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From data to impact: Al for independent clinical research

* Independent research asks unanswered, clinically relevant questions

e Barriers: data fragmentation, manual workload, slow recruitment, resources
* Al can help transform routine clinical data into research-ready evidence
 The goal is not automation, but more feasible and inclusive trials

* Condition: validated, governed, workflow-integrated Al

1 | 2 3 ‘ 4 S
| r O
@e | =1 - &= | e - &R
™) e ! % |
Unmet clinical Routine clinical Al-assisted Independent Patient &

questions data structuring trials / RWE health-system value



Al in Science

* Al usein science is rapidly increasing Independent research should use Al

e Al favors data-rich, established fields to ask better questions, not just
* Risk: more productivity, less exploration qutomate answers
a 10 b

M Not using Al tools M Using Al tools

=z % Field of study
2 : Biology
3 _ 3
z 2 . Chemistry
c O -
O 2 01 L
S E’ ' 3 Geology
0 ¢ - Biology = Geology _
5 0.01 .. _ =—Materials = Physics | Materials
o Chemistry == Overall
% — Medicine Medicine
0.001 . . . o m— Physi
1980 1990 2000 2010 2020 2020 2025 ysics
o — Total
1950s 1980s 1990s 2000s 2015 2020s : 5 5 :
Logical Expert Machine Big data Deep  Generative Al 0] 50 100 150 200
reasoning systems learning and analytics learning Annual citations per researcher

Nature; Jan 2026



DIGITAL HOSPITAL: the foundation for Al-adoptable data

LLMs for data Radiomics Digital Pathology Data Sharing Biobank Digitalization Cool Rooms
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Use case 1 — PROCESSING HEALTHCARE DATA WITH Al:
LLM-ON-HUB Platform

=== optional
= mandatory
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Use case 2 — PROCESSING HEALTHCARE DATA WITH Al:

Clinical Trial

Matching

Llama 3.1:70B extracts
clinical variables from

e LLM-Based Clinical Extraction

EHR.

Unstructured EHR
(n=107) & Trials
Database (n=17)
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Clinical variables are grounded to
oncology specific ontologies and
eligibility criteria from trials are encoded
as symbolic rules.

Symbolic Inference
& Triage Logic
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The engine evaluates the

variables and the criteria with
symbolic rules.
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A triage module assesses
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Use case 3 — Multimodal RWD collection
APOLLO11: BIO DATA-DRIVEN MODEL Apollo 11

STRENGTH IS UNITY
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Use case 4 — Multimodal Al and clinical usability:

ISLUNG study
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CLASSIFICATION ENDPOINTS
Primary:

* Overall Survival at 24 months (0S24)
* Overall Survival at 6 months (OS6)

Secondary:
* Objective Response Rate (ORR)
« Disease Control Rate (DCR)

SURVIVAL PREDICTION ENDPOINT
Primary:

« Overall Survival (OS) from IO start

Secondary:
* Progression-Free Survival (PFS) from IO
start



RWD Unimodal MLEF/DLIF outperform

Single Biomarkers:

PD-L1 - tumor protein expression
NLR/LDH - systemic inflammation
ECOG PS - patient fitness

0S6: AUCs up to 0.72 vs
N A2

NLR
P-value significance: n=229
ke 00 MLEF: 0.68 **
DLIF: (I)<.69 ;**6 —— Biomarkers
Biomarker: 0.5
*xk P < 0.0001 l —— MLEF
—— DLIF

IASLC 2025 World
Conference on Lung Cancer

SEPTEMBER 6-9, 2025 | BARCELONA, SPAIN

DCR: AUCs up to 0.73 vs
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P-value significance: n=242
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°
°
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From AUC to clinical utility

A good model is not enough: it must improve a real oncology decision.

Beyond AUC, the oncology question is:

° Will this output change my treatment choice?
° Will it identify uncertainty earlier than routine care?

° Will it help select monitoring intensity or a clinical trial?

AUC i L
. External e T
C-index validation Calibration
Accuracy prospective 1 does “70% risk”
Model mcul::if:z?[;er | mean 70%?
pesipmance heterogeneous ‘
N, J

---------

Explainability Horkllow
s integration

: [ ]
what / why / uncertainty time-saving

should | trust? real-world fit

Clinical utility:

Better
decisions

treatment | monitoring |
trial referral

better calibrated decisions

without over-reliance

Al should reduce uncertainty — not replace clinical judgement.

Source: Baker J et al. From model evaluation to clinical utility in oncology: a practical framework. J Clin Oncol. 2023;41(12):2341-2350.
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Clinical Usability: Methods
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Clinical Usability: Methods
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Clinical Usability: Methods
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Clinical Usability: Results
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XAl increases the
probability of predicting
the true DCR by 37%
for all physicians:

23% for experts vs
53% for non-experts

XAl increases the probability of predicting the true OS by 36% for all physicians:

14% for experts vs 61% for non-experts



Automatic Cough Analysis:

Pre-screening tool &
Patient monitoring

Real-time

N

METHODS |
O
Dataset a
227 forced cough recordings = @
from: — O —
¢ 109 Healthy controls | == O Classification:
. 113 Stage IlI-IVB NSCLC 128-band w NSCLC/healthy
patients . Mel Spectrogram -
Feat. extraction o
% ~ WM/\A/V [t
L A . Hyperparameter Evaluation of Explainabilit
5 Normalization Feat. selection e tEning SVM model [Z\nalysis g
- Acoustic -o0— ®o ©
Automatic cough | T = -
segmentation ; > - 5 —o0—
. 39 Spectral . . P ;
features . Gt i_,Remove high @ Classification: -
Scaling corr. feat. NSCLC/healthy > SHAP Hjli
RESULTS |
Classification accuracy evaluated with
. 5-fold Cross-Validation SVM and CNN comparison on test set
B 100
0.9(
o iy T 0 Comparison with literature
070 —17 73% 73%

Accuracy

SVM

SVM
0.76+0.05

CNN
0.78+0.04

92%
83% 83% 83%
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Accuracy Fl-score Sensitivity

ESVM mCNN

Specificity

[Method | sensitivity | specifcty

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
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computation
acoustic features for speech
emotion recognition
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ESMO guidance on the use of Large Language Models in Clinical

Practice (ELCAP)

E.Y.T. Wong'/, L. Verlingue?’, M. Aldea®*°', M. A. Franzoi®’, R. Umeton®°-1%-1%:12, s Halabi'?, N. Harbeck'*, A. Indini*°,
A. Prelaj'®, E. Romano'’, E. Smyth%, I. B, Tan', A. Valachis®?, J. Vibert*??, I. C. Wiest?'-??, Y. H. Yang?3, S. Gilbert*!,

G. Kapetanakis?*, G. Pentheroudakis?’, M. Koopman?®' & J. N. Kather?':27,28+!

Patient-facing tools should complement, not
replace, professional advice and should be
embedded in supervised care pathways.

HCP-facing and background systems may improve
efficiency and decision support but require
systematic validation, transparency, and
continuous monitoring.

Arsela Prelaj, MD, PhD Fondazione IRCCS Istituto Nazionale Tumori di Milano

ELCAP

Future direction:
LLMs for clinical
decision-making

ESMO guidance on the use of Large Language Models in Clinical Practice

Type 1
Patient-facing
Al systems

O—) LLM

R

Symptom Queries
Patient Education
Lifestyle Tracking

Content of this presentation is copyright and responsibility of the author. Permission is required for re-use.

Type 2
HCP-facing
Al systems

Type 3
Background
Al systems

LLM
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LLM

0 %)

Clinical Decision Support
Multilingual Communication
Education and Training

Data Extraction
Background Alert Systems



Future direction: Co-trained  MESW0 Al & DIGITAL ONCOLOGY
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**Regulatory Limitations:**

Xiang, J., et al. Nature 638, 769-778 (2025)
Chang, TG, et al. Nat Cancer 5, 1158-1175 (2024)

Federica Corso, PhD Sellergren, A., et al. arXiv:2507.05201 v3
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Future direction: Digital Twins and patient’s trajectory

Real patient
The patient and the tumour from which

data are gathered using various clinical
assessments to inform the digital twin
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Utilizing the simulated predictions and related
uncertainties, the clinician and patient can
make informed clinical decisions around
treatment and also the clinical assessments,
which affect the data informing the digital twin

Treatments

Uzma Saddia Asghar & Caroline Chung, Nature Reviews Cancer, 9 July 2025

Dr. Arsela Prelaj
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Digital twin

Data integration
and assimilation

Simulations

The virtual representation composed of models describing
temporal +/- spatial characteristics of the patient and tumour
with dynamic updates using data from the real world patient

Simulations of
potential treatments
can generate
predictions of
outcome and in turn
can be optimized to
determine the most

favorable treatment
T options
L Y
1
2
| Modelling

A range of models

may be used and
potentially integrated.
Newly acquired data
are assimilated and the
models are calibrated,
updated and estimated

naturereviews cancer



ﬁ- Future direction: Digital Twin platform simulator




Create videos with https://clipchamp.com/en/video-editor - free online video editor, video compressor, video converter.




Take-home message: Al is a tool, its value depends on
how we use it.

Al starts
from data
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