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High-entropy oxides are a novel class of materials with promising applications in energy conversion and
storage; however, their rational design remains challenging due to the immense compositional space. Here,
we propose a machine-learning-based methodology to design stable, single-phase HEOs. We trained predictive
models to identify candidate fluorite-structured compositions. The ensemble achieved reasonable performance
in a six-class classification task, as evaluated using nested stratified cross-validation and external validation
(weighted-average Fl-scores of 77% and 70%, respectively). We further applied SHAP analysis to assess
the physical relevance of the predictors. Experimentally, we synthesized Ce,,La,,Nd,,Mg, ,Al,,0,_;. X-ray
diffraction confirmed this prediction, and transmission electron microscopy (TEM) combined with selected-area
electron diffraction (SAED) validated the phase assignment. Overall, these results demonstrate that machine
learning is a powerful approach to navigate the complex HEO compositional landscape and accelerate the
discovery of materials with targeted properties.
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1. Introduction a central role in determining functional performance across diverse

application domains [3,13].

Inspired by recent advances in high-entropy alloys (HEAs) [1-4],
high-entropy oxides (HEOs) have emerged as a novel class of func-
tional ceramics. Although definitions differ, high-entropy materials are
generally characterized by at least five principal elements—each with
an atomic fraction of 5-35%—and a configurational mixing entropy
exceeding 1.5 R (or, in more stringent formulations, 1.61 R), where R
is the gas constant [1-4]. The near-random distribution of cations with
diverse ionic radii and electronegativities within a single crystalline
lattice can stabilize unconventional single-phase structures and enable
distinctive physical and chemical properties. This framework has driven
rapid growth in HEO research, including composition design [5,6],
synthesis methodologies [6,7], and applications [6,8-10].

High-entropy materials are commonly associated with four effects—
lattice distortion, entropy-driven stabilization of single phases, sluggish
diffusion, and a synergistic “cocktail effect”, whereby the emergent
properties deviate from those predicted by the rule of mixtures [11-13].
In HEOs, these effects, together with the resulting crystal phase, play

Despite rapid progress, robust models linking HEO composition
and structure to properties of interest remain limited; consequently,
HEO design is still frequently guided by laborious trial-and-error syn-
thesis [5]. Traditional rules for high-entropy ceramics often fail, and
the vast compositional space makes ab initio simulations inefficient
for predictive screening [5]. Machine learning (ML) offers a practical
alternative by enabling more accurate prediction than simple mixing
rules (or single descriptors) by efficiently extracting patterns from data
to navigate large composition spaces [14,15].

The use of ML to address challenges in high-entropy ceramics gained
traction in 2020 [16], where random forest models were trained to
predict the entropy formation ability (EFA) descriptor for high-entropy
carbides (HECs), a stability-related quantity that is costly to calculate
via density functional theory (DFT); the study also demonstrated pre-
dictive utility via ab initio validation and synthesis of new single-phase
compositions. Subsequent works expanded ML screening to additional
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A. da Silva Sousa Santos et al.

systems and model families: J. Zhang et al. [17] combined artificial
neural networks and support vector machines for high-entropy carbides
candidate identification, while Mitra et al. [18] applied ML to predict
single-phase high-entropy diborides and reported high classification
performance.

More recently, the suitability of high-cost descriptors (e.g., EFA)
for large-scale exploration has been questioned [19,20]. Leverant et al.
[19] showed that low-cost, composition-based features can efficiently
predict EFA in high-entropy carbides and support discovery of pre-
viously unreported high-EFA compositions. Guo et al. [20] achieved
performance comparable to DFT-trained models for (TiZrHf)C-based
stability using low-cost features, and Mitra et al. [21] used a com-
pact set of low-cost descriptors to predict stability across borides,
carbides, and nitrides for ultra-high-temperature applications with ex-
perimental validation. Overall, low-cost features appear promising for
high-entropy ceramics, but they remain underexplored for predicting
high-entropy oxide phases.

Beyond screening, ML can yield interpretable heuristics when ex-
plainability tools are applied. Yan et al. [22] employed Partial Depen-
dence Plot (PDP) and Individual Conditional Expectation (ICE) analyses
for single-phase high-entropy transition metal diborides and proposed
a phase-stability rule based on bond mismatch. Mitra et al. [23] used
SHapley Additive exPlanations (SHAP) for stable-phase high-entropy
carbides, highlighting, among other findings, that medium-to-high dif-
ferences in Mulliken electronegativity favor single-phase formation.

Explainability-driven ML has also been used to relate descriptors
to functional properties across high-entropy ceramics. Zhou et al. [24]
predicted mechanical properties of high-entropy carbides with high
accuracy, while Wen et al. [25] predicted thermal conductivity in
A,B,0,-type oxides with small deviations from experiments. In
catalysis-focused studies, Mints et al. [26] explored noble-metal HEO
spaces for oxygen evolution reaction (OER), and Nie et al. [27] em-
ployed Extreme Gradient Boosting (XGBoost) to classify pure spinel
formation and to regress the Tq, descriptor (as defined in Ref. [27])
for hydrogen evolution reaction activity, identifying high-performing
high-entropy spinel oxides (HESOs) using only atomic fractions as input
features. Lin et al. [28] investigated spinel stability in high-entropy
oxides by integrating first-principles simulations with ML, reporting
low prediction deviations relative to validation simulations.

Compared with other high-entropy materials, ML studies targeting
HEOs remain scarce, largely due to limited data availability [5]. For the
specific task of classifying HEO compositions among crystal systems,
only Liu et al. [29] have explicitly addressed the problem. While Liu
et al. achieved high accuracy, the study considered only three crystal-
structure classes and tested a limited set of descriptors; moreover, it
did not include external-dataset validation, experimental synthesis of
model inferences, or neural-network-based architectures, despite the
potential benefits of broader feature engineering and model diversity
for both performance and interpretability.

Here we propose a machine-learning-assisted methodology for the
design and synthesis of new single-phase HEO compositions. The work-
flow integrates (i) composition-based feature engineering for phase
prediction, in which we generate more than 200 composition-derived
descriptors and select informative subsets using two strategies (Pear-
son correlation filtering and permutation feature importance, PFI);
(ii) training and benchmarking multiple base learners (Multi-Layer
Perceptron, Extreme Learning Machine, Random Forest, and Gradient
Boosting) under a leakage-safe nested stratified cross-validation pro-
tocol, followed by evaluation on an external dataset; (iii) a “cation
combinatorial analysis” step to impose design constraints and generate
more promising inferences; and (iv) a synthesis-oriented step. The
final predictions are obtained with a soft-voting Ensemble Classifier
that combines the calibrated probabilistic outputs of the individual
models. Finally, to extract chemically meaningful insights, we interpret
the ensemble using SHAP and use the trained framework to propose
fluorite-targeted candidates; one predicted composition is synthesized
and its phase is confirmed by X-ray diffraction (XRD) with Rietveld
refinement and transmission electron microscopy (TEM).
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2. Methodology

The complete methodology for synthesizing new HEOs with
machine-learning assistance is summarized in Fig. 1. The workflow
begins with data processing, where the raw data are formatted into
a structure suitable for training machine-learning models. Next, the
models are trained and evaluated using standard performance metrics,
and the selected features are further examined using interpretability
techniques such as SHAP. To bridge the trained models with the
experimental synthesis stage, we introduce an intermediate cation com-
binatorial analysis step, in which the design objectives and constraints
for the target material are defined.

2.1. From descriptors to features

In many studies that propose new HEO compositions, researchers
focus on a limited region of the periodic table and rely heavily on trial-
and-error synthesis, often without a detailed discussion of the under-
lying design rationale [30]. When HEO design is discussed explicitly,
it is typically framed through a descriptor-based approach [30]. Here,
descriptors refer to numerical quantities that probabilistically capture
a material’s physical or chemical attributes [13]. Historically, an early
and influential example is the work of William Hume-Rothery, who pro-
posed the rules — now known as the Hume-Rothery rules — describing
conditions for forming solid-solution alloys [5]. For HEOs, commonly
used descriptors (and those adopted here as machine-learning features)
include elemental/atomic properties, outputs from thermodynamic ex-
periments or simulations, and precursor-related properties [5].

2.2. Feature engineering

Feature engineering comprises two main stages — feature generation
and feature selection — each encompassing a range of techniques that
have been comprehensively reviewed by Morgan and Jacobs [31].

In this study, we consulted three data sources to assemble the
information required to compute a large set of original features that,
to the best of our knowledge, have not been systematically explored in
the high-entropy materials machine-learning literature: (1) the atomic-
features package provided by NOMAD Lab (Novel Materials Discovery
Laboratory) [32]; (2) thermodynamic reaction data obtained from Fact-
Sage [33]; and (3) key attributes associated with the formation of
stable phases in high-entropy oxides reported in prior studies [3,5,10,
13,33], with the required elemental data retrieved from the Mendeleev
library [34].

To convert the raw inputs into features, we adopted the vec-
torization scheme proposed by Isayev et al. [35], which constructs
composition-based quantities from elemental property vectors. Specif-
ically, for each element in a compound, the relevant property value
is assigned and then aggregated using operations such as the maxi-
mum, minimum, standard deviation, mean, or sum to yield a single
scalar feature. For FactSage-derived quantities, analogous vectorization
operations were applied, with values computed from oxide formation
reactions under standard temperature and pressure conditions. This
choice is motivated by common practice in the HEO literature: unless
stated otherwise, descriptions of a compound as “single-phase” and
“stable” typically refer to stability under standard conditions, and
phase labels are generally assigned from X-ray diffraction measure-
ments collected at room temperature. This convention also applies to
the phase labels used to build the dataset in the present study [36].
For each reaction listed in Table 2, the software returned the en-
tropy change, enthalpy change, Gibbs free energy change, and specific
heat. The full set of 246 constructed features is shown in Figure S2
(Supplementary Material).

Phase-stability discussions in high-entropy oxides frequently invoke
the Gibbs free energy of mixing, AG,;, = AH., — TAS. [37].
However, explicitly evaluating these thermodynamic contributions for
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Fig. 1. Workflow for machine-learning-assisted synthesis of new HEOs.

multicomponent oxides is nontrivial and can be computationally de-
manding. It can therefore be advantageous to construct low-cost, ther-
modynamically motivated descriptors that are expected to correlate —
albeit indirectly — with the driving forces that govern phase stability,
and to use them as candidate inputs to machine-learning models within
an exploratory feature framework. Indeed, FactSage-derived thermody-
namic data have already been leveraged in machine-learning studies to
predict phase stability in high-entropy alloys [38].

Within the HEA literature, several widely used approaches provide
inexpensive approximations to thermodynamic quantities; for example,
the enthalpy of mixing is often estimated with the Miedema model [39].
This approximation is not expected to be reliable for HEOs because
oxide bonding differs substantially from that in metallic systems, for
which the Miedema framework was originally developed [36]. To
retain a thermodynamic basis while keeping the descriptors inexpensive
to compute, we therefore use FactSage-derived thermodynamic quan-
tities for binary oxides as proxy features. These quantities reflect the
intrinsic cation-oxygen affinity of each constituent and can influence
the energetic penalties associated with multi-cation mixing, as well as
the competition with alternative oxide assemblages. According to the
feature taxonomy of Ramprasad et al. [30], oxide-derived descriptors
fall under block-level features (i.e., they are distinct from traditional
elemental features). In this context, the present study is, to our knowl-
edge, among the first to incorporate block-level features into HEO
phase prediction, an approach more commonly adopted in polymer
informatics. This type of extensive low-cost feature exploration remains
largely absent from the high-entropy ceramics literature. Even in the
work of Guo et al. [20], the workflow remains conventional, relying
on a small set of features chosen largely by “researcher intuition”.
More broadly, a common practice in the field is to select a limited
feature set in an ad hoc manner. In contrast, our study presents a more
systematic methodology for generating and selecting low-cost features.
Given that the vast compositional space is a central challenge in high-
entropy materials research [5], low-cost descriptors are essential for
efficiently exploring the hypothesis space. If expensive features are
required to train the models, then each new inference would also
require recomputing these costly quantities, undermining one of the
main advantages of machine learning: efficient exploration of large and
complex search spaces.

2.3. Database

At present, there are no specialized databases dedicated to high-
entropy oxides, and even major materials repositories contain relatively
limited coverage of these systems [5]. As a result, applying machine
learning to HEOs typically requires constructing datasets directly from
the scientific literature. This limitation is a key reason why compara-
tively few ML studies on HEOs exist to date, with Liu et al. [29] being

a notable example; in that work, the authors leveraged the dataset
compiled in Akrami’s review [40] (112 compositions). In the present
study, we assembled a dataset of 137 compositions with corresponding
phase labels from the supplementary material of Leong et al. [36].

Table 1 summarizes the number of instances per class, the class
proportions, and representative compositions for each phase. A key
observation is that the majority class accounts for 27.7% of the dataset.
Under a naive frequency-based baseline, labeling every sample as the
majority class would therefore yield an expected accuracy of 27.7%. In
contrast, our models achieve substantially higher accuracies (see Re-
sults and discussion), indicating that they capture latent and physically
meaningful patterns encoded in the feature space and exploit these pat-
terns for phase classification. As expected, fewer robust patterns may
be learned for minority classes, particularly the Mixed and Pyrochlore
categories.

Leong’s dataset also exhibits reasonable compositional diversity, as
reflected by the representative examples. Specifically, it contains 43
unique cation species, and their occurrence frequencies are summarized
in the Pareto chart in Fig. 2. The 80% cumulative frequency threshold is
reached at samarium (rank 16). Accordingly, after training, the model
is expected to make more reliable inferences within the compositional
subspace spanned by the 16 most frequent cation species.

Regarding label definition, Leong et al. first separated compositions
into single-phase and multiphase groups [36]. Single-phase composi-
tions were defined as those with no detectable traces of secondary/mi-
nority phases, whereas the Mixed class comprises multiphase com-
positions spanning both low and high fractions of secondary phases.
Notably, Leong et al. did not systematically adopt the single-phase
labels reported in the original source articles; instead, when minority
phases could be identified from the reported characterization (e.g., [41-
43]), compositions were reclassified accordingly. This indicates that
the dataset construction included an additional relabeling step beyond
straightforward data collection. Finally, for each single-phase compo-
sition, the specific crystal-structure class (e.g., fluorite, spinel) was
assigned based on the information reported in the source publications,
most likely relying primarily on X-ray diffraction evidence.

2.4. From phases to classes

High-entropy oxides can stabilize complex crystal structures, in
part because the high configurational entropy favors cation disorder.
Nevertheless, most reported HEO compositions crystallize into a rela-
tively restricted set of phases [3,10,13,36]. We therefore defined the
target labels in our machine-learning models using these commonly
observed phases: pyrochlore, spinel, perovskite, fluorite, and rock salt.
In addition, we included a Mixed class to represent compositions that
do not stabilize as a single phase.
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Class proportions and representative compositions in the Leong dataset

Representative samples
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Table 1
(N =137).
Class Count  Proportion (%)
Rock salt 38 27.7
Spinel 26 19.0
Fluorite 25 18.2
Pyrochlore 16 11.7
Mixed 11 8.0
Perovskite 21 15.3

Bay 55105 (Zr 4Hf 3 Tig 2 Feg 3)O0s;
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Fig. 2. Pareto chart of cation occurrence frequencies across the dataset.

Because the HEO compositions considered here are equimolar (or
close to equimolar), we do not require the models to infer detailed
stoichiometric proportions. Under this assumption, phase prediction
can be formulated as a standard multi-class classification task.

2.5. Feature selection

We employed two feature-selection strategies: Pearson-correlation
filtering and permutation feature importance. Given the dataset size
and the complexity of the models considered, we targeted a compact
feature set of approximately 10 variables, aiming to mitigate both
underfitting and overfitting.

For the Pearson-correlation approach, we retained only one feature
from each pair exhibiting an absolute correlation coefficient greater

than 0.6. For the PFI-based approach, we first removed highly collinear
features (absolute correlation coefficient greater than 0.8), which
yielded a reduced set of 48 features. We then trained models using
this set and applied PFI to rank features by importance, selecting the
top-ranked variables for subsequent modeling.

2.6. Models

In machine-learning studies, it is common to benchmark multi-
ple model families because no single algorithm is universally optimal
across tasks and datasets. Here, we considered two artificial neural
network architectures—the multilayer perceptron (MLP) [44] and the
extreme learning machine (ELM) [45]—and two tree-based methods—
random forest (RF) and gradient boosting (GB) [44].
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Table 2

Equations used in calculations with FactSage.

Cation Equation Cation Equation

Er 4 Er + 3 0, — 2 Er,04 Ni 2 Ni + O, - 2 NiO

Be 2 Be + O, — 2 BeO Na 4 Na + O, —» 2 Na,O
Sm 4 Sm + 3 0, - 2 Sm,0; Nb 2 Nb + 5 0, — Nb,0O5
Sc 4 Sc + 3 0, = 2 Sc,04 Ru 2Ru+7 0, » 2RuO,
Eu 4 Eu + 3 0, - 2 Eu,04 Fe 4 Fe + 3 0, - 2 Fe,0,
Pb Pb + O, — PbO, Ag 4 Ag + 0, - 2 Ag,0
Tm 4 Tm + 3 0, » 2 Tm,04 K 4K+ 0, - 2K,0

Ba 2 Ba + O, —» 2 BaO Sr 2Sr+ 0, - 28r0

Li 4 Li + 0, - 2 Li,O A 2V +50, > V,05
Ga 4 Ga + 3 0, - 2 Ga,0, Gd 4 Gd + 3 0, - 2 Gd,0,
Dy 4 Dy + 3 O, —» 2 Dy,0;4 Ho 4 Ho + 3 O, — 2 Ho,0;4
Co 2 Co + 0, = Co;0, Lu 4Lu+ 30, - 2Luy0;
Mn 4 Mn + 3 O, - 2 Mn,0;4 Ca 2 Ca + O, —» 2 CaO
Ta 4Ta+ 50, - 2 Ta,0Os Yb 4Yb + 30, - 2 Yb,04
Pr 4 Pr+ 30, - 2Pr,04 Mo 2 Mo + 3 0, - 2 MoO;,
Cr 4Cr+ 30, - 2Cr,03 Mg 2 Mg + O, - 2 MgO
Cu 2 Cu+ 0, —» 2 CuO Pt 2 Pt + O, - 2 PtO,
Tb 4Tb + 3 0, - 2 Th,0, Cd 2 Cd + 0, —» 2 CdO
Bi 4 Bi + 30, > 2 Bi,04 Nd 4 Nd + 3 0, — 2 Nd,04
Hf 2 Hf + 0, — 2 HfO, Y 4Y+30, - 2Y,0;
Ce 2 Ce + O, » 2 CeO, Si Si + 0, — SiO,

S S+ 30, = SO, La 4Lla+ 30, - 2La0,
Sn Sn + O, — SnO, Zn 27Zn + 0, - 2 ZnO

Zr Zr + 0, — Zr0, Al 4 Al + 30, - 2 ALO;
Ti Ti + 0, — TiO, W 2W+ 30, -2 WO,

Neural networks were included because they often achieve strong
predictive performance in materials informatics applications [46]. Tree-
based models were selected because they are frequently competitive
with neural networks, particularly on small datasets [47], as in the
present study.

While many ML-based workflows evaluate more than one model,
the models are often used independently. In contrast, we combine
all four learners using a soft-voting ensemble classifier [48], which
aggregates calibrated class probabilities to produce the final prediction,
as discussed further in the Results and discussion section.

2.7. Model evaluation protocol and performance metrics

To reduce the variance and potential bias associated with a single
hold-out split on a small and class-imbalanced dataset, we evaluated all
models using a leakage-safe nested stratified cross-validation protocol.
We used Ko, = 5 outer folds to estimate generalization performance
and Kj,,.. = 5 inner folds for hyperparameter selection.

Let D = {(x;,;)} "i , denote the full dataset, where x; is the feature
vector of sample i, y; € {1,...,C} is its ground-truth class label, N is
the number of samples, and C is the number of classes. In each outer
iteration k € {1,..., Kyyer}, We held out a stratified index set It(:s)t as
the outer-test fold, while the remaining indices Iifa)in formed the outer-
training set. Hyperparameters were optimized exclusively within Ig‘;m
via an inner stratified K., = 5 cross-validation loop, implemented
with GridSearchCV from scikit-learn [44]. The selection criterion
was the mean inner-loop accuracy. After identifying the best hyperpa-
rameter configuration, the model was refit on the full outer-training set
It(fa)in and evaluated once on the untouched outer-test set It(gt.

Crucially, all data-driven operations were restricted to the train-
ing portion of each inner split to prevent information leakage. This
includes preprocessing steps (e.g., scaling) and any feature processing
or selection (e.g., Pearson-correlation filtering). For each inner split,
transformations were fit using only the inner-training subset and then
applied to the corresponding inner-validation subset using parameters
learned solely from inner-training data.

After completing the outer loop, we formed out-of-fold (OOF) pre-
dictions by concatenating the outer-test predictions across folds, so that
each sample is predicted exactly once when it appears in an outer-test
fold. Let jz'.OOF denote the OOF-predicted label for sample i. Global OOF
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metrics were computed from the concatenated vectors (y,, ...
~OOF ~OOF
(C2aa VN e}
In addition to OOF-aggregated results, we also report fold-wise
outer-test metrics summarized as mean + standard deviation across the

Kouer = 5 outer folds. Specifically, we report accuracy and macro-

,yy) and

and support-weighted precision, recall, and F1 as mean + standard
deviation across outer folds.

Accuracy. Accuracy was computed from OOF predictions as
L
Accuracy = v z ]I(yPOF =), @
i=1

where I(-) is the indicator function.

Class-wise precision, recall, F1, and support. For class-wise evalua-
tion, we adopted a one-vs-rest scheme. For each class ¢ € {1,...,C}, let
TP,, FP,, and FN, denote the numbers of true positives, false positives,
and false negatives, respectively, computed from OOF predictions.
Precision, recall, and F1 for class ¢ are then defined as

- P, TP,
Precision, = ————, Recall, = ————,
TP, + FP, TP, + FN, -
Fl = 2 Precision, Recall,
¢ Precision, + Recall,’
The support of class ¢ in the full dataset is
N
N.= Y1y, = o). 3)

i=1

Macro- and weighted-average metrics. To summarize performance
under class imbalance, we report macro- and support-weighted aver-
ages computed from class-wise values. For a generic class-wise metric
m, (e.g., precision, recall, or F1 for class c),

1
Mmacro = E z me,

c=

SN,
Myyeighted = Z N me. 4
c=1

Outer-fold mean and standard deviation. For completeness, we report
fold-wise outer-test metrics as mean + standard deviation across the
Kouer = 5 outer folds. For a scalar metric m, let m® be its value
computed on outer-test fold k. The across-fold mean m and sample

standard deviation s,, are

1 Kouter 1 Kouter 2

m = (k) - P K —m

"= Kouter " Sm = K, -1 Z (m( ) m) ’ ®)
k=1 outer k=1

where s,, denotes the (sample) standard deviation of m across outer
folds. In tables, these results are reported as m + s,,.

Confusion matrices. We report the row-normalized OOF confusion ma-
trix to visualize systematic confusions among phases and to emphasize
per-class recall. Let M;; be the OOF confusion count, defined as the
number of samples whose true class is i and predicted class is j:

N
My =Y 1y, = DI = j), 6
n=1

for i,j € {1,...,C}. The reported normalized confusion matrix ]\7, ; is
computed by normalizing each row by its total:

— M;;
My = ——2—, @
c
-1 My
where Zf/:] M, is the total number of samples with true class i
(i.e., the row sum). By construction, ch=1 M, ; = 1 for each i, and the
diagonal entries M,; correspond to the class-wise recall.
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ROC curves and AUC (one-vs-rest). For probabilistic models, we com-
puted one-vs-rest receiver operating characteristic (ROC) curves and
the corresponding area under the curve (AUC) using scikit-learn [44].
Let p; . € [0,1] be the OOF-predicted probability that sample i belongs
to class ¢, and let y; . € {0,1} be the binarized ground-truth indicator
for class ¢ (i.e., y;. = 1 if y; = ¢ and 0 otherwise). Sweeping a threshold
t € [0, 1] over p; . yields the true positive rate (TPR) and false positive
rate (FPR):

SN I = Dp 2 1)

TPR,(1) = S
SN I =1
SN I = 0 I(pe > 1) ®
FPR, (1) = == ii’”_ Pic 28
>N I =0)

The AUC for class ¢ is computed via trapezoidal integration over the
ROC curve:
n—1
FPR,,, — FPR,)(TPR, + TPR,
AUCC _ Z ( r+1 r)z( T r+1) ) 9)

r=1

where {(FPR,, TPR,)}"_  are ROC coordinates sorted by increasing FPR
and »n is the number of points on the discretized curve. AUC is not
reported for the ELM model in our implementation because it outputs
hard class labels, whereas AUC requires a continuous score (e.g., a
probability or decision function).

2.8. Cations combinatorial analysis

The cations combinatorial analysis step is intended to integrate the
trained models with experimental synthesis in a practical and informed
manner; its goals are to limit the number of inferences generated by the
models and to increase the likelihood of successful synthesis.

In a real-world HEO design setting, design constraints naturally re-
strict the accessible compositional space. For example, when designing
a solid electrolyte for a solid oxide fuel cell, high ionic conductivity
is required; therefore, candidate inferences can be generated by fixing
cerium across the enumerated composition combinations [49].

Regarding increasing the chances of obtaining a single-phase HEO,
we highlight two strategies: (1) fixation of cations that previous studies
indicate tend to preserve a given structure even when mixed, which
increases the likelihood of success [41]; and (2) starting from low- or
medium-entropy compositions that have been successfully synthesized
as single phase, and using machine-learning models to add the remain-
ing cations such that the composition reaches the high-entropy regime,
which can also improve the chances of success [50].

2.9. Synthesis method

In this study, we adopted a hydrothermal synthesis route. Other
synthesis approaches could also be explored to fabricate compositions
suggested by the machine-learning models. In the literature on high-
entropy ceramics, it is common to exclude the synthesis method as an
input feature for phase-prediction models [5,16-18,27]. This practice is
primarily motivated by data scarcity: there are currently too few HEO
samples synthesized via a wide range of methods and characterized in
a sufficiently consistent manner to encode the synthesis route reliably.
In addition, each synthesis technique introduces its own set of process
parameters, which further complicates its representation in a unified
model. Liu et al. [29] attempted to include synthesis method infor-
mation, but it had limited influence on the model decisions, likely for
the reasons outlined above. Therefore, our models were trained using
the data that are presently available. Under these constraints, perfect
accuracy is not expected and some degree of error is unavoidable.
Nonetheless, the candidates proposed by the models are more likely
to succeed in synthesis than compositions selected at random or purely
based on intuition.

The starting materials were cerium nitrate Ce(NO3)3-6H,0, lan-
thanum nitrate La(NO3)3 - 6 H,O, neodymium nitrate
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Nd(NO3);-6H,0, magnesium nitrate Mg(NO3),-6H,0, and
aluminum nitrate AI(NO3);-9H,O (analytical grade, >99.9%, Sigma-
Aldrich), as well as sodium hydroxide NaOH (P.A.-A.C.S., 100%,
Synth). All reagents were used as received, without further purification.
Deionized water and urea (NH,),CO (P.A.-A.C.S., 100%, Nuclear) were
also used.

High-entropy oxide powders CegjyLlag,Ndg Mgy oAl 20, 5
(equimolar, 20% each cation) were synthesized via a hydrothermal
process, following a procedure similar to that reported elsewhere [51].
Briefly, 0.20 M solutions of each precursor nitrate were prepared
separately, and urea was added to a final concentration of 0.01 M. The
precursor solutions were then added to 30 mL of 7 M NaOH and stirred
for 30 min. The resulting mixture was transferred to a 100 mL autoclave
and heated at 70 °C for 24 h. After cooling, the product was washed
five times with ultrapure water and three times with ethanol, and then
dried at 70 °C for 12 h. Finally, the dried powder was calcined at 800
°C for 1 h using a heating rate of 5 °C min~1.

X-ray powder diffraction measurements were performed on a Bruker
AXS D8 Focus diffractometer equipped with a Ni filter and a Lynxeye
detector, using Cu Ka radiation (4 = 1.5418 10\). Patterns were collected
at room temperature over 20 = 20-90° with a step size of 0.05°
and a scan rate of 1°min~!. Rietveld refinement was performed using
reference data from the Inorganic Crystal Structure Database (ICSD),
and the refinements were carried out with TOPAS Academic 7 software.
Instrumental peak broadening was corrected using a fundamental-
parameters refinement approach. Additional analyses to validate the ef-
fective phase were performed by TEM using a Talos F200X G2 (Thermo
Scientific), including energy-dispersive X-ray spectroscopy (EDS) ele-
mental mapping and selected-area electron diffraction (SAED). TEM
micrographs and diffraction patterns were processed and analyzed
using ImageJ (v1.54g) [52].

3. Results and discussion
3.1. Nested stratified cross-validation (evaluation protocol)

Pearson correlation quantifies the strength of linear dependence
between pairs of features and provides a simple criterion for removing
redundant descriptors. In our workflow, we applied correlation-based
filtering by discarding features whose absolute pairwise correlation
exceeded 0.6. This reduces multicollinearity and limits dimensionality,
while keeping a compact feature set consistent with the target dimen-
sionality discussed in Section 2.5. In addition, we removed clearly un-
informative descriptors (e.g., constant-valued features) prior to model
training.

Table 3 summarizes the most frequently retained descriptors se-
lected by the nested stratified cross-validation pipeline under the
Pearson-based feature selection procedure (including a tie for the tenth
position). For each descriptor, we report the number of occurrences,
defined as the number of times it was retained across all outer-fold
runs and models, together with a brief description. The Supplementary
Information includes Table S1, which provides an analogous summary
for the permutation feature importance selection strategy. Overall,
the Pearson-based procedure was substantially more stable: the top
nine Pearson-selected features were identical across all outer folds
and models, whereas under permutation feature importance no single
feature was retained consistently across all outer folds and models.

An additional observation is that the descriptors retained by both
selection strategies (Pearson filtering and PFI) share closely related
physical meaning, spanning multiple electronegativity scales, electron
affinity, atomic-size measures, and enthalpy-related descriptors. These
quantities are frequently implicated in discussions of stable single-
phase HEO formation [3,5,10,13,35]. A few selected descriptors do
not have an equally direct or intuitive connection to phase formation
and may instead reflect indirect correlations with the phenomenon
(e.g., atomic_spacegroupnum_max). This agreement supports the
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Table 3
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Most frequent features selected across the outer folds (Pearson approach). Occurrences count how many times each feature was
retained across all outer-fold runs and models (maximum = 5 folds x 4 models = 20).

Feature Occurrences Description

atomic_ea_min 20 Minimum electron affinity among constituent elements.
atomic_ea_sum 20 Sum of electron affinity over all constituent elements.
atomic_en_allen_std 20 Standard deviation of Allen electronegativity across constituent elements.
atomic_en_allen_sum 20 Sum of Allen electronegativity over constituent elements.
atomic_en_allredroch_min 20 Minimum Allred-Rochow electronegativity among constituent elements.
atomic_hatm_min 20 Minimum enthalpy of atomization (H,,) among constituent elements.
electrical_resist_max 20 Maximum elemental electrical resistivity among constituent elements.
mineral_hardness_max 20 Maximum elemental mineral hardness among constituent elements.
van_der_waals_rad_min 20 Minimum van der Waals radius among constituent elements.
atomic_ea_max 16 Maximum electron affinity among constituent elements.
atomic_spacegroupnum_max 16 Maximum space-group number of the elemental solid among constituent elements.

Table 4

OOF-aggregated performance metrics from the nested stratified cross-
validation evaluation. Acc = accuracy; P, Riacros Flmaero = macro-averaged
precision, recall, and F1; P, R,,, F1,, = support-weighted (frequency-weighted)
precision, recall, and F1.

macro?

Model Acc Pracro  Rmaro  Fliuero Py R, F1,

Random Forest 0.781 0.645 0.677 0.656 0.732 0.781 0.751
Gradient Boosting  0.759 0.663 0.666  0.663 0.746  0.759 0.751
MLP 0.788 0.688 0.693 0.683 0.760 0.788  0.769
ELM 0.737 0.636 0.638 0.633 0.710 0.737  0.720
Ensemble 0.788 0.686 0.695 0.687 0.764 0.788 0.773

suitability of our feature generation and selection procedure and sug-
gests that the learned patterns reflect physically meaningful structure-
composition relationships rather than purely statistical associations.
Notably, all retained descriptors in Table 3 originate from the NO-
MAD Lab atomic features package, which is widely used in materials-
informatics workflows [53].

Given the similarity in feature type and the substantially lower
computational cost of correlation filtering, the Pearson-based approach
is preferable for the present application, particularly because we train
four base learners and an ensemble model. Importantly, predictive
performance was statistically equivalent for the two selection strategies:
the ensemble achieved an accuracy of 0.79+0.05 with Pearson selection
and 0.80 + 0.04 with permutation feature importance. Because these
differences are not significant and Pearson selection provides clear sta-
bility and efficiency advantages, we adopt the Pearson-selected feature
set for the more detailed evaluation and for training the final ensemble
used in subsequent inference.

In addition to dimensionality reduction to mitigate overfitting, care-
ful definition of the hyperparameter search space is essential for robust
model selection. We therefore bounded each hyperparameter grid to
reflect the limited dataset size. The resulting search spaces for the
four trained models are reported in Tables S2-S5 in the Supplementary
Information.

Table 4 reports the out-of-fold aggregated performance metrics.
Under this metric set, the ensemble achieves the highest values for
all evaluated criteria except macro precision, where it ranks second
by a margin of 0.002. Overall, the ensemble consistently outperforms
the individual base learners, consistent with the expected behavior
of ensemble methods, which are typically more robust than single
models [54]. Among the individual models, the multilayer perceptron
yields the strongest results. Nevertheless, all standalone learners and
the ensemble exhibit broadly similar performance; for example, the
accuracy standard deviations are on the order of 2%.

Macro-averaged metrics assess model behavior under the assump-
tion that all classes are equally important. In class-imbalanced settings,
however, macro metrics can appear lower because they weight mi-
nority classes equally with majority classes. In the present study, the
Mixed class is the smallest class and is also intrinsically difficult to
learn because it represents the coexistence of two or more phases.

Table 5

Class-wise OOF-aggregated performance for the ensemble model. P = preci-
sion, R = recall, F1 = Fl-score (computed in a one-vs-rest manner for each
class), and Support = number of samples in the class.

Class Support P R F1

Fluorite 25 0.767 0.920 0.836
Mixed 11 0.167 0.091 0.118
Perovskite 21 0.800 0.762 0.780
Pyrochlore 16 0.600 0.562 0.581
RocksSalt 38 0.900 0.947 0.923
Spinel 26 0.885 0.885 0.885

Moreover, even minor secondary phases lead to the Mixed label un-
der our protocol, consistent with the definition adopted by Leong
et al. [36]. Consequently, the trend in Table 4-macro metrics being
lower than weighted metrics-is expected. Despite these challenges,
the ensemble achieves a macro Fl-score of 69%, which is reasonable
for a six-class problem (uniform random guessing yields an expected
accuracy of ~17%), particularly given the limited dataset size and the
minority-class difficulty. In this internal CV evaluation, the models
are intentionally left uncalibrated. In the present study, calibration
is reserved for the final inference framework and is used as a post-
processing step to improve the reliability and interpretability of the
predicted class probabilities, i.e., to make the predict_proba out-
puts more closely aligned with empirical confidence levels [44,55].
This is particularly important because these probabilities are used
downstream to support the prioritization and selection of candidate
compositions for experimental synthesis. Accordingly, calibration is
not included in the model-development evaluation protocol used to
estimate the internal metrics reported here, which instead quantify the
discrimination and classification performance of the native outputs.
The ensemble prediction is computed as the average of the four model
probability vectors, where the ELM contributes a one-hot vector with
entries 0 or 1.

For high-entropy oxide design, the objective is often to obtain a
targeted single phase for a specific application; therefore, class-wise
performance is particularly informative. As shown in Table 5, the
ensemble attains high Fl-scores for Spinel, Fluorite, RockSalt, and
Perovskite, a moderate Fl-score for Pyrochlore (a low-support class),
and a low Fl-score for Mixed (the smallest and most heterogeneous
class). Thus, across six classes, performance is strong for four classes,
intermediate for one class, and weak for the minority Mixed class.
The confusion matrix (Fig. 3) provides a graphical summary of this
outcome and shows that samples with true label Mixed are misclassified
into multiple classes. The dominant source of confusion is Pyrochlore,
which likely reflects, at least in part, its low support. Figure S1 in
the Supplementary Information presents the confusion matrices for
the individual models and shows behavior broadly consistent with the
ensemble.

Fig. 4 shows the ROC curves for the individual models and for the
ensemble. ROC curves are not reported for the ELM because it does
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Fig. 3. Row-normalized confusion matrix computed from out-of-fold (OOF) predictions for the ensemble model.

Table 6

Cross-validation performance reported as mean + standard deviation across the K,

accuracy; Preror Riaeros
(frequency-weighted) precision, recall, and F1.

= 5 outer folds. Acc =

outer

Fl,.4o = Mmacro-averaged precision, recall, and F1; P, R, F1, = support-weighted

Model Acc Pcro Rinacro F1,0cr0 P, R, F1,,

RF 0.78 +0.08 0.65 +0.08 0.69 +0.10 0.65 +0.10 0.74 +0.08 0.78 +0.08 0.75 £ 0.09
GB 0.76 + 0.04 0.68 + 0.09 0.68 + 0.06 0.66 + 0.06 0.76 + 0.09 0.76 £ 0.04 0.74 £ 0.05
MLP 0.79 +0.08 0.68 + 0.08 0.70 +£0.09 0.68 +0.08 0.76 +0.08 0.79 +0.08 0.76 + 0.08
ELM 0.74 £ 0.08 0.63 +£0.08 0.65 +£0.09 0.62 +£0.08 0.72 £0.08 0.74 £ 0.08 0.71 £ 0.08
Ens. 0.79 +£0.05 0.69 +0.04 0.70 + 0.07 0.68 + 0.06 0.77 £ 0.05 0.79 +£0.05 0.77 £ 0.05

not produce probabilistic outputs and provides only hard predictions.
Overall, the random forest achieves the highest class-wise AUC values,
whereas gradient boosting yields the highest AUC for the minority
Mixed class. This complementarity — where different models capture
different class-specific patterns — supports the use of ensemble learning.
For the ensemble, the mean AUC across classes is 90% (macro) and
93% (weighted), with all non-minority classes exhibiting AUC values
close to 1. In contrast, for the minority Mixed class, the ensemble
achieves an AUC of 57%, indicating only a slight improvement over
random discrimination. Accordingly, the class-wise AUC values suggest
good discrimination for all classes except Mixed, for which performance
remains only marginally above chance; the class-wise metrics in Table
5 corroborate this conclusion.

Table 6 reports cross-validation performance as mean + standard
deviation across the K., = 5 outer folds. The results are broadly
consistent with Table 4, while additionally quantifying split-to-split
variability. The observed standard deviations (which reach 0.10 for the
random forest F1,,..,, for example) indicate substantial split sensitivity
and reinforce the suitability of the adopted nested stratified cross-
validation protocol for this dataset; in contrast, a single train-test split
could yield a misleading estimate of generalization due to sampling
variability. A further noteworthy observation is that the ensemble gen-
erally exhibits smaller standard deviations than the individual models,
supporting the increased robustness typically associated with ensemble
learning.

3.2. Final ensemble (inference framework)

For the final inference framework, we refit the four base learners
on the full dataset using the hyperparameter settings that were selected
most frequently as optimal across the outer folds of the nested strati-
fied cross-validation procedure. The final feature set was obtained by
applying the Pearson correlation filter to the full dataset, yielding a
fixed set of non-redundant descriptors for deployment. The resulting
hyperparameter configurations and the final feature list are reported in
the Supplementary Information (Table S6 and Fig. S3).

To improve the reliability of the predicted probabilities, the ran-
dom forest, gradient boosting, and multilayer perceptron models were
calibrated using CalibratedClassifierCV from scikit-learn [44]
with sigmoid calibration (Platt scaling) and internal K-fold cross-
validation (K = 5). The final ensemble prediction was then ob-
tained by uniformly averaging the class-probability vectors from the
four constituent models, such that each model contributed an equal
weight of 1/4. This approach corresponds to a soft-voting ensemble
classifier [48].

3.2.1. External validation

Internal validation strategies, such as cross-validation, are widely
used to estimate predictive performance while reducing the bias asso-
ciated with a single hold-out split. Nevertheless, because these evalua-
tions are still performed on data drawn from the same population used
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Fig. 4. One-vs-rest ROC curves (and corresponding AUC) computed from OOF predicted probabilities for the individual models and the ensemble.

for model development, the resulting metrics can remain optimistic and
may not fully reflect real-world generalization [56].

External validation addresses this limitation by evaluating a model
trained on one dataset (study A) using an independent dataset collected
in a different study (study B). This setting provides a more stringent
test of generalization and is commonly regarded as stronger evidence
of out-of-sample performance [57].

To obtain a rigorous estimate of generalization for our final cali-
brated soft-voting ensemble (constructed from the four base learners),
we evaluated it on the dataset compiled by Akrami et al. [40], which
was also used by Liu et al. [29]. Notably, the Akrami dataset contains
only three crystal-structure classes (fluorite, rock salt, and spinel),
whereas our models were trained to discriminate among six classes.

To ensure a strictly external evaluation, we first removed from
the Akrami dataset all compositions that also appear in the Leong
dataset [36]. This de-duplication step yields an external test set com-
posed exclusively of previously unseen compositions. After removing
the overlaps, the external set comprised 29 samples with representa-
tion across the three available phases. On this fully independent set,
the ensemble achieved an overall accuracy of 66%. This performance
indicates a reasonable level of generalization to new compositions (for
reference, uniform random guessing over six classes would yield an
expected accuracy of ~17%). Although the external set spans only
a subset of the phase space considered during training, the results
suggest that the ensemble learned discriminative patterns that transfer
to unseen compositions.

Table 7 reports the overall and class-wise metrics, with F1-scores of
70% or higher for each of the three classes in the external set. Fig.
5 shows the one-vs-rest ROC curves for the same classes, for which
the minimum AUC is 0.84. Taken together, these class-wise F1-scores

and AUC values under strict external validation provide evidence that
the ensemble retains robust predictive performance beyond the training
distribution.

More generally, performance estimates can be inflated when eval-
uation data overlap with, or are processed jointly with, the data used
for model fitting. For this reason, strict external validation typically
provides a more realistic estimate of real-world performance. Liu
et al. [29], for instance, trained and evaluated their models on the full
Akrami dataset [40] and reported AUC values of 1.00, 0.98, and 0.98
for fluorite, rock salt, and spinel, respectively, along with an overall
Fl-score of 98%. Although these values are numerically higher than
those obtained here, direct comparison is limited by differences in
both task definition and evaluation protocol. In particular, the Akrami
benchmark involves three classes, whereas our framework is trained to
discriminate among six phases, which is a more challenging classifi-
cation setting and can lead to lower aggregate metrics even when the
underlying discriminative patterns are similar. In addition, differences
in evaluation protocol can substantially inflate performance estimates
in small-sample settings. For example, the protocol described by Liu
et al. [29] includes applying Adaptive Synthetic Sampling (ADASYN) to
the full dataset prior to defining an independent test split. This proce-
dure may inflate reported performance in small-sample settings because
synthetic samples are generated using nearest-neighbor relationships
derived from the overall data distribution and may indirectly introduce
information from the eventual test set into the training stage. Further-
more, the absence of results on a separate, de-duplicated external test
set limits the conclusions that can be drawn about generalization to
truly unseen compositions.
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Fig. 5. One-vs-rest ROC curves for the final ensemble on the strictly external, de-duplicated Akrami test set [40].

Table 7

Overall and class-wise performance metrics of the final ensemble on a strictly
external, de-duplicated test set derived from Akrami et al. [40]. P, R, and
F1 denote precision, recall, and F1-score, respectively. Support indicates the

number of samples.

Item P R F1 Support
Overall

Weighted 0.789 0.655 0.704 29
Class-wise

Fluorite 0.833 0.625 0.714 8

Rock salt 0.875 0.583 0.700 12
Spinel 0.636 0.778 0.700 9

3.3. Cation combinatorial analysis, synthesis, and characterization

Cerium-based oxides are widely investigated for renewable-energy
technologies, particularly as functional components in solid oxide fuel
cells operating at intermediate temperatures [49]. Motivated by this
relevance, we constructed a constrained combinatorial design space
in which the cerium cation was fixed. To keep the inference space
tractable and to satisfy the minimum compositional requirement for
classification as a high-entropy oxide, we restricted the search to
equimolar compositions containing exactly five cations. In addition, to
avoid trivially inheriting fluorite behavior from the CeO, end member
and to pose a more stringent test for phase prediction, we fixed three
additional cations whose binary oxides adopt non-fluorite structures.
Importantly, these three fixed cations (besides Ce) were selected at ran-
dom from a pool of ~40 experimentally accessible oxides. Specifically,
La,0; and Nd,0; (hexagonal) and MgO (rocksalt) were included as
fixed constituents, while the fifth cation was selected from the same
pool of ~40 experimentally accessible oxides.

Using the combinatorial space defined above, the soft-voting Ensem-
ble classifier described in Section 3.2 was applied to generate phase pre-
dictions for all hypothetical compositions. Because fluorite-type struc-
tures are frequently targeted in oxide systems (e.g., in solid-electrolyte
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Table 8
Final ensemble predictions for compositions classified as fluorite, including the
fluorite class probability and the second-ranked phase (with its probability).

Composition Inference  P(Fluorite) Second phase  P(second)
Ce,Lay,Ndj,Mg,Zry,0,_5  Fluorite 0.559 Rock salt 0.106
Cey,Lay,Nd,,Mg,,Zn;,0,_5  Fluorite 0.540 Rock salt 0.165
Ce,La,y,Nd;,Mg,,Ti;,0,_s  Fluorite 0.520 Perovskite 0.149
Ce,,La,y,Ndj,Mg,,Co,,0,_5  Fluorite 0.510 Rock salt 0.119
Cey,Lay,Nd,,Mg,,Pdy,0,_;  Fluorite 0.493 Rock salt 0.134
Ce,Lay,Ndy,Mg,Fey,0, 5  Fluorite 0.455 Perovskite 0.119
Ce,,Lay,Nd;,Mg,,Bay,0,_ ;  Fluorite 0.439 Perovskite 0.174
Cey,Lay,Nd,,Mg,,Gay,0,_;  Fluorite 0.402 Perovskite 0.195
Ce,Lay,Ndy,Mgy,Cay,0, 5  Fluorite 0.380 Perovskite 0.245
Ce,,Lay,Nd;,Mg,,Ge,,0,_5;  Fluorite 0.379 Perovskite 0.214
Ce,Lay,Nd, Mg ,In,,0,_; Fluorite 0.377 Perovskite 0.253
Cey,Lay,Nd,,Mg,,Al;,0, 5  Fluorite 0.367 Perovskite 0.199
Ce,,Lay,Nd;,Mg,,Lij,0, s  Fluorite 0.314 Perovskite 0.300

and electrostrictive contexts), we focus on candidates inferred as fluo-
rite [49,58]. Table 8 summarizes the compositions selected for exper-
imental consideration, reporting the Ensemble probability assigned to
the fluorite class as well as the second most probable phase and its
associated probability.

For practical reasons, we report here the synthesis of
Ceg 5Lag ,Ndj Mg, 5Alj ,0,_s. This composition was initially selected
because an earlier version of the Ensemble model ranked it as the
highest-probability fluorite candidate at the time the experimental
work was initiated. In addition to its predicted fluorite likelihood, the
choice of an Al-containing composition was also guided by practical
considerations, as Al precursors are typically more cost-effective than
several alternatives listed in Table 8. While data-driven screening
cannot guarantee phase formation with 100% success, the Ensem-
ble provides an efficient, low-cost strategy expected to outperform
unguided trial-and-error exploration, while avoiding the prohibitive
computational expense of large-scale ab initio screening across extensive
compositional spaces.

To determine the most plausible crystal structure for the synthe-
sized sample, we first performed a Search-Match routine using the
EXPO program [59], which suggested a defective-fluorite prototype.
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Fig. 6. Structural and microstructural characterization of Cey,Lay,Nd,,Mg;,Al;50, 5: (A) XRD pattern with Rietveld refinement, (B) SAED pattern, and (C)

TEM-EDS elemental mapping.

Subsequently, Rietveld refinement was carried out using TOPAS-7 Aca-
demic. Fig. 6a shows the observed and refined XRD profiles along
with the refinement indicators R,,, (weighted profile R-factor), GoF
(goodness of fit), and Rpage (Bragg R-factor). The obtained values fall
within commonly adopted quality criteria (R, < 20%, GoF< 5, and
Rgyqag < 3) [60], supporting a reliable assignment to a defective-fluorite
structure. The refinement further indicates substantial lattice distortion.
Both oxygen-vacancy defects (as suggested by the Search-Match result)
and pronounced lattice distortion are consistent with expectations for
high-entropy oxides [61], arising from the coexistence of cations with
disparate ionic sizes and charges. In particular, size mismatch promotes
lattice strain, while charge mismatch is accommodated through oxygen
vacancies to maintain electroneutrality.

In Fig. 6¢, the TEM-EDS elemental maps (Al: orange, Ce: red, La:
blue, Mg: magenta, and Nd: yellow) show a uniform spatial distribution
of all constituent cations, with no evidence of segregation at the probed
length scale; the composite overlay further emphasizes this homogene-
ity. Selected-area electron diffraction (SAED) (Fig. 6b) independently
corroborates the fluorite-type assignment: the pattern exhibits Debye—
Scherrer rings typical of polycrystalline materials, and the extracted
interplanar spacings (d-spacings) are reproducible and can be indexed
to fluorite reflections. As summarized in Table 9, the measured d-
spacings closely match the reference values for fluorite CeO, obtained
from the ICSD entry provided as Crystallographic Information File (CIF)
24887, supporting the phase identification. In addition, the presence
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Table 9
Experimental 1/R values and derived interplanar spacings (d,,;), compared
with reference d,;, values from CIF 24887.

Crystallographic plane 1/R (nm™) di A) d,., CIF 24887 A)
(111) 3.35975 2.97641 3.127968

(200) 3.86636 2.58641 2.70890

(220) 5.49441 1.82003 1.915482

(311) 6.43359 1.55434 1.633528

of parallel lattice fringes further indicates the high crystallinity of the
synthesized powder.

3.4. Insights into the phase-formation phenomenon in HEOs

To gain mechanistic insight into the ensemble classifier and quan-
tify how each descriptor contributes to phase discrimination, we em-
ployed SHapley Additive exPlanations, a model-agnostic interpretabil-
ity framework [62]. Fig. 7 summarizes the five most influential de-
scriptors, showing (a) the global mean absolute SHAP values (average
feature importance across the dataset) and (b) a layered violin (sum-
mary) plot for the fluorite class, which relates feature magnitude (low
vs. high values) to both the direction and the strength of the model
output. Precise definitions of the descriptors are provided in Table 3.



A. da Silva Sousa Santos et al.

As shown in Fig. 7a, electronegativity-related descriptors are among
the dominant drivers of phase discrimination, consistent with prior
reports [29,36,63]. Whereas these earlier studies often rely on ag-
gregation schemes based on electronegativity differences, our results
indicate that alternative composition-to-feature constructions can also
yield strong discriminative performance. In addition, although Pauling
and Mulliken electronegativities are frequently adopted in high-entropy
materials informatics, we find that electron affinity and the Allen
and Allred-Rochow electronegativity scales also provide substantial
predictive signal across multiple phase classes. Although different elec-
tronegativity scales may exhibit similar qualitative trends, their predic-
tive capabilities can differ substantially [64]. Notably, the minimum
Allred-Rochow electronegativity exhibits strong ability to discriminate
among all six phases, suggesting that the lower tail of the constituent
electronegativity distribution may encode chemically meaningful con-
straints on bonding preferences and phase stability. From a physical
standpoint, electronegativity is closely related to bond character and
charge-transfer propensity and is therefore expected to correlate with
the relative stability of competing crystal structures in compositionally
complex oxides [63].

Fig. 7a also highlights the minimum atomization enthalpy as an
influential descriptor, with particular relevance for separating the rock
salt class from the remaining phases. Atomization enthalpy reflects the
energetic cost of disrupting atomic bonding and thus correlates with
both the number and the strength of bonds that an element can form. Its
prominence is consistent with the expectation that cohesion and bond
energetics influence which oxide frameworks are stabilized under high
configurational disorder.

The layered violin summary in Fig. 7b further indicates that, for
fluorite classification, one of the strongest drivers is the sum of electron
affinity. This trend aligns with the conclusions of Syarif et al. [65],
who identified electron affinity as a key variable governing phase for-
mation in high-entropy alloys using a machine-learning-based analysis.
In addition, the relevance of an electronegativity-dispersion descrip-
tor (e.g., the standard deviation of electronegativity) for fluorite is
broadly consistent with the findings of Liu et al. [29], where electroneg-
ativity differences were reported as central descriptors for fluorite
classification.

The importance of electron-affinity- and electronegativity-related
descriptors for fluorite can be rationalized by their close connection
to polarization and charge-transfer tendencies. In ionic ceramics, varia-
tions in polarization and local charge distribution can strongly affect ge-
ometric preferences and, consequently, structural stability [29]. More-
over, HEOs often deviate from simple average-site pictures; instead,
local environments and the chemistry of participating ions can play
an outsized role in determining the adopted structure [66]. This per-
spective is particularly relevant when interpreting the fluorite phase,
which contrasts with more compositionally flexible oxide frameworks
such as perovskites [67]. In such structures — and likewise in spinel and
pyrochlore — multiple crystallographically distinct cation sublattices
are available, which can accommodate chemical complexity through
site partitioning and thus broaden the accessible composition space. In
fluorite-type HEOs, by contrast, random cation mixing occurs on a sin-
gle cation site, and stabilization is favored when cations can randomly
share a single site while avoiding short-range cation-anion repulsion
and anion-anion repulsion (double repulsion), i.e., by balancing ionic
sizes and local electrostatics [68,69]. The maximum elemental space-
group number in the composition (atomic_spacegroupnum_max)
also ranks among the most relevant descriptors for fluorite. Although
this feature is an empirical proxy derived from the stable elemental
solids, it may capture whether at least one constituent tends to adopt
high-symmetry packing and coordination environments, which can be
associated with the stabilization of fluorite-type structures.

Finally, we emphasize that the summary visualization in Fig. 7b
does not explicitly represent feature-feature interactions. Such interac-
tions are captured by the underlying machine-learning model, whereas
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SHAP summary plots primarily report associations between descrip-
tor magnitudes and model output. Therefore, although SHAP is valu-
able for generating physically motivated hypotheses regarding phase-
formation trends, these results should not be interpreted as direct causal
rules that fully explain the phenomenon.

4. Conclusion

The results of this study support the premise that machine-learning
models, by extracting latent relationships from patterns in experimental
datasets, can enable efficient exploration of the vast compositional
space of high-entropy oxides. From a modeling perspective, the pro-
posed soft-voting ensemble achieves solid performance on a six-class
phase-classification task, as evaluated using a leakage-safe nested strat-
ified cross-validation protocol and an external validation dataset (F1-
scores of 77% and 70%, respectively). In addition, the SHAP analysis
suggests that the learned decision rules are physically meaningful.
Notably, the minimum Allred-Rochow electronegativity emerges as a
key descriptor, exerting a strong influence on ensemble predictions
across all six phase classes.

From an experimental perspective, we successfully synthesized a
fluorite HEO composition predicted by the framework and confirmed
its phase by X-ray diffraction with Rietveld refinement and trans-
mission electron microscopy. Overall, these combined theoretical and
experimental results indicate that machine-learning-assisted design can
increase the likelihood of obtaining targeted HEO phases and can
provide interpretable insights into structure-composition relationships
through feature-importance analysis.

Despite the encouraging overall results, some limitations should
be noted. In particular, performance for the Mixed class remained
comparatively weaker than for the other classes, indicating that this
category is still more challenging for the proposed framework. This may
be partly explained by both the way the labels were constructed and
the fact that Mixed is the minority class in the dataset. In addition,
the external test set was relatively small, which limits the strength of
generalizations regarding real-world performance.
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