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Abstract. Rapid screening of battery materials is critical to meeting the growing
demand for high-performance energy-storage solutions. In this study, we employ a
data-driven approach to evaluate and characterize stable lithium-containing
compounds with potential applications in next-generation batteries. We retrieved a
dataset of 1,846 stable lithium-based materials from the Materials Project database
using the mp-api. By leveraging the matminer library, we generated a comprehensive
set of composition-based and structure-based features, including elemental- property
and density descriptors. A Random Forest Regressor was trained to predict the band
gap of these materials, a key electronic property that determines their suitability as
electrolytes or electrodes. The model achieved a mean coefficient of determination
(R?) of 0.77 + 0.04 and a mean absolute error (MAE) of 0.48 + 0.05 eV across
10-fold cross-validation, demonstrating robust predictive capability. Feature-
importance analysis revealed that electronegativity and Mendeleev number are the
most significant predictors of band-gap energy. These findings underscore the
effectiveness of machine learning in accelerating property prediction for battery materials
and provide a pathway to more efficient experimental targeting.

Keywords: machine learning, battery materials, lithium, band-gap prediction,
materials informatics.

1. Introduction

The global transition toward renewable energy and electric mobility has placed
unprecedented demands on energy storage technologies [1]-[10]. Lithium-ion batteries
(LIBs) have been the cornerstone of this revolution, powering applications ranging from
portable electronics to grid-scale storage systems [11]-[20]. However, conventional LIBs,
which rely on flammable organic liquid electrolytes, face inherent safety risks and energy
density limitations. To overcome these challenges, the research community is
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increasingly turning to solid-state batteries (SSBs), which utilize solid electrolytes to
enable higher energy densities and improved safety profiles [21]-[30].

The successful deployment of SSBs depends on the discovery of novel materials with
tailored electronic structures. Previous studies in materials informatics have demonstrated
the power of machine learning (ML) for predicting the electronic band gap of inorganic
solids [31]. Early work utilized support vector machines and random forests to screen
broad chemical spaces, showing proving that composition-based descriptors can rival the
accuracy of density functional theory (DFT) for band gap estimation [32]. More recently,
advanced ensemble methods and gradient-boosted workflows have been applied to
optimize feature selection for inorganic crystals, further refining our ability to identify
insulators and semiconductors without the computational cost of ab initio simulations
[33], [34].

Despite these advances, an important gap remains: while general band-gap models
exist, there is a lack of high-throughput pipelines specifically tailored to the
thermodynamic stability constraints of the lithium-containing chemical space required for
solid-state electrolytes. Most large-scale screening studies do not explicitly filter for
lithium-ion charge carriers in conjunction with absolute stability (energy above hull) [35].
This work addresses that gap by providing a targeted screening of 1,846 stable lithium
compounds, specifically focusing on the electronic stability required for next-generation
battery components.

By leveraging the Materials Project database and employing a Random Forest
regression approach, we predict the electronic band gap using only computationally
inexpensive descriptors. We detail our data acquisition strategy, feature-engineering
workflow, and rigorous model evaluation, and provide insight into the key chemical
drivers of electronic structure in battery materials.

2. Content
2.1. Methodology
2.1.1. Data acquisition

Data was retrieved from the Materials Project (MP) database using the mp-api client
(v0.41.1). The search query was designed to filter for materials that satisfy three criteria:
(1) containing the element Lithium ("Li"), (2) being thermodynamically stable (energy
above hull = 0 eV/atom), and (3) having a calculated band gap. The specific fields
requested for each entry were material id, formula pretty, structure, band gap, and
energy above hull. This yielded a final dataset of 1,846 unique crystal structures,
encompassing a diverse range of chemistries including oxides, sulfides, phosphides,
and halides.

2.1.2. Feature engineering

To convert the raw crystal structures into rigorous numerical descriptors suitable for
machine learning, we used the matminer library. We generated a hybrid feature set that
combines compositional and structural information:
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Compositional features (Magpie): We employed the ElementProperty.from preset
("magpie") featurizer. This algorithm computes a suite of statistics for atomic properties
(atomic number, atomic mass, melting point, boiling point, electronegativity, etc.),
stoichiometry-weighted statistics. For each property, the following statistics were
calculated: minimum, maximum, range, mean, average deviation, and mode. This
produced a comprehensive descriptor vector capturing the chemical nature of the
constituent elements.

Structural features (Density): The DensityFeatures featurizer was used to extract
geometric information, specifically density (g/cm?), volume per atom (A3/atom), and
packing fraction. These features serve as proxies for crystal-lattice openness, which is
often correlated with electronic properties and ion mobility.

The resulting feature matrix was cleaned by removing any entries with missing
values (NaN) generated during the featurization process (e.g., due to missing elemental
data for rare earth elements).

2.1.3. Model training and evaluation

We employed the Random Forest Regressor, an ensemble learning method
constructed from a multitude of decision trees, implemented via scikit-learn. To ensure
robustness, the model was optimized via grid search (n_estimators =
500, max_depth = 20) and its performance was evaluated using 10-fold cross-
validation on the full dataset of 1,846 materials using three standard metrics: coefficient
of determination (R?), mean absolute error (MAE), and root mean squared error (RMSE).

2.2. Results and discussion
2.2.1. Model performance

The Random Forest model demonstrated strong predictive capabilities on the held-
out test set, primarily driven by the rich information contained within the compositional
and structural features.

Figure 1 shows the parity plot comparing the model's predicted band gaps against the
ground-truth DFT values. A tight clustering of data points around the red 1:1 ideal line is
observed, indicating high model accuracy. Across the 10-fold cross-validation, the
optimized model achieved a mean coefficient of determination (R?) of 0.77 + 0.04,
indicating that the model successfully captures 77% of the variance in the band gap data.
The mean absolute error (MAE) of 0.48 + 0.05 eV provides a practical and tight bound
on the prediction uncertainty. The low standard deviation across the 10 folds confirms
that the model is stable and effectively generalizes across the diverse chemical space
without overfitting. This is a significant result for a model relying on computationally
inexpensive descriptors, as it suggests that the majority of the electronic structure
information is encoded within simple composition and density metrics. For a screening
workflow, this error is acceptable: missing a precise band gap by approximately 0.5 eV
is unlikely to misclassify a metal as a wide-bandgap insulator, thereby facilitating the
effective prioritization of potential solid electrolyte candidates for further investigation.
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Figure 1. Parity plot of predicted vs. actual band gaps

Given that solid electrolytes typically require a band gap exceeding 3 eV to ensure
electrochemical stability, an error of ~0.5 eV allows the model to effectively filter out the
significant population of metallic and narrow-gap materials in the dataset, thereby
prioritizing only high-probability candidates for subsequent, more computationally
intensive DFT verification. To examine the reliability of the model across the property
range, we analyzed the residuals (Figure 2). The residuals, defined as (yactual —
ypredicted), are plotted against the predicted band gap. Ideally, these should be randomly
distributed around zero with no discernible pattern. The plot confirms a largely
homoscedastic behavior, meaning the error variance is relatively constant. There is no
significant systematic bias where the model consistently over- or under-predicts for small
or large band gaps. This randomness in the error distribution validates the assumption that
the Random Forest model has learned the underlying generalizable trends rather than
overfitting to specific material classes.
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Figure 2. Residual plot showing the distribution of prediction errors
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2.2.2. Feature-importance analysis

Understanding why a model makes a prediction is as important as the prediction
itself, especially in materials science, where physical intuition is paramount.

Figure 3 displays the top 10 most important features identified by the Random Forest
model, ranked by their mean decrease in impurity (MDI). The results are striking: features
related to Electronegativity (e.g., maximum difference, range, mean) and Mendeleev
Number dominate the list. This aligns perfectly with fundamental chemical theory. The
band gap of a material is fundamentally the energy difference between the valence band
maximum (bonding states) and conduction band minimum (anti-bonding states). This
energy splitting is governed by the ionicity of the bonds: highly ionic bonds (large
electronegativity difference between cation and anion) lead to strong localization of
electrons and consequently wider band gaps (e.g., LiF). Conversely, covalent or metallic
bonding (small electronegativity difference) results in delocalized electrons and smaller
or zero band gaps. The model’s feature importance ranking aligns with established
chemical principles regarding the role of ionicity in electronic structure.
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Figure 3. Top 10 features ranked by mean decrease in impurity (MDI)

The significant predictive power of the Mendeleev number, appearing in both its
maximum and range statistics, stems from its ability to capture chemical similarity more
effectively than the standard atomic number. While electronegativity-based features
dominate the model by quantifying the energy splitting between bonding and anti-
bonding states, the Mendeleev number provides a heuristic ordering that groups elements
with similar chemical 'personalities' and structural preferences. This allows the Random
Forest model to distinguish among different crystalline environments and coordination
geometries that, while having similar ionicity, result in distinct electronic band gaps. To
explicitly visualize this discovered relationship, Figure 4 plots the actual band gap against
the single most important feature: the range of electronegativity in the compound. A clear,
positive correlation is visible. As the difference in electronegativity between the
constituent elements increases, the band gap tends to increase. This trend explains why
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Li-halides and oxides (high electronegativity difference) are insulators, while Li-rich
intermetallics are conductors. The color gradient, representing the band gap magnitude,
further emphasizes this transition from metals (bottom left) to insulators (top right).
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Figure 4. Scatter plot of band gap vs. electronegativity range
2.2.3. Dataset characteristics

Finally, we analyze the composition and distribution of the dataset itself to
understand the domain of applicability of our model.

Figure 5 illustrates the distribution of band gaps within our stable lithium material
dataset. The distribution is bimodal, characterized by a large peak near 0 eV
(metals/conductors) and a broad tail extending to >8 eV (insulators). This distribution is
typical for inorganic databases. The significant population of materials with band gaps >3 eV
is encouraging for solid-state battery research, as these are the prime candidates for solid
electrolytes. The model's ability to distinguish these high-gap materials from the metallic
clutter is its primary value proposition.
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Figure 5. Histogram of band gap values
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Chemical Diversity Figure 6 breaks down the elemental composition of the dataset,
showing the 15 most frequent elements (excluding Li). Quantitatively, the dataset is
dominated by oxides (approximately 38%), followed by phosphates (10%), fluorides
(9%), and sulfides (6%), ensuring that the model is trained on the most technologically
relevant chemical spaces for modern battery components. Oxygen is by far the most
prevalent anion, followed by Sulfur, Phosphorus, and Fluorine. This reflects the intense
research focus on oxides (classic cathodes like LiCo0O»), sulfides (superionic conductors
like Li10GeP2S12), and phosphates (olivine LFP). The presence of these elements confirms
that our dataset covers the chemically relevant space for modern battery technology.
Any model trained on this data is thus directly applicable to the most promising material
families currently under investigation.
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Figure 6. Frequency of elements in the dataset

To elucidate the interrelated dependencies within the feature space, a Pearson
correlation heatmap (Figure 7) was generated for the 10 most important descriptors and
the experimental band gap. The strongest linear relationship with the band gap is observed
in the electronegativity range (r = 0.68), confirming a fundamental link between
elemental polarity contrast and resultant electronic structure. Furthermore, significant
multicollinearity is present among several secondary features, particularly between
different variants of the Mendeleev number and electronegativity. This strong inter-
feature dependence underscores the rationale for employing robust, nonlinear ensemble
models like the Random Forest Regressor, which can naturally disentangle and
appropriately weight complex, interrelated chemical spaces without being limited by
strict linear assumptions.
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Figure 7. Lower-triangle correlation heatmap of the top 10 features and band gap

To further contextualize the physical and chemical generalization captured by the
model, Figure 8 visualizes the underlying dataset distributions for the most influential
descriptors identified through mean decrease in impurity: Electronegativity range,
Mendeleev Number range, and maximum Mendeleev Number. The violin plots for these
top predictors clearly demonstrate profound, continuous property variance across the
1,846 lithium-based candidate materials. Specifically, exhibiting such broad, overlapping
distributions across Mendeleev-based features, which encode atomic scaling rules and
structural clustering alongside electronegativity, confirms the rich chemical diversity of
the dataset. This widespread variability provides a stabilizing basis for cross-validation,
confirming that the Random Forest model captures generalizable physicochemical
principles from highly heterogeneous compositional spaces rather than rigidly overfitting
to narrow, overrepresented subclasses of materials.
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Figure 8. Feature distributions of the top 3 most important features
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3. Conclusions

We have successfully developed and validated a machine-learning framework for the
rapid prediction of electronic band gaps in stable lithium-based battery materials.
By leveraging a high-quality dataset from the Materials Project and employing rigorous
feature-engineering strategies, our Random Forest model achieved strong predictive
accuracy, with a mean R? = 0.77 4+ 0.04 and a mean MAE of 0.48 + 0.05 eV, as
validated by 10-fold cross-validation. This level of accuracy is sufficient to distinguish
among metals, narrow-bandgap semiconductors, and wide-bandgap insulators, making it
a valuable tool for high-throughput screening.

The feature-importance analysis provided critical physical insights, identifying
electronegativity and Mendeleev Number as the primary determinants of band-gap
magnitude. This reinforces the chemical intuition that the ionicity of bonds and the
periodic character of constituent elements dictate the electronic structure. Importantly,
our model relies only on computationally inexpensive descriptors, composition, and
density, thereby bypassing the need for costly DFT calculations during the initial
screening phase. This capability represents a significant acceleration in the materials-
discovery pipeline.

Furthermore, residual analysis confirms the robustness of the model, showing no
systematic bias across the range of band gaps. The identification of a diverse set of stable
lithium compounds, including oxides, phosphates, and sulfides, highlights the richness of
the available chemical space for optimization. As the demand for safer and higher-energy
density batteries intensifies, data-driven approaches like the one presented here will
become increasingly indispensable. They not only accelerate the identification of
promising candidates for solid-state electrolytes and cathodes but also provide a data-
driven framework that supports and extends existing physical intuition.

To further refine this predictive framework, future efforts will integrate more
sophisticated structural representations such as Voronoi tessellation and graph-based
embeddings (e.g., graph neural networks) to better capture local chemical environments.
Additionally, we aim to extend the pipeline to perform multi-objective optimization,
simultaneously predicting ionic conductivity, oxidation stability, and shear modulus to
design truly optimal solid-state battery materials.
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