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Table S1 shows the statistics of the target properties in the benchmark dataset.

Table S1: Statistics of the target properties in the benchmark datasets.

Dataset Range Average Standard
deviation

ESOL [-11.60, 1.58] -3.05 2.10
FreeSolv [-25.47, 3.43] -3.80 3.84
Lipophilicity [-1.5, 4.5] 2.2 1.2
PDBbind [0.4, 9.3] 6.2 1.7
QM7 [-2.9034, 5.1144] -1.4059 0.9999
QM8-E1 [0.0653, 0.4964] 0.2168 0.0446
QM8-F1 [0.0, 0.5254] 0.0235 0.0579
QM9-HLG [6.002, 46.969] 31.601 4.063
QM9-HC [0.0246, 0.6221] 0.2511 0.0475
QM9-IP [6.31, 196.62] 75.19 8.19

For the reproducibility of the proposed algorithm, we present the atomic features used
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in our experiment. Table S2 shows the atomic features used in EGCN. Note that the

atomic features are represented as the node features in EGCN and they are given by Python

mendeleev package1.

Table S2: Atomic features of EGCN.

Name Unit Comment

Atomic weight - -
Atomic radius pm -
Atomic volume cm3/mol -
Dipole polarizability a.u. -
Fusion heat kJ/mol -
Thermal conductivity W/(mK) Thermal conductivity at 25 C
Van der Waals radius pm -
En. pauling - Pauling’s scale of electronegativity

1https://mendeleev.readthedocs.io/en/stable/index.html
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