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a b s t r a c t

Electrochemical two-electron oxygen reduction reaction (2e- ORR) is a green and attractive method for

hydrogen peroxide synthesis. However, rapid and efficient development of high-performance catalyst re-

mains a great challenge. Different from traditional trial and error methods, this study employs density

functional theory and machine learning method to efficiently screen the promising main-group metal

single-atom catalysts (SACs) and systematically investigate the influence of electronegativity of coordi-

nation atoms on the adsorption behavior of key intermediates in ORR process. It is found that the K

SAC with N/B in the first coordination sphere and Sn SAC with N/C in the first coordination sphere and

O in the second coordination sphere exhibit both excellent 2e- ORR activity and selectivity by showing

extremely low overpotentials of 0.029V and 0.064V, respectively, as well as barrier-free processes from
∗OOH to H2O2. Bagging displays prominent advantages among seven popular algorithms because of its

ensemble strategy. This provides a low-cost approach for designing and screening electrocatalyst candi-

dates, and it will be informative for experimental study in the future to accelerate the development of

catalysts for oxygen reduction and other types of reactions.

© 2025 Published by Elsevier B.V. on behalf of Chinese Chemical Society and Institute of Materia

Medica, Chinese Academy of Medical Sciences.

Hydrogen peroxide, as a significant green chemical product,

finds widespread application across various sectors [1,2]. With the

changing global energy landscape and the growing demand for

environmental sustainability, the electrochemical oxygen reduc-

tion pathway to produce hydrogen peroxide emerges as an eco-

friendly alternative to traditional energy-intensive anthraquinone

production method [3–6]. It is highly required to develop high-

performance oxygen reduction reaction catalysts in an efficient and

economical way [7,8].

Presently, precious metal catalysts are predominantly employed

for the two-electron oxygen reduction reaction to produce H2O2

(2e- ORR), such as Pt-Hg [9], Pd-Hg [10], and Pd-Au [11]. Neverthe-

less, the exorbitant cost limited the availability of precious metals.

In recent years, the transition metal-based single-atom catalysts

(SACs) attract great attention due to the high reactivity and flex-

ible adjustability of the electronic structures [12,13]. However, it is

crucial to note that their strong Fenton effect would affect the sta-
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bility of hydrogen peroxide [14,15]. In contrast, SACs based main-

group metals could effectively avoid this Fenton issue. Additionally,

these metal elements are abundant in the earth’s crust and their

s/p electrons could be activated through local coordination, making

them highly promising for electrocatalytic applications [16]. Nu-

merous SACs with these main-group metals anchored on graphene

substrate have been successfully synthesized in experiments and

applied in various catalytic reactions, for example, K [17], Mg [18],

Ca [19], Al [20], Ga [21], In [22], Ge [23], Sn [24], Sb [25] and Bi

[26]. It was also found that the coordination environment of the

central metal atom has significant impact on the catalytic perfor-

mance [27–29]. With a wide variety of central metals and doped

heteroatoms, it makes experimental research labors and resources

intensive to develop high-performance 2e- ORR catalysts.

As we know, the density functional theory (DFT) method can

provide robust theoretical guidance and computational data, and

machine learning (ML) can efficiently learn and process data in

large quantities [30–33]. Combining the advantages of both meth-

ods above, the research paradigm of integrating DFT and ML of-

fers an efficient way for predicting potential catalysts. On one side,

the theoretical prediction could provide crucial insights for experi-
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Fig. 1. DFT calculations results. (a) Structural diagram of SAC (denoted as

MNaX4-aY-b), with active central metal and the first/second coordination sphere lay-

out, where M represents main-group metal of Group IA to VA; X, Y refer to the

doped heteroatom in 1st sphere and 2nd sphere, respectively; a is the number of M-

N ligand in 1st sphere and b is the site of doped atom in 2nd sphere. (b) The �G∗OOH

of Sb SACs with different doped atoms in the first coordination sphere. (c) Volcano

plot of Sb SACs and Sn SACs with the η2e-ORR plotted as a function of �G∗OOH. The

free energy diagrams of 2e- ORR pathway in (d) SbN3CP-2 and (e) SnN3CO-5.

ments endeavors and assist with the fast development of 2e- ORR

catalysts [34,35]. On the other side, the investigation of structure-

activity relationship and descriptors will be informative for under-

standing catalytic mechanism further [36].

In light of the aforementioned above, we conducted the co-

ordination engineering research for the main-group metal (from

Group IA to VA) single-atom catalysts in this study. By doping with

B/C/N/O/P atoms in the first and second coordination spheres, hun-

dreds of single-atom catalysts with different characteristics were

designed. Through the integration of DFT and ML, we utilized

the strategy of electronegativity-oriented coordination regulation

to identify the catalysts candidates with pretty good performance,

and revealed intrinsic descriptors linking catalytic activity to elec-

tronic structure. This study provides valuable guidance for the de-

signing and screening of promising hydrogen peroxide electrocata-

lysts.

The heteroatoms were introduced in the first/second coordina-

tion sphere positions of main-group metals (K, Mg, Ca, Al, Ga, In,

Ge, Sn, Sb, Bi) with different ratios, resulting in a great deal of the-

oretical models (Fig. 1a and Fig. S1 in Supporting information). By

choosing 89 representative models and employing the DFT method,

we firstly calculated the binding energy (Eb) for evaluating the

structural stability in thermodynamics. Guided by the well-known

Sabatier principle, a promising electrocatalyst with a defined active

center and geometric structure should bind adsorbed molecules

with moderate strength. In the context of the 2e- ORR, OOH is the

key intermediate. To achieve high electrocatalysis performance, it

is crucial to modulate the thermodynamic free energy of ∗OOH ad-

sorption, aiming to reach the ideal value of 4.220 eV [37]. So the

free energy of ∗OOH adsorption (�G∗OOH) is calculated for assess-

ing the 2e- ORR activity, and the produced data will be used for

the following machine learning. The Sb and Sn SACs are illustrated

here as representatives to illustrate two cases where introducing

atoms with weak or strong electronegativity into coordination en-

vironment improves the catalytic performance of two-electron oxy-

gen reduction reaction.

The Sb SAC with four N coordination atoms (denoted as SbN4)

was found in experiment to be a good catalyst of 4e- ORR to

produce water [25]. Our theoretical calculations indicate that its

poor 2e- ORR activity is due to the excessively strong adsorption

for OOH intermediate and resulting very small �G∗OOH value of

3.506 eV, which is far from the ideal value of 4.220 eV. To improve

its 2e- ORR catalytic activity, we firstly introduce the heteroatom

into the first coordination sphere of SbN4 catalyst by substituting

one N site with the B, C, O, or P atom. The Eb values are nega-

tive (lower than −2.40 eV), suggesting that the doping structures

are thermodynamically stable. Fig. 1b shows the free energies of
∗OOH adsorption on these catalyst models. It can be observed that

after doping B, C, P atoms with weaker electronegativity than N,

the �G∗OOH increases and adsorption strength weakens. In com-

parison, after doping of O element with stronger electronegativity

than N, the adsorption intensity of ∗OOH becomes stronger, which

is unfavorable for the generation of hydrogen peroxide. Obviously,

the electronegativity of introduced heteroatoms significantly im-

pacts the strength of ∗OOH adsorption. Inspired by this, we con-

tinue to use B or P atom with weak electronegativity than car-

bon to change the second coordination sphere of SbN3C1, SbN3P1,

and SbN3B1 catalysts. Depending on the distance between the ac-

tive center and the surrounding sites, as described in the Support-

ing information, 12 catalysts were designed and found to show

good thermodynamically stability. We analyzed the overpotential

(η2e-ORR) and �G∗OOH of the above catalysts, and found that they

showed perfect volcano type relationship in Fig. 1c. The catalyst

SbN3CP-2 with the C and P doped atom in the first and second

coordination sphere, respectively, locates at the top of the volcano.

The �G∗OOH on it reaches 4.242 eV and the overpotential is 0.022V

(Fig. 1d), suggesting extremely great activity for 2e- ORR. In the

case of Sb SACs, one can see that the doping of heteroatom with

relatively weak electronegativity in the coordination environment

could weaken the adsorption of OOH intermediate so as to improve

the 2e- ORR activity of the pristine SbN4 which locates at the left

slope of the volcano.

Different from the case of SbN4 above, SnN4 locates at the

right side of the volcano with the relatively big �G∗OOH value

of 4.401 eV, which also results in bad 2e- ORR performance [24].

When introducing the heteroatoms, 27 Sn SACs models were con-

sidered and evaluated (Fig. S4 in Supporting information). From the

volcano diagram in Fig. 1c, one can see that the SnN3CO-5 shows

the best 2e- ORR activity with a very low overpotential of 0.064V

(Fig. 1e). Apparently, the doping of O atom with relatively strong

electronegativity in the coordination environment plays an impor-

tant role in tuning the activity of Sn SACs by enhancing the ∗OOH
adsorption strength. As a short summary, through DFT calculations,

we found a clue on the electronegativity magnitude of heteroatoms

to modulate the coordination environment around different main-

group metal center to obtain moderate adsorption ability for the

OOH intermediate. As expected, it is confirmed to be an important

thermodynamic activity descriptor by the following machine learn-

ing.

The distinguished tendency of ∗OOH adsorption intensity for Sb

and Sn SACs by introducing different doped coordination atoms

could be further explained by the crystal orbital Hamilton popu-

lation (COHP) and projected density of states (PDOS) analysis. The

ICOHP value was calculated by integrating the occupied energy of

bonding or antibonding orbitals up to EF. The greater ICOHP is, the

weaker is the bonding interaction between active metal atom and
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Fig. 2. Electronic structure analysis. COHP diagrams for ∗OOH adsorbed on (a) SbN4

and SbN3CP-2; (b) SnN4 and SnN3CO-5. PDOS diagrams of pz orbital in (c) SbN4 and

SbN3CP-2; (d) SnN4 and SnN3CO-5.

O atom of OOH intermediate [38,39]. As shown in Figs. 2a and b,

the variation of ICOHP values typically indicates a weakening of

the Sb–O bond and a strengthening of the Sn–O bond, suggesting a

tendency towards more moderate changes in adsorption strength.

Fig. S5 (Supporting information) shows the DOS distribution of p

orbital of Sb/Sn atom and the O atom of OOH. The orbital over-

lap mainly from the pz orbital of main-group metal atom, which

means that the pz orbital is the main contributor to the ∗OOH
adsorption intensity [40]. As illustrated in Figs. 2c and d, it can

be seen that pz-band center (εpz) of the catalysts with the incor-

poration of heteroatom is very close to the Fermi level, which is

probably the reason for the moderate adsorption strength of ∗OOH.
When C and P are introduced into coordination spheres, εpz shifts

towards more positive energy relative to the Fermi level. This shift

leads to weaker interaction between SbN3CP-2 substrate and OOH

intermediate. On the contrary, the incorporation of C and O in

the coordination spheres results in a more negative shift of εpz,

which indicates stronger interaction between SnN3CO-5 substrate

and OOH intermediate.

To expedite the development of main-group metal SACs for 2e-

ORR, a rapid prediction of �G∗OOH using atomic physicochemi-

cal parameters is essential. Using the calculated data mentioned

above, along with additional data from the literature, we em-

ployed seven machine learning algorithms for training and opti-

mized the model performance across various hyperparameters ob-

tained by grid search and cross-validation. Some feature descrip-

tors were initially proposed based on the chemical intuition, and

then eleven characteristic quantities were ultimately determined

through Pearson correlation analysis (Fig. S6 in Supporting infor-

mation). Fig. 3a illustrates the R2 and RMSE values for the train

sets and test sets by the seven algorithms. Among them, the Bag-

ging model shows the best predictive performance for the target

values with R2 =0.97, RMSE=0.12 eV (Fig. 3b). In Bagging model

[41], by training multiple base learners on different data subsets

and aggregating the results of these models, training variance is

reduced successfully, thus enhancing model stability and improv-

ing generalization ability. Additionally, it could adapt to different

data distributions to some extent through bootstrap sampling, al-

lowing it to capture a wide range of data patterns. That could be

Fig. 3. Machine learning results. (a) The R2 and RMSE values for the train set and

test set by seven algorithms. (b) Gibbs free energy of ∗OOH adsorbed on SACs sur-

face calculated by DFT and predicted by Bagging algorithm. (c) Volcanic relationship

between �G∗OOH and η2e-ORR for 460 SACs plotted by the Bagging model prediction

data. (d) Comparison of the �G∗OOH by DFT and ML for KN3B1 and SbN4-S. (e) Per-

centage of feature importance. (f) Feature density scatter plot using SHAP method

with the Bagging model.

the reason that Bagging algorithm shows impressive performance

than others in present case.

Utilizing the well-trained Bagging model, the high-throughput

screening is performed to predict promising catalysts. By inputting

feature descriptors, the ∗OOH adsorption energies of the 460

single-atom catalysts of main-group metals can be obtained within

seconds (Fig. 3c). Using PtHg4 as a benchmark [9], sixteen catalysts

demonstrate smaller overpotentials and excellent catalytic activity

in Fig. S8 (Supporting information). They are all potential candi-

dates for 2e- ORR. The group of K SACs are very promising since

many doped structures are near the top of the volcano. In par-

ticular, the KN3B1 has the best 2e- ORR activity with overpoten-

tial of 0.029V. It is expected that the present predictions will be

informative for the experimental investigations in future. To vali-

date the predictive accuracy of the training model, we conducted

additional DFT calculations for the KN3B1 which was selected by

ML. The calculated �G∗OOH of 4.249 eV by DFT is quite close to

that of 4.216 eV from ML, as shown in Fig. 3d. In addition, taking

use of the Bagging model, we predict the experimentally feasible

porphyrin-based Sb SAC with doped S atom (denoted as SbN4-S)

to be a good 2e- ORR catalyst due to the appropriate �G∗OOH of

4.224 eV, which also matches well with the DFT result in literature

[42]. Both of the examples above strongly convinced the reliability

of the machine learning model trained in this study.

Additionally, feature importance is extracted from the trained

Bagging model using the SHapley Additive exPlanations (SHAP)

method. As shown in Fig. 3e, the top three most important descrip-

tors are enthalpy of oxide generation of metal (Hof, 54.70%), atomic

number of metal (Z, 21.36%), and the sum of electronegativity of

all coordination atoms in the 1st and 2nd sphere (Sχ , 5.77%). Fig. 3f

displays the impact of each input feature on the model output for

the whole 1914 data points in the order of feature importance, col-
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Fig. 4. Reaction selectivity and dynamic behavior. Gibbs free energy diagrams of

oxygen reduction reactions for (a) KN3B1, (b) SnN3CO-5, (c) SbN3CP-2, and corre-

sponding dynamic barriers of key steps for (d) KN3B1, (e) SnN3CO-5, (f) SbN3CP-2.

ored based on the feature values. This indicates that the higher

values of Hof, Z and Sχ possess higher SHAP values with a higher

positive impact on the model output, while the distributions for

the remaining features are mostly centered on a SHAP value of

zero, indicating low importance and minimal impact on most re-

sults. The first two descriptors are closely related to the central

metal element, so they contribute the most to the catalytic activ-

ity. Once the central metal atom is fixed, the ∗OOH adsorption en-

ergy is primarily determined by the electronegativity of the coor-

dinating atoms in the 1st and 2nd sphere, successfully confirming

the DFT calculation results and aligning with the electronegativity

regulation strategy above. Therefore, the combined DFT and ML re-

search paradigm propose the importance of regulation strategy of

electronegativity-based coordination environment for single atom

electrocatalysts in 2e- ORR.

Based on the predictions above, we can efficiently screen out

the highly active hydrogen peroxide catalysts from the viewpoint

of thermodynamics. However, the selectivity of the catalysts, i.e.,

the influence from the competing reaction of four-electron oxygen

reduction reaction (4e- ORR) to produce water, should be fully con-

sidered. But the lack of sufficient dynamic data makes the ML tem-

porarily powerless. Therefore, the further study on catalytic selec-

tivity is conducted by DFT.

We choose three catalysts with the best thermodynamic activ-

ity for K, Sn and Sb SACs. The complete Gibbs free energy dia-

gram for 2e- and 4e- ORR pathways are shown in Figs. 4a-c. As

we can see, the potential-determining step in the four electron

pathway of KN3B1 is the process of ∗OOH to ∗O with overpoten-

tial of 1.022V and that of SnN3CO-5 is the first step of activat-

ing oxygen to produce the intermediate ∗OOH with overpotential

of 0.594V, respectively. On SbN3CP-2, the potential-determining

step is the hydrogenation process of ∗O to ∗OH with overpoten-

tial of 0.587V. Therefore, the three catalysts show bad 4e- ORR

thermodynamic activity with high overpotential. In order to fur-

ther explore the selectivity of catalysts, the transition state (TS)

is searched for the key hydrogenation step of ∗OOH to H2O2 (2e-

ORR) or ∗O+H2O (4e- ORR), and the activation barriers are ob-

tained. From Figs. 4d-f, we can see that the 2e- ORR processes on

catalysts KN3B1 and SnN3CO-5 are barrier-free while the barrier of

4e- ORR is 0.72 and 1.34 eV, respectively, indicating the outstand-

ing dynamic advantages of 2e- ORR. In contrast, on SbN3CP-2, the

2e- ORR dynamic barrier is as high as 1.18 eV, suggesting the ex-

treme difficulty to generate hydrogen peroxide. Overall, it is de-

termined that the KN3B1 and SnN3CO-5 catalysts have impressive

activity and selectivity for 2e- ORR, presenting a promising op-

tion for future electrocatalytic hydrogen peroxide synthesis. Addi-

tionally, we evaluated the thermal and structural stability of these

two catalysts through ab initio molecular dynamics (AIMD) simu-

lations for 20,000 fs at 1000K (Fig. S10 in Supporting information).

The temperature, energy and bond length fluctuates in a very nar-

row range, indicating the high thermodynamic stability of KN3B1

and SnN3CO-5 catalysts. Note that in a practical electrochemical

environment, the performance of catalysts could be influenced by

many factors, such as the solvation effect and electrostatic poten-

tial. Therefore, we employed implicit solvation model [43] and the

constant potential charge extrapolation method [44,45] to evalu-

ate the impact of solvation effect and electrode potential on the

reaction energies on KN3B1 and SnN3CO-5 catalysts, respectively.

As shown in Fig. S11, Tables S3 and S4 (Supporting information),

they are within an acceptable margin of error, indicating that these

two factors have minimal impact on the theoretical prediction and

identification of promising electrocatalyst candidates. Furthermore,

previous experimental studies have shown that KN4 and SnN4 can

be successfully synthesized [17,24], and the methods for incorpo-

rating B or O atom into the coordination environment of SACs were

well-established [46,47], which greatly boost the feasibility of syn-

thesizing KN3B1 and SnN3CO-5 in experiment.

In summary, by combining DFT and ML methods, we stud-

ied a series of main-group metal single-atom catalysts with ad-

justable coordination environment for two-electron oxygen reduc-

tion reaction to generate H2O2. The KN3B1 and SnN3CO-5 were

screened out to display promising activity and selectivity for 2e-

ORR among 566 candidates. The Bagging algorithm demonstrated

significant advantages in this system due to its effective ensemble

strategy. Based on the feature importance analysis of this model,

we elucidated the importance of the electronegativity of the co-

ordination atoms in describing the catalytic performance of SACs.

This research paradigm of integrating DFT and ML maximizes the

strengths of both approaches, promotes the efficiency of catalyst

development, and demonstrates significant potential in the fields

of materials science and catalysis.
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