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Chemical space

1. Theoretically possible molecules
~10100_10200

2. Drug-like molecules
~10°0-10%°

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

4. Synthesized drug-like molecules
~107-108

5. Diverse hits
~104-10°
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Drug discovery

Vast chemical space

Needle?

High-throughput screening,
IC,, determination, hit triage

Place of
Selectivity assays, in vitro efficacy assays,
Tier | ADME/physical chemistry assays CAD D
, Best HTS methOds
dle[:ir;:ir Lead optimization In vivo efficacy assays (preclinical POC),

Tier Il ADME/physical chemistry assays

Preclinical \_Dozens of compounds
100 screens proof-of- : )
later... principle Second species PK, PK/PD modelling,
salt-form selection, crystal-form assessment
=
e GLP toxicology studies: genetic toxicology,
7/ \ safety pharmacology, in vivo toxicology in two species
y - Safety and tolerability in normal
y. . ./ / | E Phase | healthy volunteers
r \ & _—
o < X T | ph Safety and tolerability in patients,
- /\\ 3 Phase Il early clinical POP
B P TS
Hits of Hits of Dark £ | Phasell Definitive clinical POP
interest no interest chemical matter Y L

10.1021/cb100420r 10.1038/nrd2378



Rational drug design techniques

Known ligand Unknown ligand
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Large number of ligands (20+)
 Quantitative Structure-Activity
Relationships (QSAR)

Chemical similarity search



2D similarity

Similar compounds have similar properties Name Continuous Dichotomous
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Activity and property c

Fingerprint-based
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3D approaches. Conformational search

Methods

* Fragment-based (Corina)
* MM/MD-based

e QM-based
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Methods and Principles in Medicina Chemistry

Edited by FWILEY-VCH
Thierry Langer and Rémy D. Hoffmann

Pharmacophores
and Pharmacophore
Searches

Volume 32
> Sevies Editors:

M. Kubimyi,
G Folkers

Pharmacophore modeling
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Shape similarity
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ML and Al techniques

Feature Model Model
Input data Preprocessing engineering training validation Interpretation

Decision Tree
I ..-_I
: X, — X i _J ) #
X, = t{g = g
T 5
- I F)
J

Z “J .
J

Bioassays Data Feature Classification Cross-validation
Databases normalization selection Regression Bootstrap
& curation
Feature Clustering Test set
Feature combination licabili
extraction Applicability

Domain



Descriptors as molecular features

Category Input Examples
1D C,,H,6N,0,S MW, N of atoms (by types), etc.
2D structure
Topological indices, logP, logS, structural
2D AL o // fragments, topological pharmacophores,
NS N N
\©5ka etc.
O/
3D structure
VdW surface/volume, polar surface area
3D (PSA), moment of inertia, CATS, MoRSE,

etc.

Descriptors calculation
RDKit

Alvadesc

MOE

Dragon

SmartMining

Roberto Todeschini, Viviana Consonni

Handbook of
Molecular
Descriptors

S



Al 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...

Singular 5|_|ppo|-t
Principal Value Vector
Component Decomposition Machine Random
Analysis Forest

Classification

Supervised Linear

K-Means

Regression

K-Nearest
Neighbors

Logistic
Regression

Temporal
Difference

SARSA

-Learnin
Monte Carlo Q g



QSAR and QSPR

Antibacterial activity prediction Solubility prediction

Solvent-solvent interactions: * ¢
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Activity Cliffs

v" In silico PoC study (ABL1 ligands)

F1-metrics for both classes

Class Fl-score
Active 0.93
Inactive 0.82

Retrospective validation on
active and inactive molecules

Probability of being

Class h
active
Active ligand 0.98
Inactive ligand 0.33

Fragment scores
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e Molecule and fragment scoring
e Rapid prognosis

e Fully automatic platform
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ADMET properties prediction

Classification of ADME properties

Distribution Clearance First-pass clearance Absorption
Volume of distribution  Renal Plasma Hepatic Gut stability — Physicochemical Membrane
| properties permeation
Blood brain Plasma protein Metabolic Biliary pKa  Solubility LogP/D
barrier binding \
Transporters | |
| Cytochromes P-450 Others
| | | | | |

P-gp  MRP OATP  OCTP  Which P-4507 Which conjugate?

Glucuronide Sulphate

Amino acids

1A2, 2C9, 2C19, 2D6, 3A4

|
I [ | { \
Regiospecificity Lability Affinity Induction Inhibition

PXR CAR AHR  binding Mechanistic

Paracellular  Transcellular

CYP3A4 metabolism prediction

C19,C22: 57%

3A4 Metabolic Landscape

CSL = 0.5646 B Labile

Mod Labile
B Mod Stable
B Stable

B Unknown

EEEEEEEEN
€22C19 C9 C27 C6 C29C25 N11 C7 C4 C23 C2 C18C16 C1




Generation of novel structures

THE TRADITIONAL

APPROACH jr |
‘ SPECIFICATIONS (WISH LIST)
MOLECULES TO TEST )
EER THE GENERATIVE APPROACH

I I I Tell a computational model what you
FINAL DRUG DESIGN want and let it propose designs to test COMPUTATIONAL
MODEL
(WET LAB EXPERIMENTS ‘
\ EEE l

FINAL DRUG DESIGN WET LAB EXPERIMENTS CANDIDATE

DRUG DESIGNS



The Hitchhiker’s Guide to Deep Learning Driven

Generative Chemistry

Output of RNN-based model
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ACSMedicinal

Chemistry Letters

Cliff’s Notes
IP position and Novelty

ACSPublications
G Mot Trusted Most Cited. Most Read

Filter out structural alerts

Generate molecules targeting other than
kinases (e.g. PPl or GPCRs)

Target-specific profiling before testing
Synthetic accessibility

10.1021/acsmedchemlett.3c00041



Chemistry42 platform

INDICATION

Idiopathic Pulmonary Fibrosis
Idiopathic Pulmonary Fibrosis

Kidney Fibrosis

Idiopathic Pulmonary Fibrosis (Inhalable)

BRCA-mutant cancer
Immuno-Oncology

Inflammatory Bowel Disease
Anemia of Chronic Kidney Disease
MTAP-/- cancer

Mesothelioma, and Solid Tumors
Solid Tumors

ER+/HER2- breast cancer

Solid Tumors

Solid Tumors

Solid Tumors

Solid Tumors

Solid Tumors

COVID-19
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Over 20 additional newly initiated programs in the discovery stage

10.1021/acs.jcim.2c01191
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% 40+ models
Input working simultaneously for 72 hours +
= Ligand 2D or 3D structure (sdf or mol)
« Target Crystal/Co-crystal (target, PDB)
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Each model’s performance is
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Multimodality of drugs

PAST MONOpharmacology — drug is a «magic bullet»




Multimodality of drugs

POLYpharmacology — drug is a «magic shrapnel»

1,000 -
100 o) N
H/\/
§ 10 / \
o
F / N
o
b N
H
01 4 Asenapine Sunitinib
i 2 3 4 5 6 7 8 9 10 11 12 13 14 Schering-Plough (2009) Pfizer (2006)
Number of targets Schizophrenia Cancer
Low nM affinity for at least 18 GPCRs
Distribution of drugs & number of their targets

Inhibition of 79 kinases (K4 < 10 uM)

Nat Biotechnol. 2007 25:1119-1126



Strategies for ligand-target profiling

Screening Test All Virtual Perfect
Collection Compounds Screening Separation

- - Actives
I noctives
B 8 unknown

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



Strategies for ligand-target profiling
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Use cases

Predict Kinase
Selectivity

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

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




Core features

Big Data-Driven

Approach

Large-scale and precisely annotated
molecular datasets

>500K 2D structures
>2K 3D ligands

Descriptor-Based

Engine

Evaluate molecules beyond the
explored kinase chemical space

Interpretable
descriptors

2=

Diverse Kinase

Target Set

Annotate structures across all
existing kinase families

100 kinases



Golden Cubes scoring workflow

Input data

-

SMILES
2D/3D SDF

~

Preprocessing

Scaffold selection
ConfGen

Descriptors
calculation

ANN-based HTVS engine
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General 3D SOM

Group 3D SOMs

Atomic 3D SOMs
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Retrospective validation

Test set
103 molecules with full-kinome profiles L. NCS Igl;l:oal\;l‘)E

Full-kinome metrics Heatmap of predictions

Benchmark (QSAR)

Golden Cubes

Metrics

BA 0.72 0.71
Precision 0.52 0.43
Specificity 0.9 0.85

ROC-AUC 0.72 0.75




Prospective validation

Test set

5 clinical candidates — kinase inhibitors with unreported profiles

TanSim < 0.7

KINOME
Scan

b

Available for purchase

Heatmap of predictions
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Inside the patents tangle

US 20220119419A1

asy United States

a2 Patent Application Publication (o) Pub. No.: US 2022/0119419 A1

Zavoronkovs et al.

43) Pub. Date: Apr. 21, 2022

54

(71)

(72)

(21)
(22)

(63)

(60)

BYCYCLIC JAK INHIBITORS AND USES
THEREOF

Applicant: Insilico Medicine IP Limited, Hong
Kong (HK)

Inventors: Aleksandrs Zaveronkovs, Pak Shek
Kok (HK); Yan Ivanenkov, Moscow
(RU); Aleksandr Aliper. Moscow
(RU); Anton S. Vantskul, Moscow
(RU)

Appl. No.: 17/478,152
Filed:  Sep. 17, 2021

Related U.S. Application Data

Continuation of application No. PCT/US2020/
025206, filed on Mar. 27, 2020.

Provisional application No. 62/824,485, filed on Mar.
27, 2019.

Publication Classification

(51) Int, ClL

Co7D 519/00 (2006.01)
(52) US.CL

CPC .ovvvvvvvvenssccnrinennen. CO7D 519/00 (2013.01)
(57) ABSTRACT
Provided herein are compounds of Formulas (1), (II), (IIT),
and (IV)

Y]

-continued

Ly

X=Y,

ws \

(Imy

(IV)

and subformulas thereof, wherein the variables are defined
herein. Also provided herein are pharmaceutical composi-
tions comprising a compound of Formula (I), (II), (III), or
(IV) and methods of using the compounds, e.g. in the
treatment of immune disorders, inflammatory disorders, and
cancer.

For formula I, formula II, formula III, and formula (IV):

W is N or CR?;

Y is N or CR?;

Z is N or CR?;

wherein W and Z are not both N;

R' is selected from the group consisting of cyano,
hydroxyl, NR“R?, C,_salkoxy, and -A-L*-R?;

R?, R?, R*, and R°® are each independently selected from
the group consisting of hydrogen, deuterium, halogen,
cyano, hydroxyl, —NRR?, C,_salkyl, C,_salkenyl,
C,_galkynyl, C, chaloalkyl, and C,_.alkoxy;

R’ is selected from the group consisting of hydrogen,
C,.salkyl, C,_ galkenyl, C, calkynyl, C,_ghaloalkyl,
aryl, heteroaryl, cycloalkyl, heterocyclyl, -aryl-C, qal-
kyl, -heteroaryl-C, calkyl, -heterocyclyl-C, galkyl,
halogen, cyano, hydroxyl, C,_salkoxy, C, shaloalkoxy,
amino, carboxy, aminocarbonyl, —C, salkyl-ami-
nocarbonylamino, C,_salkyl-aminocarbonyl, —S(O)—
R® —S(0),—R® —NR*-S(0),—R® —S(0),—
NR“R?, —NR®*—S(0),—NR“R?, —C,_salkyl-aryl,
—C, _galkyl-heteroaryl, —C,_galkyl-heterocycle, and
—C, galkyl-cycloalkyl, wherein said alkyl, aryl, and
heteroaryl is optionally substituted with one or sub-
stituents independently selected from the group con-
sisting of halo, hydroxyl, methoxy, amino, cyano, alky-
lamino, dialkylamino, CF;, aminocarbonyl, —C,_
salkyl-aminocarbonylamino, and C,_scycloalkyl;

R7 is B-L2-R'°, or R7 is aryl or heteroaryl, wherein the
aryl or heteroaryl is optionally substituted with one to
four R'7;

each R® is independently selected from the group consist-
ing of hydrogen, C, salkyl, C, ¢ haloalkyl, hydroxy,
C,_salkoxy, and —O—C, _chaloalkyl;

R? is selected from the group consisting of hydrogen,
cycloalkyl, heterocycloalkyl, aryl, and heteroaryl,
wherein any non-hydrogen R® is optionally substituted
with one to four R'7;

R' is selected from the group consisting of hydrogen,

substituted by 1-3 substituents independently selected
from the group consisting of halogen, C, salkyl, and
C,_ghaloalkyl;

R'7 is, independently for each occurrence, selected from
the group consisting of halogen, cyano, hydroxyl,
—NR“R?, C,_salkyl, C,_salkenyl, C,_salkynyl, C,_ ha-
loalkyl, C,_salkoxy, CF;, —SH, —S—C, salkyl,
—COOH, —CO,—C 4alkyl, —C,_ galkyl-CN,
—C(O)NR“R?, —C(0)—C, 4 alkyl-NR“R”, —C(O)—
NR—S8(0),—C,_galkyl, —S(0),—C,_salkyl, —S(O)
,—NRR?, —S(0),—C,_, alkyl-NR“R?;

A is selected from the group consisting of —C(O)—,
—S(0O)—, and —S(O),—, or A is absent;

B is selected from the group consisting of —C(O)—,
—S(0),NR®*—, —CH,—NR—, and —C(O)NR*—;

L' is selected from the group consisting of a bond,
C,_salkylene, C,  heteroalkylene, C,_salkenylene, and
C,_salkynylene, wherein L' is optionally substituted
with one to four R'” groups;

[? is selected from the group consisting of a bond,
C,.salkylene, C, calkenylene, and C, salkynylene,
wherein any CH, group of C, _salkylene can be replaced
with a moeity selected from the group consisting of
—O—, —NR“—, and —S(O),—, and one CH, group
of C,_4 alkylene can be replaced with a moiety selected
from the group consisting of cycloalkylene, heterocy-
cloalkylene, arylene, and heteroarylene, and wherein
1.2 is optionally substituted with one to four R'7 groups;
or

when B is —S(0),—NR®*—, —CH,—NR®*—, or —C(O)
NR®*—, R® and L? can be taken together including the
nitrogen atom to which they are attached to form a
3-7-membered heterocycloalkyl optionally substituted
with one to four R*? groups; and

each of R” and R are, independently for each occurrence,
selected from the group consisting of hydrogen, C, sal-
kyl, and C,_chaloalkyl, or R* and R” are taken together,
including the nitrogen to which they are attached, to
form a heterocycloalkyl ring.




Markush structures: the art of chemistry

US20210000119A1

US20210000112A1

US20210001614A1

%} j</i:\>70H US20200360258A1
_(CHy), il (CH,),
Sie e




Output of the Patent Busters

General Information W

Building Block Analysis

Curated by yan14336 T TT—— Fitting Status Evaluation

1 min read R1 Structure Completion

T he analysis of chemical structures using a building block approach facilitates a BV CATEah Sy Conteidon

comprehensive evaluation of patent compliance and structural classification by
deconstructing complex molecules, such as 5,5,5-trifluoro-2-formyl-1-phenylpent-1-yn-3-
one, into eight components to assess their fit within specific substituent parameters and
scenario requirements, ensuring overall compatibility without triggering an "Escape the
Patent” situation.

Overall Compatibility Conclusion
Introduction
The analysis conclusively demonstrated that the compound 5,5,5-trifluoro-2-formyl-1-
phenylpent-1-yn-3-one fits within the -A-L1-R9 option for R1 as defined in the scenario. All
eight building blocks (BB1-BB8) contributed to forming a valid R1 structure, with no
elements causing an "Escape the Patent” situation 'D. This comprehensive compatibility

Building Block Analysis
Fitting Status Evaluation
R1 Structure Completion

suggests that the compound adheres to the structural requirements outlined in the | Overall Compatibility Conclusion

scenario, potentially falling within the scope of the patent or chemical space being
examined.
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