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SARS-CoV-2 Main Protease
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PDB ID: 6WQF

Nirmatrelvir in 
Mpro active site 
(PDB id: 4TLL)

➔ Crucial for viral replication - processes 
polyprotein in 11 sites

➔ Highly conserved between different 
coronaviruses

➔ Substrate specificity to viral polyprotein
➔ A lot of available data



Objective

Our aim was to develop an approach for predicting the activity of SARS-CoV-2 
3CLpro protease inhibitors based on ensemble docking and machine learning.
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1st structure - 05.02.2020
To date - more than 400 structures in 

PDB!

Classic docking Ensemble docking Constrained ensemble 
docking

Structure-based ML 
approach
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Docking a library of compounds proposed by generative 
topographic mapping

5
D. Horvath, A. Orlov, D. I. Osolodkin, A. A. Ishmukhametov, G. Marcou, A. Varnek, Mol. Inf. 2020, 39, 2000080. 

473 GTM hits 39 docking hits with grid Score <-50

PDB ID: 6wqf
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10 compounds tested

Scaffold 1

Scaffold 2

Scaffold 3



Experimental evaluation
10 hits from the virtual screening were bought and tested on the inhibitory 
activity against Mpro SARS-CoV-2. Based on the docking of the two most active 
hits’ analogs, the new extended series of compounds was selected, bought and 
experimentally tested. 

Zakharova M. Yu. et al. Pre-Steady-State Kinetics of the SARS-CoV-2 Main Protease as a Powerful Tool for Antiviral Drug Discovery // Frontiers in 
Pharmacology. 2021. (12). C. 773198.
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Ensemble dockingClassic docking Constrained 
ensemble docking

Structure-based 
ML approach
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Library of compounds with known activity against coronaviral 
Mpro

2105 
compounds

751
Active against 

Mpro

984
Activity against 
Mpro unknown

370
Inactive against 

Mpro

717
Active against 

virus

1106
Activity against 
virus unknown

282
Inactive against 

virus
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March 2021July 2020

Sources: articles and preprints published between July 2020 and March 2021

Viruses

This library was used for docking validation and comparison in further experiments
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The First Ensemble

PDB - 168 
structures

57 structures

22 structures

- structures from the same 
series with minimal differences

- selection by mean RMSD and 
conformational diversity of active 
site residues (visual analysis)
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August- 
September 

2020
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Docking results analysis - first ensemble

No big difference between docking into different structures + too many structures.

We needed a stricter approach
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The Second Ensemble

PDB - 168 
structures

57 structures

22 structures

- mutants
- immature forms
- oxidized forms
- unresolved parts

- selection by the diversity 
of active site residues 
conformations 11

March 
2021

New data + automatisation II

Pairwise RMSD between active site 
residues (222x222)

Download Filter 3D-align 
Cα chain A

Calculate 
active site 
RMSDs

RMSD 
distribution

Pick the 
most diverse 

pairs

283

222
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The second ensemble
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Pairwise RMSD

Download Filter 3D-align 
Cα chain A

Calculate 
active site 
RMSDs

RMSD 
distribution

Pick the 
most diverse 

pairs

99% percentile - RMSD > 1.4046
75% percentile - RMSD < 0.9657

✅ Scalable
✅ Semi-automated
✅ Not too many structures



The Third Ensemble: the same algorithm - more data

PDB - 283 
structures

222 structures

7 structures
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January 
2022

- mutants
- immature forms
- oxidized forms
- unresolved parts

- selection by the diversity 
of active site residues 
conformations

Download Filter 3D-align 
Cα chain A

Calculate 
active site 
RMSDs

RMSD 
distribution

Pick the 
most diverse 

pairs

Pairwise RMSD for the 3rd ensemble

II

416

306
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Constrained ensemble 
dockingClassic docking Ensemble docking Structure-based 

ML approach

I II III IV
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h-bond

good 

bad

no contact

Interaction fingerprints
Chain A Chain B

Co-crystallized ligands form the most 
● H-bonds with Glu166 and His163
● good contacts with His41, Met49 and 

Leu141
● bad contacts with Phe140, Asn 142 and 

Ser 144

h-bonds good bad

Flare 4.0.2
III

Interaction Fingerprints were calculated 
using Flare 4.0.2 python interpreter. 
Three types of interactions were 
considered: h-bonds, C-C interactions 
(good), C-heteroatom interactions (bad)

Data: holo-structures from PDB



Constrained docking
Constraints: 

Glu166 (H-bond donor), 
His163 (H-bond donor)

Method:
Dock6.9 chemical matching

Result:
No difference from unconstrained docking
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III

Glu166

His163

PDB ID: 6w79



Structure-based ML approachClassic docking Ensemble docking Constrained 
ensemble docking

I II III IV
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Interaction Fingerprints

0 -1 2 0 1 … 0

Custom Flare-based IFPs

resid
 1
resid

 2
resid

 3
resid

 4
resid

 5
resid

 N

Vanilla ODDT-based IFPs

0 0 1 0 0 0 0 0 …

Hyd
rophobic

Arom. fa
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-to
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dge to
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H-bonds d
onor

H-bonds a
cce

ptor

Salt b
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ge m
etall

Salt b
rid

ge +

Salt b
rid

ge -

resid 1

 0 - no contact 1 - C-C contact
-1 - C-hetero contact 2 - H-bond
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Wójcikowski, M.; Zielenkiewicz, P.; Siedlecki, P. Open Drug Discovery Toolkit (ODDT): A New Open-Source Player in the Drug Discovery Field. J Cheminform 2015, 7 (1), 26. 

Model

Interaction Fingerprints

Molecular 
Descriptors

Morgan Fingerprints

Docking 
Scores

0 1

Docking



Training data
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8702 6897

- inorganic
- organometallics

  221 active

6676 inactive

IV

Distribution of inhibition percent

≥ 60% - active
< 60% - inactive



Datasets
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IV

1024 
Morgan FP

Grid Scores, 
Mw, logP

ODDT IFP

512 
Morgan FP

Flare IFP

Set1
Set3

Ligand 
Efficiencies, 

Mw, logP

Set2

Set4

Set5

Set6

Set7

Set8
Set9



ROC-curves
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Dataset Model AUC train AUC test
Set9 LR 0.98土0.00 0.71土0.03
Set8 LR 0.98土0.00 0.71土0.03
Set8 RF 0.97土0.01 0.71土0.06
Set8 Catboost 1.00土0.00 0.70土0.06
Set9 RF 0.97土0.01 0.70土0.06

Best models by test AUC

IV



Best models
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Dataset Model ROCAUC train ROCAUC test F1 train F1 test Precision1 test Recall1 test

Set7 ODDT IFP LR 0.71±0.01 0.63±0.05 0.06±0.00 0.06±0.00 0.03±0.00 1.00±0.00

Set4 Morgan 512, Flare IFP SVM 0.80±0.01 0.68±0.04 0.10±0.01 0.08±0.01 0.04±0.01 0.75±0.07

Set8 Morgan 1024 SVM 0.89±0.01 0.71±0.02 0.19±0.01 0.13±0.01 0.07±0.01 0.57±0.07

Set8 Morgan 1024 LR 0.86±0.01 0.70±0.04 0.18±0.01 0.13±0.01 0.07±0.01 0.56±0.06

Set9 Morgan 1024, ODDT IFP LR 0.86±0.01 0.70±0.04 0.18±0.01 0.13±0.01 0.07±0.01 0.56±0.06

IV



Conclusion

● A simple docking model has shown the best results yet
● We developed a consensus docking approach and use it in routine research
● Constrained docking with DOCK6 chemical matching shows the same results, as 

unconstrained
● Classification ML approach didn’t work out - to be continued…
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Thank you for your attention!
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