/: oy
iy NN
‘il R
/;;:’I \\\\\\
rr7 7 LA
QANNN
55%500,%,% OO A0
raity sty ¥ [RRS® Y Ly RSO
4%,%,5702522% S QA S AN G
/, {4 :’IIII"I' 5 cosdded : \\\\\\\\\\::‘:\\\\\\\ A8
. ¥ it i N\ N\
100520220 %0,]%% ; SESPitad o AN AN A I
12 200000,°%%00000,5% XX o . RSS2 2 00 (Lnan At it Y Ay
1, 000090.%000000 2427 SSEses e ‘ ‘ e ARG -, . \\\\\\\\\\\\\\\\\\
102009 %0040, 20 ?s : - Y e e 2\ \'\\\\\\\\:::\\\\
J TIASKEN SR Y AR
s RS
0000 20297 e AR
00000008,,°" AN VA
10900008 : I : . AL
; : : - ;
‘2000, goss i ’ S T ‘ S L GTOL }\\\\\\\\\\\
1 1y ¢ sosiinEane s = AATE IS LRRNY
) \\\\\\“‘\“
\\\\\\\\\
ARRY
LI IY I

ARR}
oy

. oo et - : - o9 \“\\\\\\\\\
AAAAA oo : o . ; AR
eose . ¢ : 5 \“\““‘\\\\
' 1 S L1 DA RN 1 LERYY
phppprdiil] . k Tty st 3 X % B ¥ . \
SGSsesBLathessti . ’ ; ‘ Lo SLLMTTTTIARY
$pbpsood t SIIILLL LD 38 BEC 0B a0 x : . : v S 1
IOCTE 00T v i 4 LLLMTRYYY

Tty ”~;{

¢ f
: N
- ! N o
PAPPAAS S AL f:«'f' i XX Yix ."~~:::~A.u,» i

1\

NS AN
SAAAAAAL
CRAAAAA

Ty

CERTAINTY
DISCOVERY

CERTARAQ | @ Chemaxon

Integrating Artificial
Intelligence into the

Drug Discovery Pipeline

Gian Marco Ghiandoni
AstraZeneca

Associate Principal Al Engineer
Scaled Al and Chemistry

(SAIC) Tech Lead



AstraZeneca

Integrating Al into the
Drug Discovery Pipeline

Gian Marco Ghiandoni

05/11/2025
Certainty Discovery
Design Offices Frankfurt Wiesenhittenplatz, Frankfurt, Germany




Myself

Gian Marco Ghiandoni (Giammy)

CheMLOps Lead | Associate Principal Engineer

6 years at AstraZeneca R&D IT

Currently within the Augmented DMTA platform (ADMTA)

Leading a team of scientific developers and chemistry/ML engineers

Side-by-side with the business — we create capabilities for the scientists

Disclaimer - ask Bill if you want to know why we run so many calculations in D360!



Contents:

Theory vs. Practice, DMTA

Predictive Insight Platform (PIP)
PIP-D360 interaction
Extended PIP functionalities in D360

Vision



Al 1n Drug Discovery: Theory vs. Practice

Practice: There is a lot of
work to do...

Theory: Al revolution

Al

Data Science
Chemistry

Scaling
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Frameworks
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Data
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Predictive Al in the DMTA cycle
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The Predictive Insight Platform (PIP)

The Predictive Insight Platform (PIP) is a cloud-native platform for Al/ML drug discovery at AZ

e Hosting more than 400 models for small-molecule and new modality property prediction
e |ntegrated with 15+ chemistry applications
e Critical for operational systems - sample management and compound registration

e Enables “Predict-First” at AZ with almost 500M calculations being run every month

Predictive
Insight
Platform

Building Deployment Retraining Assessment Auto calc Retirement

‘------N

Ghiandoni GM, Rathi PC, et al. Augmenting DMTA using predictive Al modelling at AstraZeneca. Drug Discovery Today. 2024;29(4):103945.
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How PIP works

General Models

Local Models

Scripts

Protocols

Ghiandoni GM, Rathi PC, et al. Augmenting DMTA using predictive Al modelling at AstraZeneca. Drug Discovery Today. 2024;29(4):103945.
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PIP augments all aspects of the discovery pipeline

De novo generation Hit-to-lead Lead optimisation
PhysChem, in vitro Loose MPO, in Strict MPO, safety,
ADME, synthetic vivo ADMET translation into

accessibility predictions human

Ghiandoni GM, Rathi PC, et al. Augmenting DMTA using predictive Al modelling at AstraZeneca. Drug Discovery Today. 2024;29(4):103945.



Evolution of PIP

Molecules processed by month in PIP
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Ghiandoni GM, Rathi PC, et al. Augmenting DMTA using predictive Al modelling at AstraZeneca. Drug Discovery Today. 2024;29(4):103945.
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Recipe for success

Skillset and
collaboration

Dat lit
Architecture ata quafity
and tech and
FAIRNness

Architecture and tech

@ /bq © gitops (Z)

Cloud

Automation = Reusable Source Hybrid

Consistent,

Code Control ' technologies augmented

Templates (GitOps, l1aC)

L4 Sustainable development

APIs



Architecture and tech: Hybrid technologies

Deployment

Direct en.dpomt B?tChmg. Retraining Publishing Monitoring Autocaching
creation Caching Scaling

ﬁ Qargo . kubernetes G 9 Grafana F’ostgreSQL
£) podman ﬁ argo w Open Cr® n

PostgreSQL (5\_. webhooks WS@Z PostgreSQL
PostgreSQL K E DA m IflC) w g Prometheus

The platform is implemented using a blend of proprietary and open-source technologies

12

Ghiandoni GM, Rathi PC, et al. Augmenting DMTA using predictive Al modelling at AstraZeneca. Drug Discovery Today. 2024;29(4):103945.
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Data quality and FAIRness

Compound and Assay
definitions, entities,

metadata and annotatlons,
results registration

In-house
DB

External
DB

CRO
bucket

Lab
devices

ETL
events/jobs

Raw data

(heterogenous)

\
L AN
/

DB cluster

ﬁ ﬁ ﬁ / Data servers
and

Ad-hoc buckets

Ingested data

(organised but
not directly
consumable)

. am—

Predictive
modelling

\ (training &
@ inference)

Gty

microservices ®
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Chemistry tools
Interfaces for

consistent data
serving

Findableq
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Interoperable &

&
Reusable '-3



Interaction between PIP and D360

14

PIP

D360

Usage and history

D360 accounts for 90% of the calculationsin PIP
and the first downstream app integrating PIP

Inter-dependence

D360 uses PIP for predictions — PIP uses D360
for data

Functionalities

Users can access extended PIP functionalities (e.g.,
images, global/data parameters) via D360

Versioning

D360 can query historical/versioned PIP
predictions

Federation
D360 exposes real and virtual assay (PIP) data



Inter-dependence, Federation, and Versioning
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Real assay data
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Model assessment dashboard:
Built outside D360 but uses it as a data source

.. . . What predicted threshold gives best enrichment for Series: other
— Precision modelling suite

Predicted Threshold PPV % FOR %
Metrics Selected Experiemental Threshold 10,0 84 41
mOnitOFi ng Recommended Threshold 45 68 0
HLM CLint (Series: other)
2 [ &
=)
3
Threshold 9
. . . = .
optimisation g 2
=l [
' L 2
— — — - u
L_‘ & & -E
Model assessment — t 8
dashboard (MAD) - Heatmap E o o E
= 3 -
= o o
E P e F
Q . :
. N . v
optimisation SN l ; ; ; . o
KXW (inprogress) A S S
- Predicted threshold

Selected Experimental Threshold: <10.0

Likelihood to extract good compounds according to pre-selected experimental threshold
= | ikelihood to discard good compounds according to pre-selected experimental threshold
—— % of compounds tested {cumulative)

16 Scannell et al. Predictive validity in drug discovery: what it is, why it matters and how to improve it. Nat Rev Drug Discov. 2022;21, 915-931.

Viklund J, Ghiandoni GM, et al. Practical Guidelines for MPO Score Optimization in Drug Design: A Cross-Company Case Study. (Manuscript in preparation)



Extended functionalities:
Making better predictions: Multi-task modelling pipeline

Caco2 ER

MDCK
MDR1 ER

NIH MDCK
MDR1 ER

Caco2 ER

MDCK
MDR1 ER

NIH MDCK
MDR1 ER
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Ghiandoni GM, Subramanian V, et al. Prediction of permeability and efflux using multi-task learning. ACS Omega. 2025 (Manuscript Accepted)
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Extended functionalities:
Understanding predictions: Image explanations

Atomic-level
explanation

Molecular-
level prediction

File Edit Format

Viesie
Viewers

Analysis Data

Virtual Compounds

Quick Search

Window  Hel P

rfvailable Models

Data View: Compound 15-Oct-2025 16:39 [1]
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Extended functionalities:
Augmenting predictions: Global and data-specific parameters

D360 view
p
Potency Column: | e cted 1050 Conf|g #1 Conﬂg #)
ReglD Column: | compound Name Multiple runs with (CTTTTTITTTTTTTTT Y A — Y
Dose Interval (h) different i+ Dose i1+ Dose i
Time Over IC50 parameters and } * AUCDose 11+ AUCDose 1
i ime Over IC50 (h) potencies |« Bioavailability !! * Bioavailability !
'D' Fold Over IC50 { + Cmax(Free) |} * Cmax(Free) |
" — Heps/Mics | peps v| — R =\ e t1/2 l:=\ * t1/2 J
Structural and FuMethod | messured - | Global g Config #3
potency data Fuinc method | easured V‘ parameters | proommmmmmommmees

.' :
P Dose H
I« AUC Dose H
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H 1
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Vision — What are we missing?

1. Efficient interaction with slow & non-cacheable & non-batch-able calculations, e.g.,
* Calculations that heavily rely on freshly measured data (D2H)

2. Improved prediction DB search also allowing multi-type IDs, e.g.,

* Optimisation of federated queries between Virtual (remote) and Registered (local)
compound DBs

3. Visualisation of structure-processing calculations, e.g.,
e Calculations using sequence inputs
* Enumerations (one-to-many outputs)

4. Better management of resources, e.g.,
* Identification of queries that run unnecessary calculations
» Better UX for breaking events in queries (e.g., effect of schema changes to equations)
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Confidentiality Notice

This file is private and may contain confidential and proprietary information. If you have received this file in error, please
notify us and remove it from your system and note that you must not copy, distribute or take any action in reliance on it.
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AstraZeneca PLC, 1 Francis Crick Avenue, Cambridge Biomedical Campus, Cambridge, CB2 0AA, UK
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Recipe for success

Skillset and
collaboration

Dat lit
Architecture ata quatity
and tech and
FAIRness

Skillset and collaboration

Business Reference Group for
strategic planning and alighment

4 m &

Infrastructure Machine Data science Computational
DevOps learning/Al Cheminformatics chemystry
DataOps DevOps Machine I\f’l]edlqzal

Software learning/Al chemistry
engineering Computational Biology
chemistry
Information Dry Lab Wet Lab

Technology
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Architecture and tech: Consistent,

Users interact with a gateway called “Batcher Manager” (or
Batman, for friends)

Batman provides many functionalities:

e Consistent interface for all models/calculations

e Asynchronous requests

e Batching & Queue management

e Caching

e Database ID lookup

e Chemistry (e.g. format conversion, R-group replacement)

Ghiandoni GM, Rathi PC, et al. Augmenting DMTA using predictive Al modelling at AstraZeneca. Drug Discovery Today. 2024;29(4):103945.

augmented APIs

Replica 1
Replica 2
Replica 3

Batcher Manager

“T want the

logDh for {“prediction”:
compound 2.48}
DB1234”

o
- User



Architecture and tech: Templates and versioning

Source control
One, versioned, source of truth for all
environments

G o o |

Reusable templates
~10 templates to (mostly) rule them all

HHE

Docker Multi-serving Single-task \
Deployment & Deployment retraining Developer Source (/)
Scaling (QSARtuna) control & - —

" uid cose
G

.-

Chemprop base  Conformal base Multi-task Temol .
plate Environments
image image retraining
e.g., Docker (Test, Preprod,
Deployment & Prod)

Scaling
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