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"Classical" quantification in PET: the role of SUV

The Standardized Uptake Value (SUV) is the most widely used semi-quantitative parameter in clinical practice to express tissue metabolic activity (e.g. 
18F-FDG).

SUVmax

Maximum uptake value within the lesion: simple and reproducible, but 
sensitive to the statistical noise of a single voxel.

SUVmean

Mean uptake over the entire segmented volume: more stable, but dependent 
on segmentation quality.

MTV

Metabolic Tumor Volume: amount of metabolically active tissue, correlated 
with overall tumor burden.

TLG

Total Lesion Glycolysis: combines volume and metabolic intensity (MTV × 
SUVmean).
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From a single value to texture: why we need radiomics

Limitations of classical quantification

–
SUV and MTV summarize the lesion in a few numbers, ignoring the 
spatial heterogeneity of the tumor

–
Variable sensitivity and non-specific uptake in inflammatory 
conditions (e.g. 18F-FDG)

–
Limited ability to describe shape, texture and intratumoral 
distribution of metabolic activity

The radiomics answer

+
Converts the image into a high-dimensional feature space, mineable 
with statistical and ML methods

+
Describes shape, intensity and texture (e.g. entropy, homogeneity) 
beyond the single uptake value

+
Captures intratumoral heterogeneity, potentially predictive of 
prognosis and treatment response
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What radiomic features measure

Shape

Volume, surface area, sphericity, compactness: 
they describe the geometry of the segmented 
lesion

Intensity (First order)

Mean, median, standard deviation, skewness of 
the distribution of uptake values

Texture (Second order)

Entropy, homogeneity, contrast: they quantify 
spatial patterns and intratumoral heterogeneity

Together, these features build a quantitative "signature" of the lesion, complementary to SUV and potentially more informative for the biological 
characterization of the tumor.
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The radiomic workflow, step by step

1

Preprocessing

Image harmonization across 
different modalities/scanners and 

correction for attenuation, randoms 
and scatter

2

Segmentation

Definition of ROIs corresponding to 
the lesions or anatomical structures 

of interest

3

Feature extraction

Computation of shape, intensity 
and texture features (mean, 

entropy, homogeneity, volume, 
surface area...)

4

Selection & training

Train/test split, selection of the 
most informative features, k-fold 

for robust results

5

Predictive model

Building machine learning models 
linked to clinical outcomes and 

prognosis

› › › ›
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matRadiomics is a freeware that allows 
the user to carry out the whole radiomics 
framework: 

import medical images
segmentation
feature extraction
feature selection
model building
prediction.
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La nostra risposta a LLM (Large Language Model)… 
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Case study: the MIRAGE project

MIRAGE — MIcroRNA-targeted imaging for monitorinG and prognostic stratification in nEuroendocrine tumors

PNRR-POC project 2023-12378163 · CNR-IBSBC (OU3) as partner for probe development, radiomics and in vivo testing

The rationale

A signature of 3 c-miRNAs (hsa-miR-5096, hsa-let-
7i-3p, hsa-miR-4311) is associated with 18F-FDG 
PET/CT positivity in PNETs (p<0.005).

The role of radiomics

matRadiomics extracts features from PET/CT to 
correlate them with miRNA expression, 
metabolism and SSTR2 expression.

The clinical goal

Integrate the molecular signature and radiomics 
features to improve diagnostic accuracy, prognosis 
and personalized care of NETs.
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ROIFerrara Cohort

14 Patients
68Gallium-DOTATOC PET & Diagnostic CT

Messina Cohort

Pending Transfer
Independent multicenter validation set

Current Available Endpoint

Primary vs. Metastasis
Task: Stratification and phenotypic separation between primary neuroendocrine lesions (n = 10) and 

metastatic disease sites (n = 4) using standardized multimodal radiomics.
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Pipeline 1

1. PREPROCESSING

Standardization 2. DELINEATION

3D Dual VOI

3. EXTRACTION

• PET Conversion: Radioactive decay & SUVbw 
calibration [g/ml].

• CT Calibration: Hounsfield Units with dedicated 
soft-tissue windowing.

• Isotropic Resampling: IBSI-standard 3D spline 
interpolation.

• Discretization: Fixed bin width to preserve 
absolute physical units.

• Volume of Interest: Manual expert 3D 
delineation across axial, coronal, and sagittal 
planes.

• Centroid Alignment: Lesion co-localization 
verified across CT, PET, and fused datasets.

• Framework: PyRadiomics engine orchestrated 
inside matRadiomics freeware.

• 1,881 Features / Modality: Parallel identical 
computation on CT and PET.

• 3,762 Total Features: Full 26-connectivity 3D 
adjacency matrices.

matRadiomics Core

mailto:alessandro.stefano@ibfm.cnr.it?subject=


Alessandro Stefano - alessandro.stefano@cnr.it

Pipeline 2

9 Filter Domains (Multi-Frequency Space)
1. Original: Native unfiltered baseline volume.

2. 3D Wavelet (8 sub-bands): Directional decomposition (LLL, LLH, 
LHL, LHH, HLL, HLH, HHL, HHH).

3. LoG (Laplacian of Gaussian): Progressive spatial gradients (σ = 1.0, 
2.0, 3.0, 4.0, 5.0 mm).

4. LBP (Local Binary Patterns): Micro-contrast patterns on 2D slices 
and 3D blocks.

• 3D Morphology (Shape): Volume, surface, sphericity, elongation, 
compactness.

• First Order: Mean, std dev, kurtosis, skewness, entropy, interquartile 
range.

• Second Order (GLCM): Contrast, dissimilarity, correlation, joint 
probability.

• Higher Order: GLRLM (run-length), GLSZM (size zone), GLDM, and 
NGTDM matrices.

Mathematical Feature Classes
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Clinical Parameter Metastasis (n=4) Primary (n=10) Cliff's δ Exact p-value

Lesion Volume (ml) 1.74 1.89 +0.05 0.945

Lesion SUVmax 28.87 22.44 +0.15 0.733

Whole-Body SUVmax 94.00 79.01 +0.20 0.635

Total Voxel Count 1,738 1,885 +0.05 0.945

Standard quantitative parameters (SUVmax and Volume) exhibit completely overlapping distributions between primary tumors and metastases (δ  0.20; p  ≤ ≥
0.635).  Direct clinical necessity to investigate intratumoral spatial heterogeneity using advanced texture radiomics.→

Statistical Separation: Classical variables
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Statistical Separation: Radiomics variables

Biomarker / Feature Primary (n=10) Median [IQR] Metastasis (n=4) Median [IQR] Cliff's δ Exact p

SUV max (lesion) 22.44 [9.48 – 47.18] 28.87 [14.90 – 35.36] +0.15 0.733

Lesion Volume (ml) 1.89 [0.39 – 3.62] 1.74 [0.66 – 6.83] +0.05 0.945

PET lbp-2D InterquartileRange * 1.00 [1.00 – 1.00] 0.00 [0.00 – 0.50] -0.75 0.011 *

PET wavelet-LHL glcm Imc1 -0.32 [-0.34 – -0.31] -0.39 [-0.41 – -0.36] -0.80 0.024

CT LoG (σ=1.0mm) Mean -2.28 [-2.89 – -1.29] +0.09 [0.08 – 5.15] +1.00 0.002

CT LoG (σ=2.0mm) Mean -7.61 [-11.15 – -4.80] +0.44 [-0.12 – 15.66] +1.00 0.002

Volume and SUVmax display identical distributions between primary lesions and metastases (δ  0.15; p  0.73). Local contrast patterns (LBP) and LoG spatial filters ≤ ≥
demonstrate complete separation, totally independent of lesion volume.
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Machine learning and best features

PET MODEL EVALUATION

Best Trend

0.650
Leave-One-Out (LOO) AUC

• Balanced Accuracy: 52.5% (Brier: 0.230)

• Permutation p: 0.2695 (500 runs)

• Null mean AUC: 0.488 (95th percentile = 0.876)

• 1 feature selected per cross-validation fold

1 Feature Survived maxT

High-Frequency Spatial Texture

Size Independence

PET lbp-2D InterquartileRange (p = 0.0110)
Cliff's δ = -0.75 · maxT FWER = 0.031 (Robust at 5% FWER threshold).

PET wavelet-LHL glcm Imc1 / MCC (p = 0.0240)
Cliff's δ = ±0.80 · Directional sub-band relationship.

PET wavelet-HHL glcm MaxProbability (p = 0.0240)
Cliff's δ = -0.80 · Only 2 of 30 top candidates correlated with lesion volume.
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