
         CONCLUSIONS

The first figure shows the ten variables with the highest importance scores (F-Scores), allowing
identification of which attributes contribute most to the model’s predictive power. The second
figure displays the evolution of the root mean squared error (RMSE) on both the training and
validation sets across epochs, demonstrating the model’s convergence and providing a criterion for
selecting the optimal stopping point to avoid overfitting.
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Knowing the band gap in crystalline structures is essential for designing materials with
tailored electronic and optical properties. This study proposes an artificial intelligence
framework based on a SQL database of approximately 2,700 binary and ternary structures,
encompassing 273 theoretical, experimental, and DFT HSE06–computed variables.
XGBoost and artificial neural network (ANN) models were optimized via Grid Search and
cross-validation. Although XGBoost exhibited excellent training performance, its R² fell to
≈0.44 in validation. In contrast, the ANN achieved R² = 0.96 on the training set and R² =
0.92 on the validation set, faithfully reproducing the Gaussian distribution of experimental
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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The proposed methodology effectively predicts the band gap within a 2,700 binary and ternary crystalline structures database. A high-
quality, large-scale repository was established by integrating 273 variables—including experimental data, literature values, and DFT
calculations using the HSE06 functional—and automating the extraction and validation of gap magnitude and band type. The XGBoost
model exhibited outstanding fit during training but saw its predictive power decrease in validation (R²≈0.44), underscoring the need for
overfitting control. Conversely, artificial neural networks, optimized via Grid Search and cross-validation, achieved R² = 0.96 on the
training set and R² = 0.92 on the validation set, reflecting remarkable generalization. This approach drastically reduces computational cost
compared to traditional DFT methods, from days to minutes per estimation, and establishes a reproducible, scalable protocol. Moreover,
the same strategy can be extended to predict other electronic and optical properties, thereby contributing to the rational design of materials
for optoelectronics, photocatalysis, and renewable energy.
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The correlation matrix displays, in a heatmap, the degree of linear association among more than
270 variables, using reddish hues for positive correlations and bluish hues for negative ones.
From this overview, the 20 variables with the highest correlations—including atomic radius,
activation energy, and electronegativity—are selected to focus the analysis on the most relevant
attributes.

In the first figure, atomic orbitals for various quantum numbers (n, ℓ , m) are displayed,
representing the electronic probability density of the stationary states of the Schrödinger 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 ρ₀(r) the Kohn–Sham potential is
computed, the Kohn–Sham equations are solved to obtain wavefunctions ψᵢ and eigenvalues εᵢ, the
density is updated, and the process is repeated until convergence.

Converting thousands of crystallographic files (.cif) into a data repository enriched with physical,
chemical, structural, and optical properties to train neural networks; analogous to the self-
consistent DFT cycle, which achieves the minimum energy through iterative convergence, these
networks seek to minimize predictive error.
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