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Intelligenza artificiale (1A)

A L'intelligenza artificiale, o 1A, na tecnologiache consente a computer e
macchine di simulare [ mtelllgenza umana e le capacita di risoluzione del
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A Assistenti digitali, guida GPS, veicoli autonostrementi di intelligenza
artificiale generativa(come Chat GPT di Open Al) sono alcuni esempi di |
che gia sono presenti nella nostra vita quotidiana.



Intelligenza artificiale (IA)
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simile, ma non identico, ai dati originali.



Intelligenza artificiale (Al)

Negli anni recenti (dal 2020xumento di modelli linguistici di grandi
dimensioni, o LLM , come ChatGPT, ha portato un
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potenziale di generare nuovi prodotti.

Con queste nuove pratiche di intelligenza artificiale generativa |
modelli di deep learning possono essere pre-addestrati su grandi
guantita di dati grezzi e non etichettati.



Intelligenza artificiale (1A)
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ruolo predominante coesistendo sia un enorme
potenziale evolutivo sia sfide altrettanto
Importanti



Applicazioni dell'intelligenza artificiale (1A)
In medicina.

All pannello A mostra aree
selezionate della sanita pubblica e
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artificiale ha un ruolo consolidato
ma In evoluzione. Questi strumenti
stanno gia aiutando i professionisti
medici a svolgere il proprio lavoro
come partner nella pratica. EMR
denota cartella clinica elettronica.
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HOW ARTIFICIAL - ..
TELLIGENCE IS
ANSFORMING
DICAL IMAGING '




Med-PaLM
e unalA basatasu large language model (LLM)
e addestrataper fornire informazioni di elevate
gualita in ambito medico.
In breve MedPaLM2 ainalA focalizzatasulla
medicina
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Figure 1 | Med-PaLM M overview. A generalist biomedical Al system should be able to handle a diverse range of biomedical
data modalities and tasks. To enable progress towards this overarching goal, we curate MultiMedBench, a benchmark spanning 14
diverse biomedical tasks including question answering, visual question answering, image classification, radiology report generation
and summarization, and genomic variant calling. Med-PaLM Multimodal (Med-PaLM M), our proof of concept for such a
generalist biomedical Al system (denoted by the shaded blue area) is competitive with or exceeds prior SOTA results from
specialists models (denoted by dotted red lines) on all tasks in MultiMedBench. Notably, Med-PaLM M achieves this using a

single set of model weights, without any task-specific customization.
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Med-PalLM2

Domanda:

APuoi descrivermi i risultati di
guesto Rx del torace?

Risposta

ANo pneumotorace
ACuore normale
AMediastino normale
AScheletro nella norma

Conclusioni: non reperti
patologicci



Med-PalL M2scored 85%vhen answering US Medical Licensing
Examinatoca i et S ljdzSauAz2yad ¢KIFIuaya |y
far beyond the accuracy threshold needed to pass the actual exam
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Google's MedPaLM-2 recently reached 85.4%
accuracy on the medical exam benchmark in
research where the average human physician score
is around 60%



https://sites.research.google/med-palm/

Detection and Diagnosis

by Al Algorithms Results

Type of Imaging

~ Alcune comuni soluzioni di intelligenza artificiale clinica utilizzate perilevamento e
diagnosi con CADt (rilevamento assistito da computer per il triage ), CADe (rilevamento
assistito da computer per la caratterizzazione di anomalie) . e CADx(rilevamento
assistito da computer perladiagnosi). G aql DWW GGORHCARYURLWI 130 G ¢
radiologia includono la ricostruzione delle immagini e la riduzione del rumore. Le applicazioni
per atfivita non di imaging non vengono visualizzate. CT denota tomografia computerizzata.



A In Medicina
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SCHEDULING:

By analysing past data, Al
helps optimise staff and
scanner rosters, reducing
patient wait times.

FOLLOW-UP AND

MONITORING:

Al schedules follow-up scans
and tracks disease progress
by comparing current and
previous images, ensuring
top-notch continuity of care.

SCANNING:

Al ensures the right
imaging procedure is
selected, reducing
radiation exposure by

picking the optimal scan

settings.

ADVERSE EVENTS:
Al farecasts potential
complications by
comparing a patient's
imaging data with
historical data of similar

cases.

ACQUISITION:
Real-time scanner
adjustments by Al
improve image quality
and cut down scan times.

TREATMENT
RESPONSE:

Learning from past
cases, Al predicts a
patient's likely response
to treatments, aidingin
treatment efficacy
evaluations.
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INTERPRETATION:
Radiologists receive help
from Al ininterpreting

images and spotting
urgent cases.

RECOMMENDATION:
Al system correlates
patient data to provide
actionable insights for
further diagnostics or
treatments.

REPORTING:
Standardised radiology
reports are a breeze with
Al's auto-fill features
based onimage
interpretation.
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COMMUNICATION:
By integrating with
hospital systems like
EHRs, Al ensures the
right blokes and sheilas
get the imaging results in

no time.




POST-TREATMENT

INITIAL ASSESSMENT AND
MANAGEMENT AND MONITORING DETECTION
! b
@ Outcome Prediction: Predicts X ’,’ @ Stroke Susceptibility: Utilises predictive
post-stroke outcomes such as disability, ; ,/ models to estimate patient's stroke risk
quality of life, and likelihood of recurrence : ’ based on health history, lifestyle, and
to inform rehabilitation planning. ! ' genetic factors.

@ Imaging Biomarkers: Employs machine
learning to detect subtle imaging
biomarkers indicating early signs of
stroke.

@ Follow-up Scheduling: Automates
scheduling of follow-up imaging and
appointments based on patient-specific
risk profiles.

(A) Subtle, isointense, left subdural haemorrhage on head CT
(B) Al based software highlights the area of haemorrhage, colour coded in red

UMass Memorial Healthcare. Retrieved from https://www.umassmed.edu/radiology/rad-
. ------ news/2020/10/ai-mri/

DIAGNOSIS AND DECISION
MAKING

@ Stroke Type Differentiation:
Discriminates between ischaemic and

TREATMENT PLANNING AND haemorrhagic stroke using Al-based
EXECUTION imaging analysis.
@ Vascular Territory Mapping: Maps
affected vascular territories to infer likely
® Therapeutic Strategy: Suggests optimal treatment strategies (e.g., occlusion sites and guide intervention.
thrombolysis, endovascular thrombectomy) based on Al analysis of
patient and imaging data.

@ Procedure Assistance: Assists in real-time during procedures(e.g., Left: non-enhanced CT
navigating catheters in endovascular thrombectomy) using Middle: non-enhanced CT superimposed with Al-detected ischaemic stroke
Al-guidance. Right: corresponding diffusion-weighted imaging (DWI) MRI

Qiu, W et al. Retrieved from https://doi.org/10.1148/radiol.2020191193



@ Al Improves Entire Radiology Workflow

From acquisition to prognosis

Treatment
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Immagini oculari e diagnosi di patologie
sistemiche mediante uso di IA
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Immagini oculari e diagnosi di patologie

sistemiche mediante uso di A
la diabetica (DR)
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Immagini oculari e diagnosi di patologie
sistemiche mediante uso di IA
Retinopatia diabetica (DR)

——————————————————————————————————————————————————————————

Al black box Output (diagnosis) Clinical decision

PDR
Severe NPDR Referable DR

|

|

|

|

|

|

Moderate NPDR @ |
|

Mild NPDR '
|

No DR Refer to '
|

|

eye center




Google Al can predict heart problems
by taking pictures of your eye

Optic disc Optic disc

Blood Blood pressure
vessels highlighted

» Image of the back of the eye  » Retinal image in gray,

showing the macula (dark researchers can focus on

spot in the middle), optic blood vessels to determine

disc (bright spot at the the health risks associates

right), and blood vessels. with a patient’s blood
pressure.

» Images showed that each cardiovascular risk factor
prediction uses a distinct pattern, such as blood vessels for
blood pressure and optic disc for other predictions.

Source: Baig, Edward C. “Google Hopes Al Can Predict Heart Disease by Looking at Retinas.” USA Today, Gannett Satellite
Information Network, 19 Feb. 2018, www.usatoday.com/story/tech/2018/02/19/google-ai-can-predict-heart-disease-looking-
pictures-retina/344547002/.



Smart phone imaging of retina




Al assisted digestiveendoscopy

a.

Gastroscopy Colonoscopy Liver laparoscopy
Gastrosco
Oesophagt’:
Stomach . m
Duodenum
d.
Cystoscopy




Al assisted digestiveendoscopy

o Endoscopy

Images

Treatment plan '
based in part &
on Al diagnosis
® o







Computer-aided detection of a polyp.

NICE Classification

©2022 by Canadian Medical Association Aishwarya Roshan, and Michael F. Byrne CMAJ 2022;194:E1481-E1484



Dispositivi sanitarl portatili ed |A

Wearable Digital Health Technologies (DHTSs)
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Patient O — Patient
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Challenges

Standards Integration into
and interoperability clinical environments




Dispositivi portatili diagnostici ed |A

Nonwearable
Single-Time-Point DHT
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Connectivity and Patient-Reported
Data Transmission Outcomes
y « General and disease-

specific symptoms

« Health status

IBTREN

« Medication adherence

Smartphone
« Quality of life

« Outcomes

Direct cellular

service

Cellular hub 568

.
I| Ppatient Survey

Bluetooth

Le tecnologie attuali includono
tecnologie sanitarie digitali (DHT)
connesse non indossabili e a punto
singolo come pulsossimetrig bracciali
per la misurazione della pressione
sanguigna, bilance e glucometri,

nonché sensori indossabili continui o
semicontinui sotto forma di braccialetti,
anelli, fasce toraciche , patch e altri
moduli.

Questi dispositivi possono avere
funzionalita di rete con abbinamento
smartphone, hub cellulari o connettivita
cellulare diretta. | sintomi riferiti dai
pazienti, lo stato di salute, la qualita
della vita e gli esiti possono essere
accertati elettronicamente attraverso
sondaggi completati con l'uso di app
per smartphone o messaggi di testo.



Dispositivi sanitari portatili ed IA
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Electronic Health Records (EHRs) EHR
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through the wearable DHT interface

Local Device Interpretation
Patient decision
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Automated algorithms
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Dispositivi portatili diagnostici ed IA
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