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Methods

General details. All docking experiments in this article were performed using Lead Finder
v.1.1.17 program package developed by some of us!?. dG-scorel scoring function (SF), an
empirical SF parameterized for prediction of ligand binding free energies was used throughout the
study. Each docking run included ~1000 attempts to dock ligand using different conformations
and poses (orientations and translations relative to the protein), the best of which (according to a
specialized “Ranking SF™1) is reported for comparison with other ligands/runs by means of dG-
score. VS-scorel SF has the same form as dG-score SF, but tweaked empirical parameters,
optimized for virtual screening; its optimization was carried out on a subset of 16 proteins from
the present test set.

Proteins and ligands were taken from the original Lead Finder virtual screening test-set®. It
includes 35 diverse targets (see Table S1 for a complete list). All structures were prepared
automatically at pH 7.4. Screened Coulomb potential was used for determination of pKas of
ionizing residues. Some manual corrections were made in cases where crystallographic structures
were resolved at pH significantly different from 7.4 (e.g., penicillopepsin). Active sites of the
proteins were determined from positions of co-crystallized ligands. Grid sizes were determined by
the reference ligands from corresponding X-ray structures and were set as size of the reference

ligand + 6 A in each direction.

Ligand library for each target included 1066 presumably inactive ligands (decoys; common for
all targets, borrowed from the Surflex publication®) and 5 to 50 active ligands (individual set for
each target, extracted from PDB*, KiBank® and Surflex site®); all structures are available in SI.

Ligands were prepared using OpenBabel” and ACD Labs ChemSketch?® tools.

Automatic generation of centers for surface docking sites. At first, number of neighbors
for every protein atom was calculated without taking into account water molecules and hydrogens.

Atoms within 4 A of each other were considered neighbors, and all heavy non-water atoms with
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less than 10 neighbors were considered exterior (surface) atoms. Then a list of protein surface
atoms was generated in such a way that at every step a surface atom which is the furthest from the
atoms already in the list was selected and added to the list. Once the size of the list reached pre-
defined value (25 in our case), the procedure stopped. Atoms from the list were then used as centers
for docking energy grids.

For active sites, grid sizes were determined by the reference ligands from corresponding X-
ray structures and were set as size of the reference ligand + 6 A in each direction. For the sites on
the protein surface, energy grid was defined as a box 20x20x20 A centered on a selected protein
atom. Default settings were used for all docking runs. All conjugated bonds were considered
rotatable. To obtain converged results, we have performed 10 docking runs into each surface site.

Comparing accuracies of docking protocols. Accuracies of docking protocols were
compared by means of the Area Under the Receiver Operating Characteristic curve (AUROC)®.
This quantity directly measures the true positive rate vs. false positive rate. It provides a realistic
representation of virtual screening efficiency and does not depend on the relative sizes of ligands
and decoys subsets®. 100% accuracy by AUROC corresponds to perfect segregation between
active and inactive ligands with zero false-positive rate; 50% AUROC designates a procedure
resulting in a random mixture of active and inactive ligands; AUROC below 50% means that the
procedure tends to reverse the correct ordering.

AUROC was computed using rankings of all ligands (5-50 active + 1066 decoys) for the
given protein. In addition to AUROC we have monitored BEDROC(0=5)° and Enrichment factor®
at 5% (see Table S2).

Proteins active site types and net charges. Active sites of all studied proteins were assigned
to be open or closed manually by F.N.N. and O.V.S. To compute net charges of all targets for
Figure 5, pKas of all ionizable residues were estimated with BuildModel*!* at pH=7, and used to

evaluate protonation at the same pH. The code used for this task is available in SI.



Note on Poly(ADP-ribose) polymerase (PARP). During the work we have observed, that
some “surface” sites provided better results for PARP than the active site constructed according to
the “General details” section even with the conventional docking procedure (by 6% AUROC).
Inspection has shown that different ligands bind at PARP active site in at least two manners: (1)
found in the 1efy, 3I3m, 5a00 and 5xsu, or alternatively (2) found in 4oqgb, 4hhz and 4hhy. Our
initial active site grid did not allow ligands to adopt the second manner, so three of the “surface”
sites, which were actually located in the active site of the protein provided better results in both
conventional and on-top docking. For this reason, we have used docking scores obtained for the

“grid 9” surface site as active site results and treated the initial active site as a surface site.

Importance of thymidylate synthase, RNases A and T1, and poly(ADP-ribose) polymerase
for drug development. (1) Thymidylate synthase, which provides the only de novo source of 2-
deoxythymidine-5-monophosphate (dTMP), required for DNA synthesis in living cells.
Thymidylate synthase inhibitors are currently used to treat non-small cell lung'?, colorectal,
pancreatic, breast, head and neck, gastric, and ovarian cancers®. It is known to be a hard task for
conventional docking'®. Accounting for ligands’ affinities to the protein’s surface improves
accuracy for thymidylate synthase docking by 36%: from 58% to 94%.

(2) Ribonucleases A and T1, which catalyze the cleavage of RNA, mediating various biological
processes ranging from cell signaling to innate immunity®>. Mammalian RNases have been shown
to have angiogenic and neurotoxic activities, and targeted inhibitors of these enzymes may have
human therapeutic potential'®!’. Ribonuclease A is known to be a hard nut to crack with either
ligand-based or structure-based techniques®®, and was even called a “protein with discontinuous

structure-activity relationship”18

. Accounting for ligands’ affinities to the ribonuclease A surface
cracks it easily taking docking accuracy from 45% (complete nonsense) to 93% (48%
improvement). For ribonuclease T1 improvement amounts to 35%: from 63% to 98%.

(3) Poly(ADP-ribose) polymerase (PARP), which plays key roles in DNA repair, genomic

stability, and programmed cell death®®. Its inhibitors are currently approved for treating patients
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with breast?® and ovarian®! cancers, and are considered promising treatments of other cancer?? and

non-cancer? diseases. It was found, that conventional docking provides only mediocre accuracy

for PARP, independent of the scoring function?*. Accounting for ligands’ affinities to its surface

improves docking accuracy by 21%: from 47% to 68%.
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Figure S1.

Dependence of average VS accuracy (by means of AUROC, BEDROC and Enrichment factor)
on the quantile of OTH scores in each OTH site and quantile of scores over all OTH sites; black
horizontal lines indicate performance of the AS-only docking (ASD).
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Figure S2.

Receiver operating characteristic (ROC) curves for on-top and conventional docking procedures
for each of studied targets. Targets are designated by their PDB IDs. Targets are sorted by decrease
of conventional docking areas under the ROC curves (AUROCS).



Table S1.

Test set proteins data and comparison of conventional and on-top docking procedures

performances. Table is sorted by increase of conventional docking accuracy.

Conventional  On-top
docking docking  Impro-
PDB accuracy accuracy vement
Target ID Protein type (%) (%) (%)
Ribonuclease A 1ghc Ribonuclease 44.6 92.9 48.3
Poly(ADP-ribose) polymerase lefy Transferase 46.7 68.0 21.3
Thymidylate synthase 1f4g Transferase 58.0 93.9 35.9
Ribonuclease T1 1rnt Ribonuclease 62.7 97.7 34.9
Acetylcholinesterase leve Hydrolase 68.8 81.3 12.6
Heat shock protein HSP 90-alpha luy6 Hydrolase 70.4 81.0 10.6
Orotidine-5’-P decarboxylase leix Lyase 76.1 95.3 19.1
Acetylcholinesterase 1e66 Hydrolase 78.1 85.3 7.2
Glucocorticoid receptor 1m2z  Nuclear receptor 79.1 82.8 3.7
Neuraminidase 2qwg Hydrolase 81.0 93.6 125
Cyclooxygenase-2 lcx2 Oxidoreductase 82.0 87.1 5.2
Thymidine kinase 1kim Kinase 84.0 94.7 10.7
Angiotensin-converting enzyme 1086 Hydrolase 84.1 94.8 10.7
Penicillopepsin 1bxo Protease 84.5 95.2 10.7
Vascular endothelial growth factor receptor kinase 2 20h4 Kinase 84.6 91.9 7.3
Fibroblast growth factor receptor kinase 1fgi Kinase 85.2 89.0 3.9
Thermolysin 4tmn Protease 85.9 97.7 11.8
Progesteron receptor 1sr7 Nuclear receptor 86.6 88.1 15
Tyrosine-protein kinase Lck 1gpe Kinase 87.5 96.9 94
P38 MAP kinase 1kv2 Kinase 89.2 94.9 5.7
Urokinase-type plasminogen activator 1gj7 Hydrolase 89.2 96.8 7.6
cAMP-dependent protein kinase 1stc Kinase 89.8 94.1 4.3
Epidermal growth factor receptor kinase 1ml7 Kinase 90.0 96.2 6.2
Estrogen receptor 112i Nuclear receptor 91.7 92.9 1.2
Tyrosine kinase c-Src. 2src Kinase 92.2 96.9 4.7
Protein tyrosine phosphatase 1B 1c84 Hydrolase 96.1 99.0 2.9
Mineralocorticoid receptor 2aa2 Nuclear receptor 96.2 98.5 2.4
Trypsin 1gbo Protease 97.3 99.6 2.3
Peroxisome proliferator activated receptor gamma 1fm9  Nuclear receptor 97.9 99.3 1.4
HIV-1 protease 1pro Protease 98.4 99.1 0.7
Beta-secretase 1mah Protease 98.5 98.2 -0.3
Estrogen receptor 3ert Nuclear receptor 98.5 99.5 1.0
Thrombin lcav Protease 98.9 99.6 0.7
Factor Xa 1fjs Protease 99.4 99.7 0.3
Oligopeptide-hinding protein 1b5j None 99.9 99.9 0.1
Average 84.4 935 9.1



PDB Open Total AUROC BEDROC (0=5) Enrichment factor at 5%
Target 1D Type active site charge Convgnt. On-t_op Gain Convgnt. On-t_op Gain Convgnt. On-t_op Gain
at pH=7 docking | docking docking docking docking | docking
Ribonuclease A 1ghc Ribonuclease yes 12 0.45 0.93 0.48 0.09 0.79 0.70 0.00 12.00 12.00
Poly(ADP-ribose) polymerase lefy Transferase yes 3 0.47 0.68 0.21 0.08 0.24 0.16 0.00 0.00 0.00
Thymidylate synthase 1f4g Transferase yes -18 0.58 0.94 0.36 021 0.83 0.62 0.00 16.00 16.00
Ribonuclease T1 1rnt Ribonuclease yes -28 0.63 0.98 0.35 0.20 0.90 0.70 0.00 18.00 18.00
Acetylcholinesterase leve Hydrolase no -2 0.69 0.81 0.13 0.23 0.44 0.22 0.00 0.00 0.00
Heat shock protein HSP 90-alpha luy6 Hydrolase yes -5 0.70 0.81 0.11 0.27 0.44 0.17 0.00 0.67 0.67
Orotidine-58BI-P decarboxylase leix Lyase no -10 0.76 0.95 0.19 0.38 0.82 0.44 0.00 12.22 12.22
Acetylcholinesterase 1e66 Hydrolase no -9 0.78 0.85 0.07 0.44 0.57 0.13 3.75 6.25 2.50
Glucocorticoid receptor 1m2z Nuclear receptor no -1 0.79 0.83 0.04 0.47 0.57 0.10 2.00 3.60 1.60
Neuraminidase 2qwg Hydrolase yes -3 0.81 0.94 0.13 0.51 0.79 0.28 1.33 10.00 8.67
Cyclooxygenase-2 lex2 Oxidoreductase no -2 0.82 0.87 0.05 0.52 0.64 0.11 2.72 6.80 4.08
Thymidine kinase 1kim Kinase no -13 0.84 0.95 0.11 0.51 0.79 0.27 4.00 10.00 6.00
Angiotensin-converting enzyme 1086 Hydrolase no -7 0.84 0.95 0.11 0.52 0.80 0.27 2.00 14.00 12.00
Penicillopepsin 1bxo Protease yes -22 0.85 0.95 0.11 0.53 0.79 0.27 4.00 12.00 8.00
Vascular endothelial growth factor | ., Kinase yes 2 0.85 0.92 0.07 0.58 0.73 0.16 3.92 680 | 288
receptor kinase 2
Fibroblast growth factor receptor kinase 1fgi Kinase yes 3 0.85 0.89 0.04 0.53 0.64 0.11 0.80 4.80 4.00
Thermolysin 4tmn Protease yes 0 0.86 0.98 0.12 0.59 0.91 0.31 9.00 16.00 7.00
Progesteron receptor 1sr7 Nuclear receptor no 5 0.87 0.88 0.01 0.57 0.62 0.05 5.00 6.00 1.00
Tyrosine-protein kinase Lck 1qgpe Kinase yes -7 0.87 0.97 0.09 0.65 0.89 0.24 6.00 15.00 9.00
Urokinase-type plasminogen activator 1gj7 Hydrolase yes -7 0.89 0.97 0.08 0.63 0.86 0.23 4.00 14.00 10.00
P38 MAP kinase 1kv2 Kinase yes 8 0.89 0.95 0.06 0.66 0.81 0.15 6.80 10.00 3.20
cAMP-dependent protein kinase 1stc Kinase no -6 0.90 0.94 0.04 0.68 0.81 0.13 5.20 9.20 4.00
Epidermal growth factor receptor kinase | 1m17 Kinase yes -3 0.90 0.96 0.06 0.68 0.85 0.17 6.00 10.32 4.32
Estrogen receptor 112i Nuclear receptor no -5 0.92 0.93 0.01 0.70 0.75 0.05 4.72 5.92 1.20
Tyrosine kinase c-Src. 2src Kinase yes -1 0.92 0.97 0.05 0.74 0.88 0.14 8.32 11.52 3.20
Protein tyrosine phosphatase 1B 1c84 Hydrolase yes -5 0.96 0.99 0.03 0.83 0.95 0.12 11.00 19.00 8.00
Mineralocorticoid receptor 2aa2 Nuclear receptor no 1 0.96 0.99 0.02 0.84 0.93 0.09 14.00 18.00 4.00
Trypsin 1gbo Protease yes 26 0.97 1.00 0.02 0.88 0.98 0.10 15.00 20.00 5.00
Peroxisome proliferator activated 1fm9 | Nuclear receptor no 2 0.98 0.99 0.01 091 0.97 0.06 1272 | 1720 | 448
receptor gamma
HIV-1 protease 1pro Protease no 7 0.98 0.99 0.01 0.93 0.96 0.03 13.92 17.12 3.20
Beta-secretase 1médh Protease yes -13 0.98 0.98 0.00 0.94 0.92 -0.01 16.15 15.50 -0.65
Estrogen receptor 3ert Nuclear receptor no -1 0.98 0.99 0.01 0.94 0.98 0.03 17.87 19.33 147
Thrombin 1cdv Protease yes 10 0.99 1.00 0.01 0.95 0.98 0.03 16.15 20.00 3.85
Factor Xa 1fjs Protease yes -7 0.99 1.00 0.00 0.98 0.99 0.01 17.20 17.92 0.72
Oligopeptide-binding protein 1b5j None no -8 1.00 1.00 0.00 0.99 1.00 0.00 20.00 20.00 0.00
Average value -3.2 0.84 0.93 0.09 0.60 0.80 0.19 6.67 11.86 5.19
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