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Abstract

Owing to increasing global demand for carbon neutral and fossil-free energy sys-
tems, extensive research is being conducted on efficient and inexpensive
electrocatalysts for catalyzing the kinetically sluggish oxygen reduction reaction
(ORR) at the cathode of fuel cells. Platinum (Pt)-based alloys are considered
promising candidates for replacing expensive Pt catalysts. However, the current
screening process of Pt-based alloys is time-consuming and labor-intensive, and
the descriptor for predicting the activity of Pt-based catalysts is generally inaccu-
rate. This study proposed a strategy by combining high-throughput first-
principles calculations and machine learning to explore the descriptor used for
screening Pt-based alloy catalysts with high Pt utilization and low Pt consump-
tion. Among the 77 prescreened candidates, we identified 5 potential candidates
for catalyzing ORR with low overpotential. Furthermore, during the second and
third rounds of active learning, more Pt-based alloys ORR candidates are identi-
fied based on the relationship between structural features of Pt-based alloys and
their activity. In addition, we highlighted the role of structural features in Pt-
based alloys and found that the difference between the electronegativity of Pt
and heteroatom, the valence electrons number of the heteroatom, and the ratio
of heteroatoms around Pt are the main factors that affect the activity of ORR.

More importantly, the combination of those structural features can be used as

Xue Zhang and Zhuo Wang contributed equally to this study.

This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium, provided

the original work is properly cited.

© 2023 The Authors. InfoMat published by UESTC and John Wiley & Sons Australia, Ltd.

InfoMat. 2023;5:e12406.
https://doi.org/10.1002/inf2.12406

wileyonlinelibrary.com/journal/infomat 10f12


https://orcid.org/0000-0003-1913-719X
https://orcid.org/0000-0002-2448-8448
mailto:ht.zhao@siat.ac.cn
mailto:xf.yu@siat.ac.cn
http://creativecommons.org/licenses/by/4.0/
http://wileyonlinelibrary.com/journal/infomat
https://doi.org/10.1002/inf2.12406
http://crossmark.crossref.org/dialog/?doi=10.1002%2Finf2.12406&domain=pdf&date_stamp=2023-03-10

22 | \WILEY.

ZHANG ET AL.

and Innovation and Program for Excellent
Young Researchers of SIAT, Grant/Award
Number: E1G041

KEYWORDS

1 | INTRODUCTION

The oxygen reduction reaction (ORR) in the cathode of
proton exchange membrane fuel cells is a challenging
reaction because of the slow electrochemical kinetics of
ORR reaction. To overcome this obstacle, a stringent and
effective catalyst that can enhance the ORR electrochemi-
cal kinetics is required.’ At present, Pt is considered as a
promising catalyst; however, its high-cost limits its wide
application. One of the major strategies employed to over-
come this limitation is nanostructuring or alloying of pure
platinum (Pt)-based catalysts with nonprecious metal cata-
lysts.>® Interestingly, Pt-based alloys have demonstrated
remarkable stability and show good electrocatalytic perfor-
mance and hence are considered as substantive alternative
to pure Pt catalysts.*”'" However, owing to the presence of
different elements with varying mixing ratios, alloyed-
catalyst have numerous chemical features and adsorption
sites compared to their pristine form.'*"* In addition, its
ever-changing chemical space makes it difficult to screen
functional alloyed-catalysts.'*

The trial-and-error approach is generally adopted to
design ORR catalysts in traditional experiments. How-
ever, it is limited by cumbersome synthetic procedures
and demands in situ characterization."® With the develop-
ment of first-principles methods and computational
resources, theoretical modeling provides new opportuni-
ties for rational catalyst design. Creating large databases
based on the first-principles results and identifying mate-
rials with desired properties from the databases is a sim-
ple and powerful approach for designing materials.'®’
However, this method usually requires a reliable descrip-
tor model that can evaluate and correlate a candidate
material’s intrinsic properties easily with target properties
such as activity and selectivity.'® Therefore, accurate
identification of such descriptors can speed up and
enhance the catalyst selection process. Extensive research
has been conducted on searching and using descriptors
for establishing properties correlations in materials sim-
ply; for example, the linear relationship between the reac-
tion free energy and activation energy in heterogeneous
catalysis'® and the linear relationship between the d-band

structural descriptor for predicting the activity of Pt-based alloys. We believe
the findings of this study will provide new insight for predicting ORR activ-
ity and contribute to exploring Pt-based electrocatalysts with high Pt utiliza-
tion and low Pt consumption experimentally.

high-throughput DFT calculation, machine learning, oxygen reduction electrocatalysts,
platinum-based alloys, structural descriptor

center of a clean surface and the adsorption energy of
molecules on that surface.”** Although these descriptors
have been studied in detail and widely used because of
their simplicity and well-defined physical meaning, they
are imprecise; therefore, more and more researchers have
focused on overcoming the limitations imposed by
corresponding approximations.*>**

In addition, structural effects such as the structural
diversity of catalysts and the local environment around
the adsorption sites have become important factors that
affect the performance of catalysts.**** Under realistic
conditions, the complex relationship between the catalyst
performance and structure hinders the reliable descrip-
tion of the catalytic performance.”**’ Fortunately, the
potentially complex relationship between catalytic activ-
ity and structure can be revealed using machine learning
(ML) techniques and high-throughput calculations,
which can not only achieve accurate and efficient struc-
ture optimization,? but also provide insights into the cat-
alytic properties of materials as well as predict the
catalytic properties of unknown materials.>*>* Therefore,
for the accurate modeling of alloyed catalyst properties,
more reliable approaches should be utilized by incorpo-
rating data-driven descriptors and chemical descriptors
(adsorption energy, coordination numbers, etc.).****

This study adopts a workflow that utilizes ML and
high-throughput calculation to accelerate the discovery
of Pt-based alloy catalyst. By combining first-principles
calculations and compressed-sensing data-analytics
methodology, the Pt-based alloys for ORR applications
are prescreened by identifying the descriptors based on
the properties of their different compositions and struc-
tures. We predict the ratio of heteroatoms around Pt, the
difference of the electronegativity between Pt and het-
eroatom, and the valance electrons of Pt and hetero-
atoms that can be used to predict the ORR activity in the
alloy. The recently developed Sure Independence Screen-
ing and Sparsifying Operator (SISSO), a state-of-the-art
compressed-sensing-based approach, is used to identify
the key descriptive parameters.>® We identified the ratio
of the heteroatoms around Pt, the difference in electro-
negativity between Pt atoms and heteroatoms, and their
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valences as structural descriptors that are capable of
predicting the ORR activity in an alloyed catalyst. We
believe that these results can provide a useful dataset for
experimentalists to further scrutinize the predicted ORR
activity as well as for data scientists to construct ML
models for ORR performance predictions.

2 | RESULTS AND DISCUSSION

2.1 | Data collection and material
prescreening

We propose a data-driven scheme to explore potential
Pt-based alloys as highly efficient ORR electrocatalysts.
First, we curate datasets of Pt-based alloys from the
created materials database (Inorganic Crystal Structure
Database [ICSD] and Material Project [MP]). Then, we use
high-throughput screening techniques to screen the Pt-
based binary alloys that exhibit highly efficient ORR per-
formance. The high-throughput density functional theory
(DFT) calculation is used to study the ORR reaction mech-
anism and to identify the rate-determining step. Based on
the redox potential of the rate-determining step, ML is
used to obtain descriptors that are capable of identifying
and classifying highly efficient catalysts from the datasets
by using SISSO, which identifies the best low-dimensional
descriptors in an immensity of offered candidates. Finally,
we establish the structure-activity relationship and the
prediction model, which can be utilized to screen the can-
didate materials with suitable properties for ORR. Active
learning and reverse design are also included for the sec-
ond and third round screening. Scheme 1 summarizes the
process as below. The overall goal is to identify Pt,M,,
alloys that are stable and poses good ORR activity.

To curate the Pt,M,, alloys datasets, a high-throughput
screening approach is adopted to screen elements from the
periodic table that should be alloyed with Pt while being as
stable as possible. We focus on only the materials that have
been reported at the current stage from experiments and
theoretical calculations. There are ~160 000 and ~140 000
materials in ICSD and MP, respectively. And ~1500 Pt-
based binary alloys were found in the database. As shown
in Figures 1 and S1, five criteria were applied to prescreen
alloy formation by Pt and the other metal elements in the
ICSD and the MP database based on the radius, orbital con-
figuration of the transition metal atom, formation energy,
crystal system, and the atom ratio between the transition
metal and Pt atom of the compounds. These criteria are
considered while training ML models based on the label of
suitability for catalyzing ORR. The difference of atomic
radius between Pt and the other elements is the first
prescreening criterion, which can be used to evaluate the
stability of an alloy during the ORR reaction process.***' In

this step, the upper bound for the screening is set to 0.3 A; a
higher difference of atomic radius would make it difficult to
keep the morphology of the alloy during the electrochemi-
cal tests. The second criterion is the atom orbital of the
metal elements, where the 3d-5d metals are chosen. Fur-
thermore, the formation energy of the alloy is the third cri-
terion, because a stable material is needed for high-
performance electrochemical catalysts. Considering the pos-
sible uncertainties/errors of the formation energy associated
with DFT in the database, we slightly loosen the restriction
to 50 meV as the threshold value. The fourth criterion is the
crystal system, and cube crystal is chosen, which is the same
as that of Pt unit cell. By restricting our calculations, the
PtM, Pt;M, and PtM; alloys are screened since they are
widely studied and experimental evidence suggests that
more excellent activity of ORR over the surfaces of these
alloys was observed than that over the pure Pt surface.****
It is noteworthy that the Pt alloy containing lanthanide and
actinide metals is not excluded in this study.

The trained models are expected to make predictions
and classify the unknown materials into two categories. The
training dataset comprises 555 potential material candidates
with different structural configurations, which is divided into
training data and test data with the ratio of 9:1. Because of
the small quantity of the training data and to avoid the distri-
bution variation during the validation process, a 10-fold
cross-validation  scheme is selected to conduct
hyperparameter tuning. In the cross-validation stage, the
training data are divided equally into 10 groups and each of
them group is taken as the validation data to validate and
evaluate the model trained by the dataset comprising the
remaining 9 groups of data. The performance of each valida-
tion is recorded, and the mean value of the 10 performance
is considered as the final score of the trained model. We
selected the decision tree (DT) and random forest classifiers
to implement the classification application. Through the
above prescreening criteria, we identified 77 materials as cat-
alyst candidates toward ORR. It should be noted that in the
above prescreening procedure, the reference values of the
prescreening criteria are tunable parameters, which can be
altered to achieve different sizes of screened datasets. Further
loosening this criterion may allow us to include more mate-
rials, such as the PtBi, which has relatively low stability.45
Considering the requirement on the formation energy,
decreasing the Egymaiton Criteria threshold from 0.01 to
0.001 eV would filter out only three more 2D materials. For
an alloy, the more open the surfaces, the stronger the inter-
mediates bind, and eventually the surface get blocked.
Although the utilization efficiency of step sites is much
higher compared to the conventional basal plane, the basal
plane sites are dominant. Therefore, another implicit
assumption is that these dominate the activity of polycrystal-
line Pt, and the step sites and basal sites are considered. All
surfaces are shown in Figure 2.
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SCHEME 1

A workflow for constructing machine learning (ML) models for predicting Platinum-based alloys as oxygen reduction

reaction (ORR) electrocatalysts. Four major steps are involved in this workflow: (A) material prescreening, (B) high-throughput density
functional theory (DFT) calculation, (C) machine learning, and (D) material interface genome. Based on these steps, the data are generated
and collected, as well as featured and trained to produce the deep theory and further application. Various databases and model packages

have enabled a much easier experience of model construction.

2.2 | First-principal calculations and
feature engineering

The overall ORR can be described as the following
equation:

0,(g) +4e~ +4H" — 2H,0(1). (1)

The four-electron reaction pathway (2-5) of O, reduction
in acidic media is considered (pH = 0)*:

0,(g) +e” +H" — OOH", (2)
OOH* +e +H" — 0*+H,0(1), (3)
O*+e +H™ — OH, (4)
OH"+e +H" — H,0(1) + %, (5)

where the asterisk denotes an adsorbed site on the surface,
(g) and (1) refer to the gas and liquid phases, respectively.
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FIGURE 1 The approach for materials prescreening. From a
large number of possible compounds with the criteria of (i) the
radius and (ii) the orbital configuration of the transition metal
atom, (iii) formation energy, (iv) crystal system, and (v) the atom
ratio between the transition metal and the Pt atom, the materials
considered to be calculated by density functional theory (DFT) are
generated. Using machine learning techniques, we classify
materials based on the decision tree.

The ORR mechanism on more than 62 Pt-based alloys is
calculated; this large dataset comprised the adsorption
energy of the intermediates and the free energy of the ele-
ment steps at the surfaces of the Pt alloyed with 62 transi-
tion metal. The intermediates are placed at different sites
and the energy for the most favorable site is included in
the dataset. Complete information on adsorption sites and
the corresponding reaction free energy is provided in
Table S1. The changes of the free energy calculated by
DFT during the ORR show that two reaction steps are
sluggish that involve a positive change in free energy: the
third electron and proton transfer for forming the
adsorbed OH (AGs;) and the last transfer for removing OH
from the surface to form water (AG,). To screen the Pt-
based alloy more easily, we use the values of overpotential
(n) transferred from the AG for these steps and equilib-
rium potential as a measure of the activity. The
overpotential for ORR is calculated by the equation:

maX{AGl, AGz,AGg, AG4}
]’] g

1.23, 6
. - (©)

where AG;, AG,, AG;, and AG,4 denote the reaction free
energies in Equations (2) to (5), respectively. According
to thermodynamics, the smaller the overpotential, the
higher the corresponding activity of ORR is; therefore,
the performance of candidates is better for catalyzing
ORR. The implicit assumption in this analysis is that the
kinetic relationship is closely related to thermodynamics
and can be simplified by thermodynamics. Because there
will be an activation free energy in four elemental steps
at the equilibrium potential of 1.23 eV, which is at least
equal to the largest of the reaction free energies and the
corresponding step is therefore likely the rate-limiting
step.'®**"*® Forming a Pt alloy is one way to modify the
electronic structure of the Pt surface to tune the stability
of these critical intermediates. The stabilities of OH inter-
mediates (E,q(OH)), in turn, scale roughly with the stabil-
ity of adsorbed O (E,4s(O)), as shown in Figure S2.
Therefore, this parameter is particularly useful for charac-
terizing both AG; and AG,. The ORR activity trends on
different metal surfaces are summarized in Figure 3A.
Plotting measured activities (overpotential of the rate-
determining step) for a series of different catalysts as a
function of the calculated OH adsorption energy results in
a simple “volcano” relationship (Figure 3A). If AEoy
becomes increasingly positive, adsorbed H,O is
destabilized and can desorb from the surface more easily.
However, if AEqy; keeps increases in the positive range, it
becomes easier to break the Pt—OH bonds, which makes
the OH* formation difficult. This appears to be a reason-
able conjecture, given that more open surfaces tend to
bind intermediates considerably stronger and become
blocked. As shown in Figure 3A, a surface that binds OH
with the adsorption energy of 1.1 eV exhibits an optimal
ORR activity. The decreasing of overpotential indicates the
increasing ORR activity and the activity is closely related
to the behavior of OH adsorption. The weaker OH adsorp-
tion on the surface results in the lower ORR activity. The
rate-determining step of the left half branch is H,O forma-
tion. In this branch, the ORR activity becomes better as
the adsorption strength of OH decreases. When the OH
adsorption is too strong, the H,O formed after OH hydro-
genation is difficult to desorb from the catalyst surface;
therefore, weaker OH adsorption strength is beneficial for
ORR. The rate-determining step of the right half branch is
OH formation. In this branch, the ORR activity becomes
worse as the OH adsorption strength decreases. When the
OH adsorption is too weak, it is difficult to form OH from
O hydrogenation. With the calculated overpotential for the
catalyst candidates, it is desirable to leverage such data to
examine whether the OH adsorption is simply correlated
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The unite cell of the platinum (Pt)-based alloy and surface structures used in this study. (A-D) The crystal structures of the

Pt-based alloy prescreened from the database. (E) The (111), (211), (100) surfaces of crystal structure (A). (F) The (111), (211), (100) surfaces
of crystal structure (B). (G) The (111), (211), (100) surfaces of crystal structure (C).

with a certain intrinsic property of a given material. Such
simple correlations are usually established on a series of
adsorption systems bearing similar atomic structures, lead-
ing to the predominance of the electronic effect. Although
all computational results are perfect on the monocrystal-
line surfaces in experiments, a mixture of single crystal,
vacuum-annealed polycrystalline and Ar-sputtered poly-
crystalline surfaces is always used. The resulting structural
differences introduce deviations from our single-crystal
models, thereby indicating modest changes in the ORR
activity. However, despite on the polycrystalline of the Pt-
based alloy, the site corresponding to the most stable con-
figuration can always be model on the single crystal sur-
face and the differences do not substantially alter the
trends described above.*” Although computationally
based electrocatalyst discovery is the principal aim of this
approach, more generally and, perhaps, more importantly,
we probe our present understanding of the ORR. In the

field of catalysis, there is no stronger evidence for accuracy
of a theoretical framework than the ability to use that
framework to identify new active materials.

Furthermore, we carried out a correlation study on all
the factors that affected the O, reduction activity on
Pt-based alloys, including the coordination number of Pt,
the number of heteroatoms around Pt, the electronegativ-
ity difference between Pt and heteroatoms, the difference
between Pt and heteroatoms, the ratio of Pt and hetero-
atoms, the atomic number and period of the heteroatoms,
the number of valence electrons (d and s electrons) of the
heteroatoms, the difference in the relative mass and the
difference of the atomic radius between Pt and the hetero-
atoms. All the abbreviations of the features are summa-
rized in Table 1, which indicate various important or
typical factors of a catalyst to influence the activity of
ORR. It should be noted that the structure features are
based on the final optimized structures by DFT
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FIGURE 3 The activity of oxygen reduction reaction (ORR) and potential features. (A) The ORR activity trends on different metal surfaces,

(B) the in-pair Pearson correlation coefficients of the selected potential features and the overpotential, and (C) a violin plot of the distribution of
the variables after min-max normalization. Every colorful area is the density plot of corresponding variables. The black box in each density plot
represents the range from 25% to 75% percentiles where the white point marks the mean value, and the whiskers denote 95% and 5%.

calculation. The electronegativity difference and valence
electron number showed the greatest correlation with the
ORR activity (Figure 3B). For the 12 features, we showed
a violin plot of the distribution of the variables after min-
max normalization in Figure 3C and the in-detail calcula-
tion is provided in the Supporting Information. The violin
plot synergistically combines the box plot and the density
trace (or smoothed histogram) into a single display that
reveals structure found within the data, which can pro-
vide us a quick overview of the combination of the box
plot and density trace. The corresponding box plot is
shown in Figure S3. According to the density plot, we
observed that the material with higher CN (CN = 8 and
9) and lower MN (MN = 3 and 4) tend to be more promis-
ing as candidates. Furthermore, materials with 1:3 and 3:1
ratios of Pt atom over transition metal atom are dominant
in the screening stage, which is in agreement with the dis-
tribution of the MN/CN value. Variables such as AEnp;_,
VEp.4, and Arpy; show a relatively even distribution. The
VEMm and relative atomic mass of most materials are
2 and approximately 140, respectively.

2.3 | ML discovery of descriptors and
establishment of structure-activity
relationship

To obtain the best low-dimensional descriptors using
SISSO, the descriptors with lower Root Mean Square
Error (RMSE) are chosen. Here, the descriptor can be one
feature or the combination of various features, which is
used in a model of the relationship between the activity
and the feature(s) of a catalyst. As shown in Figure 4A,
the three-dimensional (3D) models were found to be
more accurate. Therefore, we chose 3D descriptors. From
the 3D model's descriptors, we obtained the following
relationships as the formula:
For the rate-determining step of H,O formation,

AENPt_MZ * (VEM_d +VEMS)
MN/CN

0.237 +0.645, (7

For the rate-determining step of OH formation,
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* (Arpt_M) +1.1765.
(8)

In this work, we used the hold-out validation method to
verify the model because the training dataset for the
SISSO model is relatively small and imbalanced, and the

TABLE 1 A setof the 11 least-correlated primary features used
for the descriptor construction

use of cross-validation might introduce extra bias if the
random 10-fold splitting is uneven, although we try to
ensure the data of every type of material is included in
the train set, where the trained SISSO model has an
RMSE on the validation set far below 0.001 eV.”" The
activity predicted by this model was found to be consis-
tent with the model calculated by DFT, irrespective of
whether for H,O formation or OH formation was the
rate-determining step (Figure 4B,C).

Based on the above model, we added 11 structures as
the second active learning. The overpotential and OH
adsorption energy are presented in Table S2. The new
data followed the general trends well (Figure 5A), which
indicated that our model exhibited true predictive ability

Features Description e i
oN Coordinati ber of P on describing the trends of ORR activity on Pt-based
t t .
oorcination number o alloys. Furthermore, Pt;Co (211) showed more optimized
LI BCClbiei s oafioiin 2HIene. G performance with the OH formation as the rate-
MN/CN Ratio of heteroatom around Pt determining step. Then, the third active learning was car-
AENpm Difference of the electronegativity between ried out, and the four structures were calculated. The
Pt and heteroatom overpotential and OH adsorption energies are shown in
Pt/M Atomic ratio of Pt and heteroatom in the Table S3. It was found that Pt;Ni(111) was upshifted to
alloy the top along the left branch with H,O formation as the
Znm Atomic number of the heteroatom rate-determining step. As the volcano plot shows, the
Py Period of a heteroatom in the periodic table Pt;Co(211) showed the most optimized performance
VEp N e e amo'ng the 77 str.uctures. In Figure 5B, we included more
orbital detailed calculations on the Pt;Co(211) surface. The free
VEp. Number of valence electrons in the s energy changes of the elemental steps were found to be
orbital negative at OV versus Standard Hydrogen Electrode
) ) ) (SHE). At the equilibrium potential of 1.23 V, the OOH
AApem Difference of relative atomic mass between . K .
formation, OH formation and H,O formation were endo-
Pt and heteroatom ; B o )
) ) . thermic and the OH formation exhibited the highest free
Arpem Difference of atomic radius between Pt .
energy change. Therefore, the energy level diagram of
and heteroatom . .
ORR on the Pt;Co(211) surface is the rate-determining
(Ag . (B) ©
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FIGURE 4 Validation of the model by machine learning. (A) Training and validation RMSE from descriptor dimension for all tested
Sure Independence Screening and Sparsifying Operator (SISSO) parameters, (B) the calculated activity based on our density functional
theory (DFT) model as well as a dashed line indicating predicted activity for the left branch with the rate-determining step of H,0O
formation, and (C) the calculated activity based on our DFT model as well as a dashed line indicating predicted activity for the left branch

with the rate-determining step of OH formation.
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FIGURE 5 The active learning for platinum (Pt)-based alloy. (A) Active learning for another 11 (second round, orange squares) and

4 structures (third round, red stars); (B) the energy diagram of oxygen reduction reaction (ORR) on Pt;Co (211) at 0 and 1.23 V versus SHE;
(C) the calculated activity based on our DFT model as well as a dashed line indicating predicted activity for the left branch with the rate-
determining step of H,O formation; and (D) The calculated activity based on our DFT model as well as a dashed line indicating the
predicted activity for the left branch with the rate-determining step of OH formation.

step. The activity predicted by this model is still consistent
with the model calculated by DFT, irrespective of whether
H,O0 formation or OH formation was the rate-determining
step (Figures 5C,D). Here, we used || < 1 eV as the final
screening criterion and identified five potential catalyst
candidates: Pt;Co(211) (0.38 V), PtPd;(211) (0.74 V), Pt;Ni
(111) (0.85V), PtPd;(111) (0.86eV), and PtAu(111)
(0.870eV), on which OH adsorption is nearly
thermoneutral for ORR at low overpotential. It is worth
noting that Pt;Co has been experimentally proven with
an efficient ORR activity.

It was observed that based on the model, the differ-
ence between the electronegativity of Pt and heteroatom,
the valence electrons number of the heteroatom, and the
ratio of heteroatoms around Pt have the most obvious
effects on the ORR performance. This is because the dif-
ference in the electronegativity between Pt atoms and
heteroatoms and the number of valence electrons of het-
eroatoms can distinguish the types of alloys, the

coordination number of Pt atoms can reflect the different
surfaces, and the ratio of heteroatoms around Pt atoms
can reflect the doping ratio of the heteroatoms. The three
factors in the model are scaled as X, y, and z, respectively.
The 3D plot and cross-sectional view in the middle of
each axis are shown in Figure 6, where the blank part is
ascribed to the negative overpotential. As for the strong
OH adsorption, when the electronegativity of Pt is lower
than that of the heteroatom, the more the number of
valence electrons of heteroatom is, and the lower the
ratio of the number of heteroatoms around the Pt is, the
higher the activity is. As for the weak OH adsorption, its
activity is mainly determined by the electronegativity dif-
ference between Pt and heteroatoms, which is within 0.5;
therefore, the activity is higher. It is worth noting that
the activity can be predicted from the structural informa-
tion for a given structure, which is very convenient and
direct for new materials prediction without the need for
tedious electronic structure calculations.
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The representation of descriptors and the relationship of the structure-activity. (A) Schematic of descriptors on Pt-based

alloys. The three-dimensional plot of oxygen reduction reaction (ORR) activity with the three descriptors scaled in x, y, z and the cross-
sectional view at the middle of each axis, where (B) the rate-determining step is H,O formation and (C) the rate-determining step is OH

formation.

3 | CONCLUSIONS

In summary, high-throughput first-principles calcula-
tions is performed to screen high-performance catalysts
toward ORR and the structure-activity is obtained. Based
on the relationship, we identified more excellent Pt-based
alloys via the second and third rounds of active learning.
Among the 77 prescreened candidates, five candidates
exhibited the thermodynamic capability of ORR with the
lowest overpotential, which indicated their potential
applications for catalyzing ORR. Furthermore, the differ-
ence between the electronegativity of Pt and heteroatom,
the valence electrons number of the heteroatom, and the
ratio of heteroatoms around Pt were found to have the
most obvious effect on the ORR performance based on
the model. We believe the results of this study will pro-
vide a useful dataset for experimentalists to further scru-
tinize the predicted ORR activity or for data scientists to
construct ML models for ORR performance predictions.
In addition, this study may contribute to the exploration

of catalysts for other electrocatalytic processes, such as
water electrolysis.

4 | DFT CALCULATION

All DFT calculations were performed using the Vienna
ab initio simulation program, along with projected aug-
mented wave®® pseudopotentials and the Perdew—Burke-
Ernzerhof functional.”® According to the different crystal
systems screened by the critera, the (111), (100), and
(211) surfaces were cleavaged to simulate the planar and
step sites. Neighboring slabs were separated by a vacuum
of 15 A to avoid spurious self-interactions. The surface
irreducible Brillouin zone was sampled on the k-point
mesh generated by the Monkhorst-Pack scheme. An
energy cutoff of 400 eV was employed for the plane-wave
basis set. The convergence threshold for electronic steps
in geometry optimization was 1 x 10~> eV. Geometries
were deemed converged when the forces on each atom
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were below 0.02 eV A%, A frequency analysis was car-
ried out on the stable states to confirm that these repre-
sent genuine minima. All the electronic energies were
corrected for zero-point energy contributions.
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