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Abstract

Large, high-quality datasets are essential for accelerating materials discovery. However, challenges
related to data accessibility and analysis often prevent these datasets from having full impact.
Here, we introduce DISCOVER, an open-source descriptor analysis framework designed to facilitate
systematic data exploration and descriptor identification for desired or undesired material
functions. Using this framework, descriptors can be identified even for complex materials
properties, enabling interpretable and data-driven optimization of targeted materials. Alongside
the framework, we present an open-access database containing 765 spinel compounds that
are relevant to battery applications. These compounds were derived from periodic density
functional theory (DFT) simulations, which provide the structural, electronic, and electrochemical
properties necessary for understanding and optimizing spinel materials for use in energy storage
technologies. Applying this database together with DISCOVER, we uncover a universal, physics-
informed descriptor for ionic mobility across oxide, sulfide, and selenide spinels. Specifically, we
demonstrate that the migration barrier is fundamentally governed by a direct competition between
the thermodynamic site preference and the geometric anion positional parameter. By providing
this open-access resource coupled with analytical tools, we aim to promote reproducibility and
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Large, high-quality datasets are essential for accelerating materials discovery. However,

challenges related to data accessibility and analysis often prevent these datasets from having

full impact. Here, we introduce DISCOVER, an open-source descriptor analysis framework

designed to facilitate systematic data exploration and descriptor identification for desired or

undesired material functions. Using this framework, descriptors can be identified even for

complex materials properties, enabling interpretable and data-driven optimization of tar-

geted materials. Alongside the framework, we present an open-access database containing

765 spinel compounds that are relevant to battery applications. These compounds were de-

rived from periodic density functional theory (DFT) simulations, which provide the struc-

tural, electronic, and electrochemical properties necessary for understanding and optimizing

spinel materials for use in energy storage technologies. Applying this database together with

DISCOVER, we uncover a universal, physics-informed descriptor for ionic mobility across

oxide, sulfide, and selenide spinels. Specifically, we demonstrate that the migration barrier is
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fundamentally governed by a direct competition between the thermodynamic site preference

and the geometric anion positional parameter. By providing this open-access resource cou-

pled with analytical tools, we aim to promote reproducibility and accelerate the data-driven

design of high-performance energy storage materials.

Main

Accelerated material discovery depends on the extraction of meaningful insights from complex

high-dimensional data 1. Collecting measurements is not enough. The discovery of materials re-

quires extracting the underlying physical relationships—often nonlinear—that control function 2.

Although first-principles models can, in principle, describe these relationships, the intricate inter-

play of multiple processes often renders explicit modeling impractical. An alternative approach

is to identify descriptors—physical parameters that capture correlations between material proper-

ties and desired or undesired functionalities 1, 3, 4. Once identified, a descriptor bridges raw data

and predictive models. This significantly accelerates the search for novel materials with targeted

functional or multifunctional properties. Classic examples include the correlation between oxygen

binding energy and catalytic activity for the oxygen reduction reaction 5, following the Sabatier

principle, or descriptors of migration barrier heights in crystalline materials 6, which enabled the

prediction of a novel oxide spinel framework with high Mg conductivity 7.

Artificial intelligence (AI) offers a powerful means to uncover complex correlations. How-

ever, conventional approaches often require large datasets and generate “black-box” models. This

makes it difficult to identify the underlying mechanisms 4. Symbolic regression (SR) 8 represents
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a promising strategy to overcome these dual limitations. It directly addresses the interpretability

challenge by uncovering nonlinear analytical expressions that link a target property to physically

meaningful input parameters. Crucially, in contrast to data-hungry AI models, SR is capable of this

discovery even from small datasets, making it uniquely suited for scientific domains. Using ge-

netic programming, SR constructs these expressions from combinations of input parameters with

mathematical operators.

Despite its promise, the practical application of SR faces a trade-off between flexibility and

efficiency 9. On the one hand, specialized methods such as the Sure-Independence-Screening-

and-Sparsifying-Operator (SISSO) approach 10 were developed to identify analytical expressions

using compressed sensing 11. Recent advances, including SISSO++ 12, improve interpretability by

incorporating controlled nonlinear optimization. Nevertheless, SISSO and related methods face

limitations when applied to heterogeneous datasets or properties that exhibit subtle nonlineari-

ties 4. However, while more general SR methods are effective in generating highly complex and

interpretable models, they are often computationally expensive. A systematic framework is needed

to discover interpretable descriptors in broad chemical spaces.

Here we introduce DISCOVER (Data-Informed Symbolic Combination of Operators for

Variable Equation Regression), an open-source symbolic regression framework with a modular,

physics-informed design that balances flexibility with computational efficiency 13. By applying

DISCOVER, we identify interpretable descriptors that reveal governing physical principles and

provide a clear path toward rational materials design.
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To showcase the utility of DISCOVER, we targeted the spinel family of compounds, which

are ideal candidates for next-generation battery applications 14–16. However, research in this area

is often fragmented between individual studies, preventing the systematic discovery of the over-

arching structure–property relationships. A centralized, consistently calculated, and open-access

database is essential to unlock community-wide progress. Here we present an open-access database

of 765 spinel compounds relevant to battery applications, including more than 200 unreported

compositions, with consistently computed structural, electronic, and electrochemical properties

obtained from periodic density functional theory (DFT) calculations. This database not only serves

as a critical resource for the battery community, but also provides an ideal platform for applying

DISCOVER to identify physically meaningful descriptors. Due to their structural and chemical

versatility, spinels can host a variety of metal cations and facilitate rapid ion transport, motivating

their exploration as cathodes 7, 17, solid electrolytes 18–21, and protective coatings 22. While this

work focuses on spinel materials, the DISCOVER framework is general and can be extended to

other material families, such as perovskites. Although the resulting descriptors may differ depend-

ing on the structural characteristics of each system, the methodology itself is broadly applicable

for identifying interpretable descriptors across diverse materials.

The present study aims to transform spinel research from a fragmented trial-and-error pro-

cess into a transparent, collaborative, and insight-driven endeavor by integrating the curated dataset

with the analysis capabilities of DISCOVER. As illustrated in Figure 1, the Spinel Database and

DISCOVER extend the traditional research cycle in materials science by coupling systematic data

curation with descriptor-based analysis. This integration highlights how open-source tools can ac-
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celerate hypothesis generation, deepen mechanistic insights, and streamline the discovery of high-

performance materials. By ensuring FAIR data principles (Findable, Accessible, Interoperable,

Reusable) 2, this approach promotes reproducibility and enables efficient data-driven discovery of

energy materials. It also establishes a scalable, generalizable framework for the design of complex

functional materials.

Descriptor Analysis Framework

Physics-Informed Engine Rational Design Output

Experimentalists

Theoreticians

Data Generation

Database Features

Accelerated materials discovery

Descriptor identification

Ion mobility

Python
GPU

Figure 1: Expanding the research cycle with the Spinel Database and DISCOVER. The

schematic contrasts the conventional materials science research cycle, where data are generated

through theoretical and experimental studies to populate databases, with the enhanced cycle en-

abled by DISCOVER (Data-Informed Symbolic Combination of Operators for Variable Equation

Regression). By identifying descriptors for target material properties and providing open-source

tools for data-driven analysis, DISCOVER facilitates deeper insights, more efficient data integra-

tion, and accelerated discovery and design of functional materials.
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Details of the Database

The dataset was constructed by generating ternary compounds of the form AB2X4 in the spinel

crystal structure (space group Fd3m), as illustrated in Figure 2. In this structure, A-site denotes

monovalent, divalent, or trivalent cations occupying the tetrahedral 8a sites, B-site represents tran-

sition metal or lanthanide cations at the octahedral 16d sites, and the X anions correspond to oxide,

sulfide, or selenide anions at the 32e positions. Each structure in the dataset was optimized us-

ing density-functional theory (DFT) 23, 24 with the PBE exchange-correlation functional 25 and the

Projector Augmented Wave (PAW) method 26, as implemented in the Vienna Ab initio Simulation

Package (VASP) 27–29. Full relaxations of the atomic positions and lattice parameters were per-

formed to ensure that the dataset captures energetically stable geometries suitable for subsequent

analysis.

To capture correlation effects in strongly localized 3d states, the DFT+U correction was

applied following the Dudarev 30 approach when oxygen was present as the anion. Magnetic

configurations were initialized differently depending on the chemical composition. For oxides

containing 3d metals, antiferromagnetic (AFM) spin alignments were imposed, while sulfides and

selenides were initialized in a ferromagnetic (FM) state. This distinction ensured robust exploration

of competing spin orders relevant to strongly correlated systems.

We calculated the structural, electronic, and electrochemical properties relevant to battery

performance for each compound in the database. Structural relaxation yielded total energies, lat-

tice parameters, and atomic positions, while electronic analysis provided density of states (DOS),
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Figure 2: Spinel structure and composition. (a) Crystal structure of the spinel AB2X4 (space

group Fd3m). A-site cations (orange) occupy the tetrahedral 8a sites, while B-site cations (blue)

reside in the octahedral 16d sites. X anions (red) are located at the 32e positions, forming a

close-packed anion framework. The migration pathway of the charge carrier through the anion

sublattice is illustrated in light orange. (b) Map of the elements that occupy the A, B, and X

sites within the 765 compounds theoretically simulated as spinel. (c) Automated workflow for

high-throughput DFT calculations of spinel compounds. Input files are generated with element-

specific parameters, magnetic moments (including Ferro Magnetic (FM) and Antiferromagnetic

(AFM) configurations), and U corrections for 3d transition metals in oxides. Optimized structures

are subsequently used for vacancy studies, migration barrier analysis, and voltage calculations.

For each compound, the workflow evaluates migration barriers, open-circuit voltage, band gap,

stability, site-preference energy, and structural properties.
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Fermi energy, and oxidation state estimates. The site-preference energy (Esite), derived from charge

carriers occupying tetrahedral and octahedral sites, quantifies cation inversion tendencies. Activa-

tion energies for ionic migration (Ea), together with features such as energy above the hull (Ehull)

and open-circuit voltage (OCV), offer a rigorous basis for assessing transport properties and stabil-

ity. Figure 3 presents the distributions of four key properties within the spinel dataset, namely ac-

tivation energy, site preference energy, lattice constant, and open-circuit voltage. The histograms,

complemented by kernel density estimates, reveal the spread and characteristic trends across the

765 structures. Activation energies span a wide range with a broad peak, suggesting substantial

variability in ionic transport characteristics. The site preference energy distribution is symmet-

ric around zero, consistent with the energetic flexibility of cation arrangements within the spinel

lattice. Lattice constants cluster tightly between 8–12 Å, reflecting the structural constraints of

the spinel framework, while the open-circuit voltage distribution extends across positive and nega-

tive values, highlighting the wide electrochemical tunability of these compounds. Together, these

distributions emphasize both the chemical richness and functional variability of spinel materials.

Structural and thermodynamic stability of spinels

The stability of spinel compounds within the database can be evaluated using two complementary

approaches: the tolerance factor t 31 and the energy above the convex hull Ehull. These quantities

capture the geometric and thermodynamic aspects of stability, respectively, and together provide a

robust framework for identifying promising compounds.
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Figure 3: Distributions of key properties across the spinel database. The panels show activa-

tion energy (eV) for A-site charge carrier migration, site preference energy (eV), Lattice constant

A (Å), and open-circuit voltage for all considered charge carriers A (V). Kernel density estimates

are overlaid to highlight the underlying trends. These distributions illustrate the range and diversity

of the 765 spinel structures.
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The tolerance factor is a dimensionless parameter that describes the geometric compatibility

of ionic radii in the spinel structure 31. It can be expressed as follows:

t =

√
3

2
× (rB + rX)

(rA + rX)
, (1)

where rA is the radius of the cation at the tetrahedral site, rB is the radius of the cation at the

octahedral site, and rX is the radius of the anion. When t < 1, the structure is geometrically

favorable and stable. In contrast, values of t > 1 suggest lattice strain and potential instability.

Thermodynamic stability is quantified using the energy above the convex hull. The convex

hull represents the lowest energy set of phases within a given chemical space. For a compound

in a given composition, the energy above the hull, Ehull, is the difference between its formation

energy and the nearest point on the hull. If Ehull = 0, the compound is thermodynamically stable;

if Ehull > 0, it is metastable or unstable. In practice, compounds with Ehull < 0.05 eV/atom are

considered thermodynamically stable, while those with Ehull < 0.1 eV/atom (but > 0.05 eV/atom)

are often considered metastable but experimentally accessible due to entropic effects and kinetic

stabilization.

In high-throughput computational screening, both descriptors are applied simultaneously.

Compounds that satisfy dual criteria: t < 1 and Ehull < 0.1 eV/atom are retained as stable candi-

dates. This combined filtering ensures that the database focuses on materials that are both geomet-

rically compatible with the spinel lattice and thermodynamically robust against decomposition.

To visualize the stability landscape of the database, the energy above the convex hull (Ehull)
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was plotted against the tolerance factor (t) in Figure 4. The plot highlights the stability criteria

defined above, showing the region of compounds that satisfy the combined requirements for ge-

ometric and thermodynamic stability. Shaded areas indicate metastable (0.05–0.1 eV/atom) and

unlikely (> 0.1 eV/atom) regimes, as well as the geometric instability region where t > 1. Data

points are color-coded according to the first element in the chemical formula, enabling a compari-

son of different chemistries within the stability window.

By applying these criteria, the database is refined to include only stable compounds, thereby

increasing the reliability of predictions and aligning the methodology with standards commonly

reported in high-impact materials science literature. In the present case, the filtering reduced the

dataset from 765 compounds to 496 stable entries.

DISCOVER: A symbolic regression framework for descriptor analysis

To complement the database and enable a deeper understanding of structure–property relationships,

we developed a symbolic regression framework named DISCOVER (Data-Informed Symbolic

Combination of Operators for Variable Equation Regression) 13. DISCOVER is a data-driven,

physics-informed tool designed to extract interpretable descriptors that correlate strongly with tar-

get properties, such as voltage, stability, and ion mobility. The framework is constructed to identify

parsimonious expressions that capture essential property trends while balancing accuracy and in-

terpretability.

While conceptually inspired by related compressed-sensing methods like SISSO 10, 12, DIS-
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Figure 4: Energy above the convex hull (Ehull) versus tolerance factor (t) for all compounds

in the database. Stable compounds are identified in the region t < 1 and Ehull < 0.05 eV/atom.

Shaded areas indicate metastable (yellow), unlikely (gray), and geometrically unstable (red) re-

gions. Data points are color-coded by the first element of the chemical formula (Li, Na, K, Mg,

Ca, Al).
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COVER introduces several key innovations to enhance flexibility, search efficiency, and physical

rigor. A central advancement is the expansion of the symbolic search space. DISCOVER utilizes

a broader operator set and, crucially, offers improved flexibility in operator nesting and expression

tree growth. This allows the framework to uncover more complex and nonlinear functional forms

than those accessible by methods limited to simpler operator combinations.

The workflow, illustrated in Figure 5, generates this vast pool of candidate features and

then implements a hierarchy of exact, approximate, and heuristic search algorithms to identify

the optimal, sparse descriptor. This hybrid search strategy includes fast greedy algorithms like

Orthogonal Matching Pursuit (OMP) for initial exploration, metaheuristics to escape local minima,

and mathematically exact Mixed-Integer Quadratic Programming (MIQP) solvers for manageable

problem sizes. This entire high-throughput exploration of millions of candidate models is made

computationally feasible through GPU parallelization.

A further distinguishing innovation is DISCOVER’s flexible system for defining feature-

space constraints. This allows users to embed a priori physical knowledge directly into the search

process. This explicit enforcement of physical constraints—such as dimensional consistency,

known symmetries, shape constraints (e.g., monotonicity), and other compositionality rules—acts

as a physics-informed filter. This pruning ensures that the discovered descriptors not only fit the

data but also respect the governing laws of the underlying system. The final output is a set of sim-

ple, interpretable descriptors that illuminate structure–property relationships for targeted materials

design.
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Figure 5: Workflow of the DISCOVER symbolic regression framework. The schematic illus-

trates how DISCOVER generates interpretable descriptors from a materials database. Primitive

input features (structural, compositional, and electronic) are combined with a curated operator

library under physics-informed constraints to produce a vast space of candidate symbolic expres-

sions. These expressions are then iteratively evaluated, pruned for physical consistency, and opti-

mized using sparse selection methods to identify a low-dimensional descriptor. GPU acceleration

enables an efficient search through millions of candidates. The final output is a compact and phys-

ically meaningful equation that correlates strongly with the target property, facilitating data-driven

materials design.
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DISCOVER Reveals a Universal Descriptor for Ionic Mobility

A central goal in designing high-performance solid-state batteries is to achieve fast ion conduc-

tion. This requires a deep understanding of the factors that govern the ionic migration barrier (Ea).

For instance, prior descriptors, including our own previous work , have successfully correlated

migration barriers with fundamental, pre-tabulated atomic properties such as ionic radii and elec-

tronegativity. While valuable for initial screening, those elemental-based models can struggle to

capture the complex, system-specific interplay of thermodynamics and structure.

Here, we apply the DISCOVER framework to our comprehensive spinel database to move

beyond specific cases and uncover the fundamental physical principles governing ionic mobil-

ity. By searching through millions of candidate expressions, DISCOVER identified a remarkably

simple and linear relationship that connects the migration barrier to just two fundamental physi-

cal quantities: the thermodynamic site-preference energy (Esite) and the structural anion positional

parameter (u). This relationship reveals that ionic mobility in spinels is controlled by a direct com-

petition between thermodynamics and structure. Unlike previous descriptors that rely on elemental

properties like ionic radii, our new physically transparent metric, Spinel Mobility Descriptor (D)

incorporates DFT-derived properties central to this competition. We formulate this insight as:

D = 0.9|Esite| − 0.9u (2)

Here, Esite is given in electronvolts (eV) and is defined as the energy difference between the tetra-

hedral and octahedral sites, Esite = Etet − Eoct. It represents the thermodynamic preference of the

ion for occupying the tetrahedral site over the octahedral site. The anion positional parameter u is a
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dimensionless quantity describing the deviation of the anion positions from the ideal close-packed

arrangement (as defined in Ref. 32). Consequently, the descriptor D carries units of energy (eV).

The numerical prefactors in Eq. (2) are obtained from the symbolic regression procedure and are

therefore dependent on the chosen unit system.

The descriptor encapsulates the core physics of ion migration. The first term, |Esite|, repre-

sents the thermodynamic penalty for site destabilization. A large energy difference between these

sites naturally leads to a higher migration barrier. The second term, involving the anion positional

parameter u, quantifies the geometric bottleneck of the migration path. An optimal value of u

corresponds to the widest possible channel for the ion to pass through, minimizing the kinetic

barrier.

Our analysis reveals that the migration barrier, Ea, exhibits a strong linear correlation with

this descriptor, D, that holds universally across oxide, sulfide, and selenide spinels. This discovery

provides a unifying principle for ionic mobility that was not apparent from studying individual

material classes. It demonstrates that regardless of the specific chemistry, the migration barrier

is fundamentally governed by the balance between stabilizing the migrating ion’s intermediate

position (|Esite|) and opening the structural pathway for its transit (u). This insight offers a clear

and actionable strategy for materials design: to engineer a spinel with superior ionic conductivity,

one must simultaneously tune the composition to minimize |Esite| and optimize the lattice geometry

to achieve a favorable anion parameter u.

In our previous work, we established that ion mobility in crystalline battery materials can be
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effectively captured by the migration number, Nmigr
6, 33,

NAX
migr = (rA + rX)nAnX∆χ

2
AX , (3)

where ri are the ionic radii of the migrating cation A and the counter anion X, ni are the abso-

lute values of their formal oxidation states, and ∆χ2
AX is the squared electronegativity difference

between the two species. While Nmigr successfully yields linear scaling relations based entirely

on fundamental elemental properties, it requires distinct scaling lines when varying the transition

metal (B-site) host in ternary spinels. Transitioning across the immense structural and chemical

versatility of the AB2X4 spinel family introduces competing thermodynamic and geometric con-

straints that elemental properties alone cannot universally resolve.

To capture universal transport behavior across diverse oxide, sulfide, and selenide spinels,

the DISCOVER framework identifies a descriptor (D) that operates at a higher level of physical

abstraction. Rather than contradicting Nmigr, this new formulation naturally extends our predictive

capability into complex ternary spaces. The thermodynamic site preference, |Esite|, intrinsically

correlates with the maximum binding energy in the host material 34, effectively representing the

reaction energy upon intercalation. This directly maps onto Brønsted-Evans-Polanyi (BEP) scaling

relations, which link reaction energies to activation energies (diffusion barriers) 3. Furthermore,

the anion positional parameter, u, explicitly encodes the geometric constraints of the migration

bottleneck, an effect previously captured implicitly via ionic radii in Nmigr. Ultimately, the shift

from Nmigr to the DISCOVER-derived D represents an evolution from element-specific scaling to

a generalized physical law that natively unites the complex spinel family.
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Refined Models and Descriptors for Additional Properties While the descriptorD captures the

essential physics of ion migration, DISCOVER can produce more complex symbolic expressions

for even higher quantitative accuracy. The fully optimized descriptor for the migration barrier is

built upon this core physical insight by including a constant offset and a higher-order correction

term based on system energies:

Ea,predict = −0.9u+ 0.9 |Esite|︸ ︷︷ ︸
≈D

+0.38 − 0.09
Eoct (Emetal − |Esite|)

Etot

where Eoct, Emetal, Etot denote site- or structure-specific energies derived from DFT. This refined

model achieves excellent agreement with the reference DFT calculations, as shown in the parity

plot in Figure 6. All energies are expressed in eV and all distances in Å. Input features are con-

sistently defined within this unit system, and the symbolic regression coefficients are determined

accordingly to ensure dimensional consistency of the resulting expressions.

The framework’s versatility was further demonstrated by identifying accurate, physically in-

terpretable descriptors for the lattice constant (A) and open-circuit voltage (OCV). The discovered

expressions are:

Apredict = 1.59
√
RAX ·RBX + 4.03

OCVpredict = −0.75
rion · (Etot − Etet)√

oxidation state
− 1.01− 0.11

(Etot − Etet)

rion

where RAX and RBX are the cation–anion bond lengths and rion is the ionic radius of the active

metal. These formulas automatically recover compact relationships that capture key nonlinear

structure–property trends. For example, the lattice constant is primarily governed by cation–anion

bond lengths, while the OCV depends strongly on the ionic radius, oxidation state, and relative
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system energies. Parity plots in Figures 7 and 8 confirm that these descriptors capture the trends of

DFT-calculated properties with high fidelity. The overall low prediction errors for all three proper-

ties, shown in Figure 9, underscore the framework’s capability to generate reliable and insightful

models for diverse material properties.
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Selected compounds for battery applications

Compounds were screened using key descriptors including the activation energy (Ea), open-circuit

voltage (OCV), energy above the hull (Ehull), and tolerance factor (t). Electronic configuration was

also taken into account. Closed-shell compounds, expected to be highly stable with negligible elec-

tronic conductivity, were identified as potential solid electrolytes (OCV is not applicable). Open-

shell compounds, capable of undergoing redox reactions, were designated as candidate cathode

materials, with their OCV values reported.

Potential Solid Electrolytes (Closed-Shell Compounds): Table 1 summarizes the closed-shell

compounds identified as promising solid electrolytes. These materials are characterized by low

activation energies (Ea = 0.31–0.40 eV), indicating high ionic mobility, and small energies above

the hull (Ehull = 0.040–0.048 eV), reflecting excellent thermodynamic stability. Their tolerance

factors (t = 0.908–0.949) lie within the range expected for stable spinel structures, supporting

structural robustness. Among the candidates, MgNd2Se4 stands out with the lowest activation

energy (0.310 eV) and a low hull energy (0.048 eV), making it a particularly promising solid

electrolyte for Mg-ion conductors. The full list includes 15 Mg-based sulfide and selenide spinels,

providing a diverse set of materials for potential solid-state battery applications.

Cathode Materials (Open-Shell Compounds): Table 2 lists the open-shell compounds iden-

tified as promising cathode materials. These compounds exhibit moderate activation energies
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Table 1: Closed-shell compounds proposed as solid electrolytes.

Compound Ea (eV) Ehull (eV) t

MgSc2S4 0.377 0.045 0.876

MgY2S4 0.385 0.043 0.927

MgDy2S4 0.358 0.046 0.930

MgHo2S4 0.364 0.045 0.927

MgEr2S4 0.378 0.044 0.924

MgTm2S4 0.384 0.042 0.920

MgLu2S4 0.397 0.042 0.910

MgY2Se4 0.330 0.041 0.924

MgNd2Se4 0.310 0.048 0.949

MgSm2Se4 0.312 0.048 0.940

MgDy2Se4 0.327 0.041 0.927

MgHo2Se4 0.329 0.043 0.924

MgEr2Se4 0.335 0.043 0.921

MgTm2Se4 0.336 0.040 0.917

MgLu2Se4 0.343 0.042 0.908
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(Ea = 0.170–0.405 eV), suggesting favorable ionic transport, and open-circuit voltages (OCV

= 2.07–3.09 V) consistent with practical energy storage applications. Their energies above the

hull (Ehull = 0.043–0.048 eV) indicate high thermodynamic stability, while tolerance factors (t

= 0.726–0.904) are compatible with stable spinel structures. Among the candidates, LiTm2Se4

emerges as a top performer, combining a low activation energy (0.170 eV) with a high OCV (3.09

V) and favorable structural parameters, making it a particularly attractive cathode material. The

dataset encompasses Li- and Na-based oxides, sulfides, and selenides, providing a diverse set of

chemically tunable compounds for further experimental and computational exploration.

Future Expansion of the Database

The ambition of the Spinel Battery Materials Database Project is not only to compile a consistent

dataset of high-quality DFT-computed properties for existing spinel compounds but also to con-

tinuously incorporate new materials, computed descriptors, and experimental annotations into an

open, extensible repository. Our long-term vision is to establish a new standard for disseminating

spinel-related materials data—an evolving, community-driven resource that serves as the equiva-

lent of a “Wikipedia” for spinel structures in energy storage applications. Achieving this vision

requires broad participation from the battery materials community, and a cultural shift toward the

regular sharing of computational and experimental results through structured, machine-readable

formats. We envision a future where researchers routinely upload their new spinel data to the

platform as a complementary practice to traditional publication.
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Table 2: Open-shell compounds proposed as cathode materials.

Compound Ea (eV) OCV (V) Ehull (eV) t

LiPd2O4 0.311 2.835 0.049 0.814

NaPd2O4 0.181 2.716 0.043 0.726

LiCr2S4 0.213 2.527 0.048 0.816

LiRh2S4 0.365 2.712 0.045 0.796

LiIr2S4 0.405 2.591 0.045 0.799

LiCr2Se4 0.198 2.207 0.044 0.819

LiRh2Se4 0.233 2.160 0.048 0.800

LiIr2Se4 0.360 2.067 0.046 0.803

LiTm2Se4 0.170 3.089 0.046 0.904

LiLu2Se4 0.176 3.075 0.047 0.894
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We acknowledge that contributing data requires a non-trivial investment of time and effort.

To ensure sustained engagement, the Spinel Database Project must provide high utility, ease of

use, visibility, longevity, and scientific credibility. In terms of utility, the examples and analyses

presented in this work, alongside our interactive web interface and descriptor tools, are intended to

demonstrate the advantages of aggregated, high-quality datasets that adhere to the FAIR (Findable,

Accessible, Interoperable, Reusable) data principles. Uploading one’s own data provides tangible

benefits. It is a contribution to the broader scientific community. It increases the visibility and

impact of associated publications. It also fulfills growing mandates for open science from funding

agencies and journals. Finally, it helps accelerate materials discovery by reducing redundancy and

enabling cross-study comparison.

To reduce the barrier to entry, we provide user-friendly, well-documented protocols for data

formatting, cleaning, and submission. Our current backend supports data ingestion through a stan-

dardized Excel template that is simple, transparent, and adaptable to laboratory-specific needs.

Scripts for parsing raw DFT output and automatically populating the database template are avail-

able in Python and openly hosted on GitHub. These tools enable rapid conversion of internal

datasets into upload-ready formats and offer compatibility with custom workflows and laboratory

information management systems (LIMS). Furthermore, the backend infrastructure is built to ac-

commodate diverse data types, including both computed properties and validated experimental

measurements.

A key component of future expansion is our incorporation of the DISCOVER (Data-Informed
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Symbolic Combination of Operators for Variable Equation Regression) framework into our model-

ing workflow. DISCOVER enables the derivation of physically meaningful, symbolic descriptors

from large pools of primary variables, offering compact, interpretable equations that correlate with

target properties such as ionic mobility, open-circuit voltage, and redox stability. While concep-

tually inspired by SISSO (Sure Independence Screening and Sparsifying Operator), DISCOVER

expands the symbolic search space with a broader operator set, introduces physically constrained

expression filters, and offers improved flexibility in operator nesting and expression tree growth.

We anticipate DISCOVER will become a cornerstone tool for future property modeling and de-

scriptor benchmarking on this platform.

Our goal is to make uploading spinel data to this database a standard practice that strengthens

the visibility and reproducibility of computational and experimental work. In the long term, we

aim to collaborate with academic publishers, professional societies, and data repositories to embed

database integration into the materials publishing workflow. Publicly accessible data not only

validates reported results but also enables broader pattern recognition and anomaly detection, such

as identifying performance values that deviate from theoretical voltage limits or activation energy

distributions.

To ensure long-term availability and trust, we have secured institutional support to maintain

the database, web interface, and associated repositories for the coming decade, with an option for

extension. The open-source nature of the platform guarantees transparency, encourages community

contributions, and allows for resilience in the face of technical disruption.
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The database is designed for extensibility and can be readily adapted to related materials,

including disordered spinels, doped derivatives, or non-oxide anion chemistries (e.g., sulfides and

fluorides). We actively encourage community-led initiatives in this direction. One of the funda-

mental issues this project seeks to address is the fragmentation of valuable data across the literature

in inconsistent and often inaccessible formats. A related challenge is the permanent loss of data

not reported in publications—often representing a vast majority of computed or synthesized candi-

dates. By facilitating the collection and standardized reporting of both successful and unsuccessful

compounds, we aim to reduce bias and enable a more complete, data-rich picture of the spinel

materials landscape.

Conclusions

In this Spinel Battery Materials Project, we have developed an open-access database containing

765 spinel compounds relevant to battery applications, all computed using consistent density func-

tional theory (DFT) protocols. Alongside the database, we provide an open-source descriptor

analysis framework that enables interactive exploration and interpretation of structural, electronic,

and electrochemical properties. Together, these resources aim to address long-standing challenges

in data accessibility, standardization, and reusability in the battery materials community.

We have demonstrated the utility of this framework through example analyses that reveal

trends and correlations between key descriptors and battery-relevant performance metrics. These

insights enable more targeted materials screening and hypothesis generation, supporting a transi-
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tion from trial-and-error approaches to data-driven discovery. While demonstrated here for spinels,

the framework is readily transferable to other materials classes, enabling similar descriptor-driven

insights across broader chemical spaces.

Our aim is that this work will foster a culture of open data sharing and reproducible compu-

tational workflows in the field of energy storage materials. With greater community engagement,

the database can expand to include thousands more spinel and related compounds, forming a high-

resolution data mesh for battery materials. In turn, this will unlock the potential of machine learn-

ing and AI-guided design to accelerate innovation in battery technologies and help meet global

energy demands.

Methods

Computational details. First-principles calculations were performed within the framework of

density functional theory (DFT) 23, 24 for ternary AB2X4 spinel compounds. Exchange–correlation

effects were treated using the generalized gradient approximation (GGA) in the Perdew–Burke–Ernzerhof

(PBE) formulation 25, and the projector augmented wave (PAW) method 26 as implemented in the

Vienna Ab-initio Simulation Package (VASP) 27–29.

A plane-wave cutoff energy of 520 eV was employed, and electronic self-consistency was

achieved to within 1 × 10−5 eV per supercell. Structural optimizations were performed for the

Fd3m spinel structure with all atomic positions relaxed without symmetry constraints until the

forces were below 0.01 eV Å
−1

. A 2 × 2 × 2 k-point mesh was used for the unit cell containing
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eight formula units.

Strong correlations among the transition-metal 3d electrons were accounted for using the

Hubbard U approach 30 with the following values: UTi = 3.00 eV, UV = 3.25 eV, UCr = 3.70 eV,

UMn = 3.90 eV, UFe = 5.30 eV, UCo = 3.32 eV, and UNi = 6.20 eV 35. Magnetic configurations

were treated using spin-polarized calculations (ISPIN = 2) with initial magnetic moments set to

either ferromagnetic or antiferromagnetic alignments depending on the compound.

Ion migration barriers were evaluated using the climbing-image nudged elastic band (CI-

NEB) method 36. To model ionic diffusion we considered vacancy-mediated hops: one A-site atom

was removed (A0.875B2X4), producing a single A-vacancy per cell. We computed the migration

barrier using the climbing-image NEB method with four intermediate images between tetrahedral

and octahedral positions 37. Energies were calculated using both PBE and PBE+U to validate the

migration barriers. All NEB images were relaxed until residual forces were below 0.05 eV Å−1.

FAIR-compliant Data Management and Dissemination. To ensure the long-term impact and

utility of our work, all generated data were curated and disseminated following the FAIR (Find-

able, Accessible, Interoperable, and Reusable) data principles 38. We have leveraged the NOMAD

(Novel Materials Discovery) Repository 39, a community-driven infrastructure for materials sci-

ence data, as the primary platform for storage and sharing 40.

A key challenge in creating a FAIR dataset is handling complex, multi-step calculations.

To address this, we utilized the NOMAD NEB Workflow plugin (nomad-neb-workflow) 41,

which standardizes the representation of nudged elastic band (NEB) workflows within NOMAD.
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While the VASP parser in NOMAD is responsible for reading and interpreting the raw VASP

output files, the NEB plugin automatically organizes these parsed results into a coherent workflow

representation. This enables the consistent extraction and storage of overall NEB results, such as

migration barriers, reaction pathways, and structural details of intermediate images. The plugin

was triggered through the automated workflow connections established between individual VASP

calculations corresponding to each NEB image, allowing the complete pathway to be recognized

and processed as a single linked workflow.

This specialized tool is part of a broader data management strategy. The general schema

captures not only the final computed properties (e.g., voltages, lattice parameters) but also the full

computational provenance, including DFT settings, pseudopotentials, and convergence criteria.

Each dataset was curated and mapped into a standardized format before being uploaded to NO-

MAD, ensuring that all data are both human- and machine-readable. Within NOMAD, each dataset

(rather than individual entries) is assigned a persistent digital object identifier (DOI), guarantee-

ing findability and stable referencing. This structured approach, combining general curation with

workflow-specific tools, transforms our dataset from a static collection of results into a dynamic,

extensible, and community-ready resource designed to accelerate discovery in battery materials.

Energy above the hull calculations. Thermodynamic stability of 765 spinel compounds was as-

sessed via the energy above the convex hull (Ehull), computed from DFT (GGA-PBE) total en-

ergies. Competing phases in each chemical system were obtained from the Materials Project

database using pymatgen. For systems lacking entries, Ehull was approximated relative to the el-

emental phases. Energies are reported per atom by dividing the energy above the hull per formula
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unit by the number of atoms, enabling consistent comparison across different stoichiometries.

Symbolic regression framework details. The symbolic regression task in DISCOVER is for-

mally cast as an L0-regularized least-squares regression problem. Given a property vector y and a

set of M candidate symbolic features Φ = {Φ1, Φ2, . . . , ΦM}, the objective is to identify a sparse

linear model with at most D features:

min
β
‖y − Φβ‖22 subject to ‖β‖0 ≤ D, (4)

where ‖β‖0 denotes the number of nonzero coefficients. This sparsity constraint ensures

that the resulting descriptors are compact and interpretable. Since the problem is NP-hard, DIS-

COVER implements a hierarchy of exact, approximate, and heuristic algorithms to navigate the

large search space.

Brute-force strategies can evaluate all
(
M
D

)
combinations to guarantee optimality, but they

become impractical for large M or D. Greedy algorithms provide computationally efficient alter-

natives by sequentially adding features that most reduce the residual error. Orthogonal Matching

Pursuit (OMP) improves upon this approach by re-fitting all coefficients at each step, solving a

least-squares problem

βk = Φ†Sky, rk = y − ΦSkβk, (5)

where Sk is the active set of features and rk is the residual. This refinement helps avoid
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redundancy among correlated descriptors.

For large-scale problems, DISCOVER integrates efficient breadth-first search strategies.

Here, linear-algebraic updates based on QR decomposition allow rapid evaluation of residual sum

of squares (RSS) reductions without refitting full models. If QD is the orthonormal basis spanning

the current feature set, the orthogonal component of a new candidate feature xnew is

wnew = xnew −QDQ
T
Dxnew, (6)

and the corresponding gain in model accuracy is

∆RSS =
(rTDwnew)

2

‖wnew‖22
. (7)

This procedure enables efficient exploration of millions of candidate models, particularly

when accelerated on GPUs. To further enhance exploration, DISCOVER employs stochastic

metaheuristics such as Random Mutation Hill Climbing and Simulated Annealing, which allow

occasional acceptance of worse solutions to escape local minima. When problem sizes are man-

ageable, Mixed-Integer Quadratic Programming (MIQP) provides mathematically exact solutions

by coupling continuous regression coefficients with binary selection variables that enforce sparsity.

A central innovation of DISCOVER is its flexible system for defining feature-space con-

straints. Users can enforce shape constraints (e.g., monotonicity), dimensional consistency, op-

erator restrictions, and variable interdependence rules. Such physics-informed pruning ensures
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that discovered descriptors not only reproduce observed data but also respect governing physical

laws. Finally, once a sparse descriptor is identified, DISCOVER offers nonlinear refinement by

parameterizing symbolic expressions (e.g., Φpi , exp(−pΦi)) and optimizing both linear coefficients

and nonlinear parameters with gradient-based algorithms such as L-BFGS-B. This step extends the

framework beyond linear combinations, enabling the discovery of richer functional forms.

Machine-learning approach. To identify interpretable descriptors for battery-relevant properties,

we employed the DISCOVER framework using the dataset of 765 spinel compounds. The input

features were constructed from tabulated structural, electronic, and chemical quantities obtained

from DFT calculations. Non-feature identifiers such as chemical formulae were excluded from the

training space.

Feature construction was carried out up to depth 2, using unary and binary mathematical op-

erators including addition, subtraction, multiplication, division, inversion, absolute value, squar-

ing, and square root transformations. Interaction terms were not restricted, and features were

filtered to avoid numerical instabilities by bounding the absolute values between 10−50 and 1050.

All features were assigned physical units (e.g., electron volt, angstrom, or dimensionless) to ensure

dimensional consistency during construction.

Model training was performed in a regression setting with the orthogonal matching pur-

suit (OMP) algorithm as the search strategy. To avoid redundancy, a maximum feature cross-

correlation threshold of 0.95 was enforced. Candidate descriptor sets were restricted to size 50,

with a maximum descriptor dimensionality of 2. Model selection was conducted using three-fold
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cross-validation. The intercept term was not fixed, allowing flexible fitting across the dataset.

All calculations were parallelized across multiple cores (n jobs = -4) with a fixed ran-

dom seed (random state = 42) to ensure reproducibility. The full feature space was cached

and saved to enable efficient re-use in subsequent analyses.

Data Availability. All data is freely available at [url to be added in proof].

Code Availability. The DISCOVER code is freely available at https://u-gajera.githu

b.io/discover/ .
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