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A Rapidly Expanding Ecosystem... to Medicine
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Clinical trials are long, expensive and have high failure rates o Medicine
st : ‘:mw S - Prochesl  Phasel Phase 11 Phase 111 ﬁm
Cycletime ~1Syear ~1S5year ~1S5year ~1lyear ~1.5year ~2.5 year ~2.5 year ~ 1.5 year
%Costper NME ~ ~3% ~6% “17%  <1%  ~15% ~21% ~26% ~5%
Probability of success - 66.4% ~48.6% ~59%
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~ 250
candidates

Phase 11 & Phase 111 Dose, Efficacy, Toxicity

Phase | PK. Dose escalation, Toxicity

Pre-clinical test SAR, Drug-like properties, Solubility

& Permeability, ADME, Plasma PK

Lead optimization Efficacy, Toxicity

Compound screening Visual sereening, HTS
Target validation Discase models, Target identification, Target validation
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1. Good time for Al in clinical research - why?

Increasingly diverse biological datasets:
genomics, transcriptomics, proteomics,

lipidomics.....
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1. Good time for Al in clinical research - why?

Increasingly high-resolution biological

datasets: single cell, spatial transcriptomics
and imaging data
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1. Good time for Al in clinical research - why? toMedicine

Increasingly high-resolution biological Advances in high performance computing and
datasets: single cell, spatial transcriptomics emergence of generative Al
and imaging data
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Source: https://developer.nvidia.com/blog/nvidia-hopper-architecture-in-depth/
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2. Where do we see Al in clinical research? | to Medicine

 Diagnosis (Imaging, blood, urine)
* Protocol writing
« Trial recruitment / site selection

* Trial simulations + digital twin approaches...

Makes the process faster but not all of them will help make effective drugs!
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3. Opportunities to use Al ahead of clinical trials?

More accurate drug toxicity predictions

Data Process: -
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Source: Yang et al., 2023
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Better designing of drug molecules

Computational analysis
and model generation

Data resources
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3. Opportunities to use Al ahead of clinical trials? to Medicine

Exploiting better preclinical models

>/ AT e 0
= >
\ . &% ®s
W N —//
3D in vitro models Organoids Microphysiological systems
<
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Source: Khalil et al., 2020
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Integrating precision medicine in clinical trials

Traditional Medicine
One Treatment Fits All
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4. So why are there so few Al-driven patient selection criteria? " toMedicine

» Curse of dimensionality, i.e. very high-resolution
datasets from relatively few patients who take specific
novel therapy on trial

There are 3 main phases of clinical trials — phases 1 to 3

Phase 1 Phase 2 Phase 3

Investigations Exploring effectiveness Confirmation of results

« Many more measurements and few patients.

* Too late in the day - we need to build patient selection
classifiers ahead of trials not after them.

(Phase 1) [Phase 3) up to

around 30-50 patients thousands of patients

® COSt/tlme/etthS Of Obtalnlng data VS. fam”'ar AI Source: https://melanomafocus.org/melanoma-trialfinder/about-clinical-trials/
applications (shopping, finance, driving, etc.).

 Scientific Data is fragmented and siloed.

©2024 Confidential — Not for distribution 1



5. What can we do about it?

« MTM OncoSelect Grant funded by Innovate UK to build a platform
that develops predictive biomarkers based on modeling of
genomics and transcriptomics data in renal clear cell carcinoma.

» Explore disease first - identify and interpret patient subgroups in
much larger disease cohorts instead of just patients who take one
novel therapy on trial.

©2024 Confidential — Not for distribution
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5. What can we do about it?

« MTM OncoSelect Grant funded by Innovate UK to build a platform that
develops predictive biomarkers based on modeling of genomics and
transcriptomics data in renal clear cell carcinoma.

» Explore disease first - identify and interpret patient subgroups in much
larger disease cohorts instead of just patients who take one novel

therapy on trial.

« Match (or even originate) novel therapeutic MoAs to specific patient sub-
groups so that selection classifiers may be validated (rather than
originated) in early stage trials.

« As well as unsupervised learning and computational biology, foundation
models used increasingly to encapsulate most relevant feature spaces
for key disease characteristics and simulate patient cohorts/responses.
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6. Challenges to new approaches (especially ones that legal minds " toMedicine

can help to overcome)

* Need lots of data, and lots of patient samples/clinical data/RWE -
who has it? where does it come from? how can we represent
global patient diversity better?

« Would uniform ethical and regulatory consent frameworks help to
fully leverage samples and data from different geographies? Or
federated learning frameworks?

* Need proof that this approach is worth the effort - chicken & egg
problem, who will fund/accept this type of approach ‘up front' of
pharma R&D?
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Source: https://en.wikipedia.org
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Multiomic ANalysis of Immunotherapy Features Evidencing Success

and Toxicity (MANIFEST)

Aims to predict how patients will respond to immunotherapy

to enhance treatment precision and effectiveness.

Longitudinal

sampling

Biological

specimens ‘
Fresh
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Cellular &

molecular

o |
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Spatial transcriptomics
Digital pathology

Data
integration &
interpretation
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The consortium is comprised of 14 leading academic institutions,
6 NHS trusts and 19 industry partners including MTM.

Scientific
Advisory Board

Chair Veronique Birault
MSD David Weinstock
AZ Ross Stewart
Roche Tim Eisen
Moderna TBD

TUD Jakob Kather
BMS TBD

Governance & Data
Access Committee

i

— U2 MANIFEST

Steering Committee

PCWG & Public
Engagement

Crick Translation
Team

Academic
Institutions

NHS Partners

Source: https://www.manifest-io.org.uk/

Networks

Industry Partners
& Collaborators
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