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Introduction to radiomics

* Radiomics = advanced image feature analysis method, which extracts a
large number of image features from co-registered images using various
mathematical algorithms.

 These features, together with gold standard information, are used by
machine-learning algorithms to create models that automate and
improve classification or prediction.

 Radiomics-based features have shown to outperform common
prognostic models based on clinical parameters such as the Tumor-
Node-Metastasis staging system (TNM) [Nat Commun 2014; 5: 4006.]

* Potential for patient selection in precision medicine [Br J Radiol 2018;
91: 20170926]
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Introduction to radiomics

New diagnosis
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Int J Radiation Oncol Biol Phys, Vol. 102, No. 4, pp. 10741082, 2018
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Introduction to radiomics

Development
of radiomics
prediction models

Accumulation

of clinical variables
DICOM images and
contours

Computation of
Radiomic features

©)

Statistical analysis
and Machine Learning

@ External validation

\

Int J Radiation Oncol Biol Phys, Vol. 102, No. 4, pp.

- Acquistion protocols
- Reconstr. algorithm
- Contrast agent

- Field of view

- Reconstr. parameters

- Sequence parameters

- Manufacturer & model

- Acguisition time & dose
- Reconstr. filters

- Contrast dynamics

| 1Maging data -
1 L )
1 2. Standardization Pf feature calculation (IBSI)

- Data conversion - ROI interpolation

- Post-processing - Intensity mask

- Segmentation - Morphological mask

- Image interpolation - Quantization

- Feature calculation - Scan corrections
e ] Feature data _

I
:3. Standardization bof statistical analysis (Machine Learning)

- Data type/discretization
- Algorithm selection

- Hyper parameter tuning
- Robustness vs. XYZ

- Limit overfitting

- Training & testing
- Validation

- Data curation

- Feature selection
- Data imbalance

( Clinical evaluation
of radiomics
prediction models

Clinical features
Medical image
acquisition

Quality assurance
on images for
qualification

@

Computation of
Radiomic features

®
@ Prospective

evaluation of
models

Towards more
personalized
treatments

1074e1082, 2018
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Radiomics workflow

IMAGING - REGISTRATION - SEGMENTATION
FEATURES
ANALYSIS - S RACTION
e \ i




Radiomics - Imaging

Variations in feature stability due to different scanners,

imaging protocols and tumor motion [Nat Commun 2014;
5: 4006]

Variability due to different approaches in image
reconstruction

Use of standardized image intensities (HU for CT, SUV for
PET)

ANALYSIS -
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Radiomics - Imaging

Phantom Reconstruction

Spill out

100

— Phantom i
~~~~~~~~~ Reconstruction |

Actual object Measured image © 0.12
=

e Scanner properties | Spillin
* Acquisition protocol

* Reconstruction algorithm

0 50 100 150 200 250

“Partial Volume Effect in PET tumour imaging”,Journal of Nuclear Medicine
(2007),48(6):932-945
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Radiomics - Imaging

Additional factors affecting voxel intensities (and feature
extraction):

* Pixel size

* Slice Thickness

* Number of gray levels

e Bit depth

* Post-reconstruction image filtering

e Scanner calibration and quality assurance (measurement
reproducibility)

e Consistency in multicentric trials (different scanners)




Radiomics — Imaging - CT

EGFR
(epidermal
growth
factor
receptor)
mutation

Wild type

Physica Medica 38 (2017) 122-139
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Radiomics — Imaging - PET
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Radiomics - Registration

Registration is the procedure to align spatially two (I “T
digital images >

3 .Z« 1'_,'-'.{« s Q
. lon i i [ i \\ [ A Jal®
Registration is challenging, especially in case \\.\ —2

deformation is involved.

AAPM TG132 highlights that quantitative verification
is not always possible on a case by case basis (lack of
ground truth)

The need to establish a patient-specific quality
assurance practice is a clinical recommendation [Med
Phys. 2018 Oct;45(10):€908-e922]




Radiomics - Segmentation

.
- N 4—
* Segmentation is a labor- and time-intensive process,
heavily influenced by inter- and intra- segmentation \ IC!
variations [J Clin Oncol 2003; 21: 2574-82] \“«\ 4

 Numerous studies have reported methods to allow
for a more automatic approach to segmentation
[Med Phys. 2014 May;41(5):050902] which in turn
could lead to a more robust radiomics analysis

* Segmentation reproducibility more critical than
accuracy for radiomics applications




Radiomics - Segmentation

Robust Radiomics Feature Quantification Using
Semiautomatic Volumetric Segmentation

14

Chintan Parmar'***>, E | Rios Vel 23, Ralph Leij r?, Moh d Jer
Sara Carvalho?, Raymond H. Mak’', Sushmita Mitra®, B. Uma shanlur’ Ron Kikinis®,
Benjamin Haibe-Kains®’, Philippe Lambin’, Hugo J. W. L. Aerts ">+
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Figure 3. Box-plot comparing intra- and inter-observer reproducibility (ICC) of radiomic features. High inter- and intra- observer
reproducibility (ICC) was observed for 3D-Slicer segmentations compared to the inter-cbserver reproducibility (ICC) of manual delineations. From left
the first box refers to the manual inter-observer reproducibility ICC), second and third boxes refer to the inter-observer reproducibility IICC) of two
different 3D Slicer sagmentation runs. Remaining three boxes refer to the intra-observer reproducibility (ICC) of 3D Slicer segmentations.
doz10.1371/journalpone0102107.g003
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Radiomics — Feature extraction

— =
o fe . . . FEATURES
* |dentification of the region of interest (ROI) #

» Different features require different algorithms for
extraction: variability is therefore feature dependent
* Sensitive to gray level discretization, especially for textural s
features (spatial organization of gray levels): 32 to 64 levels
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for PET images [J Nucl Med 2014; 55: 414-22; NuclMed 777777777777
2015; 56: 38—-44]
* Image sampling, with isotropic sampling preferred [Phys
Med Biol 2015; 60: 5471-96.]
* Sensitivity to image interpolation methods (resampling
needed)




Radiomics — Analysis
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Analysis: data processing

Initial data processing steps:

e Data filtering
e Data transformation
 Data reduction

Finally, it is suggested to create stratified and balanced subsets,
in order for the finite dataset to more closely represent the
population from which it is sampled:

* Classification models may be sensitive to data balance (aiming
at accurate classification)




Data filtering

Data filtering procedures may include:

* compensation for missing values, through imputation
methods (e.g. replace missing values with population average)

* noise smoothing, through binning or regression methods

* removal of outliers and inconsistencies

It is important that any of these procedures is applied
cautiously, especially when prior information about data is not
available, not to introduce or modify existing trends




Data transformation

* Data transformation is recommended and sometimes
necessary in order not to bias the result towards input

features with larger values

* Typically, data are standardized or rescaled in a [0, 1] range
to avoid dependencies on units of measure




Data reduction — feature selection

* Many of the extracted features are redundant: *

IMAGING ‘ REGISTRATION ‘ SEGMENTATION

—> Feature selection algorithms are applied r ]
1
: I-
—> Select “effective” features for a given task, i.e. those i i .
features who are relevant to explain a given output i o NG é
as a function of a group of features : . i &L
! I

The simplest feature selection method is to use a univariate
scoring criterion for the variables, based on the degree of
stability or correlation of variables and remove those with
worst ranking.

- No dependencies between different features that may
lead to better prediction

- Motivation toward multivariate methods




Data reduction — feature selection

Multivariate approaches:

* Correlation-based feature elimination: highly correlated features are
removed using a correlation matrix (reduce redundancy),

N O 11 U 71

Eur Radiol Exp. 2018;2(1):36
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e PCA = Principal Component Analysis
Consider those variables that explain a given % of total variability

» Association analysis with one or more specific outcome(s) via supervised
approaches




Analysis — classification

DATA PROCESSING

l

CLASSIFICATION

TRATNING }1\
}/I

N

VALIDATION

Best parameters

PERFORMANCE
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Analysis — classification

Training phase = the parameters of the learning algorithm are
defined following supervised learning techniques.

Validation phase = assess how well different models perform on a
validation dataset to select optimal models / parameters

Testing phase - evaluate independently the performance of the
model that has been chosen through validation

A large dataset of samples with known classification information is
required to define training, validation and testing data




Analysis — classification

Classifier example: Support Vector Machine (SVM):

* SVMs maximize the margin around the separating hyperplane

* The decision function is fully specified by a subset of training
samples, the support vectors

O 4 O
O O

_ 7
j E Maximum.
E "\ﬂ;\/marglrl




Support Vector Machine - linear

*  Separation Hyperplane wTx, + b = -
wix+b=0

. Minimal distance

min; . lwx+b|=1

*  Thisimplies:

wl(x, —xp) =2




Support Vector Machine - linear

 Then we can formulate a quadratic optimization problem:

Find w and b such that

r=2 s maximized; and for all {(X; , y))}

Wl
wix, +b>1ify=1; wix,+b<-1 ify,=-1

* A better formulation (min | |w]|| =max 1/ ||w] ]| ):

Find w and b such that

d(w) =2 w'w is minimized;

and for all {(X; ,Vi)}: v, (Wx; +b)>1




Non linear SVM

* Datasets that are linearly separable (with some noise) work out great:

* But what are we going to do if the dataset is just too hard?

@ O O—C— o-0—0@ o—O .—»X
0
* How about ... mapping data to a higher-dimensional space: = application
of a kernel (transformation function) to input data




Issues in reproducibility
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www.redjournal.org

Radiomics and Machine Learning

Repeatability and Reproducibility of Radiomic R
Features: A Systematic Review cnec o

Alberto Traverso, PhD,* ' Leonard Wee, PhD,*'" Andre Dekker, PhD,*"'
and Robert Gillies, PhD*

*Department of Radiation Oncology, MAASTRO Clinic, Maastricht, The Netherlands; ‘School for
Oncology and Developmental Biology (GROW), Maastricht University, Maastricht, The Netherlands;
and *Moffitt Cancer Center, Tampa, Florida
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Records identified through Jllimary
database sear¢fT_(n = 624) Z»

References of records (n = 5)

Additional records :
Prior Knowledge (n = 2)

(n = 630)

Records after duplicates removed

Abstracts screened
(n = 630)

Abstracts not eligible
(n =578)

l

Full-text articles assessed
for eligibility (n = 52)

Full text did not fit criteria
(n=11)

l

Studies included in
synthesis (n = 41)

2

Only 7 studies reporting




Issues in reproducibility

FIRST SHAPE 1 TEXTURE !
ORDER METRICS : ANALYSIS | COMMENTS
ROI SEGMENTATION 1
MANUAL DELINEATION + YYs 1 *ee I Mainly PET studies and one multi-center CT study.Shape metrics
: I from PET may be less subject to inter-observer differences. Semi-
SEMI-AUTO / AUTO + * | : automated methods generally improve reproducibility.
IMAGE RECONSTRUCTION : :
RECONSTRUCTION FILTER * *" 1 ‘e
1 : Consistent in a few CT and PET studies of NSCLC.
VOXEL SAMPLING *” * 1 +4e 1
! I
IMAGE ACQUISIUROEP;;I»EE;RGYSMOHON A . i o : ﬁ(;giiétent over single-institution PET and CBCT studies of
I 5
SCATTERED RADIATION +* ? : +* I Inone CBCT study of NSCLC, but did not evaluate shape metrics.
|
CT SCANNER G * : * I In one multi-institutional CT study in NSCLC , effects were
1 : similar in magnitude to inter-patient differences.
DIGITAL IMAGE PRE-PROCESSING ' 1
NOISE AND SMOOTHING *" ? : " I single-center CBCT and planning CT study in H&N; smoothing
1 : and noise have less effect than high-pass and logarithmic filters.
|
INTENSITY DISCRETIZATION *" |00 1 *" : Consistent in H&N studies of perfusion CT and PET, bin size
!_____ may have less impact in PET.
Entropy was consistently among the most repeatable/reproducible first-order features. There were inconsistent findings for
skewness and kurtosis.
CONSENSUS ABOUT MOST STABLE OR
LEAST STABLE RADIOMIC FEATURES | Certain shape metrics may be reproducible in PET, and slightly less reproducible in CT, though it is unclear which individual
features prove to be stable.
No emergent pattern or consensus for highly reproducible textural features. Coarseness and contrast were among the least
reproducible.

Fig. 2. Qualitative synthesis of radiomic feature classes. indicating processing steps that are either highly likely (3 di-
amonds), probable (2 diamonds). or less likely (1 diamond) to exert an adverse effect on repeatability and reproducibility for
each class of radiomic features. Feature classes for which no information was available are marked as unknown (question
mark). Abbreviations: CBCT = cone beam computed tomography; CT = computed tomography; H&N = head and neck
cancer; NSCLC = non-small cell lung cancer; PET = positron emission tomography; ROl = region of interest.

Int J Radiation Oncol Biol Phys, Vol. 102, No. 4, pp. 1143e1158, 2018



Issues in reproducibility

Radiotherapy and Oncology xxx (2018) xxx-Xxxx
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Radiotherapy and Oncology
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Vulnerabilities of radiomic signature development: The need for
safeguards
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Issues in reproducibility
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Issues in reproducibility
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PET/CT radiomics - NSCLC

Physica Medica 54 (2018) 21-29
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Early tumor response prediction for lung cancer patients using novel R)
longitudinal pattern features from sequential PET/CT image scans e

Giulia Buizza™", Iuliana Toma-Dasu®, Marta Lazzeroni®, Chiara Paganelli”, Marco Riboldi",
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# KTH Royal Institute of Technology, Department of Biomedical Engineering and Health Systems, Hilsoviigen 11C, SE-14157 Huddinge, Sweden

b palitecnico di Milano, CartCasLab, Department of Electronics Information and Bioengineering, piazza Leonardo Da Vinci 42, Milan 20133, Italy
© Karolinska Institute, Medical Radiation Physics, Department of Oncology-Pathology, Karolinska Universitetssjukhuset, Solna 17176, Sweden

d Ludwig-Maximilians-Universitdt, Faculty of Physics, Faculty of Physics, Coloumbwall 1, Garching bei Miinchen 5748, Germany




Motivation

* Features extracted from CT and PET images provide info to evaluate tumor
response in NSCLC

* Evidence that combined PET/CT can improve performance in tumor response
assessment [Radiother Oncol 2012;102:239-45]

e Features taken from repeated examinations were found to improve
predictions in rectal cancer wrt. a single time-point [Radiother Oncol
2011;98:126—-33.]

* Account for delivered dose in external beam radiotherapy treatments [Int J
Radiat Oncol Biol Phys 2015;91:376—84]

- Need for a comparison study to evaluate PET/CT radiomics




Study workflow (1)
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Study workflow (2)
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Clinical dataset

Table 1
Clinical parameters for the 30 NSCLC patients available for this study.
Pt TNM Stage Chemo Aty (days) Atgr (days) D (Gy) OS o
30 NSCLC patients:
1 T2N2MO IIla Cone 17 8 19.5 1
2 T2N2MO IIla Cone 13 6 12 0
3 T4N2MO 111b Cone 21 10 19.5 1
4 T4NOMO 111b Cone 15 9 25.5 1 .
5 TaaMO  mb Cone 14 12 %5 1 e 15 patients underwent concurrent
6 TIN2ZMO Illa Conc 17 7 16.5 1 h d . h I f
7 TINZMO  Ila  Cone 10 6 12 1 (
7 TG0 G 10 ° 2o chemoradiotherapy (one cycle o
9 T2N2MO Ila Cone 19 9 255 0 H H H H
o v ML e . oy cisplatin and vinorelbine before RT two
11 T2N3MO b Conc 18 7 15 0 .
12 T3NOMO It Cone 17 7 16.5 1 Cycles dunng RT)
13* TINOMO Ia Cone 20 8 18 1
14* T3N2MO IIla Cone 20 8 18 1
15 TINIMI1 v Cone 12 6 16.2 0
16 T4NOMO 111b Cone 14 11 30.6 1 . °
17 TaeMo  ma Seq 16 g na 1 e 15 patients underwent sequential
18 T3N3MO 1Ib Seq 14 8 234 0 .
19 TAGMO mb  Seq 15 8 195 1 chemoradiotherapy (three cycles of
20 T2N2MO Illa Seq 18 11 225 0
21 TIN3MO 1b Seq 20 8 19.5 1
2 e b S 20 8 sl the same chemotherapy agents before
23 T4AN2MO b Seq 18 9 225 0
24 TIN2MO Illa Seq 19 12 255 1 RT)
25 TAN2Mn.i. b Seq 14 7 19.8 1
26 T2N2MO IIla Seq 18 8 23.4 0
27 T2N2MO IIla Seq 15 7 16.5 1
28 T4NOMO 111b Seq 14 7 16.5 1
29 T2N3MO 111b Seq 21 8 18 0
30 T4N2Mn.i. 111b Seq 15 8 23.4 0
31 T2N2MO IIla Seq 16 8 23.4 1

“Headlines: Chemo = chemotherapy treatment type (Conc stands for con-

current and Seq for sequential), At.,=days between the first and the second \

exam; Atgr=days between the start of radiotherapy and the second exam; (/AT
Deyo =dose accumulated at the time of the second exam; OS = overall survival e, e \
at 2 years after the end of the therapy (1 stands for survived patients and 0 for MAXIMILIANS-

" UNIVERSITAT |
deceased ones). MONCHEN




Data pre-processing

Intensity normalization
* CTrescaled linearly to match air/blood pool to -1000/50 HU
e PET transformed to SUV units

Image resampling
* |sotropic resampling at 0.98 mm (CT resolution)

Image segmentation
* Semi-automatic with 3D level-sets, independently for CT and PET

Image registration

* Rigid registration in 2 steps:
* QOver the whole image (MeVisLab)
e Using the tumor mask only (ITK)




Image segmentation




Image registration

",w" Panel RegistrationManual(CT1_CT2)
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Radiomics features: overview

Comparison of different features:
* Handcrafted LoP (Longitudinal Pattern features)
e Standard radiomics features

» Specific PET features

* Radiobiological features




Longitudinal pattern features (LoP)

10

Designed to capture intensity changes at
different distances from the border of
the tumor

For each voxel, the 3D Euclidean
distance from the border of the union of
the segmentation CT masks was
computed

Distances were then divided by the
maximum distance value to normalize
them in the range [0-1] and divided
evenly in 10 zones

The mean image intensity value was
computed. Finally, differences between
mean values belonging to corresponding
zones and same imaging modality were
computed




Radiomics features

Radiomic features included volume, intensity, shape and texture metrics:

e for CT, volume and energy were added

e for PET, SUV-related features (max, peak, mean, AUC of cumulative SUV-
volume histogram) were obtained

Texture features included global (variance, skewness and kurtosis) and matrix-
based parameters:

* gray-level co-occurrence matrices (GLCM)

* gray-level run-length matrices (GLRL)

* gray-level size zone matrices (GLSZ)

* neighborhood gray-tone difference matrices (NGTDM)

Features extracted from:
* First exam

* Second exam - 290 features overall
* Percentage delta




Specific PET features

The most widely clinically spread PET features (SUVmax, SUVmean50) that
were initially included in the radiomics group were also separately tested and
compared to:

* Metabolic Tumor Volume (MTV), computed as the tumor volume for which
the intensity values were higher than 41% (MTV41) and 50% (MTV50) of
the maximum intensity value in the tumor

* Total Lesion Glycolysis (TLG) [TLG41 and TLG50] was computed as the
corresponding MTV multiplied by the average SUV found in the region
defined by the MTV




Int J Radiat Oncol Biol Phys 2015;91:376-84.
Radiobiological features

The effective radiosensitivity (aeff ) was calculated at the voxel level:

I, (D)
In I;ﬁ

n-d(i) [1 + a(‘)]

aerr(i) =

where

* |, and I, refer to PET intensities in voxel i in the first and the second scan

 d(i) refers to the dose per fraction

* nisothe number of fractions delivered by the time of acquisition of the second
PET/CT image

* a/B is the ratio of the parameters of the linear quadratic model used to describe
radiation cell killing (10 Gy)

The mean value of aeff and the fraction of voxels with negative aeff within the tumor
region were chosen as radiobiological features )

AAAAAAAAAA



Classification and feature selection

Classification:

e OS at 2 years as end-point

e Support Vector Machine (SVM) algorithm

* Leave-one-out and 10-fold cross-validation AUC from
ROC curve used to verify classification performance

maximum margin hyperplane \

Feature selection methods were also applied to improve

the overall accuracy by limiting the number of features

exploited for classification

to the fewer most important ones:

* FFS (Forward Feature Selection) — Supervised
method

* PCA-ranking (Principal Component Analysis) —
Unsupervised method

support vectors
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Influence of registration errors
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LoP vs. radiomics — PET/CT

Table 2

AUC values for classification of patients undergoing sequential and concurrent
chemoradiotherapy, using radiomic (RadTOT) and longitudinal pattern features
(LoPToT), reported as results from leave-one-out (LOO, null standard deviation)
and as mean (standard deviation) over 10 repetitions of 10-fold cross-valida-
tion, with different features selection strategies (FFS, PCA-ranking). AUCs sig-
nificantly higher than the random performance are marked with .

AUC - TOT
Group Folds FFS PCA-ranking
RadTOT LoPTOT RadTOT LoPTOT
Sequential  LOO 0.88 :--E).-E)—B:--- 0.80 L 0.95° |

10-fold 0.87 (0.02) :0.99* (0.01) 0.80 (0.01) ED.QE* (0.02)
e e 1 I

Concurrent LOO 0.60 1 0.917
10-fold 0.60 (0.12) 10.79 (0.07)

0.73 0.80
0.74 (0.07) 0.78 (0.06)
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LoP vs. radiomics — CT or PET alone

Table 3

AUC values for classification on different groups of patients, using selected CT
and PET information separately for both radiomic (RadCT, RadPET) and
longitudinal pattern (LoPCT, LoPPET) features, reported as results from leave-
one-out (LOO, null standard deviation) and as mean (standard deviation) over
10 repetitions of 10-fold cross-validation. AUCs significantly higher than the
random performance are marked with .

AUC - CT
Group Folds FFS PCA-ranking

RadCT LoPCT RadCT LoPCT
Sequential  LOO 073 708"} o7 ool

10-fold  0.75 (0.02) : 0.89" (0.04)1 0.73 (0.03) | 0.88" (0.03)1

Concurrent LOO 0.89 0.64 0.85 0.62
10-fold 0.78 (0.06) 0.58 (0.04) 0.83 (0.06) 0.63 (0.04)

AUC - PET

Group Folds FFS PCA-ranking
RadPET LoPPET RadPET LoPPET

Sequential  LOO 086 I 098 | o8 09 |

10-fold  0.87 (0.01) : 0.98 (0.00) I 0.80 (0.02) § 0,96" (0.01)!

Concurrent LOO 0.71 0.80 0.80 . 0.93*
10-fold 0.61 (0.06) 0.81 (0.02) 0.72 (0.10) § 0.91% (0.01)1
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LoP vs. PET based features

Table 4

AUC values for classification of patients undergoing sequential and concurrent chemoradiotherapy, using selected PET-derived longitudinal pattern features
(LoPPET) or specific PET features, either from SUV computations (SUV-based) or from metabolic tumor volume and total lesion glycolysis (MTV&TLG), reported as
results from leave-one-out (LOO, null standard deviation) and as mean (standard deviation) over 10 repetitions of 10-fold cross-validation, with different features
selection strategies (FFS, PCA-ranking). AUCs significantly higher than the random performance are marked with .

AUC - PET
Group Folds FFS PCA-ranking
LoPPET SUV-based MTV&TLG LoPPET SUV-based MTV&TLG
Sequential LOO r -0;8T o 1 0.79 0.84 r -0;6: o 1 0.50 0.82
10-fold | 0.98%(0.00) | 0.83* (0.04) 0.83 (0.02) | 0.96* (0.01) | 0.54 (0.11) 0.83 (0.01)
A p—p—— e pp—g—
Concurrent LOO 0.80 0.64 0.64 I- - -(.'l;3T T I 0.62 0.62

10-fold 0.81 (0.02) 0.57 (0.06) 0.55 (0.05) : 0.917 (0.01) 1 0.57 (0.05) 0.57 (0.06)




LoP vs. radiobiological features

Table 5

AUC values for classification of patients receiving sequential and concurrent chemoradiotherapy. Results from longitudinal pattern features (LoPCT, LoPPET,
LoPToT) are compared to those based on the effective radiosensitivity (Tyy& faeff, @yr) obtained on the same dataset, reported as results from leave-one-out (LOO, null

standard deviation) and as mean (standard deviation) over 10 repetitions of 10-fold cross-validation. AUCs significantly higher than the random performance are

marked with =.

AUC
Group Folds Ter& Ty off Teff FES PCA-ranking
LoPTOT LoPCT LoPPET LoPTOT LoPCT LoPPET

. i i [ . ISP Siniriinial
Sequential LOO 0.90 0.81 I 0.98 1 0.73 0.96 0.94 | 0.83 I 0.96 1
10-fold 0.89 (0.01) 0.81 (0.01) | 0.97°(0.01) I 071(0.04) | 0.97° (0.01) 0.95* (0.01) I 084 (0.02) j 0.97°(0.01) 1
S ===l mmmmmmpb—————c L )
Concurrent LOO : 0.96° | : 096" : 0.88" I 0.44 b oss I 0.86 0.84 : 0.92°* :
10-fold | 0.937 (0.03) 1| 1 0.96" (0.00) | 1 0.89° (0.04) 1 0.48 (0.09) | 0.897(0.02) 1 0.84(0.03) 0.79 (0.02) I 0.93" (0.02) |
e o o e e e e e o o e e e e J




Discussion

Impact of registration errors assessed: median error below the
maximum voxel size, with no relevant impact of feature
descriptors

In general, LoP features outperformed or equaled the
corresponding general radiomics ones in all cases (PET/CT, CT,
PET)

The prediction power of LoP was comparable to the one of
radiobiological descriptors: impact of spatial information vs.
dose-related information

SVM was used as the only type of classifier: comparison with
other classification methods is needed. Different evaluation
could apply to non-binary endpoints (i.e. survival time)




