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Machine learning-aided unraveling of the importance of
structural features for the electrocatalytic oxygen evolution
reaction on multimetal oxides based on their A-site metal
configurations

Artificial intelligence technology, such as machine learning
(ML), recently propels social and technological innovation

to unprecedented scales. The state-of-the-art ML analysis
uncovers crystal structure-based comprehensive descriptors
for the performance of multimetal oxide electrocatalysts for
oxygen evolution reaction (OER) in hydrogen production via
water splitting. This finding is useful for rational and rapid
design of promising OER electrocatalysts.
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There is a need for comprehensive descriptors to develop promi-
nent electrocatalysts for use in the oxygen evolution reaction (OER)
for water splitting. Through machine learning analysis of the data
obtained from multimetal oxides that contain A-site alkaline-/rare-
earth and B-site transition metals, this study revealed that the OER
activities depend on the A-site-related structures.

Efficient and clean hydrogen production technology is crucial
for achieving a decarbonized society, making the development
of superior electrocatalysts for electrochemical water-splitting
anodes via the oxygen evolution reaction (OER) an important
research area."”” Among the studied compounds that serve
as OER electrocatalysts, multimetal oxides with the general
formula A,B,O,, wherein the A and B sites are occupied by
alkaline-/rare-earth and transition metals, respectively, have
attracted considerable attention (Fig. 1a).>"® The conventional
approach to catalyst development through trial and error is
time-consuming for identifying highly active materials. There-
fore, there is a need to develop comprehensive descriptors for
catalytic activity that can facilitate the rapid development of
promising materials.

Various electronic” and structural factors®'' have been
proposed as descriptors of OER activity. These factors include
the number of d electrons in the e, orbital of transition metals
in perovskite-type multimetal oxides,"” and the charge-transfer
energy,'® which represents the energy level gap between the
occupied p orbitals of oxygen and the unoccupied d orbital of
the transition metal. All of these descriptors are associated with
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the B-site metals, which are considered to be active sites of the
OER, whereas A-site metal-based descriptors for the OER
remain relatively unknown. Conventionally, the B-site metals
are believed to have a major influence on the activity,"* with the
A-site metals playing a minor role in slightly regulating the
activity, as shown in Fig. 1a. However, the A-site metals are
typically close, within a range of 34 A, to the B-site metals. In
addition, the electron orbitals of the A-site metal overlap with
those of oxygen, and the strength of the A-O bonds varies
considerably and is dependent on the materials.'” Therefore,
the A-site metal also contributes sterically and electronically to
the OER process. Therefore, focusing solely on the B-site metals
does not provide sufficient insight into OER electrocatalysis,
necessitating a more comprehensive understanding of the
electrocatalytic behavior of multimetal oxides for the rapidly
development of highly active OER electrocatalysts.

Previous studies have focused on the A-site metals of multi-
metal oxides,'®?! enabling the prediction of OER activity for
multimetal oxides bearing identical B-site metals that were
synthesized using specific methods. However, a comprehensive
A-site-based descriptor for OER activity has yet to be uncovered.
Electronic parameters, such as the energy levels of the electron
orbitals, require first-principles calculations using high-
performance computers or extensive measurements at synchro-
tron radiation facilities. Conversely, bulk crystal structure para-
meters can be obtained through general X-ray diffraction
measurements. Moreover, these bulk structural parameters
can be easily collected from databases such as the Inorganic
Crystal Structure Database (ICSD) without the need for experi-
ments. Therefore, structural parameters can serve as helpful
descriptors of catalytic activity. Informatics technologies, such
as machine learning (ML), have the capability to analyse vast
amounts of data that encompass hundreds of thousands of
materials within a short timeframe, making them powerful
tools for elucidating such data. ML techniques have been
increasingly employed to develop promising catalysts**>” and
enhance researchers’ understanding of catalytic science.'*?>%2°
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Fig. 1 (a) General formula and typical crystal structure of multimetal oxides, with conventional recognition for OER electrocatalysis in this field and
hypothesis in this study. (b) ML approach used in this study to uncover descriptors in terms of the A-site metals.

Recently, we identified a clear correlation between the OER In this study, the role of A-site metals in multimetal oxides
activity and the Fe-O bond length in iron-based multimetal with respect to their OER activity was investigated by conduct-
oxides, and used ML to demonstrate that the Fe-O bond length  ing ML analysis using data collected from previously published
played a more important role for the OER activity of these literature, as shown in Fig. 1b. Our aim is to clarify the
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Fig. 2 Plots of the collected dataset from the previously published literature, including each structural parameter and overpotential.
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metal configurations and propose comprehensive descriptors
for OER activity that can be applied to a wide range of multi-
metal oxides, regardless of the elemental compositions and
structural categories.

A total of 154 multimetal oxide OER electrocatalysts reported
in 47 published literature sources were collected for analysis in
this study. The measured OER overpotentials were extracted
from the literature and were used as the objective variables for
ML. The details of the literature sources and the chemical
formulas of the reported catalysts are presented in Table S1
of the ESI.} In addition, 30 crystal structure parameters for the
catalysts were extracted as explanatory variables for ML using
VESTA software®! from CIF files obtained from databases, such
as the ICSD and Joint Committee for Powder Diffraction
Standards (JCPDS) cards. The collected structural parameters
and their definitions are described in the ESI.{ Previous
studies,>*” have achieved a high prediction accuracy through
ML using the maximum and minimum values of the para-
meters related to atomic configurations as explanatory vari-
ables rather than their average values. Therefore, in this study,
the maximum and minimum values of each parameter in the
unit cell of the materials were used for ML. The collected OER
overpotentials were plotted against each structural parameter,
as shown in Fig. 2. There was no clear correlation between
each structural parameter and the OER activity, implying that
the OER activity reflected the effect of several structural
parameters.

Owing to the use of 30 different structural parameters as
explanatory variables, interpreting the relations of the struc-
tural parameters to the OER activity becomes challenging due
to the large dimension of the dataset. To address this, the
analysis was carried out using t-distributed stochastic neighbor
embedding (t-SNE).** t-SNE is a nonlinear visualization method
to simplify high-dimensional data into a low-dimensional
space, which preserves the relationships between nearby plots.
Sample plots are distributed in a colored map, where similar
data points are grouped together. More details of the t-SNE are
described in the ESIL{ To visualize the data using simpler
structural factors, t-SNE was conducted using a reduced dataset
comprising 118 materials that contain a single A-site metal
component. Fig. 3a shows the output distributions from the
t-SNE, where close proximity between the plots indicates a
similar relationship between the explanatory and objective
variables. In Fig. 3a, the data are clustered by Ca-based brown-
millerites, Ca-based perovskites, Ca-based quadruple perovs-
kites, La-based oxides, Sr-based oxides and Ba-based oxides,
i.e., the data were distributed based on the A-site metallic
element in the materials. By contrast, the B-site metallic
elements were distributed in a disorderly fashion, with the
position of each B-site element scattered. Moreover, with
respect to the ionic radius values of the A-site cations, the ionic
radii differed considerably depending on the element, as shown
in Fig. 3b and a, where most plots are distributed according to
the size of their ionic radii. Oxides containing Ca*>" and La**,
which have close ionic radii, were located close to each other on
top-right side of the map, whereas oxides containing Sr** and

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 3 Data distribution obtained using t-SNE analysis including single A-
site-containing multimetal oxides. The plot colors indicate the overpo-
tential of each catalyst. (b) and (c) lonic radii for the typical A-site and B-
site metals, respectively.>*

Ba®>*, with larger ionic radii, were located farther apart on
bottom-left side. By contrast, the ionic radii of B-site metals
do not change significantly even for different elements, as
shown in Fig. 3c. This can result in disordered distributions
of the B-site metals observed in Fig. 3a. These results indicated
that the relationships between the structural parameters and
the OER activity depend on the A-site metallic elements due to
the large difference in ionic radii and steric effects in the
lattices. Conversely, the ionic radius of the B-site metal changed
only slightly for different elements, indicating that the steric
effect near the B-sites has a negligible impact on the OER
activity. These results indicate the importance of the structure
near the A-site metal in determining the OER activity.

Next, to analyze the importance of the structural parameters
more precisely, the collected data were used to train eight
different ML algorithms and construct predictive models.
Detailed information on the ML algorithms can be found in
the ESL.f The hyperparameters for each algorithm were opti-
mized using a grid-search method from the range of values
provided in Table S2 (ESIf). The prediction accuracy of the
constructed models was evaluated by cross-validation using
75% and 25% of samples as the training and test data,
respectively, and the errors between the predicted and actual
overpotentials were expressed as the root-mean-squared error
(RMSE). The results of the ML analysis demonstrated that the
decision-tree-based algorithms of random forest regression
(RFR), gradient boosted regression (GBR) and extra trees

Energy Adv, 2023, 2,1351-1356 | 1353
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Fig. 4 Results of ML analysis with eight types of (non)linear regression models for single-A-site-containing multimetal oxides.

regression (ETR) exhibited a higher performance with smaller
errors and overfitting, as shown in Fig. 4. The superiority of the
decision-tree-based algorithm is consistent with a previous
study that analyzed the catalytic activity of methane-oxidation
catalysts using ML.?® Thus, the analysis clarified that the OER
activity of multimetal oxides can be accurately predicted using
parameters derived from the bulk crystal structure.

In addition, the importance of each explanatory variable in
relation to the OER activity was quantitatively estimated using
Shapley additive explanations (SHAP) values.*®> This analysis
was performed using the analytical results obtained from the
ETR algorithm, which exhibited the highest accuracy for the
test data among the eight kinds of algorithm and a smaller
overfitting than the RFR algorithm. The SHAP method can
quantitatively compare the contribution of each explanatory
variable for the prediction of an objective variable from ML.
The magnitude of the SHAP values also indicates the relative
importance of each explanatory variable.*****” Fig. 5a shows
the top six rankings of the SHAP values obtained from the
abovementioned ML analysis. Interestingly, all six of the most
critical parameters are associated with the structures of A-site
metals, which align well with the earlier discussion on the t-
SNE result. However, although the t-SNE result in Fig. 3a
depicts a distribution based on the ionic radius of A-site metals,
the ionic radius of the A-site metals was not ranked in Fig. 5a.
This result can be explained by Fig. S1 (ESIt), where it is
presumed that the ionic radius alone is not affect the OER

1354 | Energy Adv, 2023, 2, 1351-1356
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activity, but rather the subsequent changes in bond length and
angle and interatomic distance, which are influenced by the
ionic radius, affect the activity. For example, a change in the
ionic radius of the A-site cations affects the tilting and

© 2023 The Author(s). Published by the Royal Society of Chemistry
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symmetry around the B-site cations,’® which can influence the
OER activity and shows good consistency with the high ranking
of the A-O-B angles in Fig. 5. Conversely, the SHAP values of
structural parameters involving only B-site metals, such as the
B-O distance, are not included in the top ranking in Fig. 5a.
This indicates that the atomic configurations of the A-site
metals have a strong influence on the OER activity, compared
with those of the B-site metals. Remarkably, this contradicts the
conventionally believed ideas, where B-site metals as active
sites predominantly influence the OER activity.

Finally, the ML analysis was expanded to encompass dual A-
site metal components, and ML analysis was performed on 154
materials with single and dual A-site-containing multimetal oxi-
des. The ETR algorithm was used for this analysis because it
exhibited the highest accuracy for data with single A-site metal
components. As a result, the prediction accuracy decreased
slightly compared with the single A-site series, as shown in
Fig. 5a and b. This decrease can be attributed to the random
occupancy of different A-site cations in the dual A-site series
crystals, making the atomic configurations more complex. Never-
theless, the increase in RMSE was approximately 0.006 V, indicat-
ing a minimum decline in the prediction accuracy. In addition,
the important structural parameters that contribute significantly
to the OER activity are almost the same as those in the single A-
site series. Therefore, the methodology of prediction using A-site
metal configurations is applicable to data from the dual A-site
series. Note that A-site alkaline-earth metals in multimetal oxides
could be leached out during electrochemical potential cycles,
followed by the reconstruction of catalyst surface structures,
which is involved in OER activity and stability.>® Nevertheless,
the findings in this paper demonstrated that the OER activity can
be described using the parameters for initial bulk structures,
which can be characterized via a general XRD measurement and
obtained from materials databases, such as the ICSD. Therefore,
this study presents versatile and easily-available structural descrip-
tors for OER electrocatalysis on multimetal oxides. The novel
findings presented in this study provide valuable insights into
OER electrocatalysis on multimetal oxides and contribute to the
rational and rapid design of highly active catalysts.

In conclusion, a data-driven ML approach was used to analyze
the OER activities and structural parameters of 154 types of
multimetal oxide collected from published literature. Data visua-
lization using t-SNE demonstrated that the data were distributed
based on the ionic radius of each A-site metal and structural
category. This indicates that the atomic configurations of the A-
site influence the OER activity. A quantitative comparison using
ML revealed that the structural parameters involving A-site metals
hold greater importance for the OER activity compared with those
involving only B-site metals. This finding challenges the conven-
tional belief in the field. Thus, this study provides a new route in
the field of multimetal oxide OER electrocatalysts.
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