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WHERE WE ARE WITH AIl?



Different way to build our Al biomarkers

PREDICTIVE FOUNDATION LLM and

Al TOOLS MODELS MULTIMODAL 2.
FOUNDATION AGENTIC Al
MODELS (All in ONE

MODELS in a

STATIC MODELS :> DYNAMIC MODELS Dynamic

Fashion)




INTEGRATED CLINICAL BIOMARKERS

THE VISIBLE LAYER

molecular

Al Biomarkers as a result of
integration, leveraging data
from Clinical Practice data

cellular

tissue With this clinical phenotype
biomarker we are able to
predict around 80% of the
Sl orgen patients
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INTEGRATED CLINICAL + EXPOSOME BIOMARKERS

e

‘THE NEW LAYER

i e New Biomarkers collected
GoNgF through devices (via wearable

or via app), generally ignored
before using Al in healthcare

tissue With this expotype we are able
to further increase the
prediction (no estimation is
possible at the moment)

organ




DEEP-OMIC BIOMARKERS

THE HIDDEN LAYER

Genomics  [EEUEEVEY Al Biomarkers as a result of
interconnection of different
tissue, blood and ever-
: SEeial Ofvics biosample omics (Not
T collected per clinical practise)

Drug Screens cellular

tissue With this genotype biomarker
we are able to further increase
the prediction (no estimation is
sy ongan possible at the moment)

Radiology




# Development phase #

Development phase

« Define clinical need and use case

« Data collection and preparation

+ Model development and optimization
+ Internal validation

Prospective / Silent
Validation phase

« Prospective data collection

« Silent (retrospective/parallel) evaluation
* Assess performance and generalizability
» Refine model if needed

Usability phase

* Usability testing with end users

» Workflow integration assessment
+ Human factors and explainability
« Training and user feedback

ﬁ Usability phase

Prospective / Silent
Validation phase

# Implementation phase ﬁ Clinical Practice use

Life cycle of an Al biomarkers: what studies we need?

Implementation phase

« Real-world deployment planning

« Infrastructure and IT integration

» Regulatory and governance readiness
+ Change management and training

Clinical Practice use

« Routine clinical use

« Monitor adoption and impact

« Collect real-world performance data
+ Ensure human oversight

CE market approval

« Conformity assessment (CE marking)

« Technical documentation and evidence
« Regulatory review and approval

« Post-market surveillance plan

ﬁ CE market approval



Where can OECI stand within the Al area?

1. MULTIMODAL DATA CONVERGENCE

‘ Unprecedented data generation

e
©
®
©

Genomics
Molecular profiles
and alterations

Digital Pathology
Histology and
morphology

Radiomics
Imaging features
and biomarkers

Electronic Health Records
Clinical data and
treatment history

Real-World Data
Outcomes, follow-up
and patient-reported data

@ Quality of care & accreditation
N
‘ Equity across cancer centres

Harmonized standards
and governance

Participation in European
research initiatives

Safe, ethical and responsible Al

2. THE GAP

Data is abundant,
but translation into
clinical decisions
remains uneven

3. Al: THE BRIDGE

Between translational research
and real-world clinical practice

Transforming cancer care
across the continuum

Better Diagnosis
More accurate and
earlier detection

Patient Stratification
Risk prediction and
prognostication

e,

Personalized Treatment
Tailored therapeutic
recommendations

AN
00000

Toxicity Prediction
Safer treatments,

F . 5
ragmented integration fewer adverse events

Uneven access Integrates molecular, imaging,

clinical and outcome data Improved Outcomes
Better survival, quality of life

and sustainable systems

Variable impact

Learns « Predicts + Recommends
Explains

B\ 6. OECI LEADERSHIP: A COORDINATED STRATEGIC RESPONSE

OECI WORKING GROUP ON
ARTIFICIAL INTELLIGENCE & PRECISION ONCOLOGY

A platform for collaboration, knowledge exchange,
scientific cooperation and European partnerships

(0] ¢}
@ Organisation of

European Cancer

v v v v
QUALITY STANDARDS COLLABORATION q CAPACITY BUILDING e®e EQUITY & ACCESS
& GOVERNANCE NETWORK Wi &EDUCATION -
Data quality, interoperability, Connect expertise, Train professionals and Address gaps between
model validation, usability, share best practices strengthen Al literacy well-resourced and

implementation and continuous and accelerate innovation

monitoring

across centres resource-constrained

settings

4. PRECISION ONCOLOGY IMPACT

5. BROADER BENEFITS

Al as a key enabler
of precision healthcare

Supports physicians
in biomarker discovery
and treatment decision

#e5
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?

PATIENT-CENTRED
EQUITABLE CARE

Improves prevention
and early detection
strategies

Enhances efficiency
and sustainability
of healthcare systems

OUR SHARED GOAL

©
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Leverage Al and precision oncology
to deliver better outcomes, prevention
and sustainable, equitable cancer care

for all across Europe and beyond.



Harmonize Quality standards for Al usage in OECI
affiliated centers

1. DATA QUALITY 2. INTEROPERABILITY

« Accuracy, completeness « Standards-based

« Representativeness data exchange

* Semantic

« Bias detection 5 T
interoperability

« Data provenance 5
« Integration across

« Privacy & security systems

l Safe and effective
1 Al implementation

DEVELOP
Design and develop
advanced Al models

VALIDATE
Rigorous validation in
multimodal, diverse datasets

GOVERN

Establish standards,
governance and ethical oversight

SHARE & SUPPORT
Provide tools, training
and technical support

KEY DOMAINS OF THE QUALITY FRAMEWORK

© ©®@ 6 ©o

3. MODEL VALIDATION

« Robust performance
« External validation

+ Generalizability
 Clinical relevance

« Transparent reporting

4. USABILITY &

CLINICAL WORKFLOWS

+ User-centred design
« Integration in

clinical workflows

« Explainability

* Regulatory compliance
+ Risk management

« Decision support

BENEFITS OF A HARMONIZED FRAMEWORK

Benchmarking
.. across institutions

Al HUBS AND SPOKES MODEL IN THE OECI NETWORK

A tiered approach for innovation,

HUBS
Develop + Validate + Govern

[6\

NEYWORK

SPOKES

Stronger trust among
clinicians and patients

5. IMPLEMENTATION

« Clear implementation plan
« Training & change
management

6. CONTINUOUS MONITORING

& PERFORMANCE
EVALUATION
« Real-world performance
« Drift detection
« Safety surveillance
« Periodic re-evaluation

Consistency, equity
and quality of care

y and eq ration Al SPOKES
Implementation & Contribution Centres

« Integrate « C

IMPLEMENT
Integrate Al solutions into
clinical practice

CLINICAL INTEGRATION

Adapt tools to local workflows
and patient needs

CONTRIBUTE DATA
Share high-quality data to
improve and generalize models

FEEDBACK & IMPROVEMENT
Provide real-world evidence
and continuous feedback

A COMMON LANGUAGE
OF QUALITY

for responsible, transparent
and trustworthy Al
in cancer care

THE POWER OF
A CONNECTED NETWORK

Innovation with
reach

Equity across cancer
centres and regions
Sustainable and
scalable Al adoption

Better outcomes
for all patients




ORIGINAL ARTICLE - Articles in Press, November 17, 2025 - Open Access & Download Full Issue

M éklllél;él[%le: DRIVING INNOVATION
INONCOLOGY ESMO Basic Requirements for Al-based Biomarkers In

ESMO Journals  Articles Publish Topics Multimedia About  Contact  Subscribe OnCOlogy (E BAI)

M. Aldea *3 - M. Salto-Tellez#5 - A. Marra ®7 - R. Umeton 89191 . A, Stenzinger** - M. Koopman 33 - A, Prelaj 145
- K.L.Kehl3 - S. Gilbert® - M-E LeBmann *® - J. Lipkova **¥% . L. Provenzano 2>?* - F. Meric-Bernstam 2 -
S.Halabi ™ - ). Wu - A Pellgt - KPM. Suijkerbuijk*® - B Besse™ - B. Ryl - C. Marchi6 2 -

M. Crispin-Ortuzar 3° - R. Fehrmann3! - ]. Vibert3* - D. Ferber33 - C. Pauli34 - A. Valachis 35 - Federica Corso 4 -
A TJ. Brinker 3% - J. Mateo 3 - N. Harbeck3® - E.C. Winkler3® - F. Lopez-Rios %° - R. Perez-Lopez #* -

G. Pentheroudakis 42 - S. Delaloge® - C. Benedikt Westphalen & 4344 BX - ].N. Kather & 63345 B Show less

Affiliations & Notes \v  Article Info v/

(HEELY
Al for Biomarker . . .
Quantification B Al Biomarkers require clarity on

Only the method is new

S Fairness
Input n Ground Truth Performance ||Generalizability comimended

Input and method are new

e [

Input, method and result are new

Class B
Al for Indirect Measure
of Existing Biomarkers

o o
N

Class C

Novel Al-Based Biomarkers
for Outcome Prediction




APOLLO11, BIO DATA DRIVEN MODEL

A. PATIENT ENROLLMENT AND DATA COLLECTION

Demographics : Tumor Side
.- biology . effects
} 4q}\ »
)
/.I —> V / Clinical P
d J presentation
Level 2 | Labexams |
< * Blood counts
< % - * Biochemistry
- 2
-— NANG - Oncomarkers
Inclusion Criteria Exclusion Criteria e « Urine test

Biobank annotation Medical Images

HE, PD-L1 slide

*No [0, TT, ADC or
other "innovative"
therapy" received

« Stage |- IV NSCLC
orSCLC
« 218 years old

CT/PET/MRI scan

*In the impossibility of requesting consent, General Authorisation to Process Personal Data for Scientific Research Purposes and General Authorisation to Process Genetic Data are applied

J

(B. BIOLOGICAL SAMPLES COLLECTION

[ whoteBrome seqsenons | 111

[ | Whole Blood

‘ Plasma o - miRNA, cfDNA,
= cytochines

STRENGTH

Apollo11

S UNITY

-
C. DATA AND SAMPLES SHARING

Sample shipment

f «

Federated Learning
framework

Local models )==""

N

D. MODEL GENERATION

Data Dictionary  }——/

E' ” Plasma for PBMCs I 1
A Plasma in Lythium o |
| Heparine | = P

Peripheral
PMN

Stool/Buccal Swab |-
-

) ) /L
O A A 7/ O"
Baseline c2 First Radiological PD
evaluation

npj | precision oncology

Explore content v About the journal v  Publish with us v

nature > npj precision oncology > articles > article

Article Open access = Published: 29 January 2026
APOLLO11: a bio-data-driven model for clinical and
translational research in lung cancer

.

P

LabManual |——

RWD

Microbiota

Circulomics

Radiomics/
Pathomics

Submodels
Multimodal
Djjj Predictive
Model
@
@
[€

Tumor-based
omics

Key



Synthetic data for clinical trials

nature reviews cancer https://doi.org/10.1038/s41568-026-00912-4

Review article ™ Check for updates

Artificial intelligence-generated
synthetic datafor cancer
research and clinical trials

Jan-Nil 1262, Hahn®*, Arsela Prelaj®°, Martin Bornhéuser ®'*7, Jan Moritz Middeke'*®
& Jakob Nikolas Kather @222

Data modalities
« Electronic Synthetic data « Privacy Fine-tuning and

health records  generation preservation refinement
« Image data —————  + Utility testing
« Laboratory « Fidelity testing

values .
« Genetic data metrics

Quality-controlled synthetic cohort

€ Control cohort substitution

vool n

80 80

Control cohort augmented with Se0 Fully synthetic control cohort with S60
quality-controlled synthetic patients | £ qualit-controlled synthetic patients | £

340 340

. N S
o - o+ -
Time Time
Control cohort Control cohort
= inseugational cohort =westigations cohort

Investigational cohort

Aad

Investigational cohort

Evaluation must benchmark fidelity and utility against real-data
references, with strict filtering for clinical plausibility.

Privacy auditing is mandatory. Transparent workflows enable
reproducibility, trust, and safe downstream use.

Table 1| Common evaluation metrics for synthetic tabular and image data

Category Datatype

Key metrics

Purpose

Fidelity Tabular

Statistical tests (e.g., Kolmogorov-Smirnov, X?)

Quantification of correlation difference (e.g., Jensen-Shannon or
Wasserstein distance)

Propensity score classifier or distinguishability (area under the curve)

Compares real and synthetic data sets regarding their
distributional and correlation similarity

Image FID Measures perceptual quality, alignment and diversity
KID of generated images
Precision and recall for generative models
Inception score
Utility Tabular TSTR using task-specific metrics (e.g., AUROC, F1, R%, RMSE) Evaluates whether synthetic data can substitute for
Ability to reproduce published results or statistical iations real data in predictive modelling or hypothesis testing
Image TSTR on intended tasks (e.g., classificati ion, d ion) Tests whether synthetic images support real-world

Human expert evaluation in medical contexts

tasks

Privacy Tabular

Membership-inference attack
Privacy budget and/or differential privacy
DCR

Quantifies risk of patient re-identification or leakage
of sensitive attributes

Image

Membership-inference attack
Nearest-neighbour analysis
Duplicate detection

Model inversion attack (emerging)

Identifies memorization or leakage of real images into
the synthetic set




Patients engagement and Usability



Al Scribe

I EndPoints

*User trust, transparency, and
perceived explainability of Al
outputs.

sImpact of the Al tool on user
experience, workflow
integration, and decision-
making.

*Fairness, privacy protection, and
bias mitigation across different
user groups.

Ambient Al Scribes in Clinical Practice: A
Randomized Trial

Authors: Paul ). Lukac, M.D., M.B.A,, M.S. & | William Turner, B.S. © | Sitaram Vangala, M.S. ©& | Aaron T. Chin, M.D.
2 | Joshua Khalili, M.D. . Ya-Chen Tina Shih, Ph.D. © | Catherine Sarkisian, M.D., M.S.H.S. ® | Eric M. Cheng,
M.D., M.S. ©@ | and John N. Mafi, M.D., M.P.H. Author Info & Affiliations

Published November 26, 2025 | NEJM Al 2025;2(12) | DOI: 10.1056/A10a2501000 | VOL. 2 NO. 12
Copyright ©_2025




How OECI can help in addressing “Al Gaps” or

Gaps with Al

1. THE CHALLENGE: MAJOR GAPS PERSIST

Al in cancer care is unevenly applied, especially
in low- and middle-income countries (LMICs).
Many tools are developed in highly resourced settings,
limiting their applicability where needs are greatest.

2. IMPACT ACROSS THE CANCER CARE CONTINUUM

Key areas underdeveloped or poorly implemented in LMICs

(0 (O (] L/\
2 Q) (@) (%) (i

HIGH-INCOME LOW- & MIDDLE-INCOME
anl
COUNTRY CONTEXT COUNTRY CONTEXT '.‘ / /
. PREVENTION & SCREENING REMOTE TREATMENT MONITORING &
RISK STRATIFICATION DIGITAL DIAGNOSIS DECISION OUTCOMES
: VS SUPPORT
CONCERNS
==
g & K 2 g a
Abundanldala Validated Broad Limiteddata  Limited/  Fragmented / Limited : Risk of Al could
Al tools i &ir L i oot e 000 vty oa
Altiok e m genera.llzabnlny am jmden.lr.lg existing exacerbate, rather
and fairness inequities than reduce, gaps

/N This disparity limits equitable access to the benefits of Al.

4. FROM VISION TO ACTION: PRIORITIZE, IMPLEMENT, DELIVER IMPACT

3. THE OECI RESPONSE: CONTEXT-AWARE
GAP ANALYSIS
Conduct a structured, context-aware gap analysis

to identify high-impact, scalable use cases
tailored to diverse healthcare environments.

: [\ )

A & (8

PATIENT

ANALYSIS WORLD ENGAGEMENT
PROGRAMME

A 3 A
@

CONTEXT-AWARE
SOLUTIONS

Ensuring Al solutions are clinically relevant,
socially responsible and equitable.

Q.

GUIDING PRINCIPLES

Focus on priority use cases that are clinically relevant, feasible and have the greatest potential impact on patient outcomes.

DEFINE PRIORITY USE CASES

\ « High clinical relevance

'I
v
¢ —

il

« Feasibility in target settings
« Potential for scalability

+ Measurable impact

Focus > Breadth

IMPLEMENT WITH EQUITY

INTEGRATE & SCALE

Local solutions, global impact

+ Adapt to local context + Integrate into care pathways ’
« Strengthen data & infrastructure

« Build capacity & skills

©

+ Leverage partnerships
+ Share learnings across

« Ensure ethical & responsible Al the OECI network

Equity at the core

IMPROVED OUTCOMES

(ej Clinical relevance

e Safety & reliability

I@‘ Transparency & trust

’ Sustainability

Equity & fairness
« Earlier detection

« Better treatment decisions
+ Improved survival

+ More sustainable systems

Better care for all



IMPLEMENTAION GAP



nature health Select choropleth layer

. ) Place-based index v
Article https://doi.org/10.1038/s44360-025-00016-7

Thelandscape of Alimplementationin
US hospitals

Area deprivation index v

Hospital markers

Received: 23 August 2025 Yeon-MiHwang®" , Madelena Y. Ng ® "2 Malvika Pillai ®'*, Michelle P. Sahai' & Advanced ana lytics

TinaHernandez-Boussard ®**

Accepted: 22 October 2025

I Al/ML implementation - I

Model: 48.0% Model: 82.3%

600 -{  Total: 588 Total: 565 Model: 57.9% - ML
9.4% 3.7% Total: 541 M]gdell: 1874% Non-ML predictive model
14.0% 8.9% otal: Do not know/neither
. 3.8% '(:.I)ues;tloln sktlpptle_lgi/no answer
Model: 67.3% jospital not in survey
400 - 42.7% S 33.3% 25.8%  ial 367 Model: 66.9%
5.7% Total: 335 Model: 64.4%
10.5% 1272 27.0% A:5% To%a%%OG Model: 62.2%
- ' 28.7% Total: 222
200 -| 24.5% 14.6% = Model: 64.7%

Toté%gézg

13.7%

Number of hospitals

Al/ML implementation
. Machine learning

. Non-ML predictive models

N " N N «© © © & R Neither/do not know

& & & & 3 & & & N
S W (S & < & S 5 s

N X Q& > > A N

K S & & < & ot issi

& o0 K R K < Missing
& & & & {
Census division P 'i‘ ‘ D Safety net

SANTABAREAHAR-. | B 17
g l‘f,‘ﬂ O Non-safety net




INTEGRATED CLINICAL
BIOMARKERS

THE VISIBLE LAYER

PREDICTIVE FOUNDATION
Al TOOLS MODELS

tissue

Immune prediction: the best use case for Al
(more patients compared to target)



IMMUNOTHERAPY
PREDICTION OVER THE
LAST 7 YEARS WITH Al

Reference

Cancertype

GEN/ PD- L1 IHC/
TRANSC

CLIN

b

bl

Yoo Pan-cancer
Nature 2025 n>9000
(SCORPIO) [NSCLC-10=666]
Rakaee
JAMA Oncol P
2024 .
Saad
i NSCLC-10
Lancet Dig.Health =976
Chang Pan-cancer
Nat Cancer 2024 n=2881
(LORIS) [NSCLC-10=1456] |
Jee Pan-cancer
Nature 2024 n=24950
(MSK-CHORD) { [NSCLC-10=7809] J
Xiang
Nature 2024 NS?%—%' o
(MUSK) n=
Vanguri
Nat Cancer I\ESZ(‘.‘,‘[_}CI 0
2022 T B
Captier
Nat Commun 'i%?l.;c'lo
2025 SIA(0)

[y

Q=

RAD CT/
PET

]

Machine
Learning

Deep Learning

_

Ensemble
Deep Learning

Logistic
Regression

Random
Survival forest,
L NLP-Multimodal

Vision-
language FM

DyAM
Multimodal
integration

Multimodal
Late Fusion

CV [ TEST  EXVAL

TRAIN | TEST | EXVAL

TRAIN | TEST

CV [ TEST

TRAIN | TEST | EXVAL

cv

cv

cv
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I3BLUNG Project arms

IBLUNG study
[ )
o

NSCLC patients
Treated with ICI
Stage lll and IV

6 cancer centres:
Italy, Germany, Spain,
Greece, US and Israel

Rgtrospective
Multimodal (Arm 1) Objective: Developing Al-based tools by using

around 2000 NSCLC pts . . .. . :
Real-world data multimodal data for clinical decision making in
NSCLC patients treated with immunotherapy

) () o o0 A project funded by
m the European Union
— o

Prospective multimodal Prospective N 43
Multimodal (Arm2) . MULIOMICS (Arm 3) @If I'LUNG
around 2000 NSCLC pts around 200 NSCLC pts :
Real-world data (collecting 11 omic
data) Prelaj et al. Under Revision in Nature Medicine

P Prelaj et al. Clinical Lung Cancer 2023.
@%ﬁc medRxiv 2026.01.16.25342913; ] ] ] ) ] o
oihttps//doi.org/10.64898/2026.01.16.25342913  Prelaj A, Miskovic V. ..... Pedrocchi A, Garassino M. Nature Medicine, Accepted, 77 MAY 2026



Retrospective Arm and Cohorts=2396 patients

Cohort collection
Study population

‘; “:: "; P‘; ";’ 2396 patients, llI-IV stage NSCLC,
Immune checkpoint inhibitors

\ n f\ r\ I\ r 6 clinical cancer centers:

JUJLILJL)L INT, GHD, SZMC, VHIO; UOC, MH

Collected baseline data

2252 clinical data demographic;

= treatment; lab; molecular

|@migse H&E slides

§ 1723 Genomics

1705 CT scans

Cohort creation

Cohort 1
Curative setting

Cohort 2
First metastatic line

Cohort 3
Later metastatic lines

used in analysis (n=2075) |

peRe
ie/\efiehe!
" AAN
JLjLyLL

Train set
(85%, n=1550)

¥ 2e
\ehe/ e Ao/
VA VA
JLIL JLL
Test set Ex. val. set (UOC)

(15%, n=274) (n=251)

Assessed for

eligibility
n=2396
Exclusion
Not meeting criteria
> n=165
Screening failure
- n=24
Allocation
n=2207
Cohort 1: Cohort 2: Cohort 3:
curative first line further lines ;I\-S;—:;S
n=132 n=1437 n=638

Prelaj A, Miskovic V. ..... Pedrocchi A, Garassino M.
Nature Medicine, Accepted, 77 MAY 2026



ISBLUNG: Clinical Usability study (Expert vs Non-Expert)

PATIENTS COHORT

PHASE 1 - NO XAl support

LRee
iefiefie/ie!
ieliefielie/
AN
119181818
100 NSCLC pts
treated with ICI,
6 IBLUNG centers

% rLUNG

Will this patient achieve DCR with 10-
based treatment?

ANALYSIS

PHYSICIANS

i

10 experts in
lung cancer

10 non-
experts in lung
cancer

Clinical " »
_ e N\ N\
g,  demographic T S (' ves YN
= .0
.f__{ © lab ) *g What is the most likely survival range
S © Gerlmomllcs S for this patient?
molecular CT scan H&E slide © <6m, 6-12m, 12-18m, 224m
PHASE 2 - WITH XAl support
- Clinical
12 .
Yo demographic e
L lab
© © Genomics
ol
molecular oT HEE slid
scan ) s
Sce After seeing the XAl DCR prediction
Will this patient achieve DCR with 10-
TR
based treatment?
c @
50 - The predicted to 10-based th 2
= oo @ e predicted response to 10-base erapy
a § [ for this patient is: Responder © \\(,YES \\(,NO
<—( o o o (with likelihood of responding to *(7,'
< o " 10-based therapy equal to 77.22%) [}
a I 3

XAl OS
prediction

After seeing the XAl OS prediction
what is the most likely survival range
for this patient?

<6m, 6-12m, 12-18m, =24m

Phase 1 t t
Vs
a0

[

Agreement
performance
Phase2 & | &[]
VS
[ h
B .
- .

Difference in

Agreement
performance

Phase 1vs 2

-

Confusion matrix of correctness of
physician-XAl collaboration

(\@:SAC

Prelaj A, Miskovic V. ..... Pedrocchi A, Garassino M. Nature Medicine, Accepted, 7" MAY 2026




Clinical usability: 10 efficacy prediction and user feedbacks

1.0

0.8 1

0.6

Score

0.4+

0.2

0.0

All physicians

Lung Cancer Experts

1.0
" I A (Phase2 — Phasel) T I A (Phase2 — Phasel) T
0.87 BEE A (Phase2 — Phasel) | 0.83 % EEm A (Phase2 — Phasel) |
0.8 4
067 0.68 o T 066
0.57 o 0.58
3
A 0.42 n.s.
]
0.31 0.33
0.2 A
T T T T T 0.0 T T T T T
Sensitivity ~ Specificity Accuracy Precision Fl-score Sensitivity ~ Specificity Accuracy Precision F1l-score

Score

1.0

0.8

0.6

0.4

0.2 4

0.0

General Oncologist
Non-experts

B A (Phase2 — Phasel) T

0.90 *
HEE A (Phase2 — Phasel) {
0.76
0.66 * 0.66 N.S.
-
0.56
0.30 n.s.
0.25
Sensitivity  Specificity Accuracy Precision Fl-score

XAl increases the probability of predicting the true DCR by 37% and true OS by 36% for all physicians
(DCR: 23% for experts vs 53% non-experts) (0S: 14% for experts vs 61% non-experts)

Prelaj A, Miskovic V. ..... Pedrocchi A, Garassino M. Nature Medicine, Accepted, 7" MAY 2026




From Data To Implementation

Our experience on human and time resources: I3LUNG use case

1. Data collection 2. Harmonizationand 3. Quality control 4. Model training and 5. Validation and 6. Clinical usability
(mult-centric) pre-processing tumng explamablllty study

(multimodal data) S
BBy gim B & C

it mmmmm

Clinicians,

Clinicians and D.ata s.c'em'm radiologists, ML engineers, Al §c!ept|st|c Al s_c!eptlstlc
imaging and N L clinicians, clinicians,
data managers omics exerts pathologists, data scientists bioengineers bioengineers
pe Data scientists 9 9
12 months 6 months 4 months 3-4 months 2-4 months 6 months

\ Y J \ Y J \_r/

(DATA) (MODEL) (UTILITY)
22 months 8 months 6 months

ol o

Finished Finished

/. Implementation and data
interoperability

(IMPLEMENTATION and
Prospective Validation )

24 months

Ongoing



ORIENTING LOW AND MIDDLE INCOME COUNTRY
PRIORITIES



Addressing LMICs Challenges for Equitable Al:

Al tool development

LMICs challenges for Lung Cancer treatment LMICs solutions

? Data Locally Federated/
Data LMICs Data Problem definition @ standardisation: d:ﬁn_ectis' swarm
quality representation access paiajgenerabioniad 3-9{: °°L“d'“l°“ i ;’ Zm . learning: e.g.,
l ata models) PRIMARY-AI APOLLO11
. Evaluation Workflow- Liahtwei ht\
Benchmarking Workflow Infrastructure Algorithm metrics & integrated gd he g
issues inefficiency & equipment development EXVAL: e.q., CcDSS:e.g., m L?) ;I ;-g.,
SCORPIO ARCIiDS
s Local
Misaligned (CIinicaI trial) ( Local :{:Igsl:neat;c m?)ﬁmig' vailiciiation &
PRty . e.g., . t :e.g.,
priorities access resources CURATE.AI .g., ProWide ravl\ll:tgso: g
Dependence Al regulatory Reaional
Governina ( on HICs Regulatory frameworks: regeglatory Regulatory
frameworks Hlemiaes expertise e.g., WHO, Sy sandboxes
jurisdiction FUTURE-AI coordination
. Interoperable Task- Human-in-
Digital Workforce c""::";: & Health system EHR specific Al the-loop,
infrastructure bottlenecks P integration platforms: training for XAl: e.g.
acceptance e 2
e.g., Watson clinicians I3LUNG
Transparent
Accountability, governance & Monitoring
governancelg Monitoring Silent model Real World reporting: e.g., & bias Ongoing
public trust fesouices degradation monitoring CONSORT-AI, auditing recalibration

TRIPOD-AI

Romano R... Prelaj A; under review The Lancet Oncol



LMICs Underrepresentation in Clinical Trials:
A Global Challenge

Ove countries in scope have no active clinical trials
Clinical tTrfs===rrTe0 out in countries covered by the Index, are concentrated in a small cohort of

countries, such as China, Brazil, Mexico, South Africa and Thailand. While these countries are all
LMICs covered in the Index analysis, all five are classified as upper-middle-income countries, with

few companies’ conducting clinical trials in low-income countries.

‘(‘(

o clinical trials
1-3 clinical trials
4-10 clinical trials
11-30 clinical trials

® 31+ clinical trials
Countries not in scope

accesstomedicinefoundation.org
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Al-Based Augmentation of Oncology Clinical Trials
Invited Article: Nature Reviews Clinical Oncology

Authors: Andrea Villa'", Ashley L. Eadie?’, David Synnott>*, Rebecca Romano', Max Piffoux’,
Evelyn Yi Ting Wong®, Naomi Schneinerman’, Daniel Tao Shao Weng$, Filippo Guglielmo Maria
de Braud', Miriam Koopman®, Jarushka Naidoo*®, Madhusmita Behera'®, Selen Bozkurt'’, Susan

Halabi'!, Rodrigo Dienstmann'?'?, Loic Verlingue>'%, Arsela Prelaj'"", Ravi B. Parikh®'*""

Al-driven site selection can identify
underserved regions with high cancer burden
and low trial access.

Automated patient screening, eligibility
matching, and EHR data extraction can reduce
workload and resource requirements.
Support capacity building across the OECI
network

Al can help emerging cancer centres
participate in clinical trials and translational
research.

Pre-Trial Applications

Within-Trial Operations

|| postatint

O

Z)e

=me

Ee
i

Trial Feasibility & Site
Selection
(e.g. DeepTrial)

Refinement of Eligibility
Criteria Selection
(e.g. Trial Pathfinder)

Al-Assisted Protocol
Development

(e.g. Automated first-draft generation)

Synthetic Data &
Synthetic Control Arms
(e.g. Hematologic neoplasm trials)

Trial Outcome Prediction
& Simulation
(e.g. TrialGenie)

I
[T

o

Patient Trial Matching

(e.g. Matchminer)

Automated Eligibility
Verification

Adaptive Dose
Optimization
(e.g. CURATE.AI)

EHR Data Extraction
& Structuring
(e.g. ExtractEHR)

Remote Patient
Monitoring
(e.g. LSTM)

Response-Adaptive
Patient Randomization
(e.g. I-SPY2)

Assessment of Trial
Generalizability
(e.g. TrialTranslator)

Target Trial Emulation

Digital Twins

(e.g. QSP-based virtual populations)

Key Stakeholders

c

M Patients &
Patient Advocacy Groups

Clinical Investigators &
Trial Sites

Sponsors




FPOCUS ON OPEN CHALLENGES OF
PERSONALIZED HEALTH CARE SYSTEM



Lung-RADS: lung cancer screening

MCC (training and internal testing) MSC (independent testing)

E B Participants: 45,064
A

ela Chest CT
[EaYe)
Health

management center .
Examinations: 69,206 Regerfallowsip

b —
Phase 1 Phase 2 Phase 2+
0

Refined risk with additional information

i -

Participants: 14,437

Chest CT

om0 Regular foll
Examinations: 16,375 e SgUiariotawap

Al-based risk stratification

Input

Risk probability map
@ @ o =3 P
74 = - £
= . Clinical 5|
XA OO E information £
ALK = - =
SN RZS0 )
\‘roump z
DCNN e
X
i 1 Output Output
!

L Malignancy )
High ) | rabability Refined
Extremely high ' | scale

o Malignant
Benign

Category 1: low risk 2: mid risk 3: high risk 4: extremely high risk
Findings Refined four-category risk scale

Continue annual screening Immediate clinical
Management AP LDCT 2 imanthe 6-month CT 3-month CT e eament

Chengdi Wang et al. Nature Medicine 2024

nature medicine

Developed using 45.064 participants from a
medical check-up cohort and validated

on 14,437 participants from mobile CT units
across Western China

Internal dataset: AUC 0.918 vs 0.881 for single-dimension
models; Independent dataset: Sensitivity 87.1%

Negative predictive value: 99%, reducing risk of missed
cancers



INTEGRATED CLINICAL + EXPOSOME BIOMARKERS

e

‘THE NEW LAYER

i e New Biomarkers collected
GoNgF through devices (via wearable

or via app), generally ignored
before using Al in healthcare

tissue With this expotype we are able
to further increase the
prediction (no estimation is
possible at the moment)

organ




Cough Analysis: Prescreening Tools

>

I3LUNG App

Welcome To
I3LUNG Application for

DAILY MONITORING OF QUALITY OF
LIFE

METHODS VN —|
Dataset A
227 forced cough recordings n @
from: ’—> — REONC &
¢ 109 Healthy controls = 9. Classification:
* 118 Stage lII-IVB NSCLC 128-band W NSCLC/healthy
patients ) Mel Spectrogram S
Feat. extraction CNN
B - [ o
Vs - . Hyperparameter Evaluation of Explainability
N Normalization  Feat. selection tuning SVM model Analysis
Lo oo Acoustic -o0— y om0
Automatic cough T / ‘ . | -
segmentation i R \ - 7 v

39 Spectral

features i, Standard __Remove high @ Classification: .
Scaling “cor. feat. NSCLC/healthy Lo shap i
RESULTS

Accuracy

Classification accuracy evaluated with
5-fold Cross-Validation

0.05 0,04

pos
040
- .
0.10
0.00

SWM NN

SVM CNN
0.76+0.05 0.78+0.04

SVM and CNN comparison on test set

92%
83% 83% 83%
3 78% 78%
70
60
50
40
30
20
10
0

Accuracy Fl-score Sensitivity

HSVM ECNN

73% 73%

Specificity

Comparison with literature

[Method | Sonsitivity | specificity

Cough analysis 0.92 0.73

VOCs in exhaled breath 0.86 0.69

E-nose technology 0.71-0.96 0.33-1.00

LDCT 0.94-0.98 0.82-0.91
References

1. X. Chen, et al. “A study of the volatile organic compounds
exhaled by lung cancer cells in vitro for breath diagnosis,” 2007.

2. Horvath, et al., “Exhaled biomarkers in lung cancer”, 2009

3. Guo, L., et al., Accuracy of baseline low-dose computed
tomography lung cancer screening: a systematic review and
meta-analysis. 2023



Cough analysis in High Risk for Lung Cancer population

STUDY COHORTS

Healthy control

Healthy subjects
Median age: 45 (25-68), non-smokers mainly

cough recordings

At-risk group

Age 255

Current smokers 215 pack-years
Former smokers (last 20 yrs)

234

cough recordings

Surgical

Patients with pulmonary nodules
undergoing pre-surgical staging

15

cough recordings so far

NSCLC patients

Stage IlII-IVB
Undergoing immunotherapy

150

cough recordings

Cough analysis (at-risk vs NSCLC)

Cough analysis (healthy vs NSCLC) 0.92 0.73

ANALYSIS PIPELINE EXAMPLE

Acoustic features CLAP embeddings

(n=39) (n=768)
Outer split
|
RandomUnderSampler
y . " |
INNER CV — hC)

Robust scaler

PCA (max n_comp = 36)

Classifier SVC- RF - LR - TabPFN

Outer test evaluation

1
1
1
1
1
1
!
!
|
1
1
1
! |
|
|
1
1
1
1
1
1
1
1
1

Method (Preliminary results) m“ Method (From Literature) “m

VOCs in exhaled breath

E-nose technology 0.71-0.96

LDCT screening 0.94-0.98

0.33-1.00

0.82-0.91

<., Cough Analysis

Daily coughs are recorded
and a-posteriori analyzed to
relate them with trend of therapy

MSC Preliminary results

MSC = Negative = Positive

02- p <0.0001

Cumulative incidence of lung cancer

o ! 2 8
Time (years)
Number at risk
g \_ 169 163 13 14
= \_ 93 78 60 9
0 1 2 3
Time (years)



HOW WE CAN USE ETHICALLY GENERATIVE Al FOR
CLINICAL DECISION MAKING GLOBALLY



An Unsafe LLM Response Overridden

naturehealth 3

The case: The LLM response: The outcome:

A 28-year-old woman presented,
following treatment for
candidiasis/UTI five days prior, on
this occasion with right lower
quadrant (RLQ) abdominal pain and
an elevated heart rate (102). She had
tenderness in the RLQ, but no
distention, guarding or rebound
tenderness. A complete blood count
was unremarkable except for an MCV
of 78.

The Al Consult suggested further
evaluation of possible abdominal
and gynaecological pathologies,
including appendicitis, ovarian
torsion and ectopic pregnancy.
However, the tool argued that
appendicitis should be the primary

differential, and suggested an

ultrasound.
A harmful LLM response enacted

The clinician, independent of the Al
Consult output, ordered a
pregnancy test, which turned out to
be positive. The clinician made a
provisional diagnosis of ectopic
pregnancy, and the patient was
urgently referred to specialized care

at an inpatient hospital.

Article https://doi.org/10.1038/s44360-026-00082-5
Safety of alarge language model-based
clinical decision supportsystemin African
primary healthcare

An EMR-integrated LLM clinical decision support
system was assessed across 16 primary care clinics in |
Kenya

Hallucinations were uncommon (3.4%) and
recommendations were highly concordant with local
guidelines (99%).

The case: The LLM response: The outcome:

A 5-year-old child, with normal
vital signs, presents with a mild
non-productive cough, runny
nose, fevers and abdominal pain
with four episodes of vomiting on
the morning of the presentation.
A stool sample showed mucous
and moderate pus cells.

The clinician took heed of the
advice to prescribe amoxicillin,
even though the presentation did
not warrant it. Moreover,
amoxicillin is not the preferred
antibiotic for a Gl infection

and is likely to cause additional GI

symptoms.

The Al Consult’s interpretation of
the symptoms and stool results
was that they suggested a
gastrointestinal infection. It
recommended prescribing oral
rehydration solution (ORS), as well
as an antibiotic such as
metronidazole or amoxicillin.

Implementation challenge: Despite guideline
alignment, clinicians adopted only a minority of Al
suggestions, while some potentially harmful
recommendations (7.8%) were incorporated into final

1

Overfitting to the prompt

The case: The LLM response:
d OC U m e ntat I 0 n . A 21-month-old child presented with In addition to confirming the clinician’s initial plan, the LLM recommended,
typical cold symptoms. There were “over-the-counter throat lozenges if the child is old enough.”

no concerning findings in the history

o . Within the Al Consult prompt is a one-shot example that involves viral pharyngitis.
or examination. The clinician

The prompt encourages the model to also consider symptomatic treatments that

Th e Syste m CO rre cted o rm itigate d p re-existi ng CI i n ica I planned to prescribe OTC may not be part of standard guidelines, such as [explicitly mentioned] throat

symptomatic treatments.
ymp lozenges for cases of viral pharyngitis. In our post-deployment testing, we found

ris ks i n a p p roxi m ate Iy 8% of e ncou nte rs’ that unprompted models do not make the mistake of recommending throat

lozenges to a 1-year-old, who is clearly not old enough for that treatment to make

d e m OnSt rati ng pOte ntia I tO i m p rove Ca re q ua I ity- sense. This is a good example of how detailed prompt instructions

may have unintended consequences in model outputs. A




LLMs for CDM (AMIE)
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nature medicine MedFound-DX-PA: a BIOLLMs

Article https://doi.org/10.1038/541591-024-03416-6

A generalist medicallanguage model for
disease diagnosis assistance

These results demonstrate that our LLM-based diagnostic
generalist outperformed junior and intermediate physicians in ? ?
both specialties and was similar to senior physicians.

b Endocrinology
a o5 - Pulmonology 95 -
MedFound-DX MedFound-DX
90 - .. 90 A hysici
Physician Physician
85 | M Physician + MedFound-DX g5 | M Physician + MedFound-DX
80 + 80 - 78.8
g 75 762 § 75 | 74T 74.0 152
5 12.6 71.9 721 s 72.5
8 70 A 67.7 8 70 - 69.4
< <
65 - 65 -
60.0
60 - 60 -
55 55
50 T T 50
Al i Int iat Seni T _
Junior ntermediate entor Al Junior Intermediate Senior

Limitation: they did not compared MedFound+Senior Liu et al. A generalist medical language model for disease diagnosis assistance. Nat Med 2024.
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Sistema Socio Sanitario

[¥.] Fondazione IRCCS * Regione
L4 | Istituto Nazionale dei Tumori Lombardia

Treatment-based Al Agents

poLitEcnico  Apollo

MILANO 1863 AI-ON-Lab

Collaborative Human-Agent for Therapeutic Decision-Making In Cancer Immunotherapy Prediction

You are the Lead Oncologist.

MULTICENTRIC STUDY raa Construct a final, detailed treatment plan based on the reports from your team.
- — “"“"IL"IL’:L 526 NSCLC patients Synthesize all the above information into a final response. Output a structured,

- 'I " "1 bd Tafeg:‘éejlfme professional medical report. Each statement you make should be supported by the
= 2 ‘,,; \,L \,;:{ :,f or 10+Chemo input data. Cite the input source of each statment (i.e. "Patient has IV stage NSCLC)
B T () e e e e Follow EXACTLY this format and these headings:

w . .
& PUBLIC DATASET NSCLC with 10 **Key Findings** INPUT
. | Soadotal Vanauriet **Guideline-based Evidence** ‘
Cl tal. aad et al. ‘anguri ef . .
(2032"5‘-‘)9 @ 2025) al. (2025) **predictive Tools** o
reee trrre gaats **Regimen:** . = Agent1
LR LOR OO A I TOE T **Contraddictions** . A
ll IL Xlll !l ool gl ;L }l]LlL ]L y 1} -
1t Agent 2
'\'U\H’ \"J\,' WY \'\'\um ‘ J ll v i
]l i ILIL )L JUJLRLIL L ;L ll]LIL 18 (] &
| | outpuT || BB 2w ...

= ' 7 == Orchestrator .

g,

<

S ) iv T Y **Key Findings**

;.‘ Wielels = ‘,.“."."."\'.‘ - GG - The patient is a 63-year-old female with stage IV, adenocarcinoma of the lung

j = ARENN o ] )
WY . i T T1bNOM1b) and multiple metastatic sites (liver, bone, adrenal, pleural) with no brain
10 model o P
models 10 agent Al agent metastases (Key Findings).
training testing validation - PD-L1 tumor proportion score (TPS) is 10 % (PD-L1 = 10 % - category 1-49 %) (Key
Findings).
9 clinical (.csv, .pdf) lab results (tabular) molecular (.csv, .pdf) - ECOG performance status is 1 (Key Findings).
§§ "1 EHRs 8 'T-ss variables: **Guideline-based Evidence** : NCCN 2024 and ESMO 2024 guidelines recommend
oF | | CT/PET reports PD-L1 **predictive Tools**
. L4 Wb{ D NGS reports

2 =l Hist/PD-L1 reports J Abgmin o - ASTEP predicts a higher benefit for ICI-chemo over chemo-alone (CATE = -0.072,

confidence = moderate) (Predictive Tools).
- LORIS data are unavailable; however, the ASTEP result aligns with guideline
A, recommendations and supports the chosen regimen.

J **Regimen:** Pembrolizumab + Carboplatin + paclitaxel
(triple-combination).

Radiology Digital pathology

IMAGING
DATA

Thoracic CT PET H&E IHC

Unpublished material
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