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oration of AB2X4 (X = O, S, Se, Te)
spinel chemical space

Panyalak Detrattanawichai, Zhenzhu Li, Hyunsoo Park, Kinga O. Mastej
and Aron Walsh *

The discovery of materials has long been a fundamental building block for technological advancement, yet

traditional trial-and-error methods are slow and costly to meet the growing demand for novel functionality,

particularly in green energy technologies, energy storage, and electronics. In response to this challenge,

high-throughput screening and data-driven workflows that combine computational simulations,

machine learning models, and materials databases have emerged as powerful tools for accelerating

materials discovery. Spinels (AB2X4) stand out as a versatile class of materials with applications ranging

from energy storage to catalysis. However, their full compositional space remains largely unexplored. In

this work, we present a data-driven framework to identify potentially synthesisable spinel compounds

composed of the first 83 elements in the periodic table with oxygen (O2−) and three chalcogen anions

(S2−, Se2−, Te2−). Over 30 000 charge-balanced and chemically plausible candidates, including inverse

spinels, were sequentially filtered based on the stability, structural feasibility, and electronic properties

criteria. Our workflow integrates materials databases, empirical heuristic rules, and machine learning

predictions to efficiently reduce the candidate pool. As a result, 2303 novel spinel candidates were

identified from this workflow, offering a diverse subset of target compounds for further investigation.
Fig. 1 (A) Normal spinel structure of MgAl2O4, where the tetrahedral
and octahedral sites are occupied by Mg2+ and Al3+, respectively. (B)
1 Introduction

There is a transition toward clean energy solutions to tackle
global challenges such as resource scarcity and climate change,
both of which demand urgent and innovative solutions. As
a result, the need for novel materials for green energy tech-
nology is more crucial than ever.1–6 The discovery of materials
with the necessary functionality will not only drive technolog-
ical innovation, but can also support global sustainability goals.

Among many classes of materials, spinels, a family of AB2X4

compounds that adopt the crystal structure of the naturally
occurring mineral MgAl2O4, stand out due to their structural
versatility and wide-ranging properties. In the regular spinel
structure, the larger X anions form a tightly packed cubic
structure, with the A- and B-site cations lling the tetrahedral
and octahedral sites, respectively, arranged in compliance with
the space group Fd�3m.7–12 A wide range of elemental substitu-
tions at A and B sites are possible, leading to exceptional
structural exibility and a large number of naturally occurring
and synthetic spinels.13–16

Barth and Posnjak17 found that the A- and B-site cations can
vary their distributions between the tetrahedral and octahedral
voids, creating cation disordering. Spinels with A-site cations
occupying tetrahedral sites and B-site cations occupying
ondon, London SW7 2AZ, UK. E-mail: a.

8–2136
octahedral sites, as shown in Fig. 1A, are known as “normal”
spinels (e.g.MgAl2O4). In comparison, spinels with half of the B-
site cations occupying the tetrahedral sites, while the A-site
cations and the other half of the B-site cations occupying the
octahedral sites, as shown in Fig. 1B, are known as “inverse”
spinels (e.g. SnZn2O4). These represent two extremes, and
a parameter that describes the distribution of cations between
A- and B-sites, which quanties the likelihood of a spinel
structure being “inverse”, is known as the cation inversion
parameter (or degree of inversion) x, ranging from 0 to 1.
Therefore, the formula for AB2X4 spinel can be rewritten as
(A1−xBx)[AxB2−x]X4, where x = 0 refers to normal spinel and x =
Inverse spinel structure of MgAl2O4 with cation inversion parameter x
= 1, where the tetrahedral sites are occupied by half of the Al3+, while
the octahedral sites are occupied by Mg2+ and the remaining half of
the Al3+.

© 2026 The Author(s). Published by the Royal Society of Chemistry
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1 refers to inverse spinel.13,14 This distribution of cations can
signicantly manipulate the properties of the structure.

Disorder in the cation sublattice can impact the chemical
and physical properties of spinels. This can be observed from
their applications as superconductors (e.g. LiTi2O4),18–20 cata-
lysts (e.g. NiAl2O4),21–24 magnetic cores (e.g. Fe3O4),25 and gas
sensors (e.g. ZnFe2O4).24 With such a wide range of applications,
spinel has become one of the interesting classes of compounds
that could potentially be utilised in green energy technologies,
such as electrochemical energy storage.26–28

Most spinel studies have primarily focused on naturally
occurring compositions or on optimising specic properties,
leaving a large number of valuable compounds potentially
undiscovered.9–12,29–32 Given the vast number of potential
elemental combinations across A-, B-, and X-sites, exploring the
entire compositional space of spinels through a conventional
trial-and-error experimental or computational approach is
impractical and unrealistic due to chemical complexity and
resource demands involved. Bhattacharya and Wolverton used
high-throughput rst-principles calculations to explore quater-
nary spinels such as LiTiFeO4 for Li-battery cathodes.33
Fig. 2 Space of chemically valid AB2X4 spinels, generated using SMACT w
level of oxidation state threshold. The triangle orientations represent diff
known spinel compositions. The x- and y-axes correspond to A-site and
group IA to the lanthanides). The diagonal line denote the A3X4 spinels w

© 2026 The Author(s). Published by the Royal Society of Chemistry
Quintero et al. synthesised a series of novel quaternary thio-
spinels, including Li2MgSn3S8.34 Such studies highlight the
potential for realising new materials in this space.

Here, we present a data-driven workow integrating
computational simulations, machine learning models, and
materials databases to efficiently explore the full compositional
space of ternary spinels, focusing on compounds formed from
the rst 83 elements in the periodic table with four anions O2−,
S2−, Se2−, and Te2−. Our workow enables a systematic
approach to narrow down the search space from over 30 000
possible compositions to 2303. These data-driven methods
allow us to rapidly screen for candidates among thousands of
compounds, substantially minimising the experimental and
computational cost.

2 Results and discussion
2.1 Data mining

We begin by collecting experimentally reported AB2X4 spinel
materials from the Materials Project (MP)35 and the Inorganic
Crystal Structure Database (ICSD)36,37 to examine how known
ith three oxidation state thresholds. The intensity of blue indicates the
erent anion types. The red triangle markers denote the experimentally
B-site cations, respectively, in the order of periodic table group (from
here the same cation occupies both A and B sites.

Digital Discovery, 2026, 5, 2128–2136 | 2129
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spinels are distributed over the chemical space. For the MP, the
MP API is employed to retrieve entries with the formulas AB2X4

and A3X4 in the Fd�3m space group. For ICSD, a manual search is
carried out for entries with space group Fd�3m and structural
type similar to MgAl2O4. The retrieved entries are then ltered
to retain only compositions matching the AB2X4 or A3X4

formula. To ensure consistency, compositions with non-integer
stoichiometric coefficients are rounded to the nearest integers.

Combining both datasets, we identify 234 known spinels in
this space. Among them, there are 124 oxides, 72 suldes, 34
selenides, and 4 tellurides. These known compositions are
highlighted in Fig. 2 using red triangle markers, where different
triangle orientations indicate different anion types.
2.2 Generating spinel compositions

We start by applying a series of chemical rules-including charge
neutrality and electronegativity balance-to efficiently screen for
chemically plausible compositions composed of the rst 83
elements, excluding noble gases, in the periodic table with
oxygen and three chalcogen anions. These rules are imple-
mented in the Semiconducting Materials by Analogy and
Chemical Theory (SMACT)38,39 package.

Spinels are heteropolar compounds and can be classied
based on how the charges are balanced. For the general formula
AB2X4, charge neutrality requires that the sum of cationic charge
satises qA + 2qB=−4qX. For oxides and chalcogenides, where qX

= −2, this leads to three common charge combinations: (qA = 2,
qB = 3), (qA = 4, qB = 2), and (qA = 6, qB = 1), with known
examples being MgAl2O4, TiMg2O4, and WLi2O4, respectively.

To note here, the oxidation states of elements used during
the SMACT screening include every possible oxidation state that
are found in ICSD data, without considering the imbalanced
distribution of commonly or uncommonly seen oxidation
states. In response to this, three oxidation state thresholds-low,
medium, and high-to lter for chemically valid compositions
are implemented. The low threshold includes all reported
oxidation states that appear at least 3 times; the medium
threshold excludes those that appear less than 10% of total
appearance for a given element; and the high threshold retains
only the most common oxidation state for each element.

The resulting chemically valid compositions are represented
in Fig. 2, where different triangle orientations indicate different
anion type (same as the known ones), and the intensity of the
blue represents the three levels of oxidation state thresholds.
Using SMACT, we obtain 16 175, 5745, and 1907 valid compo-
sitions for the low-, medium-, and high-threshold lters.
“Recover” is used here to refer to the fraction of experimentally
known spinels that are successfully preserved aer applying the
screening lter. In detail, the low threshold recovers 100% of
the known AB2X4 spinels. However, the number of recovered
known spinels drops by 9% at the medium threshold and by
40% at the high threshold. This highlights the importance of
oxidation state selection when identifying potential candidates.
To balance chemical plausibility with compositional exibility-
while ignoring rare oxidation states-the medium threshold is
adopted for the remainder of our investigation.
2130 | Digital Discovery, 2026, 5, 2128–2136
2.3 Structural optimisation

To proceed with further calculations, we rst generate two
prototype structures with lattice parameter a = 8 Å: one repre-
senting the normal spinel conguration, resembling that of
MgAl2O4, and another representing the inverse conguration,
generated using the Special Quasirandom Structure (SQS)40,41

approach based on the normal prototype. These prototype
structures serve as initial structures for all compositions
generated using SMACT. Therefore, we have more than 10 000
structures to optimise. It is important to note that the normal
and inverse structures for A3X4 spinels are the same since they
only possess one type of cation. To efficiently screen the large
number of candidate structures, a machine learning force-eld
model pre-trained with inorganic materials, the Multiple
Atomic Cluster Expansion (MACE),42–44 is employed to accelerate
the optimisation of crystal structures. The foundation model
MACE-MP-0a is used to perform structural relaxation via the
Atomic Simulation Environment (ASE) using the FIRE structural
optimisation algorithm. Both atomic positions and cell are
allowed to relax freely through the Frechet cell lter with a loose
force convergence criterion fmax = 0.05 eV Å−1. To avoid exces-
sive calculations on structures that fail to converge, the
maximum number of optimisation steps is set to 600. In the
calculations, any structure that fails to converge within this
limit or possesses excessively large forces is discarded from
further analysis.

To verify the accuracy of the MACE-MP-0a for the spinels
family, comparative calculations on a representative set of the
spinel chemical space (10 oxides, 10 suldes, 10 selenides, and
4 tellurides) have been carried out using MACE-MP-0a and
conventional Density Functional Theory (DFT)45,46 with Perdew–
Burke–Ernzerhof (PBE)47 functional within Vienna Ab initio
Simulation Package (VASP).48,49 The resulting parity and differ-
ence plots for lattice parameters and total energy per unit cell
are provided in the SI as Fig. S1 and S2 with the computational
details. The results show that while MACE-MP-0a is powerful for
oxides, an increase in uncertainty of prediction is observed for
the chalcogenides, especially tellurides, which likely reects the
decreasing abundance of relevant training data for these
chemistries in the MACE-MP-0a model.
2.4 Crystal likelihood

Aer obtaining the optimised structures and their total ener-
gies, we calculate the energy above the convex hull (Ehull) for
each structure based on the MACE-predicted energy using
functions from Python Materials Genomics (Pymatgen).50

Notably, Pymatgen phase diagram module could not calculate
Ehull of Yb due to data deprecated on MP. Therefore, composi-
tions with Yb are excluded from the screening. For composi-
tions where both the normal and inverse congurations
successfully converged, the structures with the lower Ehull are
selected for further analysis. This method allows for evaluating
the crystal likelihood using thermodynamic approach for each
structure and visualise the distribution of Ehull across different
anion types, as shown in Fig. S3 in the SI. While Ehull =

0 corresponds to the prediction of a stable compound on the
© 2026 The Author(s). Published by the Royal Society of Chemistry
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convex hull from the MP database, a metastability window
exists where materials have been experimentally realised. In
this work, we dene a metastability window of Ehull # 0.2 eV per
atom.

Beyond pure thermodynamic considerations, data-driven
measures have also been developed to assess how likely it is
that a new compound can be synthesised.51–56 To further rene
the candidate screening, a data-drivenmachine learningmodel,
namely, synthesisability-stoi-CGNF, based on Positive Unla-
belled Learning (PUL) proposed by Jang et al.53 is also adopted
to investigate the crystal likelihood from a different perspective.
This model is trained using stoichiometric crystal data, where
known compositions are labelled as 1 (positive) and unknown
as 0. The output of this model is a metric, namely, crystal-
likeness score (CLscore), ranging from 0 to 1, where higher
values indicate an increased likelihood of compound stability.
According to Jang's study, compositions with CLscore $ 0.5 are
considered potentially stable. However, since this model only
takes stoichiometry (or compositions) as input, it cannot
distinguish the difference between normal and inverse spinels.
Nevertheless, this method offers us a complementary perspec-
tive on the crystal likelihood of spinels based on existing
materials data. The distribution of CLscore is illustrated in
Fig. S4 in the SI.

NEhull
¼ 1� Ehull

a
(1)
Fig. 3 Chemical space of oxide spinels that satisfy both Ehull # 0.2 eV pe
lighter and darker shades designate lower and higher crystal likelihoo
inversion parameter (xeq), where lighter orange designates the normal co
red square markers denote the experimentally known spinel compositio

© 2026 The Author(s). Published by the Royal Society of Chemistry
NCLscore ¼ CLscore� b

b
(2)

Sscore ¼ NEhull
þNCLscore

2
(3)

From the thermodynamic and data-driven evaluations, we
combine the results by choosing only structures that satisfy
both criteria (Ehull # 0.2 eV per atom and CLscore $ 0.5). Each
metric is rst normalised using eqn (1) and (2), where a and
b refer to a metastability window of Ehull and stability threshold
of CLscore, respectively. For example, a = 0.2 eV per atom and
b = 0.5 in Fig. 3. The normalised values are then averaged to
dene a new single unied metric called super score (Sscore) as
shown in eqn (3). This score integrates both Ehull and CLscore to
quantify the joint likelihood of each composition on a scale
from 0 (unlikely) to 1 (likely). The chemical space of oxide
spinels with their Sscore is depicted in Fig. 3A, with the distri-
bution shown in Fig. S5 in the SI. This metric allows us to rank
and prioritise spinel candidates. The chemical space of other
types of spinel (X = S, Se, and Te) with their Sscore are shown in
Fig. S6–S8 in the SI.

The recovered percentage of the experimentally known oxide
spinels under the medium oxidation state threshold at different
Ehull, CLscore, and Sscore can be illustrated as Fig. 4 (The same
illustrations for suldes, selenides, and tellurides are provided
in the SI Fig. S9). The initial recovered percentage starts at
r atom and CLscore$ 0.5. (A) The blue gradient indicates Sscore, where
d, respectively. (B) The colourmap represents the equilibrium cation
nfiguration, and darker purple represents the inverse configuration. The
ns.

Digital Discovery, 2026, 5, 2128–2136 | 2131
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Fig. 4 Fraction of recovered experimentally known oxide spinels with
medium oxidation state threshold for the initial chemical filter.
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91.9%, reecting that 8.1% of known compositions are
excluded by the initial chemical lter (SMACT) or failed to
converge during structural optimisation using the MACE force
eld. From this baseline, stricter screening lter naturally
reduces the recovery rate further.

For the thermodynamic lter (Ehull), which is represented by
the red solid line, the recovery rate remains constant above Ehull
= 0.4 eV per atom but decreases to 83.1% at the metastability
window of Ehull = 0.2 eV per atom. This indicates that the
thermodynamic lter successfully captures the majority of the
known oxide spinels with 83.1% true positive rate. The data-
driven lter (CLscore) represented by the blue dotted line, on
the other hand, is more selective, recovering 75% of the known
oxide spinels at the stability criterion of CLscore = 0.5. This
shows slightly weaker performance than the thermodynamic
approach, yet it still provides a reasonable prediction of the
crystal likelihood based on existing data. These results support
our chosen criteria for identifying crystal likelihood as they
preserve a large fraction of the known oxide spinel composi-
tions. With both lters combined into Sscore, which is repre-
sented by the purple dashed line, the recovery rate becomes
66.9% at Sscore = 0. It is important to note that this 66.9%
recovery rate does not represent a failure to identify valid
materials, but rather the strictness of our combined screening
lters that prioritises high-condence predictions. The
excluded 33.1% largely consist of rare elements where the
underlying training data for the ML model is scarce. This
suggests that Sscore offers a continuous and balanced metric for
evaluating crystal likelihood.

From Fig. 2 and 3A, it can be seen that a large portion of the
chemical space has been ltered out during the screening
process, retaining only compositions that pass through chem-
ical lter and MACE structural optimisations, while satisfying
2132 | Digital Discovery, 2026, 5, 2128–2136
both the thermodynamic and data-driven stability criteria. This
signicant reduction reects the strictness of the combined
lters and indicates that many compositions are unlikely to be
synthesisable. However, it is important to note that this may not
always reect true instability since some valid but rare compo-
sitions may be excluded due to limitations in the force eld or
machine learning models used in the workow. This point is
supported by the fact that 66.9% of the known oxide spinels
pass through the thermodynamic and data-driven lters, where
some of the known oxide spinels that are chemically valid but
contain rare elements, such as TcCo2O4, NiRh2O4, and
MnSm2O4, are ltered out. This shows that data scarcity of
compositions containing such elements can impact model
predictions and inuence the screening.

Moreover, it is shown in Fig. 3A that compositions with high
Sscore are spatially clustered in the chemical space. This clus-
tering suggests that compositions with similar chemical struc-
ture tend to share similar crystal likelihood proles. These
patterns can be used to guide exploration regions in the
chemical space that may be particularly promising for further
studies.
2.5 Cation inversion

We have not yet distinguished between normal and inverse
spinels. MgAl2O4 is a normal spinel if naturally grown (x z 0).
However, when exposed to a high temperature (ca. 900 °C), the
cations exhibit disordering with x z 0.3.57 Furthermore, it is
found that synthetic MgAl2O4 usually exhibit cation disordering
with x ∼ 0.1 to 0.6.13 The disorder has been analysed and
modelled using methods such as X-ray diffraction,58 neutron
diffraction,9,59 Mössbauer spectroscopy,9,60 classical electro-
statics,61 and ligand eld theory.62

xeq ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
9þ 8ðc� 1Þp � 3

2ðc� 1Þ ; (4)

One driving force for cation inversion is congurational
entropy. The normal spinel corresponds to a single congura-
tion of atoms in a unit cell, while the inverse spinel features
a range of possible distributions, which can lower the free
energy of the compound. The role of entropy becomes more
important at higher temperatures. Wei and Zhang14 proposed
a thermodynamic model based on the earlier work of Navrotsky
and Kleppa63 to estimate the equilibrium cation inversion
parameter (xeq) at a specic temperature using the energy
difference between the normal and inverse conguration, as
expressed in eqn (4), where c= eDE/kT, DE= Einverse− Enormal, k is
Boltzmann constant, and T is temperature. Using this model,
they successfully predicted the equilibrium cation inversion
parameter for several oxide spinels. We adopt their approach to
cation inversion at room temperature (298.15 K) across the
spinel chemical space using MACE-predicted energies for both
normal and inverse structures.

The results for oxide spinels are illustrated in Fig. 3B, and
the results for the rest are provided as SI. This approach cannot
describe inversion of A3X4 spinels, as the current force elds
© 2026 The Author(s). Published by the Royal Society of Chemistry
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don't distinguish between different species (charges) of the
same element. Therefore, A3X4 spinels are excluded from
Fig. 3B. Interestingly, consistent with what was observed using
Sscore in Fig. 3A, the equilibrium cation inversion parameter
shows clear clustering of normal and inverse congurations
across the chemical space. Compositions with similar chemical
features exhibit similar cation disordering behaviour.

To determine the preferred conguration, we compare the
Ehull of the normal and inverse congurations and select the
one with lower Ehull for each composition. In cases where both
congurations possess the same Ehull, conguration with lower
total energy is chosen. We further validated these preferences by
mapping them onto orbital radii maps64,65 and comparing them
against preferences determined by xeq, which are rounded to
0 and 1. The resulting maps as shown in Fig. S10 and S11 show
identical distributions, demonstrating that the energetically
more stable structure, which is indicated by the lower Ehull,
aligns with the calculated xeq. Therefore, we adopt the lower
Ehull conguration as the representative structure for each
composition.
2.6 Candidate spinels

The number of candidate compositions remaining aer each
step of the screening process are summarised in Table 1. The
pool of possible compositions for each anion is 832 = 6889. By
applying the chemical lter using SMACT with the medium
oxidation state threshold, the number is reduced by over 75%
for oxide, sulde, and selenide spinels, and even more by 87.3%
for telluride spinel. This shows the critical role of basic chem-
ical rules in materials screening. By applying thermodynamic
lter (Ehull # 0.2 eV per atom), the pool is further reduced by an
average of 11.15% of the possible compositions. On the other
hand, the data-driven lter (CLscore $ 0.5) is slightly less
Table 1 Number of candidate AB2X4 compositions after each step of sc

Type of anions Known Possible Chemical lter Ehull # 0.2 eV

Oxide 124 6889 1679 885
Sulde 72 6889 1668 736
Selenide 34 6889 1529 671
Telluride 4 6889 869 370

Table 2 Top 10 hypothetical spinel candidates from the combined ther
were found to possess no imaginarymode in their phonon dispersions, in
surfaces. n- and i-AB2X4 refer to normal and inverse configurations, resp

Type of anions Compositions

Oxide n-ReK2O4 n-OsK2O4

n-ReRb2O4 n-ReHg2O4

Sulde n-CTl2S4 n-Pd3S4
n-PbTl2S4 n-OsTb2S4

Selenide n-TeCs2Se4 n-SrB2Se4
n-CaSb2Se4 n-CaB2Se4

Telluride n-MgNd2Te4 n-ZrBa2Te4
n-MgGd2Te4 n-MgLu2Te4

© 2026 The Author(s). Published by the Royal Society of Chemistry
selective by narrowing down an average of 8.2%. However, with
the two lters combined, the pool is effectively reduced to an
average of 8.4% of the possible compositions. This highlights
the utility of unied metrics that combine thermodynamic and
data-driven statistical information.

Based on Sscore, top candidates for each type of spinel are
identied by ranking all compositions. This represents the raw
output of the models that has not been human-ltered. Table 2
shows the top 10 spinel candidates for oxides, suldes, sele-
nides, and tellurides, excluding compositions that are pre-
sented on MP and ICSD, and it is noteworthy to mention that all
40 candidates favor normal conguration based on the Ehull
value. Each candidate was checked by a manual literature
search to conrm that they have not yet been experimentally
reported.

The ranking procedure produced some unexpected candi-
dates, such as SAg2O4. This is stoichiometrically equivalent to
silver sulfate (Ag2SO4), whose known ground-state structure is
orthorhombic, not the predicted cubic spinel conguration. To
further evaluate the dynamic stability of the surviving candi-
dates, phonon dispersion calculations were carried out through
the MatCalc66 package using the MACE-MP-0a model. The
results are embedded in Table 2, where compositions shown in
bold possess no imaginary phonon modes, indicating dynamic
stability with respect to small atomic displacements. Full
phonon dispersion plots for each candidate that possess no
imaginary modes are provided in the SI, Fig. S12–S23.

Six of the oxide candidates were found to be dynamically
stable. Among these, the alkali rhenates (ReNa2O4, ReK2O4,
ReRb2O4) and BaNd2O4 are unusual due to their large B-site.
The large B-site channels suggest potential utility in electro-
chemical applications, where such open frameworks oen
facilitate rapid ionic diffusion for battery electrolytes. Their
reening starting from a pool of 83 elements for the A and B sites

per atom CLscore $ 0.5 Ehull# 0.2 eV per atom and CLscore$ 0.5

1096 704
968 675
1033 634
394 290

modynamic and statistical Sscore metric. Compositions shown in bold
dicating they are stable local minima in their respective potential energy
ectively

n-ReNa2O4 n-SAg2O4 n-ReCs2O4

n-CSb2O4 n-BaNd2O4 n-WK2O4

n-PbGa2S4 n-ReRb2S4 n-CSn2S4
n-EuBi2S4 n-WK2S4 n-CoTb2S4
n-CeTl2Se4 n-Pd3Se4 n-EuB2Se4
n-CaTl2Se4 n-Rh3Se4 n-CsRh2Se4
n-MgEr2Te4 n-MgTb2Te4 n-MgSm2Te4
n-MgY2Te4 n-CeBa2Te4 n-CdGd2Te4
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predicted stability here indicates they are valid local minima on
the potential energy surface. One of the most plausible candi-
dates is WK2O4, a nding supported by the fact that its
analogue, WNa2O4, is known to adopt a high-pressure spinel
phase.67 Beyond structural feasibility, the WNa2O4 spinel
possesses a wide band gap of 4.4 eV,68 making it suitable for
applications in electrocatalysis or as optoelectronic materials.
We therefore anticipate WK2O4 will exhibit a similarly wide
band gap.

In contrast, no dynamically stable sulde spinels were
identied. This may be a false negative resulting from the
under-representation of ternary chalcogenides within the
model's training data relative to oxides. For the selenides,
Pd3Se4 is predicted to be stable. This composition implies
a mixed-valence state of [Pd2+][Pd3+]2Se4. Its primary competing
phase in the Pd–Se system would be the mineral verbeekite
(PdSe2), which contains Pd2+ cations charge-balanced by di-
selenide dimers, (Se2)

2−. Finally, ve telluride compositions
show no imaginary modes, all of which conform to the
Mg(RE)2Te4 formula (RE = Nd, Gd, Lu, Er, Tb). The incorpora-
tion of these magnetic rare-earth elements makes these
compounds interesting targets for novel electronic and
magnetic applications.

The dynamical stabilities of selected MACE force eld
predicted stable structures were further tested using DFT PBE
functional on a 2 × 2 × 2 supercell. The analysis of phonon
dispersion was carried out using Phonopy package69,70

comparing against MACE-predicted results, the comparisons
are illustrated as Fig. S24–S26 in the SI with the computational
details. The comparison demonstrates good agreement between
DFT-PBE and MACE-MP-0a, conrming the reliability of the ML
model. However, for the case of WK2O4, even though MACE
predicted full stability, the DFT reveals a small imaginary mode
at the L-point. This does not conrm that WK2O4 is unstable.
These imaginary modes at zone boundaries oen indicate
a subtle structural distortion that may occur due to the structure
falling to the local minima or a slight symmetry breaking that is
energetically close to the ideal cubic phase. Such modes are
oen stabilised at nite temperatures, suggesting that the ideal
cubic phase could still be accessible under specic growth
conditions.

3 Conclusion

We have showcased a data-driven workow to identify poten-
tially synthesisable AB2X4 spinel oxides and chalcogenides
across the vast chemical space composed of the rst 83
elements. By integrating chemical plausibility checks, efficient
structural optimisation, and stability assessments through both
thermodynamic ltering and data-driven approaches, 55 112
possible compositions, including inverse spinels, are narrowed
down to just 2303 compositions. We introduce a unied metric
combining thermodynamics (Ehull) with the statistical CLscore
and are able to quantify the crystal likelihood of compositions.
The screening recovers over two-thirds of the known oxide
spinels using a metastability window of Ehull # 0.2 eV per atom
and potentially stable criteria of CLscore $ 0.5, while also
2134 | Digital Discovery, 2026, 5, 2128–2136
uncovering hundreds of previously unknown oxide composi-
tions. Furthermore, our investigation into the equilibrium
cation inversion parameter reveals trends in the chemical
space, where similar chemical structures possess similar cation
disordering behaviour. The nal top candidates for each anion
type highlight a set of promising novel candidates. Among the
top candidates, six promising candidates without imaginary
phonon modes are found for oxides, none for suldes, one for
selenides, and ve for tellurides through phonon dispersion
calculations using MACE-MP-0a. Overall, this framework serves
as a scalable workow for materials exploration across vast
chemical spaces, offering a foundation for further modelling
and future experimental validations.
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S. M. Blau, V. Cărare, J. P. Darby, S. De, F. D. Pia,
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R. Drautz, C. Ortner, B. Kozinsky and G. Csányi, Nat. Mach.
Intell., 2025, 7, 56–67.

45 P. Hohenberg and W. Kohn, Phys. Rev., 1964, 136, B864.
46 W. Kohn and L. J. Sham, Phys. Rev., 1965, 140, A1133.
47 J. P. Perdew, K. Burke and M. Ernzerhof, Phys. Rev. Lett.,

1996, 77, 3865.
48 G. Kresse and J. Furthmüller, Comput. Mater. Sci., 1996, 6,

15–50.
49 G. Kresse and J. Furthmüller, Phys. Rev. B:Condens. Matter

Mater. Phys., 1996, 54, 11169–11186.
50 S. P. Ong, W. D. Richards, A. Jain, G. Hautier, M. Kocher,

S. Cholia, D. Gunter, V. L. Chevrier, K. A. Persson and
G. Ceder, Comput. Mater. Sci., 2013, 68, 314–319.
Digital Discovery, 2026, 5, 2128–2136 | 2135

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00064a


Digital Discovery Paper

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

6 
A

pr
il 

20
26

. D
ow

nl
oa

de
d 

on
 6

/1
4/

20
26

 1
1:

14
:1

8 
A

M
. 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.
View Article Online
51 N. C. Frey, J. Wang, G. I. Vega Bellido, B. Anasori, Y. Gogotsi
and V. B. Shenoy, ACS Nano, 2019, 13, 3031–3041.

52 G. H. Gu, J. Jang, J. Noh, A. Walsh and Y. Jung, npj Comput.
Mater., 2022, 8, 71.

53 J. Jang, J. Noh, L. Zhou, G. H. Gu, J. M. Gregoire and Y. Jung,
Matter, 2024, 7, 2294–2312.

54 S. Amariamir, J. George and P. Benner, Digital Discovery,
2025, 4, 1437–1448.

55 S. Kim, Y. Jung and J. Schrier, J. Am. Chem. Soc., 2024, 146,
19654–19659.

56 V. Chung, A. Walsh and D. J. Payne, Digital Discovery, 2025, 4,
2439–2453.

57 U. Schmocker, H. Boesch and F. Waldner, Phys. Lett. A, 1972,
40, 237–238.

58 H. Furuhashi, M. Inagaki and S. Naka, J. Inorg. Nucl. Chem.,
1973, 35, 3009–3014.

59 E. Gorter, Adv. Phys., 1957, 6, 336–361.
60 S. Carbonin, U. Russo and A. Della Giusta, Mineral. Mag.,

1996, 60, 355–368.
2136 | Digital Discovery, 2026, 5, 2128–2136
61 H. S. C. O'Neill and A. Navrotsky, Am. Mineral., 1983, 68, 181–
194.

62 D. S. McClure, J. Phys. Chem. Solids, 1957, 3, 311–317.
63 A. Navrotsky and O. Kleppa, J. Inorg. Nucl. Chem., 1967, 29,

2701–2714.
64 A. Zunger, Phys. Rev. B:Condens. Matter Mater. Phys., 1980,

22, 5839.
65 X. Zhang and A. Zunger, Adv. Funct. Mater., 2010, 20, 1944–

1952.
66 R. Liu, E. Liu, J. Riebesell, J. Qi, S. P. Ong and T. W. Ko,

MatCalc, 2024, https://github.com/materialsvirtuallab/
matcalc.

67 K. Okada, H. Morikawa, F. Marumo and S. Iwai, Acta
Crystallogr., Sect. B, 1974, 30, 1872–1873.

68 S. A. Abbas, I. Mahmood, M. Sajjad, N. Noor, Q. Mahmood,
M. Naeem, A. Mahmood and S. M. Ramay, Chem. Phys., 2020,
538, 110902.

69 A. Togo, L. Chaput, T. Tadano and I. Tanaka, J.
Phys.:Condens. Matter, 2023, 35, 353001.

70 A. Togo, J. Phys. Soc. Jpn., 2023, 92, 012001.
© 2026 The Author(s). Published by the Royal Society of Chemistry

https://github.com/materialsvirtuallab/matcalc
https://github.com/materialsvirtuallab/matcalc
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/d6dd00064a

	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space

	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space
	Data-driven exploration of AB2X4 (X tnqh_x003D O, S, Se, Te) spinel chemical space


