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Abstract

Single-atom catalysts (SACs) with N-heterocyclic carbene (NHC) coordination provide an effective strategy for
enhancing nitrogen reduction reaction (NRR) performance by modulating the electronic properties of the metal
active sites. In this work, we designed a novel NHC-coordinated SAC by embedding transition metals (TM) into a
two-dimensional C,N-based nanomaterial (TM@C,N-NCM) and evaluated the NRR catalytic performance using a
combination of density functional theory and machine learning. A multi-step screening identified eight
high-performance catalysts (TM = Nb, Fe, Mn, W, V, Ta, Zr, Ti), with Nb@C,N-NCM showing the best
performance (limiting potential = -0.29 V). All catalysts demonstrated lower limiting potential values compared to
their TM@graphene-NCM counterparts, revealing the effectiveness of the C,N substrate in enhancing catalytic
activity. Machine learning analysis achieved high predictive accuracy (coefficient of determination = 0.91; mean
absolute error = 0.19) and identified final step protonation (S,), Mendeleev number (N ), and d-electron count (N,)
as key factors influencing catalytic performance. This study offers valuable insights into the rational design of
NHC-coordinated SACs and highlights the potential of C,N-based nanomaterials for advancing high-performance
NRR electrocatalysts.
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INTRODUCTION

Ammonia (NH,) is indispensable in modern industry, primarily as an essential component in global
fertilizer production and as a key precursor in the synthesis of numerous chemicals'. Moreover, NH, has
gained increased attention as a promising carbon-free energy carrier due to its high hydrogen content
(17.6 wt%) and substantial energy density (4.3 kWh/kg)™". This dual role underscores the growing need for
sustainable and efficient NH, production methods™*. However, the industrial synthesis of NH, is
dominated by the Haber-Bosch process, which operates under extreme conditions (~500 °C, 200-300 atm),
accounting for approximately 2% of global energy consumption and significant greenhouse gas
emissions'®*. The electrocatalytic nitrogen reduction reaction (NRR) offers a promising green alternative,
enabling NH, synthesis under mild conditions with significantly reduced energy consumption and zero
carbon emissions"”'*. Nevertheless, the NRR process still faces challenges such as low activity and poor
selectivity, which severely limits their practical applicability"*'. Therefore, developing catalysts with high
activity and selectivity is crucial for enhancing NRR performance and advancing sustainable NH, synthesis.

Single-atom catalysts (SACs), characterized by atomically dispersed metal atoms on a substrate, have
emerged as a promising class of catalysts due to their maximized metal atom utilization, tunable electronic
properties, and exceptional catalytic performance!”**. SACs have shown great promise in various energy
conversion reactions”?”, and numerous high-performance SACs for NRR have been reported both
experimentally and theoretically®*". For instance, Feng et al. synthesized an efficient NRR electrocatalyst
by immobilizing Ru atoms onto a graphdiyne/graphene sandwich structure, achieving a high NH, yield rate
of 56.8 ug h" mg., ' and a Faradaic efficiency (FE) of 37.6%"". Similarly, Geng et al. developed a
nitrogen-doped graphene-based Ru SAC (Ru SAs/N-C) with an FE of 29.6% and an impressive NH, yield
rate of 120.9 g h™ mg_,”', which is nearly one order of magnitude higher than previously reported values®”.
Ling et al. conducted high-throughput screening of nitrogen-doped graphene-based SACs for NRR,
revealing the catalytic potential of different transition metals (TMs) (3d, 4d, 5d) in various coordination
environments (TM-N,C)). Among these, W,C, exhibited the best performance, with a remarkably low onset
potential of 0.25 V. These studies demonstrate that catalytic performance can be effectively tuned by
modulating the types of metal atoms, substrates, and the local coordination environment around the active
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sites. A critical factor in achieving an outstanding NRR catalyst is the optimal synergy between the metal
atom and the substrate. On the one hand, strong metal-substrate interactions are essential to stabilize the
isolated metal atoms and prevent their aggregation®*’. On the other hand, the inherent properties of the
metal atom, such as its electronic configuration and d-orbital occupation, play a key role in determining its
reactivity'"*”. Simultaneously, the local coordination environment provided by the substrate modulates the
electronic structure of the metal, affecting its ability to activate N, and promote selective catalytic
pathways**. This delicate balance between metal atom characteristics and substrate interactions is
essential to enhancing overall catalytic performance.

N-heterocyclic carbene nanomaterials (NCMs), which incorporate molecular N-heterocyclic carbenes
(NHCs) into the lattices of low-dimensional carbon materials, represent a novel class of carbon-nitride
materials with well-defined porous structures formed by NHC units**. These materials combine the
advantages of NHCs and the rigid, periodic carbon frameworks, facilitating the formation of robust C-TM
bonds with metal atoms. Simultaneously, the s-donating and n-accepting properties of NHCs interact with
the d-orbitals of the metal, modulating its electronic structure and thereby enhancing catalytic activity"*.
Thus, NCMs offer a distinctive NHC coordination environment, making them highly promising platforms
for the design of high-performance SACs. In our previous work, graphene-based NCMs have been
successfully employed to anchor various TMs (TM@graphene-NCM), demonstrating significant catalytic
potential for NRR"**). Among them, a Mn-embedded SAC exhibited remarkable performance, achieving a
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limiting potential (U;) as low as -0.51 V7).

C,N-h2D (C,N), a two-dimensional porous carbon nitride material first synthesized in 2015, has garnered
attention as an excellent substrate for anchoring metal atoms due to its wide band gap, high electron
mobility, and excellent thermal stability’®*'l. Its unique structure, characterized by electron-rich nitrogen
atoms exposed within a two-dimensional framework, offers an ideal platform for NHC functionalization,
facilitating the design of novel NCM. Unlike graphene, C,N possesses distinct structural and electronic
properties, providing a different local coordination environment that modulates the electronic properties of
the anchored metal atoms, potentially enhancing their catalytic performance® . Inspired by these
advantages, we systematically investigated C,N-based NCMs as platforms for SACs and explored their
potential in NRR catalysis.

In this study, we designed 28 SACs by embedding 3d, 4d, and 5d TMs into a C,N-based NCM system,
denoted as TM@C,N-NCM. Using a combination of first-principles calculations and machine learning
(ML), we systematically evaluated the NRR catalytic performance of these SACs. Through a multiple-step
screening process, eight candidates with high catalytic activity and selectivity for NRR were identified, all
exhibiting lower U, than their TM@Graphene-NCM counterparts, demonstrating enhanced catalytic
performance. Notably, Nb@C,N-NCM showed the best performance, with a U, of -0.29 V. ML models
further revealed the intrinsic factors governing the varied NRR performance across different SACs.
Compared to graphene-based NCMs, the introduction of C,N not only improved catalytic activity but also
expanded the range of TMs that could be utilized as promising SACs for NRR. This study provides valuable
insights into the design of highly efficient NRR electrocatalysts and offers strategies for developing more
effective SACs in future research.

MATERIALS AND METHODS

All density functional theory (DFT) calculations were carried out using the Vienna Ab Initio Simulation
Package (VASP)"*, with the electronic interactions between ions and electrons described through the
projector augmented wave (PAW) method". The exchange-correlation effects were treated using the
generalized gradient approximation (GGA) combined with the Perdew-Burke-Ernzerhof (PBE)
functionals”. For the plane-wave basis set, a kinetic energy cutoff of 500 eV was chosen to ensure
computational accuracy. The energy convergence criterion was set at 10° eV, while the force convergence
threshold was fixed at 0.01 eV/A. The Brillouin zone was sampled using 2 x 2 x 1 and 8 x 8 x 1 Gamma-
centered k-points for geometry optimizations and electronic property calculations””. Spin polarization was
included in all calculations to account for potential magnetic effects. A vacuum layer of 18 A along the
Z-direction was applied to eliminate spurious interactions between periodic images. The thermal stability of
the catalysts was evaluated using ab initio molecular dynamics (AIMD) simulations within the canonical
(NVT) ensemble. A Nosé¢ thermostat was applied to maintain the temperature at 500 K, with a time step of
1 fs over a simulation period of 10 ps". To incorporate van der Waals forces between NRR intermediates
and the catalyst, we employed the DFT-D3 method for calculating free energy and electronic structure"™.

Charge transfer was analyzed through Bader charge calculations'”. Detailed methods for evaluating
adsorption energies (E,,,), Gibbs free energy changes (AG), and differential charge density are provided in
the Supplementary Materials.

For the ML analysis, we utilized three non-linear regression algorithms: Random Forest Regression (RFR),
Gradient Boosting Regression (GBR), and Extreme GBR (XGBR)"*"*". A grid search technique was applied
to optimize the hyperparameters for each model**”. These algorithms were selected for their robustness
against overfitting, their ability to process high-dimensional datasets, and their superior predictive accuracy
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in material property modeling. All ML models were implemented using the Scikit-learn library**”. To
prevent overfitting, data normalization was performed prior to training, and a 5-fold cross-validation was
used to validate model performance. Model accuracy was evaluated using the coefficient of determination
(R?) and mean absolute error (MAE), with ideal models approaching an R* value of 1 and an MAE close to
0. For feature selection, we applied both Pearson correlation coefficient heatmap analysis and Recursive
Feature Elimination (RFE)'*”. The heatmap identifies highly correlated features, enabling us to eliminate
redundancy, while RFE iteratively removes the least important features, further refining the feature set. By
combining these two methods, we derived the optimal feature subset for input into the ML models. To
interpret the ML results and understand the influence of key descriptors on catalytic activity, the Shapley
Additive Explanations (SHAP) method was employed. SHAP provides the magnitude and direction of the
contribution of each feature to the model predictions”™. In the SHAP summary plot, each point
corresponds to a sample, with the horizontal axis showing the SHAP value, indicating the impact of the
feature on the prediction. Positive SHAP values contribute to an increase in the predicted value, while
negative values result in a decrease. The color of each point reflects the feature value, with red indicating
higher values and blue representing lower values.

RESULTS AND DISCUSSION

Structure of TM@C,N-NCM

To construct the target catalysts, a C,N-based NCM was designed by introducing three classic five-
membered NHC units into a 2 x 2 C,N supercell. TM atoms from the 3d, 4d, and 5d series were
subsequently anchored into the pores of the C,N-based NCM framework, resulting in the TM@C,N-NCM
structure (see Figure 1A). The lattice constant is a = b = 16.63 A. The TMs studied include 3d (Sc, Ti, V, Cr,
Mn, Fe, Co, Ni, Cu, Zn), 4d (Y, Zr, Nb, Mo, Ru, Rh, Pd, Ag, Cd), and 5d (Hf, Ta, W, Re, Os, Ir, Pt, Au, Hg)
elements [Figure 1B]. To gain a more comprehensive understanding of the role of the substrate and various
metals and identify broader trends, toxic Cd and Hg were also included in the study. Each TM atom is
stably coordinated by three NHC units, forming robust TM-C bonds. Due to the presence of three five-
membered rings, the non-planar TM@C,N-NCM structures result in the exposure of these metal centers on
the surface, which is beneficial for N, adsorption and catalytic activity.

To evaluate the stability of the metal atoms on the substrate, the binding energies (E,) of the TMs with the
C,N-NCM were calculated. As shown in Figure 1C, all TMs exhibited negative E,, except for Au, which had
a slightly positive value of 0.02 eV, indicating weak interaction between Au and the substrate. For the
remaining 27 TMs, the E, values range from -10.03 eV (Os) to -0.75 eV (Hg). These negative values confirm
their stable adsorption on the C,N-NCM substrate, with more negative values indicating stronger metal-
substrate interactions. Additionally, we found that the trend in E, is strongly influenced by the d-electron
configuration of the TMs, which is consistent with observations from TM@graphene-NCM. Metals located
in the middle of each period (e.g., Fe, Ru, Os) exhibited more negative E, values, which can be attributed to
a balanced electron donation from the metal to the NHC ligands and back-donation from the NHCs to the
d-orbitals of metal atoms. Early TMs (e.g., Ti, Zr, Ta) lack sufficient d-electrons for effective back-donation,
while late TMs (e.g., Zn, Cd, Hg) have fewer vacant d-orbitals to accept electron donation from the NHCs.
To further verify the thermodynamic stability of the catalysts, AIMD simulations were performed. Nb@C,
N-NCM, which later demonstrated the best catalytic performance, was selected as a representative example
to further verify its stability. The results showed that the energy fluctuations remained near equilibrium
throughout the simulation, with the Nb atom firmly anchored in the NHC coordination environment,
confirming the favorable thermodynamic stability of the structure (see Supplementary Figure 1). Based on
these results, 27 SACs (excluding Au) were identified as stable candidates for further catalytic investigation.
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Figure 1. (A) Top and side views of the optimized structure of TM@C,N-NCM. TM, C, and N atoms are represented in grey, yellow, and
blue, respectively; (B) The 3d, 4d, and 5d transition metals selected for this study; (C) Calculated binding energies (E,) of the TMs on
the C,N-NCM substrate. TM@C,N-NCM:Transition metals into a two-dimensional C,N-based nanomaterial; TM: Transition metals.

Screening strategy

As shown in Figure 2, the NRR proceeds through several mechanistic pathways, including Distal,
Alternating, Enzymatic, and Consecutive routes, each involving different proton and electron transfer
sequences. Given this complexity, a systematic and efficient screening approach is essential for evaluating
the catalytic performance of the designed catalysts. A three-step screening strategy was developed based on
previous theoretical studies™”7?. The first criterion is the E,y of N,, as effective N, binding is crucial for
initiating NRR. A threshold of E, < -0.50 eV was established to ensure strong chemisorption. Although the
pathways differ in intermediates, two protonation steps are critical across all mechanisms: the first
protonation (*N, + H' + e = *NNH), which breaks the N=N triple bond, and the last protonation step
(*NH, + H" + e = *NH,), where nitrogen transitions from a half-filled sp’ hybrid orbital in *NH, to a fully
filled sp’ configuration in NH,. These two steps have been widely recognized in previous studies as the most
likely potential-determining steps (PDS) in NRR, primarily due to the significant energy barriers associated
with them!”””. Thus, the second and third criteria focus on the AG for these protonation steps, with AG <
0.55 eV as the criterion for efficient catalysis. By applying these three criteria, i.e., favorable N, adsorption
and AG for the first and last protonation steps, we systematically screened 27 SACs, identifying the most
promising candidates for efficient NRR in the following.

N, adsorption and activation

The adsorption of N, on TM@C,N-NCM occurs in two primary configurations, i.e., end-on and side-on.
The corresponding E,,, and N-N bond lengths for both configurations are summarized in Figure 3, with
detailed values provided in Supplementary Table 1. Among the 27 investigated TMs, Zn, Ru, Cd, and Hg
can only stabilize N, in the end-on configuration, while the remaining metals can accommodate both
adsorption modes. The E,,, values for the end-on configuration range from -1.35 eV to -0.15 eV, while those
for the side-on configuration range from -1.44 eV to -0.19 eV. More negative E,,, values indicate stronger N,
binding, suggesting that the N, molecule preferentially adopts the end-on configuration for most TMs. The
N-N bond lengths after adsorption vary between 1.10 A and 1.19 A, indicative of varying degrees of N,
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Figure 2. Distal, alternating, enzymatic and consecutive reaction pathways for NRR. NRR: Nitrogen reduction reaction; TM@C,N-
NCM:Transition metals into a two-dimensional C,N-based nanomaterial; NH;: Ammonia.
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activation (except for the Zn system, where minimal activation is observed). The side-on mode typically
results in greater N, activation due to simultaneous interactions between both nitrogen atoms and the active
metal center. To further elucidate the mechanism of N, activation at the metal active sites, Fe@C,N-NCM
and Nb@C,N-NCM, which have been identified as the most promising NRR catalysts in subsequent studies,
were selected for detailed analysis using charge density difference, Bader charge, and projected density of
states (PDOS) calculations. In both systems, the N, molecules adopt the side-on configuration. As shown in
Figure 4A and B, significant electron transfer occurs between the metal atoms and the adsorbed N,
molecules, resulting in charge accumulation at the TM-N interface and depletion along the N=N bond. This
electron redistribution is consistent with the classical “donation-acceptance” mechanism, where the empty d
orbitals of metal atoms accept electron density from the lone pairs of N,, while simultaneously
back-donating electrons from their d orbitals into the N, anti-bonding orbitals, thereby weakening the N=N
bond. This results in an N=N bond elongation to 1.16 A for Fe and 1.19 A for Nb, compared to 1.10 A for
free N,. Bader charge analysis further confirms this interaction, with Fe and Nb donating 0.37 ¢ and 0.58 ¢
to N,, respectively. Additionally, PDOS analysis[Figure 4C and D] reveals significant overlap between the d
orbitals of the TM atoms and the 2p orbitals of N, near the Fermi level. This strong orbital hybridization
reveals the robust interaction between the metal centers and the adsorbed N,, which is crucial for efficient
N, activation and subsequent hydrogenation steps required for NRR. Based on the first screening criteria,
five metals (Sc, Zn, Pd, Cd, Hg) were excluded due to weak N, binding. The remaining 22 TMs (TM = T4, V,
Cr, Mn, Fe, Co, Ni, Cu, Y, Zr, Nb, Mo, Ru, Rh, Ag, Hf, Ta, W, Re, Os, Ir, Pt) correspond to 37 distinct N,
adsorption systems, comprising 22 end-on and 15 side-on configurations.

Screening of the first and last protonation steps

After the initial screening based on N, adsorption, the AG values for the first and last protonation steps were
calculated for 37 N, adsorption systems to refine the catalyst selection. As shown in Figure 5, eleven systems
in the yellow-shaded region meet the second and third screening criteria (AG(*N,—»*NNH) < 0.55 eV and
AG(*NH,—*NH,) < 0.55 eV). Of these, nine TM@C,N-NCM systems (TM = Ti, V, Fe, Zr, Nb, Ta, W, Os,
Ir) exhibit side-on N, adsorption; one (Pt@C,N-NCM) shows end-on adsorption, and Mn@C,N-NCM
supports both adsorption modes. These eleven systems were the final candidates screened for
comprehensive evaluation of their NRR catalytic performance. It should be noted that our earlier work
involving analogous structures has shown that the impact of solvation on the AG of key reaction steps is
within 0.15 eV Therefore, the solvation effect is not considered in this study.

Full reaction pathways and selectivity

Uy, which corresponds to the maximum free energy change (AG,,,
evaluate the catalytic activity of NRR catalysts. To accurately determine Uj, full-pathway calculations were
performed for the eleven systems identified in the screening process. For catalysts with side-on adsorption
(TM =Ti, V, Fe, Zr, Nb, Ta, W, Os, Ir), both enzymatic and consecutive pathways were analyzed. The distal
and alternating pathways were evaluated for the Pt system due to the end-on adsorption, while Mn, capable
of both adsorption modes, was assessed across all four pathways. The U, values and corresponding PDS for
each system are illustrated in Figure 6A. The full reaction pathway for Nb@C,N-NCM, which demonstrated
the best catalytic performance, is presented in Figure 6B, while the pathways for the remaining systems are

) in the PDS, is commonly used to

provided in Supplementary Figure 2. Generally, the protonation steps across all pathways exhibit a
characteristic increasing-decreasing energy trend. Seven systems exhibit the PDS in the first protonation
step, with corresponding U, values of -0.46 V for V, -0.42 V for Mn, -0.30 V for Fe, -0.29 V for Nb, -0.47 V
for Ta, -0.44 V for W, -0.53 V for Os, -0.51 V for Ir, and -0.44 V for Pt. Among these, Nb@C,N-NCM
demonstrated the lowest Uy, indicating the highest catalytic activity. In the cases of Zr@C,N-NCM and
Ta@C,N-NCM, the PDS is located in the last step of the consecutive pathway, with U, values of -0.48 V and
-0.47 V, respectively. For Ti@C,N-NCM, the PDS occurs during the third step of the enzymatic pathway
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(*NH*NH + H' + ¢ — *NH,*NH), yielding a U, of -0.68 V. Except for Ti, all systems follow the
above-expected strategy, with the most significant energy barrier occurring in either the first or last
protonation step, and the values are within the limits set by our screening criteria. Remarkably, compared to
TM@graphene-NCM catalysts'*”, the range of TMs that exhibit high catalytic performance in the screened
TM@CN-NCM systems is broader. Moreover, the U, values for all TM@C,N-NCM systems are
significantly lower, indicating enhanced catalytic activity. This demonstrates that the C,N substrate plays a
crucial role in optimizing the interaction between the active metal sites and N,, leading to improved
catalytic performance. Next, we evaluated the competition with the hydrogen evolution reaction (HER), a
major side reaction in NRR, by comparing the E,,, of N, and H at the active sites (see Figure 6C). More
negative E,,, values indicate a preference for adsorption at the active sites. Among the eleven systems, three
(TM = Ir, Os, Pt) exhibit a stronger preference for H adsorption, suggesting lower selectivity for NRR. The
remaining eight systems show more stable N, adsorption, demonstrating better selectivity for NRR. In
summary, based on the systematic evaluation, eight TM@C,N-NCM systems were finally identified as
potential high-activity and high-selectivity NRR catalysts. The catalytic activity follows the order: Nb > Fe >
Mn>W>Pt>V>Ta>Zr>Ir>0s>Ti
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Although the computational hydrogen electrode (CHE) model can effectively describe the reaction
mechanism and catalytic activity of NRR on Nb@C,N-NCM, it is overly simplistic for complex working
conditions, considering the influence of electrode potential only through energy correction. Therefore, we
further employed the Standard Hydrogen Electrode (SHE) model to investigate the effect of potential on the
NRR activity of Nb@C,N-NCM. Supplementary Figure 3A shows the computed energies as a function of
the applied electrode potential (vs. SHE) for Nb@C,N-NCM and the corresponding reaction intermediates.
It demonstrates that the energy-potential points fit well into a quadratic function. As shown in
Supplementary Figure 3B, we obtained the electrode potential-dependent free energy curves. The results
indicate that Nb@C,N-NCM exhibits the best catalytic activity at an electrode potential of -3V, with the
corresponding U, determined to be -0.14 V vs. SHE. Subsequently, we considered the effect of potential on
the selectivity of the catalyst [Supplementary Figure 3C]. The results show that within the potential range
considered, N, always has lower E,,, and more readily occupies the active sites of the catalyst compared to
the H atom, indicating excellent selectivity for NRR over HER.

Machine learning analysis

To explore the intrinsic factors influencing the catalytic performance of NRR catalysts, ML was employed to
uncover the relationships between fundamental physicochemical properties and catalytic activity. The
workflow of the ML approach is shown in Figure 7. The target variable dataset was derived from the
DFT-calculated results. Based on previous studies and validation in this work, the first and last protonation
steps were identified as key steps for assessing catalyst activity. These steps are collectively referred to as
Candidate Potential Determining Steps (C-PDS), and were used as the target variable for ML analysis. The
final dataset includes 28 AG values for the end-on mode first protonation, 24 for the side-on mode first
protonation, and 28 for the final protonation step.

To construct a reliable feature set, 20 features were selected (see Supplementary Table 2). Seventeen of these
features represent the inherent properties of TM atoms, such as Pauling electronegativity (x,), the number of
d-electrons (N,), and electron affinity (EA), with values obtained from the National Institute of Standards
and Technology (NIST) database!™.

Additionally, three binary features were introduced to distinguish between different protonation steps and
adsorption modes: S,; (first-step protonation of side-on adsorption), S, (first-step protonation of end-on
adsorption), and S, (last-step protonation). These features were encoded as one-hot vectors and
incorporated into the feature set. We first analyzed the Pearson correlation among the 20 features to identify
any potential redundancy. Subsequently, the RFE method was employed to select the optimal feature subset.
The Pearson correlation heatmap is presented in Supplementary Figure 4, while the final dataset after
feature selection is summarized in Supplementary Table 3. The results of optimal ML models using three
algorithms (XGBR, GBR, RFR) are shown in Figure 8A-C. All models demonstrated strong linear
correlations between the predicted values and the DFT-calculated results, with R* values ranging from 0.88
to 0.91 and MAE values between 0.19 and 0.24, indicating excellent predictive performance across all
models. Among these, XGBR exhibited the best performance, achieving the highest R* and the lowest MAE.
Additionally, the average R* and MAE values from the 5-fold cross-validation are summarized in Figure 8D,
further confirming XGBR as the best-performing model. Furthermore, we conducted additional model
training using eight features for comparison. The results, as shown in Supplementary Figure 5, indicate that
the average scores are very close, thereby supporting the reliability of the model.

Feature importance analysis revealed that the one-hot encoded features S, contributed the most, accounting
for 56.96% of the total importance. These features are crucial for distinguishing between the first and last
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protonation steps, and identifying the side-on and end-on adsorption modes in the first protonation step.
The Mendeleev number (N,,) and N, of the metal atom ranked as the second and third most important
features, contributing 23.77% and 8.94%, respectively (see Figure 9A). This indicates that these two intrinsic
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properties of the metal center play a key role in determining the catalytic performance of the catalysts. To
further understand the relationships between C-PDS and the key features, SHAP analysis was employed. As
shown in Figure 9B, the most important feature S, has a clear bipolar distribution, indicating that the last
protonation step generally has a lower AG than the first step. Similarly, S,;, ranked fourth, reveals that
end-on adsorption tends to result in a higher energy barrier for the first protonation step. N, the second
most important feature, showed a more complex SHAP distribution, reflecting its multidimensional nature.
As an ordering system for chemical elements, N incorporates various elemental properties such as electron
configuration, atomic radius, and ionization energy, leading to a mixture of SHAP values. Nevertheless, N |
plays a significant role in influencing catalytic activity, consistent with previous findings on
TM@graphene-NCM. The third most important feature, N, also showed a clear correlation with C-PDS.
Higher N, values tend to lower the C-PDS, suggesting that a greater N, enhances the interaction between
the TM center and N,, promoting N, activation and reducing the reaction barrier. These findings provide
valuable insights into the factors influencing NRR activity in TM@C,N-NCM systems and offer guidance
for the design and optimization of carbene-coordinated SACs based on the identified universal principles.

CONCLUSIONS

In this study, a combination of DFT calculations and ML methods was employed to comprehensively
evaluate the NRR catalytic performance of 28 TM@C,N-NCM catalysts by embedding TMs into a
two-dimensional C,N-NCM substrate. Through multi-step screening, full-pathway validation, and
competition analysis with HER, eight catalysts (TM = Nb, Fe, Mn, W, V, Ta, Zr, Ti) with high activity and
selectivity were identified. Among them, Nb@C,N-NCM exhibited the best performance, with U, of -0.29 V
. Remarkably, all identified catalysts showed lower U, values than their TM@graphene-NCM counterparts,
revealing the crucial role of the C,N substrate in enhancing catalytic performance. ML analysis using the
XGBR achieved excellent predictive accuracy for C-PDS free energies, with an R* of 0.91 and MAE of 0.19.
Feature importance analysis identified S, N,,, and N, as the most influential factors affecting NRR catalytic
performance. SHAP analysis further validated the significant roles of these features, demonstrating that
tuning these intrinsic properties can effectively modulate the catalytic activity of TM@C,N-NCM catalysts.
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This study demonstrates that combining C,N substrates with NHC coordination can significantly enhance
the performance of SACs for NRR. The findings provide universal guidelines for understanding NHC-
coordinated SACs and offer new insights into the rational design of high-performance NRR catalysts.
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