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Drug development is a highly-regulated,
long and costly endeavor with a low
probability of success
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1 JAMA Intern. Med. 2015, 175, p. 635-638



INCREASED TRIAL COMPLEXITY

The cost of drug development continues to rise, and the size and complexity of clinical trials is a major factor.

In the past two decades, the number of countries in which a clinical trial is conducted has more than doubled,
and the average number of data points collected has grown dramatically. There are more endpoints — outcomes
of a clinical trial that help to determine the efficacy and safety of an experimental therapy — and procedures to
measure these outcomes, such as blood tests and heart-activity assessments. By comparison, eligibility criteria
for participants, which include demographics such as age and sex and whether a participant is a healthy or a
patient volunteer, have remained relatively consistent.

Category 2001-05 2011-15 2016-20 20-year
overallrise
Endpoints* 7 13 22 214%
Procedures* 110 187 263 139%
Eligibility criteria* 31 30 30 -3%
Countries® 6 9 15 150%
Data points 494,236 929,203 3,453,133 599%
collected*

*Mean of total numbers



Looking to Al to increase efficiency....

* Drug discovery

* Trial design and conduct
* Searching for patients

* Keeping patients

* Endpoint assessment

* |[dentifying responders

® eeen Submission of documents/writing the paper



Drug discovery... the target and the molecule

Target Identification and Validation Molecule Optimisation m

1 Understanding Disease 5 Safety and Toxicity
1.1 Phenotypic screening and image analysis with Al 5.1 Toxicology and off target effect prediction
1.2 (-omics) Data mining to link target to disease 5.2 PK/PD simulation
1.3 Drug repurposing 5.3 QSP modelling

1.4 Protein structure and dynamics modelling

1.5 Biomarker identification o 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

o 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
4.1 mAD 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

* Applicable for mRNA vaccines only

https://wellcome.org/reports/unlocking-potential-ai-drug-discovery
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Publically available datasets

Target Drug Drug response biomarker
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Phenotype comparisons
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Structure Activity Relationship Prediction -

Al-enabled Selectivity Improvement- NDI-034858
for moderate-to-severe psoriasis

Neoantigen prediction- EVX-01 for
metastatic melanoma

RLAY-4008 for cholangiocarcinoma

Sep ¢ Research to identify a FGFR2

16 inhibitor started

Relay Therapeutics develops novel
FGFR2-specific inhibitor RLY-4008 by
analysing the dynamic balance of protein
conformations using its Al platform

48 months

Sep ¢ Clinical trials started
'20 RLAY-4008 starts Phase 1/2 study

16 months

¢ FDA granted Orphan Drug Designation

[
¥
=

'22 FDA grants RLY-4008 orphan drug designation

for the treatment of cholangiocarcinoma

months

(<'s)
Sep ¢ Interim clinical data published
'22 88% ORR' at phase 2 dose level

Value Drivers

Time: 4 years from Discovery to Clinical Trial
Cost: Not publicly available

PoS: 45-65% higher ORR compared to peers
Novelty: New mechanism of action

Dec ¢ Research to identify a candidate for the
16 | JH2 domain of TYK2 started

Nimbus Therapeutics leverages
Schrodinger’s FEP+ physics-based model
to evaluate 13k molecules and design
superior selectivity across the majority of
the kinome

56 months

Aug ¢ Clinical trials entered

21 NDI-034858 enters Phase 2b clinical trials;
a 75% improvement in skin lesions is
observed compared to placebo at 12 weeks

16 months

Dec ¢ Takeda acquires NDI-034858

'22 |, Takeda enters agreement to acquire
NDI-034858 from Nimbus Therapeutics
for ~$6B

Time: 4.5 years from Discovery to Clinical Trial

Cost: 300-500 molecules synthesised compared to
5-10k in traditional workflows

PoS: 75% improvement in skin lesions and
expected superior selectivity

Novelty: Novel allosteric inhibitor of TYK2

Dec ¢ Research to identify a neoantigen

17 immunotherapy

Evaxion deploys their proprietary Al-based
PIONEER platform to identify neoantigens

2| most likely to elicit strong T-cell responses
‘Eé and anti-tumour effects
=
Jan' ¢ Clinical trials started
19 EVX-01 starts Phase | study
%)
£
c
]
£
o
5]

Jul ¢ Phase 1 interim data announced

21 EVX-01 demonstrates ORR of 67% in
conjunction with anti-PD-1 treatment vs.
historical data of 40% with anti-PD-1
treatment alone

3 months

Oct ¢ Merck collaboration announced

21 Enters clinical trial collaboration and supply

WV agreement with Merck to evaluate EV-01
with Merck's anti-PD-1 therapy

Time: 1 year from Discovery to Clinical Trial
Cost: Not publicly available

PoS: ~30% higher ORR compared to peers
Novelty: Personalised medicine approach

https://wellcome.org/reports/unlocking-potential-ai-drug-discovery
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6 months 3 months

5 months

13 months

Baricitinib, an existing Eli Lilly drug, is hypothe-
sised to be a leading therapeutic for COVID-19
by Benevolent Al's knowledge graph technology

Baricitinib enters control trial with US NIAID

FDA grants Baricitinib Emergency Use
Authorization (EUA)

Phase lll trial results from Eli Lilly show 38%
reduction in mortality, the most significant
clinical effect to date

Baricitinib approved for the treatment of
COVID-19

Value Drivers

Time: 2 months from Discovery to Clinical Trial

Cost: Not publicly available
PoS: n/a’
Novelty: New antiviral mechanism

Antibody Design and Optimisation -

Bamlanivimab for mild/moderate COVID-19

Mar
'20

3 months

Research to identify a neutralising human
monoclonal antibody started

Eli Lilly, in partnership with AbCellera,
begins mAb development using
convalescent plasma from a COVID-19
patient. Computational methods narrows
down ~2000 potential candidates to a final
24, from which bamlanivimab is selected
for its 10x-greater neutralisation capacity

Jun @ Clinical trials entered

‘20

5 months

Nov
'20

Bamlanivimab enters Phase |l trials

FDA EUA granted

? Bamlanivimab becomes the first

, mADb to receive FDA EUA for mild

COVID-19

Time: 3 months from Discovery to Clinical Trial
Cost: Not publicly available

PoS:

n/a’

Novelty: n/a

https://wellcome.org/reports/unlocking-potential-ai-drug-discovery
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Testing in humans..... across the spectrum

Trial design Patient identification Treatment and Endpoint evaluation
nnnnnn follow up
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Designing the experiment....

 The aim is to demonstrate efficacy (and safety)

 Trial simulation with different inclusion/exclusion criteria and
exploring potential outcomes allows researchers to choose the most
effective and efficient protocols.



Trial Pathwayfinder...

a Trial emulation

(1) Implementation and (2) Generation of treatment groups
encoding of eligibility criteria RWD Treatsd am: drug A
Rule description Sex Drug Sex Drug
Be =18 years of age on the day 1 F A 1 F A
of signing informed consent. 2 M C 7 M A D Receive drug A
* 3 :1 g DHeoeivedrugB
5| F D Control arm: drug B [ ] Receive drug C or D
. Encodedruie B Sex | Drug | [ Do ot meet the
#lnclusmnl ' 7 M A 2 M B eligibility criteria
records|‘diagnosisdate’] >= 3 = B 8 F B
demographics[‘birthyear’] + @YEARS(18)
b Analysis
Change eligibility Input Output
criteria in silico: | Criteria: rule 1 + rule 2 |_p- ‘ n = 1,000 patients; HR = 0.70 ‘

— | n=3,000 patients; HR = 0.80 |

(3) Emulate blind assignment

Use IPTW to adjust for confounding
factors:

Demographics: age, gender,
race, smoking status, and so on.

Status: group stage, ECOG, and so on.

Biomarkers: ALK, PDL1, and so on.
Other factors

Influence of each rule

Contribution of one rule:

change in the number of patients;

change in HR

Select individuals in the real-world dataset who met the available eligibility criteria.
Systematically vary the eligibility criteria in silico and quantify how the hazard ratio of overall survival

changes with different combinations of criteria

Qverall survival

(4) Survival analysis

Treated
— Control

Time (months)

HR =0.70

Criteria relaxation

The set of rules:
large cohort; low HR

Liu et al Evaluating eligibility criteria... Nature 2021



Use of digital twins....

How do we use digital twins in clinical trials?

How do we create a digital twin?

Forecast

. Create a digital twin for each
participant in a randomized study,
regardless of treatment group.

. Use their digital twins to generate ‘ ‘m‘_’h )\ L B A
their prognostic scores (predicted \ 48 ot ] Ay = 6)
3 &0 4 4 » ) &)

outcomes) as if they were assigned to

the control group. P
| | 3 . =
. Use the prognostic score either to é 5 v § 11 e) @ ‘ q ; >
reduce the control group during e | 7% w £ . X
sample size calculation, or to

increase power during the analysis. @) Qj (” ‘ ~ E > @
4 Pl Ve
J " { ] v
Our method for using digital twins in I

phase 2 or 3 clinical trials has been
qualified by the European Medicines
Agency and aligns with regulatory
guidance from the FDA.

A participant’s baseline data Their baseline data are run A participant's digital twin is
are collected through an Al model called a created
Digital Twin Generator

Uses data collected from each participant at their first visit to create a digital twin—one for each participant in
the study — and then uses the participants’ digital twins to forecast their control outcomes.

Effectively reduces the number of patients required to detect an effect

https://www.unlearn.ai
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ldentifying suitable patients....

* Estimated to take up to one third the length of study
* One fifth don’t recruit enough

* Almost all exceed timelines for recruitment

* Entry criteria restrictive and don’t reflect real world

* Artificial intelligence can screen databases (eg EHR, registries) to
define and model eligibility criteria, and identify and predict which
patients are more likely to enrol in trials



Mining large datasets....

* Criteria2Query: Users type inclusion and exclusion criteria in
natural language into a web-based interface, or enter a trial’s
identification number, and the program turns the eligibility criteria
into a formal database query to find matching candidates in
patient databases.

* AutoTrial: Considers similar precedent trials and their eligibility
criteria to ensure sufficient patient coverage.

* AutoCriteria: Uses a large language model to extract eligibility
requirements from clinical trial descriptions and format them into
a table

* DQuesST: Utilises the ClinicalTrials.gov repository

* TrialGPT: A large language model framework to assist patient-to-
trial matching



Application during the conduct of a trial.....

* Al can be used to modify protocols in real-time based on interim
results

Interim Interim Interim
Analysis 1 Analysis 2 Analysis 3
Standard of care @ L [ e 0 e
PAH . —_— SR —_—
patients
. &
.. Arm
| olle ® Randomisa tion Treatment A: @ dropped s
for safety
e ® o) [ o
Treatment B v Efficacy
> w ’w > w w threshold met
®
New arm 9]
added G e —
Treatment C
Flexibility to add new
treatment arms
New arm 9 o]
added h E—
Treatment D




Patient retention....

* Drop-out rates are high

* In one analysis of 95 clinical trials, nearly 40% of patients stopped
taking the prescribed medication in the first year



How can Al help....

* Personalized Engagement: Analysing patient data and use of ChatBots
to personalise participant engagement throughout the trial.

* Behavioral Monitoring: Remote monitoring reduces frequency of
attendance and can track patient behaviour and adherence to
treatment protocols, providing researchers with real-time feedback
and allowing for timely interventions if issues arise.

* Predictive Modeling: To predict which patients are at risk of dropping
out and enable researchers to take proactive measures.



Improving endpoint analysis...

* Reduce variation in endpoint: Reduces patient numbers needed to
show an effect;

* Reduce time to final analysis: Increases efficiency



Improving endpoint measurment....
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Sensitivity

Sensitivity

Improving endpoint measurement ....

0.4

0.2 1

Reader 1 (AUC = 0.681)

= Al system (AUC = 0.740)

— — Al system (non-parametric)
Reader
BI-RADS operating points

Breast cancer in 2 years (USA)

| | | | |
0.2 0.4 0.6 0.8 1.0

1 — Specificity

Breast cancer missed by 6 experts...
detected by Al

Breast cancer missed by Al....
But detected by 6 experts



|dentifying (potential) responders...

* e.g. cluster analysis to find and define characteristics of responders

a. b. c.
Electronic health record (EHR) Binary medication indicator matrix ~ Unsupervised learning after PCA —
(440 x 991) Restricted Boltzmann Machine 6 Medication Clusters :
__ PATIENTID Wt Laver Widden Layer 2 -

mepicaTion N0 v

Acetaminophen 1 0 1 1
Acetazolamide 0 0 0 O

EHR { Ziprasidone 0 0 1 0
g2 Zolpidem 0 0 0 O

d. e.
: . 2 g f.
Normalized medication cluster ~ Unsupervised learning: i -
i e : ] : . Clinical outcome prediction
distribution Agglomerative Hierarchical Clustering
Generate medication
cluster distribution
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Sikora et al Sci Reports 2023



|dentifying (potential) responders...
Primary Analysis: Baseline Through Week 24 A B

False positive rate
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Prospective biomarker by treatment
interaction design

before randomization?

[Is a biomarker analysis available}

(

Yes

Y

Is a response anticipated in
participants with negative
biomarker results?

(No)

\

y

All participants randomized
and biomarker assay performed

Yes z '.( ],' N
( 1 1 ( L 1 Treatment A Treatment B
KPositive Negative A ( Positive B Biomarker Biomarker
positive positive
Treatment A Treatment A Treatment A l
Do not Biomarker Biomarker
Treatment B Treatment B Treatment B randomize negative negative
_ Trial 1 L Trial 2 - AS Trial 3 ) e Trial 4 /

Nature Reviews | Cardiology

Antman & Loscalzo Nat. Rev. Cardiol. 2016



Writing up the story....

* Regulatory Submissions: Al can streamline the preparation and
submission of regulatory documents ... and write the paper.

* Marketing Surveillance: Al can analyse data from various sources,
including EHRs and social media, to monitor the long-term safety and
effectiveness of new treatments.

* Real-world evidence: Al can integrate clinical trial data with real-world
data to inform healthcare policies etc.



Some Al concerns...

“All models are wrong, but some are useful” George Box 1979

* Al models can be biased.
* Their results can be hard to reproduce.

* They require large amounts of training data, which could violate
patient privacy or create security risks.

* Researchers might become too dependent on Al.
* Algorithms can be too complex to understand.
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