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Supplemental Notel

1.1 Computation of machine learning

The performance of feature set also directly affects the accuracy of the model. Too
many features will also lead to redundancy problems, and the correlation between each
feature of a qualified model should be independent. Therefore, Pearson correlation
coefficient (p) was used to evaluate the performance of the feature set, as shown in the

following formula (1).
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where X; and Y; represent different features. The Pearson correlation coefficient is

(1)

obtained by dividing the covariance by the standard deviation of the two variables. This
is a value between —1 and 1: when the linear relationship between two variables is
strong, the value approaches 1 or —1, and if the correlation coefficient is equal to 0,
there is no linear relationship between them.

Two scoring criteria, namely coefficient of determination (R?) and root mean
square error (RMSE), were used to reflect the prediction accuracy of the model, as

shown in the following formula (2) and formula (3)

R2 —1— ZI(K _yi)2
Z,(Yt _?)2 (2)

RMSE = ‘/%Zi(Yi -3 (3)

Where Y; is the data calculated by DFT and y; is the result predicted by machine
learning. Y is the average value of the DFT data. In general, the R2 and RMSE of the
ideal model are close to 1 and 0 respectively.

All ML algorithms are implemented using scikit-learn, an open source code in the
Python3 environment. In this work, four different supervised ML algorithms were
selected, namely Gradient Boosting Regression (GBR), Random Forest Regression

(RFR), Adaptive Boost Regression (ABR), and Gaussian Process Regression (GPR).



1.2 Computation of reorganization energies

The total reorganization energy consists of three parts, including internal

reorganization energy (4,,,), electron transfer solvent reorganization energy ( A,/

and proton transfer solvent reorganization energy ( Ay ).
i 0,ET o0,PT
Arip = Arsp T ARip + Agip (4)

The inner reorganization energies defined as electronic energy difference along the
general reaction coordinate from the equilibrium configuration of reactant to the

equilibrium configuration of product.
ﬂzia =E, (PJ_ER (Re) (5)

A =E, (Pe )_ Ep (Re) (6)

Where Ex(R.) and Ep(P,) are electronic energy of the reactant and product in their
equilibrium configurations, respectively. Ex(P,) denotes single point energy of reactant
under the equilibrium configuration of the product and Ep(R,) denotes single point
energy of product under the equilibrium configuration of the reactant. To keep the
conservation of matter, one hydrogen atom is removed from the product in single point
energy calculation of Ex(P,), while one hydrogen atom is added to the reactant in single
point energy calculation of Ep(R,).

The outer (solvent) reorganization energies are obtained from polarization

continuum electrostatic model.!-2
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Where “a” is the radius of the sphere, which is determined from the beginning of
the calculation of the volume of the optimized geometry of the reactants. ¢,, and egare

optical and static dielectric constants. ug and up are the dipole moments of the reactants



and products.
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Fig. S1. CO adsorption energy of C; configuration of 9 transition metal by applying

DFT+U (Hubbard U — J=3 eV), compared with DFT method.



Fig. S2. The distances between coordination atoms in the 11 configurations
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Fig. S3. (a) The figure shows all the transition metals involved, where the brown
metal represents the data used in the DFT calculations for training the model. (b)
Represents all selected electronic descriptors. (¢) The structure descriptor of the
design
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Fig. S4 Correlation coefficient (R?) in machine learning models with different training
set and test set ratios from 5:5 to 9:1.
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Table S1. Initial thermodynamic dataset using DFT calculations

Structure E, E,4(CO) AG(COH) AG(CHO)  AG(*H)
Mn-C; 5.74 ~1.16 1.82 0.55 0.47
Mn-C, 6.69 ~1.67 1.17 0.94 0.26
Mn-N,C 9.58 ~3.87 1.32 0.56 —2.27
Mn-N,C2¢ 7.27 —2.47 0.92 0.63 ~0.45
Mn-N,C,P 5.85 ~2.14 0.80 0.54 ~0.16
Mn-N,C,? 5.42 ~2.01 1.07 0.34 0.13
Mn-N; 8.49 ~2.00 1.53 0.78 ~0.04
Mn-N;C 6.58 ~2.56 0.97 0.76 ~0.30
Mn-N, 7.40 ~2.54 2.48 0.96 —0.41
Mn-NC, 7.90 ~2.10 1.30 0.42 —0.59
Mn-NCj 5.92 ~1.91 1.31 0.50 0.15
Fe-C; 3.53 ~1.02 1.82 0.50 0.39
Fe-C4 4.94 ~1.74 1.38 0.75 0.10
Fe-N,C 5.70 ~1.88 1.90 0.61 0.00
Fe-N,C,¢ 4.29 ~1.68 1.26 0.73 0.29
Fe-N,C,p 3.99 ~2.46 1.12 0.67 —0.69
Fe-N,CyY 3.45 ~2.03 1.02 0.65 ~0.65
Fe-N; 6.85 ~1.86 1.19 0.56 0.08
Fe-N;C 4.39 ~2.50 1.26 \ ~0.55
Fe-N, 4.97 ~2.31 1.90 0.80 ~0.40
Fe-NC, 5.27 ~1.15 1.32 0.10 ~0.05
Fe-NC; 4.25 ~1.90 0.97 0.42 ~0.35
Co-C; 0.59 ~1.04 2.04 0.30 0.14
Co-C4 1.70 ~1.54 1.34 0.52 0.13
Co-N,C 2.76 ~1.20 1.19 0.66 0.12
Co-N,C,* 1.13 ~1.72 1.41 0.62 ~0.06
Co-N,C,P —0.04  -1.79 1.48 0.66 ~0.05
Co-N,C,? ~0.19  -177 1.47 0.59 0.13
Co-Nj 3.73 ~1.99 1.44 0.68 0.01
Co-N;C 0.29 ~1.56 1.97 0.48 0.08
Co-Ny 1.04 ~0.84 1.82 —0.11 0.20
Co-NC, 2.30 ~1.23 1.35 0.12 ~0.06
Co-NC; 0.61 ~1.71 1.31 0.59 ~0.31
Ni-C; 0.82 ~0.95 1.84 0.60 0.48
Ni-C, 0.94 ~1.03 1.38 0.23 ~0.70
Ni-N,C 2.71 ~1.83 1.56 1.10 ~0.16
Ni-N,C,¢ —0.12  -0.68 2.08 0.53 0.22
Ni-N,C,P ~1.18  —0.68 1.93 0.30 —0.07
Ni-N,CyY ~129  -0.83 2.19 0.46 ~0.19
Ni-N; 3.40 ~2.03 1.16 0.72 ~0.03
Ni-N;C ~0.70  -0.19 1.86 0.06 0.08
Ni-N, 0.46 ~0.23 2.53 0.77 1.51



Ni-NGC,
Ni-NGC;
CU-C3
CU-C4
Cu-N,C
CU-N2C2°‘
CU-N2CZB
CU-N2CZY
CU-N3
Cu-NsC
Cu-N4
Cu-NGC,
Cu-NGC;
Zn-C;
Zn-C,
Zn-N,C
Zl’l-I\bCzOt
Zl’l-I\bC‘zB
Zl’l-NzCzY
7Zn-Nj;
Zn-N;C
Zn-Ny
Zl’l-NC2
Zl’l-NC3
Pd-C;
Pd-C4
Pd-N,C
Pd-N,C,*
Pd-NQCQB
Pd-N,C,Y
Pd-N;
Pd-N;C
Pd-N,
Pd-NGC,
Pd-NC;
Pt-C;
Pt-C,4
Pt-N,C
Pt-N,C,®
Pt-N,C,P
Pt-N,C,Y
Pt-N3
Pt-N;C
Pt-Ny

2.25
—-0.40
3.38
1.68
3.87
1.27
0.11
0.11
4.22
1.08
242
4.48
0.41
0.93
—-0.81
0.21
—-0.58
-1.70
-2.23
0.79
-1.39
—-0.98
1.14
-1.36
-0.20
0.36
1.83
—-0.45
-1.57
—-1.63
3.32
—-1.04
—-0.08
1.65
-0.77
1.56
1.29
4.50
0.96
-0.20
-0.20
6.35
0.53
1.58

-1.22
-0.97
-1.15
-0.24
-1.59
-0.03
-0.03
-0.04
-2.29
—-0.04
—0.05
—-1.81
—-0.08
—-1.18
-0.11
—-0.84
-0.03
-0.04
-0.06
—-1.00
-0.24
-0.20
-0.97
—0.05
—-0.76
—-0.84
—-1.66
—0.45
-0.42
—-0.53
—-2.26
-0.03
—-0.04
-1.26
-0.70
—-1.28
—-0.92
-2.70
—0.62
—0.58
—-0.76
-3.48
-0.03
—-0.04

0.27

0.56

0.92
0.73
0.81
0.47
1.48
-0.35
0.67
0.80
0.63
0.55
0.94
0.59
0.73
0.74
0.75
-0.28
0.58
0.46
0.66
0.36
0.54
0.15
1.46
0.47
0.17
0.38
0.45
0.22
1.00
0.80
-0.01
0.57
0.20
1.69
0.36
0.11
0.23
0.72
-0.23
0.77

0.01
-0.72
0.22
0.24
0.21
1.47
1.64
1.28
0.28
-0.03
1.51
-0.14
0.05
-0.23
1.55
0.17
1.17
1.27
1.44
-0.92
0.85
0.73
-0.03
1.04
0.51
-0.82
0.05
0.84
0.60
-0.40
-0.39
0.10
1.88
-0.31
-0.97
-0.05
-0.24
-0.94
0.59
0.37
-0.11
-1.32
0.24
1.53



Pt-NC,
Pt-NC;
Ir-C;
Ir-C4
Ir-N,C
II’-N2C2°‘
II’-N2CZB
II‘-N2C2Y
Ir-Nj;
Ir-N;C
Ir-Ny
II’-NCZ
II’-NC3

3.73
0.39
2.79
3.29
6.23
3.86
2.53
2.14
8.22
3.20
4.18
4.92
2.52

—-1.83
—-0.95
—-1.60
—-1.83
-2.76
-2.28
-2.30
—-1.98
-2.91
-2.07
-1.27
-2.40
—-2.02

1.28
1.28
1.63
1.22
1.12
1.02
1.20
1.01
0.65
1.67
1.57
1.97
1.18

0.04
0.13
0.27
0.59
0.54
0.33
0.64
0.60
0.40
0.59
-0.21
0.75
0.66

-0.99
0.14

—-0.64
-0.41
-1.18
-0.80
-0.57
-0.37
-1.34
-0.40
-0.33
-0.77
—-0.25




Table S2. Initial kinetic dataset using DFT calculations

Structure Jr(CHO) Jp(CHO) Ar(COH) Jp(COH)
Mn-C; 2.39 2.29 2.12 1.90
Mn-C, 2.92 1.68 2.11 1.94
Mn-N,C 2.37 1.81 2.23 2.08
Mn-N,C2¢ 3.42 2.29 1.93 1.82
Mn-N,C,P 3.27 2.08 1.82 2.15
Mn-N,C! 272 2.13 2.01 1.89
Mn-N; 2.50 1.81 2.12 1.95
Mn-N;C 3.65 2.40 2.06 1.89
Mn-N, 3.55 1.65 3.07 \

Mn-NC, 2.25 1.87 1.78 2.56
Mn-NC; 3.38 2.37 2.37 2.12
Fe-C; 1.87 2.05 1.98 2.49
Fe-C, 3.05 2.01 2.10 1.87
Fe-N,C 2.84 2.07 2.67 1.92
Fe-N,C,® 3.04 2.86 2.23 1.93
Fe-N,C,P 3.02 2.36 1.84 1.87
Fe-N,CyY 3.04 1.80 1.89 2.06
Fe-N; 2.45 8.18 1.83 \

Fe-N;C 1.50 \ 2.05 1.82
Fe-N, 2.46 2.25 2.05 1.79
Fe-NC, 1.69 1.84 2.16 2.34
Fe-NC, 2.67 2.01 1.88 1.94
Co-C; 0.55 2.33 221 1.66
Co-C, 1.51 2.32 2.33 2.05
Co-N,C 0.95 0.86 1.62 2.37
Co-N,C,* 1.01 2.27 2.38 2.02
Co-N,C,p 1.49 2.95 2.44 1.84
Co-N,Cyt 0.87 2.27 2.09 1.74
Co-N; 1.41 1.39 2.16 2.45
Co-N;C 0.96 2.79 2.27 1.85
Co-N, 0.50 3.27 231 1.82
Co-NC, 0.35 2.52 1.91 2.30
Co-NC; 1.65 3.09 2.26 1.96
Ni-C; 2.59 2.15 2.29 \

Ni-C, 2.54 2.26 2.34 1.90
Ni-N,C 3.09 1.48 2.38 231
Ni-N,C,* 1.84 2.85 231 2.00
Ni-N,C,P 2.13 427 2.15 2.02
Ni-N,C,? 1.81 3.05 2.27 \

Ni-N; 2.74 2.13 2.17 2.10
Ni-N;C 1.66 3.38 2.03 1.99
Ni-N, 1.75 1.99 2.78 2.67



Ni-NGC,
Ni-NGC;
Cu-C;
CU-C4
Cu-N,C
CU-N2C2a
CU-NQCQB
CU-NQCQY
Cu-Nj,
Cu-N;C
CU-N4
Cu-NGC,
Cu-NG;
Zn-C5
Zn-Cy
Zn-N,C
Zl’l-NzCza
Zl’l-NzCzB
Zl’l-NzCzY
Zn-Nj
Zn-N;C
Zn-Ny
Zl’l-NC2
Zl’l-NC3
Pd-C;
Pd-C4
Pd-N,C
Pd-N,C,*
Pd-NzCzB
Pd-N,C,Y
Pd-N;
Pd-N;C
Pd-N,
Pd-NC,
Pd-NG;
Pt-Cs
Pt-C,
Pt-N,C
Pt-N,C,®
Pt-N,C,P
Pt-N,C,Y
Pt-Nj3
Pt-N;C
Pt-N,4

1.91

2.58
1.76
1.87
1.80
2.37
2.32
1.59
2.29

2.48
1.85
2.16

1.64
1.82
1.90
1.84
2.51
1.67
1.99
2.30
3.35
1.74
2.00
1.73
2.61
1.65
1.81
1.87
2.29
2.20
2.45
4.01
1.85
2.04
1.84
3.36
1.62
1.90

243

1.57

1.94
2.39
1.95
3.36
2.40
2.13

2.53
2.48
2.68

1.95
3.14
2.64
2.79
2.70

2.51
3.79
1.74
3.05
6.67
3.03
1.64
2.88
2.09
242
3.51
2.69
291
1.66
3.42
2.45
3.60
1.56
2.82
2.35



2.47
2.44
2.13
2.74
3.19
2.99
3.26
2.79
2.84
2.56
2.05
2.70
3.32

3.80
3.90
2.82
2.15
2.01
3.47
3.04
2.36
2.08
3.30
3.97
3.19
3.00

2.33
2.23
2.08
2.19
2.27
2.34
2.41
2.14
1.78
2.24
2.60
291
2.48

2.33
1.77
1.92
1.99
2.46
2.15
2.00
2.06
2.60
1.94
2.42
2.14
2.22
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Table S3. The hyperparameters of four model algorithms.

Algorithm Hyperparameter
base estimator =
Adaptive Boost Regression DecisionTreeRegressor(max_depth=7),

n_estimators=5000

learning_rate=0.02,
loss="absolute_error’,
Gradient Boosting Regression max_depth=4,
min_samples_split=3,
n_estimators=5000

Random Forest Regression n_estimators = 1000,
random_state = 28
Gaussian Process Regression kernel = DotProduct(),

random_state=1




Table S4. After two rounds of screening, the 34 catalyst configurations were numbered
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Table SS. Thermodynamic data on the remaining catalysts after two rounds of

screening.
SACs E, AG+co AGsy AGcho AGcon
Ti-N,C 6.85 -1.67 —-0.58 0.63 1.46
V-N; 7.90 —-1.60 -0.59 0.68 1.38
Cr-NC, 7.90 —-1.40 -0.59 0.42 1.44
Mn-NC, 7.93 —-1.60 -0.57 0.42 1.39
Mo-Ny 6.58 -1.75 1.88 0.96 2.01
Tc-Ny 6.58 -1.75 1.51 0.96 1.99
Ru-N,4 5.42 -1.75 1.51 0.96 2.04
Ta-Nj 4.50 —-1.47 -0.57 0.72 1.39
W-N,C 4.48 —-1.84 —0.55 0.75 1.47
W-Nj3 6.23 —-1.81 —0.64 0.72 1.18
Re-N,C 4.50 —-1.30 -0.64 1.46 1.51
Re-N; 6.23 —-1.78 -0.92 0.72 1.40
Os-N,C 4.92 -2.02 —0.94 0.59 1.41
Os-N; 8.22 -2.18 -0.98 0.72 1.03
Ir-N,C 6.23 -2.16 -0.97 0.54 1.24
Ir-N,Cy* 3.86 —-1.58 -0.80 0.42 1.08
Ir-N,C,P 2.53 —-1.56 -0.57 0.59 1.19
Ir-N,CyY 2.53 —-1.56 -0.57 0.58 1.11
Ir-NC, 4.92 -1.27 -0.73 0.75 1.75
Pt-N,C 4.52 -2.15 -0.91 1.69 1.30
Pt-NC, 3.74 -1.27 -0.97 0.05 1.42
Au-N,C 4.50 —-1.89 —-0.94 0.72 1.28
Au-NC, 3.47 —-1.28 -0.80 0.27 1.38
Zr-Cy4 6.69 -1.12 —0.54 0.73 1.40
Z1r-NC; 5.92 -1.14 —0.61 0.55 1.41
Nb-C4 6.69 -1.12 —0.59 0.63 1.39
Nb-NC; 5.92 —-1.13 -0.70 0.47 1.41
Mo-C4 6.58 -1.12 —-0.70 0.27 1.40
Mo-NGC; 5.92 —-1.13 -0.72 0.50 1.40
Te-Cy 6.69 -1.12 —-0.70 0.36 1.39
Te-NC;s 5.92 -1.14 —-0.70 0.48 1.40
Ru-C4 4.94 -1.09 -0.70 0.23 1.40

Os-NC, 4.24 —-1.06 —-0.60 0.74 1.71




Table S6. Kinetic data on the remaining catalysts after two rounds of screening.

SACs Jr(CHO) Ap(CHO) Ar(COH) Ap(COH)
Ti-N,C 2.37 1.82 2.23 2.08
V-N; 2.46 1.81 2.12 2.10
Cr-NC, 2.39 2.01 1.91 2.51
Mn-NC, 2.39 1.84 1.78 2.56
Mo-N, 3.55 2.11 2.78 2.42
Te-N, 3.55 2.09 2.78 2.42
Ru-N, 2.32 2.09 2.78 2.67
Ta-N; 2.84 2.10 2.21 2.18
W-N,C 3.32 2.07 2.35 2.34
W-N; 2.84 2.08 2.07 1.87
Re-N,C 3.08 2.09 2.40 2.33
Re-N; 2.84 2.08 2.08 1.89
0s-N,C 3.19 2.08 2.35 2.34
0s-Nj 2.84 2.08 2.02 2.33
Ir-N,C 3.19 2.08 2.30 2.40
Ir-N,C, 2.99 3.30 2.27 2.21
Ir-N,CP 3.26 2.80 2.30 2.15
Ir-N,C,t 2.82 2.61 2.25 2.14
Ir-NGC, 2.70 2.68 2.91 2.25
Pt-N,C 4.05 1.62 2.32 2.38
Pt-NC, 2.59 3.83 2.31 2.30
Au-N,C 3.32 2.15 2.31 2.27
Au-NG, 2.70 3.80 2.33 2.30
Zr-Cy 3.05 2.85 2.26 2.42
Zr-NC; 3.27 2.85 2.31 2.25
Nb-C4 3.05 2.58 2.28 2.39
Nb-NC; 3.27 2.56 2.31 2.39
Mo-C4 3.05 3.05 2.28 2.45
Mo-NC; 3.27 2.85 2.28 1.90
Te-Cy 3.05 2.32 2.26 2.45
Te-NC; 3.32 2.85 2.28 1.99
Ru-C, 2.72 2.32 2.26 1.95

0s-NC, 2.17 2.63 241 2.31




Table S7. Comparison of ML prediction and DFT calculation on Mn-NC,

Properties ML DFT
E 7.93 7.90
AGxco —-1.60 -1.59
AG(*H) -0.57 —-0.59
AG(CHO) 0.42 0.42
AG(COH) 1.39 1.30
AR(CHO) 2.39 2.25
Ap(CHO) 1.84 1.87
Ar(COR) 1.78 1.78

Ap(COH) 2.56 2.56




Table S8. Comparison of ML prediction and DFT calculation on Pt-NC,

Properties ML DFT
E 3.74 3.73
AGsco -1.27 -1.26
AG(*H) -0.97 -0.99
AG(CHO) 0.05 0.04
AG(COH) 1.42 1.28
AR(CHO) 2.59 2.47
Ap(CHO) 3.83 3.80
AR(COH) 231 233

Ap(COH) 2.30 2.33




Table S9. Comparison of ML prediction and DFT calculation on Au-NC,

Properties ML DFT
E 3.47 4.26
AGxco —-1.28 —0.98
AG(*H) —0.8 —0.54
AG(CHO) 0.27 0.58
AG(COH) 1.38 1.64
AR(CHO) 2.7 2.14
Ap(CHO) 3.8 241
Ar(COR) 2.33 221

Ap(COH) 23 2.61
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Fig. S16 Model (ABR) accuracy test of 9 properties on Au-NC, by 77, 88 and 99
datasets.
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