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Ruthenium oxides (RuO,) are promising alternatives to iridium catalysts
for the oxygen-evolution reaction in proton-exchange membrane water
electrolysis but lack stability in acid. Alloying with other elements can
improve stability and performance but enlarges the search space. Material
acceleration platforms combining high-throughput experiments with
machine learning can accelerate catalyst discovery, yet predicting and
co-optimizing synthesizability, activity and stability remain challenging.
A predictive featurization workflow that links a hypothesized catalyst to
itsactual single- or mixed-phase synthesis and acidic oxygen-evolution
reaction properties has notbeenreported. Here we report a hierarchical
workflow, termed mixed acceleration, integrating theoretical and
experimental descriptors to predict synthesis, activity and stability. Guided
by mixed acceleration through 379 experiments, we identified seven
ruthenium-based oxides surpassing the Pareto frontier of activity and
stability. The most balanced composition, Ruy sZr,;7Zn, ,0,, achieved an
overpotential of 194 mV at 10 mA cm > with a ruthenium dissolution rate 12
times lower than that of RuO,.

Hydrogen is a widely used energy carrier for chemical and industrial
feedstocks and for heat and power generation, with global annual
demand exceeding 97 Mt (ref. 1). Currently, 99% of global hydrogen
production is through fossil-fuel-intensive steam methane reform-
ing'. The scalable and cost-effective production of low-carbon hydro-
gen will contribute to decarbonizing hard-to-abate heavy industries.
Proton-exchange membrane water electrolysis (PEMWE) is a promising
technology to produce green hydrogen from intermittent renewable
electricity and water’. PEMWE cells operate in an acidic environment,
which limits the selection of oxygen-evolving catalysts to those that
canwithstand these conditions. To date, commercial PEMWE systems

rely on highly stableiridium-based catalysts. Iridium, being one of the
scarcest elements (with an associated high cost, exceeding US$150 g7)?,
may impose limits on large-scale deployment*.

RuOQ, is a promising alternative, with lower cost and high activity
for the oxygen-evolution reaction (OER, the limiting half-reaction in
water electrolysis); however, to date, its stability has been poorinacidic
conditions. Acommonly used approach to stabilize ruthenium-based
catalystsis through the formation of multimetal oxides>®. The design
space of ruthenium-based multimetal oxides is vast and grows com-
binatorially with the number of elements. For example, there are over
2 billion unique combinations of inorganic quaternary compounds
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with feasible stoichiometries’. Both machine learning (ML) and
high-throughput (HT) experimentation can be used to accelerate the
exploration of inorganic chemical space®. However, predicting stable
OER catalysts remains challenging due to the lack of suitable descrip-
tors for assessing material stability in OER conditions’ 2. Even when
promising OER stable catalysts are predicted computationally, experi-
mental validationis challenging, costly and time consuming—with no
guarantee that candidates can even be synthesized in their predicted
forms because many synthesis pathways resultin mixed-phase, rather
thansingle-phase, materials' ™. There are no reports of ajoint experi-
mental-computational featurization workflow that can link synthesiz-
ability, activity and stability of single- or mixed-phase catalysts for
acidic OERs.

To explore mixed-metal oxide space more effectively, address chal-
lenges in materials descriptions, and bridge the gap between predicted
candidates and experimental synthesis'®", we developed a hierarchical
multimodel workflow termed mixed acceleration (MA). MAintegrates
hierarchical modelling, transfer learning and intermediate experimen-
tal characterization to enable accurate prediction of complex proper-
tiesand toincorporate multiphase materials into ML-guided discovery.
This workflow includes three ML models: one for determining the
success of materials synthesis, one for assessing the OER activity of
materials, and afinalmodel that combines experiment-derived descrip-
tors—such as structure, composition and OER activity—with presyn-
thesis descriptorsto predict catalyst OER stability in acidic conditions
(see Supplementary Discussion for details). To obtain experimental
descriptorsefficiently for accurate OER stability predictions, we use HT
experimentsthatreduce thetimetoacquire the structure, composition
and OER activity to about 10 min per material. Thisis significantly faster
than traditional OER stability tests, which take hundreds of hoursfora
single material. While predictions cannot fully replace experimental
stability testing, they help avoid time-consuming tests on unpromising
materials, saving time. Another advantage of MAiis its applicability to
bothsingle-phase and multiphase materials, addressing abottleneck
in artificial intelligence (Al)-driven catalysis research'®. Using MA,
we identified seven ruthenium-based oxides that extend beyond the
established Pareto frontier of OER activity and stability. Among them,
Ru,sZry,Zn, 40, achieved an overpotential of 194 mV at10 mA cm2and
exhibited arutheniumdissolution rate under acidic OER conditions 12
times lower than that of RuO,.

Results

Overview of the MA workflow

The MAworkflow levers ML, combined with HT experiments, to gener-
ateadditional postsynthesis descriptors, the goal being to predict OER
stability inacidic media. This workflow includes modular HT platforms
(see Supplementary Methods for details) for synthesis, characteriza-
tion and electrocatalytic performance testing”, along with three ML
models. The ML models are designed to predict: the synthesis outcome
of asol-gel reaction; whether the material exhibits high OER activity
(thatis, with an overpotential at 10 mA/cm?below 220 mV); and the
OER stability of the material, measured as the ruthenium dissolution
of catalyst under chronopotentiometry measurements at a current
density of 10 mA cm2over 2 h.

The MA process explores ternary and quaternary metal oxides as
electrocatalysts for stable acidic OERs. First, the sol-gel model elimi-
nates combinations unlikely to form gels. From the gel-forming candi-
dates, the OER activity model selects those with potential high activity.
These materials undergo HT synthesis and characterization (X-ray
diffraction (XRD), X-ray fluorescence (XRF) and OER activity testing).
Experimental results, combined with presynthesis descriptors, such
aselemental features, are then used to predict OER stability. The most
promising candidates are then validated experimentally (Fig. 1a,b).

Five rounds of experiments (Fig. 1c) were executed to test the effec-
tiveness of the MA approachinidentifying ruthenium-based catalysts

with high stability from a chemical space spanning ruthenium and 42
otherelements, with a particular emphasis on covering elements with
lowtoxicity and radioactivity. Intotal, 379 experiments were conducted
in five sequential rounds of 100, 50, 50, 50, 100 experiments with an
additional 29 experiments conducted for reproducibility evaluation.
To create an initial dataset, the first iteration (I1) focused on ternary
systems of Ru-0 and one other element, aiming to maximize elemen-
tal coverage through ternary combinations. The second iteration (12)
explored quaternary compositions that were randomly selected from
the target chemical space (47,000 possible composition combinations;
see Supplementary Discussion for details). It served as the baseline
to compare to subsequent ML-guided iterations. The third iteration
(I13) was guided by expert intuition based on the experimental results
obtained in the first two rounds to select materials. The fourth itera-
tion (I4) was based on a gelation model and an OER activity model to
select catalysts that are predicted to be both synthesizable (via the
sol-gel process) and highly active. Finally, the fifth iteration (I5) was
fully guided by the MA framework to identify stable catalysts within this
subset. The results from previousiterations were assumed known and
used as training data for [4 and I5. Although we present the MA-guided
experimentasl5, theintended workflowis toinitialize with an existing
datasetand directly apply the MA framework for candidate selection.
Iterations 1-4 were included to benchmark the MA strategy against
otherdiscovery approaches, and are not required steps forimplement-
ing the proposed MA workflow.

Materials synthesis via sol-gel reaction

Sol-gelisthe chosen catalyst synthesis method in this study toaccom-
modate a wide range of elements and compounds, simultaneously
allowing precise control over chemical composition and producing
highly homogeneous materials***. However, not all sol-gel reactions
successfully form gels, as outcomes depend heavily on the reactants
used. Toidentify precursor combinations that could lead to successful
gelation, we applied ML methods, utilizing gradient-boosting trees
implemented in the XGBoost library. To extract chemical informa-
tion from precursors, we explored different descriptor sets based on
elemental properties using the Matminer package®’. We implemented
atransfer learning approach, in which we explored different sets of
elemental embeddings extracted from deep learning models pretrained
onliterature texts or computational data”. Among them, the elemental
representation of the MEGNet model*, a crystal graph neural network
trained on the Materials Project formation energy data, was found to be
the most effective inimproving synthesis prediction accuracy (see Sup-
plementary Discussion for details). The inclusion of these embeddings
increased the model’s F1score from 0.79 to 0.89 (Supplementary Fig. 3).

From atotal of 379 candidates tested, 294 were successfully syn-
thesized using sol-gel methods. Figure 2billustrates that without the
gelation model, ternary oxides (I1) achieved an 80% success rate in
gelation, while quaternary oxides achieved about 60% (12and 13). The
higher successrate for ternary oxidesis attributed to fewer elements,
allowing more controlled synthesis conditions. We thenincorporated
the gelation model to guide the I4 to only select gelable candidates,
which achieved a100% gelation successrate over 50 synthesized mate-
rials, validating the model’s efficacy. Overall, our predictive gelation
model achieved 91% precision across these 379 experimental results
(Supplementary Fig. 2).

Shapley additive explanations (SHAP) values® were used to quan-
tify theimpact of material features and experimental conditions for the
gelationreactionin Fig. 2c. Due to the opaque nature of embeddings,
our SHAP analysis used a ML model without element embeddings to
improve interpretability. In this study, we focused primarily on the
properties related to solvents and precursors in the sol-gel reaction
for SHAP.

Ethanol was the primary reaction solvent, with water occasion-
ally added to dissolve salts containing alkali metals that are insoluble

Nature Catalysis


http://www.nature.com/natcatal

Article

https://doi.org/10.1038/s41929-025-01463-x

a ML model =---- >  HT experiments ——>

9000600000
906000000
000000000

Sol-gel reaction

+
1 00000000
O ‘o'o’e’e

Process

Precursors Synthesized catalyst OER stability
Matminer Structure properties @ .
@ g o,
g N Oo | |
2 Transfer "6" - @ ,O " ) ol
Q learning ‘-'4‘ E ‘E /s )
8 |
Element properties Process Composition properties OFER feature
b Experimental features
Chemical space Gelation space Active OER space covered space Stable OER space
o> N
c 11: initial 12: random 13: human 14: typical ML- 15: mixed
dataset selection intuition guided workflow acceleration

Quaternary

Gelation model
Activity model
Experiment descriptors
Stability model

Fig.1|MA workflow. a, The MA spans the full process of catalyst precursor
selection through synthesis to performance evaluation (OER stability and
activity). Synthesis descriptors are established through gelation prediction
(whichincorporates reaction process parameters and elemental information
from precursors using Matminer and transfer learning). OER reaction descriptors
are developed using a stability model that utilizes compositional information
(coordinating HT experimental results with structure-derived properties from

the Materials Project) and electrochemical features (experimental OER activity
results). b, lllustration of the gradual narrowing of discovered stable OER catalyst
space using MA. The solid arrows indicate parts accelerated by HT experiments,
and the dashed arrows indicate parts accelerated by ML models. ¢, Five iterative
experiments (I1-15) were conducted with different guidelines, where lighter
shading indicates areas not covered in a specificiteration and darker shading
highlights included components.

in ethanol. However, the presence of water was found to negatively
impact gelation success, as shown by negative SHAP values (Fig. 2c).
Thisis probably due to the hydrolysis of metal chlorides in water, lead-
ing to the formation of insoluble precipitates that impede precursor
reactions. Additionally, water alters the solvent’s polarity and proper-
ties, affecting reaction kinetics and potentially disrupting the gelation
process®. In contrast, low water fractions or anhydrous conditions
using propylene oxide and ethanol effectively dissolved and dispersed
precursors, facilitating gel formation.

Electronic structure features of precursors, such asionic charac-
ter, electronegativity and anion electron affinity (EA), were ranked as
the second, third and fourth most impactful features in SHAP analysis,
following the reaction solvent. lonic character showed a positive cor-
relation with gelation rates, probably because higher ionic character
enhancesinteractions with solvents and gel agents such as propylene
oxide, promoting sol-gel formation and stabilizing the gel network?*”.
Conversely, anion EA was negatively correlated with gelation rates. In
thisstudy, only nitrate and chloride salts were used, and the higher EA
value of nitrate compared to chloride suggests that chloride salts are
more effective in facilitating sol-gel reactions than are nitrates*?’,

OER performance in acidic medium

The two primary co-optimization targets for OER electrocatalysts are
activity and stability. Here we used overpotentials at 10 mA cm2as the
metric for catalyst activity. For OER stability, some studies use potential

changes under a certain current density as a proxy***.. Potential is a
complex parameter influenced by multiple factors, such as bubble
effects®. As shown in Supplementary Fig. 7, the lack of correlation
between potential changes and ruthenium dissolution further suggests
that potential fluctuations do not reliably reflect material degradation.
Tobetter evaluate OER stability, Geiger et al. proposed the S-number™,
which uses the amount of dissolved iridium in relation to the evolved
oxygen as an independent metric to estimate lifetimes. In this study,
we conducted 2-h constant-current OER tests at 10 mA cm ™, Similar to
the S-number approach, we used the percentage of ruthenium leaching
duringthese teststo estimate material lifetimes, under the assumption
thatallelectrons participateinthe OER reaction. Dissolution datawere
collected through inductively coupled plasma optical emission spec-
troscopy (ICP-OES) measurements of the electrolytes after the OER.
An XGBoost classification model was trained to predict the OER
activity using the same Matminer descriptor set as in the gelation
model, with an Flaccuracy of 81%. The element embeddings were not
used herebecause they did not contribute to accuracy improvement. As
showninFig.3a, the proportion of materials exhibiting overpotentials
higher than220 mV at 10 mA cm2isreduced to12% in the 14 guided by
theactivity model, compared to 32%,100% and 54%inthell, 12and I3,
respectively. The median overpotentials for the first four iterations
were206,400,225and 171 mV, respectively, highlighting theincreased
likelihood of selecting catalysts with higher activity under the guidance
of the OER activity model. Following activity testing, materials with
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Fig. 2| Mixed-metal ruthenium oxide sol-gel synthesis. a, Gelation results for
elementsinvolved in the study (excluding ruthenium). The bar length represents
the gelation success rate for each element (the outermost circle indicates a100%
success rate); the colour indicates the frequency of the element’s occurrence in
the 379 synthesis attempts. Six synthesis attempts with precursors containing
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silver and five attempts with precursors containing platinum were made, but
none were successful. b, Comparison of synthesis outcomes with and without
the gelation model’s guidance: purple bars indicate successful gelation; pink bars
represent gelation failure. ¢, SHAP analysis of the gelation model, with features
ranked by their overall SHAP feature importance from top to bottom.

overpotentials smaller than 250 mV at 10 mA cm™ were selected for
further stability testing, as detailed in the Methods.

After verifying the activity model’s effectiveness in the 14, we
employed the MA strategy in the I5 to search for stable OER catalysts.
Figure 3billustrates that the overall OER stability in the I5 was sig-
nificantly improved compared to results without MA guidance. The
median rutheniumdissolutionrates for thell, 13,14 and I5were 0.72%,
1.74%, 0.79% and 0.34%, respectively. Data from the 12 were excluded
because most syntheses either failed or did not lead to materials with
good OER activity (overpotential >300 mV), resultingin only one valid
data point (Supplementary Table 1). More than 90% of materials from
thel5, guided by the MA strategy, showed ruthenium dissolution rates
below 1% (Fig. 3c). These results provide experimental evidence that
the MA approach s effective.

It is sometimes held that there may exist a trade-off between
catalytic overpotential and stability: that is, that highly active cata-
lysts tend to have lower stability in acidic OER conditions***. Such
a trade-off would manifest as a Pareto frontier in the multiobjective
optimization of active and stable catalysts, as shown in Fig. 3c. Nota-
bly, the MA-guided experiments in the fifth round were able to push
theboundaries of the Pareto frontier (dashed line) formed by the first
four rounds of experiments. Seven materials exceeded the Pareto
frontier, namely, RuysZr,,Zn,,0,, RugsZn,,Nij;0,, Rug¢Zny;Cuy,0,,
Ru.6Z161ZN030;, RugsMgo1Zn0,,0,, Rug sFeq;Nig;0, and Rug;Csq,Rbo;
0,, ranked here by their ruthenium dissolution rates from low to high
(Supplementary Fig. 8). Notably, zincappeared in five of the materials
with the lowest rutheniumdissolution rates, while zirconium and nickel
featured twice. Of particular interest, Ruy sZr,,Zn, ,0, demonstrated
aruthenium dissolution rate 12 times lower than that of RuO, under
acidic OER conditions.

Figure 3d,e summarizes the distribution of OER activity and sta-
bility across different dopants. Elements such as iron, cobalt, copper
and nickel improve OER activity, consistent with previous findings
attributing enhancements to favourable electronic interactions with
ruthenium®>***%_Alkalimetals (lithium, sodium, rubidium) frequently

appear in high-activity compositions, and quaternary systems incor-
porating alkali metals generally outperformtheir ternary counterparts
(Supplementary Fig.16)%. However, these alkali-metal-containing cata-
lysts exhibit poorer stability (Fig. 3e), probably due to their tendency
to facilitate overoxidation of ruthenium during catalyst restructuring.

In contrast, dopants such as zirconium, zinc and hafnium corre-
late with reduced ruthenium dissolution, suggesting their potential
in stabilizing ruthenium-based catalysts®. To examine dopant roles
further, we conducted ICP-OES analyses on additional transition and
alkali metals from initial stability screening (Supplementary Fig. 21).
Most non-ruthenium elements showed over 10% dissolution after 2 h,
indicating that they are unlikely primary active sites. Instead, they
appear to modulate ruthenium’s local environment, influencing its
restructuring and subsequent stability.

Wethenstudiedingreater depth seven catalysts beyond the Pareto
front, along with the most active catalyst from the initial screening
(Rugy sRby,Niy;0,), and performed extended 20-h chronopotentio-
metric tests at 10 mA cm, Electrolytes collected at 0,2,5and 20 h
(with the 0-h sample taken after initial cyclic voltammetry cycling,
1.0-1.2 V versus RHE (reversible hydrogen electrode)) were analysed
by ICP-OES (Supplementary Figs. 22-29). All eight catalysts showed
stable potentials throughout the tests. The majority of metal dissolu-
tionoccurred withinthefirst 2 h, indicating early-stage catalyst recon-
struction. Zinc, rubidium, copper and magnesium exhibited initial
dissolution of >20%, while the dissolution of nickel and iron was ~10%.
Incontrast, ruthenium and zirconium were stable with <1% dissolution.
Notably, zirconium-containing catalysts showed significantly less and
slower zinc dissolution (~20%) compared with their zirconium-free
counterparts (~50%), highlighting zirconium’s role in stabilizing the
catalyst structure.

X-ray photoelectron spectroscopy analysis (Supplemen-
tary Figs. 31-38 and Supplementary Table 2) showed that the seven
Pareto-front-surpassing catalystsinitially exhibited lower ruthenium
oxidation states than the highly active Ru, ;Rb,,Ni,;0,, consistent
withtheir enhanced stability underacidic OER. After 20 h of operation,
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Fig. 3| OER performance evaluation. a, Distribution of overpotential () data
across experimental iterations: without the OER activity model (11,12 and 13)
and with the OER activity model (14). b, Distribution of ruthenium dissolution
data across experimental iterations: without the OER stability model (11,13 and
14) and with the MA (15). In a,b the solid black boxes represent the interquartile
range (IQR, 25-75%), the black whiskers denote the range within 1.5 x IQR and
the white dots indicate the median. ¢, Plot of overpotential versus ruthenium
dissolution for catalysts (blue, I1-14; red, I5; yellow, reported ruthenium-based
catalysts). The dashed line represents the Pareto frontier formed by the first
four rounds of experimental results and includes results of the most efficient
previously reported ruthenium-based OER catalystsin acidic media: 1, IrRuO,
(ref. 40);2, ZnRuO, (ref. 39); 3, CoRuO, (ref. 46); 4, MnRuO, (ref. 47); 5, CrRuO,

Ru Rb Cs Fe Co Cu N| Ir Zr Zn Mo Na L| Ga K Cr Bi Nb Sn Hf

(ref. 48). The reported compositions were synthesized using the sol-gel
method and measured under the same high-throughput OER measurement
conditions. d,e, Overpotential at 10 mA cm™(d) and ruthenium dissolution of
the oxides (e) varies by element type. Elements ind,e are arranged from left to
right based on the frequency of occurrence in catalysts with valid data. In these
violin plots, the horizontal lines within each violin represent the minimum,
median and maximum values, and the width of the shaded area indicates the
distribution density of data points. All OER measurements in this study were
performedin 0.5 MH,SO, electrolyte. Inb,c,e ruthenium dissolution values
represent the amount of ruthenium detected in the electrolyte after 2 h of
chronopotentiometry at 10 mA cm, determined by quantifying the dissolved
ruthenium concentrationin the collected electrolyte.

six of the more-stable catalysts showed minimal or increased Ru*'
content, indicating reconstruction toward a more active Ru*' state
while retaining sufficient Ru*" to preserve structural stability*>*.
Zirconium-containing samples showed <3% shift in ruthenium oxida-
tionstate, while zirconium-free samples exceeded 10%, suggesting zir-
conium moderatesrestructuring. In contrast, Ru, sRb, ,Ni, ;0, showed
asignificant decrease in Ru*', probably reflecting further oxidation of
rutheniumto higher-valence states during OER, consistent with its ele-
vated rutheniumdissolution. A similar trend inRu, ,Cs, ,Rb, 0, further
suggests that alkali metals may promote ruthenium destabilization.
Electrochemical impedance spectroscopy (Supplemen-
tary Figs. 39-46) at 0,2, 5and 20 h (1.5V versus RHE) was conducted
to assess changes in active surface area and intrinsic activity. The
double-layer capacitance (C,) and charge-transfer resistance (R.) were
objectively determined using AutoEIS*?, an automated Bayesian infer-
encetool for equivalent circuit selection. C; generally remained stable
orslightly decreased post-activation, indicating that the dissolution of
elements such as copper and nickel did not substantially enhance the
electrochemically active surface area. R, showed mild early increases
before stabilizing, further supporting that major ruthenium recon-
struction occurred during the initial stage of the OER reaction.
These findings appear to indicate that doping ruthenium with
acid-labile elements (such as zinc, nickel and copper) modulates its
electronic structure and local coordination environment in amanner
that suppresses ruthenium overoxidation during catalyst synthesis
and in the ensuing acidic OER operation. This effect is observed even
though these transient dopants are largely leached out during the early
stages of the OER. Incorporating zirconium further reduces the extent

of excess reconstruction, contributing also to stability. In contrast, dop-
ing with alkali metals (for example, rubidium and caesium) promotes
ruthenium overoxidation under OER conditions, whichinitially boosts
catalytic activity but ultimately accelerates catalyst degradation and
reduces durability. Taken together, these observations highlight the
element-specific nature of the dopant effects on catalyst performance
and stability inacidic OERs, underscoring theimportance of judicious
dopant selection in designing robust, durable OER catalysts*.

Mixed acceleration for discovering higher-stability catalysts
for acidic OERs

Testing the OER stability of catalysts is far more challenging than evalu-
ating activity. Stability tests require significantly longer durations and
involve multidimensional analyses, such as monitoring voltage changes
during chronopotentiometry tests and measuring catalyst dissolution
using ICP. Improving the predictive capabilities of OER stability, thereby
minimizing the number of time-consuming experimental stability
tests required, is critical to accelerate the catalyst discovery process.
In our MA approach, we predict OER stability using a combination of
presynthesis and experimental descriptors. Presynthesis descriptors
include the chemical properties of precursors and synthesis conditions.
Experimental descriptors, such as OER overpotential at 10 mA cm,
and XRF and XRD analyses, provide detailed insights into the composi-
tion and structure of synthesized materials. Overpotential serves as a
composite measure for unknown factorsinfluencing OER performance
(additional kinetic descriptors such as Tafel slope were also tested, but
did not further improve model performance; Supplementary Fig. 11).
Based on XRD spectra for our mixed-phase materials, we label crystal
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to describe materials. The output shows an Ry, 0f 0.725 for the actual versus
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10 mA cm™2in 0.5 M H,SO0, electrolyte. The solid line indicates perfect predicted
correlation, and the dashed lines show the 5x and 10x error. The error bar for
predicted ruthenium dissolutionis +g, where gis the sample s.d. obtained from
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tenindependently initialized runs of 20-fold cross-validation. gis representative
of model uncertainty and a range of +1.960 corresponds to a two-sided 95%
confidence interval for anindividual prediction. b, SHAP analysis for the feature
contribution to the stability predictionin MA. c-e, The predicted ruthenium
dissolution versus the Pourbaix decomposition energy weighted by phase
fractions (c), the s.d. of the electronegativity difference between elementsin the
material (d) and the measured overpotential at 10 mA cm™ (e). The colour bar for
c-eindicates the overpotential at 10 mA cm™.

structures and retrieve corresponding Materials Project data, which
includes various density functional theory (DFT)-computed properties
suchasbandgap, valence band maximumand Pourbaix decomposition
energies at different conditions. We then weigh the properties of dif-
ferent structures according to the area of their main peaks in the XRD
spectrum (as a proxy for phase fractions) to describe the mixed phase
(see Supplementary Methods and Supplementary Fig.12 for details). As
such, these experimentally derived descriptorsincorporateinformation
fromboth experimental measurements and DFT calculations. Itisworth
highlighting that our MA strategy does not require the most accurate
quantum-mechanical simulations to generate descriptors that quantita-
tively matchexperiment. Our MA framework shows thateven modestly
accurate DFT results, as long as they capture the experimental trends,
canbesufficient tobuild effective ML models. Thisis because the models
leverage both experimental and computational data and calibrate the
DFTinputsto experimental reality, hence enabling the directintegration
of DFT datasets that are widely available in public repositories.

The Pearson correlation coefficient (Rpe,rson) Was used to evaluate
the OER stability model performance, and the mean absolute percent-
ageerrorserved asareference for theaccuracy of the predicted values
compared withactual values. Withthe MA strategy, the model achieved
an Rpq,rson Value of 0.725 and amean absolute percentage error of 65.3%.
Additionally, the maximum relative prediction uncertainty for each
material was below 14%, much lower than 64% for the model only with
presynthesis information (Supplementary Fig. 10). Notably, the MA
strategy eliminated all predictions with more than 10-fold errors and
reduced 60% of predictions with 5- to 10-fold errors compared with the
presynthesis-only model, demonstrating a significantimprovementin
accuracy by incorporating experimental descriptors.

SHAP analysis was used to evaluate feature contribution to OER
stability for the model that was used in MA (Fig. 4b). Pourbaix energy,
derived from experimentally obtained descriptors, ranked as the most
important feature and showed a positive correlation with ruthenium
dissolution. This feature, which cannot be accurately captured with-
out experimental input for composition, underscores the critical
role of experimental descriptors in OER stability predictions. Pour-
baix decomposition energy measures the thermodynamic stability
of a material in aqueous environments and represents the energy
change associated with the decomposition of acompoundinto stable
species under specific electrochemical conditions**. A correlation
analysis across all studied materials (Supplementary Fig. 49) revealed
that zirconium content is most negatively correlated with Pourbaix
decomposition energy: that is, zirconium enhances thermodynamic
stability under electrochemical conditions and thereby improves
overall materials stability. This finding is consistent with the trends
discussed earlier. As shown in Fig. 4c, the lower limit of ruthenium
dissolution increases with rising Pourbaix decomposition energy,
consistent with the fact that lower Pourbaix decomposition energy
is beneficial for minimizing ruthenium dissolution during the OER.
Electronegativity (Fig. 4d) and ionic character emerged as the sec-
ond and third most important chemical features, and also showed
a positive correlation with ruthenium dissolution, consistent with
previous findings'®. In contrast to these top three features, which
were positively correlated with ruthenium dissolution, the experi-
mental descriptor overpotential exhibited an inverse relationship.
As illustrated in Fig. 4e, the lower limit of ruthenium dissolution
decreases as overpotential decreases, aligning with our experimental
observationsinFig. 3c.
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Therefore, by conducting rapid OER activity tests and combining
the results with Pourbaix energy, electronegativity and ionic character
information, we can accurately predict OER stability before conduct-
ing time-consuming stability tests. This approach avoids spending
hundreds or thousands of hours on low-success materials, thereby
accelerating material discovery.

Conclusion

We developed an MA workflow that integrates hierarchical models with
experimental descriptors to predict the OER activity and the stability
of catalysts under acidic conditions. MA-guided experiments pushed
the Pareto frontier of OER activity and stability beyond other strategies
exploredinthisresearch, identifying seven standout ruthenium-based
catalysts. Ruy sZry,Zn, ,0,, an iridium-free catalyst, demonstrated a
ruthenium dissolution rate of 0.046%, comparable to 0.039% for
Ru0.;lr,0,, underscoring the potential of zirconium and zinc as effec-
tive alternatives to iridium for stabilizing catalysts. Additionally, Ru,,
oIro.Na,,0, achieved an overpotential of 128 mV at 10 mA cm™, while
Ru,sRbg,Ni, ;0,, anotheriridium-free catalyst, exhibited 140 mV. Most
of these dopants do not serve as primary OER active sites; instead,
they influence catalyst performance by modulating ruthenium oxida-
tion states during synthesis and steering ruthenium reconstruction
during operation. Elucidating these dopant-mediated restructuring
pathways will help assist in the design of stable and active catalysts
foracidic OERs.

The present research addresses the complex challenge of acidic
OER stability by breaking it into three manageable steps using hierar-
chicalmodels: materials synthesis, OER activity, and OER stability. We
use experimental descriptors thatenable athree-orders-of-magnitude
acceleration over traditional stability measurements that further
enhance material representation accuracy and improve prediction
reliability. The approach is not limited to ruthenium-based materials
and could be used for finding non-noble metal catalysts for acidic
OERs. In future work, these descriptors can be seamlessly integrated
into autonomous, self-driving laboratories to further accelerate the
workflow and enable full Al-agent guided experimentation. This MA
approach bridges the gap between theoretical material representa-
tions and practical OER stability, enabling more precise and efficient
predictions of oxygen-evolving catalysts.

Methods

Sol-gel reaction synthesis

All precursors were dissolved in ethanol at a concentration of
0.675 mol I\, For precursors insoluble in ethanol, water was used
to maintain the same concentration. Using a Chemspeed Swing
system, different precursors were accurately dispensed into 15-ml
round-bottom centrifuge tubes, with a total volume of 1 ml per tube.
The solution was shaken for 10 min to ensure thorough mixing of the
precursors. Then, 0.5 ml of propylene oxide was added to the mixture,
followed by an additional 5 min of shaking and 1 day of standing to
promote gel formation.

For the gelled samples, 5 ml of acetone was added to each cen-
trifuge tube, the mixture was centrifuged and the supernatant was
discarded. This acetone washing process was repeated three times.
Subsequently, 5 ml of water was added, followed by centrifugation
and removal of the supernatant. The supernatant-removal steps were
manually performed, while all other steps were automated using the
Chemspeed system. After centrifugation, the powder was obtained
by drying the gelinavacuum oven for1day and annealingit at 400 °C
for 2 hto produce crystalline samples. Finally, a high-throughput ball
miller (MSK-SFM-50, MTI) was used to produce fine powders. This
semiautomated synthesis process handled 50 samples per batch. To
evaluate scalability, we scaled up the synthesis of Ru,sZr,,Zn, ,0, by
5x and observed comparable yield; the overpotential at 10 mA cm™
differed by only 5.9 mV, which can be considered within the range of

experimental error, demonstrating the robustness of the synthesis
approach for larger-scale production (Supplementary Fig. 47).

Materials characterization

XRD measurements were conducted using a Bruker D8 diffractom-
eter with a copper Ka source. XRF analysis was performed with
aFischerscope XRF-XDAL 237 SDD. A custom mould allowed us to
consistently drop-cast 60 different samples on a 3-inch silicon wafer
(Supplementary Fig. 5). Combined with the characterization equip-
ment’s controllable moving sample stage, this set-up enabled auto-
matic testing of 60 samples per batch for both XRF and XRD (see
Supplementary Methods for details). Transmission electron micros-
copy (TEM) and high-resolution TEM were performed usingJEM-2100F
and JEM-F200 (JEOL) microscopes, respectively, at an acceleration
voltage of 200 kV. The TEM samples were placed on carbon films on
200-mesh gold grids. The dissolution rate of the catalysts was analysed
using the iCAP PRO XP ICP-OES system. For ICP analysis, samples were
prepared by extracting a 3-ml volume of electrolyte from the electro-
chemical cell. Calibration standards for ruthenium elemental analysis
were prepared at concentrations of 0.1,1and 50 ppm.

Electrocatalytic measurement

Allelectrocatalytic experiments were conducted using an automated
OER testing platform (Supplementary Fig. 6)'%, which integrates a
liquid-handling robot (Opentrons OT-2), a potentiostat (Biologic
VSP-3e), custom-designed array reactors and a modular electrode
holder. The OT-2 was chosen for its ease of use and Python APl inte-
gration, enabling programmable and reproducible ink deposition.
The array reactors were CNC-milled from polyether ether ketone for
enhanced chemical resistance. Catalystink preparation and electrode
fabrication were carried out as follows: 5 mg of catalyst powder was
dispersedin 250 pl of amixed solvent (water:ethanol, 4:1v/v) contain-
ing 5 wt% Nafion asabinder. The ink was drop-cast onto carbon paper
substrates (AvCarb MGL190, Fuel Cell Store) and dried in a furnace at
70 °Cfor2 htoensuregood adhesion and solvent removal. All electro-
chemicaltests were performedin athree-electrode configuration using
aBiologic VSP-3e potentiostat. The electrolyte was 0.5 M H,SO, (ACS
grade), prepared with ultrapure water (18.2 MQ-cm). A platinum wire
was used as the counter-electrode, and an Ag/AgCl (3 MKCI) electrode
served as the reference. All potentials were converted to the RHE scale
using the following equation:

Expie = Eagiagal + 0.210V + 0.059 x pH o)

Linear sweep voltammetry was then conducted from1Vto1.65V
versus RHE atascanrate of 5 mV s to prepare polarization curves. The
overpotential at 10 mA cm™is used to determine the OER activity of
the samples. Finally, chronopotentiometry holds the current density
at10 mA cm™for 2 hto evaluate short-term stability. Electrolyte sam-
plesare subsequently collected for ICP-OES measurement. Details are
showninthe Supplementary Methods.

ML methods

First, we explored several descriptor-based ML methods, including
Gaussian processes, random forest and boosting trees. We found the
gradient-boosting algorithm as implemented in the XGBoost* pack-
agetobe the most accurate one and therefore used it throughout the
work. The hyperparameter tuning was performed using the nested
cross-validation method. For the classification and regression models,
we used five parallel trees each with 200 boosting rounds, a learning
rate of 0.2, aregularization strength of 0.5 for both L1and L2 regulari-
zation (see Supplementary Fig. 48 for justification), and a subsample
ratio of feature columns of 0.5 for each tree and for each depth level.
For classification models, we set the sample weights to be inversely
proportional to the numbers of class instances.
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We used the Matminer package to generate compositional descrip-
tors from precursor information. We used statistics (maximum,
minimum, range and s.d.) of the elemental attributes (for example,
oxidation states, ion properties, electron affinity, electronegativity)
to describe each precursor combination. For the gelation model, we
additionally considered the element embeddings from the MEGNet
modeltrained on Materials Project formation energy data. We treated
these embeddings in a way similar to elemental attributes to create
additional descriptors.

To create experimentally informed descriptors for each sam-
ple, we retrieved from Materials Project the DFT-calculated Pour-
baix decomposition energies for the phases identified through HT
XRD characterization. For each multiphase sample, we calculated a
weighted Pourbaix decomposition energy by averaging the Pourbaix
decomposition energies by the corresponding XRD peak areas of the
phases (see Supplementary Fig. 12 for details).

Data availability

The authors declare that all data supporting the findings of this study
are available within the paper and the Supplementary Information
files, or fromthe corresponding authors uponrequest. Data used in ML
models are available from GitHub via https://github.com/kangming-li/
Stable-OER-Catalyst-Discovery-Through-Mixed-Acceleration.

Code availability

The code used in this work is available from GitHub via https://
github.com/kangming-li/Stable-OER-Catalyst-Discovery-Through-
Mixed-Acceleration.
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