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Density difference with true density
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RESULTS
Machine-learned electrostatic potentials

Chiu, Nucleic Acids Research (2017)



RESULTS
Machine-learned electrostatic potentials

 Machine-learned electrostatic potentials are stable at short 
ranges compared to classical potentials.

 Application: Electrostatic potentials to study site-specific DNA-
protein binding behavior

DNA w/ A-tract



RESULTS
Extrapolating to DNA structural motifs beyond B-DNA

A-DNA Z-DNAB-DNA w/ A-tract



RESULTS
Examples of machine learning densities for large DNA structures

Stacked 4-way junction
1260 atoms, 6280 electrons

(PDB code 1dcw)

Nucleosome core particle
9346 atoms, 46980 electrons

(PDB code 1kx5)
 

DNA origami structure
21658 atoms, 108654 electrons
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SUMMARY
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