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ABSTRACT: The development of high-performance atomic
catalysts for the carbon dioxide reduction reaction (CO,RR) is a
time-consuming process due to the complexity of the reaction
mechanism and the uncertainty of the active site. Herein, we
have proposed combining density functional theory (DFT) and
machine learning (ML) to investigate the potential of topological
graphene-based dual-atom catalysts (DACs) as CO,RR
electrocatalysts. By analyzing the ML results, we identify the
number of d-orbital electrons in the active site as a key factor
influencing the CO,RR catalytic activity. Additionally, we
propose a simple descriptor to measure the CO,RR activity of
these DACs. Our findings provide plausible explanations for the
synergistic interactions between bimetallic atoms in CO,RR and
allow us to screen the homogeneous Ni-Ni pair as the most
promising dual-atom catalysts. This work offers a fast ML
approach based on limited DFT calculations to predict the most
electroactive and stable DACs on carbon support for CO,RR,
facilitating rapid screening of high-performance dual-atom
catalysts.

KEYWORDS: CO, reaction reduction, dual-atom catalysts, dens

1 Introduction

In the context of the worsening greenhouse effect, the conversion
and elimination of carbon dioxide (CO,) into valuable carbon-
based chemicals is a crucial task in achieving the “dual-carbon goal”
[1, 2]. To achieve the carbon neutrality goals, reducing CO,
emissions and promoting effective conversions to high-value-added
products become the research focuses of the scientific community.
Among different proposed methods, electrochemical CO,
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reduction (CO,RR) is one of the most promising approaches for
achieving the carbon cycle and addressing environmental concerns,
which is typically carried out at room temperature and pressure
[3-6]. Despite a large body of literature on electrocatalytic CO,RR,
the development of CO,RR electrocatalysts with high stability,
activity, and selectivity remains a significant challenge due to the
inert nature of CO, molecules and the complex CO,RR process
[7-10]. Noble metals, such as Au, Ag, Cu, Pd, and their alloys, have
been considered potential electrocatalysts for CO,RR [11-15].
However, these metal catalysts suffer from poor durabilities, low
selectivities, and high overpotentials. Therefore, it is essential to
develop efficient electrocatalysts for the conversion of CO, into
diverse hydrocarbons and oxygenates.

Transition metal and nitrogen co-doped carbon-based (TM-N-
C) materials have emerged as a highly promising two-dimensional
(2D) nanomaterial for supporting double metal atoms, owing to
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their expansive specific surface area, excellent electrical
conductivity, and remarkable stability [16, 17]. The introduction of
a second metal atom in these materials enables the synergistic
effects between the metal atoms, thereby effectively modulating the
catalyst’s electronic properties and enhancing its catalytic activity
[18, 19]. As a result, dual-atom catalysts (DACs) have been
extensively explored both experimentally and theoretically in
various important electrocatalytic reactions [20-23]. Notably, an
intriguing inverse intercalation structure has been observed in
lanthanide boron clusters and has been theoretically extended to
nanomaterials, leading to a novel sandwich structure [24-28]. For
example, Yu et al. Li et al. showed that this type of diatomic Pt
catalyst can be used as an excellent CO, sensor, further revealing
that RhIr can be used as a CO,RR catalyst. Wan et al. showed that
Ag-Mo phthalocyanine can be used well to convert CO, to CO.
Therefore, inspired by these works we extended this type of DAC to
the TM-N-C catalysts. The metal dimer in this structure is adsorbed
vertically on the substrate and protruding outwards from the
substrate plane. This unique arrangement allows for efficient
exposure of active sites, facilitating the activation of inert CO,
molecules (Fig. 1(a)). Nonetheless, the selection of the most suitable
dual-atom catalyst system remains challenging due to the intensive
time and material costs of the experimental trial-and-error methods
for the possible hundreds of dual-atom combinations.

Machine learning (ML) offers a powerful tool for large-scale
materials design and screening, particularly in rapidly identifying
catalysts suitable for complex reduction reactions involving multiple
electrons. Traditional density functional theory (DFT) calculations
also need a parallel and solid reference for benchmarking toward in-
depth explorations of DACs [29-31]. By combining ML and DFT
computations, it becomes possible to analyze the correlation
between the intrinsic properties of catalysts and their catalytic
activity using feature engineering. This approach enables
comparable and referable predictions of high-performance
electrocatalysts with superior electroactivity and stability,
accelerating the catalyst design, and efficiently reducing
computational time and costs [32, 33].

In this study, we designed a workflow that relies on three steps
including (1) setting out initial data, (2) selecting machine learning
models, and (3) screening suitable catalysts, which is defined as the
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“3S” process (corresponding to the initials of each step in the
workflow). An example of N-doped topological graphene
supported dual metal atoms (TMTM @NG) for the CO,RR is used
to explore the potential of this approach combining ML and DFT.
23 transition metals were selected for combination and to evaluate
the catalytic activity of these DACs through the predictions of
limiting potentials for CO,RR. Remarkably, 216 DACs exhibited
superior catalytic activity compared to metal-based benchmark
Cu(211) (U, = -0.74 V) [34]. To further narrow down the selection,
we conducted additional stability and selectivity investigations,
ultimately identifying 9 promising CO,RR DACs, represented by
Ni-Ni pair dual metal. An intriguing finding from our study is that
the activity trend of these DACs towards CO,RR can be described
by using a simple descriptor and the free energy change of OH*
intermediate (AGoy<). This work offers important theoretical
guidance for the rapid screening of CO,RR catalysts. The
combination of ML and DFT provides a powerful approach to
efficiently explore the catalytic potential of dual-atom catalysts and
accelerate the discovery of highly active and selective catalysts for
CO, conversions.

2 Results and discussion

2.1 Catalytic activity of CO,RR on 20 DACs

For CO,RR, there are various pathways that can generate C,
products such as CO, HCOOH, CH;0H, and CH, [35, 36]. To
identify the most promising DACs, the corresponding Gibbs free
energy changes (AG) need to be obtained through the calculations
of reaction trends for all possible elementary steps on the 20
selected different DACs. Based on the Gibbs free energy changes,
the corresponding limiting potentials (Up) are determined, which
represents the lowest applied potential that all the reaction steps
become downhill in free energy. Accordingly, the smaller absolute
value of Uy directly reveals the higher catalytic activity. Although
there are many possible combinations among metals, we have
randomly selected 20 different combinations of DAC for the initial
DFT calculations, which will act as the learning datasets for
subsequent ML predictions. Our findings indicate that the most
favorable reaction pathways among these 20 DACs involve

0.0
Ti Cr Co Ni RhOs ReNbMoNi Co V Fe MoTi Mn WRuRuRh
Ti Cr Co Ni RhOs ReNbRu Ir Ni CuMo FeNb TaCuMoTa Co

Figure1 These two pictures are not very clear. Please provide the high-definition original figures and remove the gray box outside. This gray box has no special meaning.

Nano Research, 2025, 18, 94907044

94907044 (2 of 9)

(B 7% 2 | Sci@pen


https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044
https://www.sciopen.com/article/10.26599/NR.2025.94907044

Nano Research | Vol. 18, No. 1

Jiao et al.

converting CO, to CH, through an eight-electron reduction process
(Figs. S1 and S2 in the Electronic Supplementary Material (ESM)).
We take the Ni-Ni pair as an example to illustrate the
corresponding CO,RR mechanism. As depicted in Fig. 1(b), the
reaction proceeds as follows: * > *CO, > *HCOO - *HCOOH -
*CHO + H,0 »> *CH,0 » *CH;0 > *O + CH, » *OH > H,0
(* represents the catalyst surface site). It is worth noting that the
*HCOO > *HCOOH is the potential-determining step (PDS)
throughout the entire CO,RR process, as it possesses the highest
AG value of 0.26 eV. This step also corresponds to the U of
-0.26 V.

Additionally, in Fig. 1(c), the U of all 20 DAC candidates were
summarized. The CO,RR activity of these DACs was assessed by
using Cu(211) as a benchmark catalyst. The results showed that the
PDS for TiTi, CrCr, CoCo, OsOs, ReRe, NbNb, MoRu, CoNi, VCu,
FeMo, MoFe, TiNb, MnTa, WCu, RuMo and RuTa is at *OH
desorption with Uj values of —2.27, —-1.40, —0.45, -1.63, —-1.73,
-2.07, -1.94, -0.46, -1.7, -0.92, -1.73, -2.03, -0.97, -2.51, -0.78,
and —0.47 V, respectively. On the other hand, the PDS for CO,RR
on NiNi, RhRh, Nilr, and RhCo is identified as the formation of
HCOOH* with U; values of —0.26, —0.56, —0.47, and -0.69 V,
respectively. Overall, the NiNi, CoCo, RhRh, Nilr, CoNi, RuTa, and
RhCo catalysts exhibit high CO,RR catalytic activity due to their
lower limiting potentials compared to Cu(211).

22 Machine learning model training, testing, and
selection

The DFT-ML process in our study can be summarized into three
main steps (Fig. 2(a)). Firstly, we selected the DFT calculation
results and eigenvalues as input data. Specifically, we focused on the
seven intrinsic properties of metal atoms: atomic mass (M), atomic
radius (R), d-orbital electrons count (8;), outermost electron
number (N,), atomic number (N,), electronegativity (y), and first
ionization energy (E;). These properties were chosen as eigenvalues

for the ML model. To form the input data, we paired two metal
atom eigenvalues, resulting in a total of 14 eigenvalues. Secondly,
we carefully selected a ML model that effectively analyzes the input
data and provides accurate predictions. Lastly, we employed ML-
driven prediction methods to screen and identify the most suitable
catalysts. For this purpose, we used the known limiting potential Uy
as the direct descriptor for the catalytic performance of 20 DACs
obtained from DFT calculations as the target values to construct the
ML model. The ML model was then utilized to predict CO,RR
catalytic performance for the remaining 509 DACs.

We randomly divided the dataset into 15 training sets and 5 test
sets, using a total of 20 sets of data. Five different machine learning
algorithms, namely GBR, FRF, DTR, KNR, and SVR, were selected
for the prediction task. Following the completion of the machine
learning iterations, we determined the most appropriate R* and
RMSE values in order to obtain accurate CO,RR energy data
output. Figure 2(b) illustrates the R* and RMSE values for the five
different algorithms in predicting CO,RR catalytic activity. It is
evident that the GBR model outperforms the other model in terms
of fitting effect. In particular, the GBR mode achieves an RMSE of
0.01 and an R* of 0.99 on the training set, while on the test set it
achieves an RMSE of 0.11 and an R? of 0.97 (as shown in Fig. 2(c)).
The RFR and DTR models exhibit moderate performance with
respect to RMSE and R’. The RMSE values of the training set for
RFR and DTR are 0.13 and 0.01, respectively, while the RMSE
values of the test set are 0.25 and 0.33. The corresponding R* scores
for the training set are 0.97 and 0.99, and for the test set are
0.86 and 0.84. Although these results are lower than those of the
GBR model, they still indicate a satisfactory level of model
performance. In contrast, the SVR and KNR models demonstrate
higher RMSE values and lower R* values, suggesting their
inaccuracies. The training set RMSE values for SVR and KNR are
0.54 and 0.60, while the test set RMSE values are 0.84 and 0.78. The
corresponding R* values for the training set are 0.32 and 0.10, and
for the test set, they are 0.05 and 0.08. In conclusion, the prediction
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of CO,RR activity using the trained GBR model is considered
reliable. Therefore, we select the GBR model to further predict the
catalytic performance of other DACs.

The feature importance in GBR models for predicting CO,RR is
depicted in Fig. 2(d). Among these features, O,y (78.04%) stands
out as the most important one, as it relates to the metal sites’
capability to accept lone pair electrons from free molecules.
Additionally, Ry is also an important feature of the prediction,
which shows a correlation of 15.47% with the predicted outcomes
of the limiting potential. Together, these two eigenvalues hold a
total weight of 93.51% and serve as the most important two features
for ML to achieve accurate predictions of limiting potentials for
CO,RR performances. Conversely, the other eigenvalues have
minimal impact on the prediction results. Consequently, the ML
training is performed with DFT calculations to effectively guide the
rational design of efficient electrocatalysts, prioritizing the
prediction of the catalysts’ catalytic performance.

2.3 Machine learning prediction and DFT verification

Learning Prediction and DFT Verification. Based on the obtained
GBR model, the CO,RR catalytic performance of the remaining
509 DACs was predicted. The predicted U; values of CO,RR for
these DACs are visualized as a heat map in Fig. 3(a). The color
gradient represents the Uj values, with dark red indicating lower Uy,
and dark blue indicating higher U;. The results indicate that out of
the 529 DACs, 216 DACs exhibited U; values below —0.74 V,
53 DACs had Uy, values below —0.5 V, and 18 DACs had U; values
below —0.4 V. Specifically, Ni- and Co-based DACs demonstrated
less negative Uy values ranging from —0.26 to —0.47 V (Ni-based)
and —0.36 to —0.58 V (Co-based). Notably, the DACs with the Ni-
Ni combination exhibited the least negative U, of —0.26 V.

To validate the accuracy of the ML prediction results, 10 DACs
were selected and their CO,RR performance was verified using the
DEFT calculations. As depicted in Fig. 3(b), the ML predictions align
well with the DFT calculations, with an average error of only
0.03 V. The DFT results identify NiTi as the best CO,RR catalyst
among the 10 selected DACs (U = —0.37 V), which closely matches
the ML prediction of —0.36 V. Similarly, the other 9 DACs (such as
NiMn, RhZr, and CuFe) also exhibit excellent agreement between

(a) Au
« N EEEEESEEEEEEE
- AN EEEEEEEEEE
Os .
Re .
w #.
Ta .
Hf .
Ag | ]
Pd ||
Rh .

TM Ru .
Mo | -
N .
Zr .
Cu .
Ni B
Co .
re L
Mn B
Cr .
v | ]
Ti

Ti V CrMnFe Co Ni Cu ZrNbMoRuRh Pd Ag Hf Ta W Re Os Ir Pt Au
™’

IR EEEEEEE.

the DFT and ML predictions. Overall, we have successfully
predicted 216 high-performance CO,RR catalysts out of 529 DACs
with an extremely low average error of 0.03 V by combining DFT
and ML methods. Compared to the pure DFT calculations, this
DFT-ML  combined strategy offers significantly  faster
computational speed, higher prediction accuracy, and reduced
computational costs, enabling rapid and rational catalyst
development. Based on the feature engineering and activity
prediction in ML, a descriptor (¢) can be determined using the
equation: ¢ = (Oyry X Nepm)/(Ry + Rpyp)- The Uy values of these
candidates show a strong correlation with ¢, with an R* value of
0.89 (Fig. 3(c)). Thus, by leveraging feature engineering and ML-
based descriptor determination, we are able to realize the efficient
screening of TM-TM’@NG catalysts for CO,RR, without relying on
complex DFT calculations.

24 Stability of 216 DACs

The stability of 216 DACs was evaluated using formation energy
(Eom) and dissolution potential (Ug,) as shown in Fig. 4(a) [37,
38]. Notably, the stability of these candidates was evaluated by
considering both Uy, and Eg,,, criteria. To determine the stability
of these materials in a more detailed and precise manner, therefore,
only DFT was used for the evaluation of stability while no data of
machine learning was used. Positive E, ., values indicated lower
thermodynamic stability, while negative Uy, values indicated
instability in an electrochemical environment. Based on these
criteria, 35 DACs with high thermodynamic and electrochemical
stabilities were identified. To further confirm the thermodynamic
stability of these 35 DACs, AIMD simulations were performed
(Figs. 4(b) and 4(c), and Figs. S3 and $4 in the ESM). The results
showed that 9 DACs maintained their complete structures during
the simulations at 300 K for 5 ps, indicating good thermodynamic
stability. However, the remaining 26 DACs exhibited significant
deformation in their configurations, suggesting lower
thermodynamic stability (Figs. S3 and S4 in the ESM).

2.5 Competition HER and the effect of solvation on 9
DACs

In general, the competing reaction for CO,RR is the hydrogen
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Figure4 (a) Computed formation energy and dissolution potential of 216 DACs. (b) and (c) AIMD energy distributions of NiNi and CoCo at 300 K, respectively

(optimized final structure (FS) as the insert).

evolution reaction (HER) [39]. To assess the selectivity of CO,RR,
we compared the adsorption energies of H* and CO,* on the
screened 9 different DACs with high stability after MD simulations.
The results, shown in Fig. 5(a), indicate that the adsorption energy
of CO,* (E4(CO,¥)) is much more negative than that of H*
(E,(H*)) on these 9 DACs. This suggests that the H* adsorption is
greatly suppressed, leading to a suppression of HER and indicating
a high selectivity for CO,RR. Since the electrochemical CO,RR is in
an aqueous solution, we used the VASPsol implicit solvation model
to default include the effects of solvation on catalytic activity [40].
As depicted in Fig. 5(b), the final products of these catalysts were all
CH,, with respective overpotentials (U;) of —0.29, —0.28, —0.38,
-0.63, —0.66, —0.73, —0.31, —0.98 and —0.48 V. These values are
nearly consistent with those obtained without taking account of
solvation effects.

2.6 CO,RR activity origin

The initial investigation focused on the adsorption and activation of
CO, molecules on a specific DAC, which is essential for CO,RR
[41]. The analysis of charge density difference and Bader charge
revealed a substantial transfer of charge to the adsorbed CO,
through the TM-C and TM-O bonds. This resulted in a bending
of the CO, molecule from 180° to an angle range of 144.1° to
157.3%, along with elongation of the C-O bond length from 1.18 A
(gas phase) to 1.21-1.27 A (Fig. 6(a) and Fig. S5 in the ESM). This
supports the successful activation of inert CO,, which is polarized to
promote chemisorption and further transformation to other

(& 27w | Sci@pen

94907044 (5 of 9)

intermediates. To gain further insights into the CO, activation
mechanism on these DACs, we calculated the partial densities of
states (PDOSs) and crystal orbital Hamilton populations (COHP).
The results indicated a clear hybridization between the d-orbital of
the metal atoms and CO, molecular orbitals, highlighting a strong
interaction between them (Fig. 6(b) and Fig. S6 in the ESM).
Additionally, the COHP analysis demonstrated that the interaction
between the metal d-orbitals and the CO, molecular orbitals led to
the formation of partially occupied states. The integrated crystal
orbital Hamilton populations (ICOHP) ranged from -0.65 to
—1.31, confirming the significant interactions between CO, and the
DACs and suggesting the ability of these DACs to activate CO,
[42].

Interestingly, a subtle correlation between the adsorption free
energy of OH* (AGpy) and the CO,RR activity trend of the
different DACs can be observed. This relationship is depicted in
Fig. 6(c), where a volcano plot of the limiting potential on these
DAC:s is presented. Notably, CuMn, CuFe, and CuCu were not
considered due to their poor correlation with AGqy, however, this
has little or no effect on the conclusions. As expected, NiNi falls
near the peak of the volcano, indicating its high activity attributed
to its optimal adsorption strength with OH* species. In contrast,
when AGgy is high with a weak adsorption trend of *OH, the
hydrogenation step of HCOO* becomes the PDS. Conversely, if the
adsorption is too strong, the higher free energy barrier for OH*
desorption also leads to a decrease in catalytic activity. Based on the
above results, contour plots of the limiting potential as a function of
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the two PDSs (OH* + H* + e > H,0O + * and HCOO* + H* + e >
HCOOH?) are plotted in Fig. 6(d). Notably, the Ni-Ni DACs still
fall within the promising region of low U (-0.35 < U < 0 V),
further emphasizing its potential as a catalyst for CO,RR.

3 Conclusion

In summary, we have successfully employed a hybrid DFT-ML
computational approach to efficiently screen and identify possible
dual metal combinations for DACs that potentially have high
catalytic activity for CH, formation by CO,RR. Out of the initial
pool of 529 DAC candidates, 20 structures were selected as input
data for ML, and the catalytic performance of the remaining
509 structures was accurately predicted using the GBR algorithm.
By considering factors such as activity, stability, and selectivity, we
were able to identify 9 DACs as highly efficient catalysts for CO,RR.
Additionally, the ML results also reveal that the TM d-orbital
electron is one of the most dominant features in realizing the
accurate predictions of limiting potentials for CO,RR. It is worth
noting that two key factors, namely a newly proposed descriptor
based on the intrinsic properties of metal atoms and the adsorption
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free energy of the key intermediate AGgy, could effectively describe
the catalytic activity of CO,RR on these DACs. Overall, this work
not only enhances our understanding of the CO,RR mechanism
but also offers new strategies for the rapid identification of high-
performance catalysts for CO,RR.

4 Methods

4.1 DFT calculations

All DFT calculations were performed using the Vienna ab initio
simulation package (VASP), employing a plane-wave basis set [43].
The projector augmented wave (PAW) method was utilized to
describe electrons and ions interactions [44, 45]. The exchange-
correlation  interactions ~ were  determined by  the
Perdew-Burke-Ernzerhof (PBE) functional and generalized
gradient approximation (GGA) [46]. Grimme’s scheme (DFT+D3)
method was applied to incorporate an empirical correction for van
der Waals (vdW) interaction [47]. A cutoff energy of 500 eV was
employed, and the convergence criterion for the residual force and
energy was set to 0.02 eV-A™ and 10° eV, respectively. A vacuum
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space of 15 A in the z-direction was used to prevent interactions
between periodic images. The Brillouin zone was sampled using a
Monkhorst-Pack mesh with 3 x 3 x 1 k-points throughout the
calculations.

Additionally, ab initio molecular dynamics (AIMD) simulations
were conducted in the canonical ensemble (NVT) with
Nose-Hoover thermostat at 300 K since we expect the lattice size of
the DAC to remain unchanged in the AIMD simulations. Before
the AIMD simulations, the structures of all the DACs have been
fully optimized. The simulations were carried out for 5 ps to
evaluate the thermodynamic stability of DACs [48, 49].

The binding energy of TM and TM’ atoms on the pyrrolic N-
doped defective graphene are defined as follows

By = ETM@NG — Exg — Ern (1)

Eb-TM’ = ETMTM’@NG - ETM@NG - ETM’ (2)

where Erymyrene Ermeng and Eyg represents the total energy of the
TMTM'@NG, TM@NG and NG, respectively. Ery; and Ery, refer to
free TM and TM' atom energy. The cohesive energy in the
metalloid phase of metal (E,) is defined as follows

E v = E'I‘M/'I‘M’(bulk) - ETM/'J‘M’(fmc) (3)

where Eryimavepaty and Envmve are the energy of TM/TM in its
bulk and free state.

The formation energy (Eg,,,) of TMTM'@NG was defined as
follows

Eform = (ETMTM'@NG - ENG - ETM’(bulk) - E‘TM(bulk))/2 (4)

According to Egs. (1) to (4), Eg, can be obtained from the
following formula: Eg,,, = E, — E., in which the bars denote
average energies for TM and TM’. The dissolution potential (Ug,)
was calculated as follows: Uy, = (Usrngy + Ussrar /2 — Eform/ 1165
where U5 v/ Usnnry» Efom and 7 are the standard dissolution
potential of bulk TM/TM’, the formation energy of the catalyst, and
the number of electrons involved in the dissolution.

The adsorption energy (E,q) of various intermediates during the
CO,RR on these DACs can be obtained as the following equation:
Eads = Etotal - Eadsorbate - EDAC5> in which the Eto > Eadsorbate’ and EDACs
represent the total energy of the adsorbed species on DACs, the
isolated CO,RR intermediate, and the DACs, respectively.
According to this definition, a more negative E,q represents a
stronger adsorption. The change in the Gibbs free energy (AG) of
each elementary step was computed by the computational
hydrogen electrode (CHE) model [34, 50]. Based on this model, the
AG value can be computed by: AG = AE + AE,p; — TAS where AE
is the reaction energy difference, which can be directly obtained by
analyzing the DFT total energies. The zero-point energy difference
(AEpp) between the product and the reactant can be derived by
computing the corresponding vibrational frequencies. AS is the
change in entropy between the product and the reactant at room
temperature (T = 298.15 K). Based on the obtained free energy
changes of each elementary step, the limiting potential (Up) was
further computed as follows: U; = -max(AG,, AG,, AG;, AG,, ...,
AG))/e, and alower U suggests a higher CO,RR activity.

4.2 ML method

All the ML algorithms were employed to predict the U; of CO,RR
in Python3 environment by using Scikit-learn package [51],
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including k-Neighbor Regression (KNR), Support Vector
Regression (SVR), Decision Tree Regression (DTR), Gradient
Boosted Regression (GBR) and Random Forest Regression (RFR)
[52-56]. The input data used for DFT was randomly divided into
training and test sets in 4:1. The coefficient of determination (R?)
and root-mean-square error (RMSE) to evaluate the model
accuracy. R? and RMSE are expected to be close to 1 and as small as
possible for the ideal model, respectively.

Electronic Supplementary Material: Supplementary material
(further details of the theoretical calculation models, CO,
adsorption geometries and corresponding charge density
differences) is available in the online version of this article at
https://doi.org/10.26599/NR.2025.94907044.
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All data needed to support the conclusions in the paper are
presented in the manuscript and the Electronic Supplementary
Material. Additional data related to this paper may be requested
from the corresponding author upon request.
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