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Supplementary Note 1

DFT calculations

All calculations in this study were carried out using spin-polarized density functional 

theory (DFT) as implemented in the Vienna Ab-initio Simulation Package (VASP)1. 

The electronic exchange-correlation interactions were treated using the Perdew-Burke-

Ernzerhof (PBE) functional within the generalized gradient approximation (GGA) 2, 3. 

The Brillouin zone is sampled using a 3 × 3 × 1 Monkhorst−Pack K-point grid, with 

the truncation energy of the plane-wave basis group set to 520 eV. The correction for 

van der Waals interactions was implemented using Grimme’s DFT-D3 method. The net 
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charge transfer between the substrate and intermediates was assessed by Bader charge 

analysis. The ICOHP analysis was performed by LOBSTER. Ab initio molecular 

dynamics (AIMD) simulations were performed to investigate the thermal stability of 

the Ni-TM₂@BN structure (a = 10 Å, b = 13 Å) at 300 K, the total simulation time was 

3 ps with a time step of 1 fs.

Formation energy and dissolution potential of DACs

The formation energy refers to the difficulty of synthesizing a catalyst from substrate, 

namely thermodynamical stability. The dissolution potential represents electrochemical 

stability, meaning whether the metal active center will fall off the structure and dissolve 

into the electrolyte. The formation energy and dissolution energy of DACs are defined 

as:

BNi@Bf1 NiN BN( )E E E    

Ni-TM2@BN NiB @BNf TM2( )E E E    
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diss diss

EU =U (metal, bulk)
ne



where , and  represent the energies of the single-metal Ni-doped Ni@BNE Ni-TM2@BNE BNE

BN structure, the bimetal-doped BN structure, and the pristine BN structure, 

respectively. , , ,correspond to the energies of the Ni atom, the coordinated Ni B TM2

environment B, the doped metal TM2, respectively.  and  are the 𝑈 0
𝑑𝑖𝑠𝑠(𝑚𝑒𝑡𝑎𝑙,𝑏𝑢𝑙𝑘) 𝑛

standard dissolution potential of bulk metal and the number of electrons involved in the 

dissolution, respectively.

Adsorption energy

The adsorption energy calculation of Ni-TM2@BN structures was performed as 

follows.

Hslab**H H slabE E E E 

Here, ,  and  respectively represent the Ni-TM2@BN adsorption Hslab*E slabE XE



intermediate X, the Ni-TM2@BN substrate, and the intermediate energy.

HER mechanism

HER in acidic conditions with free energy equations:

2* H e H* * 0.5H     

2 2 2H* H* * H H* * H H* * HΔG = (E - E - 0.5E ) - (ZPE - ZPE - 0.5ZPE ) - T(S -S - 0.5S )

HER in basic conditions is the same as below with the samefree energy equation as eqn 
:

2 2* H O e H* * OH * 0.5H      

Supplementary Note 2

Base Learner Construction

The machine learning models are implemented in a Python 3 environment using Scikit-

Learn4. The Adsorption Energy model is built using Extreme Gradient Boosting 

(XGB)5, Random Forest Regression (RFR) 6, Support Vector Regression (GBR) 7. 

These algorithms are highly iterative and handle data with nonlinear relationships. By 

predicting feature–target relationships, SISSO helps analyze ML models. The results of 

the regression algorithms are evaluated using two statistical regression metrics: Root 

Mean Square Error (RMSE) and Coefficient of Determination (R²), with calculation 

methods provided in Eq. S2-S3. The data is split into 80% training set and 20% testing 

set for model training.

SISSO algorithm

The operation process of the SISSO algorithm is mainly divided into two stages: 

feature screening and sparsification model construction8.

Sure Independence Screening (SIS): First, a set of potential descriptors is 

generated from a large pool of features, which are usually generated by a series of 

mathematical operations (e.g., addition, multiplication, logarithm, etc.) from atomic 

properties, geometrical parameters, etc. The SIS step filters out the most relevant 



features from these features with respect to the target variables (e.g., material 

properties) through correlation analysis, which reduces the spatial dimensions of the 

features. Reducing the feature space dimension.

Sparsifying Operator (SO): Among the filtered features, SO further extracts a 

small number of the most representative descriptors, usually using the L0 paradigm to 

construct a sparse model. This step is optimized to ensure that the retained features have 

the maximum impact on the target variables while maintaining the simplicity of the 

model.

Ultimately, the five after feature engineering are used as the eigenvalues, and the 

adsorption energy is used as the target values as inputs into the SISSO model, outputting 

a linear model with a high degree of interpretability.



Table S1 Model parameters of the SISSO algorithm.
Parameters

ptype=1，ntask=1 
task_weighting=1，scmt=.false.

desc_dim=1，nsample= 999 
! nsample = (n1, n2, ...) ，restart=0 

nsf= 4，ops='(+)(-)(*)(/)(^-1)(^2) (^3) ' 
SISSO fcomplexity=3，funit=(1:7)

fmax_min=1e-3，fmax_max=1e-5  
nf_sis=400，method_so= 'L0' 
nl1l0= 1，fit_intercept=.true. 

metric= 'RMSE'，nmodels=100 
! isconvex=(1,1,...)，bwidth=0.001

Table S2 Optimal Hyperparameters Selected for the Three Ensemble learning△GH1*.

Model AdaBoost-RFR AdaBoost-GBR AdaBoost-XGB

Optimal
Hyperparamete
r

learning_rate': 
0.14, 'loss': 'linear', 
'n_estimators': 40
cv=4

'learning_rate':0.04, 
'n_estimators': 40, 
'random_state': 0 
cv=4

'learning_rate': 0.18, 
'n_estimators': 60
cv=4

Table S3 Optimal Hyperparameters Selected for the Three Ensemble learning(△GH2*).

Model AdaBoost-RFR AdaBoost-GBR AdaBoost-XGB

Optimal
Hyperparamete
r

'learning_rate':1.0,
'n_estimators':20,
cv=4

'learning_rate':0.8,
'loss': 'linear'
'n_estimators':50,
cv=4

'learning_rate':0.18,
'n_estimators':40,
cv=4



Table S4 Formation energy (Ef) of Ni-TM2@BN at different sites
Ef OC1 OC2 OC3 OC4 OC5 OC6 OC7 OC8

Ni-Sc -4.79 -4.86 -4.00 -4.03 1.64 -4.08 -3.81 -4.03 
Ni-Ti -6.14 -6.22 -5.06 -4.99 -5.09 -4.88 -4.66 -4.99 
Ni-V -4.63 -4.70 -3.20 -3.28 -3.36 -3.16 -3.07 -3.28 
Ni-Cr -2.44 -2.60 -1.33 -1.40 -1.55 -1.44 -1.42 -1.40 
Ni-Mn -2.08 -2.20 -0.88 -0.92 -0.92 -0.83 -0.58 -0.92 
Ni-Fe -2.75 -2.76 -1.02 -1.08 -1.12 -1.05 -1.03 -1.08 
Ni-Co -2.30 -2.38 -1.05 -0.98 0.66 -1.22 -1.18 -0.98 
Ni-Ni -1.84 -1.95 -0.42 -0.49 -0.56 -0.52 -0.29 -0.49 
Ni-Y -4.72 -4.69 -3.80 -3.80 -4.11 -3.85 -3.54 -3.80 
Ni-Zr -7.00 -6.91 -5.87 -5.58 -5.84 -5.47 -5.22 -5.58 
Ni-Nb -5.76 -6.04 -4.46 -4.21 -4.42 -4.05 -3.76 -4.21 
Ni-Mo -4.85 -5.34 -3.54 -3.30 -3.48 -3.31 -3.06 -3.30 
Ni-Tc -2.44 -2.88 -2.99 -1.09 -1.19 -1.02 -0.76 -1.09 
Ni-Ru -3.44 -3.87 -2.01 -2.07 -2.15 -2.09 -1.84 -2.07 
Ni-Rh -2.46 -2.79 -1.31 -1.47 -1.54 -1.49 -1.21 -1.47 
Ni-Pd 0.52 0.29 1.88 1.76 1.70 1.78 2.13 1.76 
Ni-Hf -7.15 -7.06 -8.87 -5.83 -6.07 -5.77 -5.71 -5.83 
Ni-Ta -7.54 -7.26 -5.85 -5.63 -5.78 -5.47 -5.34 -5.63 
Ni-W -5.37 -5.77 -3.63 -3.33 -3.46 -3.24 -3.16 -3.33 
Ni-Re -3.80 -4.15 -2.07 -2.12 -2.21 -1.76 -1.87 -2.12 
Ni-Os -4.33 -4.22 -2.07 -1.93 -2.03 -1.92 -1.87 -1.93 
Ni-Ir -3.42 -3.63 -1.78 -1.85 -1.95 -1.88 -1.85 -1.85 
Ni-Pt -1.51 -1.48 0.21 0.34 0.30 0.34 0.47 0.34 



Table S5 Dissolution potential (Udiss) of Ni-TM2@BN at different sites
Udiss n

U 0
diss

OC1 OC2 OC3 OC4 OC5 OC6 OC7 OC8

Ni-Sc 3 -2.08 -0.48 -0.46 -0.75 -0.74 -2.63 -0.72 -0.81 -0.71
Ni-Ti 3 -1.63 1.44 1.48 0.90 0.86 0.92 0.81 0.70 0.76
Ni-V 2 -1.18 1.14 1.17 0.42 0.46 0.50 0.40 0.35 0.45
Ni-Cr 2 -0.91 0.31 0.39 -0.24 -0.21 -0.14 -0.19 -0.20 -0.19
Ni-Mn 2 -1.19 -0.15 -0.09 -0.75 -0.73 -0.73 -0.78 -0.90 -0.78
Ni-Fe 2 -0.45 0.93 0.93 0.06 0.09 0.11 0.07 0.07 1.57
Ni-Co 2 -0.28 0.87 0.91 0.25 0.21 -0.61 0.33 0.31 0.33
Ni-Ni 2 -0.26 0.66 0.72 -0.05 -0.01 0.02 0.00 -0.12 -0.03
Ni-Y 3 -2.37 -0.80 -0.81 -1.10 -1.10 -1.00 -1.09 -1.19 -1.07
Ni-Zr 4 -1.45 0.30 0.28 0.02 -0.06 0.01 -0.08 -0.15 -0.02
Ni-Nb 3 -1.1 0.82 0.91 0.39 0.30 0.37 0.25 0.15 0.32
Ni-Mo 3 -0.2 1.42 1.58 0.98 0.90 0.96 0.90 0.82 0.92
Ni-Ru 2 0.46 2.18 2.40 1.47 1.50 1.54 1.50 1.38 1.50
Ni-Rh 2 0.6 1.83 1.99 1.25 1.33 1.37 1.34 1.21 1.34
Ni-Pd 2 0.95 0.69 0.80 0.01 0.07 0.10 0.06 -0.11 0.03
Ni-Hf 4 -1.55 0.24 0.22 0.67 -0.09 -0.03 -0.11 -0.12 -0.06
Ni-Ta 3 -0.6 1.91 1.82 1.35 1.28 1.33 1.22 1.18 1.27
Ni-W 3 0.1 1.89 2.02 1.31 1.21 1.25 1.18 1.15 1.21
Ni-Re 3 0.3 1.57 1.68 0.99 1.01 1.04 0.89 0.92 0.99
Ni-Os 8 0.84 1.38 1.37 1.10 1.08 1.09 1.08 1.07 1.08
Ni-Ir 3 1.16 2.30 2.37 1.75 1.78 1.81 1.79 1.78 1.79
Ni-Pt 2 1.18 1.93 1.92 1.08 1.01 1.03 1.01 0.94 0.98



Table S6 DFT-calculated hydrogen adsorption free energies and corresponding doping distances of 
Ni–TM2@BN structures with favorable HER performance at different doping sites.

H-Ni dNi-TM2 △GH1* H-Ni dNi-TM2 △GH1*

Ni-Sc(OC1) 2.52 0.19 Ni-Nb(OC7) 6.65 0.12
Ni-V(OC2) 2.57 -0.21 Ni-Tc(OC7) 6.65 0.19
Ni-Fe(OC2) 2.57 -0.21 Ni-Ti(OC8) 8.69 -0.04
Ni-Pd(OC6) 5.03 -0.19 Ni-Zr(OC8) 8.69 0.18
Ni-Re(OC6) 5.03 0.08 Ni-Nb(OC8) 8.69 0.20
Ni-Ti(OC7) 6.65 0.19 Ni-W(OC8) 8.69 0.20
Ni-Zr(OC7) 6.65 0.13 Ni-Re(OC8) 8.69 0.20

Table S7 DFT-calculated hydrogen adsorption free energies and corresponding doping distances of 
Ni–TM2@BN structures with favorable HER performance at different doping sites.

H-TM2 dNi-TM2 △GH2* H-TM2 dNi-TM2 △GH2*

Ni-Ti(OC1) 2.52 0.13 Ni-Fe(OC4) 5.00 -0.09
Ni-Mn(OC1) 2.52 0.01 Ni-Ti(OC5) 4.33 0.11
Ni-Hf(OC1) 2.52 0.006 Ni-V(OC5) 4.33 0.16
Ni-Ti(OC2) 2.57 0.07 Ni-Cr(OC5) 4.33 -0.08

Ni-Mn(OC2) 2.57 -0.04 Ni-Mn(OC5) 4.33 -0.19
Ni-Fe(OC2) 2.57 0.18 Ni-Mn(OC6) 5.03 -0.17
Ni-Zr(OC2) 2.57 0.099 Ni-Co(OC6) 5.03 -0.03
Ni-Rh(OC2) 2.57 0.047 Ni-Ru(OC6) 5.03 -0.09
Ni-Pt(OC2) 2.57 -0.14 Ni-Os(OC6) 5.03 0.17

Ni-Mn(OC3) 4.37 0.14 Ni-Sc(OC7) 6.65 -0.1
Ni-Fe(OC3) 4.37 -0.17 Ni-Co(OC7) 6.65 0.17
Ni-Zr(OC3) 4.37 -0.058 Ni-Ru(OC7) 6.65 -0.12
Ni-Pd(OC3) 4.37 0.02 Ni-Rh(OC7) 6.65 -0.06



Fig. S1 Formation energy (Ef) distribution plot of Ni–TM2 structures.



Fig. S2 The correlations with the target values (△GH1* and △GH2*) before feature preprocessing.



Fig. S3 Feature importances of the three base models for the target value △GH1*.



Fig. S4 Feature importances of the three base models for the target value △GH2*.



Fig. S5 Prediction accuracies of the three base models on the △GH1* dataset after feature 
preprocessing.



Fig. S6 Prediction accuracies of the three base models on the △GH2* dataset after feature 
preprocessing.



Fig. S7 SHAP analysis of AdaBoost–GBR (△GH1*).

Fig. S8 SHAP analysis of AdaBoost–GBR (△GH2*).



Fig. S9 Error plots between the predicted values of AdaBoost GBR(△GH1*) and AdaBoost GBR 
(△GH2*) and the DFT-calculated values.



Fig. S10 Data distribution plot of △GH1* values from DFT calculations and EL predictions across 
eight TM2 doping sites.

Fig. S11 Data distribution plot of △GH2* values from DFT calculations and EL predictions across 
eight TM2 doping sites.







Fig. S12 COHP calculations for randomly selected single-metal-doped and bimetal-doped BN 
structures.













Fig. S13 PDOS plots for randomly selected single-metal-doped BN structures.











Fig. S14 PDOS plots for randomly selected bimetal-doped BN structures.





Fig. S15 PDOS plots for the Ni- and Mn-doped OC1 and OC3 configurations.





Fig. S16 Differential charge density plots for randomly selected Ni- and Ti-doped structures at the 
OC1–OC3 sites.









Fig. S17 Differential charge density plots for randomly selected single-metal-doped BN structures.









Fig. S18 Differential charge density plots for randomly selected bimetal-doped BN structures.

Fig. S19 Comparison of HER calculation results under solvation conditions with those in vacuum.



Fig. S20 Comparison of HER calculation results under DFT+U conditions with those in vacuum.

Fig. S21 Effect of Different k-Point Meshes on the Gibbs Free Energy of Hydrogen Adsorption 
(ΔGH1*) for the Ni-TM2@BN System.



Fig. S22 Crystal orbital Hamilton population (COHP) analysis for H intermediate adsorption on 
Ni–Ti, Ni–Cr, Ni–Mn, and Ni–Fe structures under different Monkhorst–Pack k-point samplings.





Fig. S23 Density of states (DOS) of Ni–Ti, Ni–Mn, Ni–Fe and Ni–Zr structures under 
different Monkhorst–Pack k-point samplings.

Fig. S24 Temperature and energy evolution curves of the Ni-Mn@BN structure during 
ab initio molecular dynamics (AIMD) simulation at 300 K.

Fig. S25 Temperature and energy evolution curves of the Ni-Zr@BN structure during 
ab initio molecular dynamics (AIMD) simulation at 300 K.
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