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«Al can’t come close to all the human bits of life. It can’t
replace human interaction. It doesn’'t know what it means to
be human around other humans» (Eli Amdur, Forbes)
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Al ERA




Lexicon

"EVERY ALGORITHM THAT CAN LEARN FROM ANY TYPE OF
(SPARSE) DATA WITHOUT A PRIORI KNOWLEDGE /
BIOLOGICAL MODELLING OF THE PROCESS INVESTIGATED”




Challenges are embedded in clinical needs \ léghcé(;.f?égespedale Un | SR

CANCER @
TREATMENT IMMUNOTHERAPY
OPTIONS

@” ?ﬁé’é‘ﬁ*?“ « "Al needs numbers as input, clinical
ﬁb |

research is based on questions”

THERAPY

BONE MARROW
TRANSPLANTATION

- “Clinicians need an actionable as output, Al
outputs are numbers (probabilities)”

 “Clinical questions may not be modelled as
mathematically solvable problems”

What is Shared Decision Making?

thee;
health tests and "Not dgcfdfng alone” matters tothem.

treatments. Shared Decision Making is having
your say in healthcare.




Al Intepretability vs Explainability
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<Where are we going to stand in light of the Alact and Alas a

medical device?>

'ﬁff A

\u

AUTOMATE AUGMENT

——

«The data subject shall
have the right not to be
subject to a decision
based solely on
automated processing»,
article 22 GDPR

«Explainability is not
mentioned but an
“Appropriate level of
transparency (clarity) of the
output and the algorithm
aimed at users” is required»
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- 1 . )1&1(01”6 Technology «enablers»
Range of digital maturities in our community

11 Availability and access of patient’s biopsies throughout the patient's cancer pathway

12 Systematic collecton of sample from cansented cancer patients for research

=]
2 13 Maturity and sirength of Molecular Diagnastis testing focused on somatic bismarker mutations
3 14  Breath and depth of the centre’s molecular data availability to research from routine testing in appropriate machine readable formats Median . .
S
= S = Generative Al in Healthcare Use Cases
3 gL
8 16 Poiicy and approach of i trials play in cancer patient in your centre
- 17 Maturity of clinical trials into foutine care (expresses as percentage)
Overall Pracision Oncalogy Medical Image .
19 Patient Journey
21 Digital maturity of clinical cancer systems at your centre based on the HIMMS EMRAM Reconstruction Prediction
] 22 Availability of digitally structured cancer data as common types of research information
&
a 23 Sophistication and maturity at the centre for accessing unsiructured cancer data for research on large cohorts
k]
T G e M S Drug Compound (¢4 Adaptive Therapy
B 25 Lovetorsopnisticaton possibie atyour conr wit regan o g rtrospactive cbsarvainal medics ressch Generation Optimization
Overall Routine Clinical DataDigital Research
31 Level of sophistication and maturity of the digital date of diagnosis in your routing records is for cancer patients
e 32 Availablity of date of progression data for cancer patients at your centre Disease Progression # ():3) Anomaly Detection
g 33 Level of maturity and sirength of your cenire's access (o date of death for research purposes Prediction in Patient Data
3 34 y ity oy locally, and geta date of next therapy start
® 35 Maturity and availability to access RECIST information locally for retrospective research
E
2 36 Level of maturity and sophistication ef your medical records as a source for adverse events for retrospective research
£

37 Levelof Qualty of Life (QoL patient repor atyour centre Virtual Patient 074} Patient-Specific

Overall Pragmatic Outcomes Simulation Treatment Planning
41 Strength and sophistication of the main legal basis for research processing for real world evidence at your institute
432 Strength and sophistication of access of patient level data for the purpose of research without study specific consent 06
43 Level of sophistication of the commercial study preparation lead times at your centre, including ethics, contracting, privacy review efe, Automated Clinical Decision

44 Maturity and abilty to support commercial research once approved

Medical Coding Support Systems

45 indicate how many commercial “direct from EMR" multi-cenire real world evidence studies participated in over las! 3 years

48 Indicate how many acaderic "direct from EMR” multi-centre real world your centre i in over last 3 years regist AIOP"N&"W

Information Govemnance
&
Research Operations

©Overall Information Governance & Research Operations

overall
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S-RACE: KEY FUNCTIONALITIES OVERVIEW § .R.C.C.S. Ospedale U n| SR

Available Key Products

— o (2) clinicians Al Hub (PMC 3 '
\ / (1) Universal Data Platform (2, inicians ub ( ) 3) Data Science Lab
U Enterprise data platformintegrating User friendly portal used by researchers to Data sdence ernvirornmrent to perform
~ anonymized patient data (clinical, laboratory, search for, manage and organize clinical statistical analysis, answer clinical questions
Galileo ] images, pathological, etc.) and extracting research and related machine learning using predidtive agorittmsand manage
clinically relevant information using Al models end-to-end madhine leaming nodels

Laboratory Data

Anonymization Service Data Lake

PMC Portal

i T (Q'G
> d& 4 6 Machine Learning workspace for each

Pathox ]
eCRF (REDCap) } Cognitive Services Health Data Services use case
S

PACS

= = A

Topic-specific DB
(eg. DB URI)

Al Services & Components o Al Services & Components o Al Services & Components

i JE——
D 5
O
== 0

Topic-specific DB

(eg. DB Diabete and others)

medastoum 222 catteres
rge ntracrarial stncsis
lgdenorety gaceyim intemalcarotid

rom pyspark.sql import Sparksession

' YrFrrY>rr>r >y Y Y Y Y Y

Other eCRF — S -
= o, P e
Omics Iﬁ{el:)lliOC:r:nozn; Pll recognizers &  Text Analytics 2 ““1‘“"“”' fae—y
Language De-identification ~ for Health S F LT
On prem Data Source Recognizer PowerB| reportsshowing output of TAAH

[:] = Main Data Sources, integrated

D = Secondary Data Sources, integrated
()= Integrated but in validation 0

D=Inroadmap
magrn | | oamorees |




S-RACE Digital health platform: Explainable & Responsible Al et IEUCINbE

InterpretML Fairlearn DiCE

" I /- |
q ) ® J 2@
S

EconML
Error Analysis

The Responsible Al dashboard provides a single

interface to implement Responsible Al in practice.

It brings together several mature Responsible Al
tools.

Model overview and fairness assessment, how model's

predictions affect diverse groups of people. (Fairlearn)

Data analysis, to understand and explore the dataset

distributions and statistics.

Model interpretability to understand model's

predictions and how those overall and individual
predictions are made. (InterpretML)

Error analysis, to view and understand how errors are

distributed in the dataset. (Error analysis)

Counterfactual what-if, to observe how feature

perturbations would affect model predictions (DiCE)

Causal analysis, to use historical data to view the

causal effects of treatment features on real-world
outcomes.(EconML)




Demand & Project Management

RESPONSABILITIES

STAFF

Governance

RESPONSABILITIES

Proposals collection
Proposals’ Feasibility Study (CTC &
DPO interactions, Data availability,

Define and solve regulatory and strategic aspects

Supervise Al Center scientific program
Prioritize investments

MEMBERS

Approve / reject proposals based on feasibility study

Prioritize approved proposals

Monitor use-cases development and CTs’ execution, and

decide on drop-off strategy

ADVISORS

Director & Co-Director (Carlo Tacchetti / Antonio Esposito)
IT coordinators (Lorenzo Cibrario, Marco Denti)

Data Science coordinator (Alberto Traverso)

Project Management coordinator (Simone Barbieri)

Clinical Advisors (Project’ Pls)
Statistics Advisor (Paola Rancoita)

HSR &
UniSRICT

* Cloud &
Interoperability
Platform
Governance

resources availability, ...)
Management of on-going Use-Cases
Reporting to the Scientific & Executive
Committees

Change Management (ACM)

Interact with HSR-ICT PM

Project Managers

RESPONSABILITI

Use Cases Dev & Validation

Identify, collect and prepare data
Process data

Develop models’ prototypes according
to Responsible Al Principles

Validate models

Develop reporting and present status
updates

Imaging Data Extraction

Image Processing
Deep learning feature extraction
Extract, Identify, collect and prepare

RESPONSABILITI

Data Scientists
Data Engineers
Data Analysts
Computer Scientists

data

Validate models

Develop reporting and present status
updates

Computer Scientists
Image Analysts

Product Finalization &
Prospective Development

Ensure Models comply with
Responsible Al Principles
Identify and engage external HC
Providers for models’ validation
Plan prospective validation
studies with CTC

Review models with Pls,
Scientific Coordinators, Ethical
Committee, Tech Transfer Office

RESPONSABILITIES

TBD

STAFF




MANY ACTIVITES EXIST AT THE (INTER)NATIONAL / LOCAL LEVEL
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UniSR

Fabio Stella

Francesco Calimeri Mauro Dragoni
della dazi Bruno ita di Milano-
Calabria Kessler Bicocca
C C Coordinator

Ambito e Obiettivi

|

The Al-HCare Group is a working group of the Italian iation for Artificial i taliana per Artificiale, Al'IA). The main
goal of the group is Lo promote all Kinds of activities in the field of Artifical Intelligence applied to healtheare. and faster collaboralions among research groups,
associations, institutions, industrial players and any kind of stakeholders, with a special focus on the lalian ecosystem

Explainambiguity Tank Home Insightsv Events People Manifesto

Explainambiguity Think Tank

Understanding the Pr to Shape the Future

Contact  Q

Explainambiguity Think Tank is dedicated to addressing the complexities and ambiguities inherent in the integration of Artificial

Intelligence (Al] within the pharmaceutical and healthcare sectors.

Our mission is to provide clarity, foster innovation, and ensure regulatory compliance by tackling the root causes of ambiguity in Al

applications. By doing 5o, we aim to drive hrough enhanced

trust, and efficiency.

Join s in our mission to clarify the ambiguous, ensuring a safer, more efficient, and innovative healthcare landscape. Together, we can
transform challenges into ops

for growth and driving

rough Al clarity.

latest insights

Beyond the Lab: Clinical Trials i nuovi i Early

m Views 5,747 Citations 2 Altmetric 9 Comments1

Viewpoint | Al in Medicine

Agenda Digile  Apei 20,2025

sostituisce il caso? shaping drug discovery and clinical
Agenda Digiale Ao 23,2025 pment

i, 2025

Moving Toward Implementation of Responsible Arti-
ficial Intelligence in Health Care
The European TRAIN Initiative

Michel E. van Genderen, MD, PhD'-?; lise M. J. Kant, PhD?; Carlo Tacchetti, MD, PhD*>; Stefan Jovinge, MD, PhD®7

> Author Affiliations | Article Information
JAMA. Published online February 10, 2025. doi:10.1001/jama.2025.1335
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Steering Healthcare stakeholders (including patients +
committee government)
Pillars Beating cancer, Reduce Costs, Early
detection, reduce Al illiteracy

- Challengers —— Regulatory, data, technological
Enabling Generative Al, Machine Learning,
technologies Anonymization
Expertise matcher Academiaq, industry, Focus specific societies,
P infrastructures (S-RACE)
Consortia of partners. Possibility to apply for

funding (PNRR like?)




