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Supplementary Table 1. Machine learning methods for accelerated docking-based virtual
screening. SHBG, sex hormone-binding globulin; SARS 3CLPro, severe acute respiratory
syndrome 3C-like protease; HIV, human immunodeficiency virus; LIT-PCBA, Laboratoire
d’Innovation Thérapeutique - PubChem Assays data set; PTPN22, Protein tyrosine phosphatase,
non-receptor type 22; MMP13, Collagenase 3 (Matrix Metallopeptidase 13); CTDSP1, Carboxy-
terminal domain RNA polymerase Il polypeptide A small phosphatase 1; TMPK, Thymidylate
kinase; GPCR, G protein-coupled receptor; CYP, cytochrome P450; ADORA2A, G protein-
coupled receptors included adenosine A2A receptor; AR, androgen receptor; AT1R, angiotensin
Il receptor type 1; CAMKK2, calcium/calmodulin-dependent protein kinase kinase 2; CDKS6,
cyclin-dependent kinase 6, ERa, estrogen receptor-alpha; GABAA, gamma-aminobutyric acid
receptor type A; GLIC, Gloeobacter ligand-gated ion channel; Nav1.7, Nav1.7 sodium channel;
PPARy, peroxisome proliferator-activated receptor y;, TBXAZ2R, thromboxane A2 receptor;
VEGFR2, vascular endothelial growth factor receptor 2; SARS-CoV-2 Mpro, severe acute
respiratory syndrome coronavirus 2 main protease.
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Supplementary Table 2. List of steps of Procedure 1 and 2.

Process Steps in Procedure 1 Steps in Procedure 2

Library preprocessing 1-3 1: perform steps 1-3 of Procedure
1

Library enumeration 4-6 2

Calculation of fingerprints 7 3

Receptor preparation 8-12 4: perform steps 8-12 of
Procedure 1

Random sampling (DD phase 1) 13-18 5-7

Ligand preparation (DD phase 2) 19 8

Docking (DD phase 3) 20 9

Model training (DD phase 4) 21-23 10

Inference (DD phase 5) 24-31 11-12

Successive iterations 32-36 13-15: for step 14, perform step
35 of Procedure 1

Final phase 37-38 16-17: for step 17, perform step

38 of Procedure 1
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Supplementary Figure 1. Chemical structure of piridocaine (ZINC000000000638) (top) with its
Morgan fingerprint in DD format. Framed in red: bit rendering (indicating presence of molecular
substructures) for the first nine bits set to 1 for piridocaine. Central atoms are highlighted in blue,
aromatic atoms in yellow, aliphatic atoms in dark gray. Fingerprint rendering was generated with
rdkit (http://rdkit.blogspot.com/2018/10/using-new-fingerprint-bit-rendering-code.html).
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Supplementary Figure 2. Comparison of the effect of training set size on the database reduction
power of DD for docking simulations based on stochastic algorithms. The same molecular sets
(training set of 1.4 million molecules, validation and testing sets of 700,000 molecules each) were
docked to the active site of SARS-CoV-2 Mpro (PDB id 6W63®) using the Lamarckian genetic
algorithm of Autodock-GPU® by setting the energy evaluation parameter (controlling the
convergence of the docking) to a, 50,000 and b, 500,000 energy evaluations. For each setup,
docking was performed three independent times. The obtained docking scores were used to train
models with increasing sizes of the training set. More ‘deterministic’ docking runs (using 500,000
energy evaluations) led to a significantly better database reduction power at every tested sample
size, compared to the ‘random’ runs (using 50,000 energy evaluations).
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