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Methods

Machine learning programs and software

Machine learning (ML) models for prediction and analysis were constructed using the
scikit-learn library 0.23.2 in Python 3.7.4.! Shapley additive explanations (SHAP) value
for each feature was estimated using the SHAP library 0.40.0.> These machine learning

processes were implemented using Spyder software 4.1.5.3

Data collection and structural features

To prepare the dataset for ML, data on the crystal structures and OER activities of 154
types of multimetal oxides were manually collected from 47 published articles. Table S1
presents a comprehensive list of the collected multimetal oxides and their respective data
source. The following structural parameters were considered as explanatory variables: A—
A distance (interatomic distance between two A-site metals), A—B distance, A—O distance,
B-B distance, B—O distance, A—O—A angle (bond angle formed by neighbor A—O and O—
A bonds), A—O-B angle, B-O-B angle, A polyhedral volume (polyhedral volume of A-site
metal center and coordinated O atoms), B polyhedral volume, A effective coordination
(effective coordination number of O atoms around A-site metal center), B effective
coordination, A distortion index (index of distortion of the polyhedron with A-site metal
center and coordinated O atoms), B distortion index and A ion radius. The effective

coordination number and distortion index are defined by the following equations:

effective coordination number = Z w; (1)

l
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where di is the bond length from the central metal atom (M) to the ith coordinating O atom
in the MOx polyhedra, dav is the weighted average M—O bond length and C. is the apparent
coordination number.

The parameters were collected based on the presented crystal structures in the
published articles and extracted from the CIF files in ICSD or JCPDS using VESTA
software.* For the dataset, maximum and minimum values of the structural parameter were
employed instead of its average value because average values do not reflect the
distributions of each parameter.

The OER activities were used as objective variables. To ensure comparability of
OER activity between different data sources, the OER overpotentials were extracted from
the onset potentials at a current density of 20—500 pA per surface area of oxide particles
(cm?oxide) or 1-10 mA per electrode area (cm?geo), depending on the graphs presented in
each paper. Since the polarized currents under OER are significantly changeable due to
their catalyst loading amounts and specific surface areas,’ the onset potential was used to
define the overpotential. Finally, a dataset comprising 154 samples was obtained, consisting
of four types of A-site (Ca, Sr, Ba and La) and twelve types of B-site metals (Ti, Cr, Mn,

Fe, Co, Ni, Cu, Mo, Nb, Ru, Bi and Si).
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Visualization of the data distribution

For the t-distributed stochastic neighbor embedding (t-SNE)® analysis, the hyperparameter
perplexity was optimized and selected within the range of 5 and 105 based on the
minimization of its k-nearest neighbor normalized error for visualization and

reconstruction.’

ML models to identify importance of structural descriptors

The relative importance of structural descriptors for OER activity was examined using eight
types of commonly used ML algorithms: multiple linear regression (MLR), least absolute
shrinkage and selection operator regression (LASSO),® ridge regression (Ridge),’ partial
least-squares regression (PLS),!® support vector regression (SVR),'! random forest
regression (RFR),'? gradient boosted regression (GBR)'} and extra trees regression
(ETR).!* The hyperparameters for each algorithm were optimized using the grid-search
method, as shown in Table S2. The collected dataset was fitted using these eight ML
algorithms, and the prediction accuracies were evaluated through cross-validation with
75 % and 25 % samples as training and test sets, respectively. The root-mean-squared error
(RMSE) was used to compare the averaged error of the predicted OER overpotentials for
each ML algorithm. The contribution of each explanatory variable to OER activity was

quantified and ranked based on SHAP values.
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Supplementary Tables and Figure

Table S1 List of 154 multimetal oxides collected as OER electrocatalysts from previously reported

literature.

Literature

Chemical formula

Ref.

2011, Shao-Horn et al.

LaCrOs
LaMnO3+s
LaMnOs
LaMno.5Cu0.503
Lao.sCaosMnO3
LaCoOs
LaNiOs3
Bao.5Sr0.5C00.8Fe0.203-5
Lao.5Ca0.5C00s35
LaMno.sNio.sO3
LaFeOs3
Lao.75Ca0.25FeO3
LaosCaosFeOs

15

2013, Shao-Horn et al.

LaCoOs
SrCoo.8Fe0.203.5
Bao.5sSr0.5Co0.8Fe0.203-5

16

2014, Zhang et al.

LaNiO3

17

2015, Shao et al.

Bao5Sr0.5Co0.8Fe0203.5
SrCo00.9T10.1035
SrFe09T10.103

18

2015, Shao et al.

Bao.5Sro0.5Co0.8Fe0.203.5
SrCoo.8Fe02035

19

2016, Liu et al.

LaFeO3

20

2016, Stevenson et al.

SrCoO3
Lao2Sr0.8Co03.5
Lao.4Sr0.6C003.5
Lao.6Sr0.4Co03.5
Lao.8Sr02C003.5

LaCoO:s

21
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2016, Lee et al.

SrTiO3
LaNiO3

22

2017, Luo et al.

Lao.sSro2MnO3

23

2015, Schmidt et al.

Bao.5Sr0.5Co00.8Fe0.203.5

24

2017, Shao-Horn et al.

LaCoO3
SrCo0Os3

25

2018, Shao et al.

Lao.sSro2FeOs.s
LaFeOs.s

26

2018, Shao et al.

SrFeo0.85S10.1503.5
SrFe0.9S10.103.5

27

2018, Xu et al.

LaFeO3

28

2017, Xu et al.

LaCoOs
LaCoo.9Fe0.103
LaCoo.75Fe0.2503
LaCoo.sFe0s03

29

2018, Yuan et al.

SrNbo.1C00.7F€0.203.5

30

2018, Shao-Horn et al.

Sro.5Ca0.5FeOs
CaFeOss
SrCo0Os.s

31

2018, Yagi et al.

CaVOs
CaMnOs
CaFeOs
CaCoO3
SrCrOs3
SrMnO3
SrFeOs3
SrCoOs3
LaMnO3
LaFeOs
LaCoOs3
LaNiOs3
LaCuOs3
SrMno.sFeo.503
Sro.sLaosFeOs
CaMno.sFeos03
CaosLao.sFeOs
Sro.sLaosMnOs3

32
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LaMno sFeo.503

2019, Du et al.

SrTi03

33

2019, Gui et al.

LaCoO3
Lao.9Sr0.1Co03
Lao.7S10.3C003

34

2018, Grimaud et al.

LaNiO3

35

2019, Yagi et al.

SrRuO3
Cao.5Sr0.5sRuO3
CaRuOs3

36

2013, Shao-Horn et al.

BasMnsOie6
CaMnO3
LaMnOs3+s
La0.4Sro.6Co03
LaCoO:3

37

2014, Yang et al.

CaMnO3

38

2015, Yagi et al.

CaCusFesO12

Bao.5Sr0.5Co00.8Fe0.203.5

CaFeOs3
SrFeO3

39

2016, Smith

SrCoOs

40

2017, Shao et al.

BazBi0.1S¢c0.2C01.706
BazBi0.2Sc0.2C01.606
Bao.5Sr0.5Co0.8Fe0.203.5

41

2017, Tsuji et al.

LaFe0.5C00.503
CaxFexOs

CazxFe1.75C00.2505
CazxFe1.5C00.50s5
Bao.5Sro0.5Co0.8Fe0.2035

Ca2FeCoOs

42

2017, Luo et al.

LaSr3Fe3O10

LaSr3Coi.sFe1.5010

43

2017, Yang et al.

LaCoO3

44

2018, Yagi et al.

CaCusFesO12
CaCusTiaO12
CaCusMn4O12
CaCu3Co4012
CaCu3V4O012

45
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CaVOs3
CaMnOs
CaFeOs3
CaCoOs3
LaCusFe4Or12
LaTi0.5Cu0.503
LaCuOs3
LaFeOs
LaMno.5Cuo0.503

2017, Yagi et al.

LaMnO3
CaMnOs3

46

2018, Shao et al.

BaCoOs
Ba2CoNbOs
BaxCoMo0.5Nbo.50s

47

2018, Xie et al.

La2NiMnOs

48

2019, Habasaki et al.

CazFeCo0Os
CazFe1.5C00.505
CaxFe1.75C00.2505

49

2019, Tavassol et al.

CaSrFe206
CazFe206

50

2019, Shao et al.

BaxCoMo0.5Nbo.50s
BaCoOs3

51

2019, Zhao et al.

LaFeOs3

52

2020, Shao-Horn et al.

SrCoOs3

53

2017, Jiang et al.

LaCoO3

54

2019, Ramezanipur et al.

CaSrFe20¢
CaxFe20s

55

2020, Yamada et al.

Sr2FeMoOe s
LaFeOs3
CazxFe20s
CaFeOs3
LaCoOs3
Ca2C0205
CaCoOs3
LaFeo.5C00.503
CazFeCoOs

Bao.5sSr0.5Co0.8Fe0.203.5

56

S8



CaCusFesO12

2020, Ramezanipor et al.

SrMnOz6
SrMnO3

57

2020, Zeng et al.

LaNiOs3

58

2020, Okazaki et al.

BaFeO4

59

2021, Yamaguchi et al.

CaxFe20s
SrFeOs
BaFeOs

BaFe204

60

2022, Yamaguchi et al.

BalLaFeOs
LaSrFeO4
Sr3Fe207
CaSrFe20s
BaSrFesOs

61
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Table S2 List of hyperparameters for ML algorithms.?

Category Algorithm Hyperparameters
Visualization t-SNE 5 <perplexity < 105
MLR -
LASSO 10°<a<107
Linear regression
Ridge 10°<a<107?
PLS n_components € [1, 2, 3, ..., 28, 29, 30]

kernel =rbf, C € [275,274, ..., 210 2" y e [27%0,2719, ..,

R
SV 210 211 ¢ e [2710,2°°, ..., 20 21],

n_estimators € [3, 5, 10], max_features € [5, 10, 20, 30],
RFR  min_samples_split € [2, 5, 10], max_depth € [5, 10, 50],
min_samples_leaf € [1, 2, 4]

n_estimators € [3, 5, 10], max_features € [5, 10, , 20, 30],
Nonlinear regression learning_rate € [0.01, 0.1, 0.5], min_samples_split € [2, 5,
GBR 10], max_depth € [5, 10, 50], min_samples leaf € [1, 2, 4],
subsample € [0.2, 0.5, 1.0], min_weight fraction leaf
[0.01, 0.1, 0.3, 0.5]

n_estimators € [3, 5, 10], max_features € [5, 10, 20, 30],
min_samples_split € [2, 5, 10], max_depth € [5, 10, 50],
min_samples leaf € [1, 2, 4], min_weight fraction leaf €
[0.01, 0.1, 0.3, 0.5]

aThe default values in each library were used for other nonmentioned hyperparameters.

ETR
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If the ionic radii change,

affects surrounding
bond angles, inter
atomic distances, etc.

Fig. S1 Schematic illustration of the effect of A-site ionic radii on other structural parameters.
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