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Designing robust and efficient anode materials remains a key challenge in advancing Solid Oxide Electrolysis Cell
(SOEC) technology for sustainable hydrogen production. This study presents a computational framework based
on the Safe and Sustainable by Design (SSbD) concept, integrating density functional theory (DFT) with artificial
intelligence (AI)-driven analysis to accelerate the discovery of Brownmillerite-type oxides for SOEC anodes. A
novel site-specific nomenclature enables systematic screening of 240 doped structures with diverse A-site and B-
site substitutions. Ground-state spin multiplicities are determined, and over 6000 DFT calculations are performed
to extract electronic and surface descriptors. These data are incorporated into an unsupervised machine learning
(ML) pipeline using principal component analysis (PCA) and k-means clustering to reveal structure-property
relationships and classify materials by functional potential. Medoid-based selection identifies representative
candidates from each cluster. Key descriptors — including polar/nonpolar surface areas, electrostatic potential
variance, and internal charge separation — are correlated with performance indicators such as water adsorption,
surface stability, and redox balance under SOEC operating conditions. The framework demonstrates a scalable,
Al-augmented SSbD approach for materials discovery in electrochemical energy systems and establishes a

rational basis for experimental validation of next-generation SOEC anodes.

1. Introduction

Solid Oxide Fuel Cells (SOFCs) represent one of the most promising
Key Enabling Technologies for a sustainable hydrogen economy [1].
Their dynamic development in recent years has been driven not only by
technological advancements but also by policy initiatives aimed at
accelerating the energy transition, particularly within the European
Union under frameworks such as the European Green Deal and REPo-
werEU plans [2-4]. These high-efficiency devices are capable of sup-
plying both industrial facilities and residential buildings with
low-emission energy, supporting the global shift away from fossil fuels.

A particularly transformative feature of SOFC systems is their
reversibility. When operated in electrolysis mode, they function as Solid
Oxide Electrolysis Cells (SOECs) — also referred to as reversible Solid
Oxide Cells (rSOCs) — enabling a closed-loop energy system based on the
Power-to-Hydrogen-to-Power  (P2H2P) concept [5]. In this

configuration, SOECs convert surplus renewable electricity into
hydrogen through high-temperature steam electrolysis, while SOFCs
recover that stored hydrogen later to generate electricity on demand
(Fig. 1). This bidirectional functionality supports grid balancing and
energy storage and aligns well with decarbonization strategies targeting
renewable integration and hydrogen-based energy carriers [6]. At the
same time, the practical viability of SOECs depends directly on the
resilience of materials to operating conditions: high temperature, high
steam partial pressure, and transient redox states associated with
start-up, shut-down, and load-following [7,8].

SOEC technology offers high electrical efficiency and scalability,
making it suitable for a wide range of applications from megawatt-scale
industrial systems to small-scale residential units [9,10]. However, a key
challenge in deploying SOECs broadly lies in optimizing their compo-
nent materials to meet application-specific performance and durability
requirements. For example, an SOEC continuously operated in an
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industrial setting faces significantly different stressors than one used
intermittently in a household context [11]. These differences have
specific physicochemical origins. Steam-rich and redox environments
promote microstructural reconstruction and the loss of active reaction
sites, may induce volume changes and mechanical damage, and can
trigger interfacial reactions and secondary phase formation at
electrode-electrolyte boundaries. In parallel, they modify defect chem-
istry, which collectively translates into evolving polarization losses and
faradaic efficiency over time [7,12].

Fundamentally, SOECs consist of a solid oxide electrolyte, an anode,
a cathode, and interconnects. In electrolysis mode, steam is reduced at
the cathode to produce hydrogen, while in fuel cell mode, hydrogen is
oxidized at the anode to generate electricity [13]. Among candidate
materials, perovskite-derived structures particularly
Brownmillerite-type oxides — have emerged as leading contenders for
anode components due to their favorable electronic conductivity, redox
stability, and structural flexibility [14]. In materials with ordered oxy-
gen vacancies (such as brownmillerites), vacancy channels and
compositional tunability provide a natural design lever to balance
electronic transport, catalytic activity, and redox tolerance, which is
particularly relevant in steam-rich and cycling conditions typical of
SOEC operation [8]. Despite this promise, many of the materials that
could enable efficient hydrogen technologies remain underexplored or
are still in the early stages of development [15,16]. According to the
Materials 2030 Manifesto, such systems fall under the umbrella of
“Innovative Advanced Materials,” and their development benefits
greatly from advanced computational design methodologies [17].

In practice, recent data-driven studies in adjacent SOC-related ma-
terials problems have mostly concentrated on either broad perovskite
property classification or on electrolyte-centric transport targets rather
than on the fuel-electrode-specific multi-objective constraints relevant
to SOEC operation. Representative examples include ML workflows for
predicting ionic conductivity in solid-state electrolytes [18], ML-assisted
modeling of oxygen ionic conductivity across doped ABO3 perovskites
[19], and classification or surrogate prediction tasks for ABO3 crystal
properties and phonon-related descriptors [20,21]. Importantly for
vacancy-ordered perovskite derivatives, neural-network interatomic
potentials combined with molecular dynamics have been used to
investigate oxide-ion transport in Co-doped brownmillerites [22],
demonstrating that advanced ML can provide mechanistic transport
insight when coupled to physics-based simulations. However, these
advances typically address isolated property targets (e.g., ionic con-
ductivity or diffusion-related metrics) and are rarely formulated as
transparent down-selection pipelines that integrate stability, redox
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robustness, defect chemistry, and operating-environment stressors into a
single, interpretable screening logic for SOEC anode materials. This
limitation is particularly relevant because diffusion coefficients and
transport-related descriptors, while important for cell efficiency, are
only one part of the coupled performance-durability landscape govern-
ing SOEC deployment at scale [9,10]. More broadly, the emerging
paradigm of digital materials design explicitly encourages coupling
multiple computational techniques (DFT, molecular dynamics, Monte
Carlo methods, multiscale multiphysics modeling, numerical optimiza-
tion, and ML) into end-to-end in silico workflows [23-25].

In response to this need, we present a proof-of-concept computa-
tional framework for the rational design of novel SOEC anode materials,
integrating density functional theory (DFT) with virtual screening and
unsupervised machine learning techniques (principal component anal-
ysis and k-means clustering). Throughout the manuscript, machine
learning-driven refers to the use of unsupervised learning for data
structuring and down-selection rather than supervised prediction. The
framework is motivated by the Safe and Sustainable by Design (SSbD)
paradigm [26], which emphasizes considering performance together
with safety and sustainability aspects from the earliest stages of inno-
vation. Recent SSbD developments in the EU emphasize a tiered and
iterative approach, in which early screening stages support prioritiza-
tion and reduce experimental workload before later, more comprehen-
sive assessment stages are applied [27,28]. Importantly, this workflow
provides dual value: it enables efficient, interpretable down-selection
from a large compositional space to reduce experimental workload,
while simultaneously supporting early-stage SSbD decision-making by
keeping the screening criteria transparent and traceable for subsequent
sustainability-focused assessment. Through this method, we aim to
support informed decision-making in materials selection and to identify
a subset of high-potential compounds for experimental validation. We
emphasize that this is not a predictive machine learning model and that
comprehensive SSbD evaluation requires additional data and dedicated
methodologies beyond the scope of the present work. In line with the
tiered and iterative nature of SSbD implementation, the workflow is
intended as an early screening step that reduces experimental workload
and helps focus later-stage more comprehensive SSbD assessments. By
leveraging the synergy of quantum chemistry and Al-guided analysis,
this work contributes a scalable tool for accelerating the discovery of
next-generation anode materials for solid oxide electrolysis applications.
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Fig. 1. Schematic representation of a closed-loop energy system utilizing SOEC for hydrogen production and SOFC for energy conversion. The system integrates
renewable energy sources for electrolysis and hydrogen storage for later energy use.
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2. Methods
2.1. Simplified nomenclature for brownmillerites structures

In our work, we propose a new, simplified nomenclature system for
mixed oxides with a Brownmillerite-type structure. Traditional
nomenclature, such as Ca;SrsFe;Co30y, is not easily readable and is
challenging for rapid interpretation in chemoinformatic analyses. The
developed system, e.g., Sr4Ca;_CosFe;, provides a more intuitive rep-
resentation of the composition while retaining key structural informa-
tion about the compound. The Brownmillerite structure is characterized
by the presence of two distinct coordination centers: tetrahedral and
octahedral, also referred to as the A-site and B-site, respectively. Intro-
ducing an underscore (“_”) in our notation explicitly separates elements
occupying these two different sites, allowing for a quick understanding
of their spatial organization. The number of oxygens was skipped. An
example is shown in Fig. 2. General name pattern is presented below:

A5 —10)Ds (i) - B(4—J)D2(j)

A - large cation (A-site), typically 7-coordinated in brownmillerite
(e.g., Ca, La, Sr, Bi)

B — transition metal centers (B-site), subdivided into 6-coordinated
(octahedral) and 4-coordinated (tetrahedral) positions, e.g., Fe, Co, Mn.

D; - dopant in tetrahedral center (calcium position)

D, — dopant in octahedral center (iron position)

i — number of dopant atoms, replaced tetrahedral center atoms

j — number of dopant atoms, replaced octahedral center atoms.

On the other hand, the use of LSM-type nomenclature as an abbre-
viation of Lanthanum Strontium Manganite or La;4SryMnOs [29] is
inadequate in the context of chemoinformatic analyses, as it does not
account for precise atomic ratios or their location in different coordi-
nation centers. This is a significant issue in materials research, where the
distribution of cations affects their physicochemical properties.

As a result of applying custom nomenclature, the original names
were shortened. The original compound names, listed alongside the new
nomenclature, are presented in Supplementary Materials (Table S1).

2.2. Quantum mechanical calculations
Electronic energies of selected molecular structures were calculated
using the density functional theory (DFT) method (Minnesotal5 (MN15)

functional [30]) with the Los Alamos National Laboratory (LANL)
effective core potentials (ECP) with the appropriate valence basis set of
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double zeta quality (denoted LANL2DZ [31,32]) (for Fe, Co, Mn, La, Sr,
and Bi) and the 6-31G basis set (for Ca and O). Consistently, all mo-
lecular descriptors characterizing the studied systems were determined
based on the electron density obtained at the MN15/LANL2DZ/6-31G
level. The calculations were performed using Gaussian16 [33] compu-
tational chemistry software package and MultiWFN [34] multifunc-
tional wavefunction analyzer.

2.3. Selection of a representative molecular fragment for electronic
structure calculations

It is well known that Brownmillerite crystal structure has sheets of
corner-sharing Fe-O octahedra connected to single chains of Fe-O
tetrahedra whereas the calcium ions are surrounded by irregular arrays
composed of seven oxygen ions each. Since quantum chemical electronic
structure calculations for such large systems are impossible to perform,
we had to reduce the size of the Brownmillerite structure. However, we
did so in a manner that the fragments used in the calculations remained
representative and pertained the crucial structural features of the
investigated crystals. Namely, we generated two fragments (labeled M
and S, as shown in Fig. 3).

Our test calculations for selected M and S structures showed that
achieving convergence of the SCF procedure (within the DFT calcula-
tion) using the chosen basis set typically takes between 6 and 15 h of
runtime for M fragments, whereas the analogous time was significantly
shorter (2-5 h) for S fragments. These times represent the elapsed times
for parallel calculations using 24 CPU cores and 280 GB RAM. Consid-
ering that we intended to analyze a large number of systems (due to the
need to account for various dopants), and that the final calculations had
to be preceded by determining the ground state multiplicity for each
system, we decided to select the S fragment. To justify our decision to
significantly reduce the structure of the studied fragment, it is worth
noting here that even for the seemingly smaller S structure, this meant
performing over 6000 DFT calculations.

In addition to the shorter wall time per calculation, the use of the S
fragment was dictated by the feasibility of generating a uniform and
sufficiently large dataset for screening. Moving to a larger M fragment
would not only increase the cost of each DFT job, but would also sub-
stantially expand the number of distinct substitution patterns required
to maintain full coverage of the dopant space, rendering the study
impractical within a reasonable timeframe. Moreover, our exploratory
M-fragment runs revealed serious SCF and geometry convergence dif-
ficulties, which often prevented successful completion and would pre-
clude a systematic, like-for-like comparison between M and S models
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Fig. 2. Graphical explanation of simplified nomenclature for brownmillerites structures (in this case for Ca5Fe4020 structure). Tetrahedral and octahedral centers

are distinguished.
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Fig. 3. Schematic Brownmillerite crystal structure and two fragments (M and
S) selected for calculations.

based on a consistent set of computed properties. Therefore, the S
fragment is adopted as the smallest tractable model that preserves the
local coordination motifs relevant to the A-site and B-site substitutions
studied here, enabling an internally consistent, high-throughput
descriptor-based analysis.

Selecting a portion of the Brownmillerite structure labeled as S
enabled to assess the impact of substituting Fe atoms with Co and/or Mn
atoms, as well as replacing Ca atoms with La, Sr or Bi atoms, on the
system's properties, we opted for. This choice allows us to consider all
possible combinations of dopants. Namely, for the substitution of four
iron atoms with Co and Mn dopants, there are 15 possible combinations.
Similarly, in the case of replacing five Ca atoms in the S structure with
dopants of the same type (La, Sr or Bi), there are 75 possible combina-
tions in these three scenarios. In total, this results in 240 S-type systems,
differing in the content of the mentioned metals. Consequently, it en-
ables the determination of selected physicochemical properties based on
the stoichiometry (molar fractions) indicating the percentage content of
individual components. Since the selection of specific Fe or Ca atoms to
be replaced by Mn and Co dopants or La, Sr and Bi dopants, respectively,
was arbitrary, our strategy involved choosing atom locations where
substitution with a dopant would result in the highest possible symmetry
point group.

It is important to emphasize that the formulas presented in this study
do not correspond to crystallographic unit cells, but rather to molecular
fragments extracted from the brownmillerite structure and used in our
quantum chemical calculations. These stoichiometries reflect the atomic
content of the selected finite models and were chosen to preserve key
coordination motifs and electronic characteristics of the parent
materials.

The present computational protocol employs finite molecular frag-
ments treated with DFT method to enable high throughput exploration
of a large dopant space and to extract consistent local electronic and
bonding descriptors across all compositions. As a consequence, the
model is not designed to reproduce key bulk, extended, or transport
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properties of brownmillerite oxides that are critical for SOEC anode
performance. In particular, oxygen vacancy formation energies and
equilibrium non-stoichiometry, oxygen vacancy migration barriers (and
thus ionic transport), and the electronic band structure (including band
dispersion, carrier effective masses, and long-range carrier transport)
are outside the scope of this fragment representation. Additionally, long-
range periodic electrostatics, collective lattice relaxations, and correla-
tion effects that may require periodic approaches are not explicitly
addressed here. Therefore, the descriptors and the PCA plus clustering
results should be interpreted as a comparative screening and prioriti-
zation within a fixed modeling protocol, intended to identify chemically
diverse, promising candidates for subsequent SOEC level validation
using periodic calculations (including vacancy energetics and migra-
tion) and, ultimately, experimental testing.

2.4. Combined PCA and k-means approach

Using molecular descriptors derived from the quantum mechanical
calculations conducted previously, we performed virtual screening using
Principal Component Analysis (PCA) [35] combined with k-means
clustering algorithm [36] to determine similarities between compounds
and select representative ones for further experimental evaluation. PCA
was used for dimensionality reduction by transforming the original
descriptor set into a smaller number of orthogonal principal components
while preserving the dominant variance in the dataset. During the PCA
analysis, the number of retained principal components was selected
using Cattell's scree test based on the scree plot. Descriptors were
considered relevant for interpretation based on their factor loadings.
Variables with an absolute loading value equal to or greater than 0.7
were treated as significant contributors to a given principal component.
In parallel, based on the same descriptor set, the k-means clustering was
performed. K-means clustering was performed on the same descriptor
set and optimized using the standard inertia objective, defined as the
within-cluster sum of squared Euclidean distances to the cluster cen-
troids (squared Euclidean metric). The optimal number of clusters was
selected using the elbow method applied to the inertia curve. Each
cluster was assigned a distinct color for visualization compounds on the
PCA-derived map were color-coded according to the k-means assign-
ments. All calculations were performed in custom Python script.

2.5. Cluster composition analysis

The composition of individual clusters obtained through k-means
analysis was examined using histograms, which depict the distribution
of specific atoms within the clusters. The data was binned and visualized
to capture trends in atomic compositions of the clustered compounds.
For each cluster a set of histograms was prepared. On the left side, the
distribution of individual elements occupying tetrahedral positions is
presented, while on the right side, the elements located in octahedral
centers are shown. This representation allows for the assessment of
elemental variability within each cluster and the identification of pat-
terns and similarities among the compounds.

2.6. Selection of representatives of clusters

Finally, using the medoid method [37], we selected the most
representative samples for each cluster were chosen. This method was
chosen because, unlike the centroid method, the representative point is
an actual data point rather than a theoretical point that does not
correspond to any actual data point in real existing data. The selection of
the medoid is based on minimizing the sum of distances to all other
points within the cluster.
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3. Results and discussion
3.1. Determining ground state spin multiplicities

Each of the 240 compounds considered is an open-shell system,
capable of being represented by electronic states of different multiplic-
ities (2S + 1). Since it is not possible to determine the optimal multi-
plicity a priori (i.e., the one that minimizes the system's total energy), it
was necessary to calculate the electronic energy for a range of 2S + 1
values in all cases (odd 2S + 1 values ranging from 1 to 39 for systems
with an even number of electrons, and even 2S + 1 values from 2 to 40
for systems with an odd number of electrons) and identify the preferred
multiplicity for each specific case. By proceeding in this manner for each
system (requiring the calculation of electronic energy for a total of 4800
electronic states), we determined the multiplicity of the ground elec-
tronic state for each of the 240 compounds. Further calculations (espe-
cially molecular descriptor calculations) were performed only for the
ground electronic states. An exemplary dependence of electronic energy
on multiplicity for one of the systems is illustrated in Fig. 4.

As indicated by our calculations, the lowest energy electronic states
typically corresponded to relatively high values of spin multiplicity.
Specifically, multiplicities in the range of 25-28 were the most repre-
sented (69 cases out of 240), whereas low values of 2S + 1 (i.e., in the
range of 1-4) corresponded to the lowest energy states in only 5 cases
(again, out of 240). At the same time, we would like to emphasize that
no far-reaching conclusions should be drawn from these findings, as in
systems with such highly complex electronic structures (due to the
presence of many heavy atoms), it is impossible to determine the in-
fluence of all factors on which state corresponds to the lowest energy
state in a given system. Therefore, the sole outcome of the calculations
described in this section was the determination of the spin multiplicity
corresponding to the ground electronic states of all 240 molecular
fragments considered (see Supplementary Materials, Table S1).

3.2. Descriptors development and data analysis

Using the developed quantum-chemistry-based workflow, we
computed over 6000 DFT calculations to extract 48 electronic, struc-
tural, and surface descriptors for 240 doped Brownmillerite structures.
Each compound's ground-state spin multiplicity was determined
through exhaustive comparison of relative electronic energies across a
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Fig. 4. Relative electronic energies of the representative La4CalFe3Mn1020

system corresponding to various multiplicities (in this case, 2S + 1 = 17 mul-
tiplicity corresponds to the ground electronic state).

International Journal of Hydrogen Energy 228 (2026) 154543

wide multiplicity range, ensuring that all further descriptor calculations
reflected the true lowest-energy state.

3.3. Dimensionality reduction via principal component analysis

To identify latent structure-property relationships within the dataset
of 240 doped Brownmillerite compounds, we employed Principal
Component Analysis (PCA) on a refined set of quantum-chemically
derived descriptors. After removing near-constant and redundant fea-
tures, PCA reduced the original 48-dimensional space to two principal
components (PC1 and PC2), chosen based on the Cattell's criterion
(Fig. 6), which together explained 63.44% of the total variance (PC1:
49.56%, PC2: 13.88%). PC1 was primarily associated with electronic
descriptors, while PC2 captured structural averages and energy-related
features (Fig. 7). PC1 predominantly encoded electronic descriptors,
including polar and nonpolar surface areas, molecular polarity index
(MPI), internal charge separation (ICS), electrostatic variance, dipole
moment, and frontier orbital energies. PC2 was primarily linked to
average structural energies and volumetric features. The interpretation
of these components was guided by the normalized loadings (Fig. 5) and
further elaborated in Section 3.6.

3.4. Clustering and representative compound selection

To uncover structurally and functionally distinct groups among the
compounds, we applied k-means clustering to the PCA-reduced space.
The optimal number of clusters was determined via the elbow method
(Fig. 8), which indicated a clear inflection point at k = 5, beyond which
inertia reduction plateaued. Clustering was thus performed in the two-
dimensional PC1-PC2 space to ensure that grouping was informed by
the most significant molecular features.

Each resulting cluster was visualized on the PCA map (Fig. 10),
where the spatial proximity of points reflects descriptor-based similar-
ity. To identify prototypical representatives for each cluster, we adopted
a medoid-based strategy, selecting real, chemically feasible compounds
located closest to the cluster centroids. This ensured that representative
structures were not merely theoretical averages, but concrete candidates
suitable for experimental synthesis and testing (Table 2).

3.5. Structural trends and dopant-driven cluster composition

Elemental composition within each cluster was examined to identify
systematic trends. Histograms (Fig. 9, Table 1) illustrate the dopant
distributions at tetrahedral (A-site) and octahedral (B-site) positions
across clusters. Notably, the primary differentiator among clusters was
the A-site doping pattern.

e Cluster 1 (n = 62): Ca-rich systems with balanced La and Bi doping.

e Cluster 2 (n = 29): La-dominant doping with Ca and negligible Bi/

Sr.

Cluster 3 (n = 43): Sr-doped Ca-based systems, limited La/Bi.

Cluster 4 (n = 30): High Bi content and reduced Ca presence.

e Cluster 5 (n = 76): Mixed Ca-La-Bi-Sr systems, with Ca
predominance.

Importantly, B-site substitution (Fe/Mn/Co) did not significantly
influence clustering, highlighting the dominant role of A-site dopants in
shaping structure-property landscapes.

In more details, Group 1 (brown) consists of 62 compounds exhib-
iting a classic brownmillerite structure, primarily composed of systems
where Ca occupies the tetrahedral center, and limited amounts of all
other dopants (La, Bi, Sr) and mixture of Fe, Mn and Co in the octahedral
center (Fig. 9a). Group 2 (turquoise) consists of 29 compounds, pri-
marily composed of systems where Ca occupies the tetrahedral center,
doped with La, and lack of Bi-, Sr-dopants. The group 2 consist of
mixture of Fe, Mn and Co in the octahedral center (Fig. 9b). Group 3
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(blue) consists of 43 compounds, primarily composed of systems where
Ca occupies the tetrahedral center, doped with Sr, and limited amounts
of all other dopants (La, Bi), and mixture of Fe, Mn and Co in the
octahedral center (Fig. 9¢). Group 4 (green) consists of 30 compounds,
primarily composed of systems where Ca occupies the tetrahedral cen-
ter, doped with Ba, and lack of La-, Sr-dopants. The group 4 consist of
mixture of Fe, Mn and Co in the octahedral center (Fig. 9d). Group 5
(grey) is the largest and most diverse cluster (76 samples - 31.7% of all
compounds). It predominantly consists of brownmillerite-type struc-
tures doped with Ca and limited amounts of all other dopants (La, Bi, Sr)
on the tetrahedral site and mixture of Fe, Mn and Co in the octahedral
center (Fig. 9e).

3.6. Mechanistic interpretation of clusters and principal components

Principal Component 1 (PC1) differentiated clusters based on surface
polarity and charge delocalization. Clusters 1, 2, 3, and 5 shared similar
PC1 values and were characterized by.

e high value of (1) polar surface area, (2) molecular polarity index, (3)
internal charge separation, (3,4) product of sigma and its overall
variance, (5,6,7) electronic spatial extent of anion, cation and

neutral, (8) dipole moment, (9,10, 11) SOMO, LUMO and HOMO
energy (Supplementary Materials, Table S2).

e low value of (1) nonpolar surface area, (2) balance of charge, (3)
estimated density according to mass and volume, (4) volume (5,6,7)
electronic energy of anion, cation and neutral, (8) electrophilicity;
(9) electronegativity, (10) electron affinity and (11) ionization po-
tential (Supplementary Materials, Table S2).

By contrast, Cluster 4 exhibited the inverse profile, with reduced
polarity and increased structural compactness and stability indicators —
suggesting lower catalytic activity but enhanced durability under SOEC
operating conditions, characterized by.

e high value of (1) nonpolar surface area, (2) balance of charge, (3)
estimated density according to mass and volume, (4) volume (5,6,7)
electronic energy of anion, cation and neutral, (8) electrophilicity;
(9) electronegativity, (10) electron affinity and (11) ionization po-
tential (Supplementary Materials, Table S2).

low value of (1) polar surface area, (2) molecular polarity index, (3)
internal charge separation, (3,4) product of sigma and its overall
variance, (5,6,7) electronic spatial extent of anion, cation and
neutral, (8) dipole moment, (9,10, 11) SOMO, LUMO and HOMO
energy (Supplementary Materials, Table S2).
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Fig. 8. Elbow plot for k-means clustering, showing the inertia (sum of squared
distances) as a function of the number of clusters (k). The “elbow point” in-
dicates the optimal number of clusters, where the decrease in inertia slows
down significantly.

PC2 captured variations in the overall value of electrostatic potential
((Vgsp)) across clusters (Fig. 10). Clusters 1, 4, and 5 showed high
average values, while clusters 2 and 3 had higher values. This metric
reflects the net electrostatic character of molecular surfaces, influencing
water affinity and charge distribution in catalytic environments (Sup-
plementary Materials, Table S2).

Overall, these findings indicate that clusters 1, 3, and 5 — composed
predominantly of Ca-based, variably doped structures — exhibited the
highest potential for catalytic activity based on electronic surface de-
scriptors. Cluster 4, enriched in Bi and with minimal Ca, may serve as a
thermally stable, oxidation-resistant candidate for prolonged SOEC use.

The polar surface area (PSA), Fig. 5 refers to the portion of a

25
PC1, 49.56%

PCA line map of the dataset onto the PC1-PC2 plane. Each point represents an individual compound.

molecule's solvent-accessible surface that is associated with polar frag-
ments. It is computed by summing the van der Waals surface contribu-
tions of these fragments and serves as a proxy for the molecule's ability
to engage in hydrogen bonding and dipole-dipole interactions. Origi-
nally used in medicinal chemistry to estimate membrane permeability,
PSA has also found relevance in materials science for characterizing
surface polarity and its effects on interfacial behavior. With respect to
SOEC performance, PSA may provide insight into the material's surface
affinity for polar species such as H,O and OH ™, which are critical re-
actants and intermediates in steam electrolysis. A higher PSA typically
implies increased hydrophilicity, potentially facilitating adsorption and
dissociation of water molecules - key steps in the oxygen evolution re-
action. However, an excessively polar surface may also promote unde-
sired side reactions, such as surface hydroxylation or the formation of
inactive surface species, especially under prolonged exposure to high-
temperature steam. On a mechanistic level, the distribution and
magnitude of PSA could modulate the balance between catalytic activity
and structural stability. Optimizing PSA may therefore be crucial for
tuning the anode's surface to simultaneously enable efficient electro-
chemical conversion and resist degradation processes. From this
perspective, PSA is not merely a structural or electronic parameter but a
functional descriptor reflecting the interplay between surface chemistry,
gas reactivity, and material robustness in SOEC environments.

The nonpolar surface area (NPSA) that represents the portion of a
molecule's solvent-accessible surface composed of electronically neutral
and nonpolar fragments. It is calculated by excluding surface contribu-
tions from polar fragments or charged centers and thus provides insight
into the spatial distribution of hydrophobic character on the molecular
surface. NPSA is widely used in molecular science to evaluate hydro-
phobicity and surface-based interactions. From the perspective of SOEC
operation, this descriptor may serve as an indirect indicator of surface
chemical behavior, particularly in relation to the affinity for polar spe-
cies such as HyO or OH™. A relatively high NPSA implies the presence of
extended apolar domains, which could reduce susceptibility to surface
hydroxylation and mitigate degradation under high-temperature steam
electrolysis conditions. These hydrophobic regions may also facilitate
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Fig. 9. Distribution of atomic compositions within clusters obtained from k-means analysis. Histograms represent the number of systems containing specific numbers
of selected atoms within each cluster, illustrating compositional changes and variability among grouped compounds.

gas-phase transport by minimizing undesired water-surface interactions,
which is particularly relevant for long-term operation in humid envi-
ronments. From a mechanistic viewpoint, an elevated NPSA could
reflect a favorable shift in the balance between polar and nonpolar in-
teractions at the solid-gas interface, potentially influencing adsorption
selectivity and catalytic behavior. Although this interpretation is partly
speculative, it suggests that increased NPSA may support hydrogen
evolution while reducing parasitic reactions, ultimately enhancing
chemical durability and maintaining surface integrity during cyclic
SOEC operation. In composite anodes, where both ionic and electronic
conduction must be balanced, such surface characteristics may also
contribute to improved interface stability and overall electrochemical

performance.

The molecular polarity index (MPI) is a surface-based descriptor that
quantifies the overall polarity of a molecule by averaging the absolute
value of the electrostatic potential (ESP) mapped onto the molecular van
der Waals surface. Unlike the dipole moment, which captures only the
net separation of charge, MPI reflects the full three-dimensional distri-
bution of electrostatic potential, including contributions from localized
polar regions. A higher MPI indicates a more pronounced presence of
strong electrostatic features across the surface, corresponding to greater
molecular polarity. Regarding the operation of SOEC anodes, MPI may
provide a compact, yet informative measure of how the surface interacts
with polar systems such as water and hydroxide ions - both of which are



D. Falkowski et al.

International Journal of Hydrogen Energy 228 (2026) 154543

o & o 4 =
. ° @_Cos vV 2
[ ] ° o ® 3
° [ ] P °
° e ” A 4
° Sr«Cas_MnsCos LiCai_MnsCos L5 CosMn: ® 5
St 5 i, @ o 7y~ e
E3 .. LR
siafi®, v
® "- P Ls_Coa IR
5 Caax,;:;% Srs_MnsCo 7
4 ° raCarfescor " LiCar_Mn:Cos °
o mFaMe, ® y
[ ] . SraCai_Mn: @ L
. .).FEBC F8icas_cos L5 Mn:Co, ®
® " LiCaL@aFesosMn:
° O £ FEm
. Seagerco. vV  L.GaY MinFes °
CasSrz_MnsCox . [«Cai_Fe:MmiCo: o . iCa
- e Bereisoin L%’FE’ °
. sricallih . Lca oA FEMB M Cor
o Coretns 2:Can LFEdiOM: Fer G COZFE,M,,,
° LsCa:_CosFer 3> Co;F,: L.Ca c
O 'vE% o
° M
2 Sr;Caz Fe:Mn; L:Caz Mn‘?‘ca’ @’M"’ L’Lh";P
> . L. Fe,Cc, s
SriCar_CosFex v
° 5r§c r.cﬁ LiCas_Fe:Co»
@) %sca. Nleﬁ - @ 9
o i o
i [ ]
SraCarMnsFes °
Q Lassy_Fes
g ° ° i ® Caul, Fe:Mn:  @Cas_CosMn: S ° o
551z Cos! X °
© ® itcom® St M :Co® . ® . e %% ., 4
i @ oQ Cassre af;azméa ° ° °
- & *
. ot GhSFR, L ® °
< i 4G, CosFe
3 ¢ _ . o el o
O . BisCas_MnsFex AA Bis_CosMn PY
o ]
04 N 15Caz_CozFeiMn o
( > LiCas Fﬂ?ﬁ, Mn.Fe@0: Bis_FesCox [ ]
° CasSri_MnsFes Lcaatt Mo - " Bis pz-FEMM @
- | L ,Cm BisCax_MnsFex “}‘
° Q‘%ﬁ? o oe. 4 >c . F A P il ineds: ABuCal‘ﬁ‘ng?jeﬂ) A o
a:5r_|
° Ca.Sn _Fe:Mig <> LsCa: bR L/ A Bis_F8is_MnsCo: ®
Cas_Cosl Capg; c L! ie mFesz ° ‘I i
asLs e La B Wi BhCax FezMr& Ci is MngfesCor L]
. St C s . TV
@ o CHzBiz-lWEsmh 7 o
S ° Aoto:
Ca.Sn CoaMn: . C: R.Cox il MnaCor
G i, Minfes ° B1>Ca, Fe;Coz °
L) S Co Cosfer . Mriz g\ ccaa‘-cFS’ﬂ" Bis_Coa
CasB L] “ S s h CozFexMn: °
° s #né@ ° eeitlin. Blz b Mna ° A5 Bafeatin
2 < as_MnsCo. ~ | 8i:8a;_Mn.Cox ° A ‘ °
L] %as_mmm 1 8 Cos ° o P
° Cas_CosFes Benrn, ° CasBiz_Co . .
e£ac0, Girtaion [ ] ® o o ©
° by Mne ° CasBle-MnsCox
<> Feu ° *
CasBiz_Co@
CasBir_Mns
. AR ° Ca:B&,MmFe:
° HSHES N, CasBia_Fes 1
5 °
L. Fescon e
° Q>Ca¢i,_Co;Mn. ° ®
4 L] L ° °
e » °
[ ] PY
v ° T v o e . r T
-5.0 e 25 ° 0.3 2.5 5.0 7.5 10.0
° ° PC1, 49.56%
® o o

Fig. 10. PCA projection of the dataset onto the PC1-PC2 plane, with k-means clustering results overlaid. Each point represents an individual data instance, and colors
and shapers indicate cluster assignments. (For interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)

Table 1
Distribution and main composition of compound clusters based on elemental
doping patterns.

Cluster Number of Percent of total Main composition
number compounds compounds
1 62 25,83% Ca- compounds doped with La
and Bi (equal proportions)
2 29 12,08% La- compounds doped with Ca
3 43 17,92% Sr- compounds doped with Ca
4 30 12,50% Bi- compounds doped with Ca
5 76 31,67% Ca- compounds doped with

La, Bi and Sr (Ca
predominant)

central to the electrochemical processes occurring during steam elec-
trolysis. Materials with elevated MPI values are likely to possess regions
of strong local electric fields, which can enhance the adsorption and
activation of polar species, thereby promoting catalytic steps such as
water dissociation. However, such polarity may also correlate with
increased vulnerability to irreversible surface transformations,
including hydroxylation or hydration-induced structural degradation,

Table 2
Representative samples from each cluster.

Cluster number Cluster representative sample

CasLayCosFeMnOyg
LasCaFe;Mny040
Sr4CaFe,MnCoOoq
BisCaMn3Co004o
Ca4SrMnzCoO4

g s wN =

especially under prolonged operation in steam-rich environments. In
mechanistic terms, MPI offers a balance between reactivity and stability:
moderate polarity can support efficient water splitting without overly
enhancing parasitic surface reactions. Therefore, MPI emerges as a
meaningful descriptor for screening candidate materials in terms of their
surface electrostatics, reactivity toward steam, and potential resilience
in high-temperature SOEC conditions. Water adsorption on oxide sur-
faces is strongly governed by local electrostatics and electrostatic
potential-based descriptors have been shown to predict and rationalize
adsorption energies of nucleophiles on oxide surfaces [38]. For perov-
skite oxides specifically, surface wetting is linked to surface chemistry
and has been investigated with both experiment and DFT calculation.
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This motivates the use of polarity/electrostatics descriptors in current
study [39].

The internal charge separation (ICS), Fig. 5 quantifies the spatial
displacement between regions of electron depletion (holes) and electron
accumulation (electrons) within a molecule, typically computed as the
distance between the centroids of positive and negative regions of the
electron density difference between the excited and ground state. This
descriptor reflects the degree of intramolecular charge redistribution
upon excitation or perturbation. It is derived from the analysis of density
difference grids and provides a direct measure of how far electrons shift
within a system as a response to external stimuli such as electric fields or
redox processes. When considering SOEC-relevant conditions, internal
charge separation may be interpreted as an indicator of the material's
ability to sustain or accommodate internal polarization under opera-
tional conditions. A larger value suggests a more pronounced shift of
electron density within the structure, potentially enhancing the mate-
rial's ability to separate charge carriers spatially - a property that may
facilitate ionic and electronic transport at elevated temperatures.
However, excessive internal charge separation could also correlate with
structural strain or increased susceptibility to electronic instabilities,
especially under long-term electrochemical cycling. From a mechanistic
perspective, moderate internal charge separation may be beneficial for
enhancing surface reactivity toward polar species such as HyO by
inducing localized electric fields, which in turn can lower the activation
barriers for key surface processes such as dissociative adsorption or
proton abstraction. In this light, internal charge separation serves not
only as a geometric measure of electron redistribution but also as a
functional descriptor connecting molecular electronic structure with
macroscale electrochemical performance in high-temperature steam
electrolysis.

The overall variance (O'tzoml) of the molecular electrostatic potential
(Fig. 5) is a quantitative measure of how widely the surface ESP values
deviate from their mean across the van der Waals surface. It is computed
as the statistical variance of ESP at all surface grid points and reflects the
extent to which the molecule exhibits localized regions of high positive
and negative electrostatic potential. A larger o2, indicates greater
heterogeneity in the ESP distribution and suggests the presence of
distinct electrostatic domains capable of strong intermolecular in-
teractions. From the perspective of SOEC operation, a high overall ESP
variance may imply a surface that combines strongly positive and
strongly negative regions, potentially enhancing adsorption selectivity
toward polar species such as water or hydroxide. This spatial variation
may facilitate surface polarization effects that promote key electro-
chemical steps, including water activation and proton-coupled electron
transfer. However, such surfaces may also be prone to enhanced local
reactivity, which - if not properly balanced - could increase suscepti-
bility to surface degradation or parasitic reactions under harsh opera-
tional conditions. Grounded in mechanistic reasoning, o2,
descriptor of the electrostatic ‘texture’ of the material surface, with
potential implications for both catalytic performance and chemical
resilience in steam electrolysis environments. Therefore, tuning the
overall ESP variance may be key to designing anode materials with an
optimal balance of reactivity and stability.

The balance of charges (v), Fig. 5 is a scalar descriptor that quantifies
the degree of symmetry in the distribution of electrostatic potential
across the molecular van der Waals surface. It is defined as a normalized
index comparing the magnitudes and spatial extents of regions with
positive and negative electrostatic potential. A low v value indicates a
well-balanced distribution of opposing electrostatic regions, while a
high v suggests a skewed or asymmetric ESP landscape dominated by
one polarity. In the context of SOEC functionality, the balance of charges
may reflect how evenly the surface can engage in both electrophilic and
nucleophilic interactions, which is critical for reversible processes such
as steam splitting and hydrogen evolution. A highly unbalanced ESP
surface may favor only one type of interaction, potentially enhancing

| Serves as a
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selectivity but reducing versatility. Conversely, a well-balanced surface
(low v) could support dual functionality - adsorbing both electron-rich
and electron-deficient species - which is advantageous under dynamic
SOEC conditions involving redox cycling. In light of molecular-level
mechanisms, an optimal charge balance may contribute to surface sta-
bility by preventing localized charge accumulation that could trigger
parasitic reactions or structural degradation. It may also facilitate
smoother transitions between anodic and cathodic regimes, especially in
reversible operation modes. Thus, the v index offers a compact yet
informative descriptor of electrostatic symmetry, linking molecular
surface properties to the broader electrochemical robustness and
adaptability of SOEC anode materials.

The product of ¢2,; and v (62,,-V), Fig. 5 represents a composite
descriptor that integrates the variability and symmetry of the molecular
electrostatic potential over the van der Waals surface. Here, o2,
quantifies the overall variance in ESP, reflecting the magnitude of
electrostatic heterogeneity, while v measures the degree of balance be-
tween positive and negative ESP regions. Their product captures both
how pronounced and how symmetrically distributed the electrostatic
features are across the molecular surface. With respect to SOEC per-
formance, a high value of ¢2 v may indicate a surface with well-
developed and balanced electrostatic domains, capable of engaging in
strong yet non-preferential interactions with both electron-donating and
electron-withdrawing species. This duality could be particularly ad-
vantageous under dynamic operational conditions, where the surface
must facilitate both oxidation and reduction processes, or interact with
intermediates of varying polarity. From a mechanistic standpoint, such a
surface may support efficient adsorption of polar reactants like HoO
while simultaneously minimizing localization of charge that could
otherwise lead to surface degradation or passivation. Thus, this
descriptor provides a holistic measure of the surface's electrostatic
‘fitness’ - combining energetic intensity with spatial neutrality - and may
serve as a valuable criterion for identifying anode materials with
balanced reactivity and robust long-term electrochemical performance
in steam electrolysis applications.

The molecular volume (V), Fig. 5 is a spatial descriptor representing
the three-dimensional size of a molecule, typically defined as the volume
enclosed by the 0.001 a.u. electron density isosurface. It captures both
the geometrical extension and the compactness of the molecular
framework. On the other hand, the estimated density is a descriptor
derived by dividing the molecular mass by this calculated volume,
which approximates the density the material would exhibit in the
condensed phase and serves as a proxy for packing efficiency and mass
distribution. Regarding the operation of SOEC anodes, these two de-
scriptors may reflect structural traits with practical implications for
mechanical integrity, thermal expansion, and electrochemical compat-
ibility. Materials with lower molecular volume and correspondingly
higher estimated density are often associated with tighter atomic
packing, which may enhance sintering behavior, improve interfacial
contact with other cell components, and support stability under high-
temperature conditions. Conversely, more voluminous structures may
allow for greater structural flexibility or facilitate diffusion pathways for
gas-phase species such as Hy or HO. On a mechanistic level, the balance
between molecular volume and density may influence how dopants are
accommodated within the lattice, how defects propagate under elec-
trochemical cycling, and how the material tolerates redox-driven vol-
ume changes. A favorable density profile might also reduce porosity or
phase segregation in composite anodes. Thus, while volume and density
are fundamentally geometric and gravimetric parameters, their inte-
gration offers valuable insight into the physical robustness and opera-
tional viability of SOEC anode materials.

The electronic spatial extent ((r?)), Fig. 5 is a quantum mechanical
descriptor that quantifies the average square distance of the electron
density from the molecular centroid. It provides a direct measure of the
spatial ‘size’ or delocalization of the electronic ‘cloud’ and is particularly
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sensitive to the overall distribution of valence electrons. When consid-
ering SOEC-relevant conditions, the (r?) value computed for the neutral
species offers insight into how compact or diffuse the electron density is
under ground-state conditions. A lower electronic spatial extent typi-
cally implies a more localized and tightly bound electron distribution,
which may correlate with enhanced chemical stability and reduced
susceptibility to electronic disorder or polarizability under operating
conditions. Conversely, a higher (r?) in the neutral system may reflect a
more delocalized electron density, potentially facilitating long-range
electronic transport or improving interaction with extended lattice en-
vironments - features that may be beneficial for anode performance
under high-temperature conditions. With mechanistic relevance, mod-
erate electronic spatial extent may strike a balance between reactivity
and structural coherence, supporting efficient charge transfer without
compromising lattice stability. In addition to the neutral state, the
spatial extents of the corresponding cationic and anionic species were
also evaluated. These provide auxiliary insight into the system's
response to electron removal or addition. A substantial increase in (r?)
upon electron addition (anion) may suggest diffuse LUMO character and
limited electron accommodation capability, whereas a large contraction
upon ionization (cation) may indicate HOMO localization. While these
charged states are not directly realized in the functioning SOEC anode,
their comparison with the neutral state can illuminate the system's
charge redistribution tendencies and potential vulnerability to oxidative
or reductive extremes under dynamic electrochemical cycling.

The dipole and quadrupole moments (Fig. 5) are classical multipole
descriptors characterizing the deviation of electronic charge from
spherical symmetry. The dipole moment quantifies the net separation of
charge, while the quadrupole moment captures more complex charge
anisotropies. Together, they help characterize the electrostatic land-
scape of a molecule and provide insights into how SOEC anode surfaces
may engage with charged species and external fields. Their combined
effect may influence adsorption, polarization, and the electrochemical
performance of the material. The quadrupole moment, on the other
hand, offers a more nuanced picture of how charge is distributed over
molecular planes or elongated structural motifs, which is particularly
relevant in layered or anisotropic oxide frameworks. It may correlate
with the ability of the material to stabilize electric field gradients,
influencing properties such as lattice distortion, defect accommodation,
or interaction with the electrolyte. Taken together, these multipolar
descriptors help characterize not just the magnitude but also the spatial
character of molecular electrostatics. Their combined analysis may
therefore provide insight into how anode materials engage with charged
species, respond to external fields, and contribute to overall electro-
chemical performance in SOEC applications.

The energies of the HOMO and LUMO orbitals (Fig. 5) define the
frontier electronic structure and are essential for understanding the
redox behavior of a material. The HOMO energy indicates susceptibility
to oxidation, while the LUMO reflects the ability to accept electrons.
Their relative positions also determine the HOMO-LUMO gap, often
correlated with electronic softness. In SOEC anodes, these energies in-
fluence charge transfer processes, surface reactivity, and the balance
between catalytic performance and structural stability.

Absolute electronegativity (Fig. 5) also known as Mulliken electro-
negativity, is a global quantum chemical descriptor that reflects the
overall tendency of a system to attract and retain electron density. It is
derived from fundamental electronic properties and provides a measure
of the average energy required to either donate or accept an electron. As
such, it serves as a useful indicator of the electronic character and redox
behavior of a material. From the perspective of SOEC operation, abso-
lute electronegativity can offer insight into how the material surface
may interact with charged species, particularly those involved in steam
electrolysis, such as hydroxide ions or water molecules. A material with
higher electronegativity is generally more likely to attract electrons,
potentially enhancing the adsorption of electron-rich intermediates or
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facilitating surface polarization. This may support efficient catalytic
processes, such as water dissociation, which require localized electron
density shifts. However, high electronegativity could also indicate a
susceptibility to over-accumulation of charge or reduced stability under
strongly oxidative conditions, depending on the specific lattice and
bonding environment. Materials with lower electronegativity may, by
contrast, show improved resilience against such effects but could be less
effective in stabilizing key reaction intermediates. Thus, absolute elec-
tronegativity provides a compact, meaningful measure of how the
electronic nature of the anode influences both its catalytic performance
and its long-term electrochemical stability in high-temperature SOEC
operation.

The ionization potential (IP), Fig. 5 is a fundamental quantum
chemical descriptor that reflects the energy required to remove an
electron from a neutral system, thereby generating a cationic form. It
serves as a direct measure of how tightly the highest-energy electrons
are bound and is closely related to the position of the HOMO level. A
high ionization potential implies that the molecule is electronically
stable and resistant to oxidation, while a low IP suggests that electron
removal is energetically more favorable. In the context of SOEC func-
tionality, the ionization potential provides insight into the material's
susceptibility to oxidative processes under anodic conditions. Anodes
with lower IP values may more readily donate electrons, potentially
enhancing catalytic activity during the oxidation of water and the evo-
lution of oxygen. However, such behavior might come at the cost of
decreased chemical robustness, especially under sustained high-
temperature operation where surface degradation is a concern.
Conversely, materials with higher ionization potential tend to be more
resistant to electron loss, which can translate to improved oxidative
stability and longer operational lifetimes. Grounded in mechanistic
reasoning, the ionization potential helps predict how readily the anode
material can participate in charge-transfer processes at the electro-
de-electrolyte interface, and how it might balance between reactivity
and structural durability in the harsh conditions typical of SOEC
environments.

The electron affinity (EA), Fig. 5 is a quantum chemical descriptor that
represents the energy change associated with the addition of an electron
to a neutral system, forming an anion. It reflects the ability of a material
to accommodate extra electron density and is directly linked to the
position and nature of the LUMO. A higher electron affinity indicates a
greater tendency to accept electrons, often associated with increased
surface reactivity toward electron-rich species or with the stabilization
of charge-separated states. With respect to SOEC performance, electron
affinity offers insight into how the surface might interact with negatively
charged intermediates, such as hydroxide ions, or how it may respond
under transient reductive conditions, for instance during SOEC opera-
tion. A moderate electron affinity may support catalytic activity by
enabling temporary electron acceptance, which can facilitate crucial
steps like water adsorption and activation. However, an overly high EA
might also raise concerns about unwanted charge trapping or structural
strain due to localized reduction. Conversely, low electron affinity
suggests a limited ability to stabilize excess electron density, which
could protect the material from over-reduction but might also hinder its
involvement in certain catalytic pathways. From a mechanistic
perspective, electron affinity provides a useful indicator of how the
anode surface balances reactivity and electronic resilience - key factors
that influence both efficiency and durability in high-temperature elec-
trochemical environments typical of SOEC systems.

Among with PC2 the overall averaged value of electrostatic potential
((Vgsp)) is a scalar descriptor representing the mean electrostatic po-
tential calculated over the molecular van der Waals surface. Unlike the
variance or polarity indices, which emphasize local fluctuations or
asymmetries, (Vgsp) captures the net electrostatic character of the entire
surface and reflects the general tendency of the molecule to present an
attractive or repulsive field to surrounding species. A positive (Vgsp)
implies a globally electron-deficient surface, potentially favoring
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interactions with electron-rich species, while a negative (Vggp) indicates
a more electron-rich environment. With regard to SOEC anode mate-
rials, the overall averaged ESP may offer a compact metric for antici-
pating how the surface engages with polarizable or charged
intermediates, such as water molecules or hydroxide ions. For instance,
a surface with moderately negative (Vgsp) values may enhance the
physisorption or activation of HpO through electrostatic attraction,
thereby supporting efficient catalytic turnover in the steam-splitting
process. Conversely, surfaces with strongly positive (Vgsp) might
exhibit diminished affinity toward such polar species but improved
resistance to over-reduction or charge accumulation. From a mecha-
nistic standpoint, (Vgsp) serves as a baseline indicator of the surface's net
electrostatic disposition, potentially modulating long-range interactions
prior to specific chemical adsorption events. While less spatially
resolved than other descriptors, it complements more localized metrics
like MPI or oﬁml by offering an integrated perspective on surface reac-
tivity. In this context, tuning (Vgsp) may help strike a balance between
catalytic responsiveness and resistance to undesirable surface polariza-
tion or degradation under SOEC operating conditions.

3.7. Selection of representatives of clusters

To identify structurally and electronically representative candidates
for further analysis, we applied a hybrid k-means with medoid approach
to each of the five clusters derived from PCA-reduced descriptor space.
Medoid selection ensures that each chosen compound is not an abstract
centroid but a real, chemically plausible structure within the dataset —
sharing maximal similarity to its cluster while preserving structural
uniqueness.

The selected representatives are marked as enlarged, darkened
points in the PCA projection (Fig. 8). Each medoid serves as a prototype
for its respective cluster, encapsulating key trends in dopant distribution
and descriptor profiles. Table 2 summarizes these representatives.

3.7.1. Cluster-specific insights

e Clusters 1, 3, and 5: These groups are dominated by Ca-based systems
doped at the A-site with varying proportions of La, Bi, and Sr. They
consistently exhibit elevated polar surface area (PSA), molecular
polarity index (MPI), internal charge separation (ICS), and electronic
spatial extent, all indicative of high surface reactivity and enhanced
catalytic potential. These compounds emerge as prime candidates for
SOEC anodes focused on water activation and rapid redox cycling.
Cluster 2: Characterized by intermediate descriptor values, limited to
La and Ca doping with minimal Bi or Sr presence. It likely represents
a transitional regime between high-polarity, reactive systems and
more electronically stable variants. This group may be suitable
where moderate catalytic activity is balanced with structural
robustness.

Cluster 4: Comprised primarily of Bi-rich, Ca-poor compositions, this
cluster demonstrates low PSA and MPI, high ESP imbalance, and
limited charge delocalization. While less active catalytically, such
compounds may offer superior thermal and oxidative stability,
positioning them as durable anode candidates under harsh SOEC
conditions.

This cluster-based virtual screening thus enables the rational selec-
tion of optimal materials for further theoretical or experimental vali-
dation. By leveraging medoid-based sampling, we ensure that each
representative embodies the essential physicochemical traits of its group
— allowing researchers to prioritize candidates with tailored combina-
tions of reactivity, polarity, and long-term stability. From a sustain-
ability and SSbD perspective, the same transparent clustering-and-
medoid strategy acts as an early-tier sustainability filter, because it re-
duces the candidate set to a small, chemically diverse and auditable
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subset for subsequent, more comprehensive sustainability assessment (e.
g., criticality, safety, and environmental footprint) while preserving the
rationale behind prioritization.

For complete clustering statistics and atomic composition distribu-
tions, refer to Supplementary Table S3.

4. Conclusion

In this work, the descriptor based analysis of fragment level DFT data
is intended as a first pass, high throughput screening within a single
brownmillerite family, not as a quantitative prediction of SOEC anode
performance. The mechanistic interpretation offered throughout the
manuscript should therefore be viewed as literature grounded, hy-
pothesis generating reasoning that links dopant induced changes in local
metal oxygen bonding and redox flexibility to processes relevant for
oxygen electrodes. Key SOEC level determinants, including oxygen va-
cancy formation energies and equilibrium non-stoichiometry, vacancy
migration barriers (ionic transport), and extended electronic structure
(band dispersion and long range carrier transport), are outside the scope
of the present fragment representation and must be assessed using pe-
riodic approaches and, ultimately, experimental measurements.
Accordingly, the PCA and clustering results are used to prioritize
chemically diverse candidate compositions for subsequent validation,
rather than to claim proven mechanisms or validated performance
rankings under operating SOEC conditions.

Representative compounds identified via medoid selection from each
cluster offer promising pathways for experimental validation. Overall,
this work establishes a scalable, Al-augmented computational approach
to rational anode design, providing a robust framework for accelerating
material discovery and supporting the development of efficient, durable,
and sustainable SOEC technologies.

Moreover, when these findings are placed in the context of existing
literature, it becomes evident that some compounds with similar qual-
itative and quantitative compositions have already been investigated. By
contrast, several of the compounds proposed here currently exist only as
theoretical candidates, and we therefore encourage experimental groups
to attempt their synthesis, provided that no methodological constraints
preclude it.

The candidate proposed from the analysis of cluster 1 is the com-
pound CasLasCosFeMnOyy (LCCFM), which is composed of calcium,
lanthanum, cobalt, iron, and manganese. A related composition
Lag ¢Cap.4Cop.2Fep gO3 (LCCF), featuring inverted A-site doping ratios
and a non-equimolar distribution of B-site cations, has recently been
investigated by Rashid et al. [40]. Since the compound identified in our
study currently exists only as a theoretical candidate, we recommend
that experimental efforts be directed toward the attempted synthesis of
the corresponding triple brownmillerite phase, particularly in view of
literature reports indicating that such structures are attainable [41,42].

The second candidate is the compound LasCaFe,MnyOqp. A closely
related phase has already been characterized in recent years [43,44].
However, in the previously studied materials the dopant ratios at both
the A-site and the B-site were equimolar, whereas in the proposed
composition the A-site sublattice is enriched in lanthanum. We therefore
put forward this oxide as a candidate material in which moderate
electrochemical activity is compensated by high structural robustness.

Within cluster 3, the proposed composition, Sr4sCaFeaMnCoOy, is a
La free, Sr based perovskite in which calcium is introduced at the A-site,
while the B-site contains iron co doped with manganese and cobalt in
equal proportions. This material is entirely lanthanum free and relies
exclusively on readily available elements, which is particularly advan-
tageous in the context of the European Union's raw materials strategy. A
closely related oxide, featuring A-site substitution only, has been
comprehensively characterized by Ede et al. [45].

Within cluster 4, the proposed representative composition is
Bi4CaMn3Co0y a bismuth and manganese-based oxide featuring cal-
cium substitution at the A-site and cobalt substitution at the B-site. This
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compound is entirely lanthanum free. Related structures were synthe-
sized in 2001 by Qin et al. [46], although in those systems the doping
was confined to the A-site. We therefore suggest this compound as a
promising candidate for a structurally durable anode material.

The final composition proposed for experimental investigation is
CaysSrMn3CoO4q. This oxide is likewise La free and exhibits dual A-site
doping with small amounts of strontium, together with a minor cobalt
substitution at the B-site. A closely related phase was synthesized by
Boulahya et al. [47] as early as 2007, although in that case the A-site
cation ratios were inverted relative to the composition proposed here.

From the perspective of the Safe and Sustainable by Design frame-
work, the ideal materials are non-toxic, readily recyclable compounds
composed exclusively of elements not included on the Critical Raw
Materials list [48]. In the context of SOEC anodes, pure CFO (brown-
millerite CasFe;Os), formally meets these criteria; however, its elec-
trochemical properties are only moderate [49,50], which necessitates
performance enhancement through aliovalent doping or composite
formation [51-53] if it is to be employed outside the narrow window of
intermediate temperature SOEC (IT SOEC) operation. This, in turn,
motivates the consideration of compositions that incorporate elements
classified as Critical Raw Materials under current EU definitions. Even in
this space, the design flexibility remains substantial, as the availability
and environmental burden of different elements vary significantly
[54-57]. It is therefore reasonable to allow the use of elements whose
environmental impact, cost, and criticality are comparatively low, spe-
cifically La, Sr, and Bi.

This proof-of-concept workflow is intended as an early-stage
comparative screening within a fixed DFT protocol and does not cap-
ture bulk/transport properties or constitute a comprehensive SSbD
assessment, which requires additional data beyond the scope of this
work.
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