CURA

- 27-28 FEBBRAIO

L'ITALIA che
s| PRENDE e un [l {imKe,

CONFERENZA REGIONALE

EISALUTE

Arsela Prelaj, MD, PhD,
Medico Oncologo &

Head of AI-ON-Lab
Fondazione IRCCS Istituto
Nazionale Tumori di Milano, Italy
arsela.prelaj@istitutotumori.mi.it



Al evolution in Healthcare
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Clinical Usability:

PATIENTS COHORT

Under Revision in Nature Medicine
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Note del presentatore
Note di presentazione

To run. the clinical usability study 

we seected  100 patients treated almost in I line

and 

20 paired expert and non-expert lung oncologists reaching 200 assements in total. 

We than tested physician performance without AI and with AI support. 

In the AI phase We also added global and local explainability models, and risk of death estimation to help clinicians understand why the AI made a specific decision for each patient.

Physicians were asked to predict 2 outcomes: DCR and Overall Survival

Than  compared the performanceBETWEEN  phase 1 and phase 2




Clinical Usability study: Results
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Under Revision in Nature Medicine


Note del presentatore
Note di presentazione
Results showd that For disease control rate , XAI significantly improved sensitivity, accuracy, and F1-score across all physicians— with non-experts benefiting the most. 

For Overall survival prediction, XAI improved accuracy by 36% overall, 
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Class A
Al for Biomarker
Quantification

Only the method is new
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Input and method are new
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Class B

Al for Indirect Measure
of Existing Biomarkers

B Al Biomarkers require clarity on

P —— .
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Input, method and result are new
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Class C

Novel Al-Based Biomarkers
for Outcome Prediction
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Al tools validation
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npj | precision oncology Article
Sonja Mathes'?<, Dyke Ferber***, Tobias Dreyer®”, Kai J. Borm®®, Luise Modersohn'®,

™ Check for updates a L L M S
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_ 0.1038/s41698-025-01180-5

Collaborative framework on responsible
Al in LLM-driven CDSS for precision
oncology leveraging real-world

patient data

https://doi.org/10.1038/s41698-025-01180-5 Article
1. Extensive history taking 2. Creation of medical reports
* Chatbot dialogue with patient ¢ Summarising medical findings
* Screening prior medical ——|* Support at text generation

reports

] @

e 3. Data collection and curation
’ 6. Therapy monitoring

Foster (molecular) diesase monitoring | @ \
Surveillance of efficacy and adverse | (%
effects |

* Screening guidelines and relevant
literature

¢ Collecting relevant data from record

* Presenting relevant findings as summary

5. CDSS for clinical applications h § L //’/
: A 3 3 - | 4. Patient rt
* Supporting case discussion and patient-trial- Ny > S*J . :h SNESUPPO \7
matching in MTBs SRS & UP.pOF nga .erence .
* Foster diagnostic interpretation and * Patient education and patient form

treatment planning simpl?ﬁcation b ndat
 Facilitating clinical case management SRERIRIMENEsotadyling And URIdnig

LLM: Large Language Models, PCO: Precision Oncology, MTB: Molecular Tumor Board



GOOD SCIENCE ANNALS OF
m ONCOLOGY ™
BEST PRACTICE

SPECIAL ARTICLE

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%:11.12 g Halabi'?, N. Harbeck*, A. Indini®®,
A. Prelaj'®, E. Romano'’, E. Smythé, I. B. Tan', A. Valachis'®, J. Vibe E| CAP
G. Kapetanakis?*, G. Pentheroudakis?*, M. Koopman?é* & J. N. Kathe

How we can use
LLMs for clinical
decisio-making?

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

Type 1
Patient-facing
Al systems

All current LLM uses in
clinical decision-making
are assistive, exploratory,
and under strict human
supervision.

LLM

Symptom Queries
Patient Education
Lifestyle Tracking

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

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

Clinical Decision Support
Multilingual Communication
Education and Training

Data Extraction
Background Alert Systems



From LLMs to Al Agent



_‘_
Role of Al agents What defines an A

agent and its role

in cancer?

From Al as tools To Al as teammates

Doctor = User Doctor = Supervisor Human-Al collaboration

Key points:

* Al as tool = reactive, requires
human action and continuous
re-training

* Al as agent = proactive,
context-aware, able to
integrate data, track clinical
histories, and propose
solutions in a more

autonomous way
The future Al agents will act as autonomous but supervised teammates supporting cancer decision-making process.

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



Multi-agent immunotherapy prediction

Agent input (clinical case)

Patient’s clinical

context:
{

What is the best
treatment plan?

Provide the best option among the

following ones:

1. chemotherapy in combination with
immunotherapy

2. immunotherapy alone, either
monotherapy or combination of two
different immune checkpoint
inhibitors

Provide a detailed summary of the new
information we received from the tools.

ESESMO Al & DIGITAL ONCOLOGY

Annual Congress

71MO: Collaborative Human-Agent for Therapeutic Decision-Making In
Cancer Immunotherapy Prediction

Federica Corso, PhD', Gabriele Carminat?, Vittoria Peppoloni Laura Mazzeo'?,
Giulia Montelatici', Leone Giuseppe', Alberto Ferrarin', Daniele Lorenzini®, Rebecca
Romand', Teresa Beninato, Giulia Corrao’, Claudia Proto’, Giuseppe Lo Russo',
Filippo Maria de Braud', Alessandra Laura Giulia Pedrocchi?, Marina Garassino®,
Paolo Baili®, Vanja Miskovié'2, Mark James Carman?, Arsela Prelaj'

>

Agent output

Federica Corso, PhD

VLM= vision-langue model Pre-Agentic }  Agentic et 10 | VectorialDB
= H Multimodal e locument
ReactAgent = Qwen3 14B ' patient data documents
RAG agent = DeepSeekR1 8B v RTEELETE ) per query
Radiology VLM = MedGemma 4B E E : ' N~
R e R : H E é s N~
H . ' Information H ' - |
- N e
' = @) : extraction :
v = ="
: — (&) JE S : 2 General
' ' —
' = ] H E H l l summary
' patient Document H — +
, documents parser H H — Clinical context
v (alltype) agent H ! g G —t
H ' Z i it t
C H H o Inpu lifomp
# H ReactAgent tool output
' @%ﬁ‘;m Final treatment
Get tool Choose tools \&f@ plan
outputs to call
& et MUSK
£3 : ” 5 Histology tavil
g2 clidab model cltab model ictology Radiology VLM model 4 Yy
o< VLM
]
2 3
1YY 'L J ' publed
=]
55 T -
= = *
[ 3;: * ‘ * 3 Web search
S i APIs
K @ 10 response Survival PFS/0S 10 response report Hlsto]Jo_gy_ type
prediction p 1 1 p 1

#Key Findings:

1. **Diagnosis and Staging**: [..]
2. **Molecular Profile**: [..]

3. **PD-L1 Expression**: [..]

4. **Clinical Context**: [..]

#Analysis & Rationale:
While PD-L1 expression might
suggest potential benefit from
immunotherapy, the STK11
mutation makes it unlikely to be
effective as monotherapy.

# Treatment Plan:

The recommended therapy is
chemotherapy + immunotherapy.

# Ambiguities and

Contradictions
**Missing Data:**
**Regulatory Limitations: **

Xiang, J., et al. Nature 638, 769-778 (2025)
Chang, TG, et al. Nat Cancer 5, 1158-1175 (2024)
Sellergren, A., et al. arXiv:2507.05201 v3

Content of this presentation is copyright and responsibility of the author. Permission is required for re-use.
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Guide for Agentic Al in Clinical Practice
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Organisational Framework for Clinical LLM Agent Deployment

Mass General Brigham IrAE Agent Implementation

Daily streaming

Data Integration Model Validation Economic Value Drift Management Governance
Phase 0: Security/Privacy Phase 1: Assessment Phase 2-3: Deployment Phase 4: Monitoring All Phases
& Cross Hospital Unification e  Gold standard curation & ROl metrics & Proposed metrics & methods e Committee oversight
e IrAE Specific ETL e  Silent deployment e Cost-benefit analysis e Weekly evaluation e Phase-gate review
e Cohort definition e Clinical Validation e Efficiency tracking e Prompt engineering e Accountability matrix
. e  HCI Optimization e Value communication o Version control e Ethical compliance

.

2-week Proof of Concept

F1:>075, Sens: >0.75

50% review efficiency

Embedding analysis

<5% drift tolerance

Full Compliance

DATA INFRASTRUCTURE

Snowflake warehouse
Epic Integration
Medallion architecture
Research Sandboxes
Automated ETL

Multi Project reuse

SECURITY & COMPLIANCE

HIPAA OpenAl API
Azure endpoints
BAA Agreements
PHI Governance
Audit logging

Enforced Safety

ECONOMIC FRAMEWORK

Infrastructure budget
ROl tracking

Cost models

Priority alignment
Value metrics

Hard Milestones

MLOps platform
Drift detection
Dashboards
Alert systems
Evaluation tools

Clear Review

VP-level Committee

Al policies

Review cycles
Stakeholder board
Ethics framework

Streamlined Acceptance

|

Project-specific implementations (IrAE-Agent)

.:anizational Infrastructure Investments

https://arxiv.org/pd{/2509.26153



https://arxiv.org/pdf/2509.26153

Become a Member!
Shape the Future!

THE EUROPEAN
INTERDISCIPLINARY SOCIETY
OF ARTIFICIAL INTELLIGENCE
FOR CANCER RESERARCH



ESAC Annual Meeting

=
(1 al
\ =SAC I}gIEETtIId\IGI ESAC
T’

for Al in Cancer Research)

r Leonardo Campus main conference -
The TRIFOGLIO Building e s
Jo-8nMAY

2026

European Interdisciplinary Society of Al

for Cancer Research
15t Annual Meeting - Milan, May 7-8t 2026 (4t
Historical International Meeting)

14


Note del presentatore
Note di presentazione

And this is the key: to grow in this field, we need guidance, but also structured opportunities. We must think of academic programs — master’s degrees, PhDs in AI — and strong networks, such as the newly founded European Interdisciplinary Society of AI in Cancer Research, which, along with ESMO AI and the ESAC annual meetings, provides us with the platforms to learn, connect, and lead.
��



If we all agree that AI literacy is becoming an essential skill in oncology, then the next question is: where do we build that expertise? 
Knowledge doesn’t come from theory alone, even though methodological understanding of how it all works is important. But real knowledge building comes from shared experiences, from critical discussions, and from learning directly within our professional community.

That’s why dedicated forums and workshops are so important. They allow us to explore AI in depth, to test its applications in real clinical contexts, and to shape best practices together. With that in mind, let me highlight some upcoming important opportunities where these topics will be discussed in depth. The first is the ESMO AI and Digital Oncology congress, the first of its kind organized by the ESMO. The others in this slide are all being organized by a new European scientific society, the ESAC, launched in May this year and that I have the honor to preside for the next three years. These are some of our upcoming events, all have a keen focus on multidisciplinarity, as we bring together clinicians, imaging specialist, engineers and data scientists to provide a comprehensive, in-depth training also aimed at the medical community. 
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