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What if we started by looking outside of the drug industry... A8,

Inspiration from Aeronautics

The Virtual Twin: From Aeronautics to Health

The future of
clinical research

has already been
written in the sky.

The 40-Year Flight Path to Regulatory Acceptance

]: Volume of Destructive Regulatory Trust in
._Physical Testing Numerical Simulation

- Partial certification achieved
via experimental anchors.

* Direct experimental proof
absolutely required.

ONLY if correlated to physical
tests.

* Anchored by minimal physical
validation and complete
traceability.

Pre-1990: | 1990-2010: : 2010-2020: | 2020-Present:
Physical Dominance |  Digital Under Control | Hybridization . Model-Based Certification
« Physical prototypes & wind '+ Introduction of CFDand FEM. | Simulation explores the I Virtual certification & Digital
tunnels dominate. | +DO-178C / DO-254 standards | envelope; physical tests confirm. | Twins (MBSE).
« Zero regulatory weight for | established. | = Drastic reduction in physical |+ Purely digital proofs accepted
digital (early CFD). !« Models strictly gated: accepted |  Prototypes. ' for extreme/rare scenarios.
| I |
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What if we started by looking outside of the drug industry...
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Current Challenges in Clinical Research NN
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Evolution des essais cliniques dits innovants?! vs. autres essais, 2000-2020(%)
= ombre d'essais clinigue TCAM?
« Essais cliniques 2030 » Sl froli

56 000 2000-2020
24 000 22100 31600 TOTAL
22 000 20 100
20 000 17 600
18 000 PpEgy
16 000 13 500
12 000 9 400
10 000

8 000 & 400

o 3 600 Essais

4000 1900 . 30% [ 33% cliniques

2000 - A innovants’

20%
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020
1 Les essais cliniques dits innovants incluent 'un des types de technologies suivants :

Technologies d'analyse (intelligence artificielle, blockchain, biomarqueur®, etc.) — des essais cliniques dits innovants®
Technologies connectées (smariwatches, applications mobiles, etc ) - des essais clinigues dits innovants®
Technologie de télémédecine (téléconsultations, homecare, surveillance a distance, etc ) — des essais cliniques dits innovants®
Technologies de pilotage (formulaires electroniques de rapport de cas e-CRF, e-consentement, etc.) — des essais clinigues

dits innovants™



Innovation in clinical research

, Digital Clinical
— Trials

Remote patient participation,
digital tools, and hybrid trial models

Biomarker-Driven
Trials

Patient stratification and precision
medicine approaches

@' Decentralized &

Real-Word Data
=] \ .
(RWD) Integration

Use of real-world evidence to
complement clinical trial data

Innovative

Q‘> ,Qf\.\ij» Therapeutics

Advances therapies (e.g., gene
therapy, cell therapy, RNA-based
drug)

In Silico Methods

Computational modeling and
simulation to support drug
development

Drug-Device
eg Combinaison
Products

Integrated therapeutic solutions

combining drugs and medical
devices




Innovation in clinical research S

Synthetic patient

, Evidence
Modeling and AL v g .
simulation ArtIfICIGI Synthesis

RWD Intelligence

Virtual Trials Digit(]l synthetjc arms

..~ Twin External
In Silico
. Model COntrOl
Trial Informed  Arm
Drug

Development



Two ways to create a synthetic cohort: EMULATION & SIMULATION

Statistics versus In silico
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Simulation of a cohort

i using Machine Learning
i or Mechanistic
Modeling (PKPD, QSP)

Emulation of a
cohort using
Advanced
Statistics
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Emulated Trial & In-Silico Methods: Both Based on
Secondary Data Source
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Growing interest in Real-World Data (RWD)* Secondary data sources

. World France

« Routinely collected data »
6000

T

VR

4000 Electronic Medical Cohort
Health Records claims data studies
A 8k
2000 D 4},
J Y
—J
l Product and Disease
H . Digital Health registries

0
Technologies

Number of scientific publications

2016 2017 2018 2019 2020 2021 2022 2023 2024 2025
Years

* Extracted from PubMed using "real world data“ or “real-world data“ or "real world

evidence® or "real-world evidence“ or “RWD” or “RWE” 1. Framework for FDA’s Real-World Evidence Program

1. U.S. Food and Drug Administration. Framework for FDA’s Real-World Evidence Program [Internet]. Silver Spring (MD): U.S. Food and Drug Administration; 2018 Dec [cited 2026 Apr 3]. Available from: https://www.fda.gov/

RWD sources!? Other sources

Previous
clinical
trials

1 ARy



| What is an Emulated Trial? =|

* Mimic a trial using secondary data to answer a causal question, ideally following the Target Trial
Emulation (TTE) framework develop by Hernan et al.” that is strongly recommended in regulatory
guidances?3

RCT Secondary data source The TTE framework?

No control arm -

Specify the target trial
“the hypothetical RCT”

"
1,

1

Compare
outcomes

Align with the TTE —

7 elements to align

Eligibility Treatment Follow-up
. > > A > . >
criteria assignment period
> Causal >
contrast*

* Following the ICH E9 (R1) addendum on estimands

No active arm

Herndn, Miguel A., and James M. Robins. "Using big data to emulate a target trial when a randomized trial is not available." American journal of epidemiology 183, no. 8 (2016): 758-764

Food, Drug Administration, et al. “Real-World Evidence: Considerations Regarding Non-Interventional Studies for Drug and Biological Products”. In: (2024)
European Medicines Agency. “Reflection Paper on Use of Real-World Data in Non-Interventional Studies to Generate Real-World Evidence”. In: (2024)
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What is an External Control Trial? -8
Emulating half the Target Trial

* Defined as “one in which the control group consists of patients who are not of part of the randomized
study as the group receiving the investigational agent i.e., there is no concurrently randomized control

group”?!
RCT Secondary data source When to pivot an ECT?

No control arm -

* Disease context
Rare disease and/or oncology (i.e., dramatic treatment effect &
course of the disease highly predictable, unmet medical needs)

* Randomization infeasible
Strong ethical justification

19t
11

* Estimand
Requires formal comparison, otherwise prioritize Single-Arm Trial

Align with the TTE? Gt
outcomes *  Prospectively planning
External comparator defined a priori (i.e., avoid converting a SAT
to an ECT)

* Fit-for-purpose data
High-quality external data source

* Robust statistical analyses
Focus on alignment (TTE remains recommended)

ICH Harmonised Tripartite Guideline. “Choice of control group and related issues in clinical trials” E10

External controls and emulation of a target trial [Internet]. [cited 2026 Apr 3]. Available from: https://www.ema.europa.eu/en/documents/presentation/presentation-external-controls-emulation-half-target-trial-m-hernan_en.pdf



ECT: Primarily supportive today, with potential for pivotal
role through robust studies

—

Scoping Review: Identification of eligible EMA applications

[ Identification ]

Screening

) |

Included

Oncology and rare disease drug
submissions to the EMA from
the 315t of October 2015 to 315t
of October 2025
(n=501)

Records excluded before
screening (n=101)

. Generic or hybrid (n=76)
. Biologics (n=25)

Records assessed for eligibility
by automatic keywords search

(n=400)

Records excluded before manual
full-text review due to absence of
historical or external control-
related keywords (n=281)

Records assessed for eligibility
by manual full-text review
(n=119)

[

Studies included in the final
analysis (n=51):

. Oncology (n=13)

3 Rare Disease (n=22)

° Oncology and rare
disease (n=16)

Records excluded before final
analysis (n=68)

. Not mentioned in the
efficacy section (n=45)

. Limited information (n=9)

. Mentioned as

recommendation by the
EMA (n=5)
° Other reasons (n=9)

Key Takeaways

501 applications reviewed

BIU'I' I{I.\L‘

51 (10%) used external information to demonstrate efficacy
Overall, 63 pivotal trials: 36 (57%) were SATs, 19 (30%) were RCTs, and 8

(13%) were ECTs

Zolgensma Muscular Atrophy, Spinal
Amvuttra Amyloid Neuropathies, Familial
Leukodystrophy,
Libmeldy DS L
Metachromatic
Zokinvy Progeria;Laminopathies
. Metal Metabolism, Inborn
Nulibry
Errors
Strensiq Hypophosphatasia
Qarziba Neuroblastoma

Retrospectively Collected
Natural History

Previous Clinical Study

Retrospectively Collected
Natural History
Retrospectively Collected
Natural History

Retrospectively Collected
Natural History

Retrospectively Collected
Natural History

Retrospectively Collected
Natural History/Previous
Clinical Study

Pediatric Neuromuscular
Clinical Research database

APOLLO (NCT01960348)

Telethon Institute for Gene
Therapy Natural History Study
Progeria Research Foundation

International Registry
Natural History of Molybdenum
Cofactor and Isolated Sulfite
Oxidase Deficiencies
(NCT01735188)

Historical controls from the

same centre under similar
clinical management protocol

Italian Neuroblastoma
Registry/SIOPEN high risk
neuroblastoma study
(NCT01704716)
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Example of pivotal study (HELIOS-A)

e Condition: Rare genetic disease (~1 per 1M), affects nerves,

heart, sometimes kidneys, eyes, tendons/ligaments
What points did the regulators highlight?

* Trial design: Phase 3, randomized, open-label Early Engagement with

regulators
* Study participants:

e 122 received vutrisiran Appropriate disease

. - context
* 42 received patisiran
* 77 placebo participants from previous APOLLO study Prospective plan of the external
(external control arm) control arm

The HELIOS-A study design Fit for Pl data

Placebo arm from APOLLO study (n=77) |

Good aligment to mitigate
bais

Within-study Patisiran treatment arm (n=42)

3 Participants treated with Patisiran
Vutrisiran treatment arm (n=122) N ‘., switched to Vutrisiran

b

1 4 14

1
Start of Primary efficacy Efficacy analysis at 18 End of
study analysis at 9 months ~ months; serum TTR levels study



]
Explore New Indication ..,
Early Efficacy Assessment in Multi-Organ Targeted Therapies To De-risk Future Clinical Trial

* Example with Glucagon-like peptide-1 receptor agonists (GLP-1) indicated for Type 2 Diabetes and
obesity

GLP-1 actions and target organs

Brain Emulated Trial in Many Target Organs

Liver
Heart
‘ Therapeutic Area | _ FirstAuthor | Dol

~LGIucose production Neuroprotection . .
e ihgesiie @ Alzheimer Disease Tang H et.al., 2025 10.1001/jamaneurol.2025.0353
ynap!

’T‘Motorfunct\on 1 Cardioprotection
Mieart rate
ooy ¥ A “aﬁ”::abo“sm Pancreatic cancer Wang L, 2025 10.1093/jnci/djoe260
Stetetal musce GLP-1 619 % % Type 1 Diabetes XuY, 2026 10.1038/541591-026-04274-0
Z ours: Pulmonary Disease Avik Ray, 2025 10.1001/jomainternmed.2024.7811.
s Stomach | Pancreas Osteoarthritis Jeon M,2026 10.1016/j.diabres.2026.113091
hdlpossissare & 1. Extracted from PubMed using ("target trial emulation" OR "target trial emulated" OR "trial emulation") AND ("GLP-1" OR

e sacrction "GLP1" OR "glucagon-like peptide-1" OR "GLP-1 receptor agonist*")
¥ Glucagon secretion
1 B-cell proliferation
V¥ B-cell apoptosis

V Gastric emptying

1 Acid secretion *Liposis

2 Glucose uptake
1 Thermogenesis

Source: News-medical.net




Design Optimization

Which Patients Are Eligible? Aoy e Sleiliel Peifzm s B

When Initiating Treatment?
Followed?

A Treatment discontinuation o confinuation ater 6months B Treatment discontinuation or confinuation after 12 monthe
Article = Published: 07 April 2021 ESSAY i . _%ﬁ
. o _on ote . . . .
Evaluating eligibility criteria of oncology trials using o .
Emulation of a target trial with sustained treatment strategies: £ 0o £ 0o
real-world dataand Al on ota jarg ; , i : H
an application to prostate cancer using both inverse probability % oa % oa
) . weighting and the g-formula ° ©
Ruishan Liu, Shemra Rizzo, Samuel Whipple, Navdeep Pal, Arturo Lopez Pineda, Michael Lu, Brandon 9 9 9 02 — Treatment discontinuation if non-PD. 02
" Theatment conuston inen-PD
Arnieri, Ying Lu, William Capra, Ryan Copping & & James Zou & Louisa H. Smith'2® - Xabier Garcia-Albéniz'*® - June M. Chan** - Shoujun Zhao® - Janet E. Cowan® - | —— —— .
Jeanette M. Broering®®® - Matthew R. Cooperberg*S® - Peter R. Carroll® - Miguel A. Hernan'”7 6 12 18 24 30 36 42 48 0 6 12 18 26 30 3 42 48
. i from Treatment nfation Tie flom Tratment ian
Nature 592, 629-633 (2021) | Cite this article Received: 29 March 2022/ Accepted: 3 October 2022 Nl -l g T e P Seo s was mr iwms e w

©Springer Nature B. 2022 cm dis i i i tion after 18 th: D Tre: dis i i tion after 24 s
. reatment discontinuation or continuation after 18 months atment discontinuation or continuation after 24 months
91k Accesses ‘ 299 Citations | 191 Altmetric ‘ Metrics

Abstract 0 _!;1_‘? i i

As with many chronic illnesses, recurrent prostate cancer generally requires sustained treatment to prolong survival. However,

initiating treatment immediately after recurrence may negatively impact quality of life without any survival gains. Therefore, _™ M
we consider sustained strategies for initiating treatment based on specific characteristics of prostate-specific antigen (PSA), § o8 g e
which can indicate disease progression. We define the protocol for a target trial comparing treatment strategies based on @ 2
PSA doubling time, in which androgen deprivation therapy is initiated only after doubling time decreases below a certain ™ Bos
threshold. Such a treatment strategy means the timing of treatment initiation (if ever) is not known at baseline, and the target & 6
tan O r trial protocol must explicitly specify the frequency of PSA monitoring until the threshold is met, as well as the duration of 02 02
. . treatment. We describe these and other components of a target trial that need to be specified in order for such a trial to be
Unlvers lty emulated in observational data. We then use the ic g-formula and invers ility weighted dynamic marginal
Genentech structural models to emulate our target trial in a cohort of prostate cancer patients from clinics across the United States. 8 fg 9 2 B0 % 42 8 %2 W 4 Bo & 2 1
A Member of the Roche Group P Time from Treatment Initiation o Time from Treatment Initiation
Siop 90 wss wo s w7 w9 sw wmo w3 w3 er s
Coninse 190 21 w10 1St 823 1 Come w0 wes w3 s as

In oncology, using the Flatiron database: L f)ncology, L.‘Sing the MeIBose cohort, the
- Apply eligibility criteria sequentially optimal durc.:ltlon of anti-PD-1 therapy qu
. Define treatment groups uncl.ec.ur. Amiot et al. found that 1 year is
- Adijust for confounding with IPTW sufficient, longer treatment shows no extra OS

*  Estimate weighted Hazard Ratio benefit.




Two ways to create a synthetic cohort: EMULATION & SIMULATION

Statistics versus In silico
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Let’s create virtual patients using SIMULATION pu.

Each patient is generated through computer (in silico) simulation

Synthetic cohort

Simulation of a cohort using
Machine Learning or Mechanistic
Modeling (PKPD, QSP)




Simulated trial l.=|

Definition

Ex
REPUBLIQUE
FRANCAISE
b

Foae
==

Essai clinique simulé, également appelé in silico : essai clinique
effectué a I’aide de simulations numériques pour tester un

meédicament, un dispositif médical ou une intervention, dans des
conditions bien définies, a I’aide de modéles vérifiés et validés Etat d’avancement des

selon des protocoles bien définis. . .
évolutions

Le In silico désigne une expérimentation ou intervention par méthodologiques en
simulations numériques (dans I’ordinateur), par opposition d in vivo recherche clinique
(chez ’organisme vivant, animal ou humain) ou in vitro (en
laboratoire). L’expression s’applique aussi bien a I’échelle d’une
expérience ou intervention préte a confusion biologique simple qu’d

celle d’un patient, d’une étude clinique compléete ou d’une cohorte e g s
de patients

De la recherche expérimentale au suivi
d’évaluation en phase d’usage courant

Annexes
Mai 2025

https://www.fcrin.org/sites/default/files/brique/fichier/05-2025/Rapport%20A1S%20GT%20F-CRIN-AIS_Annexes_20250515_vf_1.pdf
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Let’s create virtual patients using SIMULATION pu.

Each patient is generated through computer (in silico) simulation

synthetic cohort

In Silico study




Let’s create virtual patients using SIMULATION T

Mechanistic

----------------------------
* Y

v Non

........................... Mechanistic
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Let’s create virtual patients using SIMULATION pu.

Each patient is generated through computer (in silico) simulation

: Biological and pharmaceutical . . -
; bhenomena are described

M eChG N i Stic ; according to a comprehensible -

I model. For instance a PK model,
‘ " a PD model, a PKPD model.

-----------------------------
* Y

- In Silico
: StUdy : Biological and pharmaceutical

| phenomena are described
’ N O n I according to a statistical / Al O (o) O

I'model reproducing patterns of

Mechanistic | real populations (EHR,

| images...) Real
' patients

‘e o
----------------------------

Synthetic
patients




Regulatory vision of simulated trial

U.S. FOOD & DRUG O EMA

ADMINISTRATION
EUROPEAN MEDICINES AGENCY

Guiding Principles of Good AI Practice in Drug Development
January 2026

Artificial Intelligence (AI) has the potential to transform the way drugs (medicines)® are developed and
evaluated, ultimately improving health care. In this context, Al refers to system-level technologies
used to generate or analyze evidence across the drug product life cyde, including nondinical, clinical,
post-marketing, and manufacturing phases.

Drugs are authorized based on demonstrated quality, efficacy and safety, and when their benefits
outweigh their risks. As new technologies emerge, including Al it is essential that their use reinforces
these requirements for the benefit and safety of patients.

The use of AI throughout the drug product life cycle has increased significantly in recent years. The
complex and dynamic processes involved in developing, deploying, using, and maintaining AL
technologies benefit from careful management throughout the drug product life cyde to ensure outputs
are accurate and reliable. Among other innovations, Al technologies are anticipated to support a multi-
faceted approach that promotes innovation, reduces time-to-market, strengthens regulatory excellence
and pharmacovigilance, and decreases reliance on animal testing by improving the prediction of
toxicity and efficacy in humans. This document outlines a common set of principles to inform, enhance,
and promote the use of Al for generating evidence across all phases of the drug product life cycle.

These 10 guiding principles are intended to lay the foundation for developing good practice that
addresses the unigue nature of these technologies. They will also help cultivate future growth in this
rapidly progressing field.

The 10 guiding principles identify areas where the international regulators, international standards
organizations, and other collaborative bodies could work to advance good practice in drug
development. Areas of collaboration include research, creating educational tools and resources,
international harmeonization, and consensus standards, which may help inform regulatory policies and
regulatory guidelines in different jurisdictions, in line with applicable legal and regulatory frameworks.

As the use of Al in drug development evolves, so too must good practice and consensus standards.
Strong partnerships with international public health partners will be crucial to empower stakeholders to
advance responsible innovations in this area. Thus, this initial collaborative work can inform our
broader international engagements.

EUROPEAN MEDICINES AGENCY

SCIENCE MEDIC NES HEALTH

9 September 2024

EMA/CHMP/CVMP/B3833/2023

Committee for Medicinal Products for Human Use (CHMP)
Committee for Medicinal Products for Veterinary Use (CVMP)

Reflection paper on the use of Artificial Intelligence (AI) in
the medicinal product lifecycle

]
mE
BIU'I'[!I.\

Eme

ICH

harmonisation for better health l'-UR‘OI’FII\N MEDICINES AGENCY
SCIENCE MEDIC

MES HEALTH

9 February 2026
EMA/CHMP/ICH/496426/2024
Committee for Human Medicinal Products

ICH M15 Guideline on general principles for model-
informed drug development

Step 5
Transmission to CHMP 24 October 2024
Adoption by CHMP 14 November 2024
Release for public consultation 29 November 2024
Deadline for comments 28 February 2025
Final adoption by CHMP 23 January 2026
Date for coming into effect 23 July 2026

Draft agreed by Committee for Medicinal Products for Human Use July 2023
(CHMP) Methodology Working Party

Draft adopted by CVMP for release for consultation 13 July 2023
Draft adopted by CHMP for release for consultation 10 July 2023
Start of public consultation 19 July 2023
End of consultation (deadline for comments) 31 December 2023
Final version agresd by MWP 6 September 2024
Final version adopted by CHMP 9 Septemnber 2024
Final version adopted by CVMP 11 September 2024
Keywords Artificial intelligence, Al, machine learning, ML, regulatory, medicine, human

medicinal product, veterinary medicinal product




Regulatory vision of simulated trial

O EMA

EUROPEAN MEDICINES AGENCY

ﬂ U.S. FOOD & DRUG
ADMINISTRATION

Guiding Principles of Good AI Practice in Drug Development
January 2026

Artificial Intelligence (AI) has the potential to transform the way drugs (medicines)® are developed and
evaluated, ultimately improving health care. In this context, Al refers to system-level technologies
used to generate or analyze evidence across the drug product life cycle, including nondinical, clinical,
post-marketing, and manufacturing phases.

Drugs are authorized based on demonstrated quality, efficacy and safety, and when their benefits
outweigh their risks. As new technologies emerge, including Al it is essential that their use reinforces
these requirements for the benefit and safety of patients.

The use of AI throughout the drug product life cycle has increased significantly in recent years. The
complex and dynamic processes involved in developing, deploying, using, and maintaining AL
technologies benefit from careful management throughout the drug product life cyde to ensure outputs
are accurate and reliable. Among other innovations, Al technologies are anticipated to support a multi-
faceted approach that promotes innovation, reduces time-to-market, strengthens regulatory excellence
and pharmacovigilance, and decreases reliance on animal testing by improving the prediction of
toxicity and efficacy in humans. This document outlines a common set of principles to inform, enhance,
and promote the use of Al for generating evidence across all phases of the drug product life cycle.

These 10 guiding principles are intended to lay the foundation for developing good practice that
addresses the unigue nature of these technologies. They will also help cultivate future growth in this
rapidly progressing field.

The 10 guiding principles identify areas where the international regulators, international standards
organizations, and other collaborative bodies could work to advance good practice in drug
development. Areas of collaboration include research, creating educational tools and resources,
international harmeonization, and consensus standards, which may help inform regulatory policies and
regulatory guidelines in different jurisdictions, in line with applicable legal and regulatory frameworks.

As the use of Al in drug development evolves, so too must good practice and consensus standards.
Strong partnerships with international public health partners will be crucial to empower stakeholders to
advance responsible innovations in this area. Thus, this initial collaborative work can inform our
broader international engagements.

1. Human-centric by design
The development and use of Al technologies align with ethical and human-centric values.

2. Risk-based approach
The development and use of Al technologies follow a risk-based approach with proportionate
validation, risk mitigation, and oversight based on the context of use and determined model risk.

3. Adherence to standards
&I technologies adhere to relevant legal, ethical, technical, saentific, cybersecurity, and regulatory
standards, including Good Practices (GxF).

4. Clear context of use
&I technologies have a well-defined context of use (role and scope for why it is being used).

5. Multidisciplinary expertise
Multidisciplinary expertise covering both the Al technology and its context of use are integrated
throughout the technology’s life cycle.

6. Data governance and documentation

Data source provenance, processing steps, and analytical decisions are documented in a detailed,
traceable, and verifiable manner, in line with GxP requirements. Appropriate governance, including
privacy and protection for sensitive data, is maintained throughout the technology's life cyde.

7. Model design and development practices

The development of Al technologies follows best practices in model and system design and software
engineering and leverages data that is fit-for-use, considering interpretability, explainability, and
predictive performance. Good model and system development promotes transparency, reliability,
generalizability, and robustness for Al technologies contributing to patient safety.

8. Risk-based performance assessment

Risk-based performance assessments evaluate the complete system including human-AI interactions,
using fit-for-use data and metrics appropriate for the intended context of use, supported by validation
of predictive performance through appropriately designed testing and evaluation methods.

9. Life cycle management

Risk-based quality management systems are implemented throughout the Al technologies” life cydes,
including to support capturing, assessing, and addressing issues. The Al technologies undergo
scheduled monitoring and penodic re-evaluation to ensure adequate performance (e.g., to address
data drift).

10. Clear, essential information

Flain language is used to present clear, accessible, and contextually relevant information to the
intended audience, induding users and patients, regarding the Al technology's context of use,
performance, limitations, underlying data, updates, and interpretability or explainability.

]
]
|
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ARTIFICIAL INTELLIGENCE REGULATION
EU 2024/1689

FULL TEXT OF THE

EUROPEAN

ATACT

PUBLISHED ON THE OFFICIAL JOURNAL OF THE EUROPEAN UNION ON 12.07.2024.
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Let’s create virtual patients using SIMULATION pu.

Each patient is generated through computer (in silico) simulation

. Biological and pharmaceutical
. . ; bhenomena are described
M eChG NISTIC | according to a comprehensible
____________________________ I model. For instance a PK model,
‘ ! a PD model, a PKPD model.

In Silico
. study |

‘e o
----------------------------




Case study with simulated trial: mechanistic modeling e

Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD for a repositioning in Sjoren Syndrome

Blood

concentration _
A0S

. . . E .
. 105

Pop PK: Nonlinear Mixed Effects Modelling
Mechanistic + Patient variability




Case study with simulated trial: mechanistic modeling et

Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD for a repositioning in Sjoren Syndrome
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Case study with simulated trial: mechanistic modeling JEEE,
Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD

Pharmacokinetics Pharmacokinetics/Pharmacodynamics
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Case study with simulated trial: mechanistic modeling e

Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD for a repositioning in Sjoren Syndrome

= A concrete use case of Design Optimization using a Mechanistic Approach: Model based meta-analysis.
- A research area and legacy expertise of Biotrial Data Science

Reduce the targeted population Increase the targeted population
by excluding risky patients by including non-risky patients




Case study with simulated trial: mechanistic modeling e

Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD for a repositioning in Sjoren Syndrome

= A concrete use case of Design Optimization using a Mechanistic Approach: Model based meta-analysis.
- A research area and legacy expertise of Biotrial Data Science

Proprietary NLP to mine heterogeneous Mathematically aggregate selected
sources (literature++) models
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Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD for a repositioning in Sjoren Syndrome

= A concrete use case of Design Optimization using a Mechanistic Approach: Model based meta-analysis.
- A research area and legacy expertise of Biotrial Data Science

Original Paper
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Population pharmacokinetics meta-modelling
Of Clozapine and lithium Journal of Psychopharmacology
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Théo Korchia*, Frédéric Dayan?, Olivier Blin5, Sylvain Benito? S Sage
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Abstract

Background: Treatment optimization is mandatory in psychiatric diseases and the use of population pharmacokinetics (popPK) models through model
informed precision dosing (MIPD) has the potential to improve patient medical care. In this perspective, meta-modelling methods could provide popPK
models with improved predictive performances and most of covariates of interest. The aims of this study were to develop meta-models of clozapine
and lithium, assess their predictability and propose optimized dosing regimens for both drugs.

Methods: Two popPK models for each drug were retained to develop the meta-models. For clozapine, the model with the best predictive performances
and gender as a covariate and one with smoking status were retained. For lithium, the model with the best predictive performances and fat-free mass
as covariate and one with glomerular filtration rate were retained.

Results: Both meta-models showed improved predictability compared to the original models. Clozapine meta-model simulations allowed us to propose
dosing regimen according to gender and smoking status. Steady-state doses ranged from 375 to 725 mg/day for clozapine once daily, and from 350 to
650 mg/day for clozapine twice daily. Lithium meta-model simulations allowed us to propose dosing regimen according to weight, body mass index,
gender and GFR. Our steady-state dose propositions ranged from 625 to 1125 mg/day for males, and from 375 to 750 mg/day for females.
Conclusion: Both meta-models met the acceptability criteria for use in clinical practice on all subpopulations of interest. Those models could be used
in the perspective of MIPD for clozapine and lithium.

Keywords
Precision dosing, psychiatry, meta-modelling, population pharmacokinetics, lithium, clozapine
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Mechanistic modeling 1 (Tofacitinib): meta-modeling in PKPD for a repositioning in Sjoren Syndrome
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ExactCure generates virtual populations with
characteristics of Sjégren Syndrome
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Trial I/E criteria can be refined and adapted in line with these findings
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Each patient is generated through computer (in silico) simulation
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Let’s create virtual patients using SIMULATION SHE
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Let’s create virtual patients using SIMULATION SHE

Non-Mechanistic principles

What if...
We used the
power of Al to
support clinical
trials?
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Non-Mechanistic principles

) Back-propogation
Generative

Adversarial

Networks
(GAN)

Real
?

Synthetic

|

D(G(2))

Latent space

Back-propogation

Noise vector (z)




[ [ )
Let’s create virtual patients using SIMULATION =
V
A . R tructed
E Input image eco:‘jﬂ;‘: e
(VAE)
Encoder Latent space Decoder
% —_> — z —% _9 &
Vi

Reconstruction loss J




Case study with simulated trial: non-mechanistic modeling

Non-mechanistic use case 1: control patients in Alzheimer disease imaging (VAE)

Synthetic Real Real Synthetic

Real
patients

Synthetic
patients

Synthetic MRI of Alzheimer patients based on 210 training images

Data Augmentation in High Dimensional Low Sample Size Setting Using a Geometry-Based Variational Autoencoder, Chadebec, et al. 2023
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What is a patient in a clinical study?

Patient ID | Visits per month | Age sys;f;:’ﬁﬁ:g“ Patient ID Sex Diabetes Ethnicity Patient ID | Total Cholesterol |  Albumin BMI
1001 5 25 N/A 1001 Female 0 Black 1001 52 35 253
1002 002 1002
Tabular : :
uuuuu 6 Female Caucasl 20001 30
a
\ (a) (b) (c)

reports, patients

are mainly EI
figures in

tables...

12 NiA 39

Time-series )
96 N/A 398
EHR L

Al has proved its power in imaging, but can be applied to many other fields
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Original dataset with N
JOURNAL OF MEDICAL INTERNET RESEARCH El Kababji et al \wfp_a“i“i_/
Original Paper
A 4 Y
Augmenting Insufficiently Accruing Oncology Clinical Trials Using Jopthelsty Analyze
Generative Models: Validation Study
Samer El Kababji'”. PhD: Nicholas Mitsakakis’. MSc. PhD: Elizabeth Jonker’. BA: Ana-Alicia Beltran-Bless®. MD: REdetC: ? 1traig1ingtfiattea oet Compare results
Gregory Pond*. PhD: Lisa Vandermeer’. MSc: Dhenuka Radhakrishnan®, MD: Lucy Mosquera’. MSc: Alexander . T pamens y
Paterson®, MD: Lois Shepherd’. MDCM., FRCP: Bingshu Chen’. PhD: William Barlow®, PhD: Julie Gralow®, MD:
Marie-France Savard’, MD: Christian Fesl'?, PhD: Dominik Hlauschek'®, MSc: Marija Balic!!, MD, PhD: G'ibliel
Rinnerthaler'!. MD: Richard Greil'>. MD: Michael Gnant'*, MD: Mark Clemons®. MD: Khaled E] Emam'* . BEng. Combine
PhD
A
“We performed a retrospective analysis from 9 fully accrued, completed, and
published cancer trials. For each trial, we r
, trained a generative model on the remaining patients, and simulated additional patients ;
to replace the removed ones using the generative model to augment the available data.” |
! were evaluated: sequential synthesis with decision trees, 1
Bayesian network, generative adversarial network, and a variational autoencoder.” —*® Augment
“For an oncology study with insufficient accrual with f e
he— iy
sequential synthesis can enable the simulation of the full dataset had the study contlnued | Augmented datesers B Analyze
accruing patients and can be an alternative to drawing conclusions from an underpowered ' Wifh:a;l;"n":ff of
study.”

El Kababiji S et al. 2025. Augmenting Insufficiently Accruing Oncology Clinical Trials Using Generative Models: Validation Study. J Med Internet Res 2025;27:66821
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Non-mechanistic use case 3: Amplification of RCT in dermocos metics (VAE)

' CLINICAL RETROPLANNING

@ EURAICA
= i O RESULTS  RESULTS
%ﬁ%ﬁgﬁu CLINICAL STUDY ( 6M recruitment + 12M FU) "‘
CES m T3 DEC
ALI g me ntl J July 2024 2025 2025 2026 2026 2027
Using Al
KEY FIGURES: *biological samples (every visit)
*  Microbio
. Horai
102 REAL PATIENTS INCLUDED | e
510 ARTIFICIAL PATIENTS *  Metabolomic

TOTAL: 306 PATIENTS IN EACH ARM

Avéne n;
o B0Tdesi3n




Case study with simulated trial: non-mechanistic modeling . =

Non-mechanistic use case 4: Bioptimus (Foundation multimodal model)

BIEP
Tus

Introducing

predict clinical outcomes

predict gene mutations

We believe the solutions to the world’s =
. o predict key gene =
toughest diseases exist — hidden in ; expression markers

plain sight, but obscured by noise and "

locked in siloed biological data.

Operating on this simple belief, g e on

Bioptimus built the world’s most

. . Usi 'dl -Optimu u

powerfullFoundation Modeljof Biology: c:nngritrﬁssinsgzta

modalities and fill in the
missing information
across modalities in
silico.
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Run quick and confident
clinical trials with digital twins

= UNLEARN

Digital twins are Al-generated forecasts of an individual trial participant’s

control outcomes. By forecasting clinical outcomes at every future time

point with unparalleled precision, they serve as the powering technology
for a more rigorous clinical analysis.

| Endpoints

= Disease-specific ML
models trained on extensive
historical clinical data
generate digital twins for
each trial participant using
only their baseline data.
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BIU'I' l{l.\L‘

O

EUROPEAN MEDICINES AGENCY Typically, trials that use ANCOVA adjust for simple baseline
R covariates such as each participant’s age. In , by contrast,
SRS LTSI ST e v e o) 3 trained on
?pfc',‘g‘é,ajffﬂ )Opimon for Prognostic Covariate Adjustment historical patient data is used to construct a for

each participant collected at their first visit in a trial. This way,
historical patient data is used to learn to construct an

T ——— " approximation to the optimal covariate that maximizes power in a
St ofitle cortaten future study, thereby leveraging rapidly improving machine
m:(m] learning technologies and increasingly vast quantities of individual
Keywords e T participant data to improve clinical trials.
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Let’s create virtual patients using SIMULATION pu.

Each patient is generated through computer (in silico) simulation
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Two ways to create a synthetic cohort: EMULATION & SIMULATION

Statistics versus In silico

BI orri .'&L'
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Simulation of a cohort

i using Machine Learning
i or Mechanistic
Modeling (PKPD, QSP)

Emulation of a
cohort using
Advanced
Statistics
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synthetic cohort




The future of
clinical research
has already been
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