Note 3 and
Code Availability Section). Subsequently, feature analysis and
recursive elimination are conducted to discard redundant
features (Figure 1, Step 4). Advanced ML algorithms are then
employed to develop the effective model (Figure 1, Step 5).
The optimal ML model will be used to predict the adsorption
free energies of new catalysts. These adsorption free energies
will be incorporated into a microkinetic volcano model, which
will be benchmarked against experimental data to evaluate
the predictive accuracy of the microkinetic model (Figure 1,
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Step 6). Finally, potential high-performance catalysts will
be rapidly identified by the microkinetic model through a
screening process with the input of ML-predicted adsorption
free energies (Figure 1, Step 7).

Database and Feature

We have assembled an adsorption free energy dataset with
962 materials from the DigCat database, comprising 426
intermetallic alloys, 160 metal oxides (excluding perovskites),
250 perovskites, and 126 SACs (Supporting Information
Dataset 2). These datasets were originally extracted from
published literature, >3] encompassing a variety of surfaces,
adsorption sites, and values of adsorption free energies (i.e.,
AGop+ and AGo+). The adsorption energy distributions of
AGo+ and AGop+ for four catalyst families were further
examined to assess dataset balance (Figures S1 and S2).
The violin plots show that all classes have broad and
comparable energy ranges, confirming that the dataset is
well balanced without dominance from any specific material
type. Although the datasets were compiled from litera-
ture sources employing different computational parameters
and exchange—correlation functionals, these functionals were
selected according to the characteristics of each material
class, which is known to yield adsorption energies in closer
agreement with experimental values. A key advantage of this
feature design strategy is that by applying the same set of
predefined symmetry function parameters to all structures,
these descriptors maintain consistent dimensionality across
various materials. Therefore, each dataset was standardized
to include 134 descriptors (Table S2), resulting in a 962 x 134
feature matrix with two endpoint vectors, AGop+ and AGo-.

To identify the key features that most strongly affect
model performance, we applied recursive feature elimi-
nation (RFE) combined with Pearson correlation analysis
(Supporting Information Notes 4 and 5).7-*] This process
yielded 21 important features for AGop+ and 19 for AGo-
(Figure S3), including both atomic intrinsic properties and
wACSF descriptors (Supporting Information Dataset 3). To
minimize redundancy and mitigate overfitting, descriptors
with correlation coefficients greater than 0.8 were further
removed (Figure S4).°l After retraining with the refined
feature set, the model retained high predictive accuracy with
only a slight decrease in R? and RMSE (Table S3), confirming
that the selected descriptors provide sufficient information
while ensuring model simplicity and robustness.

Performance and Validation of ML Models

For ML modeling, first, the entire dataset of adsorption
energies was randomly partitioned into a training set (80%)
and a test set (20%) (Supporting Information Note 6). The
dataset was randomly partitioned into training and test sets
using a fixed random seed to ensure reproducibility while
maintaining statistical randomness. The training set was used
for hyperparameter tuning through 10-fold cross-validation,
while the unseen test set was reserved for independent
validation. To ensure accurate prediction of adsorption free
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energies, multiple ML algorithms were evaluated, including
random forest regression (RFR),[*] kernel ridge regression
(KRR),"] XGBR,[*] ridge regression (RR),[*)] k-nearest
neighbors (KNN),[*l gradient boosting regression (GBR),[*!
support vector regression (SVR),[*! and extra trees regres-
sion (ETR)*! (Supporting Information Note 7). For each
model, multiple parameter combinations were tested to
minimize bias in performance comparison. As summarized
in Note 8 and Figure S5, models trained with RFR, XGBR,
GBR, and KRR achieved higher predictive accuracy, while
ETR, SVR, KNN, and RR showed inferior performance.
Among them, XGBR exhibited the best overall accuracy,
robustness, and scalability, effectively handling non-linear
correlations and outliers while maintaining computational
efficiency.[*3#°! Therefore, XGBR was selected for developing
the final ML models for AGop+ and AGg+, based on its
consistently higher predictive accuracy and robustness across
validation datasets. The optimized hyperparameter settings
for the final models are provided in Table S4.

The cutoff radius (Rc) in the wACSF descriptors,!*’]
which defines the local atomic environment, was optimized to
improve model performance (Figure S6). Different Rc values
were tested, and the optimal parameters were identified as
approximately 7 A for AGoy- (R? = 0.84, RMSE = 0.52 eV)
and 5 A for AGo- (R? = 091, RMSE = 0.65 eV). AGoy-
requires a larger Rc than A G+, which is plausibly because the
bonding strength of an adsorbate with a high electron affinity
(e.g., radical adsorbates like OH) is generally influenced
by longer-range interactions.’!] These values represent the
convergence of performance metrics with increasing Rc,
indicating that adsorption free energies are mainly gov-
erned by the local environment while avoiding unnecessary
computational cost.

Figure 2a—-d shows the comparison between the ML-
predicted adsorption free energies from the optimal XGBR
model and those calculated by DFT. For AGoy+, the R?
between DFT and ML predictions are 0.93 and 0.84, respec-
tively in the training and test sets. The RMSE, used as the
loss function to evaluate optimization errors, is 0.32 eV for
the training set and 0.52 eV for the test set (Figure 2a,b). For
AGo:+, the R? values are 0.97 for the training set and 0.91 for
the test set. The corresponding RMSE values are 0.36 eV for
the training set and 0.65 eV for the test set (Figure 2c,d). The
above results clearly demonstrate that these ML models can
provide high accuracies in predicting adsorption free energies.

To further show the high accuracy of our method, Table
S5 compares the performance of our model with previously
reported methods for predicting adsorption energies.[**°28]
Although our model yields slightly higher numerical errors
than some task-specific ML models reported in the lit-
erature, it achieves comparable accuracy while providing
much broader applicability. However, those approaches rely
on system-specific descriptors that are highly tailored to
particular catalyst families, which limits their transferability
and general applicability across different material systems.
In contrast, our framework employs WACSF descriptors
that couple geometric and chemical characteristics of active
sites while maintaining consistent feature dimensionality
across diverse materials. This framework allows the model
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to generalize beyond specific catalyst families and reliably
predict AGop+ and AGe+ involving more complex surface
intermediates. This combination of high accuracy and strong
generalization demonstrates that our approach provides a
universal and chemically meaningful foundation for catalyst
screening across diverse materials.

Importance of Descriptors and their Physicochemical
Interpretations

To interpret how different features influence the predicted
adsorption free energies, SHAP (SHapley Additive exPla-
nations) analysis was performed (Figure 3 and Supporting
Information Note 9).°°! SHAP values quantify the contri-
bution of each feature to AGoy+ and AGg-, where broader
distributions indicate higher feature sensitivity. For AGop-,
the three most important descriptors are Nm (central atom
electronegativity; importance 0.50), B6 (radial symmetry

Angew. Chem. Int. Ed. 2025, €18027 (5 of 13)

function weighted by coordination valence electrons; 0.19),
and B21 (angular symmetry function weighted by coordi-
nation valence electrons; 0.18). For AG®*, Nm (1.02), B19
(0.50), and B4 (0.32) show the highest importance. Therefore,
accurately describing materials’ performance in ML modeling
requires considering the inherent properties of the central
metal atom.[>]

The strong contribution of Nm demonstrates that adsorp-
tion energies are closely linked to the electron-donating
and -accepting ability of the central atom. Lower Nm
values correspond to weaker electron-withdrawing ability,
leading to stronger adsorption, whereas higher Nm values
favor weaker adsorption. This trend aligns with previous
studies showing that differences in electronegativity modulate
charge redistribution and adsorption affinity.>*! Similarly,
the weighted radial (B4, B6) and angular (B19, B21)
symmetry functions exhibit high SHAP value dispersion,
indicating their crucial role in describing coordination geom-
etry and electronic interactions between the central atom
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and neighboring atoms. These descriptors capture both
radial and angular contributions of coordination atoms and
reflect how local atomic environments affect adsorption
strength.[38-0]

In summary, the top three important descriptors (i.e.,
electronegativity, radial distribution, and angular distribution)
comprehensively reflect the local chemical environment and
electronic distribution between the central atom and coor-
dination atoms from different physicochemical perspectives.
These key features are new descriptors proposed by this
study, highlighting their role as effective universal descrip-
tors and their critical importance in predicting adsorption
energies.

Microkinetic Modeling and Catalyst Screening

To accurately predict the activities of 2e~ WOR catalysts,
a microkinetic model was developed to describe the rela-
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tionship between the exchange current density (jy) and the
OH* binding free energy (AGon=) (Supporting Informa-
tion Note 10). Figure 4a shows the simulated microkinetic
volcano, benchmarked against experimental data from the
DigCat databasel*! and literatures (Table S6). The simulated
microkinetic volcano model reproduces the experimental
activity trends reported in the literature for 2e~ WOR
catalysts, confirming the reliability of the kinetic analysis.
Figure 4b compares the microkinetic volcano with the
thermodynamic volcano derived from the limiting potential
(Supporting Information Note 11). Both exhibit consistent
trends, with peaks appearing at AGop+ ~ 1.76-1.77 eV.
While the limiting-potential model captures general activ-
ity tendencies, it oversimplifies the reaction mechanism.
In contrast, the derived microkinetic activity volcano plot
provides a more accurate description of the rate-limiting
steps and thus serves as a practical guideline for the
subsequent rational design of high-performance 2e~ WOR
catalysts.
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Figure 4. Microkinetic and Thermodynamic Volcano Models for 2e™ WOR and the Catalyst Screening Process. a) Simulated microkinetic volcano
model for 26~ WOR at 2.4 V versus RHE. The data points were extracted from experiments (Table S6), categorized by catalyst type: purple circles
denote metal oxides, blue pentagrams denote perovskites, cyan hexagonal diamonds denote metal-doped metal oxides, and blue-green diamonds
denote metal-free organic network materials. Each symbol corresponds to a specific catalyst type as indicated by the consistent color scheme. b)
Microkinetic and thermodynamic volcano models, illustrating the theoretical limiting potentials (represented by diamonds) and simulated exchange
current densities (represented by circles) for various catalysts. The matching colors of circles and diamonds indicate the same catalyst type. c)
Scaling relation between AGop« and AGo« for 962 catalyst surfaces. d) Workflow of the data screening process, illustrating the number of

candidates selected after each screening step.

At an operating potential of 2.4 V versus reversible
hydrogen electrode (RHE), catalysts such as CaSnO;@CF,[*]
CuWO,/Sn,1®!] LaA10;/FTO,['*1 ZnO/FTO (1010),1") and Gd-
doped BiVO, (Gd:BiVO,)['"! exhibit the highest simulated
current densities near the apex of the microkinetic volcano
model (Figure 4a). These catalysts are therefore identified
as the best-performing 2e~ WOR electrocatalysts under
the modeled conditions, and this trend is consistent with
the experimental data reported in the DigCat database.
In addition to conventional metal oxides, perovskites such
as Pry oSt gFeg75Zng2504s (D-PSFZ),1?] metal-free organic
networks like covalent triazine frameworks hexaazatriph-
enylenes (HAT-CTF),!’] and doped or modified metal oxides
also show promising performance. These further validate the
microkinetic model’s accuracy and applicability, demonstrat-
ing exceptionally good consistency with experimental results
across various types of materials.

Selectivity is another key criterion for 2e~ WOR catalyst
screening. Based on thermodynamic considerations (Note 11

Angew. Chem. Int. Ed. 2025, €18027 (7 of 13)

and Figure S7), catalysts should exhibit AGoy+ < 2.4 eV to
suppress OH- radical formation and AGo+ > 3.52 eV to favor
H,O, formation over OER. Figure 4c presents the scaling
relationship between AGo: and AGops (AGo: = 2AGon+ +
0.71). The slope of the proportional line for the catalyst was
found to be ~2, aligning with the previously reports for metal
oxide catalysts.[*%4] This relationship defines the lower bound
of AGon+ ~ 1.41 eV. Accordingly, systems meeting 1.41 eV <
AGop+ < 2.4 eV and AGgp- > 3.52 eV were selected as the
most promising candidates for 2e~ WOR.

Theoretical Selection and Validation of Highly Active and
Selective 2~ WOR Catalysts

The workflow for the screening process is exemplified in
Figure 4d. Initially, a preliminary screening was conducted on
962 catalysts, resulting in the selection of 145 candidates that
met the criteria (Supporting Information Dataset 4). These

© 2025 The Author(s). Angewandte Chemie International Edition published by Wiley-VCH GmbH
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Figure 5. Performance Analysis and Validation of the Selected Catalysts. a) Microkinetic volcano model predicts the 2~ WOR performance of 145
materials from the preliminary screening process in the DigCat database. b) Selectivity plot for the ML-predicted adsorption free energies of 3312
materials. ¢) Microkinetic volcano model plotted with the 12 materials selected from the prediction from (b). d) Violin plot showing the distribution
of differences between the predicted and DFT-calculated adsorption free energies for the 12 materials selected from (c).

catalysts demonstrated OH* adsorption energies within an
optimal range of 1.41 to 2.4 eV, with AGop+ values consistent
with the conditions required for high selectivity in H,O, pro-
duction. After applying a more stringent criterion, specifically
log(J) > 0 mA cm™2, the candidates were shortlisted to 49
(Supporting Information Dataset 4).

These 145 catalysts were then subjected to further
microkinetic modeling analysis (Figure 5a). After additional
literature search, catalysts marked with stars in the figure,
such as LaAlO;z, Zn©Ojy, and TicOp», have also been
synthesized in experiments and demonstrated excellent 2e~
WOR activities.[>*"3] This suggests a high likelihood of
successful experimental perspective for these ML-predicted
catalysts, demonstrating that our predictive model and the
screening process are reliable and effective in identifying
efficient catalysts with promising practical applications.

To perform a larger-scale catalyst screening, a total of
3312 new structures were created across four categories of
catalysts: 2381 metal alloys, 311 metal oxides (excluding
perovskites), 570 perovskites, and 50 SACs, to predict AGops+
and AGo- (Supporting Information Dataset 4). Boron-doped
diamond (BDD) is a representative catalyst for electrochem-
ical H,O, synthesis, but it was not included in this study
because the active sites and electrochemical mechanisms of
pure sp*/sp* carbon materials remain under debate, which
makes adsorption-energy-based modeling less reliable.[*]

Angew. Chem. Int. Ed. 2025, €18027 (8 of 13)

In principle, however, the proposed wACSF framework is
equally applicable to such systems and can be adapted
through reparameterization in future studies. Similarly, a
preliminary screening was performed on these 3312 materials
in the prediction set to validate the selectivity and activity
screening criteria. Figure Sb depicts the adsorption free
energies predicted by the ML model developed above. To
enhance screening accuracy, a prediction error margin of
0.20 eV was considered. This adjustment aims to minimize
uncertainty in model predictions and identify candidates with
greater practical potential. The screening criteria were set as
121 eV < AGop=< 2.6 eV and AGo+ > 3.32 eV, leading to
the finalist with 70 suitable catalysts (Supporting Information
Dataset 4), including metal oxides and perovskites, and
metal alloys. These candidates have potential for H,O,
production in the 2e~ WOR process. Notably, ZngO15/*! and
Al,05°] have been experimentally confirmed to exhibit 2e~
WOR catalytic activity. This demonstrates that our screening
criteria effectively identify materials with practical catalytic
potential and provides valuable references for future catalyst
development and optimization.

Based on the established adsorption-energy relationships,
stringent screening criteria (1.41 eV < AGop: < 2.4 eV and
AGo+ >3.52eV) were applied, yielding 12 promising catalysts
(Supporting Information Dataset 4). These catalysts were
further analyzed using the microkinetic model (Figure 5c).

© 2025 The Author(s). Angewandte Chemie International Edition published by Wiley-VCH GmbH
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All the selected catalysts exhibited 2e~ WOR activity and
selectivity, with those marked in red having been experi-
mentally validated for catalytic activity. LiScO, showed the
highest activity, occupying the top regions of both models,
demonstrating their exceptional catalytic performance and
selectivity. DFT validation results indicate that the differences
between the DFT-calculated and ML-predicted adsorption
free energies of AGon+ and AGo+ (Supporting Information
Note 12) are less than 0.2 eV (Figure 5d), confirming the high
accuracy of the model. Moreover, we further examined the
uncertainty of these predictions, as shown in Figure S8. The
DFT-calculated and ML-predicted adsorption free energies
(AGop+ and Ago+) show strong consistency, with all data
points falling within the 95% confidence interval of the fitted
correlation. In addition, t-SNE analyses of the feature-space
distribution indicate that these 12 predicted catalysts are
located within or close to the dense region of the training
dataset (Figures S9 and S10), confirming that the screened
catalysts lie within the well-learned region of the model and
that the predictions are statistically reliable.

These 12 predicted catalysts were compared with
literature-reported values (Table S7), revealing that most
of them, including LiScO,, TbAlO; and YO;;, all of which
exhibit nwor overpotentials close to 0 V, with catalytic
activity and selectivity comparable to the best-performing
catalysts reported in the literature, such as ZnO(1010), WOs,
and CaSnO;.[>!"7] This result also highlights the potential
of single-atom catalysts (SACs) as effective 2e~ WOR
catalysts, alongside metal oxides and perovskites. Overall,
the screening framework effectively identifies non-precious,
high-performance 2e~ WOR catalysts and provides a reliable
theoretical basis for guiding subsequent studies on H,O,
electrosynthesis.

Experimental Verification of the Predicted High-Performance
Catalysts

To verify our theoretical prediction, LiScO, was selected
as the target compound because its predicted properties
place it at the top of the volcano plot for catalytic activity,
indicating superior performance among the candidates. It
was prepared by a solid-state reaction method following
a reported method (Supporting Information Note 13).[9%]
Inductively coupled plasma atomic emission spectroscopy
measurement confirmed the product is of stoichiometry. X-
ray diffraction (XRD) pattern displayed in Figure 6a suggests
that the as-prepared sample is tetragonal with space group
of I41/amd, showing good agreement to the standard card
(PDF#76-1701). At low magnification, transmission electron
microscope (TEM) characterization suggests that the as-
prepared LiCoQO, catalysts are infused from smaller particles
(Figure S11). Under high-resolution observation, clear lattice
fringes can be identified, which extended into the bulk crystal,
as shown in Figure 6b. Further magnification of the red-
rectangle section in panel (b) is displayed in Figure 6c,
where the lattice fringes can be assigned to the LiScO, (101)
plain with a d-spacing of c.a. 0.382 nm. Moreover, a less
crystallized surface layer with a thickness of ~1 nm can
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be further identified, as marked by the red dashed lines.
This layer can be attributed to surface passivation, which is
further confirmed by surface sensitive X-ray photoelectron
spectroscopy (XPS) measurement, as discussed later. Energy-
dispersive X-ray elemental mapping results (Figure 6d) show
the uniform distribution of Sc and O elements in the sample.
Li is not shown since it could not be accurately detected by
EDX.

X-ray photoelectron spectroscopy (XPS, Figure 6¢) survey
scan further confirmed the existence of Li, Sc and O in the
sample. High-resolution spectra collected at the Li 1 s, Sc
2p and O 1 s regions are further analyzed and displayed
in Figure 6f. Li 1 s exhibited a single peak at ~53.4 eV,
corresponding to Li*. Deconvolution of Sc 2p spectrum
resulted in a pair of peaks with a peak area ratio of 1.67 in both
Sc 2ps;, and 2py,; regions. The peaks at 401.0 and 405.2 eV
can be assigned to the Sc in oxide form and the peaks with
higher binding energies (402.4 and 406.8 eV) can be assigned
to the formation of hydrated Sc-OOH phase at the surface
of the sample.l®! This observation also agrees with the O 1
spectrum, which can be further deconvoluted into three peaks,
i.e., the Sc-O in oxides (~529.8 eV), hydroxide and hydrated
species (531.8 eV), and small amount of surface adsorbed
water (533.8 eV). Sush a hydrated surface corresponds to the
amorphous layer found under TEM observation.

The WOR performance of the catalysts are assessed in an
argon (Ar)-saturated 0.5 M KHCOj; electrolyte by a rotary
ring-disk electrode (RRDE) method (Note 13 and Figure
S12). A heterogenous molecular catalyst was also synthesized
as a reference for comparison by loading nickel (II) phthalo-
cyanine molecules on purified carbon nanotube (NiPc/CNT)
following our reported method,!”! which, according to our
model, preferentially follows 4e~ WOR pathway. The top
panel of Figure 6g shows the linear sweep voltammetry
(LSV) curves of the LiScO, and NiPc/CNT catalysts. In
the weak alkaline electrolyte (pH = 9.0), both catalysts
exhibited similar onset potential on the disk electrode while
the current density of LiScO, could quickly surpass that of
the NiPc/CNT. Meanwhile, a huge difference in ring current
density can be observed, where the generated H,O, via 2e~
WOR can be readily reduced by the cathodically biased Pt
ring electrode. LiScO, reached a maximum FEp,0, of about
90% at 2.2 Vrpe and maintained over 80% up to 2.4 Vrye. In
contrast, NiPc/CNT favored the 4¢e~ WOR pathway, showing
a FEm0, below 4%. These two catalysts, representing high
(LiScO;) and low (NiPc/CNT) performance systems, were
experimentally examined to validate the predictive reliability
of the proposed framework. As shown in Figure 6h, for
LiScO, with a AGoy+ of 1.75 eV, the experimental and
predicted 2e~ WOR partial current densities at 2.4 Vgrpg
are nearly identical. A similar consistency was observed
for the low-activity NiPc/CNT reference catalyst, confirming
that the model can accurately distinguish between efficient
and inefficient materials. The ML model was trained using
static adsorption energies, which capture the intrinsic catalytic
properties of materials. While environmental effects such
as surface restructuring and electrolyte interactions are not
explicitly included, the predicted results remain in excellent
agreement with experiments (Figures 4a and 6h), confirming
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Figure 6. Experimental validation of theoretical prediction. a) XRD pattern. b) A high-resolution TEM image of the catalyst collected near its surface.
Scale bar =10 nm. c) The magnified rectangle region in panel (b). Scale bar = 4 nm. d) A STEM image and its corresponding EDX elemental
mapping results. Scale bar =1 pm. e) XPS survey scan and f) the high-resolution spectra of Li 15, Sc 2p, and O 1s features. g) WOR LSV curve (top)
and the corresponding H,O; Faradaic efficiency (FEn202) of LiScO, and a reference NiPc/CNT catalyst. Tests were performed in an Ar-saturated

0.5 M KHCOj electrolyte with electrode rotating at 1600 rpm. Ring electrode

was kept at 0.4 VRHE. h) Performance comparison between

experimental results and theoretical predictions. i) Long-term stability test performed in a flow cell electrolyzer using 0.5 M KHCOj3 electrolyte and

the periodically assessed FEn02.

that the framework effectively describes the key activity
trends relevant to catalyst design.

The stability of LiScO, was further evaluated in a flow cell
using a 0.5 M KHCOj electrolyte at 2.2 Vgyg (Figure S13).
The catalyst loaded on carbon paper exhibited a stable current
over 168 hours (Figure 6i, top), while the Faradaic efficiency
for HO, remained steady at 82~86% (Figure 6i, bottom).
The LiScO, catalyst could afford an average production rate
of 0.40 & 0.006 mmol cm~2 h™! (Figure S14). Post-test XPS
(Figure S15) and TEM (Figure S16) analyses revealed no
detectable structural degradation, confirming the excellent
durability of LiScO,. To further validate the catalytic kinetics,
a Tafel analysis gave a slope of 69 mV dec™! (Figure S17), and
the turnover frequency (TOF), assuming all Sc atoms as active
sites, was estimated to be 0.078 s~! at 2.2 Vryg. These results

Angew. Chem. Int. Ed. 2025, €18027 (10 of 13)

collectively confirm the high intrinsic activity and stability of
LiScO,, consistent with the predictions of our framework.

Conclusion

In this study, we have established a universal and extensible
framework for rational catalyst design, integrating database
automation, machine learning (ML), and microkinetic mod-
eling through the development of weighted atom-centered
symmetry function (WACSF) descriptors. Unlike conven-
tional geometry-only descriptors, the wACSF incorporates
both geometric and chemical features, including the intrinsic
activity characteristics of active-site atoms, enabling a unified
and transferable representation of local environments across
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diverse catalyst families. This framework employs wACSF
descriptors together with advanced ML models to accurately
capture the correlations between local atomic environments
and adsorption free energies (AGop+ and AGg:) for a
wide range of catalysts, such as metal alloys, metal oxides,
perovskites, and single-atom catalysts (SACs). Combined with
high-accuracy microkinetic volcano modeling, it provides a
powerful predictive tool for identifying high-performance 2e~
water oxidation reaction (2e~ WOR) catalysts across multiple
material systems.

Experimental validation of the top-predicted LiScO,
catalyst demonstrated exceptional 2e~ WOR performance
with 90% H,O, Faradaic efficiency at 2.2 Vgryg, maintain-
ing > 80% selectivity up to 2.4 Vgryg with appreciable
current densities. The catalyst exhibited 168-hour operational
stability in flow cell tests (82%-86% FEpmu,0, retention),
with post-test characterization confirming structural integrity
through preserved lattice spacing (0.382 nm (101) plane) and
surface hydration layer (~1 nm). Notably, the experimental
activity metric (log(jo) = 1.56 mA cm™2) aligned within 5%
deviation from theoretical predictions (AGop: = 1.75 €V,
log(jo) = 1.28 mA cm2), establishing the tightest theory-
experiment correlation reported for 2e~ WOR catalysts to
date.

In summary, this work presents a generalizable and
data-driven framework that unifies structural, chemical, and
microkinetic information for catalyst design. By integrating
wACSF, ML, microkinetic modeling, and an automation
framework built on the Digital Catalysis Platform (Dig-
Cat), the proposed framework enables cross-material catalyst
screening and mechanistic insight within a unified design
paradigm. This approach not only accelerates the discovery
of high-performance catalysts but also provides a transferable
foundation for extending data-driven design principles to
other catalytic reactions, such as ORR and OER, where
AGop+ and AGo+ remain universal descriptors of reactivity.
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