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ABSTRACT: The data-driven strategy has emerged as an important approach for the rapid screening of high-performance single-
atom catalysts (SACs). However, the lack of a comprehensive SACs database seriously hinders the widespread application of this
strategy. Herein, we construct a public SACs database comprising 1197 samples via doping nonmetallic atoms (B, N. O, P, and S) in
the coordination environment and regulating 3d metal centers (Ti, V, Cr, Mn, Fe, Co, Ni, Cu, and Zn). Based on density functional
theory calculations, the electronic structural properties (i.e., Bader charge and d-band center) and binding energies are obtained.
According to the binding energy calculations, 657 stable catalyst configurations are identified. Subsequently, the corresponding
adsorption energies for O2, O, and NO are calculated. Moreover, machine learning (ML) models, specifically extreme gradient
boosting regression (XGBR), random forest regression, and support vector regression, are trained to predict the electronic structure
and the adsorption energies of O. Among these models, XGBR demonstrates the highest predictive accuracy, with a mean squared
error less than 0.35. We successfully integrate ML models based on this SACs database and catalytic volcano model. Through this
framework, the catalytic activities of 1261 4d SACs in the oxidation of NO and Hg0 are quickly predicted. Rh1B4 and Rh1C2S2 are
identified as potential catalysts for the oxidation of NO and Hg0, with the respective energy barriers of 1.01 and 2.59 eV for Rh1B4,
and 1.03 and 2.61 eV for Rh1C2S2. These values are significantly lower than those of previously reported SACs. We anticipate that
this public SACs database and ML-based activity prediction framework can provide new pathways for the rapid screening of highly
active SACs for various catalytic reactions.

1. INTRODUCTION

Single-atom catalysts (SACs) have emerged as highly
promising catalysts due to their uniform reactive active centers,
which offers significant advantages such as high atomic
utilization, high activity, and superior selectivity.1−3 These
features make SACs exhibit excellent performance in many
crucial reactions across the energy and environment fields.4−7

The catalytic activity of SACs can be effectively tuned by
doping nonmetallic atoms and substituting active center atoms
to regulate the coordination environment of SACs. Theoretical
calculations have shown that varying the number and type of
coordinated atoms in SACs can significantly tune their catalytic
activity for different reactions.8 Currently, regulating the
microenvironment of SACs becomes a research hotspot for
designing potential SACs with high activity for different
catalytic reactions.9−11

For instance, Li et al.12 optimized the catalytic activity of
single-atom Mn catalyst for Hg0 oxidation through introducing
O- and N-coordination by experimental approach. Similarly,
doping different amounts of B and N atoms into single-atom
Co catalyst can effectively regulate the catalytic oxidation of
CO. Additionally, the catalytic activity for oxygen evolution
reactions (OER) was improved through introducing B, N, O,
P, and S into single-atom Fe catalyst. Tang et al.13

demonstrated that varying the number of B and N atoms in
single-atom Co catalysts can effectively regulate the CO
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oxidation activity. Yang et al.14 introduced nonmetallic
elements such as B, N, O, P, and S into single-atom Fe
catalysts to investigate their OER activities; theoretical
calculations showed that Fe1B1C1N2-pen coordinated with B
and N exhibited the lowest OER overpotential (0.40 V) among
122 catalysts. Furthermore, Yang et al.15 found that doping
nonmetallic atoms into single-atom Co catalysts can effectively
regulate the adsorption energy for O2 and O, and they
identified several SACs with high catalytic activity for NO and
Hg0. Among them, the energy barriers of Co1P2C2-pen in the
rate-determining steps of NO and Hg0 oxidation are 0.98 and
2.14 eV, respectively.
Previous research has demonstrated that regulating the

coordination environment of SACs (by doping nonmetallic
atoms and changing the type of metal atoms in the active
center) is an effective way to regulate their catalytic
performance. This presents a new approach for the
construction of a publicly accessible SACs database. However,
the challenge lies in the fact that there are a great many
combinations between the central site and the coordination
elements. Therefore, the traditional development mode of
preparation-testing is no longer efficient, necessitating the
adoption of more efficient and rapid research methods.
Machine learning (ML), as a powerful tool, can greatly

enhance the efficiency of catalyst design. For example,
Nishimura et al.16 employed high-throughput screening and
literature data sets combined with ML methods to design a
multicomponent La2O3-based methane oxidative coupling
catalyst. Similarly, Khatamirad et al.17 created a database of
oxygen vacancy formation energies using high-throughput
calculations, and explored a large number of potential materials
with improved performance for CO2 hydrogenation to
methanol. Jia et al.19,20 used the Materials Project database
and density functional theory (DFT) calculations to investigate
oxygen reduction reaction (ORR) activity of stable metal oxide
materials under acidic conditions and performed subsequent
experimental validations. Luo et al.21 developed an XGBoost
ML model for chromium diphosphate (Cr-PNP) catalysts
through high-throughput feature selection, predicting the
selectivity for ethylene tris/tetramerization, enabling data-
driven design of Cr-PNP catalysts. Zhou et al.22 introduced a
data-driven high-throughput method combining theoretical
calculations with topology-based multiscale convolution and
ML algorithms, predicting two highly active catalysts, Pt1C4
and Sc1C1N3, for hydrogen evolution reaction (HER) after
training on 25 data sets and predicting on 168 SACs. We may
employ the same methodology to predict the SACs capable of
effectively catalyzing the reactions involving NO and Hg0.
However, the lack of a comprehensive SACs database poses

a significant challenge to the rapid screening of SACs under
data-driven strategies. Therefore, building an available SACs
database will provide important theoretical support for the
rapid screening of highly active SACs under data-driven
strategies. To overcome this limitation, herein, we establish a
SACs database through high-throughput calculations and
developed a data-mechanism-driven framework for predicting
the catalytic activity of SACs. This framework integrates the
database, ML, and catalytic volcano models. First, 1197 SACs
structures are constructed by regulating their coordination
environments. Then, electronic structure properties, binding
energy, adsorption energy, and other properties of the catalyst
are obtained through high-throughput DFT calculations.
Subsequently, an open-source SACs database is constructed

using the Streamlit application tool. Finally, extreme gradient
boosting regression (XGBR), random forest regression (RFR),
and support vector regression (SVR) ML models are trained
based on the database. Among these, XGBR is proven the most
accurate in predicting the electronic structure properties and O
adsorption energies. Therefore, we develop a framework based
on ML combining the XGBR model for predicting the
adsorption energy of O atoms with a catalytic activity volcano
model. This framework enables rapid prediction of the catalytic
oxidation activity of SACs for NO and Hg0. Among 1261 SACs
with 4d metals, Rh1B4 and Rh1C2S2 are precisely screened as
potential catalysts, demonstrating the effectiveness of this
DFT-based database and ML framework for SAC design.

2. COMPUTATION AND MODELING METHODS
In this work, spin-polarized density functional theory (DFT)
calculations were performed using the Vienna ab initio
simulation package (VASP 5.4.4).23−25 In detail, the projected
augmented wave (PAW) method was employed to describe
the interactions between the nucleus and valence electrons,
while the Perdew−Burke−Ernzerhof (PBE) functional was
used for electronic exchange and correlation.26−28 To more
accurately describe the interaction between reactants and
catalyst surfaces, dipole correction and DFT-D3 were
applied.29 A 5 × 3√3 × 1 graphene substrate model (12.33
× 12.88 × 20.00 Å) was constructed, with a vacuum layer set at
20 Å to prevent interactions between mirror images.30 The
kinetic energy cutoff was set to 450 eV for all calculations, and
a 2 × 2 × 1 k-point grid was used for geometry optimizations.
The force convergence criterion during geometric optimization
was set to −0.02 eV/Å. For electronic self-consistent
calculations, a k-point grid of 4 × 4 × 1 was used, with a
convergence criterion of 10−5 eV.
Bader charge analysis was performed to calculate the amount

of charge of metal atoms in SACs.31 The formulas for
calculating the catalyst’s d-band center (εd), system electro-
negativity (X), binding energy (Ebind), and adsorption energy
(Eads) are provided in the Supporting Information eqs S1−S4.
A publicly accessible SACs database was created using the

Streamlit application,32 while feature generation based on
SACs coordination atom composition was accomplished using
the Matminer package.33 The XGBR, RFR, and SVR
algorithms used in this study were implemented using the
Scikit Learn library,34−37 with hyperparameters optimized
through a grid search approach and 5-fold cross-validation.38

The performance of ML models was evaluated using the
coefficient of determination (R-squared, R2), mean squared
error (MSE), and mean absolute error (MAE).39 The
corresponding calculation formulas are shown in the
Supporting Information eqs S5−S7.

3. RESULTS AND DISCUSSION
3.1. Catalyst Design and High-Throughput Compu-

tations. 3.1.1. Catalyst Design. The design of the
coordination environment for SACs mainly involves two
aspects: the substitution of metal center and the doping of
nonmetallic elements that coordinate with metal centers. In
this study, 3d transition metals (Ti, V, Cr, Mn, Fe, Co, Ni, Cu,
and Zn) are used as metal center for SACs, whereas
nonmetallic elements (B, N, O, P, and S) are doped in a
controlled manner to regulate the coordination environment of
SACs. The coordination of nonmetallic elements and metal
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Figure 1. (a) Nonmetallic elements and metal centers in the catalyst coordination environment; (b,c) schematic representation of the coordination
environments in single and double vacancy catalysts, respectively; (d) main interface of the publicly available online database application, showing
the information on 1197 SACs.
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centers in the catalyst’s coordination environment is illustrated
in Figure 1a, while the coordination environments of single
and double vacancy catalysts are shown in Figures 1b,c.
It should be noted that in the case of double-vacancy

catalysts, when two identical nonmetallic atoms are doped,
three different configurations can arise due to the structural
characteristics of graphene. Based on the relative positions of
two identical nonmetallic atoms, these configurations are
referred to as -pen, -hex, and -opp40 (Figure 1c). This
phenomenon does not occur in single vacancy catalysts. A total
of 1197 SACs structures are constructed by adjusting the metal
center and the coordinated nonmetal elements.

3.1.2. High-Throughput Computations. Through high-
throughput DFT computations, we obtain the geometrically
optimized structures of 1197 catalysts. Subsequently, electronic
structural properties including metal atom’s Bader charge, d-
band center, and system electronegativity, are determined
through electronic self-consistent calculations. Binding energy
calculations are then performed, and by comparing these with
the cohesive energy of the corresponding metal block, 657
stable structures are identified among these 1197 catalysts.41

The adsorption energies of stable catalysts for O2, O, and NO
are also calculated.
It should be noted that during the O2 adsorption process on

the catalyst surface, two different adsorption configurations�
side adsorption and end adsorption�can occur, with their
corresponding adsorption energies labeled as Eads(O2side) and
Eads(O2end), respectively. An example of the adsorption
configuration of O2 on Fe1N3O1 is provided in Figure S1,

illustrating both the side and end adsorption configurations.
Finally, the data obtained from these DFT calculations are
organized and summarized for further analysis.

3.2. Construction of Catalyst Online Database. The
public SACs database (with the URL available in https://
catalysis-ncepu-hvkydg736ykqeq26d5gxrn.streamlit.app/) is
constructed using the Streamlit application, an open-source
tool for data science applications based on the Python
language framework.32 Streamlit provides a user-friendly
platform for creating online interactive applications, allowing
data scientists and ML engineers to quickly and conveniently
share their data results with others. The main interface of the
online SACs database is displayed in Figure 1d. Through the
dropdown menus in the gray option bar on the left, users can
select four dimensions (horizontal axis, vertical axis, scatter
point color, and scatter point size) to visualize catalyst
information. Users can also hover the mouse cursor over any
scatter point position to view detailed information about the
corresponding SAC. To handle the issue of displaying both
positive and negative numerical values in the interactive
interface, data (except for Bader charge values) is transformed
using the natural exponential function (exp) for consistent
representation.

3.3. Properties of the Catalysts. 3.3.1. Bader Charge
Analysis. The Bader charge of the metal atoms in SACs reflects
the amount of charge transfer between the metal atoms and the
graphene substrate. DFT calculation results reveal that during
the formation process of graphene-based SACs, the metal
atoms on the catalyst surface lose electrons to varying degrees,

Figure 2. (a−c) Represents the trends of Bader charge (using the natural index values), d-band center (using the natural index values), and system
electronegativity with different types of SACs, respectively; (d) the distribution of O adsorption energy (using the natural index values) as the
change of central metal atoms in SACs. The size and color of the data in the figure represent the electronegativity of the system and the type of
single-atom catalyst, respectively. These visualizations can be customized based on the specific needs of users.
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Figure 3. (a) Thermal correlation heatmap of the 15 weakly correlated Magpie features; (b) the feature importance scores for predicting Bader
charge using the XGBR model.
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indicating that the electrons from the metal atom are
transferred to the graphene substrate. Figure 2a shows the
trend of the Bader charge of metal atoms across different SAC
types in the database. As shown in Figure 2a, with increasing
atomic number of the metal atoms, the amount of charge
transfer follows a volcano trend, initially decreasing and then
increasing. SACs with Co, Ni, and Cu as the central metal
atoms exhibit relatively smaller charge transfers, indicating that
electron transfer from these three metal atoms to the graphene
substrate is more challenging during catalyst formation. In
comparison, varying the metal atoms has a greater impact on
the Bader charge transfer of SACs than modifying the
coordinated nonmetallic atoms. Similar findings regarding
charge transfer trends in metal atoms within different SACs
have been reported in previous studies.42

3.3.2. d-Band Center. In heterogeneous catalysis, the d-
band theory proposed by Hammer and Nørskov in 1995 has
proven to be a practical framework for predicting the catalytic
activity of transition metals.43−46 The d-band theory suggests
that the catalytic activity of transition metal surfaces is mainly
related to the d-band characteristics of the metal, particularly
the d-band center (εd), which is an effective descriptor for
catalytic performance. Therefore, determining the d-band
center of the metal atom at the active site of a catalyst is
crucial for guiding the design and synthesis of highly efficient
catalysts. It should be specifically noted that we took spin
polarization into account and calculated the d band center
using the spin up state.46

As shown in Figure 2b, we plotted different types of SACs
on the horizontal axis and their corresponding εd values on the
vertical axis in the database. It can be observed that as the
atomic number of the central metal atoms in the SACs
increase, the value of εd tends to approach zero. Specifically, as
the atomic number increases from Ti to Zn, εd gradually shifts
from positive to negative, with the magnitude of the negative
value increasing. This suggests that the d-band center is mainly
determined by the type of metal atom. Previous studies42 on
SACs coordinated with N atoms have a similar conclusion.

3.3.3. System Electronegativity. For graphene-based SACs,
previous studies introduced the concept of system electro-
negativity (X).47 As shown in Figure 2c, the types of SACs are
represented on the horizontal axis in the database, and the
electronegativity of the catalyst system is plotted on the vertical
axis. It can be observed that as the atomic number of the
central metal atoms increases from Ti to Zn, the system
electronegativity (X) also increases, indicating that the
electronegativity of SACs is mainly influenced by the type of
central metal atoms, with the coordinated nonmetallic atoms
exerting a relatively minor effect on X. For instance, as the
central metal atom changes from Ti to Zn, the system
electronegativity across all SACs ranges from 1.22 to 12.11.
Moreover, for 133 SAC systems with different graphene
substrates coordinated with Ti atoms, the electronegativity
varies between 1.22 and 2.44. This further demonstrates that
the type of metal atom plays the primary role in determining
the system’s electronegativity, with limited influence from the
coordinating atoms.

3.3.4. O Adsorption Energy. Previous studies48−51 have
shown that the adsorption energy of O atoms (Eads(O)) plays
an important role in describing catalyst activity and guiding the
selection of highly active catalysts. As shown in Figure 2d, the
types of metal atoms at the catalyst center are plotted on the x-
axis, while Eads(O) is shown as the natural index on the y-axis.

It can be observed that as the atomic number of the central
metal atoms increases, Eads(O) decreases gradually. The
Eads(O) of SACs centered on Ni, Cu, and Zn are significantly
affected by the doping of coordinating nonmetallic atoms. For
example, single-atom Ti catalysts with various nonmetallic
atom coordination exhibit Eads(O) ranging from −1.63 to
−4.63 eV. The Eads(O) of single-atom Cu catalysts varies from
1.97 to −3.67 eV, indicating a stronger influence from different
nonmetallic coordinating substrates. This trend suggests that
SACs with Ni, Cu, and Zn centers exhibit a weakening
adsorption of O atoms by the central metal atoms, highlighting
the influence of nonmetallic atom coordination on the
adsorption energy.

3.4. ML Prediction of Catalyst Properties. Previous
reports18,52−56 have demonstrated that the electronic structure
properties of catalysts are key factors in describing their
activity. In addition, as a simple adsorbate, the adsorption
energy of O plays a crucial role in predicting the activity of
specific catalytic reactions.49,50,57,58 To enhance the prediction
of these properties, we construct ML models for XGBR, RFR,
and SVR to predict the electronic structure properties and O
adsorption energy of catalysts.

3.4.1. Feature Engineering. Based on the coordination
environments, atomic composition information on 1197
catalysts is contained in the graphene-based SACs database.
Using the “ElementProperty” function from the “matminer.-
featurers.composition” module in the Matminer package,
structural features are generated based on the atomic
composition of the catalyst’s coordination environment.33 A
total of 132 features were generated for SACs using the Magpie
method,59 with detailed descriptions of each feature provided
in Table S1. For the 132 generated Magpie features, this work
removed constants, zeros, and invalid features with obvious
linear relationships, ultimately resulting in the selection of 24
preliminary Magpie features for constructing ML data set. In
the subsequent updates of the database, we will take more
electrochemical stability assessments into consideration, such
as the dissolution potential.60

Pearson correlation analysis was performed on these 24
Magpie features, and 15 features with absolute correlation
values below 0.8 were identified. A heatmap of the Pearson
correlation coefficients between these 15 features, shown in
Figure 3a, indicates that there are no strong linear relationships
between the remaining features.
The importance of the 15 features was further evaluated, as

shown in Figure 3b. The ranking order of the importance
scores of the 15 structural features is consistent across the
predicted variables. Among them, “Avg_dev Number” has the
highest feature importance score, while “Mode NpValence”
corresponds to the lowest. It indicates that “Avg_dev Number”
has the greatest impact on the performance of the model, while
“Mode NpValence” has the smallest. Therefore, “Mode
NpValence” was removed, leaving 14 structural features for
machine learning model training, as shown in Table 1.

3.4.2. Data Set Construction. To construct a prediction
model for the electronic structure properties of catalysts, we
utilized data including 14 Magpie features corresponding to
1197 graphene-based SACs in the database, Bader charges of
metal atoms, d-band centers of metal atoms, and system
electronegativity. For predicting adsorption energy, we built a
data set that included 14 Magpie features of 657 stable
catalysts and the adsorption energy of O. The data set was then
split into training and test sets in a 70:30 partition ratio.
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3.4.3. ML Models. We applied grid optimization to fine-tune
the hyperparameters of the prediction models for the
electronic structure properties and O atom adsorption energy
of catalysts, using XGBR, RFR, and SVR algorithms. The
hyperparameters for each model are shown in Tables S2−S13.
Figure 4 represents the performance of the XGBR model in
predicting the electronic structural properties of catalysts and

the adsorption energy of O. The performance of RFR and SVR
models is shown in Figures S2−S3.
Table 2 shows the performance of three machine learning

models. Among them, the XGBR prediction model demon-
strates the best prediction performance, showing the highest
R2, lowest MSE, and lowest MAE on the test set. In contrast,
SVR has the worst prediction performance with the lowest R2,
and the highest MSE and MAE. The XGBR model constructed
in this work has better predictive performance on catalyst
properties compared to RFR and SVR models.
To further demonstrate the predictive advantages of the

XGBR model developed in this work, a comparison was made
between the previous used prediction models and the models
proposed in this paper, as shown in Table 3. According to prior
reports on predicting material properties, the XGBR model
established in this paper for predicting the electronic structure
properties and Eads(O) of SACs demonstrates a relatively
higher R2 and lower MSE and MAE values. This indicates that
the XGBR model provides superior prediction accuracy
compared to the earlier works.

3.4.4. Predicting Catalytic Activity Based on ML. Previous
studies49,50 have demonstrated that the adsorption energy of O
can serve as an indicator of the catalytic activity of SACs in
various catalytic reactions. Therefore, in this work we combine
the XGBR model, which predicts the adsorption energy of O
atoms, with the activity volcano plot model for the catalytic
oxidation of NO and Hg0.49,50 This has led to the development
of a machine learning based framework for catalytic activity
prediction (AML), enabling rapid prediction of SACs’ catalytic
activity for NO and Hg0 oxidation, as shown in Figures 5b and
S4. In this AML framework, the catalytic activity of SACs can
be conveniently predicted by simply inputting the coordination

Table 1. 14 Magpie Features Generated by the Matminer
Package and Their Descriptions

no. magpie features descriptions

1 Avg_dev number average deviation of atomic number
2 Avg_dev meltingT average deviation of melting temperature
3 mean electronegativity average electronegativity
4 Avg_dev

CovalentRadius
average deviation of covalent radius

5 Avg_dev
GSvolume_pa

average deviation of DFT-computed volume
of elemental solid

6 Avg_dev
electronegativity

average deviation of electronegativity

7 Avg_dev NUnfilled average deviation of number of unfilled
valence orbitals

8 mean GSbandgap mean DFT band gap of elemental solid
9 Avg_dev NpUnfilled average deviation of unfilled number of

p orbitals
10 Avg_dev NpValence average deviation of filled number of

p orbitals
11 minimum space group

number
minimum space group number

12 mode electronegativity mode electronegativity
13 mode GSvolume_pa mode DFT-computed volume of elemental

solid
14 mode NUnfilled mode number of unfilled valence orbitals

Figure 4. (a−d) Represent the XGBR prediction models for the metal Bader charge, metal d-band center, system electronegativity, and O
adsorption energy of SACs, respectively.
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environment, such as Rh1B4. Based on this input, this
framework automatically calculates the adsorption energy of
O using the XGBR model. The predicted O adsorption energy
is then integrated with the catalytic activity volcano plot to
determine the catalytic activity of the SACs. Detailed
information on AML can be found in the code availability
section.

Based on this powerful framework, the catalytic activity for
NO and Hg0 oxidation of 1261 SACs containing 4d metals are
rapidly calculated, as shown in Figure 5c,d. Since the accuracy
of the predicted catalytic activity depends on the adsorption
energy of O, the predicted adsorption energy of seven
representative SACs is compared with DFT calculation results,
as shown in Figure 5a. Although there are some discrepancies

Table 2. Predictive Performance of the Three Models on the Electronic Structure Properties and O Adsorption Energy of
Catalysts (Note: The Table Shows the R2/MSE/MAE of the Model on the Test Set)

model Bader charge d-band center X Eads(O)

XGBR 0.88/0.01/0.07 0.95/0.23/0.31 0.98/0.11/0.14 0.87/0.35/0.41
RFR 0.87/0.01/0.08 0.95/0.28/0.33 0.96/0.27/0.14 0.86/0.33/0.43
SVR 0.67/0.03/0.13 0.69/1.57/0.64 0.67/2.12/0.72 0.66/0.79/0.60

Table 3. Comparison of the Predictive Performance Between Models from Previous Literature and the XGBR Model Proposed
in This Work (Note: The Table Shows the R2/MSE/MAE for Each Model on the Test Set; an Asterisk “*” Indicates That the
Evaluation Value was Not Reported in the Literature)

algorithm system Bader charge d-band center Eads(O)

ABR61 SACs 0.73/0.02/*
RFR (V)62 metal oxides 0.83/*/0.08
RFR (Cr)62 metal oxides 0.85/*/0.06
RFR (Mn)62 metal oxides 0.80/*/0.06
RFR (Fe)62 metal oxides 0.80/*/0.09
RFR (Co)62 metal oxides 0.80/*/0.07
GBR63 metals/bimetals */0.25/*
GPR64 perovskites */0.90/0.67
RFR65 DACs/BNCs 0.80/*/0.50
SVR65 DACs/BNCs 0.79/*/0.32
K-NN65 DACs/BNCs 0.60/*/0.90
XGBR[this work] SACs 0.88/0.01/0.07 0.95/0.23/0.31 0.87/0.35/0.41

Figure 5. (a) Comparison of the predicted adsorption values for SACs with corresponding DFT calculated values. (b) Taking Rh1B4 as an example,
the AML framework is demonstrated to quickly predict the catalytic activity for NO oxidation. (c) Prediction of the catalytic activity for NO
oxidation across 1261 SACs with 4d metals. (d) Prediction of the catalytic activity for Hg0 oxidation across 1261 SACs with 4d metals.
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between the predicted values and DFT results, this can be
attributed to differences in the electronic structures between
the training database (based on 3d metals) and the prediction
data (based on 4d metals). Despite these differences, the AML
framework remains fast and efficient for catalytic activity
prediction. Among the 1261 SACs with 4d metals, Rh1B4 and
Rh1C2S2 are accurately identified as potential catalysts within
minutes, indicating that this framework, based on DFT
calculation database, is powerful for the design of SACs.

4. CONCLUSION
By regulating the coordination environment of SACs, a public
database containing 1197 types of SACs were constructed
through high-throughput DFT calculations. This public SAC
database includes 657 stable SACs and their corresponding
electronic structure properties (e.g., atom charge, electro-
negativity, d-band center) and adsorption energy of key
reaction intermediate species. A ML model was developed
using XGBR to rapidly predict the electronic structure
properties and the O adsorption energy. The model
demonstrates high predictive accuracy, with an R2 > 0.87, a
mean squared error (MSE) < 0.35, and a mean absolute error
(MAE) < 0.41.
Through integrating our public SAC database and ML

model, we developed a powerful framework for predicting the
catalytic activity of SACs in the oxidation of NO and Hg0
based on a previously reported theoretical catalytic volcano
plot. This framework, referred to as AML, enabled the rapid
screening of unreported SACs, identifying Rh1B4 and Rh1C2S2
as potential catalysts from 1,261 candidates within a few
minutes. The energy barriers for Rh1B4 in catalyzing NO and
Hg0 oxidation are 1.01 and 2.59 eV, respectively, while those
for Rh1C2S2 are 1.03 and 2.61 eV, respectively. More
importantly, the publicly available SAC database, ML model,
and the catalytic activity prediction framework reported in this
work can provide new avenues for the rapid screening of highly
active SACs for key reactions in the field of energy and
environmental catalysis.
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