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Leveraging historical MedChem optimization data
What can we learn from the past?
Patterns and trends?

Limiting factors?
New insights for early decision making?

2 Public U NOVARTIS | Reimagining Medicine



Previously ...

*  Reconstruction of Novartis
chemical series

*  Tracing compounds
during optimization

*  Analysis of property
evolution over time

Today

Structural evolution
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ADMET evolution

ACSPut
s

25 Years of Small-Molecule Optimization at Novartis: A Retrospective Analysis of Chemical Series Evolution
Maximilian Beckers, Nikolas Fechner and Nikolaus Stiefl - Journal of Chemical Information and Modelling (2022)

Utilize the data to get prospective tools for

compound and series evaluation

Annotation of terminal milestones for each compound
in vitro ADMET = in vivo PK = CSP - DC - Clinic

3 Public
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Scoring compounds based on in-silico predictions

Rz

Rs

SMILES

MZLLODDY

Global Internal Models

No measured datal

Predicted ADMET, in-vivo PK and SAFETY profile L
No target activities!

Neural network trained on compounds
with annoted milestones

Estimated potential to go beyond PK
bPK score
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Scoring compounds based on in-silico predictions

Training dataset

Ensemble of 10 differently init. GNNs

Each fully connected layer with 256 hidden features

SMILES
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Last state of compound

£

=

54

E

&

q
=

e«

Number of compounds

:v—q

| Terminal State
7x Dropout + Fully connected layer + = 5 BB z T > =z ~ 0.5 M- 0K
Batch normalization + Relu g £ 3F 3 3 8 3 2 M. c5p
g - 4 g 2 5 == oc
17 s Py
+ Ordinal regression 2 < £ g g b g 5 0.4 E Clinic
£ 2 2
= r g ° > . E s N g 0.3
S 2 X ] g 3 2 c 0.
[1]2]3]4] : 3¢ s 3 g : £ S
£ =8 o=
3& z 02
bPK score 0.1
0.0
=+ + sare y 2006 2008 2010 2012 2014 2016
Reg. Year

5 Public d) NOVARTIS | Reimagining Medicine



6

Public

0.020

bPK score
°
2
£
&

Application to Novartis internal data
2017-today

ADMET, PK and safety
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Explaining bPK scores

a) Shapley-value analysis b)

| High bPK score §
I in-vivo P bioavailability . vesgst et - Low == e High
| PDE3A inhibiton o o pgOm———— o 6 &
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I
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Curation of a public dataset that resembles in
house compound archives

Extracted from ChEMBL

= All compounds with annotated clinical phases (“Development Candidates”)

= All other compounds from the original publication of the clinical compounds (“Series”)
= All other compounds in IMedChem Papers (“Unsuccessful series”)

= Additional Restrictions: max. 50 compounds per paper, registered no earlier than 2010

Similarity to internal test
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NNNNNNNNNNNN Distance to nearest neighbor
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ChEMBL dataset
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True positive rate

True positive rate

Different predicted
assay endpoints

Internal test dataset

Exploration of alternative ML approaches
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Graph neural network

Ensemble of 10 differently init. GNNs

Each fully connected layer with 256 hidden features
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Last source of train-test leakage: Exploiting MELLODDY test-folds

« MELLODDY was trained using data from other companies, which could be in our public
dataset
« Scaffold-based train-test splitting strategy was employed for MELLODDY
—> create subset of our public dataset not seen by MELLODDY Phase 2 models

(I I) bPK score models using MELLODDY (I | I) bPK score models using MELLODDY
predictions from the final MELLODDY model predictions from the MELLODDY Phase 2 model
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Application to three in-house projects

All compounds Series over time
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Application to in silico generated virtual compounds

= Scaffold prioritization In-house projects
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— . Project A
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Pinot et al. Discovery of 1-(4-Methoxyphenyl)-7-oxo-6-(4-(2-oxopiperidin-1-yl)phenyl)-4,5,6,7-tetrahydro- 1H-
pyrazolo|[3,4-c]pyridine-3-carboxamide (Apixaban, BMS-562247), a Highly Potent, Selective, Efficacious, and
Orally Bioavailable Inhibitor of Blood Coagulation Factor Xa, J. Med. Chem. 50, 22 (2007)

13 Public (O NOVARTILS | Reimagining Medicine




Challenges

= Project specific information
— Mode of action
— Formulation

= Applicability domain
— New modalities
» False negatives make training hard

— Only one out of many possible other compounds is selected as DC
— Strategic and operational reasons complicate labelling

U NOVARTIS | Reimagining Medicine
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Outlook

Further application to de-novo generation of molecules

bPK scores for ultra-large enumerated libraries (e.g. for virtual screening)

Screening follow ups, prioritization of new scaffolds

Monitoring progress of optimization projects
DC identification
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Appendix
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