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De novo design 3
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Atom/reaction/fragment-based approaches 4
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Deep learning models for structure generation
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Deep learning models for structure generation
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I structure filtering by chemical validity is necessary

A lot of methods to create new molecules, but we need to score a synthesizability

Gémez-Bombarelli, R. Automatic Chemical Design Using a Data-Driven Continuous Representation of Molecules. ACS Central Science 2018



AutoGrow4: PARP inhibitors de novo design
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1. Develop de novo design approach which take into account synthetic accessibility of molecules (CReM)
2. Investigate the applicability of developed approach on a benchmarking study (CDK2)
3.  Application to design inhibitors of SARS-CoV-2 main protease



Synthetic accessibility of molecules (SAscore)
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Chemically reasonable mutations framework (CReM)
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Control of synthetic feasibility within CReM
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De novo design
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De novo design using docking (CDK2 inhibitors)
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De novo design using docking (CDK2 inhibitors)

Constant conditions:

* MW <450

* RTB<5

* logPh<4

* TPSA<120

* hinge region binding

* selection algorithm: clustering
* nclusters = 25
* nmols per cluster =2

Variable conditions:

CReM fragment bases:
ChEMBL, ChEMBL SA2.5, ChEMBL SA2

radius: 1, 2, 3,4, 5
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De novo design using docking (CDK2 inhibitors)

Average docking and SA scores for top 100 molecules from each run
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De novo design using docking (CDK2 inhibitors)

Average docking and SA scores for top 100 molecules from each run
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De novo design using docking (CDK2 inhibitors)

Average docking and SA scores for top 100 molecules from each run
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De novo design using docking (CDK2 inhibitors)
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De novo design using docking (CDK2 inhibitors)
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De novo design using docking (CDK2 inhibitors)
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Hit expansion: inhibitors of main protease SARS-CoV-2
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Hit expansion: inhibitors of main protease SARS-CoV-2
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Hit expansion: inhibitors of main protease SARS-CoV-2
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Results
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Summary

1. The developed tool was able to autonomously generate synthetically accessible molecules.

2. Choosing more restricted fragment databases and greater context radius one may improve synthetic
accessibility of generated molecules.

3. Docking score depends stronger on a chosen radius rather than on a fragment database.

4. Using greedy selection results in highly reproducible runs but with lower diversity of generated
molecules, whereas selection based on clustering and Pareto approaches gives more diverse and variable
output.

5. Objective function can be adjusted with additional parameters, for example drug-likeness to bias
generation towards a more favorable region of chemical space.

6. The designed molecules demonstrated moderate real synthetic feasibility in the task of searching of
inhibitors of SARS-CoV-2 main protease.



Future directions

1. Compare with state-of-the-art tools: OpenGrowth, AutoGrow4

2. Study success rates of chemical syntheses based on custom fragment databases (in collaboration with
LIfeChemicals).

3. Application of the developed tool to ongoing medicinal chemistry projects on hit identification and lead
optimization, e.g. CACHE challenge, internal projects.
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