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Chemical space

1. Theoretically possible molecules
~10100-10200

2. Drug-like molecules 
~1050-1060

3. Synthetically accessible drug-like 
molecules 
~1010-1011

4. Synthesized drug-like molecules
~107-108

5. Diverse hits 
~104-105
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Drug-like libraries. Chemical databases

https://www.biosolveit.de/chemical-spaces/

Cortellis Drug Discovery 
Intelligence

CAS SciFinder

Reaxys

GOSTAR

ChEMBL

Cambridge Structural Database



Drug discovery

10.1021/cb100420r 10.1038/nrd2378

Place of 
CADD

methods



Rational drug design techniques



2D similarity
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Activity and property cliffs



3D approaches. Conformational search

Methods
• Fragment-based (Corina)
• MM/MD-based
• QM-based



Pharmacophore modeling



Shape similarity

10.1021/jm900818s

Ki (SST2) = 300 nM
Top-41 out of 1 M 
(Merck database)



ML and AI techniques



Descriptors as molecular features

Category Input Examples

1D С17Н26N2O4S MW, N of atoms (by types), etc.

2D

2D structure

Topological indices, logP, logS, structural 

fragments, topological pharmacophores, 

etc.

3D

3D structure

VdW surface/volume, polar surface area 

(PSA), moment of inertia, CATS, MoRSE, 

etc.
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Descriptors calculation
RDKit
Alvadesc
MOE
Dragon
SmartMining



AI impacting medicinal chemistry and drug design

• ML/DL ADMET and other models
• Synthetic accessibility prediction
• De novo design:

• Hit ID and hit-to-lead optimization (H2L)
• Lead optimization (LeadOpt)

and many other implementations…



QSAR and QSPR

Antibacterial activity prediction Solubility prediction

10.3389/fphar.2019.00913



Class F1-score

Active 0.93

Inactive 0.82

Class Probability of being 
active

Active ligand 0.98

Inactive ligand 0.33

F1-metrics for both classes 

Retrospective validation on 
active and inactive molecules
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Active ligand

● Molecule and fragment scoring

● Rapid prognosis

● Fully automatic platform

 In silico PoC study (ABL1 ligands)
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Inactive ligand
Fragment scores

Activity Cliffs



ADMET properties prediction

Classification of ADME properties CYP3A4 metabolism prediction



Generation of novel structures



The Hitchhiker’s Guide to Deep Learning Driven 
Generative Chemistry

Output of RNN-based model Cliff’s Notes
IP position and Novelty
Filter out structural alerts
Generate molecules targeting other than 
kinases (e.g. PPI or GPCRs)
Target-specific profiling before testing
Synthetic accessibility

10.1021/acsmedchemlett.3c00041



Chemistry42 platform

10.1021/acs.jcim.2c01191



Multimodality of drugs

PAST MONOpharmacology – drug is a «magic bullet»



Asenapine
Schering-Plough (2009)

Schizophrenia
Low nM affinity for at least 18 GPCRs

Sunitinib
Pfizer (2006)

Cancer
Inhibition of 79 kinases (Kd < 10 μM)

Distribution of drugs & number of their targets

NOW POLYpharmacology – drug is a «magic shrapnel»

PAST MONOpharmacology – drug is a «magic bullet»

Nat Biotechnol. 2007 25:1119–1126

Multimodality of drugs



Strategies for ligand-target profiling

In Silico Medicinal Chemistry: Computational Methods to Support Drug Design, 2016, N. Brown



Strategies for ligand-target profiling

Classical approaches AI-based approaches





Use cases

Predict Kinase 
Selectivity

Design Multimodal 
Compounds

Manage the kinome promiscuity of 
the molecules depending 
on your needs

Drug 
Repurposing

Discover novel targets for 
existing compounds and 
reduce costs for their 
development timeline

Identify potential on- and off-targets 
for compounds during hit and lead 
optimization stages



Core features

Big Data-Driven 
Approach

Large-scale and precisely annotated 
molecular datasets

Descriptor-Based 
Engine

Evaluate molecules beyond the 
explored kinase chemical space

Diverse Kinase 
Target Set

Annotate structures across all 
existing kinase families

>500K 2D structures

>2K 3D ligands

100 kinasesInterpretable 
descriptors



Golden Cubes scoring workflow

Group 3D SOMs

Atomic 3D SOMs

General 3D SOM

Input data Preprocessing

SMILES 

2D/3D SDF 

Scaffold selection

ConfGen

Descriptors 
calculation

Scoring 
function

ANN-based HTVS engine



Retrospective validation

Full-kinome metrics

Metrics Golden Cubes Benchmark (QSAR)

BA

Precision

Specificity

ROC-AUC

0.72

0.52

0.9

0.72

0.71

0.43

0.85

0.75

Heatmap of predictions

Test set
103 molecules with full-kinome profiles



Prospective validation

Heatmap of predictionsFull-kinome metrics

Test set
5 clinical candidates – kinase inhibitors with unreported profiles
TanSim < 0.7
Available for purchase

Metrics Golden Cubes

BA

Precision

Specificity

ROC-AUC

0.57

0.33

0.98

0.57





Inside the patents tangle



Markush structures: the art of chemistry

US20210000112A1

US20210000119A1

US20210001614A1

US20200360258A1



Output of the Patent Busters





Alex Malyshev

Thank you!

alexmalyshev95@gmail.com
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