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Knowing the band gap in crystalline structures is essential for designing materials with -
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framework based on a SQL database of approximately 2,700 binary and ternary structures,
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encompassing 273 theoretical, experimental, and DFT HSEO6—computed variables.
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cross-validation. Although XGBoost exhibited excellent training performance, its R fell to ey . /
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XGBoost and artificial neural network (ANN) models were optimized via Grid Search and
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values. This methodology reduces the estimation time from days (with DFT) to minutes. It
establishes a scalable, reproducible protocol adaptable to predicting other electronic and
optical properties, thereby accelerating the rational design of materials.
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In the first figure, atomic orbitals for various quantum numbers (n, £, m) are displayed, predicted label

representing the electronic probability density of the stationary states of the Schrodinger equation

for the atom. The second figure shows the flowchart of the Kohn—Sham self-consistent cycle in
density functional theory, where from an initial density p,(r) the Kohn-Sham potential 1s
computed, the Kohn—Sham equations are solved to obtain wavefunctions y; and eigenvalues €;, the
density 1s updated, and the process 1s repeated until convergence.
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quality, large-scale repository was established by integrating 273 variables—including experimental data, literature values, and DFT

calculations using the HSEO6 functional-—and automating the extraction and validation of gap magnitude and band type. The XGBoost

overfitting control. Conversely, artificial neural networks, optimized via Grid Search and cross-validation, achieved R? = 0.96 on the

Converting thousands of crystallographic files (.cif) into a data repository enriched with physical, training set and R? = 0.92 on the validation set, reflecting remarkable generalization. This approach drastically reduces computational cost
chemical, structural, and optical properties to tramn neural networks; analogous to the self- compared to traditional DFT methods, from days to minutes per estimation, and establishes a reproducible, scalable protocol. Moreover,
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