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

evolution electrocatalysts

Rui Ding1'21', Jianguo Liu’t, Kang Hua?, Xuebin Wang4, Xiaoben Zhang"z, Minhua Shao®>5,

Yuxin Chen7*, Junhong Chen'?*

Developing advanced catalysts for acidic oxygen evolution reaction (OER) is crucial for sustainable hydrogen
production. This study presents a multistage machine learning (ML) approach to streamline the discovery and

Copyright © 2025 The
Authors, some rights
reserved; exclusive
licensee American
Association for the
Advancement of
Science. No claim to
original U.S.
Government Works.
Distributed under a
Creative Commons
Attribution
NonCommercial
License 4.0 (CC BY-NC).

optimization of complex multimetallic catalysts. Our method integrates data mining, active learning, and domain
adaptation throughout the materials discovery process. Unlike traditional trial-and-error methodes, this approach
systematically narrows the exploration space using domain knowledge with minimized reliance on subjective
intuition. Then, the active learning module efficiently refines element composition and synthesis conditions
through iterative experimental feedback. The process culminated in the discovery of a promising Ru-Mn-Ca-Pr
oxide catalyst. Our workflow also enhances theoretical simulations with domain adaptation strategy, providing
deeper mechanistic insights aligned with experimental findings. By leveraging diverse data sources and multiple
ML strategies, we demonstrate an efficient pathway for electrocatalyst discovery and optimization. This compre-
hensive, data-driven approach represents a paradigm shift and potentially benchmark in electrocatalysts research.

INTRODUCTION
The development of advanced electrocatalysts for the acidic oxygen
evolution reaction (OER) in proton exchange membrane (PEM)
water electrolysis is imperative for enabling sustainable hydrogen
production and achieving carbon neutrality targets (1). Despite their
promise due to their electronic properties (2, 3), RuO;- and IrO,-
based materials still face inherent trade-offs between activity and sta-
bility under harsh acidic conditions (4). Prior efforts in the field via
nearly exhaustive, brute-force search (fig. S1A) approaches have ex-
tensively explored a wide range of doping (5-10) and morphological
(11-13) strategies, yet a comprehensive understanding of the optimal
electrocatalytic systems remains elusive. The allure of multimetallic
or “high-entropy” alloy/oxide materials, with their multi-principal
element composition, lies in their potential for synergistic catalytic
effects (14-16). Recent advances have proven such solutions as
promising to break the limitations of traditional catalysts (17-19).
However, the exploration of such complex multimetallic systems for
acidic OER remains in its infancy, grappling with the immense in-
herent complexity and the formidable task of navigating the vast
compositional and parameter spaces inherent in these systems.
Traditionally, the development of electrocatalysts has focused on
empirical, trial-and-error methodologies, heavily dependent on limited
prior knowledge and heuristic exploration (20). The Edisonian
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approaches, while grounded in chemical intuition, are insufficient for
the nuanced optimization required for our targeted systems, given
their expansive array of constituent elements and synthesis parame-
ters (fig. S1B). Moreover, the intrinsic limitations of trial-and-error
approaches stem from an over-reliance on subjective intuition with
the lack of systematic integration, leading to a narrow and potentially
suboptimal exploration of the materials landscape.

To address these challenges and unlock the untapped potential of
multimetallic oxides for the acidic OER, we developed a transfor-
mative, multistage machine learning ML-driven approach. Our
workflow embodied the synergistic integration of data mining, ac-
tive learning, and domain adaptation at different discovery stages.
Each later ML stage leverages and builds on the output of the previ-
ous stage, ensuring a seamless and comprehensive exploration of the
vast parameter space. By harnessing the collective power of these
ML techniques, our methodology has minimized subjective biases
and maximized data-driven decision-making in a rationally hierar-
chical way. As illustrated in Fig. 1, we began by harnessing the
breadth of available domain knowledge and conducting data min-
ing. This step successfully distilled key parameters, established foun-
dational pattern understandings, and systematically narrowed the
initial exploration space. Subsequently, an active learning strategy
was used and synergistically coupled with high-throughput experi-
mental feedback. This iterative active learning-driven process navi-
gated an efficient and refined search within the vast parameter space
of quaternary element compositions and synthesis conditions. With
this approach, called “DASH,” the overpotentials at 10 mA cm ™2
(n10) observed in the best samples from each of the five experimen-
tal batches systematically decreased from 209 to 154 mV, reflecting
the dynamic and continuous improvement characteristic of active
learning. This dynamic optimization led toward the discovery of a
promising Ru-Mn-Ca-Pr oxide catalyst out of an enormous candi-
date chemical and engineering parameter space. Like directly “dash-
ing” to the endpoint in a winding maze, this is likely unachievable
through subjective expertise and intuition. With the help of data
mining, the active learning approach could systematically optimize
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Fig. 1. Schematic illustration of the comprehensive, multistage ML workflow. This workflow guides the entire discovery process of OER electrocatalyst materials with
ML. This workflow incorporates different specialized ML expert modules that are derived from various models and data sources.

catalyst composition and synthesis conditions from a refined pa-
rameter space, reducing the number of necessary experiments and
effectively navigating the wide range of experimental options. In
the final stage after material characterization, domain adaptation used
within density functional theory (DFT) simulations effectively nar-
rowed the theoretical design space to configurations that are potentially
valid. Through enhanced ML surrogate modeling, this approach
allowed us to allocate limited resources to critical DFT simulations,
enabling a broader and in-depth investigation and thus providing
valuable atomic scale insights.
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Our multifaceted, integrated ML-powered methodology tran-
scends the mere acceleration of optimal candidate discovery, herald-
ing a transformative shift in electrocatalysis research. By seamlessly
weaving diverse ML techniques with diverse knowledge sources
throughout the materials discovery process, this work eclipses the
current stage-specific, single-expert-system ML applications in OER
electrocatalysts (21-25). Specifically, Hong et al. (23) used a statisti-
cal approach to create predictive models for OER activity using a
dataset that is focused on perovskites and is based on publications
only. Even though this work provided insightful information, its
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limited material space and absence of clear, product-oriented de-
sign guidance prevented it from being used practically in synthesis
and optimization. In a similar vein, Back and colleagues (25) used
ML in high-throughput DFT calculations to identify active sites on
IrO; surfaces and guide theoretical design. However, they only
focused on a small number of IrO, polymorphs, and their method
only used theoretical predictions with large discrepancies between
calculated and experimental activity or stability. Additionally, Kim et al.
(21) successfully reduced 77,946 possibilities to 110 experimental
trials by optimizing multimetallic quaternary alloy compositions for
water splitting using active learning. While impactful, this study
did not provide theoretical insights into the underlying mecha-
nisms. Furthermore, their approach, designed for a relatively low-
dimensional design space, may lack the sophistication or robustness
needed to handle more complex scenarios, such as higher-dimensional
parameters like synthesis conditions and a broader spectrum of
material properties.

As presented in fig. S1, none of these single-stage ML approaches
might be capable of handling an enormous design space with over
3 billion possibilities. Our integrated ML approach, on the other hand,
connects data mining, active learning, and theoretical modeling in
a coherent framework to holistically leverage knowledge from all
available sources to address the more challenging but realistic elec-
trocatalyst discovery task. Using in-depth domain knowledge, the
first data mining stage logically defines the exploration space, pro-
viding a strong basis for further experimental endeavors. Iterative
experimentation based on active learning and theoretical validation
enhanced by domain adaptation are then seamlessly linked to these
data mining insights through our multistage approach, resulting in a
synergistic and interconnected exploration strategy. Demonstrating
the efficacy of this comprehensive ML-driven strategy in acidic OER,
we have chartered an unprecedented blueprint for the future of
electrocatalyst research.

RESULTS

Data mining on domain knowledge for initial

exploration space

Facing the astronomical number of possible candidate configura-
tions, we need to rationally decide on the initial exploration space.
In the past, this was often accomplished by reading numerous do-
main publications in combination with researchers’ own subjective
experience to decide on the initial trial schemes. Serving a similar
but more rational role, we have undertaken a comprehensive data
mining approach centered around the digitalization and distilla-
tion of domain knowledge as a starting point of the data science
workflow. This endeavor culminates in the digitalization of an
extensive literature body (tables S1 and S2): 534 publications with
relatively complete experimental records dating from November
2009 to January 2023. Four complementary datasets were extracted
for subsequent data mining, segmented on the basis of (i) different
publication qualities: an initial full dataset and a high-quality subset;
and (ii) different fitting targets: 119 and decay rate, representing
OER activity and stability, respectively (fig. S2 and Supplementary
Note 1. Note: Supplementary Notes 1 to 8, archived at Dryad:
https://doi.org/10.5061/dryad.nk98sf83g, provide independent
secondary details for readers interested). Specifically, high-quality
literature was defined using the following criteria: (i) publica-
tions in journals with an impact factor exceeding 10; (ii) an average
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daily citation rate of at least 0.025 per Web of Science records up to
20 January 2023; or (iii) publications within the 365 days leading up
to 20 January 2023. Applying these criteria resulted in a curated data-
set comprising 1358 entries related to activity and 345 entries ad-
dressing stability tests, from the original full 1847/453 entries.

Unsupervised data mining

The initial stage of our research involved straightforward yet effec-
tive unsupervised techniques to identify fundamental patterns in the
datasets extracted from the literature. This included the Bibliometric
Interconnected Network Graph (26, 27) and Apriori association rule
mining (28, 29). We use the former (figs. S3 and S4) to visualize the
frequency of the occurrence of common metal elements alone and
in pairs in the aforementioned datasets, as well as their relationship
as itemset with 119 and decay rate. Concise summaries of statistical
patterns of these complicated element-related graphs are provided in
Fig. 2 (A and B) (for activity data) and fig. S5 (A and B) (for stability
data). The latter (Fig. 2, C and D, and fig. S5, C and D) further ex-
tends the association rules from element types to more empirical
synthesis parameters, resulting in statistical suggestions based on
domain-wide knowledge. With the support of unsupervised data
mining of the extensive domain expertise (Supplementary Note 2),
we could derive key rational objective decisions on defining the ini-
tial exploration.

From the element network analysis, we found that, among the
knowledge base, the most frequently used elements are Ir, Ru, Sr,
Mn, Ni, and Co. In addition, among them, Ru is the most competi-
tive element. Ru shows promising activity, with qualification rates
notably better than Ir and other metals (Fig. 2A), thus aligning with
domain consensus (30). Furthermore, opposite of consensus (31),
Ru-based candidates demonstrate evenly matched stability expecta-
tions compared to Ir (fig. S5A). Such advantages also existed with
Ru’s coexistence with other dopants. (For consistency in terminolo-
gy, all metal elements in the precursor are referred to as “dopants,”
although the first “dopant” is the primary metal. These are arranged
in descending order of their proportions, from the first to the
fourth.). Therefore, we believe that (i) Ru versus Ir: Intuitive and
impactful insights could be drawn by the distribution of different
element’s locations in Fig. 2B and fig. S5B for qualified rates (per-
centage of entries in the databases that reached n;9 < 250 mV or
decay rate < 1 mV hour™). If considering 20% as a qualified rate
threshold, then 92%/67% (Fig. 2B for activity) and 58%/50% (fig.
S5B for stability) of these frequent doping elements would be below
it when coexisting with Ir, whereas, for Ru, corresponding ratios
would only be 17%/8% and 42%/42%. Such a statistical result sug-
gests that Ru is an indispensable element to explore with other ele-
ments as dopants because it offers better potential than Ir to achieve
both good activity and stability through synergistic effects.

Delving deeper into the Apriori association rule mining, we
obtained several other key insights that help determine the initial
exploration space, especially for empirical parameters. (ii) Hydro-
thermal: For the hydrothermal process (which broadly includes
precursor mixing), room temperature is sufficient from an activity
perspective, and the corresponding time range suggested was 12 to
24 hours. However, for stability, a temperature range of 50° to 100°C
was preferred, and the corresponding time range was 6 to 12 hours.
To balance these factors, we hence define the hydrothermal parameter
candidate space for temperature and time to be 25° to 60°C and 6 to
24 hours, respectively. (iii) Annealing: For the annealing process, the
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Fig. 2. Key results derived from unsupervised data mining focused on OER activity. (A) Frequencies and corresponding qualified percentages of different most fre-
quently reported chemical elements in the full dataset and the high-quality dataset, with a qualified overpotential boundary set at 250 mV. (B) Frequencies and corre-
sponding qualified percentages of different frequently reported chemical elements coexisting with either Ru or Ir in metal oxides, in the full dataset and the high-quality
dataset with the same overpotential boundary. The dashed line represents the predicted frontier based on the promising elements in the figure that exhibit superior

performance (i.e., higher frequencies) and simultaneously have larger x- and y-coordinate values [(A) and (B) are derived from the original graph in fig. S3]. (C) Results of

high lift values in Apriori association rule mining based on the full dataset with a frequent itemset length of two for activity-related insights. (D) Results of high lift values
in Apriori association rule mining based only on the high-quality dataset with the frequent itemset length of two for activity-related insights.

activity side suggests a temperature range of 300° to 400°C, while the
stability side prefers 500° to 600°C. For the annealing time, the activ-
ity side requests 3 to 6 hours, while the stability side requests more
than 6 hours. (iv) Dopants: The Apriori analysis also revealed that Sr,
Zn, and Mn are recognized as good secondary elements, potentially
serving as major dopants. They have high lift values (ratio of ob-
served to expected co-occurrence), indicating a strong association
with good activity. Such an insight is consistent with what we can
observe in Fig. 2B and fig. S5B. Sr and Mn are seemingly close to the
sketched frontier, suggesting their promising contributions to both
activity and stability, when coexisting in either Ru- or Ir-based
systems. Prior experimental studies (32-35) showed that Sr and Mn
could enhance the electronic structure and oxygen vacancy forma-
tion in Ru and Ir oxide systems. Their coexistence lowers energy
barriers for OER intermediates and mitigates active species disso-
lution, improving catalytic activity and stability in acidic environ-
ments. Another vital observation is the stability-focused itemsets
suggested that a third type of metal should be present, with a pro-
portion of 5 to 15% in the precursor. This emphasizes the potential
of multi-metal synergy for improving catalyst stability.

Ding et al., Sci. Adv. 11, eadr9038 (2025) 4 April 2025

Drawing on the insights from unsupervised data mining, we
crafted from scratch a set of essential design rules to locate our initial
exploration spaces to ensure balance between activity and stability.
However, through dimensionality reduction techniques such as prin-
cipal components analysis (36) and t-distributed stochastic neighbor
embedding (Supplementary Note 3) (37), we delineated the intricate,
high-dimensional nature of the datasets. This further revealed the
limitations of unsupervised methods and underscored the need for
more advanced ML strategies to accurately parse and interpret the
complex patterns within our data. By leveraging ML models to dis-
cern data patterns, we can uncover more accurate qualitative patterns
and laws governing parameter influence, enabling us to precisely de-
fine the most promising regions for continued investigation.

Supervised data mining

By leveraging supervised learning techniques to identify subtle pat-
terns in our dataset, we complement our findings from unsupervised
approaches, leading to more nuanced and comprehensive under-
standings. On the basis of the same datasets, we adopted a commit-
tee ensemble approach by training and evaluating (Supplementary
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Discussion S1) various ML algorithms. The optimized models were
then integrated into a committee, and the influence of each member
ML algorithm was determined by its regression performance. Spe-
cifically, models capable of generating more accurate predictions
quantified by coefficient of determination (R?) yield greater influence
on the overall decision-making process of the committee, whereas
those with negligible or negative R* values have minimal or no im-
pact on the overall decision-making process. The committee-based
query method used here is a common strategy in batch active learn-
ing (38). Unlike ensemble algorithms such as random forest, which
uses decision trees as basic learners, our approach aims to integrate
models with completely different architectures and complexities on a
higher scale, ranging from support vector regression (SVR), gradient
boosting, light gradient-boosting machine (LightGBM), CatBoost,
k-nearest neighbors regression (KNR), AdaBoost, decision tree, to
extreme gradient boosting (XGBoost) to artificial neural networks,
in addition to using random forest as one of the committee members.
These different algorithmic architectures are capable of learning via
different paths on the same dataset, enabling a more comprehensive
and robust evaluation of the corresponding uncertainty.

Figures S6 to S13 illustrate the regression metrics of the four
committees by two datasets and two prediction targets: full dataset,
activity; full dataset, stability; high-quality dataset, activity; and
high-quality dataset, stability. A low mean average error (MAE) and
a high R* value notably highlight some of the committee members,
especially the promising prediction accuracies of the boosting-based
algorithms. The gradient boosting regressor could achieve an R
value of 0.84 and a MAE value of 29.76 mV for nj, on a full dataset
(fig. S8). For a high-quality dataset (fig. S9), XGBoost stood out with
the lowest MAE of 27.21 mV. On the basis of fig. S2B, we could infer
that the best members of the two activity-predicting committees
could limit their quantitative prediction error to less than 10% of
the recognized level, illustrating its microscopic insights. Similarly,
for the two stability-predicting committees (figs. S10 and S11), we
could observe that a high R* value such as 0.86 could be achieved
by XGBoost on a full dataset. In addition, on a high-quality dataset,
CatBoost could reach an impressive R value of 0.89, demonstrating
its excellent forecast consistency and macroscopic grasp of long-term
stability and complexity. These best members of the two stability-
predicting committees have acceptably overcome the inherent selec-
tion bias and data noise caused by the selective reporting and missing
details in the literature.

Hence, we transitioned to an in-depth analysis of the models’
decision-making processes, systematically leveraging and integrating
the interpretative tools Shapley additive explanations (SHAP) (39),
assisted by Friedman’s H statistics (40), and partial dependence plot
(PDP) (41). On the basis of the SHAP matrices assembled by the top
performers in the committees, as illustrated in Fig. 3 (A and B), we
can discern patterns that illustrate how features influence the activity
and stability of acidic OER catalysts. The pipeline used is depicted in
fig. S14 and unfolds as follows: Initially, we identify the most impact-
ful input features through the weighted average SHAP values, which
are then coupled with H statistics to pinpoint the most nonlinearly
correlated pairs of informative features for two-dimensional depen-
dence plots. By thoroughly analyzing the results (Supplementary
Note 4), we vividly capture and present the key insights from this
data-mining stage in Fig. 3 (two committees trained on the high-
quality datasets) and fig. S15 (two committees trained on the full
datasets). Beyond narrowing the design space, this step also assesses

Ding et al., Sci. Adv. 11, eadr9038 (2025) 4 April 2025

whether the ML models’ predictive abilities are based on meaningful
patterns rather than spurious correlations. It ensures that the models
align with established field consensus while still allowing for the dis-
covery of previously unidentified insights.

We begin with (i) activity versus stability factors: Feature impor-
tance analyses are provided via cohort bar plots. For activity, element-
related features, primarily atomic properties, were particularly
influential. Both full and high-quality activity datasets consistently
pointed to the atomic radius and electronegativity of the primary
metal element as the most critical factors (Fig. 3C and fig. S15C) with
great advantages. This aligns with electrocatalytic principles, espe-
cially in metal oxides like RuO, and IrO,, where these properties
govern the metal-oxygen bond strength and electron density distri-
bution, affecting the overall activity (42-44). For the second metal,
descriptors like d-band electron count and atomic mass, proven ef-
fective in modifying the oxide system’s electronic structure, alter
band structures and binding energies, affecting the catalytic perfor-
mance (45, 46). While the choice of the primary metal element ap-
pears crucial for activity, the atomic radius of the second and,
intriguingly, third elements ranked highly for stability despite their
lower proportions (Fig. 3D and fig. S15D). Moreover, for stability,
parameters related to synthesis thermodynamics and kinetics, such
as temperature and time duration, prevailed. These findings prompted
further investigation into how distinct feature categories affect OER
activity and stability using H statistics based on variance decompo-
sition as shown in fig. S16. We found that the average nonlinear in-
teraction between synthesis parameters and elemental features was
insufficient to outweigh internal interactions within each category,
especially compared to synthesis parameters. Generally, in consen-
sus, the catalysts morphology, surface area, and crystallinity, which
maximize active site accessibility, are largely changed by synthesis
parameters (47, 48). In the meantime, intrinsic electronic character-
istics defined by elemental features, such as oxygen binding energies
and d-band centers, primarily affect activity by adjusting absorption
energies for reaction intermediates (43, 44, 46). This comparatively
independent role distribution is consistent with the well-established
understanding that elemental composition determines the electronic
structure and basic microscopic catalytic behavior, whereas synthesis
parameters affect macroscopic physical characteristics (49, 50). (ii)
Primary and secondary element choices: Further examination of the
cohort plots unveiled a critical threshold at 127.5 pm for the atomic
radius of the primary metal, a value autonomously identified by
SHAP. Beyond this threshold, elements with a larger atomic radius
exhibit a substantial increase in importance. Dependence plots in
Fig. 3E and fig. S15E further indicate positive SHAP values under
127.5 pm as undesirable for decreasing nio. A cluster of negative
SHAP values around 138 pm identifies preferred elements such as
Rh, Pd, Re, Os, Ir, and Ru, with Ru standing out as the most favorable,
corresponding to the peak. This is expected as Ru and Ir with similar
atomic radius have been theoretically proven having optimal binding
energies with oxygen-containing intermediate species (O, OH, and
OOH) as benchmarks (42, 43, 47, 51). As for secondary metal pos-
sibly as major dopant, a wide array of elements as electronic property
modifiers was acceptable while completely avoid doping is unfavor-
able. For stability, Fig. 3F and fig. S15F indicate a preference for a
higher proportion of the second metal (greater than ~35%) and the
selection from larger atomic radius elements (greater than ~136 pm),
predominantly rare earth metals like La, Ce, and Nd and post-
transition metals such as In, Sn, and Pb, along with alkaline earth
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Fig. 3. 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 com-
mittees trained on various datasets, are evaluated on the basis of R? and MAE metrics on the test set. RMSE, root mean square error. (C and 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, re-
spectively. (E to 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-gray areas that indicate the preferred value ranges.

metals like Ba and Sr. Elements with a larger atomic radius contribute
to enhanced lattice stability by reducing strain and facilitating a flex-
ible matrix that accommodates structural deformations during cata-
lytic reactions (52, 53). This property is crucial in harsh conditions
like high temperatures or acidic environments, where phase stability
prolongs catalyst life. Hence, by all means, it is inferred from the
domain perspective that, while Ru is essential as the primary
metal for ensuring activity, extensive doping with a diverse range of

elements is beneficial for both better activity and stability. Other
broad domain-level insights include (iii) testing parameters: Despite
its high-importance ranking, the nearly always reported stability
testing time was included in the ML model to bolster data integrity,
as it serves as the denominator when calculating time-averaged
decay. Intriguingly, the cohort plots identified ~18 to 19 hours as
a pivotal point, further suggesting that annealing parameters as-
sume greater importance over extended durations. Consistent with
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chemical intuition, adequate incubation and heat treatment help com-
plex oxide samples form a more stable phase against degradation
(54-57). Catalyst loading also plays a notable role, shedding light on
macroscale marginal effects. As depicted in fig. S15G, beyond a pre-
ferred loading of 0.5 mg cm™?, the reduction in SHAP values be-
comes less marked as restrictions of mass transport would emerge
(58). Additionally, supporting materials like TiO, or carbon particles
did not exhibit a focused distribution in the analysis, indicating their
negligible impact and thus leading to our decision to exclude them
from further consideration. As indicated by previous studies, these
supports would benefit the dispersion and facilitate the electron
transfer (59, 60). However, it is generally believed that they would
have limited effects on the intrinsic electronic characteristics of ac-
tive oxides but are more decisive in benefiting stability by inhibiting
dissolution and aggregation (61). (iv) Synthesis parameters: As both
derived from ML insights and validated by domain expertise in pre-
vious discussion, the thermodynamic and kinetic parameters (tem-
perature and time) in the sample synthesis, such as annealing and
hydrothermal conditions, are suggested to be nearly as crucial as the
choice of metal elements for both activity and stability. Although they
could be optimized directly like the proportion of metal elements, the
exploratory costs in experimental synthesis differ, especially because
the annealing step is time-consuming, and fine-tuning the optimal
temperature can lead to substantial energy consumption. Thus, a
prudent approach is to confirm them as constants through domain-
knowledge data mining. Figure 3 (G and H) and fig. S15H visualize
the pattern distributions of annealing temperatures in different com-
mittees. Figure 3G reveals a notable negative peak in the wavy SHAP
value distribution trend around 200° to 500°C. Intriguingly, Fig. 3H
and fig. S15H from stability perspective display a similar yet inverse
peak, with the intersection point with the SHAP value zero line
around 450°C. Given the initial coarse-grained results from unsuper-
vised data mining, we believe that setting the annealing temperature
directly to 400° and 500°C for exploration will most likely balance
activity and stability. This temperature interval has been validated in
numerous studies, consistently shown to yield RuO,/IrO,-based ox-
ides with balanced structural and compositional features conducive
to overall promising performances (62-64). Last, the interaction fea-
tures of the annealing and hydrothermal time did not exhibit a con-
centrated color distribution. Hence, considering the need to control
costs, we fixed the annealing time to 6 hours on the basis of unsuper-
vised data-mining outcomes, while the hydrothermal time is included
as one of the variables for optimization in the subsequent module.

By far, we have extensively narrowed the exploration space based
on domain-knowledge data mining. The key parameters identified,
and the refined data representations derived from supervised learning
have provided a solid foundation for defining the exploration bound-
aries used in the subsequent active learning stage.

Active learning-guided experimental exploration

Our data mining results provide qualitative ranges rather than pre-
cise guidance for optimizing complex multielement systems, espe-
cially concerning the selection and proportions of various metal
elements. A substantial budget for real-world experimentation would
be needed for the corresponding investigation (discussed in fig. S1).
To mitigate this challenge, this phase uses an active learning strategy
that balances exploration and exploitation to address optimization in
nuanced recipes, including the optimal numerical values for elements
and proportions and for undetermined synthesis conditions.

Ding et al., Sci. Adv. 11, eadr9038 (2025) 4 April 2025

Figure S17 both displays our experimental process for synthesiz-
ing multimetallic oxide samples (Supplementary Discussion S2) and
lists the specific parameter determined by the ML committee in each
round by a balanced query strategy. Table S3 further records the set
ranges, constants, and constraints (we required Ru to be one of the
four elements in the selection group) for the corresponding experi-
mental variables, namely, the initial exploration space defined through
previous data mining on domain knowledge. For cost efficiency, we
focused on observing 1o in synthesized samples, refining through
activity-focused ML committees and experimental feedback.

Our comprehensive OER experimental outcomes, conducted in
0.5 M H,SOy, are summarized in Fig. 4. Figure 4A (referred to as
“batch 0” in the dataset) displays the linear sweep voltammetry po-
larization curves with Ru as the sole metal precursor. Figure 4 (B to
F) presents the top samples and their corresponding curves from
each experimental batch. Additionally, Fig. 4G uses violin plots to
showcase the distribution of the total 258 samples in five iterations,
exclusively guided by the ML committee without human decision
interference. Over iterations, the failure rates (low activity products
with no 1 available) also decreased from 47% in the first batch to
0% in the fourth and fifth batches (64 trials in each batch). A com-
prehensive pattern analysis of the encodings of the synthesis recipes
of different batches is provided in fig. S18, which further revealed
that the ML committee was able to evolve itself and navigate out of
the failure “dead zone” Meanwhile, a more important and discern-
ible trend emerges, as the best samples exhibiting progressively lower
N1o values, underscoring the active learning workflow’s efficacy in
refining this complex material system. Initially, in the first batch,
our domain knowledge-based ML committee showed negligible
enhancements compared to the baseline RuO,-400 and RuO,-500 in
Fig. 4A. However, by the fifth iteration, as depicted in Fig. 4F, the
final samples demonstrated substantial enhancements. These top-
performing samples, labeled A to D, with sample B achieving an ex-
ceptionally low 13 of 154 mV, surpassed 99.5% of the samples in our
domain-knowledge datasets. Notably, our synthesis approach, char-
acterized by its simplicity, holds potential for lower costs and scal-
ability. Through fig. S19, table S4, and Supplementary Discussion S3,
a comparison with other recent state-of-the-art reports driven by
human domain experts, highlights our samples’ unique advantages.

While 1y is an important metric, it is not the sole criterion for
practical applications. Examining the Tafel slopes of the samples in
Fig. 4 (A to F), as presented in fig. S20, reveals that the top-ranked
samples do not always excel in kinetic performance. Specifically, a
reversed ranking from 1 could be found in the final batch. Sample B,
despite having the lowest 1), exhibits the highest Tafel slope (80.9 mV
decade™), indicative of its slower electrochemical kinetics compared
with sample C (69.0 mV decade™"). Further evaluation of the sam-
ples’ electrochemically active surface area (ECSA) is presented in fig.
S21, where the ECSA values were calculated on the basis of the mea-
sured double-layer capacitance (Cgqj). B exhibits the largest ECSA
(2357 cm?), and C has the lowest ECSA among the four (923.3 cm?).
However, normalizing the OER current to ECSA at n = 200 mV, C
demonstrates the highest specific current density (ECSA of 0.0186 mA
cm™2). We also conducted nitrogen adsorption-desorption iso-
therms of A to D (fig. S22). The fitting results indicate a consistent
trend: sample B exhibits the highest Brunauer-Emmett-Teller (BET)
surface area of 94.35 m* g, greater than that of A at 88.88 m*g™', D
at 74.47 m* g”', and C at 39.92 m” g™*. On the basis of these results,
we conclude that A/B/D might have advantages in surface area,
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which could enhance exposure and result in a higher density of active
sites and, thus, lower their overpotentials under low-current density
half-cell tests. However, C exhibits a better reaction kinetic rate, sup-
ported by its best Tafel slope (smallest) and specific current density
(highest) normalized by ECSA. However, a balance is still required
for maintaining enough surface area. As shown in figs. S21 and S22,
the baseline RuO,-500, although demonstrating a relatively satisfac-
tory specific current density (ECSA of 0.0162 mA cm ™), indicative of
good intrinsic activity, has a notably low BET surface area of 45.58 m*
g~" and an ultralow ECSA of only 310 cm? This limited surface area
restricts active site accessibility and mass transport, leading to a high-
er 1o of 215 mV (Fig. 4A) compared to those of samples A to D.

This insight led to additional testing in real-world scenarios, spe-
cifically focusing on single-cell PEM electrolyzers to assess perfor-
mance at higher current densities, reaching levels of 1 A cm™. As
depicted in Fig. 4H, sample C, despite having a comparatively higher
110 and superior kinetics among the final four, displayed remarkable
performance under high-current density conditions in the single cell.
A commercially purchased IrO, sample with an Ir loading of 0.5 mg
cm ™2 was outperformed by sample C. While sample C achieved a
notable current density of 3 A cm™” at 2 V, samples A/B/D were
deemed subpar. Electrochemical impedance spectroscopy conducted
on the corresponding MEA samples (fig. S23), verified that sample
C, as part of the MEA component, exhibited comparatively lower
contact, charge transfer, and mass transfer resistances at both lower
(0.1 A cm™?) and higher (1 A cm™?) current densities. This outcome
suggests that, despite its smaller surface area, sample C demonstrates
superior comprehensive behavior under high-current density condi-
tions. Conversely, samples A/B/D experienced higher impedance
in practical applications despite their initial advantage in 1. There-
fore, to provide a more comprehensive evaluation, we further con-
ducted accelerated stability tests under different scenarios. Initially,
we performed half-cell constant current tests, which are quicker
due to harsher conditions. Consistent with predictions by the stabil-
ity ML committee in the supervised data-mining module that sam-
ple C is the most competitive in long-term performance (fig. S24),
real experimental results consistently revealed that sample C outper-
formed all others (fig. S25). In practical-level electrolyzer cell tests,
MEAs loaded with sample C demonstrated considerable stability, as
illustrated in Fig. 4. Over a prolonged testing duration of 125 hours,
the average decay rates were only 0.1728 and 0.1964 mV hour™" at 10
and 20 mA cm™, respectively. Compared with recent studies, C’s
overall performance in PEM electrolyzer, a basic component in the
industrial stack, is proven competitive as shown in fig. S19B.

In summary, while the ML committee’s proposed element recipes
for samples A/B/D (all containing Ru, Ca, Sr, and Nd) had maxi-
mized 1,9 reduction after five iterations in half-cell tests, they un-
derperformed in practical single-cell tests due to kinetic or stability
issues. In contrast, sample C showed enhanced kinetics, charge/
mass transfer characteristics, and electrochemical stability, which
are crucial for device-level applications. Hence, while recipes for
A/B/D may result in a higher surface area, C demonstrates superior
performance overall and the potential for practical PEM electrolyz-
er applications. This outcome highlights the necessity of assessing
electrocatalyst performance across diverse test conditions and met-
rics. It also emphasizes that expert input and thorough analysis are
essential to complement ML-driven results for the multi-objective
optimization that is crucial for practical scenarios, thus ensuring the
continuous refinement and applicability of ML strategies.

Ding et al., Sci. Adv. 11, eadr9038 (2025) 4 April 2025

Material characterization

After identifying the optimal sample C through the DASH loop, we
sought to gain deeper insights behind the enhanced performance. A
comprehensive suite of characterization techniques from a materials
science perspective was conducted (Supplementary Note 5, results
of 11 samples other than C). A total of 12 samples were included:
samples A to D, RuO,-400/500, and their respective states before the
acid wash (identified with the suffix “Pre”). High-resolution trans-
mission electron microscopy (TEM) results of the 12 samples are
provided in Fig. 5 (A and B) and figs. S26 to S28. In general, the
samples obtained consist of small, single-crystalline RuO, particles,
~5 to 10 nm in diameter, interconnected to form a polycrystalline
structure. As indicated by Fig. 5C and fig. S26A, sample C’s lattice
spacing of the (110) lattice plane expanded to 3.25 A when com-
pared to the standard lattice spacing of the pure Ru samples both
before (RuO,-400-Pre, 3.12 A) and after (RuO,-400, 3.09 A) the acid
wash process. Subsequent energy-dispersive x-ray analysis via TEM
in Fig. 5D further strengthened our belief that the second to fourth
metal elements are uniformly distributed with non-aggregated sig-
nals detected, suggesting their existence as dopants in the major
RuO; lattice. To further validate our hypothesis, we examined x-ray
diffraction (XRD) spectra for more crystallographic information.
Having been acid washed, sample C seemed to be dominated by the
RuO,; phase (Fig. 5E) with the impurities in C-Pre well removed,
and no traces of CaRuOj3; and SrRuOj; could be found like that in
A/B/D. Such perovskites are known by consensus to dissolute cat-
ions and cause the irreversible collapse of polymetallic oxide struc-
tures (65-68), thus possibly contributing to the inferior stability
behavior as observed in experiments. Additionally, we observed no-
ticeable leftward shifts in the XRD peaks for the main phases, signi-
tying slight expansions in the lattice parameters in all A to D
samples, especially for (110) and (101) facets compared with RuO,-
400/500 (69). This is further supported by the comparison of the
average interplanar spacing from TEM images across 12 samples
(fig. S29).

To further prove the doping of metal elements into RuO, lattice,
we obtained x-ray photoelectron spectroscopy (XPS) spectra for
the surface chemical states, with a focus on sample C. Combining
the XPS semi- and inductively coupled plasma quantitative analysis
summarized in fig. S30, we confirmed that Mn was the major dop-
ant. Hence, we first examined the XPS Mn-2p spectra in Fig.
5F. Compared with that before acid wash, the Mn** 3/2 peak of
sample C shifts toward a lower binding energy, which indicates Mn
cation’s difference with that in Mn oxides and as a dopant into the
Ru oxide lattice as reported (70). This was further supported by
electron paramagnetic resonance comparisons of magnetic proper-
ties (fig. S31). We further investigated the Ru 3d and 3p XPS spec-
tra in Fig. 5G. Different from A/B/D, the Ru 3d 3/2 peak of sample
C exhibited a slight shift toward a higher binding energy compared
with RuO,, consistent with previous reports indicating Mn’s dop-
ing effect on Ru’s local electronic structures (71, 72). As for Ru’s 3p
peaks, no obvious shift in peaks could be found, but the results are
hidden in peak fitting. On the basis of previous reports, we calcu-
lated the Ru™** species ratio, which has been proven to optimize
the OER reaction pathway and enhance the charge transport by
both experimental and theoretical approaches (70). As shown in
Fig. 5H, we could find that sample C has the highest ratio (35.24%)
among A to D. The result again supports C’s superiority in terms of
intrinsic activity and charge transfer characteristic, which could
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Fig. 5. Material characterization results of the optimal sample C identified through DASH loop. (A and B) High-resolution TEM images of RuO,-400-Pre and sample
C, respectively, with cyan and pink frames selected for performing fast Fourier transform (FFT) to analyze the diffraction pattern. (C) Corresponding statistical analysis of
the average interplanar spacing. (D) Energy-dispersive x-ray (EDX) elemental distribution mapping spectrum for various elements in sample C. HAADF, high-angle annular
dark-field; kCounts, kilocounts; keV, kiloelectron volts. (E) X-ray diffraction XRD spectra of sample C compared with RuO,-500. (F) XPS Mn-2p spectra of sample C and its
pre-acid wash state: “C-Pre”” (G) XPS Ru-3d and 3p spectra of sample C, RuO,-500, and their corresponding states before acid wash. a.u., arbitrary units. (H) Statistical
analysis of the XPS-derived Ru™** species percentage in the samples.

overcome its disadvantage in surface area and become the most
practical sample. These thorough characterization results laid the
groundwork for choosing realistic input configurations for atomic-
level simulations, which helped us better understand the identified
optimal catalysts and validate our experimental findings in the
next phase.

Ding et al., Sci. Adv. 11, eadr9038 (2025) 4 April 2025

Domain adaptation-assisted DFT theoretical simulation

To further understand the origin of the superiority of sample C’s
activity and stability, DFT simulation in the next stage is performed.
However, because numerous elements are involved with varying
doping ratios, we need to perform a large number of expensive
DFT relaxations to find the stable structure of each sample before
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conducting surface catalysis simulations. Therefore, in this last
module, a domain-adaptation strategy based on commonly reported
DFT ML surrogate modeling (73-75) was illustrated.

The characterization results suggested that the C is RuO, doped
with multiple metal elements, and the same for A/B/D’s surfaces
after Sr and Ca were dissolved during acid wash. Therefore, to sim-
plify and unify the qualitative discussion, we selected RuO; (110) as
the subject of multi-metal doping research. Figure 6A presents the
schematic workflow for the domain adaptation strategy. We aimed
to achieve effective prediction of stable configurations by the ML
committee when dopant contents were provided. As we are inter-
ested in handling a wide range of both the types and amounts of
dopants, similar to previous experimental modules, the DFT relax-
ation calculations for sampling this vast candidate space from
scratch would be prohibitively expensive for ML surrogate model-
ing. Hence, we divided the entire set of metal elements of interest
into two domains: The source (S) domain candidates include com-
mon earth-abundant metals like Fe, Co, and Ni, and the relatively
rare elements such as La and Ce are categorized into the target (T)
domain. We provided abundant data entries in the S domain (3973)
through high-throughput DFT relaxation calculations (Supple-
mentary Note 6), while only about one-fifth (848) of the data en-
tries were provided with the T domain concerned. Therefore, in Fig.
6B, Committee S achieved satisfactory predictions for slab energy
values across its ML committee members that had R? values close to
or over 0.99. In comparison, Committee T exhibited inferior per-
formance due to its broader candidate space to be sampled and
fewer data entries available as expected. Next, instead of directly
expanding the dataset size, we used domain adaptation to avoid po-
tential exponential growth in the supplemental DFT calculations
needed to cover additional elements in the T domain. This involved
fine-tuning the members of Committee S on Dataset T for a limited
number of epochs. Figure 6B along with fig. S32 demonstrates the
corresponding results, showing that the fine-tuned Committee
S-T substantially improved its regression metrics on Dataset T.
Compared to Committee T, Committee S-T was able to use the
same small-volume dataset T to adaptively fine-tune the general
pattern learned from the large-volume dataset S, further including
situations when elements in the T domain were added. Moreover,
similar patterns (figs. S33 to S35) could be observed when OER-
related intermediate species, such as O, OH, and OOH, are present
on the slab surface, further supporting the broad effectiveness of
this strategy. In Supplementary Note 7, we further address the po-
tential “forgetting” issues (76) of Committee S-T through detailed
cross-domain evaluations. Post-adaptation, Committee S-T retains
notable predictive power on domain S, with R* values primarily in
the range of 0.8 to 0.9, demonstrating that the model successfully
preserves key patterns from the source domain despite domain
adaptation. This performance contrasts sharply to the significantly
negative R” values and orders-of-magnitude higher mean square
error/MAE observed when Committee S or Committee T was di-
rectly applied to the other domain, highlighting the inability of
single-domain models to generalize effectively. As Committee S and
Committee T were exclusively trained on single domains, this clearly
reflect the fundamental gap between two domains. Committee S-T’s
robustness could partly be attributed to the ensemble structure and
diversity of Committee S-T, which helps balance adaptation to
domain T while retaining meaningful predictive power on domain
S. Given the higher importance of domain T in our study, Committee
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S-T represents a cost-effective and reliable surrogate model for
exploring the far vaster candidate space central to this work.

Next, we provided the quantitative composition results to Com-
mittee S-T and identified stable doping configurations, specifically
the lowest slab energy, using the method described in DASH as il-
lustrated in Fig. 6C. Without extensive calculations to determine the
locations of the dopant atoms, four representative structures for
samples A to D were selected using our ML surrogate on the basis of
domain adaptation. Subsequently, we conducted OER simulations
on these slabs. Initially, we comprehensively investigated the theo-
retical OER activity by simulating reaction pathways on the surface
covered by various species (25, 77). First, we investigated the ad-
sorption evolution mechanism (AEM) that is recognized as the most
common reaction pathway proposed by Man et al. (30). Figure 6D
indicates that the theoretical OER overpotentials for sample C, com-
puted from the energy barriers of the rate-determining steps (fig.
S36), were overall the best compared to those for the other samples.
Although slightly higher than sample B and undoped RuO; in the
O-covered scenario, the OER overpotentials for C were the lowest in
the other two scenarios at 403 and 376 mV, with the latter consid-
ered the commonly studied descriptor of OER activity (30). We also
examined the lattice oxygen mechanism (LOM) pathway, which has
been reported to explain the circumvention of the theoretical 370 mV
overpotential limit of the AEM (78-83) by oxide electrocatalysts,
albeit at the expense of stability. Our findings suggest that, depend-
ing on the surface coverage conditions, all samples could exhibit
lower theoretical overpotentials via the LOM pathway (fig. S37). To
ensure a more comprehensive analysis, both previously calculated
AEM and LOM pathways under default vacuum conditions were
further evaluated within an implicit solvent field (fig. $38), yielding
consistent trends. Additionally, explicit solvent field effects, simu-
lated through ab initio molecular dynamics (AIMD), were investi-
gated under no surface coverage conditions (fig. S39). Although
numerical discrepancies between simulated and experimental over-
potential values are common—Ilikely attributable to model simplifi-
cations (84), scaling limitations (85), and unmodeled environmental
effects (51) in such complex materials systems designed for OER
(86-91)—the qualitative agreement across various simulation con-
ditions supports our prior experimental observation. Specifically,
sample C demonstrates optimal intrinsic single-site activity due to
its refined electronic structure, reaffirming its superiority over the
other samples. Further examination of the density of states in fig.
S40 revealed that C’s Ru 4d and O 2p band centers were closer to the
Fermi energy level, contributing to its optimized reaction pathway
as reported (92-94). This might explain our experimental observation
that C has the best electrochemical kinetics among A to D. Although
undoped RuQ; is proven similarly competitive in microscopic re-
action kinetic by both simulation and experimentation, its draw-
back in low surface area makes it impossible to be the best candidate
for application.

We also assessed the theoretical stability (shown in fig. S41 and
summarized in Fig. 6E). Although not the best (—1.20 eV), C and
all other samples demonstrated favorable water adsorption ener-
gies (AG*HZO), which can be regarded as a straightforward yet
effective descriptor of oxide’s stability in water (95-97). Consistent
with experimental observations, they are stable and unlikely to dis-
solve. Further calculations of the surface Ru dissolution potentials
(Udiss) (73, 98, 99) and surface O vacancy formation energy (AGvo)
indicated that C was the best, with values of 3.34 V and 3.84 eV,
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respectively. The former suggests that C is the most electrochemically
stable. The latter, which is commonly examined in OER-related
studies (100-102), indicates the stability of Ru-based materials in
acidic electrolytes, as O vacancies could lead to over-oxidation and
the generation of soluble Ru species. Results of the above simula-
tions for stability performed in the implicit solvent field are also
consistent (fig. S42). Last, although partial switching to the LOM
pathway can contribute to a reduced overpotential, as supported by
previous activity simulations, it introduces a substantial trade-oft:
the potential dissolution of lattice Ru species, which could be detri-
mental to catalyst stability. To address this concern (103), we inves-
tigated the free-energy barriers for the leaching of RuO, species
(A Gpiss-ruo4) under various environmental conditions (fig. S43).
The results revealed consistent trends across different metrics, with
an overall ranking of stability (from most to least stable) as follows:
C> A > undoped RuO, > B > D. These findings further emphasize
the superior stability of sample C under conditions that challenge
its long-term structural integrity. In summary, our comprehensive
DFT simulations of both theoretical activity and stability for sam-
ples A to D correlate well with the experimental results.

Last, for readers interested in further explorations based on
Committee S-T, Supplementary Note 8 provides additional insights
into broader candidate spaces and innovative dopants. To this end,
the combination of data-driven parameter selection, adaptive
experimental validation, and theoretically supported optimization
highlights the interconnected efficiency of our multistage approach,
as elaborated in the discussion below.

DISCUSSION

This comprehensive study represents a paradigm shift in the devel-
opment of advanced electrocatalysts for acidic OER. Our research
unfolds a multistage, ML-driven approach that embodies the organ-
ic fusion of data mining, active learning, and domain adaptation,
leveraging these methodologies synergistically across different stag-
es of material discovery based on varied data sources. This integra-
tion not only streamlines the journey from conceptualization to
experimental validation and theoretical investigation but also en-
sures a flexible and reliable data-driven exploration of complex mul-
timetallic systems. Unlike traditional methods that rely on chemical
intuition and trial and error, our approach integrates a rational, hier-
archical, and data-driven decision-making process across a vast
compositional space, using different ML modules at various stages of
the pipeline. The synergistic integration of these modules—from ini-
tial data mining to guide exploration space definition, through active
learning for limited-budget experimental exploration and exploitation,
to domain adaptation for theoretical validation—creates a cohesive
framework where each component informs and strengthens the sub-
sequent stages. Furthermore, while current ML studies in the field
often remain confined to single stages of research based on a single
modality of data, our work extends the application of ML to encom-
pass the entire process of materials discovery, thus addressing chal-
lenges that single-stage models cannot. Through this comprehensive
framework, we have successfully identified an Ru-Mn-Ca-Pr catalyst
out of billions of possibilities that exhibits exceptional activity and
stability and has been validated extensively through experimental
and theoretical approaches. As autonomous laboratories and high-
throughput testing capabilities continue to advance, this framework
could be extended to incorporate multi-objective optimization
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strategies and device-level engineering parameters, potentially en-
abling even more comprehensive catalyst development workflows.
In addition, the modular design of DASH suggests its adaptability
to other catalytic systems. Researchers can tailor specific workflow
components, such as feature engineering, ML algorithms, and active
learning strategies, to align with the unique requirements of diverse
materials discovery challenges. Therefore, this methodology po-
tentially establishes a benchmark for the field of electrocatalysis,
demonstrating the potential to revolutionize the discovery and
optimization of OER catalysts through a comprehensive, data-
driven strategy.

MATERIALS AND METHODS

Domain-knowledge dataset

A systematic literature review was conducted to compile a dataset of
experimental studies on metal-oxide type electrocatalysts for OER
in acidic conditions. Studies involving theoretical DFT or molecular
dynamics simulations were excluded because of the variability in
outcome metrics compared to experimental results. The literature
search was performed using the Web of Science, resulting in a com-
prehensive collection of relevant publications. The curated dataset
includes input features such as transition metal elements, propor-
tions of precursors, conditions of hydrothermal mixing (precursor
mixing), annealing process conditions, post-treatment conditions,
and testing conditions. Output fitting targets for catalyst activity and
stability, specifically 119 and time-averaged voltage decay rate, were
recorded in the data entries. To manage variability in experimental
conditions and testing standards, we standardized key experimental
parameters across studies. For instance, catalyst loadings, precursor
compositions, annealing temperatures, and testing conditions were
normalized to common units where applicable. For minor missing
values in the dataset, such as precursor mixing duration (missing in
11.6% of cases), the median value from the dataset was used for im-
putation, a method validated by previous studies (104) in the field of
ML (105-107). These strategies aim to minimize biases and enhance
the dataset’s consistency for reliable model training.

Criteria were established to differentiate a “high-quality dataset”
from the initial dataset, focusing on records from high-impact jour-
nals with high citation counts and more recent publication dates to
ensure data reliability. Specifically, publication that fulfilled one of
the three conditions: (i) published in journals with an impact factor
greater than 10; (ii) having an average daily citation rate of at least
0.025 (as of 20 January 2023); (iii) published within 1 year leading
up to the cutoff date (20 January 2023). The high-quality dataset
post-screening included 1358 entries (fig. S2B) related to electro-
catalytic activity and 345 entries addressing stability under constant
current density tests (1847/453 in the full dataset). Four versions of
datasets capturing domain knowledge were thus established: high-
quality activity, full activity, high-quality stability, and full stability.
This carefully curated dataset forms the foundation for our subse-
quent unsupervised and supervised learning analyses.

In both unsupervised and supervised data mining, insights from
the high-quality datasets and the full initial datasets were integrated.
This strategy was also applied in the active learning module called
DASH flow. Two ML committees, one initiated from the high-
quality dataset and the other from the full dataset, were updated it-
eratively with the data supplements derived from experimental
observations. Candidate observations were determined on the basis

130f 19

G20z ‘20 |1dy uo Bio'a0us I0s" MMM/ SA1IY LWOJ) papeouUMoq



SCIENCE ADVANCES | RESEARCH ARTICLE

of recommendations from both committees, maintained at a 1:1 ra-
tio in all genetic algorithm (GA) search result batches, to ensure di-
versity and reduce potential biases in the learning process. Details
regarding reproducibility are documented in Supplementary Note 1.

Unsupervised data mining

The Bibliometric Interconnected Network Graph and the Apriori
association rule mining are applied, building upon the foundational
work referenced in previous study (27). These methods aim to ex-
plore relationships among itemsets categorized as “qualified” or
“disqualified” Thresholds for OER activity have been established at
200, 250, and 300 mV for overpotential; for OER stability, thresh-
olds are set at —1, 0, and +1 log (millivolts per hour) for decay rate,
consistent with those used in the level set estimation.

A technique similar to that used by VOSviewer bibliometric soft-
ware (26) facilitates visualization of the distribution of key elements
within the dataset via an interconnected network graph. In such
graphs like figs. S3 and S4, nodes symbolize different elements, where
the color of the node edges differentiates element groups and node
size denotes occurrence frequency. The intensity of a node’s inner
color indicates the proportion of high-quality samples associated
with that element (e.g., n10 of OER < 250 mV,); here, its values are
referred to as “quantification rates.” The width of the lines between the
nodes represents the frequency of element pairs co-occurring, and
the depth of line color reflects the likelihood of these pairs being part
of high-quality entries. Qualification rates, defined as the probability
that the presence of an element or a pair of elements in the system
contributes to reducing overpotentials or decay rates, are determined.
These values for different chemical elements are further visualized as
scatter plots in Fig. 2 (A and B) and fig. S5 (A and B). Network graphs
are produced using the Python package, NetworkX.

Similarly, Apriori association rule mining is applied to extend
the analysis to additional features for pattern discovery. The same
thresholds previously mentioned are used for itemset comparison
across different datasets. This method incorporates continuous vari-
ables such as synthesis and testing parameters into the analysis. For
interpreting results, particularly in bubble figures, two key metrics
are emphasized: “lift” and “support” A high lift value, calculated as
the ratio of the observed support to the expected support if the items
were independent, indicates a strong association with a target item-
set linked to favorable performance. Conversely, a high support
value, representing the frequency of occurrence of an itemset within
the dataset, shows its significance in the analysis. In visualized fig-
ures, itemsets with the highest lift values are displayed, indicating
the parameters most likely associated with high performance. De-
tails on reproducibility are provided in Supplementary Note 2.

Supervised data mining

A committee ensemble strategy was used in the supervised data
mining module to enhance the robustness of the ML workflow and
minimize potential biases or errors. This ensemble, comprising
11 models including SVR, KNR, LightGBM, CatBoost, XGBoost,
gradient boosting, random forest, decision tree, AdaBoost, and mul-
tilayer perceptron with one or two hidden layers, integrates insights
from diverse architectures. It is noted that LightGBM, CatBoost,
XGBoost, gradient boosting, random forest, and AdaBoost are gen-
erally recognized as “ensemble models” in computer science, indi-
cating their composition from base learners such as single decision
trees. In this study, each of these ensemble models is considered a
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member of a higher-level ensemble, the “committee,” alongside oth-
er models like SVR or KNR. Each committee member was subject
to fivefold cross-validation to fine-tune hyperparameters, aiming to
optimize performance.

Interpretation of the internal decision-making processes of these
models was primarily performed using SHAP analysis, supplemented
by PDP and Friedman’s H statistics. For a broader perspective, the
concept of insight assembly was expanded, as indicated by dashed
lines in Fig. 3. Rather than relying solely on the SHAP value matrix of
the best-performing committee member model, the weighted average
SHAP values of the top-three performing models (e.g., LightGBM,
XGBoost, and CatBoost for the commiittee trained on the high-quality
dataset) based on R* values were used. This approach enhances the
SHAP matrix to support parameter insights in SHAP analysis plots.
Additionally, because of high-input dimensionality in supervised ML
models, the SHAP results were segmented by predefined feature cat-
egories into two domains: “element” and “synthesis and testing” for
clearer analysis. This segmentation facilitates intuitive inspection and
clearer insights. Alongside this, Friedman’s H statistics were used to
identify high-order, nonlinear correlations within influential features.
Target feature pairs, exhibiting both high importance in SHAP and
elevated second-order H statistics, indicative of notable nonlinear
dependencies, were analyzed. The use of PDPs together with SHAP
dependence plots for these feature pairs allows a comprehensive
understanding of the patterns and relationships that influence model
predictions. Details regarding reproducibility and discussion on phys-
ical chemical rationales can be found in Supplementary Note 4.

Active learning-guided experimental exploration

Building upon the insights gained from our data mining stage, an it-
erative experimental optimization process guided by active learning
was implemented. The DASH loop was developed to synthesize Ru-
based multimetallic oxides with up to four metal elements, using an
iterative active learning cycle driven by ML committees for predict-
ing activity. For each iteration, the two ML committees, trained on
the current datasets (high-quality and full datasets, with supplement
from each iteration), estimate the expected values and uncertainties
for unexplored points within the exploration space, as indicated in
table S3, derived from earlier domain-knowledge data mining. The
robustness and fairness of these estimations are ensured through a
weighted and averaged approach based on the R value of each model
in the committee from the test set, consistent with methods used in
prior data-mining modules. The experimentally validated samples
were further characterized, providing critical input for the subse-
quent domain adaptation-enhanced DFT simulations. For inferior
models with R* values lower than 0, its corresponding weight coeffi-
cient would be set to 0 to nullify its contribution in the committee
decision. In the first iteration, the two ML committees based on high-
quality and full datasets for activity in previous supervised data-
mining modules are directly applied for a batch parameter suggestion
GA search. Similarly, after the first iteration’s experimental observa-
tions, the corresponding data point records would be supplemented
with the existing datasets for the next iteration.

The GA search identifies a batch of preferred observation points
within the exploration space. Parameters determined during the GA
search include types of metal elements, corresponding precursor
proportions, and hydrothermal conditions, as detailed in table S3. A
balanced batch query strategy accounts for both the expected R*
weighted low average (overpotential) and high variance values in
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predictions (prediction discrepancies among committee members).
The GA search is conducted at random, generating a batch of sug-
gestions and maintaining a 1:1 ratio between suggestions with lower
weighted averages and those with higher variances. Furthermore,
the pyrolysis temperature settings alternate between 400° and 500°C,
also in a 1:1 ratio. The ML committee alternates between models
based on the full dataset and high-quality—only dataset, in a 1:1 ra-
tio, leading to 2 X 2 X 2 = 8 types of parameter suggestions for each
batch for experimental synthesis and validation, all in equal propor-
tion to minimize bias. This method incorporates diversity in batch
candidate generation, in line with the community consensus regard-
ing the integration of various decision-making systems and expert
systems within the active learning framework, as supported by re-
cent studies (108, 109). The hyperparameters for the GA search are
set to a population number of 3000, a maximum of 50 iterations,
and a variation probability of 0.01. Each parameter suggestion type
is repeated eight times, resulting in a batch of 64 suggestions for
experiments. Following the synthesis of the recommended formula-
tions indicated by the 13-dimensional vector from the GA search,
the corresponding experimental synthesis and sample evaluations
are undertaken. These observations are then digitized and incorpo-
rated into the dataset to inform updates. Subsequently, the next it-
eration of the ML committee is trained on this enriched dataset to
commence the next round.

Domain adaptation-assisted DFT theoretical simulation
Domain adaptation was applied in the DFT section to align the
predictive capabilities of machine-learning models between two
datasets: Dataset S, which includes transition metals commonly
used as dopants, and Dataset T, which encompasses a wider array
of rare earth elements. To begin, separate ML committees, Com-
mittee S and Committee T, were formed and trained rigorously on
their respective datasets to achieve robust predictive accuracy for
each specific domain. Training included a variety of deep-learning
architectures such as bidirectional long short-term memory, gated
recurrent unit, convolutional neural networks (CNNs), and temporal
convolutional networks, which underwent systematic, 10-fold cross-
validation to ensure model robustness.

Domain adaptation was carried out by fine-tuning the best-
performing models from Committee S using Dataset T, adapting
their learned features to the unique characteristics of the rare ele-
ments in Dataset T. Fine-tuning was carefully managed to limit the
number of training epochs and used a protocol starting from the
pretrained weights and biases of Committee S to minimize the risk of
catastrophic forgetting. During this adaptation, simpler models that
showed poor performance or instability, namely, the simple recur-
rent neural network (RNN) and one-layer CNN, were omitted from
Committee S-T to ensure the reliability and stability of the adapted
models. In the preprocessing stages, advanced normalization tech-
niques were used to standardize input and output data. Different
scaling techniques, including MinMaxScaler and RobustScaler, were
applied to various parts of the data to maintain realistic conditions
and variability in training. The performance of the adapted models
in Committee S-T was then evaluated to confirm their improved
predictive accuracy on Dataset T.

Following the establishment of Committee S-T, GA was again
used as in the final step of the DASH loop to determine the doping
configuration, specifically the position of dopant atoms leading to
the lowest slab energy. This process was iterated 25 times to generate
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a batch of calculation results. The weighted (by R?) average and vari-
ance of the committee members’ predictions in Committee S-T
were evaluated. The optimal structure was selected on the basis of
the optimistic estimation strategy (110), specifically choosing the
point in the repeated results that has the most negative value of
committee expectation (y-axis value) * [1 4+ uncertainty percentage
(x-axis value)].

Refined simulations were then performed on screened slabs to
assess the theoretical OER activity and stability of the samples. DFT
calculations assessed the slab energies and adsorption properties of
OER intermediates [O, OH, and OOH for AEM; for LOM two con-
figurations of OOH were considered; (86)] on doped RuO, surfaces
under various surface-coverage scenarios based on a standard ad-
sorption evolution mechanism. The assessment of stability involved
calculations of Gibbs free energy changes for water adsorption on
the surfaces (AG*HZO), the dissolution potentials of surface Ru (Ug;ss),
and the formation energies of O vacancies (AGyo). These calcu-
lations were conducted both in vacuum and implicit solvent field.
Additionally, free energy barriers for RuO, species leaching (A Gpjss-ru04)
were evaluated under LOM conditions. For explicit solvent field, the
oxide slabs were further expanded with 100 HO molecules placed
on the surface. AIMD was run for 2 ps for the relaxation of surface
explicit H,O layer. OER reaction pathway simulations under clean
surface scenario (no coverage) were then conducted with both oxide
slab and relaxed surface water layer fixed. Explicit solvation effects
on AGpiss-ruos Were further investigated using a 200-fs equilibrium
sequence to extract distributions of the energies. Secondary repro-
ducibility details are provided in Supplementary Note 6.
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