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Introduction

= We published a perspective with colleagues
from academia and industry
— Raquel Rodriguez Perez (Novartis)
— Andrea Volkamer (Saarland University)
— Sereina Riniker (ETH Zurich)
— Eva Nittinger (AstraZeneca)

— Francesca Grisoni (Eindhoven University of
Technology)

— Emma Evertsson (AstraZeneca)
— Nadine Schneider (Novartis)

= In this talk, we will summarize the main
commonalities, differences, and opportunities
for collaboration between industry and
academia

= Examples will mostly focus on industry and,
more specifically, our work at Novartis
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Machine learning in drug discovery

» Machine learning (ML) is applied at different stages of drug discovery

= Exemplary ML applications:
— Predict the suitability of targets for drug discovery
— Virtual screening of compounds for hit identification
— Discovery of cell-specific biomarkers
— Analyze gene signatures for patient sub-groups
Pathology image processing

Target Hit Lead Pre-clinical Clinical
identification discovery optimization development  development
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ML for compound property predictions

= ML models can relate molecular structures to compound properties
— Quantitative structure-property relationship (QSPR) modeling

= Compounds can be represented numerically, e.g. descriptors, fingerprints, graph neural networks

= ML algorithms can be used to find structural or chemical patterns that correlate with specific
compound properties, e.g. activity against the target of interest, clearance

Molecular features ML model

Compound Predictions
. Active
¢ Oy &% N EON BN PN compound

@ ]
P o P o High
clearance
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QSPR models in drug discovery

» Quantitative structure-property
relationship (QSPR) modeling is a
necessary component of numerous
drug discovery projects

» QSPR models are usually implemented in
a result-oriented fashion to find the most
promising drug candidates

= ML is used to make better decisions
faster and to accelerate the design-
make-test-analyze (DMTA) cycle of
novel molecular entities

4 J. Lanini | ChemTalks 2024

— Model life cycle

Reduced time
to find the right
compound

Volkamer et al. 2023 AILSCI, 3, 100056
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Model life cycle

» Realizing actionable predictive :"b"cvs-pr*vat:data s 1
1 H at i rati . dat
models in drug discovery can be o hon, Ghperhoatt chees )

summarized as an iterative cycle of 4 steps: Berichmark selection and (issge Data
preparation

1. Training data preparation: requires

understanding the experimental data for P e . Architecture ype

reliable curation Mcdel vegisimation Model der;,:;:?nd an ea::rutz,a:non

. . . . . ership, accountabili life CVC|e buildin, sl

2. Model design and building: including e oo
steps such as architecture definition and Integration with other software

hyperparameter tuning Model

validation Data splitting

Performance metrics

3. Model validation: performance estimation,
which is crucial for prospective model use Applicability domain and

uncertainty estimates

4. Model deployment: the model is made
available to users

Volkamer et al. 2023 AILSCI, 3, 100056
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1. Training data

Example: Permeability model (LE-MDCK)
= Model qua”ty depends on / In-house models were built with different Chemical space of the literature- \

the experi mental data sizes, and models with <7k cpds showed based model* did not cover
used for training e.g low performance in-house data
] . . GradientBoosting Classifier
_ Sl Ze Om %false prediction, impermeable o
. ° : o % i @ In-house
How many compounds (cpds)? ® Litrature
— Chemical space: - <
i Yfalse prediction, overall s
What is the coverage? o E
= 2
— Property space: < O
What is the dynamic range? S . . g
(I} %false pre
— Diversity:
How biased is the data set?
— Errors: PC1 ChemMAP
How noisy is the data set? WU e W W bk wew me v we 0110, 1021/1SOB03205
. * doi:10. is
\_ # Training compounds ChemMAP: doi-10.1016/] drudis.2011.07.003 )
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Training data: Academia vs. Industry

= Data availability in the public domain has
dramatically increased thanks to major databases
such as ChEMBL or PubChem

= However, in-house (proprietary) data sets are

typically larger

N\

- More heterogeneous, imbalanced,

- Mostly single measurement per

- Data are usually available for free

~

Academia

and smaller data sets
compound

sharing and re-utilization

(=

J

7
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\ small and biased J

~

Industry

Larger, more homogenous data

Access to assay protocols, which
sometimes change over time

Often multiple repeated
measurements available

Project-specific data sets may be

Size of ADME data sets used for modelling

from in-house (Bayer, Novartis, Merck or
Boehringer Ingelheim) and public sources

.........

Source

uuuuuuuuu

Dataset size (# Compounds)

Assay
Volkamer et al. 2023 AILSCI, 3, 100056
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Model life cycle

» Realizing actionable predictive ;"b"“"-"""“:"“a -
. H at i rati . dat.
models in drug discovery can be e
summarized as an iterative cycle of 4 steps: Berichmark selaction and usage Data

preparation

1. Training data preparation: requires

understanding the experimental data for P e Architecture ype
reliable curation Misdbl reaietrition Model | (RERSI | =1 e
. . . . . ership, accountabili life CVC|e buildin, sl
2. Model design and building: including e 4
steps such as architecture definition and Integration with other software
hyperparameter tuning Model

validation Data splitting
Performance metrics

3. Model validation: performance estimation,
which is crucial for prospective model use Applicability domain and

uncertainty estimates

4. Model deployment: the model is made
available to users

Volkamer et al. 2023 AILSCI, 3, 100056
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2. Model design and building

= Model design starts with the definition of the problem and prediction task

= Model design is greatly affected by the applications, which are different in academia and

9

industry even for the same QSAR/QSPR field

E

N

Academia

- Towards theory and
method development
(improved performance,
new strategies or
applications)

- Develop new tools or
improve understanding

~

=

J

~

Industry

Prospective usage to
assist in drug design,
e.g. experiment selection,
compound prioritization
Practical applications
need to be considered
during model design

J
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Problem
definition

Features
preprocessing

o Model building e s m s - - - —— \
I{ expert users 1
1 N — : yes, Final training &
1 Evaluation of limited number e deployment
1 of models and features . d
Baseline Selectionofthe 2
definition best model .
i non-experts & expert users : 8
- 2 | no Novel model
: Set of different 1 " investigation
1 featurization > AutoML 1
1 strategies :
1 1
! 1
: Model from Data 1
1 model library preprocessing 1
1 Hyperparameter 1
i Optimization :
! 1
1 1
1 1
1 1
\ /

Volkamer et al. 2023 AILSCI, 3, 100056
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Standardizing model building and
benchmarking - the PREFER frameworkl!

» The PREFER framework is written in Python and Model Selection  Model Evaluation
based on AutoSklearn?l T -

= Extensive comparison between different o
molecular representations and ML models B %%%%

— Features include fingerprints, 2D descriptors, and data-
driven representations (CDDDE!, MOLER[)

Deep Learning (MLPs)

— Models include single-task and multi task learning with 08 L o domForest
hyperparameters’ optimization mmm PREFER
0.6
» PREFER models automatlcally give you an LogD prediction: §

ensemble of models that provide strong R2 for baseline random =
baselines forest (RF + Fingerprints) 05
and best PREFER model '
0.0

[1] Lanini, J. et al. Submitted, 2023 logD

[2231F55urer, Matthias, et al. Advances in neural information processing systems, httpS ://q ith u b ] CO m/rd klt/P R E F E R

[3] Winter R et al. Chemical science, 2019
[4] Maziarz, Krzysztof, et al. International Conference on Machine Learning.

2021.
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https://github.com/rdkit/PREFER

Local vs. Global models:
What data shall we use for modeling?

Perceived advantages & disadvantages of local vs global models

= Global models
perform better
than the local
models

» Only 7% of the local
models present an
improvement > 20%
over the global
models

11 J. Lanini | ChemTalks 2024

A More representative of the
specific context of interest
e.g., project

D More effort is needed & small
dataset size (risk of

A
. Global
model model

D

Higher generalization
capabilities

Large amount of diverse data
in the training set (risk of

s introducing noise
overfitting) 9 )
o 100 .j . .
< 75 . ."" ..'
= qe . . L]
£ Jde T % (4 o
8 50 ™ Jy ° P ol > . t ﬁ.
c . ¥ o . - b
© 25 M * f{ ‘: ﬁ a
£ 0 i e o8 [\ o
S ® Local < Global
[
O 50
g 75
E= *each dot represents a project-
% -100 assay pair
o & Q Q ) L R ) & &

[va Q\(jv V‘)& & & \30\& Q?»OQ q,bQ Q\(g; QQV\o é}o

Q& S B9 NS N O N4 8

& © &> QS‘?' N & S N
o e & & A
o
~
Assays

Di Lascio et al. 2023, Mol Pharm, 20, 3, 1758-1767
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Model life cycle

= Realizing actionable predictive
models in drug discovery can be
summarized as an iterative cycle of 4 steps:

1. Training data preparation: requires
understanding the experimental data for
reliable curation

2. Model design and building: including
steps such as architecture definition and
hyperparameter tuning

3. Model validation: performance estimation,
which is crucial for prospective model use

4. Model deployment: the model is made
available to users

12 J. Lanini | ChemTalks 2024

Public vs. private data

Data analysis and curation (e.g. data
composition, experimental uncertainty)

Benchmark selection and usage Data
preparation

Architecture type
and featurization

Global vs.
local models

MLOps implementation

Model Model

2 design and
life cycle \@SMEL

Model registration

Ownership, accountability

and documentation ]
Baseline definition

Integration with other software
Model

validation Data splitting

1 Performance metrics

Applicability domain and

3 uncertainty estimates

Volkamer et al. 2023 AILSCI, 3, 100056
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3. Model validation

= Model validation is essential and focuses on
different aspects in academia and industry

= Model generalizability can only be estimated with
proper data splitting procedures and metrics

N

/@A Academia

Random or cluster-based

splits are used in the
absence of temporal
information

Standardized

benchmarking platforms

~

/EI Industry

J

N

Time-split possible and
should be the gold
standard

Application of the
model dictates the
required level of quality
and robustness

~

Example: Time-split vs. Random split

-

~

Training set

Validation External
set test set

PC temporal random

J
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Percentage change (PC) of prediction error between
temporal & random splits: More optimistic results were

100
75
50
25

0
=25
=50
=75

-100

Time

obtained with random split

---- temporal split = random split
- - ¥ : + o
w 1
TrE ) § % $
r . b g 4 . 3 K
=
. B i + r !
8 V] 0 5 N
- a b o N
] hat { AN
& § & & o8 o & O
Q9 ~F A 5 ) ) <
< g P e
& 9 & & K &
& N & & &
o & g
&
-

<5 <
&
Di Lascio et al. 2023, Mol Pharm, 20, 3, 1758-1767

v

Higher
errors with
time-split
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https://github.com/Novartis/fUNIQUE/

Uncertainty Quantification: UNIQUE

» Quantify uncertainty of Machine
Learning (ML) models

= Combines and benchmark multiple
uncertainty quantification (UQ)
methods

= Example on public LogD data*:

Evaluation Metrics

Input Dataframe

,I UQ Methods
T Benchmark for the
Input Dataset & Model

UNIQUE

Visualizations

CN(C(=0)CeTceef-n2ennn2)ect)

[0,0,0000000 .
) CALIBRATION 2.63307! 3 Unigquefandons ol oz 3
1.80 0.0,0,0,0,0.. LIBRATION 6 8

/ (a) Ranking-based Evaluation Benchmark
canonical_smiles molecule_chembl_id
)0 Metho e
COctee(Fleect-clence(CNCC2CC2)n1 CHEMBL1778865
COctee(Feect-clence(CNCC2CC)n1 CHEMBL1778865

D15 Unqueandomforesagresediaiomed Onetrcsspredctonlll)  TEST 1213 0236 0468 2345

/HESW] MAE vs. UQ-ordered Data: UniqueRandomForestRegressor(fingerprints+UQmetr u:+DFEd\LlIDH5][|IJ\

Addition Order: High ta Low UQ Addition Order: Low to High UQ

CHEMEBL2010849
C@@H]TCCN(Ce2ece(.. :
[C@@H]1CCN(Ceacee| o R TP P a4 e w .\g
100 ® ~
130 H —e ~o
; ; ; ; —e— .,
standard_value fingerprints  which_set predictions R m 07 .ﬁ-.__s:__! ' s
g0 1000000000 RAN 1889113 (b) Calibration-based Evaluation Benchmark  (¢) Proper Scoring Rules Evaluation Benchmark ’.,..4—0:.'7
- ), 0. ), 0. N eI
0.0.0.0.0.0 UG Mo Subset MACE RMSCE UaMethod Subset  NLL CheckScore GRS IntervlScore oo .,o’.
. o
. [0,0,00,0.0000 . narin —a—
180 P TRAIN 1889113 \ e a . P
2 epeeisl]  TEST 0072 o0es 2 20 40 60 80 100 20 4 60 a0 101

J
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https://github.com/Novartis/UNIQUE/tree/main
https://www.ebi.ac.uk/chembl/g/#browse/activities/filter/document_chembl_id%3ACHEMBL3301361%20AND%20standard_type%3A(%22LogD7.4%22)

Model life cycle

= Realizing actionable predictive
models in drug discovery can be

summarized as an iterative cycle of 4 steps: Public vs. private data
Data analysis and curation (e.g. data

composition, experimental uncertainty)

1. Training data preparation: requires S i e s o
understanding the experimental data for preparation
reliable curation

H H H H H s implementation Architecture ty
2. Model design and building: including ViLOps implementat vodel MR\ v festurization
steps such as architecture definition and o EREE life cvele NN Global vs.
. Ownership, accountability ire cycie building local models
hyperparametel’ tun'ng and documentation Baseling deRnition
3 M d | |d t f t t Integration with other software
. Model validation: performance estimation, .
which is crucial for prospective model use 4 validation Data splitting
. Performance metrics
4. Model deployment: the model is made Applicability domain and
ava”ab'e to users uncertainty estimates

Volkamer et al. 2023 AILSCI, 3, 100056
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4. Model deployment

» The deployment of the trained ML model and includes several important tasks:

— Model registration, documentation and guidelines, integration into existing tools and workflows,
accessibility for non-data scientists, model ownership and accountability, monitoring, and model

maintenance

/@A Academia
- Models are less often
deployed

- Difficulties to keep
models accessible and
updated

- Code and data are
more often shared for
\_ reproducibility

\/E

)

Industry

Model accessibility by
users is crucial

Ownership and
accountability is
considered

16 J.Lanini | ChemTalks 2024

Model

store

—
Trained TR
ML model ==

Metadata
* Reg.date
* Training set
* Model owner
* Version

REST “
-
Cloud-based ML operation services (MLOps) =
Volkamer et al. 2023 AILSCI, 3, 100056
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How can industrial and academic
partners work together?

COLLABORATION EXAMPLES

U NOVARTIS | Reimagining Medicine



Beyond the challenges: collaboration
among industries and academia

» Different constraints in industry and
academia may lead to difficulties in the
collaboration

= Collaborating or publishing may require
data sharing thus limiting industry - :
involvement &% ) , ’,,// 4

= Different strategies to overcome the vi G -
problem == Y N
— Use proprietary data to demonstrate , ( Vi - ‘
methodology and public data for in-depth ' o r ) .-
analysis . A\ iR D
— Federated learning (e.g. MELLODDY, FLulD) 5 B i) N Al
— Open-source tools to simplify collaboration Ll T O
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ETH Zurich Sereina Riniker lab

Example of industry-academia collaboration:
SIMPD (Simulated Medicinal chemistry Project Data)

Temporal split is a better proxy for
prospective validation(l!

Temporal information is
not always available in
the public domain

Random Split
Time Split
Prospective
Prediction
Cluster Split .
e Use NIBR project data to learn
Leverage academic research and the project data descriptors
proprietary data to provide a unique and spatial statistics of
tool to replicate train/test splits test/train temporal splits!2
similarly as in real project data o . P P
o wil o maoher
80 .‘#:.' k60~
70 -,;.'.“ 501
Use public datato *=°
replicate results . o
” 2 30 40 s0 60 70 80 90 1 ki b Zgo =
o 36 '
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[1] Sheridan R., "Time-split cross-validation as a method for estimating the goodness of prospective prediction.” Journal of chemical information and modeling, 2013
[2] Landrum, Gregory A., et al. "SIMPD: an Algorithm for Generating Simulated Time Splits for Validating Machine Learning Approaches." (2023).



Example of industry-industry collaboration:

GenChem Collaborative development

of the GenChem platform

Major components

Collaboration between Microsoft
and Novartis on generative
chemistry (GenChem)

Technology

Cloud based

MLOps pipelines T

Model Life cycle A -@- u- Microsol ft
EST endpoints J

B® Microsoft U, NOVARTIS

Create a de novo design
workflow to support drug

Apply on internal projects discovery projects with

and provide feedback novel and high-quality
ideas

Integrate to internal data
analysis tools

ANALYSIS DESIGN PREDICT (TEST)

B -
Data analysis. _L_:‘“
] MAKE - TEST . L
20 J. Lanini | ChemTalks 2024 U NOVARTIS | Reimagining Medicine

[1] Maziarz, Krzysztof, et al. "Learning to Extend Molecular Scaffolds with Structural Motifs." International Conference on Learning Representations.



Conclusions

» Academia and industry are both driving the field of molecular ML research

» Models have permeated almost every step in the DMTA cycle, as we have shown with
exemplary applications at Novartis

= Due to the fast emergence of new ML algorithms, the field needs to adapt quickly, including changes
in collaboration — sharing data, protocols, code, and models — and multidisciplinary scientists’
education

= More collaboration efforts between academia and industry to share data or code might lessen
the gap between exploratory and applied research work

= Some examples of private-public collaborations were mentioned showcasing constellations in which
science can be advanced in real-world project set-ups while keeping sensitive data private

21 J. Lanini| ChemTalks 2024 U NOVARTIS | Reimagining Medicine
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