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Specific topics of research of Radiology Unit
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Radiomics: Images Are More than
Pictures, They Are Data’

...the extraction of a
high number of
guantitative features
from medical images
on regions of interest
(ROIs)

— quantification of tumor
phenotype
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[ Imaging

Radiomics — Work Flow
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Genetics

traditionally, radiomics was developed for
extraction of features from a single modality (e.qg.
CT scans on patients with lung cancer)
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our topics of research

radiomics....could potentially aid in
cancer:

v" detection

v' diagnosis

v' assessment of prognosis

v" prediction of response to treatment
v monitoring of disease status

)
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....... a subset of radiomic data can be used to suggest gene
expression or mutation status....this is important because radiomic
data are derived from the entire tumor (or tumors) rather than from
just a sample.

Current model Radiomics model

Mutation Mutation
CT scan Biopsy detection CT scan Radiomics probability

@_’é _’nb @_’\_’n@

future....
— g
....virtual biopsy ﬁ %\
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Extraction of
Semantic features

e dimension
* NEcrosis

* margin
characterization « location

prediction of response

to treatment i
Extraction of

Non Semantic features
v' shape

v histogram
v’ texture

)
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Extraction of Extraction of
Semantic features Non Semantic features

e margin * histogram

malignant

benign
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Extraction of
Non Semantic features

texture analysis Is used to quantify

tumor heterogeneity m————) prediction of response

)
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Extraction of
Non Semantic features

texture analysis Is used to quantify

tumor heterogeneity m————) prediction of response

Perfusion DCE with volumetric analysis

tumor heterogeneity c)
IAUGC levels intermediate
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(1)
Radiomic profiling
(TCIA)

(2)
Genomic profiling
(TCGA)

Tumor
segmentation

Radiomic tumor
profiling

* Statistical features
* Texture features

"' 3 q 1~ I'ml""hﬂ:‘“,'! '\'w

il
Tissue

extraction

Immunogenomic
profiling

(3)

Radiogenomics

* Multi-omics data

* Tumor clonality

* Mutational analysis
* Immune infiltrate

Radiogenomics

field of research aimed at
developing tools for non-
Invasive genotyping by
identifying imaging
biomarkers for genomic
subtypes
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AN

Radiomics is designed to be used in decision support of
precision medicine

uses standard of care images that are routinely acquired in clinical practice, it
presents a cost-effective and highly feasible addition for supporting clinical
decisions;

non-invasively characterizes the overall tumor accounting for heterogeneity;
Interrogates the entire tumor allows the expression of microscopic genomic
and proteomics patterns in terms of macroscopic image-based features;
produces prognostic and/or predictive biomarker value derived from routine,
standard of care imaging data;

allows fast, low-cost, and repeatable means for longitudinal monitoring.

)
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La radiobogia medica
psy/fdokorg/10.1007/511547-018-0940-1

MRI-based Radiomics to
Differentiate Benign and Malignant

HEAD, NECK AND DENTAL RADIOLOGY
Ou-wml European Journal of Radiology

Cervical lymphadenopathy: can the histog lysis of apparent —
diffusion coefficient help to differentiate between lymphoma Ressareh article
and squamous cell carcinoma in patients with unknown clinical ; v pas 3 5@ M M
N Intravoxel incoherent motion diffusion-weighted imaging for oropharyngeal M) P t T I ' I t E t
primary tumor? squamous cell carcinoma: Correlation with human papillomavirus Status o aro I u 0 rs WI X e rn a

Antonello Vidiri'7 @ . Silvia Minosse - Francesca Piludu’ - Raul Pellini® - Giovanni Cristalli® - Ramy Kayal' Antonello V imona Marzi'*', Emma Gangemi®, Maria Benevolo, Francesca Rollo®,

Giorgio Carlino® - Daniela Renzi® - Renato Covello® - Simona Marzi® . 3 or rancesca Sperat, Val I d at I 0 n
Francesca Di Giuliano™, Raul Pellini¥, Giuseppe Sanguineti .

Alessia Farneti', Lawra Marucei’, Filomena Spasiano

Submitted AJNR

characterization

Contents lists available at ScienceDirect
RADIOLOGY
European Journal of Radiology 9 .
SI journal homepage: www.elsevier.com/locate/ejrad

Research papers

- -
h dicti f th f ical nod: ing i 1 ;
prediction to response e o o g e VA8 SRS (@
Simona Marzi™’, Francesca Piludu”, Giuseppe Sanguineti‘, Laura Marucci®, Alessia Farneti‘,
to treatment

Irene Terrenato®, Raul Pellini, Maria Benevolo’, Renato Covello', Antonello Vidiri”

Contents lists available at ScienceDirect

Physica Medica

journal h page: http://www.physi dica.com
-
Original paper
Comparison of Machine Learning Classifiers to Predict Patient Survival Characterization of cervical lymph-nodes using a multi-parametric and @ i
and Genetics of GBM: Towards a Standardized Model for Clinical multi-modal approach for an early prediction of tumor response to
Implementation chemo-radiotherapy
Luca Pasquini'?, Antonio Napoli *, Martina Luci i, B la Tagli 2, Fr Elisa Scalco ™', Simona Marzi ™', Giuseppe Sanguineti‘, Antonello Vidiri“, Giovanna Rizzo"
Dellepiane?, Maria Camilla Rossi-Espagnet®¢, Matteo, Ritrovato®, Antonello Vidiri’, Veronica
Villani’, Giulio i5, A lla Stoppacciaro®, Andrea R ?, Alberto Di Napoli*®,

Alessandro Bozzao®
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Differentiation between benign and malignant parotid lesions

MRI-based Radiomics to Differentiate between Benign and Malignant Parotid Tumors

with External Validation

Authors: Francesca Piludu?, Simona Marzi?, Marco Ravanelli3, Raul Pellini®, Renato Covello®, Irene

Terrena to®, Davide Farina®, Riccardo Campora®, Valentina Ferrazzoli?, Antonello Vidiri*

Submitted AJNR
Texture analysis - MRI:

v'morphological characteristics (type of margins and contrast enhancement)
v'T2 signal intensity

v'ADC maps (DWI)

with external validation (Department of Radiology, University of Brescia)

4thNov2020 @ISAB |RE



Differentiation between benign and malignant parotid lesions

Feature Family

Morphological

IntensityHistogram

IntensityVolumeHistogram GLGM

IntensityDirect

Volume
ApproximateVolume
SurfaceArea

SurfaceToVolumeRatio

Compactnessl
Compactness2

SphericalDisproportion

Sphericity
Asphericity
CentreOfMassShift

Maximum3DDiameter
MajorAxisLength
MinorAxisLength

Mean
Variance
Skewness
Kurtosis
Median

Min
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MeanAbsoluteDeviation

MRI-based Radiomics to Differentiate between Benign and Malignant Parotid Tumors

with External Validation

Authors: Francesca Piludu?, Simona Marzi?, Marco Ravanelli®, Raul Pellini®, Renato Covello®, Irene

Terrenato®, Davide Farina®, Riccardo Campora®, Valentina Ferrazzali’, Antonello Vidiri'
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Differentiation between benign and malignant parotid lesions

Feature Family

Morphological

IntensityHistogram

IntensityVolumeHistogram
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MRI-based Radiomics to Differentiate between Benign and Malignant Parotid Tumors

with External Validation

Authors: Francesca Piludu?, Simona Marzi?, Marco

Ravanelli?, Raul Pellini*, Renato Covello®, Irene

Terrenato®, Davide Farina®, Riccardo Campora®, Valentina Ferrazzali’, Antonello Vidiri'
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... but only 4 features have been selected to build the models
using statistical tests and / or dedicated algorithms
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Differentiation between benign and malignant parotid lesions

End-point Selected Features Accuracy(%) Sensitivity(%) Specificity(%) PPV(%) NPV(%)
. ADC P25
Warthin’s vs
Malienant Volume Density AEE 86.7 87.5 84.6 93.3 73.3
& Margins [73.2, 95.0] [71.0, 96.5] [54.5,98.1] [79.5,98.1] [51.7, 87.6]
tumors
Gd
. ADC P25
Benign* vs
Wartghin’s Volume Density AEE 91.9 84.6 95.8 91.7 92.0
MinimumHistogramGradient  [78.1, 98.3] [54.6, 98.1] [78.9, 99.9] [61.4,98.7] [76.2,97.6]
tumors Gd
Benian* ADC P25
enign* vs
Malignant T2 P10 80.4 84.4 75.0 81.8 78.2
Gd [67.6, 89.8] [67.2,94.7] [53.3,90.2] [68.9,90.1] [60.9, 89.3]
tumors Margins

Table. Predictive Performance of the three models on the training cohort

MRI-based Radiomics to Differentiate between Benign and Malignant Parotid Tumors

with External Validation

Authors: Francesca Piludu?, Simona Marzi?, Marco Ravanelli®, Raul Pellini®, Renato Covello®, Irene

Terrenato®, Davide Farina®, Riccardo Campora®, Valentina

Ferrazzoli’, Antonello Vidiri'
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Differentiation between benign and malignant parotid lesions

End-point Selected Features Accuracy(%) Sensitivity(%) Specificity(%) PPV(%) NPV(%)
. ADC P25
Warthin’s vs
Malienant Volume Density AEE 77.8 90.0 42.9 81.0 60
& Margins [57.7,91.4] [68.3,98.8] [9.9,81.6] [68.6,89.2] [23.8, 87.8]
tumors
Gd
. ADC P25
Benign* vs
Wartghin's Volume Density AEE 91.7 85.7 94.1 85.7 94.1
MinimumHistogramGradient  [73.0,99.0] [42.1,99.6] [71.3,99.9] [46.7,97.6] [72.2,99.9]
tumors Gd
Benian* ADC P25
enign* vs
Malignant T2 P10 80.4 84.4 75.0 81.8 78.2
Gd [67.6, 89.8] [67.2,94.7] [53.3,90.2] [68.9,90.1] [60.9, 89.3]
tumors Margins

Table. Predictive Performance of the three models on the validation cohort

...with similar performance ~ #thNov2O20 @BAB

MRI-based Radiomics to Differentiate between Benign and Malignant Parotid Tumors

with External Validation

Authors: Francesca Piludu?, Simona Marzi?, Marco Ravanelli®, Raul Pellini®, Renato Covello®, Irene

Terrenato®, Davide Farina®, Riccardo Campora®, Valentina

Ferrazzoli’, Antonello Vidiri'
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MRI for Prediction HPV status in Oropharyngeal SCC

T 1.377/0.991 ~10-3 mm2/s
N 0.953/0.738 ~10-3 mm2/s

European Journal of Radiology

ADC/D,

Rescarch article

Intravoxel incoherent motion diffusion-weighted imaging for oropharyngeal M)
s cell carcinoma: Correlation with human papillomavirus Status £

squamou
Antonello Vidiri*, Simona Marzi”", Enma Gangemi®, Maria Benevolo®, Francesca Rollo®,
Alessia Fa i1, Laura Marucei” i 4 CCSH i°

mneti, Laura Marucci®, Filomena Spasiano®, Francesca Sperati®,
ca Di Giuliano™, Raul Pellini?, Giuseppe Sanguineti’

the best predictive
model for HPV
positivity was obtained
combining

higher ADC HPV- v" alcohol intake

/ -
ADC/D, T 1.598/1.265 10-3 mmais smoke habits
N 1.289/1.046 ~03mmzs ¥ Dy values of PTs

accuracy = 80.8%
o &
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MRI for Prediction of tumor response to CHT-RT in head-neck nodes

Contents lists available at ScienceDirect

) . el Charactenstic
Physica Medica v fent nur
ge (years)
journal homepage: http://www.physicamedica.com S SCXM(ESI’;';( rrrrr ) 331(328_82)
Primary tumor site
yi Oropharyr 12 (40.0%)
Original paper Na:';;:;;x‘x (36.7%)
Characterization of cervical lymph-nodes using a multi-parametric and Lo ps
multi-modal approach for an early prediction of tumor response to ok 28
. sta;
chemo-radiotherapy s x
V] (36.7%)
Elisa Scalco®*', Simona Marzi ', Giuseppe Sanguineti, Antonello Vidiri ¢, Giovanna Rizzo* o 2
T0 %

the image-based analysis was performed on
» the planning CT
» on T2w-MRI

» DW-MRI acquired before CRT (MRI 1) and at mid-treatment (MRI 2)

Texture analysis

pre-treatment features showed higher predictive power than mid-
CRT features, the ADC having the highest accuracy (80%); CT-
based indices were found not predictive. When ADC was combined
with Texture Analisys on T2, the classification performance cj

Increased (accuracy = 82.8%) . ‘
4thNov2020 @ISAB IRE




correlation between imaging - molecular date — genetic alterations

In 2016 WHO grade Il and Il infiltrating gliomas

» astrocytoma IDH-mutant
» astrocytoma IDH-wild type DH12

mutation

» oligodendroglioma IDH-mutant
1p/19q codeleted tumors.

EGFR

genomic alterations smplfcstn
in gliomas are S
assoclated with a
number of
radiographic o
features on MRI c;
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correlation between imaging - molecular date — genetic alterations

GLIOMA PROJECT

correlation
)

molecular features
v" IDH mutation,
v MGMT

v Ki-67

v' EGFR

I MRI...pre treatment

Comparison of Machine Learning Classifiers to Predict Patient Survival
and Genetics of GBM: Towards a Standardized Model for Clinical
Implementation

Luca Pasquini'?, Antonio Napolitano®, Martina Lucignani®, Emanuela Tagliente’, Francesco
Dellepiane?, Mar CmndlaRnslespglle Mtt,e Ritrovato®, Antonello Vidiri®, Veronica

Villani’, Giulio Ranazzi*, Adrea AlbertDNpl,
Alssad Bozzao*

iol Unit, Radiology I Memorial Sloan Kettering Cancer Center, 1275 York
A N w York, NY 10065, USA

“Neuroradiology Unit, NESMOS Department, Sant’ Andrea Hospital, La Sapienza Uni y, Via di
Grot m ossa 1035, Rome 00189, Ttaly.

] Physics Department, Bambino Ges Children's Hospital, IRCCS, Piazza di Sant'Onofrio,
00165, It taly.

J¢ gy Unit, Imaging Department, Bambino Gesd Children's Hospital, IRCCS, Piazza di
, Roy ome ()0165 Italy.

Technology Risk Manager, Bambino Gesu Children's Hospital
0,4, Rome 00165, Ttaly.

'maging Department, Regina Elena National Cancer Institute.
44, Ttaly.
ina Elena National Cancer Institute, IRCCS, Via Elio (

*Department of Clinical and Molecular Medicine, Surgical Pathology Units , Sant
La Sapienza University, Via di Grottarossa 1035, Rome 00]89 Iml)
“Radiology Department, Castelli Romani Hos ospital, Via Net
Ttaly.

e Km 11.5, Ariccia 00040, Rome,

v morphologycal imaging (site, signal intensity,
margin, contrast enhancement, mismacth between T2
and FLAIR)

v non morphological imaging (Diffusion and
Perfusion)

multicentric study

156 adult patients with pathologic

diagnosis of GBM
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correlation between imaging - molecular date — genetic alterations

GLIOMA PROJECT
correlation

1

I i MRI...pre treatment
v morphologycal imaging (site, signal intensity,
margin, contrast enhancement, mismacth between T2

molecular features
v" IDH mutation,

; I\K/I-GGI\;IT and FLAIR)

v EEFR v non morphological imaging (Diffusion and
Perfusion)

accuracy

v OS (74.5%) - textural features from FLAIR /T2 / necrosis
v IDH mutation (98%) — rCBYV on perfusion
v" MGMT methylation (81.5%) — FLAIR sequences “
v Ki-67 expression (95%) — diffusion ADC i . c>
v' EGFR amplification (93%) — rCBYV on perfusion / T2 sequences

'@[ISAB |RE
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Ongoing studies

v’ correlation between radiomics features in patients with lung tumors
underwent surgery and specific driver mutational status

v' correlation between the parameters identified by perfusion
Imaging (neo-vascularization) and diffusion (cellularity and
stroma) with those of the immunohistochemistry and digital
pathology, RNASEQ, and with the immunoprofiling of the cells of
the immune system in the periphery in head and neck tumors

v" radiomics features in cervical cancer underwent radio-
chemiotherapy and overall survival

v" radiomics features in liver metastases underwent chemiotherapy
and surgery

)
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correlation: imaging parameters - immunohistochemistry - digital pathology

)
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correlation: imaging parameters - immunohistochemistry - digital pathology
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correlation:

K: mediana = 0.70; kurtosis = 16.2; skewness = 0.18

Voxel Counts
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K: mediana = 0.75; kurtosis = 2.46; skewness = -0.044
T T T T T T T T

D: mediana = 1.352; kurtosis

=2.16; skewness = 0.504

diffusion and perfuszon MR related to tissue architecture 4thNov2020 @ISAB
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guantitative evaluation

of whole tumor

with histogram analysis
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Imaging parameters - immunohistochemistry - digital pathology

= 0.544; kurtosis = 31.23; skewness = 3.71; vol =18.2 cma;
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correlation: imaging parameters - immunohistochemistry - digital pathology

Ktrans(min-1) Kep(min-1) ve(f.u.) IAUGC90(a.u.) MaxSlope(s-1) CE(a.u.) BAT(S) D K Vol(cm3)
0,544 1,12 0,517 0,51 0,08 3,37 14,0 1,230 0,700 18,3
CcD4 60% |3+ - - -
= e himmunoistochemical
CD20 30%|3+ . .
PDLL co% |1+ Immqno monitoring
COLL IV 10% |1+ Belinda Palermo
Lo el Maria Angela Panetta
CD3 70% |3+
Mena WT 90% |2+
we are working to correlate..... what implications ?
Ktrans(min-1) Kep(min-1) ve(f.u.) IAUGC90(a.u.) MaxSlope(s-1) CE(a.u.) BAT(S) D K Vol(cm3)
1,464 1,92 0,791 1,08 0,16 5,61 27,5 1,352 0,750 26,3

HHLLlhlj.Jlullui.

digital pathology
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correlation: imaging parameters - immunohistochemistry - digital pathology

Ktrans(min-1) Kep(min-1) ve(f.u.) IAUGC90(a.u.) MaxSlope(s-1) CE(a.u.) BAT(S) D K Vol(cm3)
0,544 1,12 0,517 0,51 0,08 3,37 14,0 1,230 0,700 18,3

cD4 60% |3+ - - -
= e himmunoistochemical
CD20 30%|3+ . .
PDL1 oo 1+ Immuno monitoring
COLL IV 10% |1+ Belinda Palermo
Lo el Maria Angela Panetta
CD3 70% |3+
Mena WT 90% |2+

with radio / anel of baseline imagin

biomarkers before surcery that can be used to define proenostic and diagnostic markers

Ktrans(min-1) Kep(min-1) ve(f.u.) IAUGC90(a.u.) MaxSlope(s-1) CE(a.u.) BAT(S) D K Vol(cm3)
1,464 1,92 0,791 1,08 0,16 5,61 27,5 1,352 0,750 26,3
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Work Flow

RX/IMX/US/CT/MR/PET-CT

contain information that reflects tumor
biology

Imaging biomarkers from radiomics patient characteristics
age- sex- lifestyle habits — genomic date

SAVCCAUBNYAlY (o0 [earning — machine learning — artificial
Intelligence

el [eEIRUEEIES guide the management of patients at bedside c5
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CONCLUSION

Radiomics has

v immense potential to improve knowledge in tumor biology

v allows tumor monitoring across time, with images being routinely
acquired throughout the course of treatment

v"imaging biomarkers may be used to cancer detection, diagnosis,
choice of therapeutic strategy, prognosis inference, prediction of
response.

1 still a long way to go,
™ -
like any challenge

uli 2‘?) Slnic;iy;eatures = ! V','!."‘

& i @ = ‘ 1»’,’ ‘ .‘,' " " .
M= R Sy )
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RADIOLOGY UNIT

to my Unit
Medical Physics Laboratory

UNIT of Head Neck Surgery
UNIT of Radiotherapy |
UNIT of Tumor Immunology and Immunotherapy

UOSD Biostatistics, Bioinformatics and Clinical Trial Center
UOSD SAFU

UNIT of Pathology

UNIT of Neuroncology

....and to you for our attention ()
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