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Abstract :

Machine learning (ML) has become an important tool for accelerating materials
discovery by enabling rapid prediction of material properties from existing datasets. Among
various material classes, perovskites have attracted significant attention due to their
applications in photovoltaics, catalysis, and electronic devices. In this work, four tree-based
machine learning models are benchmarked for the prediction of formation energies of
perovskite materials. These are Random Forest, Gradient Boosting, XGBoost, and
LightGBM. The Matbench perovskite dataset, consisting of 18,928 crystal structures with
density functional theory (DFT)-calculated formation energies, was used. Composition-based
features were generated using Magpie descriptors, while structure-based features were
obtained from density and symmetry properties. Models were trained using an 80/20 train—
test split and evaluated with five-fold cross-validation. Among the tested models, XGBoost
achieved the best performance with a test mean absolute error (MAE) of 0.227 eV/atom and
an R? value of 0.79. The results indicate that boosting-based tree models outperform
bagging-based approaches and demonstrate the importance of structural descriptors for
accurate prediction of perovskite formation energies.

Keywords : Perovskites; Machine learning; Formation energy; Tree-based models;
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Introduction :

The development of functional materials is central to advances in energy, electronics,
and catalysis. Traditionally, materials discovery has relied on experimental synthesis and
computational methods such as density functional theory (DFT). While DFT provides reliable
predictions of material properties, its computational cost limits its applicability to large-scale
materials screening [1].

Machine learning (ML) has emerged as a promising alternative for predicting material
properties by learning patterns from existing datasets [2]. ML models can significantly
accelerate materials discovery by providing near-instantaneous predictions once trained. This
approach has been successfully applied to predict formation energies, band gaps, elastic
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properties, and other materials characteristics [2,3].

Perovskite materials, typically represented by the general formula ABXs, have
attracted extensive research interest due to their applications in solar cells, ferroelectrics,
catalysts, and sensors [4]. The vast compositional and structural diversity of perovskites
makes them an ideal candidate for machine learning-based screening approaches.

Among various ML algorithms, tree-based ensemble methods are widely used in
materials informatics because of their robustness, ability to handle nonlinear relationships,
and minimal preprocessing requirements [2]. Random Forest and Gradient Boosting models
have shown strong performance in predicting material properties [2,5]. More recently,
optimized boosting algorithms such as XGBoost and LightGBM have gained popularity due
to their improved accuracy and computational efficiency [6,7].

Despite the widespread use of tree-based models, systematic comparisons of these
algorithms for perovskite formation energy prediction remain limited. Therefore, the
objective of this study is to benchmark four widely used tree-based models—Random Forest,
Gradient Boosting, XGBoost, and LightGBM—using the Matbench perovskite dataset [3].

Dataset and Feature Engineering :
1. Dataset :

This analysis uses the Matbench perovskite dataset. This dataset is a component of the
Matbench benchmark suite, which is intended for the assessment of materials science
machine learning models [3]. The dataset includes 18,928 structures made of perovskites.
DFT was used to calculate formation energies and crystallographic structure information. The
target variable was formation energy per atom.

2. Composition-Based Features :

Composition-based features were generated using the Magpie descriptor set
implemented in the Matminer library [2]. These features capture statistical properties of the
constituent elements, including: Atomic number, Electronegativity, Atomic radius, Valence
electron counts and Periodic table statistics. Magpie features have been widely used in
materials informatics and have demonstrated strong predictive capability [2].

3. Structure-Based Features :

To incorporate crystallographic information, structure-based features were extracted
using the Matminer library [2]. Two categories of structural descriptors were considered:
density-related features and symmetry-related features. The density features included
properties such as bulk density, volume per atom, and packing efficiency, which capture the
geometric and spatial characteristics of the crystal structure. In addition, symmetry features
were incorporated to describe the crystallographic arrangement of atoms, including the
crystal system and space group number. Since certain symmetry descriptors, such as the
crystal system, are categorical in nature, they were converted into numerical form using one-
hot encoding to ensure compatibility with the machine learning models.
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4. Feature Preprocessing :

The data preprocessing workflow involved several critical stages to ensure a robust
feature set for model training. Initially, composition and structural features were combined
into a unified feature matrix. Categorical variables were then transformed using one-hot
encoding to facilitate compatibility with tree-based algorithms. To refine the feature space,
columns containing missing values (NaN) and constant features—which offer no predictive
variance—were systematically removed. Following these refinement steps, the final
processed dataset comprised 18,928 samples characterized by 129 numerical features,
providing a high-dimensional foundation for subsequent energy prediction modeling

Machine Learning Models :

In this study, four tree-based machine learning models were selected and
benchmarked for predicting the formation energies of perovskite materials. Tree-based
methods are widely used in materials informatics because they can capture nonlinear
relationships, handle complex feature interactions, and require minimal data preprocessing.
These models also provide strong predictive performance across a wide range of materials
datasets.

1. Random Forest :

Random Forest is an ensemble learning method that constructs a large number of
decision trees during training. Each tree is built using bootstrap sampling of the training data
and a random subset of features at each split, which introduces diversity among the trees. The
final prediction is obtained by averaging the outputs of all trees, which reduces overfitting
and improves generalizationtion [5].

2. Gradient Boosting :

Gradient Boosting is a sequential ensemble technique in which trees are built one
after another. Each new tree is trained to correct the residual errors made by the previous
trees. By gradually minimizing the loss function, the model improves its predictive accuracy.
This approach allows the model to capture complex nonlinear relationships between features
and target properties [8].

3. XGBoost :

XGBoost is an optimized implementation of gradient boosting designed for speed and
performance. It introduces regularization terms to prevent overfitting and uses parallel
computation for faster training. Additionally, XGBoost employs efficient tree construction
and advanced optimization techniques, making it one of the most widely used algorithms in
machine learning competitions and materials informatics studies [6].

4. LightGBM :

LightGBM is another gradient boosting framework that focuses on computational
efficiency and scalability. It uses histogram-based feature binning and a leaf-wise tree growth
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strategy, which allows it to achieve high accuracy with reduced training time. This makes
LightGBM particularly suitable for large datasets with many features, such as those
commonly encountered in materials science applications [7].

Model Training and Evaluation :
1. Train—Test Split :

The dataset was divided into two subsets to evaluate model performance: 80% of the
data was used for training the machine learning models, while the remaining 20% was
reserved as an independent test set. The training set was used to learn the relationships
between the input features and the formation energy, whereas the test set was used to assess
the predictive performance of the models on unseen data. This split ensures a fair evaluation
and helps prevent overfitting.

2. Cross-Validation :

The robustness of the four tree-based models was tested using five-fold cross-
validation. In this method, the training data were divided into five equal parts. Each part was
used once for validation while the remaining parts were used for training the model. This
process helped in checking how well the models perform on unseen data and reduced the
chances of overfitting. The results showed that the ensemble methods and optimization
techniques used in these models improved the prediction accuracy. Overall, the cross-
validation confirmed that these models can successfully learn the complex and nonlinear
patterns present in perovskite datasets [9].

3. Performance Metrics :

Two evaluation metrics were used to measure the performance of the models: Mean
Absolute Error (MAE) and the coefficient of determination (R?). The MAE represents the
average absolute difference between the predicted and actual formation energy values, and is
given by

1
Mean Absolute Error (MAE) = ;Zl}ﬁ' =3l

where y;is the actual value, ¥;is the predicted value, and nis the number of samples.

The R? score indicates how well the model explains the variation in the data. It is calculated
using

Coefficient of determination (R*) = 1 — Zlyl—_}_]ll
2lyi — ¥l

where yis the mean of the actual values. A lower MAE and a higher R? indicate better model
performance [10].

4. Machine Learning Workflow :
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Flowchart of the Machine Learning Pipeline Used in This Study.
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Figure 1 Flowchart of the machine learning pipeline used in this study.
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Results and Discussion :
1. Cross-Validation Performance :

The cross-validation results of the four tree-based models are presented in Table 1.
The results show that the boosting-based models perform better than the Random Forest
model. Among all the models, XGBoost achieved the lowest cross-validation error, indicating
its superior predictive capability for the dataset.

Table 1 : Cross-validation performance

of tree-based models. Table 2 : Test set performance comparison.

Cv MAE Test MAE
Model (eV/atom) Model (eV/atom) R’
Random Forest 0.274 Random Forest 0.267 0.75
Gradient 0.265 Gradient 0.265 0.77
Boosting Boosting
LightGBM 0.243 LightGBM 0.241 0.80
XGBoost 0.237 XGBoost 0.227 0.79

2. Test Set Performance :

The performance of the models on the independent test set is shown in Table 2.
XGBoost achieved the lowest MAE among all models, while LightGBM showed a slightly
higher R? value. Both boosting-based models performed better than Random Forest and
Gradient Boosting.

3. Model Comparison :
The ranking of models based on test MAE is :

XGBoost > LightGBM > Gradient Boosting > Random Forest
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Boosting-based models consistently outperformed the bagging-based Random Forest
model. This trend is consistent with previous studies showing the superior performance of
gradient boosting methods in materials property prediction [2,6].

4. Effect of Structural Features :

Initial experiments using only composition-based features produced MAE values in
the range of 0.45-0.58 eV/atom. The data is not shown in this paper. After incorporating
structure-based descriptors, the MAE decreased to approximately 0.23 eV/atom.

This represents nearly a 50% reduction in prediction error, highlighting the critical
importance of structural information in predicting perovskite stability. Similar observations
have been reported in previous materials informatics studies [2,3].

5. Prediction Performance :

The figure 2 compares the cross-validation mean absolute error (MAE) of four tree-
based machine learning models for perovskite formation energy prediction. Boosting-based
models, particularly XGBoost and LightGBM, show lower MAE values than Random Forest,
indicating better predictive performance.The plot in figure 3 shows a strong correlation
between predicted and actual values, indicating reliable model performance for the best
performing model i.e. XGBoost.

Tree-Based Model Comparison (Cross-Validation) Best Model: XGBoost
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Figure 2: Comparison of five-fold cross- Figure 3: Scatter plot of predicted versus
validation mean absolute error (MAE) for actual formation energies for the best-

different tree-based machine learning models performing model (XGBoost).
Conclusion :

In this study, four tree-based machine learning models were benchmarked on the
Matbench dataset to predict formation energies of perovskite materials. Boosting-based
models outperformed random forest, with XGBoost achieving the highest performance (MAE

Published In Collaboration With
Nabira Mahavidyalay, Katol
INTERNATIONAL CONFERENCE ON ARTIFICIAL INTELLIGENCE & THE FUTURE OF SOCIETY Page-391




Volume-7 (2026) RESEARCH HUB ISSN

Special Issue-2 (March) |nternational Peer-Reviewed Multidisciplinary E-Journal 2582-9173
Website : www.researchhub.org.in/research-hub I Email : researchhubjournal@gmail.com

=0.227 eV/atom, R? = 0.79). Incorporating structure-based features reduced prediction error
by approximately 50%. These results highlight the efficacy of tree-based models for rapid
perovskite formation energy prediction and underscore the value of structural descriptors in
materials informatics.

However, limitations persist, including reliance on dataset-specific features and
limited generalizability to diverse perovskite compositions beyond Matbench. Future work
could explore hybrid models integrating graph neural networks with tree-based ensembles,
incorporate larger multi-fidelity datasets, and validate predictions via high-throughput
experiments to enhance robustness and transferability.
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