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Machine Neural Natural Language )
: : Robotics
Learning Networks Processing
Using sample data to train Computer systems The ability to understand Machines that can assist
computer programs to designed to imitate the speech, as well as people without actual
recognize patterns based neurons in a brain. understand and analyze human involvement.
on algorithms. documents.

NLP: Natural language processing
Gpt: Generative pre-trained
transformer: Un tipo di LLM

LLM: Large Languages models:
strumenti di Al specificatamente
addestrati per elaborare e generare
testo.

Computer vision: analisi di immagini
medicali

Robotics

Machine
Learning (ML)

Deep
Learning (DL)

Generative
Al

Large Language Models (LLMs)

L1 Ms within the Al taxonomv. | | Ms exist as a subset of deen learnina madels. which are a subset of machine
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INTERNALIZZAZIONE E ACQUISTO DI APPLICAZIONI Al

SVILUPPO

m IRCCS
Pubblici e
Privati

M Non risponde

63% da fondi di ricerca
29% da budget aziendali

SUL MERCATO

M ASST e Case di
cura privat

B Non risponde

76% da budget aziendali

Settori:

- Medicina Fisica Difficolta riportate: integrate in

- Neurologia - Riservatezza dati dispositivi

- Oncologia - Rimborso medici (es.

- Diabetologia - interoperabilita sistemi di
radiologia)

Difficolta riportate:

- Cultura aziendale

- Responsabilita
medica




BISOGNQO: La gestione dei electronic medical records, EMR

o The American Journal of Emergency

Medicine
Volume 31, Issue 11, November 2013, Pages 1591-1594

Brief Report

4000 Clicks: a productivity analysis of
electronic medical records in a
community hospital ED

Robert G. Hill Jr. MD, Lynn Marie Sears MBA 2 &, Scott W. Melanson MD

The redundancy of the notes, the
burden of alerts, and the overflowing
inbox has led to the “4000 keystroke a
day” problem and has contributed to,
and perhaps even accelerated,
physician reports of symptoms of
burnout

burnout da parte dei medici. Anche se

I’EMR puo fungere da efficiente strumento
amministrativo ¢ di rendicontazione e costituisca un
potente magazzino di ricerca per dati clinici, la

maggior parte degli EMR alla fine complica e non

aiuta chi si trova in prima linea. Le conseguenze

impreviste poi includono la perdita di importanti

rituali _sociali “cartella clinica alla _mano” (tra

medici, tra medici e infermier1 e altri operatori
sanitari, 1 nei rapporti con il paziente) e, soprattutto,

la mancanza di tempo dedicato alla cura (e alla

empatia) del malato.




BISOGNO: Ausilio in diagnostica terapia e ricerca
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* Automalizzarione di ecocardiogrammi per valutare la lundone
cardiaca
Interpretazione di ECG per rilevare arifrie  altre anomalie

= Analisi delle immagini di risonanza magnetica cardiaca e
tomografia computenzzata comnanca

s Rilevaments precoce di patclogie cardiache attraversa “pattern
recagnition”

*  Queli preditti per identificare pazierts ad alte rschie di everiti
cardicvascolan

= Analisi dei fattori di rischio g previsane di potengiali
camplcanze
Sistermni di allerts precoce per prevenire sventi cardiaci acwti
Ottirnizzarione gelle strategie di prevenzione e persenalizzate

‘

= Monitoraggic remato dei pagient attraverso dspasitii
indeasabil
Sistemi di supporto alle deciioni cliniche per | medci
Persanaizzazane delle terape basate su datl individuali
Ottimizzazione gella gestore del farmad  del desaggie

‘

Analisi di grandi dataset per iconrire nuovi biomarcatorn
Sviluppn di ruow farnac sltraverso simulazioni malecalari
ldentificazione di sattagrippd i pazientl per trial dinid
Studio gele mterazionl genetiche nele malatbe cardiache

& @ @

Pianificaziane preaperatoria assistita da L&

Sistemi di guida durante pracedure intenvenstichs
Rabotica assibia per procedise minl-rvase
Simulazicni wirtuall per I'addestramento del chirurghi

& @ @

* Programmi perionalizzati di risbilitagore cardiaca

*  Moaritaraggio cantinua del recupers past-interveno
+ Vahitarione dell'aderenes alla terapla

* Supponio psloolegice attraverso chatbot spedalizzat

* Dttimizzazions e percord di cura

» Gestione ficiente delle risorse aspedaliers

+  Riduzione de terrpl di attesa @ migharamenta dell'efficenza
= Analisl del costie bereficl del trattament

* Programmi educatid personalzzati per i pasienti
*  Camgagre di sersibilizzazione minale

+  Strumenti ol valutazare del fischio per il pubilice
*  Diffusione di infomazioni sulla salute cardaca

*  Corsulfti remoti supportati da 14

+ Monitoraggio domidiliare swanzato

+ Gegtiphe delle ernergenze a distarzs

* Integrazare con dispositiv smart domesticl

* Integramore di dati clineci & molecolan
*  |dentilicazione di nuovi target terapeutici
= Svluppa di terbpie persanal Ezate

= Wakitazione dell'efficada del trattament! in tempo neak

Lintelligenza artificiale in cardiologia e non solo

!Centro per la Prevenzione Cardiovascolare, Universita degli Studi, Ferrara
“Maria Cecilia Hospital, GVM Care & Research, Cotignola (RA)

G Ital Cardiol 2025;26(5):309-315

Roberto Ferrari', Luigi Tavazzi?

+++ +

o Quelli predittivi per identificare pazienti ad alto rischio di eventi
cardiovascolari

o Analisi dei fattori di rischio e previsione di potenziali
complicanze

o Sistemi di allerta precoce per prevenire eventi cardiaci acuti

o Ottimizzazione delle strategie di prevenzione e personalizzate

Programmi personalizzati di riabilitazione cardiaca
Monitoraggio continuo del recupero post-intervento
Valutazione dell’aderenza alla terapia

Supporto psicologico attraverso chatbot specializzati




BISOGNO: Tools per la Cardiologia Riabilitativa + + +

@ E S C European Journal of Preventive Cardiology (2024) 31, 448-457 FULL RESEARCH PAPER
European Society  https://doi.org/10.1093/eurjpc/zwad375 - - it cial intelli
of Cardiology P g i Machine learning & artificial intelligence

Development of deep-learning models for
real-time anaerobic threshold and peak VO,
prediction during cardiopulmonary exercise
testing

Tatsuya Watanabe''?, Takeshi Tohyama © **, Masataka Ikeda'?, Takeo Fujino'?,
Toru Hashimoto'2, Shouji Matsushima'-2, Junji Kishimoto*, Koji Todaka®*,

Shintaro Kinugawa”z, Hiroyuki Tsutsui"z’s, and Tomomi Ide ® "%

Deep-learning models for real-time CPET analysis can
accurately identify AT and predict peak VO2. The

developed models can be a competent assistant system
to assess a patient’s condition in real time, expanding
CPET utility.

@ ESC Europeen journal of Preventive Cardiology (2024) 31, 252-262 FULL RESEARCH PAPER

European Society https://doi.org/10.1093/eurjpc/zwad321 i icti i i
of Cardibloay P g iP Risk prediction/assessment & stratification

Deep learned representations of the resting
12-lead electrocardiogram to predict VO, at
peak exercise

Shaan Khurshid ©® 3T, Timothy W. Churchill ® **f, Nathaniel Diamant®T,

Paolo Di Achille®, Christopher Reeder®, Pulkit Singh®, Samuel F. Friedman®,
Meagan M. Wasfy”", George A. Alba®, Bradley A. Maron’®?, David M. Systrom'°,
Bradley M. Wertheim'®, Patrick T. Ellinor © ">, Jennifer E. Ho'", Aaron L. Baggish'*%,
Puneet Batra®, Steven A. Lubitz"*3*¥, and ). Sawalla Guseh'*##

We demonstrate that automated estimation of
"VO2 peak from the resting 12-lead ECG IS
feasible.
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Open access Protocol * medicina m\D\Py
BM) Open Feasibility study of rehabilitation for
cardiac patients aided by an artificial Systematic Review

intelligence web-based programme: a The Application of Robotics in Cardiac Rehabilitation:
randomised controlled trial (RECAP A Systematic Review

trial) - a Study protocol Aseel Aburub 110, Mohammad Z. Darabseh 2*(, Rahaf Badran 3-*{, Ala’a M. Shurrab 4, Anwaar Amro !
and Hans Degens >¢

Pasan Witharana © ,"? Lisa Chang,' Rebecca Maier,' Emmanuel Ogundimu,®
Christopher Wilkinson,'* Thanos Athanasiou,? Enoch Akowuah

The trials used different robotic systems: Lokomat®
Maier R, et al. Feasibility i ilitati v STRENGTHS AND LIMITATIONS OF THIS STUDY . .
study of rehabilitation for ::::;:&:g: sf,:g:a?;: ?na: Lf;.g?cgz)s:ﬂin;riesdetf)ficﬁve = Rehabilitation through Exercise prescription for Syste m ) M Oto m e d Lett o / T h e ra Tra | n e r t | gol

cardiac patlaris aldod by an in improving functional capacity and reducing readmission Cardiac patients using an Artificial intelligence-web

To cite: Witharana P, Chang L, ABSTRACT

;’r;'gf::]::]‘:Izg;:fjm;:;bmd rates after cardiac surgery. It is also associated with a ba_xsed Prograr_n_me ?s thg first randomised control °

controled tral (RECAP tria)—a _ "eduction in cardiac mortality and recurrent myocardial trial to use artifical intelligence (Al to automate ex- B E A R’ and M yo SUl t .

study protocol. BMJ Open infarction. This trial assesses the feasibility of a home- 6reise prescr iption ina home-_based cardiac reﬁa-

2024:14:¢079404. doi:10,1136/  based CR programme delivered using a mobile application bilitation programme in the National Health Service.

bmjopen-2023-079404 (app). = Real-life cardiac patients’ data were used to inform

s Prapiblloaton ety Methods The Rehabilitation through Exercise prescription the Al algorithm. .

and ackditional supplementsl for Cardiac patients using an Artificial intelligence = YIEWS of healthcare grofessmqals were take:n

material for this paper are web-based Programme (RECAP) randomised controlled In;ge?‘isount before the intervention was tested in ] ) ) )
T — S It was found that interventions that included the use of robotic

assistance technologies improved the exercise capacity, VO:
max/peak, left ventricular ejection fraction, QOL, and physical
functioning in people with cardiac diseases
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Artificial intelligence in cardiovascular prevention: new ways
will open new doors

Michele Ciccarelli?, Francesco Giallauria®, Albino Carrizzo?<, Valeria Visco?,
Angelo Silverio?, Arturo Cesaro9, Paolo Calabrdd, Nicola De Luca®,
Costantino Mancusi®, Daniele Masarone’, Giuseppe Pacileof,

Nidal Tourkmani9", Carlo Vigorito® and Carmine Vecchione®®

Supplement submission

Clinical Laboratory -Omics Enviromental Weareable
| | information devices
| |
Data integration
>
g

Machine learning

Model
development

Model
evaluation

Model
prediction

Overweight Hypertension

Smoking

@ E S C European Journal of Preventive Cardiology (2022) 29, 1940-1942 COMMENTARY

European Society https:/doi.org/10.1093/eurjpc/zwab218
of Cardiology

The future of cardiovascular prevention:
between fiction and reality

Gabriele Guardigli', Paolo Cimaglia ©® %, Claudio Rapezzi'?, Luigi Tavazzi?, and
Roberto Ferrari (» ""2*
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Figure | Future vision of how prevention could develop Sensors will help population to continuously collect data related to classic risk factors but
also to the new ones, such as those from the exposome, pollution, genetics, etc. The data will be transformed into deep learning’s and artificial intelli-
gence’s regsulated algorithms and stored in a medical control power station. This last, is in continuous contact with the individuals’ general practici-

The typical machine learning workflow in healthcare research.




Article

Learning the natural history of human

https://doi.org/10.1038/s41586-025-09529-3  Artem Shmatko"**%, Alexander Wolfgang Jung®**%", Kumar Gaurav*", Sgren Brunak®’,
Laust Hvas Mortensen®’?, Ewan Birney”™, Tom Fitzgerald?™ & Moritz Gerstung">®'0112&
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Decision-makingin healthcare relies on understanding patients’ past and current

health ctatec tn nradict and ultimatelv chanoe their fitiire conreal™3 Artificial

Published online: 17 September 2025
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107" 5
We train this model, Delphi-2M, on data from :
0.4 million UK Biobank participants and validate it using S 102 .1.'9}'."
external data from 1.9 million Danish individuals with ET’: .
no change in parameters ?; ‘Z’ ] , ﬁay
transformer-based models appear to be well suited for 5 3 . O
predictive and generative health-related tasks, are ?é ] 1-"#
applicable to population-scale datasets and provide 2 " :i?r
insights into temporal dependencies between disease © N7 Al
events, potentially improving the understanding of T g —

107 107 1078 1072 10

personalized health risks and informing precision

medicine approaches. Disease rate at ages 70-75,

simulated after age 60 years (yr‘1)

disease with generative transformers Nature | www.nature.com | |

I: Infectious diseases
II: Neoplasms
lll: Blood and immune disorders
e |V: Metabolic diseases
V: Mental disorders
@ VI: Nervous system diseases
VII: Eye diseases
VIII: Ear diseases
e IX: Circulatory diseases
X: Respiratory diseases
e XI: Digestive diseases
Xll: Skin diseases
o XIllI: Musculoskeletal diseases
XIV: Genitourinary diseases
XV: Pregnancy and childbirth
XVI: Perinatal conditions
XVIl: Congenital abnormalities
@ Death



BISOGNO: Problemi personali /e Regole e Normative di riferimento

ARTIFICIAL INTELLIGENCE AND
THE HEALTH WORKFORCE
PERSPECTIVES FROM MEDICAL
ASSOCIATIONS ON Al IN HEALTH

OECD ARTIFICIAL
INTELLIGENCE PAPERS

November 2024 No. 28

* «Deskilling» (da Medico a tecnico)

Perdita del posto di lavoro

* Minori guadagni

* Una medicina disumanizzata

* Problemi etici e di denunce legali

e Aumento del burden di lavoro

Regolamento (UE) 2024/1689, noto come Al Act
Recepito in Italia con la legge 132/2025
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Neuron

In vitro neurons learn and exhibit sentience when
embodied in a simulated game-world

Graphical abstract

Simulated

Pong

In vitro
Neurons

Internal states (u

Environment: :

External states () *

OUTPUT

Recording (@ :

Internal states
D)8
A

External states

Free Energy Principle

\
|

INPUT

Stimulation (s

FEEDBACK

Stimulation (s

CLOSED-LOQOP SYSTEM

HD-MEA Chip
High-density
multielectrode array

Neural activity changes in real-time to minimise
environmental unpredictability

Authors

Brett J. Kagan, Andy C. Kitchen,
Nhi T. Tran, ..., Ben Rollo, Adeel Razi,
Karl J. Friston

Correspondence
brett@corticallabs.com

In brief

The DishBrain system is the first real-time
synthetic biological intelligence platform
that demonstrates that biological
neurons can adjust firin tivity ina w
that suggests the ability to learn to

perform goal-oriented tasks when
provided with simple electrophysiological
sensory input and feedback while
embodied in a game-world.
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