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Analysis of Results

: : : . [ 1 . , | Density Functional Theory
DFTand ML are vital for testing material properties in phar- The graphs below illustrate the results of the calculations used to extract computational param- The workflow for obtaining and comparing MBJ data : ]
maceuticals, clean energy, and engineering industries. eters for h-BN with k-point grids of 10x10x1 and 12x12x1 respectively. 2D Materials (JARVIS) e The standard DFT band gap is underesti-
e The Kohn-Sham equations are the basis to Density . . . mated (~ 4.6eV vs. ~ 6.08¢V), consistent with
Functional Theory (DFT): e Lattice parameter optimization from total energy minimization. ~ 1100 materials — mBlJ filtering — 246 materials the expected band-gap error of conventional
DFT.
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{——VZ + Vi(r) + VH(T)} O (1) = €PN (1) - . . . Prediction: ~ 6.0 eV MBJ band-gap references.
2 e Energy convergence with respect to k-point sampling. Convert to numeric e Including composition descriptors improved
: : : Mean Imputation the predicted hBN band gap from 5.23 eV (DFT-
e Physics from DFT, accuracy from Machine Learning . K-point Convergence Test . Kk-point Convergence Test . only features) to 6.0 V. much closer to the MB.
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Data Validation e Standard PAW-DFT Band Structure of Monolayer h-BN 5 - rection, giving near-mBJ band gap predictions at
. much lower computational cost.
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e The modified Becke-Johnson (mBJ) method band gaps Nads Nad 01 ¢ . . . . . .
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