Science Advances

AVAAAS

Supplementary Materials for

Leveraging data mining, active learning, and domain adaptation for efficient
discovery of advanced oxygen evolution electrocatalysts

Rui Ding et al.

Corresponding author: Junhong Chen, junhongchen@uchicago.edu; Yuxin Chen, chenyuxin@uchicago.edu

Sci. Adv. 11, eadr9038 (2025)
DOI: 10.1126/sciadv.adr9038

This PDF file includes:

Figs. S1 to S43
Tables S1 to S4

Supplementary Discussion S1 to S3
References



A Elements explored in domain knowledge

H I:l Reported Element-High Entropy He
== Reported Element-Regular il Rl Bl I IR
Mg Si|P|s|cl|Ar
I As | Se | Br | Kr
Rb Sb|Te | I |Xe
Cs ||Ba | Bi | Po | At [ Rn
Fr | Ra | Uup| Lv |Uus|Uuo
E Dy [[Ho || Er I Tm| Yb || Lu
; Cf | Es |Fm |Md [ No | Lr

B Elements covered in this study

Adaptive Learning Candidate Space

H He
TB_e Domain Adaptation Target Domain BlcInlolF |ne
Na | Mg Domain Adaptation Source Domain | ;i si | p | s | c1I | Ar
Cu Se | Br | Kr
Ag Te I | Xe
Au Po | At | Rn

Rg | Cn |Uut| FI |Uup| Lv |Uus|Uuo

La

lanthanoids

Tm;YbE Lu

Ac Md | No

actingids

Corresponding
Select 4 Elements from % Percentage =3.035 Billion
Sum=100 (stride=1)

Fig. S1 Exploration of candidate metal element spaces for acidic OER electrocatalysts and
corresponding combinatorial complexity. (A) The light blue highlighted elements represent



the metals involved in the precursor synthesis for acidic OER electrocatalysts in high-entropy or
multi-metallic systems, as explored in recent publications (/8, 19, 111-120) within the last two
years. In these studies, the number of metal elements in the precursors would equal or exceed
four. These studies typically do not investigate the elemental ratios, often defaulting to equimolar
proportions in high-entropy systems. In contrast, the brown highlighted elements denote metals
explored over the past 20 years in conventional research for acidic OER catalyst systems, used
for doping or as base materials, as identified in the domain knowledge dataset used during the
data-mining stage of this work (see fig. S2). In these studies, the metal element numbers in the
precursors are predominantly lower than four, usually less than three. (B) The candidate metal
element space explored in this study is highlighted in light green, representing the candidate
elements involved in the DASH loop search within the active-learning module, expanded from
the elements covered in the current domain as shown in (A) (including the remaining lanthanides
and additions of Hg, T1). The orange solid box highlights the candidate doping elements in the
source domain for the domain adaptation module related to DFT theoretical simulations, while
the blue dashed box outlines the corresponding target domain elements.

Note: To estimate the total number of combinations for designing a quaternary oxide with four
elements selected from 58 possible elements and having their proportions sum up to 100% (with
each proportion being an integer), the following steps were performed:

(1) Element Selection: Four elements are chosen from a pool of 58 candidates.

(2) Percentage Assignment: For each selected element, a percentage value is assigned between 1
and 100, inclusive, with a step size of 1.

(3) Constraint Application: The sum of the four percentage values must be equal to 100. This
introduces a constraint on the percentage combinations, ensuring that the sum of the assigned
percentages for the four elements equals 100.

(4) Duplication Removal: Duplicate combinations are removed to retain only unique
combinations. This step ensures that permutations of the same combination are counted as one
unique combination.

The result shows that the total possibilities would reach a huge number of 3.035 billion
(3,034,803,310). This calculation encompasses both the distribution of percentages to the
elements and the selection of the elements themselves. Corresponding script is available at the
online repository’s “./ML Databases and Scripts/Number of Possibilities Calculation” directory.
In conclusion, considering all possible combinations of the candidate metal elements highlighted
in light green, assuming the sum of proportions equals 100% with a stride of 1%, the total
possible formulations approach over three billion, even with only four precursor metals. This
calculation excludes other synthesis parameters, such as annealing duration and temperature,
post-treatment steps, and electrochemical factors, thus underscoring the “expansive array of
constituent elements and synthesis parameters.” If we further, consider synthesis parameters like
what we have defined in the GA search part “/Machine Learning Databases and

Script/Adaptive Active Learning Loop&GA Prediction/Model Retraining and GA Prediction of
Highest Variance and Lowest Overpotential (Weighted Committee Ensemble)” then there would
be additional of 36*133*8 = 38,304 possibilities in synthesis parameters combination. Therefore,
a total candidate space for our active learning stage with experimental exploitation and
exploration is 116,245,105,986,240, which is over 116 trillion.

This vast candidate space highlights the complexity of optimizing such a system, necessitating a
multi-stage strategy that employs various ML techniques for decision-making at different stages.
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Fig. S2 Trends and distribution patterns in the domain knowledge datasets for acidic OER
electrocatalysts. (A) Publication and data entries (number per year vs. total) in the full initial
domain knowledge dataset. (B) Half-violin plots that reflect the distribution patterns of the
domain knowledge datasets.



Table S1 The features in the domain knowledge dataset (full dataset, 1,847 entries) for catalytic
activity and corresponding variable range.

Feature Name (Unit) Variable Range

Metal Dopant 1* (1~4 represent the proportion in

49 different metal elements™
precursor from high to low) 9 different metal elements

Metal Dopant 2 55 different metal elements or none
Metal Dopant 3 39 different metal elements or none
Metal Dopant 4 7 different metal elements or none
Metal Dopant 1 Proportion in Precursor (at. %; refers
: 28.57~100
to that in total of four types of metal)
Metal Dopant 2 Proportion in Precursor (at. %) 0~50
Metal Dopant 3 Proportion in Precursor (at. %) 0~33.33
Metal Dopant 4 Proportion in Precursor (at. %) 0~17.67
Hydrothermal Temperature (°C) (or precursor mixing) -196~320
Hydrothermal Time (min) (or precursor mixing) 0 ~86,400
. _ .. 0: still incubation; 1: stirring or
Hydrothermal Still/Stirring (0/1) (or precursor mixing) sonication

Hydrothermal Strong Reductant in Liquid (0/1) (or
precursor mixing)

Hydrothermal Weak Reductant in Liquid (0/1) (or
precursor mixing)

Mixed in Solid or Liquid (0/1)

0: False; 1: True

0: False; 1: True

0: False (liquid mixing or
hydrothermal); 1: True (ball milling)

Annealing Temperature (°C) 25~1,400

Annealing Time (min) 0~20,160
Annealing Still/Stirring (0/1) 0: False; 1: True
Annealing Atmosphere Inert (0/1) 0: False; 1: True
Annealing Atmosphere Reducing (0/1) 0: False; 1: True
Post-processing Acid Wash, etc. (after annealing; 0/1) 0: False; 1: True

Catalyst Loading (mg cm™) 0.000714~490
Support Material Loading (mg cm) 0~18
Support Material is Note(tjcafbocﬁ)(support material, TiOx, 0: False: 1: True
Electrode Type Glassy Carbon/Carbon Paper or Ti  0: Glassy Carbon;1: Carbon Paper or
Mesh (0/1) Ti Mesh
LSV Scanning Speed (mV s™) 0.1~100

Electrolyte Proton Concentration (M) 0.01~6




Note:

a) For clarity and consistency in terminology, all metal elements in the precursor are referred to
as “dopants”, even though the first “dopant” is actually the primary metal. These are arranged in
descending order of their proportions, from the first to the fourth.

b) When conducting non-ML method data mining, the dataset directly treats elements as frequent
items. However, for ML modeling and fitting, the elemental information is digitized and
represented by properties such as relative atomic mass, atomic number, period, group, ionization
energy, electronegativity, number of outermost d electrons, and atomic radius, as we have
illustrated in detail in Supplementary Note 1, Fig. SN 1-1.

c¢) Additionally, in some studies, such as those using TiN or TiC as catalyst supports, the
elements N and C do not exist in the final mixed oxide product in the same way as they do in the
precursor organic compounds. Therefore, despite the term “metal elements” used in this paper, a
few records in the dataset will include N and C. This is in consideration of their stable presence
during the catalytic process and to account for their potential synergistic effects in catalysis.



Table S2 The features in the domain knowledge dataset (full dataset, 453 entries) for stability
and corresponding variable range.

Feature Name (Unit) Variable Range

Metal Dopant 1 (1~4 represent the proportion in

41 different metal el t
precursor from high to low) different metal elements

Metal Dopant 2 53 different metal elements or none
Metal Dopant 3 32 different metal elements or none
Metal Dopant 4 3 different metal elements or none
Metal Dopant 1 Proportion in Precursor (at. %; refers
. 28.57~100
to that in total four types of metal)
Metal Dopant 2 Proportion in Precursor (at. %) 0~50
Metal Dopant 3 Proportion in Precursor (at. %) 0~32.34
Metal Dopant 4 Proportion in Precursor (at. %) 0~2.06
Hydrothermal Temperature (°C) (or precursor mixing) -77~320
Hydrothermal Time (min) (or precursor mixing) 0~10,080
. _ .. 0: still incubation; 1: stirring or
Hydrothermal Still/Stirring (0/1) (or precursor mixing) sonication

Hydrothermal Strong Reductant in Liquid (0/1) (or
precursor mixing)

Hydrothermal Weak Reductant in Liquid (0/1) (or
precursor mixing)

Mixed in Solid or Liquid (0/1)

0: False; 1: True

0: False; 1: True

0: False (liquid mixing or
hydrothermal); 1: True (ball milling)

Annealing Temperature (°C) 25~1,200
Annealing Time (min) 0~20160
Annealing Still/Stirring (0/1) 0: False; 1: True
Annealing Atmosphere Inert (0/1) 0: False; 1: True
Annealing Atmosphere Reducing (0/1) 0: False; 1: True
Post-processing Acid Wash, etc. (after annealing; 0/1) 0: False; 1: True
Catalyst Loading (mg cm™) 0.000714~490
Support Material Loading (mg cm) 0~5.58
Support Material is Notefc?:l;rlz)(/)iq)(support material, TiOx 0: False: 1: True
Electrode Type Glassy Carbon/Carbon Paper or Ti Mesh 0: Glassy Carbon;1: Carbon Paper or
(0/1) Ti Mesh
Electrolyte Proton Concentration (M) 0.01~6
Stability Constant Current Density (mA cm™) 0.1~1,000

Stability Test Time (h) 0.28~8,000




Note:

After integrating the fundamental intrinsic atomic properties information into the dataset, we
further examined the correlation matrices for the initial dataset using the Kendall, Spearman, and
Pearson methods. Interested readers can check the corresponding results in the online GitHub
repository (https://github.com/ruiding-uchicago/DASH) (“/Online Repository Figures/”): Fig.
ORI1~OR12. While there is a high degree of inter-correlation among features that inevitably
express fundamental intrinsic atomic properties information of elements, such as relative atomic
mass, atomic number, period, group, ionization potential, electronegativity, number of d
electrons, and atomic radius, the correlations are significantly lower among other features.
Specifically, this lower correlation is observed both within features related to material synthesis
and testing and between these features and the fundamental intrinsic atomic properties of
elements (except for a reasonable correlation between annealing time and temperature). This
finding is particularly encouraging for several reasons. First, the lower degree of correlation
among these sets of features suggests a diverse and rich dataset, which is crucial for the
robustness of ML models. This correlation indicates that our dataset encompasses a wide range
of independent variables, thus enhancing the potential for our models to capture and learn from a
broad spectrum of material behaviors and properties. Second, the low correlation between
material synthesis/testing features and elemental fundamental intrinsic atomic properties implies
that our dataset is not dominated by any single type of information. This diversity ensures that
our ML models are not biased towards fundamental intrinsic atomic properties features alone but
are also informed by practical, experimental data. In summary, this characteristic of our dataset
is advantageous for developing nuanced and comprehensive ML models, as it allows for the
exploration of complex interactions within materials, potentially leading to novel insights and
breakthroughs in the field of electrocatalysis.

The corresponding unprocessed domain knowledge dataset .csv file (that is readable in Excel
software), Python script files, and generated pkl dataset files (for supervised learning and
training first-iteration ML committees based on the previously mentioned domain knowledge
dataset) are stored and publicly available in the: “/ML Databases and Scripts/Domain Knowledge
Database Preprocessing” directory of the DASH online repository.

More secondary implementation details and discussions are available in Supplementary Note 1.
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Fig. S3 Network graphs and summary of chemical elements based on overpotential
thresholds for acidic OER electrocatalysts. (A) Network graph based on the full dataset of
chemical elements with a qualified overpotential boundary set at 250 mV. (B) Network graph
based only on the high-quality dataset of chemical elements with a qualified overpotential
boundary set at 250 mV (for network graphs herein, different colors at the edges of nodes
represent different groups of elements. Aquamarine: C group; royal blue: N group; red: O group;
pink: B group; brown: halogen; cornflower blue: earth abundant—transition metal; purple: rare
earth metal; yellow: first/second group metal; and orange: noble metal.). The right-side table
summarizes the frequencies of elements by themselves, or coexisting with It/Ru, as well as the
corresponding qualified percentages (10 <250 mV). A detailed discussion is provided in
Supplementary Note 2 (https://github.com/ruiding-uchicago/DASH).
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Fig. S4 Network graphs and summary of chemical elements based on decay rate thresholds
for acidic OER electrocatalysts. (A) Network graph based on the full dataset of chemical
elements with a qualified decay rate boundary set at 1 mV h!. (B) Network graph based only on
the high-quality dataset of chemical elements with a qualified decay rate boundary set at 1 mV h-
! (for network graphs herein, different colors at the edges of nodes represent different groups of
elements. Aquamarine: C group; royal blue: N group; red: O group; pink: B group; brown:
halogen; cornflower blue: earth abundant—transition metal; purple: rare earth metal; yellow:
first/second group metal; and orange: noble metal.). The right-side table summarizes the
frequencies of elements by themselves, or coexisting with Ir/Ru, as well as the corresponding
qualified percentages (decay rate <I mV h™'). A detailed discussion is provided in
Supplementary Note 2.
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and the high-quality dataset, with a qualified decay rate boundary set at 1 mV h!. (B)
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graph fig. S4.) (C) Results of high lift values in Apriori associate rule mining based on the full
domain knowledge dataset with a frequent itemset length of two for stability-related insights; (D)
Results of high lift values in Apriori associate rule mining based on a high-quality domain
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Supplementary Discussion S1

In the supervised data-mining process, we adopt a robust and comprehensive approach to
hyperparameter optimization in our regression ML models in the committees, a process that is
instrumental in maximizing model performance and ensuring the validity of our results.
Hyperparameter Optimization Strategy

Our strategy involves a meticulous application of five-fold cross-validation (CV) exclusively on
the training data set. This process segregates the training data into five distinct subsets. In each
iteration of the CV, four subsets are used for training the model, while the remaining subset
serves as the validation set. This cycle is repeated five times, ensuring that each subset is used
for validation once. This approach allows each model to be trained and validated on different
data segments, thus effectively honing its hyperparameters. By confining this process within the
training data, we eliminate the risk of data leakage and ensure that the test data remains an
unbiased arbitrator of model performance.

The absence of test data involvement in this stage is crucial for maintaining the integrity of our
evaluation process. It guarantees that the model’s hyperparameters are optimized without any
foreknowledge of the test data, thus ensuring that the final evaluation on the test set is conducted
under fair and unbiased conditions. This method not only enhances the reliability of our results,
but also ensures that the models are evaluated based on their ability to generalize to new, unseen
data.

Performance Metrics

To comprehensively assess the performance of our ML models, we employ a suite of statistical
metrics, each providing unique insights into the model’s accuracy and efficacy.

1. Mean Absolute Error (MAE): MAE measures the average magnitude of errors in a set of
predictions without considering their direction. It is calculated using the Equation (S1):

n
1
MAE = ;Zlyi — %! (Equation §1)
i=1

where ¥ represents the actual value and yi represents the predicted value. MAE is particularly
useful because it provides a straightforward interpretation of the average error magnitude.
2. Mean Squared Error (MSE): MSE provides a measure of the quality of an estimator—it is

always non-negative, and values closer to zero are better. It is given by Equation (S2):

n
1
MSE = Ez(% —%)? (Equation S2)
i=1

MSE penalizes larger errors more severely than smaller ones, making it sensitive to outliers in
the data.

3. Root Mean Squared Error (RMSE): RMSE is the square root of the MSE and is used to
measure the difference between values predicted by a model and the values observed. The
formula is Equation (S3):

n
1
RMSE = Ez(% —%.)? (Equation S3)

i=1

RMSE is in the same units as the response variable and is particularly useful for understanding
the error magnitude in the context of the measured data.



4. Coefficient of Determination (R?): R? quantifies how well future outcomes are likely to be
predicted by the model. It is defined as Equation (S4):

Z?=1(yi - 5’\1)2
— Eguation S4
L Oi-y? )

where ¥ is the mean of the observed data. R? provides a scale for model comparison, indicating
the proportion of variance in the dependent variable that can be explained by the independent
variables in the model.

Regression Performance Discussion

As we briefly discussed in the main text, most of the regression models in the four committees,
either based on full or high-quality datasets or focused on activity or stability, have shown
comparatively good predicting abilities. In particular, the best-performing algorithms among the
11 models in our committee in terms of the R? values were identified as ensemble models, such
as CatBoost, Random Forest, and Gradient Boosting, thus highlighting their effectiveness and
the value of their SHAP matrices as representative for deeper materials science insights. Our
domain knowledge dataset, rooted in experimental research literature, inevitably contains
significant experimental detail variations such as disparities in synthesis preparation and testing
characterization methods among different laboratories and researchers. These variations may
introduce unavoidable but non-negligible noise in the dataset. However, as demonstrated through
the statistical analysis of four key metrics for different regression models in figs. S6, S7, S10,
S11, it is evident that the top-performing ensemble algorithms often achieve R values close to or
exceeding 0.8 on the test set. The R? value, commonly regarded as highly significant due to its
ability to quantify the proportion of variance in the dependent variable that is predictable from
the independent variable, underscores the reliability of our domain knowledge dataset and the
robust predictive power of the ML models derived from it.

These models exhibit substantial robustness against outliers in the dataset, effectively learning
the overarching trends within the studied material system. Additionally, an intriguing
observation from our study is that despite the high-quality dataset and the full dataset appearing
to share a similar distribution pattern, as shown in fig. S1B, ML models trained on these datasets
exhibited noteworthy differences in performance. As summarized in Fig. 3A, the top-performing
algorithms demonstrated a lower MAE when using the high-quality dataset. This trend was
further corroborated by the MSE and RMSE metrics. This finding aligns with our initial
assumption that data entries sourced from varying levels of reliability may differentially impact
model performance due to their respective outlier and noise levels.

Scripts in this part for activity or stability regression models can be retrieved in the directory
“Domain Knowledge-Based Initial ML Committee and Blackbox Interpretation/
Regression/Activity/Initial ML Committee Training/” (for stability regression, find the folder
named “Stability”, which is a same-level directory of “Activity”).

R?=1-
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Fig. S6 Performance of ML models for predicting nio using the full domain knowledge
dataset. Scatter diagrams of the ML model committee members, namely different algorithms
trained to predict nio based on the full domain knowledge dataset. The red point’s x axis value
indicates the predicted outcome from the machine-learning model for a specific sample in the
test set, whereas its y axis value reflects the actual recorded value in the dataset. Similarly, the
blue points represent the results in the training set. The black line, represented by y=x, functions
as a benchmark: the proximity of these red points to the y=x line is indicative of the model’s
prediction accuracy. Diagrams corresponding to the different hyperparameter-optimized
algorithms: (A) SVR, (B) KNR, (C) LightGBM, (D) XGBoost, (E) CatBoost, (F) Gradient
Boost, (G) Random Forest, (H) Decision Tree, (I) AdaBoost, (J) ANN with one hidden layer, (K)
ANN with two hidden layers, and (L) summary of the key performance metrics for regression,
with the top three in terms of R highlighted in red font.
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Fig. S7 Performance of ML models for predicting nio using the full domain knowledge
dataset. Similar to Fig. S6, scatter diagrams of the ML model committee members, namely
different algorithms trained to predict nio based on the high-quality domain knowledge dataset.
Diagrams corresponding to the different hyperparameter optimized algorithms: (A) SVR, (B)
KNR, (C) LightGBM, (D) XGBoost, (E) CatBoost, (F) Gradient Boost, (G) Random Forest, (H)
Decision Tree, (I) AdaBoost, (J) ANN with one hidden layer, (K) ANN with two hidden layers,
and (L) summary of the key performance metrics for regression, with the top three in terms of R?
highlighted in red font.
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Fig. S8 Summary of regression performance for ML models predicting nio in the full
domain knowledge dataset. These histograms correspond to regression performance metrics on
ML models illustrated in Fig. S6. (Please note that it is possible that the committee of models
could get close or even outperform (e. g. R*=0.86 for committee) its best-performing member
(R*=0.84) on the test set by leveraging the complementary strengths of individual models,
reducing errors through ensemble averaging.)
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Fig. S9 Summary of regression performance for ML models predicting nio in the full
domain knowledge dataset. These histograms correspond to regression performance metrics on
ML models illustrated in Fig. S7.
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Fig. S10 Performance of machine learning models for predicting decay rate using the full
domain knowledge dataset. Scatter diagrams of the ML model committee members, namely
different algorithms trained to predict the decay rate based on the full domain knowledge dataset.
Diagrams corresponding to the different hyperparameter optimized algorithms: (A) SVR, (B)
KNR, (C) LightGBM, (D) XGBoost, (E) CatBoost, (F) Gradient Boost, (G) Random Forest, (H)
Decision Tree, (I) AdaBoost, (J) ANN with one hidden layer, (K) ANN with two hidden layers,
and (L) summary of the key performance metrics for regression, with the top three in terms of R?
highlighted in red font.
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Fig. S11 Performance of machine learning models for predicting decay rate using the high-
quality domain knowledge dataset. Scatter diagrams of the ML model committee members,
namely different algorithms trained to predict the decay rate based on the high-quality domain
knowledge dataset. Diagrams corresponding to the different hyperparameter optimized
algorithms: (A) SVR, (B) KNR, (C) LightGBM, (D) XGBoost, (E) CatBoost, (F) Gradient
Boost, (G) Random Forest, (H) Decision Tree, (I) AdaBoost, (J) ANN with one hidden layer, (K)
ANN with two hidden layers, and (L) summary of the key performance metrics for regression,
with the top three in terms of R? highlighted in red font.
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Fig. S12 Summary of regression performance for ML models predicting decay rate in the
full domain knowledge dataset. These histograms correspond to regression performance
metrics on ML models illustrated in Fig. S10.
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Fig. S13 Summary of regression performance for ML models predicting decay rate in the
high-quality domain knowledge dataset. These histograms correspond to regression
performance metrics on ML models illustrated in Fig. S11.
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%@ ::iijlk Overview of Supervised Data Mining Flow

7P PG

ML Committees
(Fig. 3A-B; fig. S5A-B)

o Ensembled SHAP Matrix
e Importance Ranking
o H-Statistic Matrix

o Dependence Plots

o Feature Impact Patterns

. l Unsupervised Results %*

Initial Exploration Space-

Active Learning-
)) Guided Experimental
Exploration

(Table S3)

Fig. S14 Flowchart of black-box interpretation tools in supervised machine learning for
data mining. The flowchart illustrates the integration of various black-box interpretation tools
used in the supervised data-mining component of the ML models. A detailed discussion,
including nuanced explanations and original results, can be found in Supplementary Note 4
(https://github.com/ruiding-uchicago/DASH).
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Fig. S15 Key results derived from supervised data mining on the high-quality domain
knowledge dataset. (A) and (B): The top five ML models, as identified from committees trained
on various domain knowledge datasets, are evaluated based on R? and MAE metrics on the test
set. (C)-(D) SHAP cohort bar plots that highlight the important features with light green and blue
frames highlighting the element-related features: atomic properties and synthesis condition
parameters, respectively. (E)-(H) Selected SHAP two-dimensional interaction plots that feature
an interaction of the primary studied feature on the x axis with a second feature, which is
indicated by the color bars. The second features, also chosen from the top features with a similar
type, are those with a high degree of interaction in the Friedman’s H-statistic interaction matrix.
Dashed lines at y=0 in each dependence plots split-grey areas that indicate the preferred value

ranges.
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Fig. S16 Analysis of feature interaction strengths using Friedman’s H statistic. (A)
Friedman’s H statistic of the weighted average matrix heatmap for illustration of the average
interaction strength between different categories of features. The original heatmap could be
found in Supplementary Note 4: Figure SN 4-1/4-2/4-19/4-20. (B) the version of (A) when

elemental features of the major three metal elements only are considered.
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Supplementary Discussion S2

Details of the Experimental Synthesis and Electrochemical Evaluation Processes

Synthesis of Polymetallic Oxide Samples

The preparation of polyacrylonitrile powder began with commercial polyacrylonitrile, which
underwent manual sieving using standard testing sieves to yield a dry, fine, non-agglomerated
product weighing 150 mg. Concurrently, a solution of metal precursors, comprising a total of
four types, was prepared in a water: ethanol (1:1) mixed solvent. These metal salt precursors
were all dissolved in the 1:1 water: ethanol mixture for future use, with the specific molar
amount determined based on the equivalent molar quantity to 50 mg of hydrated ruthenium
chloride, per the ML committee’s prediction in each iteration. This involved drawing the metal
solution with a pipette to extract a certain amount.

The mixing method, either ball milling or magnetic stirring, was decided by the ML committee.
For ball milling, constraints were applied during the ML algorithm prediction: when ball milling
was selected, all solvents and reducing agents were set to zero in the GA computing processes,
although the temperature was not constrained. The milling jar was preheated in an air-circulating
oven to a specific temperature (if above room temperature) as predicted by the ML model before
beginning the milling process. In the case of magnetic stirring, polyacrylonitrile powder and
various metal solution precursors were dissolved in 20 mL of a specified solvent (ethanol or
water). Since polyacrylonitrile powder has low solubility, the product was slurry-like. The
mixture was then placed in a 30 mL crucible under water bath heating and stirring conditions at
90 °C. Magnetic stirring continued until the solvent completely evaporated, leaving a dry, non-
clumpy powder. This solvent addition and evaporation process may be repeated multiple times as
necessary.

Following this, the precursor powder from the previous step was transferred into a 30 mL
crucible (the same one if the precursor was already in a liquid phase) and calcined in a muffle
furnace at either 400 °C or 500 °C under air. The heating rate was maintained at 1.67 °C min’!
for six hours to obtain oxide samples. The resulting black mixed polymetallic oxide powder was
then manually sieved using standard testing sieves and ground in a mortar until no aggregated
hard particles were visible. This sieving and grinding process may be repeated as necessary. An
optional acid washing step may be followed, as dictated by ML model predictions. If required,
the product underwent acid washing in 0.5M H>SOj4 at room temperature for eight hours. The
acid-washed product was then collected by centrifugation, rinsed with DI water, and dried in an
air-circulating oven to yield a fine powder. Ultimately, the final product, whether directly
obtained from sieving and grinding or after undergoing acid washing, was ready for use as a
catalyst for further OER electrochemical testing purposes.

Electrochemical Test in Half Cell

Half-cell tests for OER were conducted using a Rotating Disk Electrode (RDE). The
experimental setup involved a typical standard three-electrode system, with a 5.00 mm-diameter
RDE serving as the working electrode. A Reversible Hydrogen Electrode (RHE) was employed
as the reference electrode after calibration, and a graphite rod was introduced as the counter
electrode. The catalyst ink for the OER derived from oxide nanoparticles had a concentration of
11.78 mg mL™!. The solvent for the ink was a mixture of isopropanol and Nafion perfluorinated
resin solution (5 wt. % in isopropanol), with a volume ratio of 1:0.05. To prepare the ideal half-
cell ink, the solid catalyst was pre-ground, as mentioned in Synthesis of polymetallic oxide
samples, followed by ice-bath ultrasonication of the solid-liquid mixture until a uniform black
suspension was obtained.



For electrochemical measurements, a specific amount of the ink was pipetted onto the glassy
carbon of the RDE and naturally air-dried to achieve a smooth catalyst layer with a loading of
0.50 mg cm™. The evaluation of the OER catalytic performance was carried out in a 0.50 M
H>SO4 aqueous solution (pH~0.3) (/217) using Linear Sweep Voltammetry (LSV). The test
temperature was maintained at 25 °C using a circulating water bath. During the LSV tests, the
rotation speed was set at 1,600 rpm, with a scan rate of 10 mV s\,
The electrochemically-active surface area (ECSA) of the catalyst samples is calculated from the
double-layer capacitance according to the Equation (S5) (/22):
ECSA = C4/Cs (Equation S5)

Where C; is the specific capacitance of the sample. Hence, we use general specific capacitances
of C; = 0.03 mF /cm? based on typical reported value. The double-layer capacitance (Cy;) can
be measured via cyclic voltammetric scan (CVs), a potential range in which no apparent Faradaic
processes occurred. The range for CVs is 0.85-0.95 V. Scan rates are 20, 40, 60, 80, 100, and
120 mV/s, respectively.
ECSA-normalized activity at a given overpotential is another metric for evaluating the activity of
a catalyst. The ECSA-normalized activity definition is based on the specific current density per
ECSA (Jgcsa—200), Which is calculated using the current density (J200) at overpotential 200 mV
and according to the Equation (S6):

Jecsa—200 = J200/ ECSA (Equation 56)
We conducted the half-cell stability test in the same standard three-electrode system, but used
sintered titanium fiber felts (Bekipor, Bekaert) with a thickness of 250 pm (cleaned in an
ultrasonic bath with ethanol and water) as the electrode with a size of 1 cm*1 c¢m, and the
catalyst loading is unchanged. Without rotating the electrode, we placed a magnetic stirrer to
ensure the mass transfer of the electrolyte. The constant current density was kept at 10 mA cm™
for over 36 hours. All the half-cell tests were performed on electrochemical workstations
CHI650e and CHI750e. Readers can retrieve all the tested data in the online repository in the
directory “Experimental Records and Raw Data”.
Membrane Electrode Assembly Test in a Single Cell
The preparation of the Membrane Electrode Assembly (MEA) begins with the formulation of the
ink. The procedure is as follows: 100 mg of 60 wt. % Pt/C catalyst is weighed and dispersed in
ultrapure water. Acetone and Nafion D520 solutions are then added to the dispersion.
Subsequently, the ink is stirred in an ice-water bath for 12 hours. After ultrasonic dispersion in
an ultrasonic cleaner for 30 minutes, the ink is set aside for spray-coating on the cathode side for
the HER. Similarly, for the anode side of the OER in single-cell tests, an analogous strategy is
employed for preparing and dispersing the ink of Ru oxides.
The Catalyst-Coated Membrane (CCM) method is used, where the proton exchange membrane
Nafion 115 is laid flat on the operation platform of an ultrasonic spray coater at a temperature of
100 °C. The ink is injected into the coater via a syringe and sprayed onto the membrane in a
criss-cross pattern using ultrasonics. The flow rate of the spray is adjusted by regulating the
carrier nitrogen gas pressure. The quantity of liquid is controlled by a motor while the
distribution of the liquid is further managed by varying the coordinates, motor running speed,
nozzle height, and nozzle angle. After coating, the final product is dried for 20 minutes. The
same ultrasonic spray-coating process is then applied to the other side with the same parameters.
The catalyst loadings are 0.4 mgPt cm 2 for the cathode and 1 mg cm™ for the anode, with the
overall MEA size of 2.5cm*2.5cm, resulting in a total area of 6.25 cm?.



It is important to note that in both half-cell and single-cell configurations, the Ru content is not
directly calculated but estimated based on the weight of the final product. According to ICP
results, the Ru loadings for the final products A~D in the half-cell are estimated to be 0.221,
0.181, 0.2015, 0.163 mgRu cm 2, respectively. For the single cell, these values are doubled:
0.442, 0.362, 0.403, 0.326 mgRu cm™. This use of precious metals is relatively low compared to
other works on PEM electrolyzer MEAs (/23) in the literature.

For the anode and cathode, the Ti fiber felt used previously for the half-cell stability test and
carbon fiber paper (Freudenberg) with a thickness of 250 um are used as porous transport layers
(PTLs), respectively. The PTLs are hot-pressed with the MEA at 140 °C under a pressure of 6.0
MPa. The hot-pressed samples are then placed between two serpentine flow field plates and
sealed with PTFE gaskets.

Before each test of the single cell, 80 °C deionized (DI) water (conductivity 6 < 1.0 uS cm™) is
supplied to the anode of the electrolyzer at a flow rate of 20.0 mL min™! for eight hours.
Subsequently, the electrolyzer is operated at a constant electrolysis voltage of 1.6 V until the
current fluctuation is less than 1.0 mA per minute, ensuring proper hydration and stability of the
MEA and activation procedure. Then, polarization curves are recorded in constant current mode,
with steps of 0.1 A cm™ when the current density exceeds 0.1 A cm™. More details, such as the
instrument models, the MEA stability test method, and the electrochemical impedance
spectroscopy (EIS) measurement can be found in our recent work on the poisoning effect of Ti
ions in porous transport layers on PEM electrolyzer MEAs (124).

The chemicals used and corresponding suppliers are listed below:

Zn(NO3)2-6H>0 Sinopharm Chemical Reagent Co., Ltd.

Fe(NO3)3-9H>0O Sinopharm Chemical Reagent Co., Ltd.

Co(NO3)2:6H>0 Sinopharm Chemical Reagent Co., Ltd.

Ni(NO3)2-6H20 Sinopharm Chemical Reagent Co., Ltd.

Sc(NO3)3-6H20 Shandong Desheng New Material Co.

Cu(NO3)2:3H,0 Macklin

Ga(NO3)3-9H,0 Sinopharm Chemical Reagent Co., Ltd.

Y(NO3)3-6H>0 Shandong Desheng New Material Co.

Zr(NO3)4-6H20 Macklin

NbCls Macklin

VCls jkchemical

MoCl3 jkchemical

Cr(NO3)3-9H>0 Sinopharm Chemical Reagent Co., Ltd.

Mn(NO3)>-:2H>0 Macklin

RuCl3.xH20 Macklin

CdClz-5H20 Macklin

In(NOs)3; Macklin

RhCl3:3H>0 Macklin

LaCls Macklin

PrCl13-6H,0 Shandong Desheng New Material Co.

NdCls Shandong Desheng New Material Co.

PmCls; Shandong Desheng New Material Co.

SmCIls Shandong Desheng New Material Co.

EuCls; Shandong Desheng New Material Co.

GdCl3 Shandong Desheng New Material Co.



ErClz Shandong Desheng New Material Co.
TmClI3 Shandong Desheng New Material Co.
YbCl3-H>0O Shandong Desheng New Material Co.
WCls Aladdin

ReCl; Aladdin

H2IrCls-6H>O Aladdin

AuCls Aladdin

Pb(NOs): Sinopharm Chemical Reagent Co., Ltd.
BaCOs Macklin

SrCOs Sigma Aldrich

NayCOs Sinopharm Chemical Reagent Co., Ltd.
K>COs Sinopharm Chemical Reagent Co., Ltd.
CaCOs Sinopharm Chemical Reagent Co., Ltd.
MgCI2 Sinopharm Chemical Reagent Co., Ltd.
Li,COs Sinopharm Chemical Reagent Co., Ltd.
SeCl; jkchemical

Al(NOs); Sinopharm Chemical Reagent Co., Ltd.
Ethanol Sinopharm Chemical Reagent Co., Ltd.
H>SO4 Aladdin

Ultrapure water Nanjing Peiyin Instrument Co.
Isopropanol Sinopharm Chemical Reagent Co., Ltd.
Nafion perfluorinated resin solution (5 wt. % in isopropanol) Dupont



Table S3 Variable ranges and constant settings during GA search process.

Feature Name (Unit)

Variable Range (constant settings)

Metal Dopant 1 (1~4 represent the proportion in
precursor from high to low)

Metal Dopant 2
Metal Dopant 3
Metal Dopant 4

Metal Dopant 1 Proportion in Precursor (at. %; refers
to that in total four types of metal)
Metal Dopant 2 Proportion in Precursor (at. %)
Metal Dopant 3 Proportion in Precursor (at. %)
Metal Dopant 4 Proportion in Precursor (at. %)
Hydrothermal Temperature (°C) (or precursor mixing)
Hydrothermal Time (min) (or precursor mixing)

Hydrothermal Still/Stirring (0/1) (or precursor mixing)

Hydrothermal Strong Reductant in Liquid (0/1) (or
precursor mixing)

Hydrothermal Weak Reductant in Liquid (0/1) (or
precursor mixing)

Mixed in Solid or Liquid (0/1)

Annealing Temperature (°C)
Annealing Time (min)
Annealing Still/Stirring (0/1)
Annealing Atmosphere Inert (0/1)

Annealing Atmosphere Reducing (0/1)
Post-processing Acid Wash, etc. (after annealing; 0/1)
Catalyst Loading (mg cm™)

Support Material Loading (mg cm™)

Support is not Carbon (support material, TiOx, etc.; 0/1)
Electrode Type Glassy Carbon/Carbon Paper or Ti Mesh

(0/1)

LSV Scanning Speed (mV s™)
Electrolyte Proton Concentration (M)

71 different metal elements

71 different metal elements or none
71 different metal elements or none
71 different metal elements or none

50~100

0~50
0~33.33
0~25
25~60
360~1,440
0: still incubation; 1: stirring or
sonication

0: False; 1: True

Constant; 0: False

0: False (liquid mixing or

hydrothermal); 1: True (ball milling)
Constant; set to 400 and 500 manually

Constant; 360
Constant; 0: False
Constant; 0: False
Constant; 0: False

0: False; 1: True
Constant; 0.5
Constant; 0
Constant; 0: False

Constant; 0: Glassy Carbon

Constant; 10
Constant; 1




Note:

It is noteworthy that in the GA search process, each of the two (database-based committees) x2
(400 °C or 500 °C) x2 (Weighted: Maximum Uncertainty or Lowest Predicted Overpotential)
=eight types of suggestions which are randomly obtained 48 times per iteration. From these 48
suggestions, one-sixth, i.e., eight, are randomly selected further for experimental synthesis and
testing. This means each iteration should have 8§*8=64 data points. However, in the first to third
iterations, some samples synthesized according to the ML committee exhibited poor OER
performance and almost no catalytic activity, and the polarization curves could not reach 10 mA
cm 2. This is why in the online repository’s experimental data records, as readers can see in Fig.
4G, only 34, 39, and 52 data points are available for the first, second, and third iterations,
respectively, because the remaining data points among the 64 samples were unusable (due to
poor performance). By the fourth iteration, all 64 ML-recommended synthesized samples could
at least measure 1n10. From this perspective, the proportion of effective experimental engineering
parameter suggestions from the ML committee increased from 53% to 61%, 81%, and finally
100% in the fourth iteration, reflecting the ML committee’s increasing ability to effectively
guide experiments in the active learning loop. For the fifth iteration, it was no longer necessary
to continue the DASH iteration; therefore, we only used the ML committee to search for the
lowest overpotential, resulting in 32 outcomes (excluding the prediction of maximum uncertainty
from the first four iterations). We found that all 32 ML-recommended synthesis formulations
could successfully test the 110 data.

Moreover, as mentioned in main text, while we have confirmed through data mining that Ru is
the promising element, we have also set an additional constraint in the GA searching process that
Ru must be included as one of the four elements in the selection group. To be noted, Ru is not
forced to be the primary metal, but is free to be placed from the first to the fourth place in the
dopant order. This would significantly reduce the searching space, and the recipes given by our
workflow are likely to be more meaningful and show OER activity in experimental synthesis and
evaluations. For more details and parameter settings, please refer to the script in this section,
available in the “Active Learning Loop&GA Prediction” directory of our GitHub repository.
Also, the full record of the 5 batches of the 320 experimentation trials could be obtained from the
online repository “Experimental Records and Raw Data/ AL Full Experimental Records.xlsx”.
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Fig. S18 Exploration and outcomes of AL-guided experimentation batches using t-SNE and
performance metrics. (A)-(F) t-SNE plot of the samples in each experimentation batch of the
AL-guided experimentation exploration section. Square marks represent 50% of the 64
experimental trials in each batch, which were allocated to recipes suggested by the ML
committee for maximizing variance, targeting high uncertainty regions. Circle marks denote the
remaining 50% budget, focusing on minimizing overpotential, aiming for superior performance
outcomes. All 320 data points, comprising 64 trials per batch over 5 batches (with 258 successful
trials, as shown in Fig. 4G, and 62 failures), were processed using consistent t-SNE
dimensionality reduction settings to ensure a fair comparison. (G) is a web/radar plot that breaks
down the average 110 values measured and failure rates for each batch across eight different sub-
categories described in the Methods section. “LO” and “HV” are used as abbreviations for
“Lowest Overpotential” and “Highest Variance” respectively; “F” and “HQ” are used to indicate
whether the committee started from the full dataset or the high-quality dataset. Similarly, (H) is a
plot that shows in each batch, the rate percentages in different subcategories that have chosen to
adopt solid mixing precursor (instead of mixing precursor in liquid phase) or chosen acid wash
as post-processing after annealing.



Note:

Through the above fig. SI8A-D, we first use t-SNE to project sample points into a two-
dimensional space for visualization, based on their 54-dimensional encoded inputs (Fig. SN 1-1
in Supplementary Note 1). In the 1* batch in fig. S18A, we observe that failed samples,
represented by gray hollow markers, are uniformly intermixed with successful samples, making
separation challenging. Hence, in the 1% batch, the ML committee’s prediction made are
validated by experimentation relatively poorly. However, when proceeding to the 2"¢ and the 3™
batch, it is clear that the failed samples are gradually clustered together and separated from the
successful samples especially the samples with 50% budget spent on exploitation for lowest
overpotential. Proceeding to the 4™ batch (fig. S18D), the clustering differences between the
samples for exploitation and exploration are further clearly separated, with the former obviously
having lower overpotentials (judged by colormap). Finally in fig. S18F, we could observe
through the iterations, how each batch evolves themselves. The majority of failed samples are for
exploration, namely with the highest variance, these points generally locate themselves in the
bottom-middle corner, and also extend partially toward the center and upper right areas.
Interestingly, we could observe that in the 4™ batch, the ML committee has learned to avoid such
zones, by placing samples with the lowest overpotential on the right canvas, and the highest
variance on the left canvas, leaving a big blank in the middle to avoid failure zone. Finally, in the
5™ batch, as all our budget is used for exploitation to give us the best samples with the lowest
overpotential values, the ML committee learns to locate the points in a relatively small region in
the middle right corner, which likely correspond to the possible optimums. This visualization
provides deep insights into the robustness of our strategy, demonstrating how the approach
evolves iteratively to avoid “dead zones” and strategically focuses on promising regions,
validating the effectiveness of our method.

We also use radar plots to further break down our observations into subcategories as shown in
fig. S18G. The n1o values for samples aimed at exploring the highest variance (represented by
the four directions in the left half of the radar plot) are significantly higher than those aimed at
achieving the lowest overpotential (the four directions in the right half), showing a clear
distribution pattern. Over iterations, while uncertainty-aiming samples are getting larger average
n1o values, the trend for lowest overpotential-aiming samples are in the opposite direction, as we
have presented in the violin plots of Fig. 4G. This indicates that through the iteration process,
our ML agent has effectively learned both how to optimize our target function and more
effectively explore uncharted area with the same amount of budget. However, it should also be
noted that although failure mostly happens for highest variance samples, its failure rate is
decreasing (failure rate is 0% for 4™ batch). This further validates the effectiveness of our ML
committee; it would soon learn to avoid waste budget on meaningless regions.

Finally, through fig. SI8H, we checked certain intuitive features in the encodings. Two typical
ones are whether to choose mixing precursors in solid phase, and whether to apply acid wash
post-processing process after annealing. For the former, it is observed that the percentage of
choosing this synthesis technique changes significantly over iterations. The ML committee
gradually learns that solid-phase precursor mixing is not preferred for pursuing the lowest
overpotential, resulting in all samples in the 5th batch using liquid-phase precursor mixing. As
for applying acid wash, the trend is opposite: after the first 2 batches, all the samples aiming to
achieve the lowest overpotential would choose to apply acid wash after annealing. In the 4th and
the 5th batch it is 100%. This observation is consistent with field knowledge. Liquid-phase
mixing facilitates better homogeneity and uniformity in catalyst precursors, leading to materials



with more consistent particle size and dispersion, which enhance catalytic performance (125,
126). Similarly, acid washing enhances catalytic effectiveness by removing impurities and
unstable species of oxides, thereby increasing the exposure of active sites and improving the
material's surface area (/27). In all, we could use this as a secondary proof that the ML
committee has learned through feedback of some chemistry and material common sense to better
fulfill its tasks.

The full record of the 5 batches of the 320 experimentation trials could be obtained from online
repository directory “Experimental Records and Raw Data/ AL Full Experimental Records.xIsx”.
Related details of implementation are provided through Supplementary Note Discussion SND
3-2 in Supplementary Note 3.
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available in Table S4 below.



Table S4 Summary of recent literature performances of acidic OER electrocatalysts in both half-
cell and PEM electrolyzer full cell (Qualitative assessments of cost and synthetic complexity:
“Cost” and “Complexity”, are categorized into three levels: Low, Medium, and High. These
assessments are based on relative comparisons informed by common practices and insights from

the field, detailed further in Supplementary Note 5).

(Constant
Current Decay Curr@pt) T
Half- ) : Stability Publication
Cell Denglty at 1.7 Rate in Testin Compl Year/In
Sample Name V in PEM PEM ) .g Cost ) ML Ref.

mOV Electrolyzer Electrolyzer Time in -exity our

(mV) Cell (A cm™) (mV h) PEM Dataset

Electrolyzer
(h)

CTr 84 - - - High High 2022/Yes  (128)
s-Ru0,2/ATO (pH=2) 89 - - - Low  Medium 2022/Yes (129)
n-RuO2/ATO (pH=2) 113 - - - Low High 2022/Yes  (129)

a-Fe203-NiO/CNT 128 - - - Low High 2022/Yes  (130)
Ko0.05510.9sRuO3 138 - - - Medium Medium 2022/Yes  (65)
Rug 51Irg 502 151 1.48 - - Medium Medium 2023/No  (131)
B 154 0.02 - - Low  Low 2023 Jan. [MS
Work
MnxRu;xO02/MnO2/CFs 161 0.763 3.08 24 Medium  High 2024/No  (132)
This
D 168 - - - Low Low 2023 Jan. Work
Sr2CaRuIrOs 172 - - - Medium  High 2024/No  (133)
py-RuO: 173 - - - Low Low 2023/No  (134)
A 177 0158 . . Low  Low  2023Jan. '
Work
RuO2/Sn0:-1.5X 178 1.465 4.14 29 Low High 2023/No  (135)
RuO,/D-TiO2 180 1.3 3.33 6 High  Medium 2022/No  (136)
C 182 1.54 0.17 125 Low  Low 2023 Jan. LM
Work
In-RuO2/G 187 - 0.14 350 Low  Medium 2024/No (137)
Mn-RuO;-120(NaNO3) 189 1.08 2.25 90 Medium Medium  2024/No (33)
Reo.06R10.9402 190 - 0.35 200 High Low 2023/No  (138)
Tmo.1Sbo 2Ire.70x@TB-
11O, @ 192 0.5 0.102 500 High Medium 2024/No  (139)
MD-RuO2-BN 196 1.78 1.21 24 Medium Medium 2024/No  (140)
s-RuO2/ATO 198 1.86 3.03 38 Low  Medium 2022/Yes (129)
Sro.1RuOx-450 201 - 0.283 240 High Low 2024/No  (141)
Nbo.1Ruo.90: 204 1.06 0.025 360 High Low 2023/No  (142)
RuO»>-NS/CF 212 2.827 34 10 Medium Medium 2021/No  (143)
RuOx@IrOx core-shell 1.07
nag?ocomposite 215 (extrapolated) 0.15 300 Medium Medium 2020/No  (144)
m-RuO: 230 1.2 1.16 100 High Low 2024/No  (145)
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Supplementary Discussion S3

Comparison with Recent Reports

As we have summarized in the above Table S4 and fig. S18, a comprehensive comparison of
both activity and stability in both half-cell and PEM electrolyzer full cell tests is given. In fig.
S18A, we managed to collect the 110 values from publications published mostly in recent 2 years
(2023~2024). As a matter of fact, these data (except for Ref. (/29)) have not been included in the
dataset for the supervised data mining and later the active learning stage. And to be noted, our
final samples A~D were discovered in early 2023. Hence, we could tell that, in terms of half-cell
performances, our samples A~D are still in the state-of-the-art tier compared with those recorded
in the publications after nearly two years, with the overpotential of sample B reaching as low as
154 mV, and that of sample C still competitive at 182 mV.

Moreover, testing acidic OER electrocatalysts within a PEM electrolyzer cell as we have done in
Fig. 4H-I is crucial because it evaluates their performance under realistic operating conditions,
including factors like mass transport, ion conductivity, and mechanical stability. While RDE
half-cell tests provide initial insights into catalytic activity, they often fail to replicate the
complex environment of a full PEM electrolyzer. Consequently, catalysts that perform well in
RDE tests may exhibit reduced efficiency or durability when subjected to the actual conditions of
a PEM electrolyzer. Therefore, comprehensive testing in a full-cell setup is essential to
accurately assess the practical viability of OER electrocatalysts. We proceed with the
comparison and visualization in fig S18B for the performances in real PEM electrolyzer cells. As
the y axis stands for averaged decay rate (though testing current density and testing time for
constant current ADT might vary, for intuitive comparison, we still choose to use the change in
voltage divided by time as a numeric metric) and x axis stands for a fair comparison of the
current density at 1.7 V. We could find that for the sample that we claimed as the
comprehensively best sample, sample C has shown promising overall performance. Although
there are still a few state-of-the-art products that surpass ours either in activity or stability,
sample C managed itself to stand in the activity-stability multi-target frontier. With a high
intrinsic OER activity comparable to most advanced Ru-based samples, sample C also showed
great stability that is comparable to Ir-containing products although its ML-obtained recipe does
not contain Ir. Other similar Ru-focused reports would show orders of magnitude worse decay
rates in comparison. Such a result has strongly proven that the effectiveness of our multi-stage
ML strategy has identified a promising candidate comparable with current state-of-the-art human
expert designed products.

Though promising, as we have mentioned in the main text, there are still ~0.5% records in terms
of 1o values that even sample B could not surpass. Some representative entries in our database
from corresponding publications (65, /128-130) are also included in Table S4. as they have been
recorded with very low nio values between 60 and 140 mV. These publications warrant careful
scrutiny, as they deviate significantly from established thermodynamic and kinetic expectations
for OER catalysts in acidic media. Although a nowadays community consensus that through the
typical adsorption evolution mechanism, the limitation of OER overpotential would be 370 mV,
the lattice oxygen mechanism (LOM) would breach this limitation (78-83). However, based on
the foundational study by (/54) Jong et al., there is still a limit of ~100 mV by LOM. This would
be due to the inherent energy gap in forming lattice oxygen intermediates, which cannot be
entirely minimized even with the optimal catalyst design.

Discussion of Extreme Data Points



We would also like to briefly discuss the limitations of these studies although extremely low
overpotentials are reported:

First, the K-doped SrRuOs system (65) claims performance enhancements through potassium
doping and crystallographic modifications; however, the corresponding reported complex wet
chemistry synthesis involving multiple precise temperature controls raises concerns about
reproducibility and scalability. The incorporation of K* ions would also likely increase
dissolution risk in acidic environments, compromising long-term stability. Similarly, the reduced
columbite-tantalite (CTr) catalyst (/28) reports an overpotential of 84 mV, but the use of
hydrofluoric acid and liquid-liquid extraction in its synthesis is both expensive and
environmentally hazardous. Unaccounted IR losses and optimized electrolyte conditions may
artificially lower the observed overpotential, rather than reflecting true intrinsic activity. The
strained s-RuO2/ATO system (/29) achieves a 198 mV overpotential through tensile strain
induced by rapid quenching, yet requires a sophisticated metal-organic framework precursor and
benefits from increased an electrochemical surface area due to ATO substrates, which can
overestimate intrinsic activity improvements. Moreover, the ultra-low entries were obtained by s-
RuO2/ATO in this publication under pH=2 condition in more dilute electrolyte. A reasonable
suspicion could be measurement artifacts arising from decreased electrolyte conductivity in more
dilute acid, which can lead to insufficient iR compensation and artificially low overpotential
readings. Additionally, changes in proton concentration at higher pH may temporarily affect
reaction kinetics or surface properties, enhancing apparent catalytic activity without reflecting
true intrinsic improvements. The a-Fe:Os—NiO/CNT composite (/30), reporting a 128 mV
overpotential has a similar issue. It employs Fe and Ni components that are inherently unstable in
acid and relies on precise control of multiple synthesis steps that are challenging to reproduce.
The use of carbon nanotube substrates may contribute to enhanced conductivity, capacitance and
hence apparent activity, masking the true performance of the catalyst.

Moreover, all these samples are not deployed in a real PEM electrolyzer which is agreed upon by
domain experts that would be more challenging than half-cell environments. And with ML
workflow’s guidance in optimizing recipes, we successfully achieved a credible overpotential of
154 mV in 110, and the 182-mV sample C has also proven promising in a real PEM electrolyzer
for practical applicability.

However, from a ML perspective, including these potentially optimistic or questionable data
points in our training dataset is acceptable. Even though there is inevitable variance in
publication quality and the presence of outliers, our extensive dataset—carefully constructed
from over 500 peer-reviewed experimental studies—allows the model to capture nuanced
patterns in material synthesis, composition, and structure-property relationships. We have
implemented standard procedures for preprocessing, such as addressing missing values and
ensuring consistency across the dataset, as we mentioned in Supplementary Note 1. Moreover,
ML models are inherently robust against noise and can generalize beyond individual
inconsistencies through statistical averaging and pattern recognition across multiple parameters.
Our past publications built on comprehensive publication datasets have validated the
effectiveness of such a methodology multiple times in various similar systems (27, 123, 155).
While some reported overpotentials may be artificially low to an unusual degree, as we’ve just
discussed, due to unreported testing conditions or measurement artifacts, they still encode
valuable information about structural features, electronic properties, and synthesis conditions that
contribute to catalytic activity. By systematically including these data points, the model has the
ability to effectively filter out experimental artifacts and learn genuine design principles. While



acknowledging the presence of variability and potential outliers within our dataset, the extensive
size and careful curation allow our models to extract meaningful patterns. The inclusion of a
broad range of data points enhances the models' ability to generalize and predict catalyst
performance effectively. Another point to emphasize is that we recognize uncontrolled data may
introduce biases. To mitigate this, we employed ensemble learning, committee methods, and
cross-validation techniques, which reduce the impact of any single data point or anomalous study
on the overall model performance.

In all, we should emphasize the most unshakable fact that the successful prediction and synthesis
of catalysts achieving overpotentials as low as 154 mV and 182 mV—promising in multiple
frontiers and closely aligned with recent state-of-the-art benchmarks—demonstrate the model's
ability to extract meaningful insights even from noisy data, despite certain data variability. Our
ML-guided approach thus balances optimal activity with practical reliability, reinforcing the
validity of including a diverse range of data in our dataset and underscoring the model's
effectiveness in navigating variable experimental conditions to produce catalysts with real,
robust performance. Supported by comprehensive stability verification in both half-cell and
single-cell configurations, our catalyst design possibly represents a realistic advancement over
these human-expert-crafted state-of-the-art samples.

Discussion of Future Industrial Deployment

Finally, for scalability based on synthesis processes, we applied a straightforward one-step
mixing and one-step annealing synthesis approach that requires no expensive niche precursors,
ensuring high reproducibility, cost-effectiveness, and environmental friendliness. By utilizing
readily available metal precursors and common solvents like water and ethanol while avoiding
hazardous chemicals, this method is both simple and scalable. The straightforward nature of the
process enhances consistency, a critical factor for industrial applications. Potential challenges for
scaling up, such as ensuring uniform mixing and consistent thermal conditions across larger
batches, are standard engineering issues that might be addressed through well-established
industrial solutions like large-scale mixers and controlled atmosphere furnaces, reinforcing the
feasibility of large-scale implementation.

To further explore scalability, we plan to conduct pilot-scale synthesis experiments aimed at
controlled batch expansion. These trials will involve increasing batch sizes while striving to
maintain uniformity in composition and microstructure. Leveraging a mid-scale production line
provided by our industrial collaborator, we intend to assess the consistency and reproducibility of
the catalyst at intermediate scales. Additionally, we will scale up the synthesis process for
preliminary tests in miniaturized electrolyzer stacks, which will simulate industrial conditions
while addressing safety concerns such as hydrogen and oxygen crossover. These tests are
expected to play a critical role in evaluating catalyst performance in realistic setups and ensuring
process viability for industrial adoption.

Looking ahead, we anticipate addressing challenges such as maintaining consistent phase
distribution, optimizing heat transfer for larger batches, and preventing contamination during
upscaling. Future efforts will also focus on improving MEA assembly for higher current
densities, enhancing long-term catalyst stability, and mitigating challenges like ensuring uniform
mixing and thermal conditions in larger-scale synthesis batches. Furthermore, we plan to
incorporate process automation and advanced quality control techniques into our scale-up
strategies to meet industrial standards. These combined efforts will aim to bridge the gap
between lab-scale synthesis and full industrial deployment, facilitating a seamless transition from
research innovation to practical applications.
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Fig. S20 Tafel plots and kinetic insights into OER electrocatalyst performance across
experimental batches. (A)-(F) are Tafel plots (around 10 mA cm™) corresponding to the samples
in Fig. 4. It could be found that in batches 2, 4, and 5, the Tafel slopes of the samples are not in
consistent order of their 1o values. The discrepancy between the Tafel slopes in the OER
catalysts arises from various factors. Different catalytic mechanisms can lead to a catalyst with a
low overpotential while exhibiting a higher Tafel slope, reflecting diverse reaction kinetics. The
Tafel slope, indicative of surface-reaction kinetics, contrasts with the overpotential, which relates
to the number of active sites. A catalyst with many active sites might not have optimal reaction
rates at these sites, resulting in a higher Tafel slope. Additionally, the electrode surface’s
microstructure and physical properties, along with experimental conditions like pH and
temperature, can affect these measurements. This highlights the need for a multi-dimensional
approach in evaluating and designing electrocatalysts that considers both the quantity and quality
of active sites and their performance under varying conditions. Based on further results in fig.
S21 and fig. S22, we could derive that although A, B, and D have advantages on the surface area
and the exposure of active sites, which lead to their better overpotential, their kinetics is inferior
compared to C. C has a better Tafel slope and specific current density per ECSA, indicating that
it has better intrinsic OER activity. Decade™, dec™.
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Fig. S21 Electrochemical analysis of catalysts A, B, C, D, and RuQ:-500. (A)-(E)
Electrochemical cyclic voltammetry scans recorded for A, B, C, D, and Ru0O,-500. Scan rates are
20, 40, 60, 80, 100, and 120 mV/s, respectively. (F) Linear fitting of the capacitive currents
versus cyclic voltammetry scans for these catalysts. (G) The calculated ECSA and specific
current density per ECSA at n1=200 mV (Jecsa-200) values for A, B, C, D, and RuO»-500.
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Fig. S22 BET analysis of catalysts A, B, C, D, and RuO:-500. (A) Typical N

adsorption—desorption isotherms for A, B, C, D, and Ru0,-500. (B) Summary of the BET

surface area for A, B, C, D, and Ru0»-500.
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Fig. S23 Electrochemical impedance spectroscopy analysis of MEA samples. (A) and (B)
EIS spectra of the MEA samples measured in Fig. 4H, at 0.1 and 1 A cm™ current densities,
respectively, with their schematic equivalent circuits. (C) and (D) are the analyzed resistance
components corresponding to (A) and (B).
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Fig. S24 ML committee predictions of long-term electrocatalyst performance. Results from
the direct use of the high-quality domain knowledge-based ML committee to predict the long-
term performances of the electrocatalysts. Here, we enter the final samples information in the
fifth batch as the input for the stability prediction models to predict the total needed electricity in
36 h while electrolyzing at a constant current density of 10 mA cm™. We also use a very simple
hypothesis: the average voltage decay rate is constant; namely, the voltage needed to maintain
the electrolysis current density will only increase linearly with time (overpotential becomes
larger over time). As a final result, we found that samples A~D, which had the lowest
overpotential, were still predicted to decay at the lowest rate, thus consuming the least amount of
electricity in a practical situation. Corresponding script is in directory online: “Half-Cell Stability
Quick Predict”.
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the voltage is recorded to reach the maximum values. Sample C took 8.22 hours, while other
samples generally failed quickly. Moreover, the final voltage of sample C is also lower.



. - B: (110}x10 = 3.24/1jm
- A:(110)x10{=3.23 nm o o D:(ll))xlozg'zolndﬂ,

-
- I
. I il

Fig. S26 High-resolution TEM analysis of samples A, B, and D. Similar to Fig. SA-B, here
we present the high-resolution TEM images, selected area FFT diffraction patterns, and

corresponding statistical analysis of the average interplanar spacing. (A) for sample A; (B)
sample B; (C) sample D.
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Fig. S27 Hiéh-resolution TEM énaiysis of pre-treated sammples A-Pre, B-Pre, C-P;e, and D-
Pre. High-resolution TEM images, selected area FFT diffraction patterns, and corresponding

statistical analysis of the average interplanar spacing. (A) for sample A-Pre; (B): sample B-Pre;
(C) sample C-Pre; (D): sample D-Pre.



Fig. S28 High-resolution TEM analysis of RuO: samples. High-resolution TEM images,
selected area FFT diffraction patterns, and corresponding statistical analysis of the average
interplanar spacing. (A) for RuO;-400; (B) for RuO2-500-Pre; (C) for RuO»-500.
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Fig. S29 Statistical analysis of interplanar spacings for RuO: crystalline particles. The
statistical line graph of the interplanar spacings for the (110) and (101) planes calculated from
the inverse space diffraction patterns obtained through selected area FFT transformation, and the
average (110) plane spacing directly measured in the selected areas of the TEM images for
different samples of RuO> crystalline particles.
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Fig. S31 EPR spectra and magnetic susceptibility analysis of samples. (A)-(C) EPR spectra
of 12 different samples, with the g-factor as the horizontal axis. (D) Statistical line graph of
magnetic susceptibility (M), in terms of total spins and spins per cubic millimeter (spins/mm?)
for different samples.

The data clearly shows that the C-Pre sample exhibits a high intensity of M, spins per cubic
millimeter, and total spins, whereas all other samples exhibit significantly lower signal levels.
This observation suggests that C-Pre contains manganese oxides, contributing to its strong
magnetism due to the element composition of Ru, Mn, Ca, and Pr. However, upon observing C,
the signal significantly diminishes, indicating the successful removal of manganese oxides
during the acid wash process. Consequently, the remaining Mn element in C is inferred to be
doped into the lattice of the primary RuO, matrix.
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Fig. S32 Summary of the regression performance metrics of the committee predicting the
energy of the slab. (A-C) are histograms to visualize the difference between different committee
members on different datasets.
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Fig. S34 Summary of the regression performance metrics of the committee predicting the
energy of the slab with OH species adsorbed. (A-D) are histograms to visualize the difference
between different committee members on different datasets.
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Fig. S35 Summary of the regression performance metrics of the committee predicting the
energy of the slab with OOH species adsorbed. (A-D) are histograms to visualize the
difference between different committee members on different datasets.
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Fig. S36 OER reaction pathways and relaxed structures of samples A-D under th
adsorption evolution mechanism (AEM). (A) Schematic illustration of the standard OER
reaction pathway based on the AEM in vacuum. (B) Relaxed crystal structures of sample A~D
corresponding to the doping structures obtained by GA search presented in Fig. 6C. (C) The
comparison of OER and reaction pathways on the surface corresponding to the configurations of
structures with a clean surface, namely, no additional species covered. Similarly, (D) and (E) are
the corresponding results when the O and OH species have covered the nearing unsaturated
coordinated Ru sites, respectively, as shown in the schematics. Arrowed lines are used to
highlight the rate determining step (RDS) in the reactions.
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Fig. S37 Comparison of lattice oxygen mechanism (LOM) pathways under different surface
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Fig. S38 Reaction pathways and overpotentials under AEM and LOM with implicit solvent
field of water. (A)-(C) Comparison of reaction pathway and (d) summary of theoretical
overpotentials under adsorption evolution mechanism with different surface coverage scenarios
and implicit solvent field of water. (E)-(H) are corresponding results through lattice oxygen
mechanism with implicit solvent field of water.
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Fig. S39 Ab initio molecular dynamics workflow and explicit solvent field simulation
results for OER overpotentials. (A) Schematic of the workflow of ab initio molecular
dynamics process. (B) the histogram with error bars showing averaged OER overpotential values
in this explicit solvent field simulation condition.

Note:

Based on fig. S37 and fig. S38, we infer that all samples may achieve overpotentials below the
conventional AEM threshold of 370 mV under certain surface coverage conditions. The
observed patterns are complex yet suggestive of the lower overpotentials measured in
experiments. Notably, sample C appears to have the potential to initiate the LOM pathway in two
of the surface coverage scenarios (though OH-coverage scenario is hard for C), whereas the
other samples show this potential in only one. Nevertheless, it is essential to acknowledge the
discrepancies between experimental measurements and DFT simulations in the current studies.
Although trends are generally consistent qualitatively, recent studies that include both
experimental and DFT analyses (86-91) report a recurring phenomenon: experimentally
measured overpotential values are often lower than theoretically obtained ones, even when
simulating the LOM pathway. This discrepancy can be attributed in part to the simplified models



commonly employed in DFT (84), which may overlook critical surface features such as dynamic
reconstructions and defect sites that can influence activity. Furthermore, DFT simulations often
use approximate scaling relationships between adsorbate binding energies; these relationships
may not be entirely accurate for transition-metal oxides, particularly under different applied
potentials or electrochemical environments (85). Lastly, the lack of accurate environmental
modeling in DFT, including solvent interactions, temperature effects, and pH variations, can lead
to deviations from actual experimental values (57). These environmental effects can play a
crucial role in real systems, lowering overpotentials by stabilizing certain intermediates and
influencing reaction kinetics in ways that are challenging to capture in conventional DFT
simulations. We can gain a glimpse of it through our results that surface coverage would largely
vary and change the reaction pathways. However, C has shown comprehensively the best activity
in most circumstances.

As we further conduct these AEM and LOM simulations in implicit solvent field, fig. S38
provides the results that are highly consistent in trends with only minor changes in overpotential
values, which further supports our claim. We also did a simplified explicit solvent simulation as
a more realistic representation of the real OER process. We started with further expanding the
samples’ slabs in 2 by 2, ending up with 384 (380 for LOM) atoms large slab. We then created
randomly a water layer through 100 water molecules on the surface. 2 ps of AIMD under 300K
is performed for the relaxation of the water molecules into proper position and configurations.
Then the system is fixed as to represent a more realistic OER reaction surface. Similar to
previous simulations, we then randomly picked 3 active sites for doing the same AEM and LOM
reaction pathway simulations to obtain the theoretical overpotential values. The corresponding
simulation results in fig. S39 indicated that though there are unignorable differences in local
microenvironments, C and RuO; seem to still hold in average lowest overpotentials through
different pathways. All the comprehensive simulations have strongly supported our experimental
observation trend of intrinsic OER activity. While further advancements in computational
methods, environmental models, and multi-scale approaches may help bridge the gap between
experimental and theoretical overpotential values, the current level of consistency is sufficient to
validate and guide experimental observations. We want to emphasize again that the calculation is
based on an ideal model, ignoring some details, but it can discover trends and offer a guiding
role. The introduction of different elements to regulate the electronic state of the active site and
the synergistic effect is not an easy target for regular theoretical calculations, especially for our
complex system with up to 4 metal elements.
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as removing O and Ru atoms or the adsorption of water molecules. (B) Summary bar plots of the
vacancy formation energy of different samples. The calculation is done in common default
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Note: As we can observe from (b), forming the plane O vacancy will always require more energy
compared to forming the bridge O vacancy. Hence, we could determine that the O vacancy
formation energy in our case is on bridge O, namely, Vo=Vgo. This is also consistent with the

previous study presented by Hao et al. (100)
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Fig. S43 Summary of free-energy barriers for the leaching of RuQO4 species (A Gpiss-Ru04)
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barriers AGpiss-ru04 in standard 1x1 slabs across different surface coverage scenarios in a
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and 95% confidence interval) and mean AGpiss-ruo4 Values derived from AIMD simulations
using the same expanded 2x2 slabs as in (B). The AIMD settings, including explicit water
molecule counts and runtime, mirror those employed in the AEM/LOM pathway investigation as
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timeframe sequence after equilibrium (<=0.0005 eV deviance per atom) was reached, with
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averaged rankings. The final overall ranking based on averaged ranking order is highlighted in
the purple frame.

Note:

In panels (A)-(C), the black circles emphasize that we simulated the leaching of RuOs species
originally located near an O vacancy that triggers the LOM pathway, as previously reported (91,
103). Across samples, the energy barriers for RuO4 leaching were observed to vary with surface
coverage. Specifically, AGpiss-ruo4 Values were generally lower under O and OH coverage than
on clean, uncoated surfaces, a trend that was further accentuated in AIMD simulations with
explicit solvation environments. Notably, AIMD results showed that for samples like D and
undoped RuO:, the energy barriers for RuO4 leaching under O and OH coverage decreased
significantly, while the barriers under clean surface conditions increased. Conversely, sample C
exhibited a unique behavior: its AGpiss-ruo4 Values were higher under O and OH coverage than



under clean surface conditions in AIMD simulations. Moreover, sample C demonstrated the
lowest variability across coverage scenarios and ranked highest when averaging all coverage
scenarios in defending against Ru leaching when evaluated under AIMD conditions.

Panel (D) presents a comprehensive summary of sample rankings across stability metrics we
could collect. The general consistent trends among AGvo, Udiss, -AG ‘120, and three AGnpiss-Ruo4
metrics underscore the robustness of our findings. The averaged rankings place the samples in
the following order: C > A > undoped RuO: > B > D, which aligns perfectly with the AIMD
results for RuOa leaching simulations. These findings highlight the high fidelity of AIMD in
capturing nuanced stability behaviors.

Furthermore, the close alignment of the AGvo and Udiss rankings with the AIMD and overall
ranking order—differing by only one position—underscores their reliability as cost-effective and
approximate stability indicators compared to the more comprehensive AIMD results. This might
also explain why they are widely adopted in the field (73, 956—102).

In conclusion, while further mechanistic studies could expand upon these insights, our extended
and comprehensive simulations robustly corroborate the experimental observations. Sample C
unequivocally emerges as the optimal candidate for long-term stability, considering all evaluated
perspectives.
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