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Figure S1. Deviation of predicted ML-derived partial charges from corrected ML charges corresponding 
to electroneutral unit cell for two subsets of the CoRE MOF 2019 database.



Figure S2. Distribution of structures from the CoRE MOF 2014 database by the number of atoms in the 
unit cell.



Table S1. Elemental properties.

Atomic number

Atomic weight

Column on periodic table

Covalent radius

DFT bandgap energy of T=0 K ground state

DFT magnetic moment of T=0 K ground state

DFT volume per atom of T=0 K ground state

Melting temperature

Mendeleev Number (position on the periodic table, counting column-wise from H)

Number of filled d valence orbitals

Number of filled f valence orbitals

Number of filled p valence orbitals

Number of filled s valence orbitals

Number of unfilled d valence orbitals

Number of unfilled f valence orbitals

Number of unfilled p valence orbitals

Number of unfilled s valence orbitals

Number of unfilled valence orbitals

Number of valence electrons

Pauling electronegativity

Row on periodic table

Thermal conductivity

Velocity of sound



Table S2. Structural descriptors.

All the following descriptors were extracted with matminer1 package.

CoordinationNumber2 Number of first nearest neighbors of a site

VoronoiFingerprint3
Voronoi indices, i-fold symmetries and statistics of Voronoi facet 
areas, sub-polyhedron volumes and distances derived by Voronoi 
tessellation analysis.

CrystalSiteFingerprint2
Coordination number percentage and local structure order 
parameters computed from the neighbor environment of a site; 
Voronoi decomposition-based neighbor finding.

OPSiteFingerprint2 Local structure order parameters computed from the neighbor 
environment of a site; distance-based neighbor finding.

AGNIFingerprint4,5 Fingerprints based on integrating the distances product of the 
radial distribution function with a Gaussian window function

GaussianSymmFunc6,7 Gaussian radial and angular symmetry functions originally 
proposed for fitting machine learning potentials.
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