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Abstract

Purpose: Despite its increasing application, radiomics has notlgetonstrate@ solid reliability,
due to the difficulty in replicatinganalyses. The extraction of radiomic features fotimical MRI
(T1w/T2w) presents even more challendgeesause ofhe absence of Mledefined unites (e.g. HU)
Some preorocessing steps are required before the estimation of radiomic features and one of this is
the intensity normalization, that can be performed using different methods. The aim of this work is

to evaluate the effect of three different normalization techniguegplied on T2wMRI images of

the pelvic regionpn radiomic features reproducibility.

Methods. T2w-MRI acquired beforéVIRI1)and 12 months after radiotheragiMRI2)on 14 patients
treated for prostate cancewere consideredr-our different conditions were analyzed: 1) the original
MRI (No_Norm); 2) MRI normalized by the m@aage value (Norm_Mean); 3) MRI normalized by
the mean value of thaurine in thebladder (Norm_ROI); 4) MRI normalized by the histogram
matching method (Norm_HM). 91 radiomic features were extracted in three organs of interest
(prostate, internal obturator muscles and bulb) on baithe-points andon each image discretized
using a fixeebin width approachand the difference between the two timpoints was calculated

(3 A A)OTO @dtimate theeffect of normalization methods on theeproducibility of radiomic
features ICC was calculated three analysest) considering the features extracted on MRI2 in the
four conditions together andonsidering the influence of each method separatelyhwéspect to
No_Norm 2) considering the features extracted on MRI2 in the four conditions with respect to the
inter-observer variability in ROI contouring, considering also the effeca dixedbin count
discretization 3) considerings £A A © &valdate if some indices can recover some consistency
when differences are calculated.

Results.Nearly 60% of the features have shown poor reproducibility (ICC<0.5) on MRI2 and the
method that most affected featurereliability wasNorm_RO[average ICC &.45). The other two

methods were similar, except for first order features, where Norm_HM outperformed Norm_Mean
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(average ICC &33and0.76for Norm_Mean and Norm_HM, respectivelyf).the interobserver
setting, the number of reproducible features varied in the three structures, being higher in the
prostate than in the penile bulb and in the obturatofEhe analysis oa- £A A Qghlighted that

more than 6046 of the features were natonsistentwith respect to the normalization method and
confirmed the highreproducibilityof the features between Norm_Mean and Norm_HM, whereas
Norm_RO\Was the lesseproduciblemethod.

ConclusionsThe normalization process impacts the reproducibility of radiomic featuretf) in
terms of changes in the image information content and in the haieserver setting. Among the
considered methods, Norm_Mean and Norm_HM seem to provide the most reproducible features
with respect to the original image and also between themselves, whereas Norm_ROI generates the
less reproducibleOnly a very small subset of feature remained reproducible and independent in
any tested condition,regardless the ROl and the adopted algorithekewness or kurtosis,

correlation and one among Imc2, Idmn and ldn from GLCM group.

Keywords: radiomics; MRI intensity normalization; prostate cancer; reproducibility assessment
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Introduction

Radiomicsnalysis was introduced in the oncological field only in recent Years {isinhcreasingly
adopted in numerous studies, becoming one of the most relevant technique to extract quantitative
biomarkers from medical imagek fact, radiomics has revealed its potential in identifyfrand
classifying tumors, and in predicting treatment response both for tumband normal tissues.
However, results of radiomics analyses are often difficult to replicate, due to theflatdndardized
procedure in image acquisition, reconstruction, processing and anaimighis reasonradiomic
features that present high classification/prediction power should also presentrbigtbility, since

both these properties are necessary to build a reliable radiomic sign&tlre

In the last yearsseveral works have dealt with the assessment of radiomic features reliability, both
considering the evaluation of repeatability, ifeatures that remain the same when calculated
multiple times in the same subject with the same conditions, and reproducibility, i.e. features that
remain the same when calculated using different acquisition or processing conditidhs focus

of these works was principally on the evaluation of the impact of image acquisition and
reconstruction® 1% imagediscretizationt* and ROI delineatiot¥, especially considering PET and CT
images Cther factorsinfluencingthe robustness of radiomic feature computation have not been
exhaustivelyexplored yet, particularly regarding the image processing aspects (noise filtering,
artifacts correction, algorithms used for features computatiett,) 2.

Whilst CTand PETimaging hae establishedtheir role in radiomics® 3 MRI hadsome initial
difficulties inimposing itself as robust imaging modality fothe extraction of reliable features,
despite its great potential in assessing several tissue propeifias.fact can be explained by the
non-quantitative image intensity signal of the standard clinical acquisitions (especialgigithed
(T2w)and T2weigthed (T1wMRI),whichmakes thecomparisorof radiomic features within a study

population nonfeasible, even if the same acquisition protocol is adopted addition, even



92 seguences providing quantitative paramete¢such as ADC maps) are subject to reproducibility
93 limitations due to the large spectrum of acquisition parametamnsg possible artifactdNonetheless,
94 the great availability of T2MRI in the clinical practice and its ability in offering excelrgtomical
95 details and contrast, together with the adoption of some necessary-gm@&cessing steps, have
96 allowed the routinely use of radiomic analyses even on these images. Jthiaetdoption of some
97 image processing pipelinesmed atharmonizngimage resolution, correatgartifacts, such as the
98 magnetic field inhomogeneities, and adjuggthe non-quantitative image intensity valuesias also
99 suggested by the Image Biomarker Standardization Initiative {BSI)
100 Image intensity normalizatiols a necessary step if naquantitative MRI images are considered for
101 different subjects or for longitudinal studies, as the aim of this procedure is to remove the variability
102 between patients/longitudinal studies and increase the MRI repeatabilipifferent normalization
103 methods are described ithe literature and adopted by different authors, but the effects of this
104 processing on radiomic features extraction has been studidydby very fewgroups ” 16 of which
105 only one on prostate MRI for the evaluation of radiomics repeatabilitpderstandng if the
106 normalization step affects radiomics reproducibility and if features obtained using different
107 methods are reliable can help in optimizing the study design or in comparing results coming from
108 different studies. ntensity standardization is most frequentbarried outfollowing one of these
109 approaches: 1) bgormalizing grey level values with respect to a ROI with fixed and stableWalue
110 2) by centering the image at its mean valtfeor 3) by adjusting the histogram to a reference one
111 19,
112 In the context of prostate canceradiomicsis currently routinelyperformedon T2wMR] as the
113  most commonly available MRI acquisititm? to detectthe tumor?2? or to explore the association
114  with biochemical recurrence after radiotherapyand to assess the effect of irradiation on organs

115 at risk, such as the internal obturator musckssit is known thatthe performance ofradiomic



116 features aredependent on the type of analyzed tissue, being tumor or normal tissue. Therefore, the
117 reproducibility evaluation should be performed taking into considerations both pathological and
118 healthy tissues in order tamprove the knowledge about how the structural properties of the
119 different organs can impact the radiomics estimatf8rin this context, recent studies have already
120 evaluated the crossite reproducibility and discriminability characteristics of different radiomic
121 features and feature familie¥ ?4in a multisite setting.

122 In this workwe ained at evaluaing in a cohort of prostate cancer patients T2w-MRI signal

123 normalizationhas an impact on the image information contgmbvidedby textural features by

124 means otthe evaluation otheir reproducibility. Features reproducibilityvas also evaluating taking
125 into consideratiorother relevantconditions in the radiomics procedure, i.e. the ROI delineation by
126 multiple observerg® and the image discretization approaé¢h In addition, the impact of different

127 normalization techniques was also assessed on delta features extracted from longitudinal images,
128 as a typical condition that occurs in radiomics, especially for radiotherapy evaluation.

129

130 Materials and methods

131  Study populationand image acquisition

132 Fourteen patients treated for prostate cancer with exclusive radical external beam RT at the
133 National Cancer Institute in Milan were considergétie study protocol was approved by the local
134  Ethical Committeg(INT 73/13)and written informed consent was obtained from the patients
135 involved in this study.

136 T2wMRI was performed before RWIRI1)and 12 months after RT completigMRI2)usinga 1.5 T

137 scanner (Achieva, Philips Medical Systems, Best, the Netherlands) equipped with XEENS&

138 coil with 16 channels. Images were acquired using a Turbo Spin Echo sequence with axial slicing (TR
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= 4000 ms and TE = 120 ms; resolution = 045856 mm; matrix = 268768; slice thickness = 3

mm; NSA = 4).

ROI identification

For this study, 8lifferent ROIs were selected: tloentral zone of therostate the penile bulb and
the obturator musclegboth right and left) This choice was made in ordert&dke into consideration
a target organ, such as the prostate, and normal tisseesiving irradiation during radiotherapy
such as thepenile bulb and theobturators. In addition, these structurelavedifferent range of
greylevel intensities, covering different regions of the whole image histogram.

ROlcontours were manually delineated on the MR$ee Figurelindependentlyby two operators,
a medical imaging research€é€11) and a senior medical physici@€2)with 6 and 15 years of
experience in MRI pelvic images respectivahd converted into a binary label mag&ing 3DSlicer
27 The first operator recontoured the ROIs to assess the intdaserver reproducibilitf(C1.2)
Contourswerethen automatically propagated on MRI2 by applying the deformation field estimated

by the elastic registration between the two images. A more detailed description of the image

registration and contour propagation procedure can be found in previous vérks

Figurel. Contours ofinternal obturator muscles (green), prostate (blue) and bulb (red) manually delineated on
T2wMRI acquired before RT.

Image processing and intensity normalization



160 The image processing workflow is schematically represemdeigure2 All T2w-MR images were
161 first corrected for magnetic field inhomogeneities by using the nonparametric nonuniform intensity

162 normalization (M) algorithm?°. Regarding the normalization step, 4 conditions were considered:

163 1. No normalization (NoNorm):no intensity homogenization was performed

164 2. Normalization by the mean image value (Nomean):both images (MRI1 and MR\ gre

165 normalizedby centering themnat their respectivemeanvaluewith standard deviation of the

166 whole originalimage, asuggestedn the userguide ofPyRadiomics®.

167 "Qw w— o,

168 Wherex and f(x) are the original and normalized intensity, respectively;and, are the

169 mean and standard deviation of the image

170 3. Normalization by the mean and standard deviation of thime in thebladder (Norm_ROI):

171 both images (MRI1 and MRI®gre normalized by centering them #ie mean value and

172 standard deviation of the bladden their respectivewhole original image'’. The signal

173 intensity of the urine in the bladder was chosen as a signal not influenced by atasme-

174 dependent factors.

175 "Qw L o,

176 Wherex and f(x) are the original and normalized intensity, respectively; and,  are

177 the mean and standard deviation of the urine within the bladder

178 4. Normalization using the histogramatching method (Norm_HMjhis algorithm proposed

179 by Nyul et al3! seeks the global correspondence between MRI1 and MRI2 in a specific
180 number of reference points of the histografheintensity value of the reference points

181 the MRI2 histogram are linearly mapped on the intensity value of the corresponding

182 reference point of the MRIkistogram The following configuration was adoptéd number
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of histogram bins = 256; reference points: the 9 deciles and the maximum and minimum

percentilesMRI2 was corrected so that its histogram matched the one of MRI1. Conversely,

no normalization was applied to MRI1.

MRI1

MRI2

Bias field correction

Normalization
based on ROI
mean

Histogram

matching
normalization

Feature extraction

No_Norm
features

features

Norm_HM

>
I
—) Norm_ROI
[— ]

features

Figure2. Schematic representation of the image processing workflow for the extraction of radiomic features.

Features computation

91 radiomic features were computdad each RO&nd for every normalization conditioon MRI1

and MRI2using PyRdiomics opersource software® (version?2.0.1), implemented in Python

Specifically, the following indices were extracted: 18 4inster (FO), 22 from Greyevel Ce

occurrence Matrix (GLCM), 16 from Giegvel RurLength Matrix (GLRLM), 16 from Giegvel

SizeZone Matrix (GLSZM), 14 from Gisgvel Dependence Matrix (GLDM) and 5 from Neighbouring

Gray Tone Difference Matrix (NGTDREsegmentation (i.e. the exclusion of outliers farther from

the mean than 3standard deviationswasperformed from the original RODiscretization was

performed by considering a fixed bimdth (FBW)rather than considering dixed bin count (FBC)

sinceFBW has highlighted higher reprazibility in MRI interobservercontours variability®. A bin

width of 25 were used for No_Norm, Norm_ROI and Norm_Hi a birwidth of 5 bins
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Norm_Mean in order to guaranteea smilar number of bins (median [range]: 42 [88] for
No_norm; 37 [2%4] for Norm_Mean; 36 [352] for Norm_ROI; 40 [358] for Norm_HM among
the images normalized by the different methodls addition the original image was also discretized
usingthe FBCapproachwith 64 bins, adt can introduce an intrinsic normalizing efféét Features
extraction was performed in 2Bince the thickness was much larger thhe in-plane dimension
(3 mm vs. 0.456 mn#§. For this reason, images were not resampled to isotropic voxels, in order to
not introduce another step involving interpolation, as pixels were already isotropic in {plamne
resolution. No filtering was applied to the images.
Differences of each feature between MRI1 and MRI2 were calculated as follows:

QOO OTAGMO 61 Q

YOO Mo 0 +—9o—— T
QQwo ol Q P

wherefeaturei andfeaturez corresponded to pre and post RT values respectively.

Reproducibility estimation
The reproducibility of radiomic features was tested using the Intraclass Correlation Coefficient (ICC)
in three different conditions:

1) features extracted on MRI2 and considering the No_Norm condition as the reference image with
the original texture, in order to evaluatde effect of normalization on the image information
content The FBW discretization was adopted in this phase. The impact of using a normalization
method was assessed a) by considering the effect of the 4 methods (No_Norm, Norm_Mean,
Norm_ROI, Norm_HM) together, in order to identify the features that are less affected by the
normalization procedure, regardless the algorithm chosen to perform it (ICC global), and b) by
considering the influence of each method separately, with respect to the reference image
(No_Norm vs. Norm_Mean; No_Norm vs. Norm_ROI; No_Norm vs. Norm_HM), in order to identify

the normalization algorithm that less affects the extraction of radiomic features (ICC couples).
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2) feaures extracted in theRO$ delineated by the differentoperators to evaluate the
normalization approach that could better preserve reproducibility betwebservesdelineations

The spatial overlap accuracy between delineations was estimated by the Dice coeffidieat was
computed for each pair of intelobserver (C1L vs. C2) and intrabserver (C1L vs. C1.p
delineations, considering 5 conditions: No_Norm, Norm_Mean, Norm_ROI and Nornwhéve
images were discretized using the FBW approach, and No_Norm discretized with FBC apyproach.
feature was considered reproducible it reached at least a significant (p>0.05 after Bonferroni
correction for multiple comparisons) ICC of Oi7®oth the experiments (intreand interobserver

ICCY?®.

3) 3 £A A ©dicladed using Norm_mean, Norm_ROI and Norm viitid FBW discretization, to
evaluate if the calculation of delta can mitigate or increase the alteration in the information content
induced by the normalizatiohe aim of this analysis wasassess whethatifferent normalization
methods can lead to comparable and highly reproducible delt@ures. In this analysis, No_Norm
condition was not considered, since the/EA A Gdmpube®without performing any normalization

are meaningless. For this reason, the ICC was calculated only considering the three normalization
methods together (ICC_global) and considering all the possible couple combinations, namely
Norm_Mean vs. Norm_ROI @mR), Norm_Mean vs. Norm_HM @#mB) and Norm_ROI vs.
Norm_HM (n2n3).

ICC(two-way mixed effect model, single rater typ&€was computedor consistency estimatiom

conditions 1) and 3)

0Y 0°7Y

‘00 6 +— o
vyY Q puY

And for @solute agreement estimatiom condition 2):

‘006 6

0Y Q pdY
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WhereM&is the mean square for rows (observationgdfxis the mean square for columngSeis

the mean square for error anklis the number of raters (normalization methods or observets). |
was previously reported that ICC values less than 0.5 are indicative of poor reliability, values
between 0.5 and 0.75 indicate moderate reliability, values between 0.75 and 0.9 indicate good
reliability and values greater than 0.9 indicate excellent reliabifityCC values were considered
significant for p_values 0.05, after Baferroni correction for multiple comparisons; features with
non-significant ICC were considered as poorly reproducible, even if ICC was greater thEme0.5.
Spearman correlation between radiomic features and the ROI volume was asssssadit has
been reported that many features intrinsically embed volume informatianin this way, it is
possible tadiscard the highly correlated ones (significantglue < 0.05, after Bonferroni correction

for multiple comparisons)n order to consider only features that embed information related to the
texture. In addition, the assessment of inteorrelations between features was also performed
using Spearman correlation (significant p_value < 0.05 after Bonferroni correction for multiple
comparisons). The reproducibility resultere reported considering the whole set &¢atures,and
results ofthis correlation analysisvere used to be sure that thdinal set of most reproducible

featuresdid not containindiceshighly correlated withinthemselves

Results

1) Reproducibility on features extracted from MRI2

a) ICC global

The reproducibility evaluated on MRI2 taking into consideration the influence of any normalization
technique on radiomic features revealed that most parameters are very sensitive to this image
procesing step. In fac7% ofthe features in the prostate, 38% in the obturators and@®B the

bulb have shown poor reproducibiit(ICC<0.6r nonsignificant ICGee Figure for moredetaily.
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Onlya small parof the features presented a ICC value greater than(@®% in the prostee, 12%

in the obturators and 1% in the bulb)Some of these featuresvere the same in any ROI: kurtosis
and skewness for FO features, correlatiamyelrse Difference Moment Normalizedifin) and
Inverse Difference Normalizedd(l) for GLCM featuresGrayLevel Non-Uniformity for GISZM
featuresand Coarseness for NGTDM features; however, the two lasts presented a high correlation
with volume and thus they were discarded; moreover, skewness and kuvtesgsinter-correlated

within themselves as well as Idmn and Idwoking at the features clasthe average ICC value
within every groupwasbetween0.44and 0.68(see Tablel and Supporting Information Table S1

for more details)

Prostate Obturator muscles Penile bulb
100 100 100
. 80 . 80 . 80
< L S
.E 60 2 60 2 60 excellent
& ]
S 40 & 40 % 40 good
X X X
20 20 20 moderate
0 0 [ | 0 I M poor
A N QNS & & O &S & o S D
F TS FD TS SF KD FF ;S FD
’.,:y&OK (3\' b& (g\c? (9\' $(9« (:}_Ok C’>\’ 0& (D\C? (9\’ %é c}ok (_’)\' 0\?‘ (9\? @' eé

Figure3. Percentage of poor, moderate, good and excellent features for each class aadhrstructure based
on ICC values calculated considering the 4 normalization techniques on MRI2

b) ICC couples

When ICC was assessed for each normalization technique separately, with respect to the reference
image without any normalization, it was highlighted that the method tnatstaffected the feature
estimation wadfNorm_RQlIn fact, as can be seen in Figd and in Tabld, the Norm_RQbresented

the lowest ICC values, regardless the feature class and &Olor the other two normalization
methods, the reported ICC values were similar for textural features classes, with a clear tendency

of Norm_HM tomaintaining a larger number of reproducible features tidarm_Mean in the
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obturators 66 vs. 40 features with ICC>0,7& Norm_HM and Norm_Mearespectively) In the

FO group, the Norm_HIhethod was the only one able twetter preserve the original features (ICC

of0.72, 0.83 and 0.71 in the prostate, obturators and bulb, respec)ivehe ICC valugsonfidence

intervals and p_valuesf each feature in the three ROIs can be found in the Supporting Information

Table S1.
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Figured. Percentage of poor, moderate, good aexicellent features for each class and in each structure, based
on ICC values calculated considering the 3 normalization techniques separately with respect to the reference, on MRI2.

Table 1. Average ICC value for each feature class, calculatet¥RI2among the features belonging to the
considered class, for the three structurégalues are reported as ICC global and ICC cofgleach normalization
technique, with respect to the reference image.

ICC alobal No_Norm vs. No_Norm vs. No_Norm vs.
9 Norm_Mean Norm_ROI Norm_HM
Prost Obt. Bulb | Prost Obt. Bulb | Prost Obt. Bulb | Prost Obt. Bulb
FO 055 061 055|033 036 031 050 046 053] 072 0.83 0.71
GLCM | 049 051 050| 069 065 069 | 044 045 046 | 0.67 0.72 0.68
GLRLM | 0.44 048 046 | 065 057 065] 035 035 043 | 0.65 0.69 0.63
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GLSZM | 0.47 050 050 | 066 060 0.67 | 040 041 047 | 0.66 0.69 0.65
GLDM | 050 051 051 | 068 060 068 | 043 040 048 | 0.68 0.70 0.65
NGTDM| 0.60 053 0.68 | 0.76 0.77 082 | 057 059 063 | 073 0.79 0.78
Mean 050 052 051|061 057 0.61| 043 043 048 | 068 0.73 0.67

2) Reproducibility with respect to inteobserver delineations

The intra and interobserver variability in ROI delineatioim, terms ofthe Dice coefficient, was
reported in Table 2The reproducibility analysis has highlighted very different results, depending on
the considered ROI. In fathe number of reproducible features were varied in the three structures,
showing high reproducibility in the prostate (except for the Norm_FBC normalization) and poor or
very poor reproducibility in the penile bulb and in the obturat(gse Table 2Norm_ROI condition
presented the higher number of features in all the three organs, whereas Norm_HM was similar to
the original conditionDiscretization with FBC leaded to discordant results: in the prostate and in
the obturator musclest generated the less reproducible features, whereas in the penile tulb
presented the highst number The complete set of ICC values, together with confidence intervals

and p_values can be found in tiseipporting Information Table S2

Table2. Reproducibility in thentra- and interobserversettingin the threeROIs Contour variability imeasured
with Dice coefficien{reported as mean * standard deviatlomThe number of reproducible features considering the
different normalization is reported. Features are considered reproducible if a significant ICC>0.75 is computed both in
the intra- and interobserver settings

Prostate Obturator muscles Penile bulb
Delineation Intra-observer 0.83 £ 0.06 0.80 + 0.05 0.78 £0.10
ag.reement Inter-observer 0.77 £0.09 0.75+£0.08 0.73+£0.13
(Dice)
No_Norm 55 5 13
Number of Norm_Mean 48 3 11
reproducible Norm_ROI 59 10 15
features Norm_HM 55 4 11
Norm_FBC 8 2 21

3) Reproducibility onss ZFZAAOOOA O



323

324

325

326

327

328

329

330

331

332

333

334

335

336

337
338

339
340

341

342

343

344

16

a) ICC global

The reproducibility of A A @&ENilér or everlower thanthat measured on MRI2, as reported

in Table3 and shown in Figur&. In fact,the number of poorly reproducible features remained
stablefor the prostate and the penile bulb (66% and 64%, respectively)ramdasedio 63% for

the obturators whereaghe number ofhighly stabldeatures decreased to 7% in the prostate, 11%
in the obturators and 8% in the bullm particular, the most reproducible features were a subset of
the stable features found in the pvious analysis (correlatiomformational Measure of Correlation

2 (Imc2), Idmn and ldnfrom GLCM, coarseness from NGTDM, presenting ICC>0.9 in each ROI;
kurtosis and skewness from FO, Gtagvel NorUniformity from GLSZM presenting ICC>0.9 in two
out of three ROIs)As for the POSRT analysis, some of these features presented high correlation
with volume (GrayLevel NorUniformity from GLSZM) or within thesalveqskewness and kurtosis,

Idmn, Idn and Imc2), thus reducing the number of reproducible and independent features.

Figureb. Percentage of poor, moderate, good and excellent features for each class and in each structure, based
on ICC values calculated considering the 3 normalization techniquesfo8 I G dzNB a ®

b) ICC couples

The analysis between the coupled normalization methomtsfirmedfindingson MRI2. In particular,
an excellent reproducibility betwees £A A @a&cGided using Norm_Mean and Norm_HKids
highlighted (see the second column iigiire 6 and Table3). Only FO features presented low ICC

values (78% of featuregith ICC<0.5t each RQ) whilstthe average ICC in the other classes was in



