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2Introduction
Définition

P Lambin, et al. Radiomics: extracting more information from medical images using advanced

feature analysis. Eur J Cancer 2012

Radiomique : extraction “haut-debit” de

données quantitatives des images

médicales multimodales.

Principe : transformer les images

(“pictures”) en données numériques dans

lesquelles il devient possible de “fouiller”

(data mining)

RJ. Gillies, et al. Radiomics: images are more than pictures, they are data. Radiology 2016
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Rationel supportant la radiomique

Introduction

Hétérogénéité fonctionnelle et morphologique

Les tumeurs sont hétérogènes [1] à toutes les échelles

Génétique, cellulaire, tissulaire (macroscopique)

Hypothèse : les caractéristiques des tumeurs dans les images médicales 

(échelle macro) reflètent (partiellement) les échelles inférieures y compris 

génétiques [2]

1. Gerlinger, et al. Intratumor heterogeneity and branched evolution revealed by multiregion

sequencing. N Engl J Med. 2012

2. Segal, et al. Decoding global gene expression programs in liver cancer by noninvasive imaging.

Nat Biotechnol. 2007

Histologie Biomarqueurs Protéomique Génomique
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Défis en TEP

Radiomique en TEP/TDM
Segmentation

 Rapport signal à bruit limité

(sensibilité, durée d’acquisition...)

 Effets de volume partiel

(résolution spatiale ~ 5 mm FWHM)

 Echantillonnage spatial

(taille des voxels ~ 2 à 5 mm)

 Hétérogénéité

 Complexité des formes

M. Hatt, et al. Metabolically active volumes automatic delineation methodologies in PET imaging:

Review and perspectives. Cancer Radiother 2011

J.A. Lee. Segmentation of positron emission tomography images: some recommendations for

target delineation in radiation oncology. Radiother Oncol. 2010

→ Segmentation manuelle peu fiable (variabilité intra- & inter- experts)

→ Il n’existe pas de seuil universel

→ Une segmentation binaire n’est souvent pas appropriée
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Défis en TEP

Radiomique en TEP/TDM
Segmentation
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1997-2007 : l’âge sombre

Un des premiers articles (conférence)
Suggestion d’un seuil fixe à 42% du maximum

Ont suivi d’innombrables articles1

On trouve toutes les valeurs possibles (de 30 à 90% du SUVmax / 

SUVpeak …, ou >SUV 2.5, 2.0 …)

Seuillages adaptatifs

Approches itératives

Approches prenant en compte le contraste ou fixation du fond

Optimisation nécessaire pour chaque centre/scanner

A.-S. Dewalle-Vignion, et al. Les méthodes de seuillage en 

TEP : un état de l’art. Médecine Nucléaire 2010
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M. Hatt. Automatic determination of functional volumes for 

oncology applications. PhD thesis, University of Brest 2008.
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2007 : l’ère de la segmentation d’images

B. Foster, et al. A review on segmentation of positron emission 

tomography images. Comput Biol Med. 2014  
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Task Group No. 211 - Classification, Advantages and 

Limitations of the Auto-Segmentation Approaches for PET 

2011-2016

Objectifs :

Recenser l’état de l’art

Evaluer de façon critique les différentes approches

Proposer une méthodologie d’évaluation des méthodes

Données (synthétiques, simulées, fantômes physiques, cliniques)

Métriques de performance (précision, robustesse, reproductibilité)

1. M. Hatt, et al. Report of AAPM TG211: Classification and evaluation strategies of auto-

segmentation approaches for PET. Med Phys 2017

2. B. Berthon, et al. Design and Implementation of PETASset: Benchmark Evaluation Software for

PET Auto-Segmentation Methods. Med Phys 2017
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Conclusions :

Des dizaines de méthodes publiées, niveau de validation 

très variable (et le plus souvent médiocre)

Pas de comparaisons à grande échelle, donc pas de 

consensus scientifique (à part concernant les seuillages)

A fortiori pas de consensus industriel et donc 

implémentation limitée d’outils pour les cliniciens

Besoin important de standardisation

1. M. Hatt, et al. Report of AAPM TG211: Classification and evaluation strategies of auto-

segmentation approaches for PET. Med Phys 2017

2. B. Berthon, et al. Design and Implementation of PETASset: Benchmark Evaluation Software for

PET Auto-Segmentation Methods. Med Phys 2017



Benchmark (« banc de test »)
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 Images cliniques

 Fantômes physiques

 Simulations numériquesF
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Vérité approximative

Cas réels

Vérité fiable (avec 

approximations)

Acquisitions réelles mais 

objets simplifiés

Vérité parfaitement fiable

Réalisme variable à la fois 

dans les caractéristiques 

d’images et dans les objets

1. M. Hatt, et al. Report of AAPM TG211: Classification and evaluation strategies of auto-

segmentation approaches for PET. Med Phys 2017

2. B. Berthon, et al. Design and Implementation of PETASset: Benchmark Evaluation Software for

PET Auto-Segmentation Methods. Med Phys 2017
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Variabilité due à la segmentation TEP

Radiomique en TEP/TDM
Exemple lymphome

A-S. Cottereau, et al. Baseline Total Metabolic Tumor Volume Measured with Fixed

or Different Adaptive Thresholding Methods Equally Predicts Outcome in

Peripheral T Cell Lymphoma. J Nucl Med 2017



14Radiomique en TEP/TDM
Extraction de caractéristiques
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Forme 3D:

Hypothèse : agressivité, potentiel métastatique…

Forme anatomique (TDM, IRM…)

Forme fonctionnelle (TEP)

Calculs simples avec descripteurs géométriques

Radiomique en TEP/TDM
Forme

Sphéricité 

faible

Sphéricité 

élevée

Irrégularité

élevée
Irrégularité

faible
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Textures

Technique utilisée depuis les années 70 dans tous 

les domaines du traitement d’image

Quantification des motifs et les variations 

d’intensité et leur arrangement spatial

Imagerie médicale (TDM IRM >19901,2, TEP >20093) 

Quantification d’organes/tissus/tumeurs

Segmentation

Détection

Classification d’images

Radiomics (>2012)

Textures

Radiomique en TEP/TDM

1. Schad LR, et al. MR tissue characterization of intracranial tumors by means of texture analysis. Magn Reson Imaging 1993.

2. Mir AH, et al. Texture analysis of CT-images for early detection of liver malignancy. Biomed Sci Instrum. 1995.

3. El Naqa I, et al. Exploring feature-based approaches in PET images for predicting cancer treatment outcomes. Pattern

Recognit. 2009
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Complexité

Radiomique en TEP/TDM

Image TEP

« Calculons des textures » Quantification 

utile de 

l’hétérogénéité

Textures

M. Hatt, et al. Characterization of PET/CT images using texture analysis:

the past, the present… any future? Eur J Nucl Med Mol Imaging 2017
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Image Biomarker Standardisation Initiative. Multicentre initiative for

standardization of image biomarkers. ESTRO 2017

Initiative de standardisation

Problèmes et défis

Radiomique en TEP/TDM



19

Dépendence à la segmentation

Radiomique en TEP/TDM
Problèmes et défis

Résultats non publiés

Vérité terrain Classification FLAB

Seuillage 40% Seuillage 50%Contour
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Dépendence à la segmentation

Radiomique en TEP/TDM
Exemple lymphome

Lésion jugulocarotidienne gauche d'un lymphome du manteau

Rouge : FLAB

Bleu : 40%

Vert : SUV 2.5

Source : T. Carlier
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Analyse statistique
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Problèmes dans les analyses statistiques

Radiomique en TEP/TDM
Problèmes et défis

A. Chalkidou, et al. False Discovery Rates in PET and CT Studies with

Texture Features: A Systematic Review. PLoS One. 2015
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Segmentation TEP

Beaucoup de progrès en 10 ans

Très nombreuses méthodes, validation médiocre

Peu d’outils performants disponibles en clinique

Benchmark et standardisation en cours

Besoin de précision / robustesse dépendant de 

l’application et des objectifs

Segmentation TEP/TDM

De nombreuses méthodes déjà publiées

Efforts de validation/standardisation pas au niveau de 

la TEP seule

Conclusions
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Radiomique

Domaine très dynamique

Enormément de difficultés méthodologiques, en 

particulier sur les textures

Pas de standardisation

Validation statistique difficile (machine learning)

Evolutions futures

Standardisation (en cours)

Grandes études multicentriques prospectives

Apprentissage automatique (profond)

Conclusions
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Segmentation

2007 : l’ère de la segmentation d’images
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Potentiel discriminant

Haralick, et al. Textural Features for Image Classification. IEEE Transactions on 

Systems, Man and Cybernetics. 1973

The GLCM tutorial page http://www.fp.ucalgary.ca/mhallbey/tutorial.htm

1er ordre

(histogrammes)

a = b = c = d

2ème ordre

(voisinages)

a # (b = c = d)

3ème ordre

(groupes de pixels)

a # b # c # d

Textures

Radiomique en TEP/TDM



29Introduction
Définition

P Lambin, et al. Radiomics: extracting more information from medical images using advanced

feature analysis. Eur J Cancer 2012

HJ. Aerts, et al. Decoding tumour phenotype by noninvasive imaging using a quantitative radiomics

approach. Nat Commun. 2014
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HJ. Aerts, et al. Decoding tumour phenotype by noninvasive imaging 

using a quantitative radiomics approach. Nat Commun. 2014
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HJ. Aerts, et al. Decoding tumour phenotype by noninvasive imaging 

using a quantitative radiomics approach. Nat Commun. 2014
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HJ. Aerts, et al. Decoding tumour phenotype by noninvasive imaging 

using a quantitative radiomics approach. Nat Commun. 2014
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Hofheinz, et al. An automatic method for accurate volume

delineation of heterogeneous tumors in PET. Med Phys 2013

Examples: ROVER method
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Geets, et al. A gradient-based method for segmenting FDG PET images: 

methodology and validation. Eur J Nucl Med Mol Imaging. 2007

Original PET

+ bilateral filtering

+ iterative deconvolution

Contours detection

Examples: gradient-based
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Examples: FLAB

Nebula 18F-FDG PET

Hatt, et al. A fuzzy locally adaptive Bayesian segmentation approach for volume determination in

PET. IEEE Trans Med Imaging. 2009

Hatt, et al. Accurate automatic delineation of heterogeneous functional volumes in positron

emission tomography for oncology applications. Int J Radiat Oncol Biol Phys. 2010
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Examples: FLAB
18 clinical NSCLC tumors with histopathology

 max diameter: 12-90 mm

 Heterogeneity: variable

 Shapes: variable

CT

PET
van Baardwijk et al, 
International Journal of 
Radiation Oncology Biology 
Physics, 2007 

Hatt M, et al. Impact of tumor size and tracer uptake heterogeneity in (18)F-FDG PET

and CT non-small cell lung cancer tumor delineation. J Nucl Med. 2011
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Examples: FLAB
18 clinical NSCLC tumors with histopathology

 max diameter: 12-90 mm

 Heterogeneity: variable

 Shapes: variable

CT

PET
van Baardwijk et al, 
International Journal of 
Radiation Oncology Biology 
Physics, 2007 

Hatt M, et al. Impact of tumor size and tracer uptake heterogeneity in (18)F-FDG PET

and CT non-small cell lung cancer tumor delineation. J Nucl Med. 2011
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Hatt, et al. Metabolically active volumes automatic delineation

methodologies in PET imaging: Review and perspectives. Cancer

Radiother 2011



39

R.A. Bundschuh, et al. Textural Parameters of Tumor Heterogeneity in ¹⁸F-FDG

PET/CT for Therapy Response Assessment and Prognosis in Patients with Locally

Advanced Rectal Cancer. J Nucl Med. 2014

Problèmes de nomenclature

Problèmes et défis

Radiomique en TEP/TDM
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Radiomics depuis 2012

Radiomics : 243 publications recensées au 16/05/2017

Nombre de publications Nombre de citations

Source : web of science
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Texture TEP et survie

Radiomique en TEP/TDM
Exemple lymphome

Source : T. Carlier
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3D geometrical shape:
Low High

𝑆𝑜𝑙𝑖𝑑𝑖𝑡𝑦 =
𝑉𝑜𝑙𝑢𝑚𝑒

𝐶𝑜𝑛𝑣𝑒𝑥 𝐻𝑢𝑙𝑙 𝑣𝑜𝑙𝑢𝑚𝑒

𝑅𝑒𝑐𝑡𝑎𝑛𝑔𝑢𝑙𝑎𝑟𝑖𝑡𝑦

=
𝑉𝑜𝑙𝑢𝑚𝑒

𝑀𝑖𝑛 𝑏𝑜𝑢𝑛𝑑𝑖𝑛𝑔 𝑏𝑜𝑥 𝑣𝑜𝑙𝑢𝑚𝑒

𝑆𝑝ℎ𝑒𝑟𝑖𝑐𝑖𝑡𝑦 =

3
36 𝜋 𝑉𝑜𝑙𝑢𝑚𝑒²

𝑆𝑢𝑟𝑓𝑎𝑐𝑒

El Naqa, et al. Exploring feature-based approaches in PET images for 

predicting cancer treatment outcomes. Pattern Recognit. 2009

Radiomics in PET/CT
3D geometrical shape
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3D geometrical shape:

Convexity

Images TDM

O. Grove, et al. Quantitative computed tomographic descriptors associate tumor shape

complexity and intratumor heterogeneity with prognosis in lung adenocarcinoma.

PLOS ONE 2015

Radiomics in PET/CT
3D geometrical shape
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Forme 3D
Sphéricité

Radiomique en TEP/TDM
Forme

I. Apostolova, et al. Asphericity of pretherapeutic tumour FDG uptake provides

independent prognostic value in head-and-neck cancer. Eur Radiol. 2014
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Forme 3D
Sphéricité

Radiomique en TEP/TDM
Forme

I. Apostolova, et al. Asphericity of pretherapeutic tumour FDG uptake provides

independent prognostic value in head-and-neck cancer. Eur Radiol. 2014
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Forme 3D
Sphéricité

Radiomique en TEP/TDM
Forme

I. Apostolova, et al. Asphericity of pretherapeutic tumour FDG uptake provides

independent prognostic value in head-and-neck cancer. Eur Radiol. 2014
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Numerous types of features exist

Textural features

Radiomics in PET/CT

Jensen. Introductory Image Processing 3rd ed. Upper Saddle

River, NJ: Prentice-Hall 2005

2nd order example: co-occurrence matrix
1. Necessary quantization (𝑄 = 2𝑛, 𝑛 = 3,4,5,6,7)
2. Matrix design and building (direction(s), distance…)

3. Parameters calculation within the matrix


ji

jiAjiAEntropy
,

)),(log(),(

𝑄 = 23=8
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Numerous types of features exist

Histogram analysis

No spatial info

Co-occurrence matrix

Local spatial info

Size-zone matrix

Regional spatial infoIn
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Textural features

Radiomics in PET/CT

Jensen. Introductory Image Processing 3rd ed. Upper Saddle

River, NJ: Prentice-Hall 2005
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Numerous types of features exist

Textural features

Radiomics in PET/CT

Jensen. Introductory Image Processing 3rd ed. Upper Saddle

River, NJ: Prentice-Hall 2005

1st order: histogram analysis
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First papers

Radiomics in PET/CT

N=9 H&N

The past: the early beginnings

El Naqa, et al. Exploring feature-based approaches in PET images for 

predicting cancer treatment outcomes. Pattern Recognit. 2009
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First papers

Radiomics in PET/CT

N=14 Cervix
N=9 H&N

The past: the early beginnings

El Naqa, et al. Exploring feature-based approaches in PET images for 

predicting cancer treatment outcomes. Pattern Recognit. 2009
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First papers

Radiomics in PET/CT
The past: the early beginnings

Gavalis, et al. Variability of textural features in FDG PET images due to different

acquisition modes and reconstruction parameters. Acta Oncol. 2010
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First papers

Radiomics in PET/CT
The past: the early beginnings

Gavalis, et al. Variability of textural features in FDG PET images due to different

acquisition modes and reconstruction parameters. Acta Oncol. 2010
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First papers

Radiomics in PET/CT
The past: the early beginnings

Gavalis, et al. Variability of textural features in FDG PET images due to different

acquisition modes and reconstruction parameters. Acta Oncol. 2010
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First papers

Radiomics in PET/CT

N=41 esophageal cancer

The past: the early beginnings

F. Tixier, et al. Intratumor heterogeneity characterized by textural features on baseline

18F-FDG PET images predicts response to concomitant radiochemotherapy in

esophageal cancer. J Nucl Med. 2011 [Highly cited (>200), top 1%]
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First papers

Radiomics in PET/CT
The past: the early beginnings

F. Tixier, et al. Intratumor heterogeneity characterized by textural features on baseline

18F-FDG PET images predicts response to concomitant radiochemotherapy in

esophageal cancer. J Nucl Med. 2011 [Highly cited (>200), top 1%]
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>2011: numerous other papers
Dozens, in several pathologies

Breast, Lung, Head and neck, rectum, sarcoma, lymphoma…

Use of textural features or different quantification approaches

Different types of textural features

Area under the curve of the cumulative histogram

Simpler metrics (heterogeneity factor, SUVCOV or SUVSD)

As many issues as there are papers…

Small cohorts, no external validation

Use of unreliable/unreproducible features

Lack of rigorous statistical analysis

Lack of redundancy analysis

…

Radiomics in PET/CT
The past: optimism and naïveté
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Did we go too fast? 1,2

No thorough technical validation

Little to no consideration of volume interaction, 

and redundancy among features

(Very) small cohorts

Loose statistical analysis, only surrogate of 

endpoints/outcome, no gold-standard

Use of unreliable features, no acknowledgment of 

previous publications

…

Radiomics in PET/CT
The present: criticism and doubts

1. Cheng NM, et al. The promise and limits of PET texture analysis. Ann Nucl Med. 2013

2. Brooks FJ. On some misconceptions about tumor heterogeneity quantification. Eur J

Nucl Med Mol Imaging. 2013
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2. Leijenaar RTH, et al. The effect of SUV discretization in quantitative FDG-PET Radiomics: the need for standardized

methodology in tumor texture analysis. Acta Oncol 2013

1. Tixier F, et al. Reproducibility of tumor uptake heterogeneity characterization through textural feature analysis in 18F

FDG PET. J Nucl Med 2012

Quantization
A largery ignored and underestimated problem before 2014

Required for 2nd and 3rd order features calculations

Huge impact on resulting features
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Volume confounding effect

FJ. Brooks, et al. The effect of small tumor volumes on studies of

intratumoral heterogeneity of tracer uptake. J Nucl Med. 2014
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Volume confounding effect

FJ. Brooks, et al. The effect of small tumor volumes on studies of

intratumoral heterogeneity of tracer uptake. J Nucl Med. 2014
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M. Hatt, et al. 18F-FDG PET uptake characterization through texture analysis:

investigating the complementary nature of heterogeneity and functional tumor

volume in a multi-cancer site patient cohort. J Nucl Med 2015
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Selection and validation of parameters

Before investigating any potential clinical value

Evaluate their repeatability

Test-retest (double baseline) images1,2,3

Evaluate their robustness

Reconstruction algorithms and parameters4

Processing and analysis workflow5

1. Tixier F, et al. Reproducibility of Tumor Uptake Heterogeneity Characterization Through Textural Feature Analysis in FDG PET. J Nuc Med 2012

2. Leijenaar RT, et al. Stability of FDG-PET Radiomics features: an integrated analysis of test-retest and inter-observer variability. Acta Oncol 2014

3. Fried DV., et al. Prognostic value and reproducibility of pretreatment CT texture features in stage III non-small cell lung cancer. Int J Radiat Oncol

Biol Phys. 2014

4. Galavis P, et al. Variability of textural features in FDG PET images due to different acquisition modes and

reconstruction parameters. Acta Onco 2010

5. Hatt M, et al. Robustness of intra-tumor 18F-FDG PET uptake heterogeneity quantification for therapy

response prediction in esophageal carcinoma. Eur J Nuc Med 2013

 Features very sensitive to small intensity variations

 Features quantifying regions of small size and/or low intensity

→ Not robust / reproducible

Radiomics in PET/CT
The present: technical and practical issues
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Selection and validation of parameters

Before investigating any potential clinical value

Evaluate their repeatability

Test-retest (double baseline) images1,2,3

Evaluate their robustness

Reconstruction algorithms and parameters4

Processing and analysis workflow5

1. Tixier F, et al. Reproducibility of Tumor Uptake Heterogeneity Characterization Through Textural Feature Analysis in FDG PET. J Nuc Med 2012

2. Leijenaar RT, et al. Stability of FDG-PET Radiomics features: an integrated analysis of test-retest and inter-observer variability. Acta Oncol 2014

3. Fried DV., et al. Prognostic value and reproducibility of pretreatment CT texture features in stage III non-small cell lung cancer. Int J Radiat Oncol

Biol Phys. 2014

4. Galavis P, et al. Variability of textural features in FDG PET images due to different acquisition modes and

reconstruction parameters. Acta Onco 2010

5. Hatt M, et al. Robustness of intra-tumor 18F-FDG PET uptake heterogeneity quantification for therapy

response prediction in esophageal carcinoma. Eur J Nuc Med 2013

Radiomics in PET/CT
The present: technical and practical issues



67

Selection and validation of parameters

Before investigating any potential clinical value

Evaluate their repeatability

Test-retest (double baseline) images1,2,3

Evaluate their robustness

Reconstruction algorithms and parameters4

Processing and analysis workflow5

1. Tixier F, et al. Reproducibility of Tumor Uptake Heterogeneity Characterization Through Textural Feature Analysis in FDG PET. J Nuc Med 2012

2. Leijenaar RT, et al. Stability of FDG-PET Radiomics features: an integrated analysis of test-retest and inter-observer variability. Acta Oncol 2014

3. Fried DV., et al. Prognostic value and reproducibility of pretreatment CT texture features in stage III non-small cell lung cancer. Int J Radiat Oncol

Biol Phys. 2014

4. Galavis P, et al. Variability of textural features in FDG PET images due to different acquisition modes and

reconstruction parameters. Acta Onco 2010

5. Hatt M, et al. Robustness of intra-tumor 18F-FDG PET uptake heterogeneity quantification for therapy

response prediction in esophageal carcinoma. Eur J Nuc Med 2013

2×2×2 mm34×4×4 mm3
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Selection and validation of parameters

Before investigating any potential clinical value

Evaluate their repeatability

Test-retest (double baseline) images1,2,3

Evaluate their robustness

Reconstruction algorithms and parameters4

Processing and analysis workflow5

→ Among dozens of parameters, only a handful 

are sufficiently reliable (robust+reproducible)
1. Tixier F, et al. Reproducibility of Tumor Uptake Heterogeneity Characterization Through Textural Feature Analysis in FDG PET. J Nuc Med 2012

2. Leijenaar RT, et al. Stability of FDG-PET Radiomics features: an integrated analysis of test-retest and inter-observer variability. Acta Oncol 2014

3. Fried DV., et al. Prognostic value and reproducibility of pretreatment CT texture features in stage III non-small cell lung cancer. Int J Radiat Oncol

Biol Phys. 2014

4. Galavis P, et al. Variability of textural features in FDG PET images due to different acquisition modes and

reconstruction parameters. Acta Onco 2010

5. Hatt M, et al. Robustness of intra-tumor 18F-FDG PET uptake heterogeneity quantification for therapy

response prediction in esophageal carcinoma. Eur J Nuc Med 2013

 Features very sensitive to small intensity variations

 Features quantifying regions of small size and/or low intensity

→ Not robust / reproducible

Radiomics in PET/CT
The present: technical and practical issues
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

F. Tixier, et al. Reproducibility of tumor uptake heterogeneity characterization

through textural feature analysis in 18F-FDG PET. J Nucl Med 2012
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

M-C. Desseroit, et al. Reliability of PET/CT shape and heterogeneity features in

functional and morphological components of Non-Small Cell Lung Cancer tumors:

a repeatability analysis in a prospective multi-center cohort. J Nucl Med 2017

Study Modality # of patients Features evaluated

Tixier, J Nucl Med 2012 FDG PET 16 1st-order, textural

Leijenaar, Acta Oncol 2013 FDG PET 11 Shape, 1st-order, textural

Willaime, Phys Med Biol 2013 FLT PET 11 1st-order, textural

Fried, Int J Radiat Oncol Biol Phys 2014 CT + CE-CT 20, 13 1st-order, textural

Aerts, Nat Commun 2014 CT 31 Shape, 1st-order, textural

Yang, Comput Med Imaging Graph 2015 CE-CT 8 Shape, 1st-order, textural

Fave, Med Phys 2015 CBCT 10 1st-order, textural

Desseroit, Eur J Nucl Med Mol Imaging 2016 CT 31 1st-order, textural

Van Velden, Mol Imaging Biol 2016 FDG PET 11 Shape, 1st-order, textural
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

N = 74 NSCLC stage III-IV, prospective inclusion in 31 sites

Merck (n = 40, 17 sites Europe + Asia)

American College of Radiology Imaging Network (ACRIN) 6678 (n = 34, 14 sites USA)

Test and re-test acquisitions performed within 1 week

Test PET/CT Re-test PET/CT

Weber, et al. Repeatability of 18F-FDG PET/CT in Advanced Non-Small Cell Lung

Cancer: Prospective Assessment in 2 Multicenter Trials. J Nucl Med. 2015
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

Volume VolumeShape descriptors Less reliable features

M-C. Desseroit, et al. Reliability of PET/CT shape and heterogeneity features in

functional and morphological components of Non-Small Cell Lung Cancer tumors:

a repeatability analysis in a prospective multi-center cohort. J Nucl Med 2017
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

Volume Volume

Bins of set width (0.5 SUV)Set number of bins (64)

Less reliable features

M-C. Desseroit, et al. Reliability of PET/CT shape and heterogeneity features in

functional and morphological components of Non-Small Cell Lung Cancer tumors:

a repeatability analysis in a prospective multi-center cohort. J Nucl Med 2017
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

Bins of set width (10 HU)Set number of bins (64)

Volume VolumeLess reliable features

M-C. Desseroit, et al. Reliability of PET/CT shape and heterogeneity features in

functional and morphological components of Non-Small Cell Lung Cancer tumors:

a repeatability analysis in a prospective multi-center cohort. J Nucl Med 2017
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Repeatability & robustness

Radiomics in PET/CT
The present: technical and practical issues

Bins of set width (0.5 SUV)

QuantizationW

Set number of bins (64)

QuantizationB

M-C. Desseroit, et al. Reliability of PET/CT shape and heterogeneity features in

functional and morphological components of Non-Small Cell Lung Cancer tumors:

a repeatability analysis in a prospective multi-center cohort. J Nucl Med 2017
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Reproducibility/variability/robustness

Radiomics in PET/CT
The present: technical and practical issues

J. Yan, et al. Impact of Image Reconstruction Settings on Texture Features in 18F-

FDG PET. J Nucl Med 2015
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Reproducibility/variability/robustness

Radiomics in PET/CT
The present: technical and practical issues

OSEM OSEM+PSF

OSEM+TOF OSEM+PSF+TOF

J. Yan, et al. Impact of Image Reconstruction Settings on Texture Features in 18F-

FDG PET. J Nucl Med 2015



78

Reproducibility/variability/robustness

Radiomics in PET/CT
The present: technical and practical issues

J. Yan, et al. Impact of Image Reconstruction Settings on Texture Features in 18F-

FDG PET. J Nucl Med 2015
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Reproducibility/variability/robustness

Radiomics in PET/CT
The present: technical and practical issues

J. Yan, et al. Impact of Image Reconstruction Settings on Texture Features in 18F-

FDG PET. J Nucl Med 2015
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Challenges

Machine learning

Radiomics in PET/CT
… any future? : machine learning

C. Parmar, et al. Machine Learning methods for Quantitative

Radiomic Biomarkers. Sci Rep. 2015
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Challenges

Machine learning

Radiomics in PET/CT
… any future? : machine learning

C. Parmar, et al. Machine Learning methods for Quantitative

Radiomic Biomarkers. Sci Rep. 2015
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Apprentissage automatique (machine learning)

Radiomique en TEP/TDM
Problèmes et défis

C. Parmar, et al. Machine Learning methods for Quantitative

Radiomic Biomarkers. Sci Rep. 2015
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Apprentissage profond (deep learning)

Evolution récente des réseaux de neurones

Performances impressionnantes

Radiomique en TEP/TDM
Evolution future

Y. Lecun, et al. Deep Learning. Nature. 2015



84

Deep learning

Radiomics in PET/CT
… any future? : deep learning


