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Challenges in Drug Discovery

THE BIOPHARMACEUTICAL RESEARCH AND DEVELOPMENT PROCESS

From drug discovery through FDA approval, developing a new medicine takes at least 10 years on average and costs an average
of $2.6 billion.” Less than 12% of the candidate medicines that make it into Phase | clinical trials will be approved by the FDA.
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Reason for failure 2013-2015

B Commercial M Safety
B Efficacy B Strategy
[l Operational

Nature Reviews Drug Discovery v15, 2016



Target-Disease Association

Reasons for lack of clinical efficacy

Target linkage to disease not established
or no validated models available

Dose limited by compound characteristics
or tissue exposure not established

Indication selected does not fit
strongest preclinical evidence

Evidence from previous
phase not robust enough
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Business  YourMoney  Mark Compaies ‘ Al-powered drug discovery captures pharma
interest

Better drugs, faster: The potential of Al-
powered humans

Eric Smalley
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Artificial intelligence-created medicine to
be used on humans for first time

By Jane Wakefield
Technology reporter

30 January 2020 || «{ Share
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The drug was much quicker to market than ones developed in more traditional ways

A drug molecule "invented" by artificial intelligence (Al) will be used in
human trials in a world first for machine learning in medicine.

It was created by British start-up Exscientia and Japanese pharmaceutical firm
Sumitomo Dainippon Pharma.

The drug will be used to treat patients who have obsessive-compulsive disorder
(OCD).

Typically, drug development takes about five years to get to trial, but the Al drug
took just 12 months.
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Unlocking
the potential
of Al in Drug
Discovery

Current status, barriers and
future opportunities
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Typical
Pain Points

Modality and
Discovery
Strategy
Agnostic
Pain Points

Small
Molecules
Pain Points

Vaccines
Pain Points

Antibodies
Pain Points

Key Pain Points

Target Identification and Validation

Target Identification
and Validation

Target
Characterisation

Complex deconvolution of experimental and
clinical signals to identify credible targets

Fragmented, multi-modal data sets
inconsistently collected and harmonised

Challenging to fully characterise
proteins/protein-protein interactions

Molecule Optimisation

Preclinical

Hit Identification Hit to Lead

Low translatability of experimental assays to
in vivo systems

Long design-make-test cycles across
discovery journeys

Unable to fully explore chemical space

Challenging to identify optimal immunogenic antigen sequences
Time consuming to identify conserved regions manually

Difficult to identify relevant/superior epitopes

Challenging to design and optimise novel
antibodies

Challenging to select correct candidate across

experimental outputs/human repetoires

Lead Optimisation Preclinical

Lengthy optimisation
cycles across
numerous properties

Low translatability of
animal models

Lack of access to ADMET data

Sub-optimal mRNA translation efficiency
Lack of understanding of delivery systems

Lengthy humanisation of unfamiliar scaffolds

Long lead times to improve mAb preclinical
properties




Target Identification and Validation

Target Identification Target
and Validation Characterisation

1 Understanding Disease
1.1 Phenotypic screening and image analysis with Al
1.2 (-omics) Data mining to link target to disease
1.3 Drug repurposing
1.4 Protein structure and dynamics modelling

1.5 Biomarker identification

T T—
Hit Identification Hit to Lead Lead Optimisation m

5 Safety and Toxicity
5.1 Toxicology and off target effect prediction

5.2 PK/PD simulation
5.3 QSP modelling

e Small Molecule Design and Optimisation

2.1 Virtual screening and binding analysis 2.5 ADME prediction
2.2 Structure activity relationship prediction

2.3 De novo ligand generation

2.4 Ligand synthesisability

e Vaccine Design and Optimisation

3.1 Epitope selection, prediction and binding 3.2 *Codon, 5’ and 3’ UTR optimisation

3.3 *Lipid nano particle optimisation

@ Antibody Design and Optimisation

4.1 mADb library screening and repertoire selection
4.2 Antigen-antibody binding prediction and optimisation
4.3 De novo antibody design
4.4 Antibody property prediction
4.5 Humanisation



Al Impact on Time & Cost

m Al Impact on Time and Cost

Targ;:(tj I\t’iael?;git?:;ion Target to Hit Hit to Lead Lead Optimisation

New molecule for
difficult or poorly
understood target

Molecule from existing
chemical series for well
understood target

Repurposing of existing
molecule for target

Low Al impact Medium Al impact High Al impact




Al Impact on Time & Cost

m Al Impact on Time and Cost

Target Identification

and Validation Target to Hit Hit to Lead Lead Optimisation Preclinical

1

New molecule for
difficult or poorly
understood target

Molecule from existing
chemical series for well
understood target

Repurposing of existing
molecule for target

Low Al impact Medium Al impact High Al impact




Al Impact on Time & Cost

m Al Impact on Time and Cost

Target \dentification Target to Hit Hit to Lead Lead Optimisation Preclinical

1

New molecule for
difficult or poorly
understood target

2

Molecule from existing
chemical series for well
understood target

3

Repurposing of existing
molecule for target

Low Al impact Medium Al impact High Al impact




Al Impact on Unmet Medical Needs
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thus building new strategies, a fact that | " LEE SEDOL
undoubtedly favors the attribution to the system of « 00:00:27

actual "human” capacities, and we have to add,

better than the ones of the more skilled humans.
- Lorenzo Magnani, Philosophies 2019, 4(1), 8
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AlbhaGo showed to be able to
N “identify” unprecedented drugs —
™ never developed by humans
thus building new strategies, a fact that " LEE SEDOL

undoubtedly favors the attribution to the system of « 00:00:27
actual "human” capacities, and we have to add,

better than the ones of the more skilled humans.
- Lorenzo Magnani, Philosophies 2019, 4(1), 8
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in silico Drug Discovery Pipeline
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Network Analysi
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Network Analysi
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Network Analysis

Linked
ANETFLLCEXHIBIT It's easier than ever to grow

BECAUSE YOU your professional network

INTRODUCING THE NEW
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Network Algorithms

Degree Centrality

Number of connections?

Closeness Centrality
Which node can most easily reach all other
nodes in a graph or subgraph?

“A"has a high degree
“B"is closest with the fewest hops in its

subgraph

Betweenness Centrality

Which node has the most control over flow
between nodes and groups?

Random Walk with Restart

Which node is the most important?

“D"is foremost based on number &

“(" is abridge weighting of in-links

“E"is next, due to the influence of D's link

Mark Needham & Amy Hodler (2019)

T ———— R —



UNIVERSITY OF
CAMBRIDGE

Public

Databases

| <

Databases

X >
(L0 »
B 1

Private

I2F 3
I

r—[ Druggable Pathway ]ﬁ

Harmonised
[ 1 ] Database
Systematic
Integration

&

Curation

druggable

# genomic
orotein

congpm_lf!d alteration

o
identified

protein J

303 .“-' .

“- o v:

. 0‘. 0:
unknown o 5
protein Gi
:
:

r\

CRISPRI
screen

transcription
factor

- disease associated interaction
== disease associated interaction (unknown) — known interaction

in silico Drug Discovery Pipeline

- Association

[3]
Network
Simulation

&
Machine
Learning

Disease
Signature

22 X X J
AN AN

[

Ptay
Databases

™ Drug
Databases

I CRISPRI
Databases



Public

Databases

Private
Databases

R ¥
LR

[4]
Wet-lab

Validation

; \.J.
Integration
&
Curation
\ e’

r—[ Druggable Pathway ]ﬁ

druggable
orotein

genomic

congpm_{nd e alteration

) 9O

identified

o v
protein J
303 .“-' .
o KR
s R
unknown 3 R CRISPRI
protein screen
.:
:

unknown
TF
gene N

- disease associated interaction

transcription
factor

== disease associated interaction (unknown) — known interaction

in silico Drug Discovery Pipeline

Database
[1]

Systematic

- Association

[3]
Network
Simulation

&
Machine
Learning

Disease
Signature

22 X X J
AN AN

[

Ptay
Databases

™ Drug
Databases

I CRISPRI
Databases



Public

Databases

Private
Databases

R ¥
LR

[4]
Wet-lab

Validation

; \.J.
Integration
&
Curation
\ e’

r—[ Druggable Pathway ]ﬁ

druggable
orotein

genomic

congpm_{nd e alteration

) 9O

identified

o v
protein J
303 .“-' .
o KR
s R
unknown 3 R CRISPRI
protein screen
.:
:

unknown
TF
gene N

- disease associated interaction

transcription
factor

== disease associated interaction (unknown) — known interaction

in silico Drug Discovery Pipeline

Database
[1]

Systematic

- Association

[3]
Network
Simulation

&
Machine
Learning

Disease
Signature

22 X X J
AN AN

[

Ptay
Databases

™ Drug
Databases

I CRISPRI
Databases



Lab Members, Collaborators & Funders

Industry Partners & Funders

lifeArc

) Biotechnology and
David Powell & Andrew Leach WIS Biological Sciences
-

4 Research Council

THERAPEUTICS

Oliver Rausch & Hendrik Weisser

- ("4’9 CANCER

s RESEARCH
gt UK
O

GlaxoSmithKline

Valeriu Damian

THE LEONA M. AND HARRY B.

HELMSLEY

CHARITABLE TRUST

3% CANCER
23 RESEARCH
e UK

AstraZeneca -~
ANTIBODY ALLIANCE LABORATORY

3.8 UNIVERSITY OF @, wellcome-MRC
&P CAMBRIDGE CBH%E e)>’a cambridge

School of Clinical Medicine  University Hospitals stemcellinstitute

KAIST

Julie Little & Maria Groves

Frank McCaughan & Nick Morrell
Kourosh Saeb-Parsv
Sarah Welsh & Grant Stewart
Nazima Pathan

~" Alzheimer's

UNIVERSITY OF
Researc| . CAMBRIDGE

DRUG DISCOVERY INSTITUTE
John Skidmore & William Kuan

UNIVERSITY OF
» CAMBRIDGE

Chemical Engincering and
Biotechnology

David Fairen-Jimenez

Institute of Metabolic Science
Metabolic Research Laboratories

Toni Vidal-Puig

Bertie Géttgens
Dan Hodson
Matthias Zilbauer

Early Cancer
Institute

Harveer Dev

UNIVERSITY OF
CAMBRIDGE

Department of Engineering

Yan Yan Shery Huang
L4 Open Targets

Ellen McDonagh
David Ochoa

Tom Mitchell

UNIVERSITYor
PORTSMOUTH

Dariusz Gorecki, Murphy Wan

UNIVERSITY OF  |\[j|r

tre for
EVOLUTION

Laurence Hurst

EXETER

Soojin Ryu

(chariTE

Milad Rezvani

Doheon Lee

YONSEI UNIVERSITY
COLLEGE OF MEDICINE

Jaeho Cheong
UC I University of
California, Irvine
Young Jik Kwon

MAYO CLINIC

Tae Hyun Hwang

3 Cleveland Clinic
David Wold

Memorial Sloan Kettering
Cancer Center

loo-Hveon Lee

Standigm

Sojung Yun

°
_JVV Pharmaceutical
Chan-hee Park

AstraZeneca .

Daniele Corridoni, Daniel Marks
Tatiana Ort, Haji Aref

‘\ CardiaTecM

Woochang Hwang & Méabh MacMahon

Ruoyi Zhou & Changhee Pyo

CAMBRIDGE

TRUST

Evolution
Education
Trust

+ UNIVERSITY OF
{¥ CAMBRIDGE

Chemical Engincering and
Biotechnology

(& RS



Namshik Han
nh417@cam.ac.uk

www.milner.cam.ac.uk/machinelearning

THERAPEUTICS INSTITUTE

UNIVERSITY OF ambridge Centre MRC .
%Y CAMBRIDGF l‘-. MILNER 23% E)r Akf ir?%lle%icitne Qgﬁﬁzﬁm e dl@CAM


mailto:nh417@cam.ac.uk
http://www.milner.cam.ac.uk/machinelearning

