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Artificial Intelligence and 
OECI priorities



WHERE WE ARE WITH AI?



Different way to build our AI biomarkers

PREDICTIVE 
AI TOOLS

FOUNDATION 
MODELS

LLM and 
MULTIMODAL 
FOUNDATION 
MODELS

AGENTIC AI
(All in ONE 
MODELS in a 
Dynamic 
Fashion) 

STATIC MODELS  DYNAMIC MODELS



INTEGRATED CLINICAL BIOMARKERS 

THE VISIBLE LAYER

With this clinical phenotype 
biomarker we are able to 
predict around 80% of the 
patients

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



INTEGRATED CLINICAL + EXPOSOME BIOMARKERS 

THE NEW LAYER

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

Digitalomics
(Exposome)

New Biomarkers collected 
through devices (via wearable 
or via app), generally ignored 
before using AI in healthcare



DEEP-OMIC BIOMARKERS 

THE HIDDEN LAYER

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

AI Biomarkers as a result of 
interconnection of different 

tissue, blood and ever-
biosample omics (Not 

collected per clinical practise)



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



Where can OECI stand within the AI area?



Harmonize Quality standards for AI usage in OECI 
affiliated centers





APOLLO11, BIO DATA DRIVEN MODELCP



Synthetic data for clinical trials

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.



Patients engagement and Usability



AI Scribe

•User trust, transparency, and 
perceived explainability of AI 

outputs. 

•Impact of the AI tool on user 
experience, workflow 

integration, and decision-
making. 

•Fairness, privacy protection, and 
bias mitigation across different 

user groups. 

EndPoints



How OECI can help in addressing “AI Gaps” or 
Gaps with AI



IMPLEMENTAION GAP





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

PREDICTIVE 
AI TOOLS

FOUNDATION 
MODELS



19

IMMUNOTHERAPY 
PREDICTION OVER THE 
LAST 7 YEARS WITH AI



I3LUNG Project arms

I3LUNG study Retrospective 
Multimodal (Arm 1)

around 2000 NSCLC pts
Real-world data

Prospective 
MULIOMICS (Arm 3)

around 200 NSCLC pts
(collecting 11 omic

data)

NSCLC patients
Treated with ICI
Stage III and IV

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

Multimodal (Arm 2)
around 2000 NSCLC pts

Real-world data

Objective: Developing AI-based tools by using 
multimodal data for clinical decision making in 
NSCLC patients treated with immunotherapy

Prelaj et al. Under Revision in Nature Medicine

medRxiv 2026.01.16.25342913;
doi:https://doi.org/10.64898/2026.01.16.25342913

Prelaj et al. Clinical Lung Cancer 2023.

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



Artificial Intelligence in Precision Oncology Webinar Series: 1st Webinar
Title of the presentation
Speaker Arsela Prelaj

Retrospective Arm and Cohorts=2396 patients 

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

Study population

Collected baseline data

Cohort creation

2396  patients, III-IV stage NSCLC , 
Immune checkpoint inhibitors
6 clinical cancer centers: 
INT, GHD, SZMC, VHIO; UOC, MH

2252 clinical data demographic; 
treatment; lab; molecular 1723 Genomics

936 H&E slides 1705 CT scans

Cohort 1
Curative setting

Cohort 2
First metastatic line

Cohort 3
Later metastatic lines

used in analysis (n=2075)

Train set 
 (85%, n=1550)

Test set 
 (15%, n=274)

Ex. val. set (UOC)
(n=251)

Exclusion
Not meeting criteria 

n=165
Screening failure 

n=24

Cohort 1: 
curative
n=132

Cohort 2: 
first line
n=1437

Cohort 3: 
further lines

n=638

Allocation
n=2207

Assessed for 
eligibility
n=2396

TOTAL
 n=2075

21Prelaj A, Miskovic V. .…. Pedrocchi A, Garassino M. 
Nature Medicine, Accepted, 7TH MAY 2026



I3LUNG: Clinical Usability study (Expert vs Non-Expert)
• Vanja Mišković

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



Clinical usability: IO efficacy prediction and user feedbacks

All physicians Lung Cancer Experts General Oncologist 
Non-experts

XAI 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) (OS: 14% for experts vs 61% non-experts)

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



7. Implementation and data 
interoperability

(DATA) 
22 months

(MODEL) 
8 months

(UTILITY)
6 months

(IMPLEMENTATION and 
Prospective Validation ) 

24 months

From Data To Implementation

D PVIU

Finished Finished Ongoing

V



ORIENTING LOW AND MIDDLE INCOME COUNTRY 
PRIORITIES



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

Addressing LMICs Challenges for Equitable  AI: 



LMICs Underrepresentation in Clinical Trials: 
A Global Challenge

accesstomedicinefoundation.org

mailto:skeller@accesstomedicinefoundation.org


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



FPOCUS ON OPEN CHALLENGES OF 
PERSONALIZED HEALTH CARE SYSTEM



Lung-RADS: lung cancer  screening

Chengdi Wang  et al. Nature Medicine 2024

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 

THE NEW LAYER

With this expotype we are able 
to further increase the 
predicIon (no esImaIon is 
possible at the moment)

Digitalomics
(Exposome)

New Biomarkers collected 
through devices (via wearable 
or via app), generally ignored 
before using AI in healthcare



Cough Analysis: Prescreening ToolsV I



Cough analysis in High Risk for Lung Cancer population 

V

I





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%).

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

The system corrected or mitigated pre-existing clinical 
risks in approximately 8% of encounters, 
demonstrating potential to improve care quality.



LLMs for CDM (AMIE)

I CECP ? ?



MedFound-DX-PA: a BIOLLMs

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

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

I

CECP ? ?



AI Agents

AGENTIC AI
(All in ONE 
MODELS in a 
Dynamic 
Fashion) 



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

Treatment-based AI Agents

Unpublished material

You are the Lead Oncologist.
Construct a final, detailed treatment plan based on the reports from your team. 
Synthesize all the above information into a final response. Output a structured, 
professional medical report. Each statement you make should be supported by the 
input data. Cite the input source of each statment (i.e. "Patient has IV stage NSCLC)
Follow EXACTLY this format and these headings:
**Key Findings**  
**Guideline-based Evidence**
**Predictive Tools**  
**Regimen:**
**Contraddictions**

**Key Findings**  
- The paOent is a 63-year-old female with stage IV, adenocarcinoma of the lung 
(T1bN0M1b) and mulOple metastaOc sites (liver, bone, adrenal, pleural) with no brain 
metastases (Key Findings).  
- PD-L1 tumor proporOon score (TPS) is 10 % (PD-L1 = 10 % → category 1-49 %) (Key 
Findings).  
- ECOG performance status is 1 (Key Findings).  
**Guideline-based Evidence** : NCCN 2024 and ESMO 2024 guidelines recommend
**Predic>ve Tools**  
- ASTEP predicts a higher benefit for ICI-chemo over chemo-alone (CATE = -0.072, 
confidence = moderate) (PredicOve Tools).  
- LORIS data are unavailable; however, the ASTEP result aligns with guideline 

recommendaOons and supports the chosen regimen. 
**Regimen:** Pembrolizumab + Carbopla5n + paclitaxel 
(triple-combina5on). 

INPUT

OUTPUT

3000 patients

V



ESAC WebsiteESAC LinkedIn

Become a Member!
Shape the Future!

EDUCATION AND PATIENT 
ENGAGMENT IN AI
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