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"L'intelligenza artificiale come una 
guerra nucleare. Umanità a rischio" 
L’allarme clamoroso di 350 esperti  tra cui l'ad di 
OpenAI, Sam Altman,  e il fisico italiano Roberto 
Battiston

ChatGPT, Bard e ErnieBot: perché chiedere 
all’intelligenza artificiale non è sempre intelligente

Cosa sono e come funzionano i chatbot 
basati sull'intelligenza artificiale e perché 
i limiti sono ancora molti
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Critical Issues 
• High Subjectivity 
• Experience and Tiredness
• N. of similar clinical cases
• Technical issues 

L’analisi visiva riesce a estrarne solo circa il 10% delle informazioni contenute in una immagine medica digitale

Radiomica = le immagini ottenute dagli esami TAC, RM o PET, vengono convertite in dati numerici. 

Se le immagini sono analizzate in dettaglio attraverso dei software di analisi della tessitura dell'immagine è possibile 
ottenere dati quantitativi oggettivi, in grado di fornire informazioni sui sottostanti fenomeni pato-fisiologici, inaccessibili 
alla semplice analisi visiva.

Radiogenomica
Mette in relazione i dati quantitativi ottenuti con la radiomica con i dati genomici del tumore. 
L’obiettivo è che una semplice analisi radiomica non invasiva possa essere in grado di informarci se un tumore abbia una 
certa mutazione, evitanto analsi di tessuti !!!!
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RADIOMICS: the conversion of digital images into mineable data

Source images
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Segmentation
Organ extraction

Nosological image

Clustering

Feature extraction
Volume/Shape features

Histogram features

Texture Features

RADIOMIC SIGNATURE

Radiomics



RADIOMICS ANALYSIS

I. Segmentation performed by two 

abdominal radiologists

II. Volumetric liver segmentation Arterial ph. 

III. 107 radiomic features extracted

http://www.slicer.org, v 4.10.2 

Time for 3D manual 
Segmentation: 
35 min

Methods

http://www.slicer.org/




Partenariati allargati estesi a Università, centri di ricerca, imprese e 
finanziamento progetti di ricerca di base. Missione 4 “Istruzione e ricerca” – 
Componente 2 “Dalla ricerca all’ impresa”

N. 15 grandi programmi di ricerca e innovazione 
attuabili attraverso i PARTENARIATI ESTESI.
1.Intelligenza artificiale;
2.Scenari energetici del futuro;
3.Rischi ambientali, naturali e antropici;
4.Scienze e tecnologie quantistiche;
5.Cultura umanistica e patrimonio culturale;
6.Diagnostica e terapie innovative nella medicina di 
precisione;
7.Cybersecurity;
8.Conseguenze e sfide dell’invecchiamento;
9.Sostenibilità economico-finanziaria dei sistemi e dei 
territori;
10.Modelli per un’alimentazione sostenibile;
11.Made-in-Italy circolare e sostenibile;
12.Neuroscienze e neurofarmacologia;
13.Malattie infettive emergenti;
14.Telecomunicazioni del futuro.
15.Il tema Attività Spaziali,

Tra gli Obiettivi principali:

Sviluppo di algoritmi per 
       - diagnosi precoce
       - modelli di gestione territoriale patologie alto impatto epid. 
       - stratificazione personalizzata dl rischio di progressione,
         complicanze e eventi avversi
       - benefici ed eventi avversi di terapie farmacologiche 
       - riposizionamento di farmaci  



Ha diverse applicazioni nell’ambito della diagnostica clinica, tra le quali [1],[2],[3],[4]:

1. Previsione della risposta alla terapia del cancro (Treatment response and Outcomes)

2. Stadiazione del tumore (Tumor staging)

3. Aggressività del tumore (Level of malignancy)

4. Identificazione del tessuto e tipizzazione della lesione (Tissue Identification and typing)

5. Valutazione della genetica del cancro (Radiogenomics)

[2] Stephen S F Yip and Hugo J W L Aerts 2016 Phys. Med. Biol. 61 R150

[3] Introduction to Radiomics Marius E. Mayerhoefer, Andrzej Materka, Georg Langs, Ida Häggström, Piotr Szczypiński, Peter Gibbs, Gary Cook Journal of Nuclear Medicine Apr 2020, 61 (4) 488-495

[4] Bogowicz, Marta, et al. "CT radiomics and PET radiomics: ready for clinical implementation?." The Quarterly Journal of Nuclear Medicine and Molecular Imaging: Official Publication of the Italian 

Association of Nuclear Medicine (AIMN)[and] the International Association of Radiopharmacology (IAR),[and] Section of the Society of.. (2019).

Metastasis linfonodale
Risposta alla terapia nel cancro della

vescica Curve typing

Radiomics: Applicazioni cliniche









▪ 119 affected by liver metastases in CRC 

treated with bevacizumab

▪ Manually 3D segmentation on non-

contrast CT phase

▪ Radiomics model designed to identify 

histophatologic growth pattern 

▪ To predict early response

▪ To predict 1-year PFS

Radiomics in early response:

▪ AUC 0.707 per-lesion, AUC 0.720 per-

patient

Radiomics 1-year PFS:

▪ Was the only indipendent predictor of 1-

year PFS

Wei S I et al., EJR 2021

Radiomics-Response Prediction

histopathologic growth pattern (HGP)



▪ 667 metastatic CRC

▪ Segmentation on contrast CT scans:
▪ 3499 features

▪ To predict tumor sensitivities to CHT

Dercle L et al., JNCI 2020

Radiomics-derived support tools could give clinicians an 

early prediction of the success of treatment with FC using 

conventional standard-of-care CT scans 

LIVER METS

Radiomics-Response Prediction



Radiomics-Response Prediction

AIM: To test CT texture of metastatic in 

comparison with RECIST 1.1, Choi and 

modified Choi criteria in evaluating treatment 

and determining time to progression (TTP) in 

metastatic PDAC

P=0.39

P=0.53

P=0.14

P<0.05

Cox regression analysis showed:

• percentage change in SD was an independent 

predictor of TTP (p = 0.016)

• confirmed in the validation cohort (p = 0.019) 

Cheng et al., Diagnostics 2021

In this paper, we assess changes in CT texture of metastatic 
liver lesions after treatment with chemotherapy in patients 



umor. A region of interest (ROI) was manually delineated around the lesion for tumoral radiomics (T-RO) feature 
extraction, and another ROI was outlined with an additional 2 cm peritumoral area for peritumoral radiomics (PT-
RO) feature extraction. The least absolute shrinkage and selection operator (LASSO) logistic regression model was 



Radiomics and CCA

Yang et al. Oncology 2021



Radiomics and CCA



AI and Liver Cancer 



CLINICAL IMPACT ON LIVER IMAGING

DIFFUSE LIVER DISEASES

• Non-contrast-enhanced CT texture analysis predicted non-

alcoholic steatohepatitis

• Deep learning system allows for accurate staging of liver 

fibrosis by using enhanced CT images

• Diagnose clinically significant portal hypertension and 

predict esophageal varices severity 

Liu F. et al. E. bio. Medicine 2018

Wan s. et al. Ann. Transl. Med. 2020



AI and Liver Fibrosis  



•Gli strati convoluzionali applicano filtri ai dati di ingresso e apprendono i rilevamenti delle 





Methods: 
ML was applied to an international dataset of PBC patients. The dataset was split into a derivation cohort 
(training set) and a validation cohort (validation set), and key clinical features were analysed. 

The outcome was a composite of liver-related death or liver transplantation. 

Results: The training set was composed of 11,819 subjects, while the validation set was composed of 1,069 
subjects. ML identified four clusters of patients characterized by different phenotypes and long-term
prognosis. 
Cluster 1 (n = 3566) included patients with excellent prognosis
Cluster 2 (n = 3966) consisted of individuals at worse prognosis 
Cluster 3 (n = 2379) included young patients with florid cholestasis 
Cluster 4 (n = 1908) comprised advanced cases. 

Conclusions: Unsupervised ML identified four novel groups of PBC patients with different phenotypes and 

prognosis and highlighted subtle variations of albumin within the normal range. 

Therapy-induced increase of albumin >1.2 x LLN should be considered a treatment goal.

Conclusions: Unsupervised ML identified four novel groups of PBC 
patients with different phenotypes and prognosis and highlighted subtle 
variations of albumin within the normal range. 
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