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1. Introduction

High-throughput screening and DFT
characterization of bimetallic alloy catalysts for
the nitrogen reduction reactionf
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The lack of active and selective catalysts hinders transition to the electrochemical nitrogen reduction
reaction (NRR) as an environmentally friendly route for on-site ammonia production under ambient
conditions. In search of active NRR electrocatalysts, we generated a dataset of surface and ordered
intermetallic alloys using density functional theory (DFT) and trained an artificial neural network (ANN)
using characteristics of the active-site transition-metal electronic d-states. The electrochemical limiting
potential of ~350 surface alloys with varying surface configurations was predicted using our developed
ANN, with a mean absolute error of 0.23 eV comparable to that of DFT. The full energy profiles of
Au@AuzRe and Au@AuszMo as potential candidates were further characterized and compared with those
of pure Re(001) and Mo(110) via DFT calculations to understand the enhanced catalytic activity rooted in
the electronic structure of the catalyst. Moreover, charge analysis showed significant charge transfer
from Re and Mo to Au in these alloys, resulting in a change of their electronic structure, and
improvement of their catalytic activity. Finally, the selectivity of the alloys was investigated by comparing
the adsorption free energy of nitrogen and hydrogen adatoms, and the resulting theoretical faradaic
efficiency. This work further confirms that alloying is an effective approach to enhance the catalytic
activity of transition metals and highlights how machine learning algorithms trained with physically
intuitive features of the materials can efficiently screen the chemical space of bimetallic alloys and
predict the limiting potential for a reaction such as the NRR over these alloys, thereby reducing the
computational cost of alloy catalyst design and providing an affordable path to electrocatalytic materials
discovery.

(10 bar pressure) at room temperature, which makes it a
promising candidate as a hydrogen carrier for renewable energy

Ammonia (NHj;) is one of the most produced chemicals in the
world with an annual production of around ~ 175 million tons.
The main application of NH; is in agriculture as an ingredient
of fertilizers, which has enabled population growth in the
20th century." Moreover, NH; is liquid under compression
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systems.” Despite significant efforts over the past years to use
renewable energies for NH; production, the industrial synth-
esis of NHj; is still dominated by the fossil-fuel-based Haber-
Bosch process.? The problem with the latter is that it requires
harsh reaction conditions (temperature and pressure in the
range of 400-500 °C and 150-200 bar, respectively) due to the
sluggish reaction kinetics of nitrogen (N,) with hydrogen (H,).*
As a result, the industrial process is responsible for around 2%
of the global annual energy consumption and the emission of a
considerable amount of carbon dioxide into the atmosphere.®™®

Interestingly, there is a remarkable contrast between the
industrial and natural NH; production.”’® Microorganisms use
the nitrogenase enzyme to produce NH; from solvated protons
and electrons under ambient conditions.'™'* Inspired by bio-
logical NH; production, the electrochemical nitrogen reduction
reaction (NRR) offers a sustainable and localized route toward
NH; production, where electrons are driven to the surface of
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the catalyst by an applied potential to react with protons and N,
dissolved in the solution."® However, no heterogeneous catalyst
has been able to produce NH; in significant yields due to two
major challenges, (1) the low NRR catalytic activity and (2) the
low selectivity toward the NRR. The low catalytic activity is
mainly a result of the poor N, adsorption and activation on the
surface of the catalyst, while the second challenge is due to the
competing hydrogen evolution reaction (HER) which diverts
most of the current from NH; production and results in low
faradaic efficiencies (FE).

The high bond energy of N, (941 k] mol™') limits the
activation of this molecule at the surface of the catalyst."*
Moreover, the high ionization energy and non-polar (chemically
inert) nature of nitrogen limits the electron/proton transfer
during an electrochemical reaction.'® The performance of the
NRR depends on the adsorption of N, on the surface of the
electrocatalyst as a crucial non-electrochemical step, via a
mechanism that involves o donation from the N, bonding
orbitals to empty orbitals of the active site and © back donation
from the filled orbitals of the catalyst to the N, anti-bonding
orbitals.'®™*® The latter mechanism has been unambiguously
demonstrated by Lee et al. for N, adsorption on iron (Fe) and
vanadium (V) sites of metal organic frameworks with density
functional theory (DFT) and correlated wave function theory,
together with natural bond orbital (NBO) analysis, which
unveiled the stabilizing interaction between the metal occupied
n-type NBOs and the unoccupied N, n*-type NBOs from second-
order perturbation theory.'® A prerequisite of this mechanism
is the coexistence of empty and occupied orbitals at the active
site. This makes transition metals (TM) promising candidates
as NRR catalysts owing to their partially filled d orbitals."® The
acceptance-donation mechanism results in the weakening of
the N=N bond and N, activation at the surface of the catalyst.
Thus, the first objective in electrocatalyst design for the NRR is
to effectively tune the electronic structure of the active site to
enhance this acceptance-donation mechanism and thus N,
activation at the catalyst surface as the most important step.

Extensive DFT studies have focused on TM surfaces for the
NRR in recent years and have unveiled a linear scaling relation-
ship between the limiting potential (Ujimiting) Of the TM surfaces
and the adsorption free energy of NRR intermediates.” This
relationship and the interaction of the catalyst surface with the
various NRR intermediates can be rationalized on the basis of
the catalyst electronic structure. In fact, the electronic factors
affecting the interaction of the catalyst with the adsorbate can
be described by the d-band model (ESIt)," which links the
activity of a catalyst to the properties of its metal d-band states,
and thus manipulating these electronic features of a catalyst
would modulate its activity.

Tuning the d-band via alloying proved a simple yet effective
approach to control the interactions of the electrocatalyst with
NRR intermediates and overcome the NRR activity and selec-
tivity challenges while reducing the cost of the catalyst by
limiting the use of expensive elements.”** Recently, Shi
et al. investigated the activity and selectivity of four different
metals (M = Fe, Mo, Ru, and Ni) and their alloys with Au (M,Au)
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for the NRR via DFT calculations.>®> Among 8 different alloys,
the MozAu ordered intermetallic (OI) alloy with a Ujimiting Of
—0.66 V performs best for the electrochemical NRR. The
selectivity of MozAu was then investigated by comparing the
adsorption free energy of N, and that of a hydrogen adatom (H),
and MosAu was found to adsorb N, stronger than H (AG%N2
< AG-y), suggesting high selectivity of the catalyst. Kim et al.
investigated a broad range of surface alloys composed of 30
transition metals via DFT, and reported that Ru and Re surface
alloy catalysts have lower Ujimiting than their Mn, Mo, Nb, and
W counterparts.’” The electronic properties of the catalyst were
further investigated on the basis of projected densities of states
(PDOS) onto the catalyst d orbitals, showing the changes in
electronic structure of the active site due to alloying. On the
experimental side, alloying has been shown in many instances
to increase the performance of the NRR. Yu et al. used an Ag;Cu
porous network to produce NH; with a production rate of
24.58 ugnm, h™! mgmf1 of catalyst and 13.28% FE at —0.5 V
vs. reversible hydrogen electrode (RHE).”® An AuCu nanowire
synthesized by Liu et al. showed improved catalytic activity
compared to that of AuAg, AuPd, and AuRu bimetallic alloys,
with an NH; production rate of 154.91 pgny, h™' mge, * and
56.96% FE at —0.2 V vs. RHE.”” The high NH; yield rate and FE
of AuCu was mainly attributed to the changes in the electronic
properties of the alloy catalyst which resulted in stronger
interaction between the NRR intermediates and the catalyst
surface.

Despite extensive computational and experimental work, the
design of an active and selective catalyst for the NRR remains a
challenge as screening the chemical space via conventional
computational methods is time consuming, especially for
bimetallic alloys with different surface structures and stochio-
metric ratios. This motivated us to train an artificial neural
network (ANN) to predict the overpotential of bimetallic alloys
for the NRR on the basis of d-band features obtained from DFT
PDOS calculations. Electronic properties of the most promising
electrocatalyst candidates and full NRR pathways were further
characterized by DFT calculations.

The manuscript is organized as follows: the NRR mechan-
isms are described in Section 2, the computational details of
the simulations used to generate datasets are presented in
Section 3, the MLA features and performance in Section 4,
while results are presented and discussed in Section 5, with
concluding remarks following in Section 6.

2. NRR mechanisms

Two main mechanisms have been proposed for the NRR, based
on the characteristics of the N=N bond, namely the associa-
tive and dissociative pathways. As the dissociation of N=N
requires overcoming a high energy barrier on flat surfaces, the
latter pathway was not considered in this study.® Associative
pathways encompass the distal, alternating, and enzymatic
routes, which mainly differ in the adsorption configuration
and hydrogenation sequence of N,. In the distal and alternating
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pathway, N, is adsorbed with an end-on configuration whereas
in the enzymatic pathway N, is adsorbed in a side-on configu-
ration. The hydrogenation step implicates either Tafel-type or
Heyrovsky-type mechanisms.’ In the Tafel-type mechanism, the
solvated proton is first adsorbed on the surface, where it
attaches an electron and reacts as an H adatom with the NRR
intermediate. In the Heyrovsky mechanism, the adsorbed inter-
mediate is hydrogenated directly from the solution and elec-
trons from the electrode. Among associative pathways, the
distal pathway is the most favourable one on transition metal
surfaces, and thus the one considered in this article.’**?% In
this pathway, through a mechanism detailed in eqn (1), N, is
adsorbed with an end-on configuration as the first and most
important step in the NRR (eqn (1a)). This non-electrochemical
step is followed by hydrogenation of adsorbed N, in subsequent
electrochemical steps. The first hydrogenation step (eqn (1b))
of the NRR is the potential limiting step for late TMs such as Ni,
Pt and Au while the fifth hydrogenation (eqn (1f)) step is the
potential limiting step for early TMs such as Sc, Ti and V.° NH;
ultimately desorbs from the surface of the catalyst (eqn (1h)),
making the active site available for another catalytic cycle.

Nyg) +* = "N, (12)
*N, + 6(H" +e7) » *NNH + 5(H" + e) (1b)
*NNH + 5(H" +e7) » *NNH, + 4(H' +e7)  (1¢)
*NNH, + 4(H' +e7) - *N+3(H " +e" )+ NH; (1d)
*N+3H +e7) » *NH+2(H +e) (1e)
*NH +2(H" +e7) > *NH, + (H +¢) (1f)
*NH, + (H" + e”) - *NH, (1g)

*NH; — NH,(g) + * (1h)

3. Computational details
3.1 DFT calculations

DFT calculations were performed using GPAW 22.8.0, a Python
code based on the projector augmented wave method,>® with
the Bayesian error estimation functional with van der Waals
correlation (BEEF-vdW).>® The ionic cores were described with
pseudopotentials derived from the projector augmented wave
(PAW) approach supplied with GPAW.*' The BEEF-vdW
exchange-correlation functional, which combines the general-
ized gradient approximation (GGA) with the Langreth-Lundg-
vist van der Waals (vdW) functional, was selected given the
crucial role of van der Waals interactions in accurately describ-
ing adsorption energies. Bulk structures were first cell-
optimized, lattice parameters evaluated with a 500 eV plane-
wave cutoff and the first Brillouin zone sampled with 6 x 6 x 6
Monkhorst-Pack k-point grids. Closed-packed FCC (111), BCC
(110), and HCP (001) with periodically repeated (2 x 2) four-
layer supercells were constructed from the BEEF-vdW opti-
mized bulk structures to model the metal surfaces. Periodic
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images were separated by a 10 A vacuum in the direction
perpendicular to the surface. To aid self-consistent-field (SCF)
convergence, the occupations of Kohn-Sham eigenstates were
smeared by the Fermi-Dirac function with a width of 0.1 eV
typical for metallic systems, and all energies were extrapolated
to kgT = 0 eV. 6 X 6 x 1 Monkhorst-Pack k-point sampling was
used for surface structure optimization (with the bottom two
close-packed layers constrained at their bulk positions) with
plane-wave cutoffs similar to those for bulk calculations, while
afiner 9 x 9 x 1 grid was used for final electronic structure and
density of state calculations. All structural optimizations were
considered converged when the force on any position-
optimized atom fell below 0.02 eV A™*. Charge analysis was
performed with the quantum theory of atoms in molecules of
Richard Bader.*?

3.2 Dataset generation

The bimetallic catalysts consist of surface and OI-type alloys
composed of the TMs with structures shown in Fig. 1. The
binary OI and surface alloy structures were constructed from
L1, crystal structures and the most stable crystal structure of
the core elements (FCC, BCC, or HCP), respectively. For surface
calculations, we considered the (111) surface for FCC metals
(Ag, Au, Cu, Ir, Pd, Pt, Rh) and the (001) surface for hcp metals
(Re and Ru). As mentioned earlier, among all associative path-
ways (distal, alternating and enzymatic) for the NRR, the distal
pathway is proposed to be the most favourable one at the
surface of TMs, with *N, — *N,H (eqn (1b)) or *NH — *NH,
(eqn (1f)) conversion as the potential determining step
(PDS).>*® One important factor in mechanistic studies for
electrochemical reactions is evaluating Ujimiting. The latter is

(c) (d)

Fig. 1 Bimetallic surface structures considered in the development of the
machine learning model. (a) and (c) Side and top view of 111-terminated
surface alloy and (b) and (d) side and top view of ordered-intermetallic
alloy. A and B (depicted in a) represent metal elements across the periodic
table.
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determined as the maximum free energy difference between
two electrochemical steps along the free energy profile. For
TMS, Ulimiting €an be evaluated by comparing the maximum
values of (AG«y,u — AG«y,) and (AG+nn, — AG+nn), where AG is
the adsorption free energy of a given intermediate. It should be
noted that multiple adsorption sites exist on the surface of the
electrocatalyst, however, we focus here exclusively on the on-top
site to isolate and examine the direct influence of alloying on
the electronic structure of the guest metal, and consequently,
on the Ujimiting-

Using DFT, we generated a database of adsorption free
energies of N,, N,H, NH and NH, for the on-top adsorption
site over 220 bimetallic alloy catalysts via:

X )
AGinn, = G*N.\-H}‘ - EGNZ - %GHZ -G (2)
G = Epgr + ZPE+ |G,dT — TS 3)

where x and y in eqn (2) are the respective numbers of nitrogen
and hydrogen atoms in the NRR intermediates. The Gibbs free
energy of NRR intermediates and gas phase molecules were
calculated by adding thermal and entropic corrections to the
DFT calculated electronic energies in eqn (3), where Epgr is the
electronic energy calculated by DFT, the zero-point energy (ZPE)
and entropy (S) corrections are calculated using the ASE ther-
mochemistry package under the ideal-gas, harmonic-oscillator,
rigid-rotor approximation with information obtained from
vibrational frequency analysis at 298.15 K and 1 atm.*® G*
refers to the clean adsorbate-free catalyst surface. The ZPE
and S values for gas-phase N,, H, and NH; molecules were
taken from the NIST web database as per convention of the
field;>* we note that use of experimental data or explicitly
calculated properties (Table S1, ESIt) provides essentially the
same results (within at most 0.03 eV).

4. MLA approach

4.1 Feature selection and engineering

Advancements in MLAs prompted the development of massive
datasets and made them a popular tool for various applications
such as e.g., material discovery and drug design.*>*® The key
factor in improving and controlling the accuracy of the algo-
rithms lies in the features that are used to train the model.
Thus, exploring new descriptors is crucial for activity prediction
and catalyst discovery and synthesis. Choosing the right train-
ing features is the most critical step for developing MLAs. In
heterogeneous catalysis, the reaction takes place at a well-
defined active site, and selected features to estimate Ujimiting
of an electrochemical reaction should thus (1) represent struc-
tural and electronic properties of the active site uniquely; (2) be
available or easily computed; and perhaps most importantly (3)
provide chemical insights and be physically intuitive.

As mentioned earlier, the properties of the active site are
important factors in heterogeneous catalysis. Therefore, the
local geometrical and electronic properties of the active site can
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be used as input features to train the MLAs. Features derived
from the geometrical structure of a system are referred to as
structural descriptors. Previous studies have shown that, for
example, the active site coordination number is a good struc-
tural descriptor that correlates with the catalytic activity.>” Kim
et al. developed a slab graph convolutional neural network
(SGCNN) using intrinsic properties of the active-site metal such
as group number, electron affinity, electronegativity, and peri-
odic number to predict the limiting potential of the NRR for
bimetallic alloys.>® The SGCNN was able to predict adsorption
energies of intermediates with a 0.23 eV mean absolute error
(MAE), which could then be used to estimate the limiting
potential. Zafari et al. used a light gradient boosting machine
(LGBM) to predict the adsorption energies of N,, N,H, NH, and
NH; for graphene-based single-atom catalysts and transition
metal borides.*>® The bond-orientational order parameter (BOP)
was used as a local descriptor along with the N=N bond
length of adsorbed N,, melting point and atomic number of
the active site metal. These approaches only used the geome-
trical properties of the active site to train the MLAs.

Another category of descriptors, the so-called electronic
descriptors, are simply determined from electronic structure
calculations. Descriptors like the characteristics of the d-bands/
orbitals such as their center, filling and width belong to this
family of descriptors, and they have been used to estimate the
reactivity of catalysts for other electrochemical reactions such
as the CO, reduction reaction.*®*° The d-band model devel-
oped by Hammer and Nerskov states that the interaction
between the adsorbate state with the d states of the catalyst
(for TMs) determines the interaction strength and is directly
related to the properties of the d-band. The first and the second
moments of the density of states are the centre (¢;) and width
(Waq), respectively, defined as:

7 J % ng(e)ede
“= [T n4(e)de @
W, = Itind (€)*de (5)

ffznd (€)de

where nq is the PDOS of the active site computed in terms of a
single-particle energy (¢).'® Also, the filling that is defined as
the number of states below the Fermi level affects the center
and the width of the d-band.*'™**

- ‘fffoond(e)de
Ja [T %n4(e)de ©)

The model robustness and physical intuition are important
factors while choosing the features to train MLAs, thus, the
d-band features extracted from the PDOS of the active site
(€4, Wa, fa) calculated by DFT are used as electronic features
to train the MLA. The position of the top edge of the d-band was
also included as a training feature since the of filling of the
anti-bonding state at the top of the d-band determines the
strength of the interaction. Besides electronic structure

This journal is © the Owner Societies 2025
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features, intrinsic properties of the active site available from the
periodic table such as electron affinity, Pauli electronegativity,
work function, and atomic radius of metal active site were
included. We believe that electronic descriptors play a crucial
role in modelling actual electrocatalysts with complex struc-
tures, such as those exhibiting disorder or phase segregation,
as these structural variations result in changes in the electronic
structure of the active site that would not be captured by
elemental and intrinsic properties of the active site metal alone.
Moreover, using the electronic descriptors enhances MLA pre-
diction accuracy compared to that of using only elemental
descriptors, as further discussed in the ESI.{ In the last step
of feature engineering, we standardize MLA features to enhance
the accuracy of the model, because of the large variation in the
numerical values of the data in the dataset used for training of
MLAs, which results in low training efficiency and prediction
bias for optimization algorithms. We standardized our training
features using the StandardScaler module implemented in
scikit-learn®* as:
Y= Xi — My @)
O—X

where x; is the feature vector, and p, and o, are the mean and
standard deviation of feature x, respectively. Features are
centered around u, = 0 with o, = 1 after standardization.

4.2 MILA performance

To train the MLAs and evaluate their performance for Uiniting
prediction, we randomly divided the dataset into two subsets,
with 75% of the data for training and the other 25% for testing
the MLA performance. To prevent overfitting, 20% of the
training data was used as a validation set, and early stopping
was applied during training (Fig. S2, ESIt). The performance of
each regression model is quantified by the MAE and root-mean-
squared error (RMSE) values as:

MAE:%Z(\Y,——y,-I) (®)

where Y; and y; are the values obtained from DFT calculations
and MLA prediction, respectively. To tune the hyperparameters
of the ANN, namely the activation function, optimization algo-
rithm, batch size, number of layers, number of neurons, and
epochs, the GridSearchCV implemented in the scikit-learn
library was used with 10-fold cross-validation (Table S2, ESIT).
A feed-forward ANN with two hidden layers of 13 and 11
neurons was designed to understand the correlation of the
features and predict Ujimiing Of the NRR using Tensorflow.*
The rectified linear activation function (relU) is implemented as
the activation function in the input and hidden layers while a
linear function is used for the output layer. The GridSearchCv
was also used to find the optimal hyperparameters of support
vector regressor (SVR) and random forest (RF) algorithms,

This journal is © the Owner Societies 2025

View Article Online

Paper
0.5
mm Train
Test
0.4F 0.38
0.36
034 033 038
032 (37 : 0.32
< 03F 028 0.27
L
o 024 453
<
= g2t
0.17
0.15
0.1}
0.0 . . " " " "
> & >
¢ N < >
<
5 ,\00 QQQ/\OQ 9‘70 \o{\ \C'(\ © Qboé' Z\){ 0&
SR SIC N S L&
V& & V@ o @ &
& @Q @Q

Fig. 2 Training and test prediction accuracy (mean absolute error — MAE)
of different MLAs for predicting Ujmiting Of the NRR at the surface of
bimetallic alloy catalysts.

collated in Table S2, ESIL.{ Using standardized features and
optimized hyperparameters, we trained different regression
models, the training/test MAE of which are shown in Fig. 2.

The linear regression models (linear, ridge, lasso, and elastic
net) give almost similar prediction errors and linear regression
has the lowest test error of 0.32 eV, which is significantly larger
than the admitted accuracy of DFT calculations (~0.1 eV). SVR
has a similar performance to linear models while RF and ANN
feature the lowest MAEs (0.24 and 0.23 eV, respectively).
Although SVR, RF, and ANN models yield similar MAEs, the
ANN exhibit a lower RMSE on the test set (Table S3, ESIY),
indicating greater robustness to outliers. This is critical for
model generalization, especially for relatively small datasets.
The slightly larger gap between training and test MAEs in ANN
reflects reduced overfitting, not poor generalization, and sup-
ports its selection as the final model.

While the dataset employed here contains around 220
entries, its small size is balanced by the use of a low-
dimensional, physically intuitive feature space of only
10 descriptors. Using physically-sound features like the d-
band center allows to decrease model complexity and enhance
interpretability without compromising performance, enabling
effective learning even with a limited dataset size, as confirmed
by results for the cross-validation and test sets. While larger
datasets will certainly enhance model stability, it is demon-
strated herein that even small, well-designed datasets together
with physically informed features yield stable and useful pre-
dictions for catalyst design.

4.3 MILA feature correlation

The feature-feature correlation established by Pearson’s pro-
duct moments is shown in Fig. 3. The d-band features are
strongly correlated, particularly for the d-band filling, center,
and width. The center of the d-band is positively correlated with
their width. On the other hand, the center and width are
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Fig. 3 Pearson’s pairwise product moment correlation heat map among
activity descriptors used as training features in this work.

inversely correlated with the filling of the states. As the number
of d-orbital electrons increases, the width of the d-state band
decreases with a down-shift in energy, as observed in the PDOS
of TMs such as e.g., Cu, Ag and Au.*’ Based on the d-band
model, the down-shift of the d-band center will result in poor
interaction between the adsorbate and the metal surface.'®

The d-band center shows positive correlation with Ujimiting, while
the filling is negatively correlated with Ujimicng (Fig. 3). Feature
importance analysis further indicates that the d-band center, filling
and upper edge are more influential than other features (Fig. S3,
ESIt). We note that the significance of d-band filling in MLA based
adsorption predictions has also been reported previously in the
context of OH and CO adsorption energy.*® Among the intrinsic
properties of the active site, the electronegativity shows the highest
correlation with Uimiting. Incidentally, this correlation was also
reported in previous studies where only the catalyst geometrical
structure and intrinsic element features of the adsorption site were
considered in training the MLA, not including the electronic
structure (d-band) features as in this work.*®

5. Results and discussion
5.1 MLA prediction of limiting potentials

To design bimetallic alloys with improved catalytic activity, we
use the ANN discussed in the previous section to rapidly screen
a wide range of (111) terminated bimetallic surface alloys.
While such idealized models do not account for disorder,
defects or phase segregation often present in actual bimetallic
systems, they provide a controlled framework to systematically
investigate the influence of composition and geometry on the
electronic structure of catalytic active sites and unveil transfer-
able activity descriptors, particularly those based on metal d-
band characteristics, that should remain relevant even in more
complex environments. By focusing on ordered structures, we
aim to establish a foundation for active site prediction and
screening, which can later be extended to include non-ideal
surfaces. Therefore, this approach enables a proof-of-principle
demonstration of how alloying may modulate electrocatalytic
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predicted by the ANN model vs. d-band center.

behavior and supports rational catalyst design grounded in
electronic structure-property relationships.

The ANN is used to predict Ujimiting Of the A@A;B, A@A,B,
and A@AB; surface structures shown in Fig. 4(a)-(c). The
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structures of the bimetallic (111) alloys consist of a monolayer
of A (host) and B (guest) atoms with varying ratios, and three
bottom layers of the host metal. We screen the chemical space
by substituting the A element with six metals and the B element
with 13 transition and noble metals. Fig. 2 shows that the ANN
can predict Ujimiting Of a wide range of catalysts with different
surface compositions with a 0.23 eV MAE. Our ANN can predict,
within the confidence level of the model, Ujiniting for pure TM
(111) surfaces such as Ag, Cu, Pt and Pd, which have been
studied extensively via DFT calculations.?” In Fig. 4(d), we show
the volcano plot of Ujimiting vs. d-band center of the alloy for
Ulimiting > —1 V predicted by our model for alloys with different
surface structures. The top of the volcano plot is occupied
by Ag/Re, Au/Re and Au/Mo alloys. These candidates
show improved activity compared to pure Re (001) surfaces
(Ulimiting =—0.95 V), with eg. Ulimiting = —0.48 V for Au@AuzRe.
The main reason for this improved catalytic activity is the alloy-
induced change in the electronic structure of the active site due
to charge transfer from Re to the Au substrate. The charge
transfer affects the filling of the d-band and thus, the d-band
center shifts towards the Fermi level and the anti-bonding state
forms above the Fermi level (not filled with electrons). This
enhances the interactions between the NRR intermediates, and
the catalyst surface as discussed in the following sections.

5.2 N, adsorption on Au@Au;M (111) (M = Re, Mo)

DFT calculations were performed for the two potential candi-
date alloys Au@Au;Re and Au@AuzMo where the active sites
are Re and Mo, respectively, to confirm the ANN predictions
and provide further insight regarding the improved catalytic
activity of the surface. To investigate the stability of candidate
alloys, we calculated the formation energies of Au@Au;Re and
Au@AuzMo (see ESIt for details). Formation energies of
—5.37 eV and —3.20 eV for A u@Au;Re and Au@AuzMo, respec-
tively, demonstrate the stability of these alloys. As the first key
step, we investigated the adsorption of N, on the surface of the
alloys and on pure Re (001) and Mo (110) surfaces for compar-
ison. N, can be adsorbed at the surface of the electrocatalyst
with the end-on or the side-on configurations. The adsorption
free energies in the end-on configuration on Au@AusRe and
Au@AuzMo are —0.64 eV and —0.38 €V, respectively, while the
adsorption free energies in the side-on configuration are
0.24 eV and 0.28 eV for the same alloys (Fig. S4, ESIt). The
positive adsorption free energy for the side-on configuration
shows the weak interaction between N, and the surface of the
catalyst and this mode of adsorption is thus not thermodyna-
mically favorable. Accordingly, N, adsorbs with an end-on
configuration at the surface of the catalyst where only one
nitrogen atom directly interacts with the surface. The
N=N bond undergoes an elongation from 1.10 A to 1.13 and
1.12 A over Au@Au,Re and Au@AusMo, respectively. Moreover,
Bader charge analysis shows 0.18e™ and 0.14e”~ charge transfer
from Re and Mo to the N, molecule upon adsorption, respec-
tively, confirming N, activation at the surface of these catalysts.

The bonding and anti-bonding contributions of each mole-
cular orbital is investigated via crystal orbital Hamilton
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Fig. 5 Crystal orbital Hamilton population (COHP) plots for (a) isolated N, (b)
N, adsorbed on the Au@AusRe catalyst and (c) N, adsorbed on the Au@AuzMo
catalyst. The increase in ICOHP (reduction of magnitude) indicates the activa-
tion of N at the surface of the catalyst. The bonding contributions are shown
on the right, depicted in blue, and the anti-bonding ones on the left side,
depicted in red. The Fermi level (Ef) is indicated as a dashed line.

population (COHP) analysis using the local orbital basis suite toward
electronic-structure reconstruction (LOBSTER).”” COHP is a method
that partitions the band structure into bonding, anti-bonding and
nonbonding contributions. Analogous to integration of the density
of states up to the Fermi level, which corresponds to the number of
electrons, integration of the COHP (ICOHP) for a pair of atoms up to
the Fermi level is related to the bond strength.***® The plots of
—COHP vs. energy for N, in the gas phase and adsorbed at the
surface of Au@AuzRe and Au@AuzMo are shown in Fig. 5. The
ICOHP for isolated N, is —23, a low value due to the strong triple-
bond character of the N=N molecule. Comparison of the
ICOHP between isolated N, and N, adsorbed on Au@Au;Re and
Au@AuzMo (Fig. 5(b) and (c)) confirms N, activation over the
catalysts, with an increased ICOHP (reduction in magnitude). The
major contribution to the bonding of N, at the surface of Au@Au;Re
arises from the interaction of orbitals aligned with the N, molecular
axis and perpendicular to the surface (Fig. S5, ESIt).

5.3 Electrocatalytic N, reduction to NH; over Au@Au;M (111)
(M = Re, Mo)

In this section, the catalytic activity of Au@AuzRe and
Au@AuzMo is investigated for the reduction of N, to NH; via
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the distal pathway and their NRR activity compared to that of
pure Re (001) and Mo (110) surfaces. The free energy profiles of
the reaction over the alloys and pure surfaces are shown in
Fig. 6 (with the adsorption free energies of intermediates
collected in Table S6, ESIt). The minimum energy configu-
ration of each intermediate was calculated by considering nine
different adsorption sites on the surface of the Au@Au;Re (111)
and Au@AuzMo (111) structures (Fig. S6, ESIT). All NRR path-
ways involve six proton-coupled electron transfer steps and five
possible intermediates. The first electrochemical step of NRR is
the hydrogenation of *N, with an end-on configuration to form
*N,H, which is 0.48 eV uphill in free energy over the Au@Au;Re
catalyst. The enzymatic mechanism side-on intermediate was
also considered for this step. However, the free energy change
for the first hydrogenation along the enzymatic pathway ends
up 1.25 eV uphill in free energy and thus not favorable
compared to that of the distal pathway over Au@AujzRe
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Fig. 6 Free energy profile of the NRR via the associative distal mechanism
at (a) Re (001) and Au@AuzRe (111); (b) Mo (110) and Au@AuzMo (111)
surfaces. The PDS which is *N, — *N,H for surface alloys and *NH —
*NH, for pure metals surfaces are shown with dashed red lines.
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(Fig. S4b, ESIt). The second hydrogenation step (*N,H, for-
mation) is uphill in free energy, but to a lesser extent than the
first step and is thus not so relevant for evaluating Ujimiting. The
proton-electron (H'/e™) pair further attacks *N,H, to form the
intermediate *N by releasing the first NH; reaction product.
The *N is sequentially further hydrogenated to form *NH, *NH,
and *NH; via steps that are all uphill in free energy, but still
with lower magnitude than that for the first hydrogenation step
(0.48 eV). This makes the first electrochemical step in the NRR
(*N, — *N,H) the PDS for the reduction of N, to NH; at the
surface of Au@Au;Re, consistent with one of the underlying
assumptions of our MLAs. The DFT calculated Ujimiting Of
—0.48 eV is very close to the MLA predicted value of —0.41 eV
for this alloy, demonstrating the reliability of MLAs in predict-
ing Ulimiting With reasonable accuracy. Comparison of the PDS
of the NRR over Au@AuzRe catalysts with that at pure Re (001)
surfaces (—0.95 eV) demonstrates that the catalytic activity of
Re is improved upon alloying with Au.

To understand the origins of the enhanced catalytic activity
for Au@Au;Re, we inspected the PDOS of Re as the metal active
site in pure Re and Au@AuzRe, Au@Au,Re, and Au@AuRe;
alloys, shown in Fig. 7. The PDOS of Re in Au@AuzRe is
narrower and the d-band center is closer to the Fermi level
compared to that of Re for pure Re (Fig. 7(a)). As the content of
Re increases at the surface, e.g. for Au@Au,Re, (Fig. 7(c)) and
Au@AuRe; (Fig. 7(d)), the d-states become wider, and the d-
band center shifts down. The changes in the PDOS of the metal
active site are consistent with charge distributions obtained
from Bader charge analysis. The latter shows significant elec-
tron transfer (0.58¢) from Re to Au in Au@AuzRe (Fig. S7,
ESIT), not surprisingly as Au is more electronegative than Re. By
increasing Re content (going from Au@AuzRe to Au@Au,Re,
and Au@AuRe;), charge transfer from Re to Au decreases
(0.58e7, 0.47e” and 0.39¢™, respectively), resulting in a down-
shift of the d-band center and an increase of the bandwidth
compared to that of Au@AusRe.

As for Au@AuzMo, the hydrogenation of *N, to *N,H is the
PDS of the NRR over Au@Au;Mo with Ujiniting = —0.67 V, which
is incidentally close to the value of —0.64 V predicted by MLAs.
Again, the hydrogenation of *N, to *N,H via the enzymatic
pathway is 0.90 eV uphill in free energy and thus not thermo-
dynamically feasible (Fig. S4b, ESIf). The second (*N,H —
*N,H,, eqn (1c)), third (*N,H, — *N, eqn (1d)) and fourth
(*N — *NH, eqn (1e)) hydrogenation steps are downhill in free
energy over Au@AuzMo and are thus facile and not pertinent to
the evaluation of Ujimiting. All the remaining steps are uphill in
free energy over Au@AuzMo. We note that the *NH — *NH,
step (eqn (1f)) is the PDS over Mo (110), which is 0.67 eV uphill
in free energy while the free energy change for this step is
reduced to 0.31 eV over Au@AuzMo. Similarly to the Au-Re
alloys discussed above, this is due to the changes in the
electronic properties of the Mo active site (PDOS shown in
Fig. S8, ESIY), reflected in the Bader charge distributions.
According to the latter, almost 1le™ is transferred from Mo to
Au in Au@AuzMo. Trends in charge transfer are almost similar
to those for Au-Re alloys, where charge transfer from Mo to Au

This journal is © the Owner Societies 2025
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Fig. 7 PDOS of the Re active site in pure Re (001) surfaces (black) and (111)
surface alloys; Au@AusRe (green), Au@AuzRe; (red) and Au@AuRes (blue);
(@) Au@AuzRe and Re, (b) Au@AusRe and Au@AusRe,, (c) Au@AuszRe and
Au@AuRes and (d) Au@AuRes and pure Re.

decreases in Au@Au,Mo, (0.78¢™) and Au@AuMo; (0.5% ). We
note that the PDS changes from *NH — *NH, over pure Mo and
Re to the first hydrogenation step (*N, — *N,H) of the NRR
mechanism (eqn (1)) for surface alloys (Fig. S9, ESIt). As
discussed earlier, this is due to the changes in the electronic
properties of the active site via alloying. Another important
factor to consider in electrochemical reactions is the ease of
desorption of the products. In the case of Au@AuzRe and
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Au@AuzMo, the desorption of NH; from the active site is
~0.6 eV uphill in free energy. The endergonic desorption of
NH; is mainly due to the strong interaction of the alloy surface
with N, and the NRR intermediates.*®

5.4 NRR vs. HER

The HER is a competing side reaction of the NRR, consuming
protons and electrons, and resulting in low FE. Thus, a high
selectivity toward the NRR is also essential for a catalyst besides
its high catalytic activity. Protons available from aqueous
solution at the surface of a catalyst tend to block the active
sites and hinder the most important step in the NRR, which is
the adsorption of N, at the surface of the catalyst. This is crucial
for the NRR if N, and H share the same adsorption/active site,
which is the case for selected alloys (Fig. S10, ESI{). One
approach to measure the selectivity of a catalyst is to compare
the free energy of adsorption of N, and H, and to exploit their
difference as a selectivity factor:

AGs = AG«y, — AGxy (10)

The AGs (collected in Table S7, ESIf) are positive for Re
(0.30 eV) and Mo (0.33 eV), demonstrating the low selectivity of
pure surfaces. On the other hand, the AGs of —0.38 eV and
—0.46 eV for the NRR over Au@AuzRe and Au@AuzMo catalysts,
respectively, suggest that the adsorption of N, will prevail over that
of H, confirming that alloying is an effective approach to increase
the selectivity (on top of the activity) of an electrocatalyst.”*>

6. Conclusion

In summary, we used MLAs trained with d-band features extracted
from the PDOS along with intrinsic properties of the TM active site
to screen the chemical space of bimetallic alloys for the NRR. The
ANN was found to outperform the various MLAs developed and
tested and was selected as our optimal model. Our trained ANN can
predict the electrochemical limiting potential (Ujimiting) Of the
reaction over alloys with various surface configurations with a
MAE of 0.23 eV, which is comparable to the admitted accuracy of
DFT calculations. Potential alloy candidates and their role as
catalytic supports for the NRR were then investigated via thorough
DFT calculations to evaluate the accuracy of the ANN for predicting
Ulimiting and characterize the changes in electronic properties
responsible for the enhanced activity of the alloys relative to pure
metal surfaces. The potential limiting step of the reaction over
alloys was found to be the first hydrogenation of *N, (*N, — *N,H),
as assumed in our MLAs. This work demonstrates that MLAs can
be used to effectively screen the chemical space of catalysts upon
the availability of a reliable and clean dataset and highlights how
these MLAs will help accelerate further research to design and
explore even more efficient catalysts for the NRR and other
electrochemical processes. Finally, our computational investiga-
tions provide further grounds for exploiting alloying as a simple
yet effective approach for manipulating the electronic structure of
electrocatalysts and optimize both their activity and selectivity.
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