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Abstract 27 

Purpose: Despite its increasing application, radiomics has not yet demonstrated a solid reliability, 28 

due to the difficulty in replicating analyses. The extraction of radiomic features from clinical MRI 29 

(T1w/T2w) presents even more challenges because of the absence of well-defined unites (e.g. HU). 30 

Some pre-processing steps are required before the estimation of radiomic features and one of this is 31 

the intensity normalization, that can be performed using different methods. The aim of this work is 32 

to evaluate the effect of three different normalization techniques, applied on T2w-MRI images of 33 

the pelvic region, on radiomic features reproducibility.  34 

Methods. T2w-MRI acquired before (MRI1) and 12 months after radiotherapy (MRI2) on 14 patients 35 

treated for prostate cancer were considered. Four different conditions were analyzed: 1) the original 36 

MRI (No_Norm); 2) MRI normalized by the mean image value (Norm_Mean); 3) MRI normalized by 37 

the mean value of the urine in the bladder (Norm_ROI); 4) MRI normalized by the histogram-38 

matching method (Norm_HM). 91 radiomic features were extracted in three organs of interest 39 

(prostate, internal obturator muscles and bulb) on both time-points and on each image discretized 40 

using a fixed-bin width approach and the difference between the two time-points was calculated 41 

(ɝÆÅÁÔÕÒÅ). To estimate the effect of normalization methods on the reproducibility of radiomic 42 

features, ICC was calculated in three analyses: 1) considering the features extracted on MRI2 in the 43 

four conditions together and considering the influence of each method separately, with respect to 44 

No_Norm; 2) considering the features extracted on MRI2 in the four conditions with respect to the 45 

inter-observer variability in ROI contouring, considering also the effect of a fixed-bin count 46 

discretization; 3) considering ɝÆÅÁÔÕÒÅ to evaluate if some indices can recover some consistency 47 

when differences are calculated. 48 

Results. Nearly 60% of the features have shown poor reproducibility (ICC<0.5) on MRI2 and the 49 

method that most affected features reliability was Norm_ROI (average ICC of 0.45). The other two 50 

methods were similar, except for first order features, where Norm_HM outperformed Norm_Mean 51 
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(average ICC = 0.33 and 0.76 for Norm_Mean and Norm_HM, respectively). In the inter-observer 52 

setting, the number of reproducible features varied in the three structures, being higher in the 53 

prostate than in the penile bulb and in the obturators. The analysis on ɝÆÅÁÔÕÒÅ highlighted that 54 

more than 60% of the features were not consistent with respect to the normalization method and 55 

confirmed the high reproducibility of the features between Norm_Mean and Norm_HM, whereas 56 

Norm_ROI was the less reproducible method.  57 

Conclusions. The normalization process impacts the reproducibility of radiomic features, both in 58 

terms of changes in the image information content and in the inter-observer setting. Among the 59 

considered methods, Norm_Mean and Norm_HM seem to provide the most reproducible features 60 

with respect to the original image and also between themselves, whereas Norm_ROI generates the 61 

less reproducible. Only a very small subset of feature remained reproducible and independent in 62 

any tested condition, regardless the ROI and the adopted algorithm: skewness or kurtosis, 63 

correlation and one among Imc2, Idmn and Idn from GLCM group. 64 

 65 

Keywords: radiomics; MRI intensity normalization; prostate cancer; reproducibility assessment 66 
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Introduction  68 

Radiomics analysis was introduced in the oncological field only in recent years 1, but iǘΩs increasingly 69 

adopted in numerous studies, becoming one of the most relevant technique to extract quantitative 70 

biomarkers from medical images. In fact, radiomics has revealed its potential in identifying 2 and 71 

classifying tumors 3, and in predicting treatment response both for tumor 4 and normal tissues 5. 72 

However, results of radiomics analyses are often difficult to replicate, due to the lack of standardized 73 

procedure in image acquisition, reconstruction, processing and analysis. For this reason, radiomic 74 

features that present high classification/prediction power should also present high reliability, since 75 

both these properties are necessary to build a reliable radiomic signature 6, 7. 76 

In the last years, several works have dealt with the assessment of radiomic features reliability, both 77 

considering the evaluation of repeatability, i.e features that remain the same when calculated 78 

multiple times in the same subject with the same conditions, and reproducibility, i.e. features that 79 

remain the same when calculated using different acquisition or processing conditions 8. The focus 80 

of these works was principally on the evaluation of the impact of image acquisition and 81 

reconstruction 9, 10, image discretization 11 and ROI delineation 12, especially considering PET and CT 82 

images. Other factors influencing the robustness of radiomic feature computation have not been 83 

exhaustively explored yet, particularly regarding the image processing aspects (noise filtering, 84 

artifacts correction, algorithms used for features computation, etc.) 8. 85 

Whilst CT and PET imaging have established their role in radiomics 1, 13, MRI had some initial 86 

difficulties in imposing itself as a robust imaging modality for the extraction of reliable features, 87 

despite its great potential in assessing several tissue properties. This fact can be explained by the 88 

non-quantitative image intensity signal of the standard clinical acquisitions (especially T2-weigthed 89 

(T2w) and T1-weigthed (T1w) MRI), which makes the comparison of radiomic features within a study 90 

population non-feasible, even if the same acquisition protocol is adopted; in addition, even 91 
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sequences providing quantitative parameters (such as ADC maps) are subject to reproducibility 92 

limitations due to the large spectrum of acquisition parameters and possible artifacts. Nonetheless, 93 

the great availability of T2w-MRI in the clinical practice and its ability in offering excellent anatomical 94 

details and contrast, together with the adoption of some necessary pre-processing steps, have 95 

allowed the routinely use of radiomic analyses even on these images. In fact, the adoption of some 96 

image processing pipelines, aimed at harmonizing image resolution, correcting artifacts, such as the 97 

magnetic field inhomogeneities, and adjusting the non-quantitative image intensity values, was also 98 

suggested by the Image Biomarker Standardization Initiative (IBSI) 14.  99 

Image intensity normalization is a necessary step if non-quantitative MRI images are considered for 100 

different subjects or for longitudinal studies, as the aim of this procedure is to remove the variability 101 

between patients/longitudinal studies and increase the MRI repeatability 15. Different normalization 102 

methods are described in the literature and adopted by different authors, but the effects of this 103 

processing on radiomic features extraction has been studied only by very few groups 7, 16, of which 104 

only one on prostate MRI for the evaluation of radiomics repeatability. Understanding if the 105 

normalization step affects radiomics reproducibility and if features obtained using different 106 

methods are reliable can help in optimizing the study design or in comparing results coming from 107 

different studies. Intensity standardization is most frequently carried out following one of these 108 

approaches: 1) by normalizing grey level values with respect to a ROI with fixed and stable value 17, 109 

2) by centering the image at its mean value 18, or 3) by adjusting the histogram to a reference one 110 

19. 111 

In the context of prostate cancer, radiomics is currently routinely performed on T2w-MRI, as the 112 

most commonly available MRI acquisition 15, 20, to detect the tumor 21 or to explore the association 113 

with biochemical recurrence after radiotherapy 22 and to assess the effect of irradiation on organs 114 

at risk, such as the internal obturator muscles 23. It is known that the performance of radiomic 115 
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features are dependent on the type of analyzed tissue, being tumor or normal tissue. Therefore, the 116 

reproducibility evaluation should be performed taking into considerations both pathological and 117 

healthy tissues in order to improve the knowledge about how the structural properties of the 118 

different organs can impact the radiomics estimation 20. In this context, recent studies have already 119 

evaluated the cross-site reproducibility and discriminability characteristics of different radiomic 120 

features and feature families 20, 24 in a multisite setting. 121 

In this work we aimed at evaluating in a cohort of prostate cancer patients if T2w-MRI signal 122 

normalization has an impact on the image information content provided by textural features, by 123 

means of the evaluation of their reproducibility. Features reproducibility was also evaluating taking 124 

into consideration other relevant conditions in the radiomics procedure, i.e. the ROI delineation by 125 

multiple observers 25 and the image discretization approach 26. In addition, the impact of different 126 

normalization techniques was also assessed on delta features extracted from longitudinal images, 127 

as a typical condition that occurs in radiomics, especially for radiotherapy evaluation.  128 

 129 

Materials and methods 130 

Study population and image acquisition 131 

Fourteen patients treated for prostate cancer with exclusive radical external beam RT at the 132 

National Cancer Institute in Milan were considered. The study protocol was approved by the local 133 

Ethical Committee (INT 73/13) and written informed consent was obtained from the patients 134 

involved in this study. 135 

T2w-MRI was performed before RT (MRI1) and 12 months after RT completion (MRI2) using a 1.5 T 136 

scanner (Achieva, Philips Medical Systems, Best, the Netherlands) equipped with a SENSE-XL-Torso 137 

coil with 16 channels. Images were acquired using a Turbo Spin Echo sequence with axial slicing (TR 138 
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= 4000 ms and TE = 120 ms; resolution = 0.456 x 0.456 mm; matrix = 268 x 768; slice thick- ness = 3 139 

mm; NSA = 4). 140 

 141 

ROI identification 142 

For this study, 3 different ROIs were selected: the central zone of the prostate, the penile bulb and 143 

the obturator muscles (both right and left). This choice was made in order to take into consideration 144 

a target organ, such as the prostate, and normal tissues receiving irradiation during radiotherapy, 145 

such as the penile bulb and the obturators. In addition, these structures have different range of 146 

grey-level intensities, covering different regions of the whole image histogram. 147 

ROI contours were manually delineated on the MRI1 (see Figure1) independently by two operators, 148 

a medical imaging researcher (C1.1) and a senior medical physicist (C2) with 6 and 15 years of 149 

experience in MRI pelvic images respectively, and converted into a binary label mask using 3DSlicer 150 

27. The first operator re-contoured the ROIs to assess the intra-observer reproducibility (C1.2). 151 

Contours were then automatically propagated on MRI2 by applying the deformation field estimated 152 

by the elastic registration between the two images. A more detailed description of the image 153 

registration and contour propagation procedure can be found in previous works 23, 28. 154 

 155 

Figure 1. Contours of internal obturator muscles (green), prostate (blue) and bulb (red) manually delineated on 156 
T2w-MRI acquired before RT. 157 

 158 

Image processing and intensity normalization 159 
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The image processing workflow is schematically represented in Figure2. All T2w-MR images were 160 

first corrected for magnetic field inhomogeneities by using the nonparametric nonuniform intensity 161 

normalization (N4) algorithm 29. Regarding the normalization step, 4 conditions were considered: 162 

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

2. Normalization by the mean image value (Norm_Mean): both images (MRI1 and MRI2) were 164 

normalized by centering them at their respective mean value with standard deviation of the 165 

whole original image, as suggested in the user-guide of PyRadiomics 30.  166 

Ὢὼ
ὼ ‘

„
σ„ 167 

Where x and f(x) are the original and normalized intensity, respectively; ‘ and „ are the 168 

mean and standard deviation of the image.  169 

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

both images (MRI1 and MRI2) were normalized by centering them at the mean value and 171 

standard deviation of the bladder in their respective whole original image 17. The signal 172 

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

dependent factors. 174 

Ὢὼ
ὼ ‘

„
σ„  175 

Where x and f(x) are the original and normalized intensity, respectively; ‘  and „  are 176 

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

4. Normalization using the histogram-matching method (Norm_HM): this algorithm, proposed 178 

by Nyul et al. 31 seeks the global correspondence between MRI1 and MRI2 in a specific 179 

number of reference points of the histogram. The intensity value of the reference points of 180 

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

reference point of the MRI1 histogram. The following configuration was adopted 31: number 182 
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of histogram bins = 256; reference points: the 9 deciles and the maximum and minimum 183 

percentiles. MRI2 was corrected so that its histogram matched the one of MRI1. Conversely, 184 

no normalization was applied to MRI1. 185 

 186 

Figure 2. Schematic representation of the image processing workflow for the extraction of radiomic features. 187 

 188 

Features computation 189 

91 radiomic features were computed in each ROI and for every normalization condition on MRI1 190 

and MRI2 using PyRadiomics open-source software 30 (version 2.0.1), implemented in Python. 191 

Specifically, the following indices were extracted: 18 first-order (FO), 22 from Grey-Level Co-192 

occurrence Matrix (GLCM), 16 from Grey-Level Run-Length Matrix (GLRLM), 16 from Grey-Level 193 

Size-Zone Matrix (GLSZM), 14 from Grey-Level Dependence Matrix (GLDM) and 5 from Neighbouring 194 

Gray Tone Difference Matrix (NGTDM). Re-segmentation (i.e. the exclusion of outliers farther from 195 

the mean than 3 standard deviations) was performed from the original ROI. Discretization was 196 

performed by considering a fixed bin-width (FBW), rather than considering a fixed bin count (FBC), 197 

since FBW has highlighted higher reproducibility in MRI inter-observer contours variability 26. A bin-198 

width of 25 were used for No_Norm, Norm_ROI and Norm_HM and a bin-width of 5 bins 199 
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Norm_Mean, in order to guarantee a similar number of bins (median [range]: 42 [34-60] for 200 

No_norm; 37 [29-54] for Norm_Mean; 36 [31-52] for Norm_ROI; 40 [35-58] for Norm_HM) among 201 

the images normalized by the different methods. In addition, the original image was also discretized 202 

using the FBC approach with 64 bins, as it can introduce an intrinsic normalizing effect 14. Features 203 

extraction was performed in 2D, since the thickness was much larger than the in-plane dimension 204 

(3 mm vs. 0.456 mm) 23. For this reason, images were not resampled to isotropic voxels, in order to 205 

not introduce another step involving interpolation, as pixels were already isotropic in the in-plane 206 

resolution. No filtering was applied to the images. 207 

Differences of each feature between MRI1 and MRI2 were calculated as follows: 208 

ЎὪὩὥὸόὶὩ
ὪὩὥὸόὶὩὪὩὥὸόὶὩ

ὪὩὥὸόὶὩ
ρππ 209 

where feature1 and feature2 corresponded to pre and post RT values respectively. 210 

 211 

Reproducibility estimation 212 

The reproducibility of radiomic features was tested using the Intraclass Correlation Coefficient (ICC) 213 

in three different conditions: 214 

1) features extracted on MRI2 and considering the No_Norm condition as the reference image with 215 

the original texture, in order to evaluate the effect of normalization on the image information 216 

content. The FBW discretization was adopted in this phase. The impact of using a normalization 217 

method was assessed a) by considering the effect of the 4 methods (No_Norm, Norm_Mean, 218 

Norm_ROI, Norm_HM) together, in order to identify the features that are less affected by the 219 

normalization procedure, regardless the algorithm chosen to perform it (ICC global), and b) by 220 

considering the influence of each method separately, with respect to the reference image 221 

(No_Norm vs. Norm_Mean; No_Norm vs. Norm_ROI; No_Norm vs. Norm_HM), in order to identify 222 

the normalization algorithm that less affects the extraction of radiomic features (ICC couples). 223 
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2) features extracted in the ROIs delineated by the different operators, to evaluate the 224 

normalization approach that could better preserve reproducibility between observers delineations. 225 

The spatial overlap accuracy between delineations was estimated by the Dice coefficient 32. ICC was 226 

computed for each pair of inter-observer (C1.1 vs. C2) and intra-observer (C1.1 vs. C1.2) 227 

delineations, considering 5 conditions: No_Norm, Norm_Mean, Norm_ROI and Norm_HM, where 228 

images were discretized using the FBW approach, and No_Norm discretized with FBC approach. A 229 

feature was considered reproducible if it reached at least a significant (p>0.05 after Bonferroni 230 

correction for multiple comparisons) ICC of 0.75 in both the experiments (intra- and inter-observer 231 

ICC) 26. 232 

3)  ɝÆÅÁÔÕÒÅÓ calculated using Norm_mean, Norm_ROI and Norm_HM with FBW discretization, to 233 

evaluate if the calculation of delta can mitigate or increase the alteration in the information content 234 

induced by the normalization. The aim of this analysis was to assess whether different normalization 235 

methods can lead to comparable and highly reproducible delta features. In this analysis, No_Norm 236 

condition was not considered, since the ɝÆÅÁÔÕÒÅÓ computed without performing any normalization 237 

are meaningless. For this reason, the ICC was calculated only considering the three normalization 238 

methods together (ICC_global) and considering all the possible couple combinations, namely 239 

Norm_Mean vs. Norm_ROI (n1-n2), Norm_Mean vs. Norm_HM (n1-n3) and Norm_ROI vs. 240 

Norm_HM (n2-n3). 241 

ICC (two-way mixed effect model, single rater type) 33 was computed for consistency estimation in 242 

conditions 1) and 3): 243 

Ὅὅὅ
ὓὛ ὓὛ

ὓὛ Ὧ ρὓὛ
 244 

And for absolute agreement estimation in condition 2): 245 

Ὅὅὅ
ὓὛ ὓὛ

ὓὛ Ὧ ρὓὛ
Ὧ
ὲὓὛ ὓὛ

 246 
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Where MSR is the mean square for rows (observations), MSC is the mean square for columns, MSE is 247 

the mean square for error and k is the number of raters (normalization methods or observers). It 248 

was previously reported that ICC values less than 0.5 are indicative of poor reliability, values 249 

between 0.5 and 0.75 indicate moderate reliability, values between 0.75 and 0.9 indicate good 250 

reliability and values greater than 0.9 indicate excellent reliability 34. ICC values were considered 251 

significant for p_values < 0.05, after Bonferroni correction for multiple comparisons; features with 252 

non-significant ICC were considered as poorly reproducible, even if ICC was greater than 0.5. The 253 

Spearman correlation between radiomic features and the ROI volume was assessed, since it has 254 

been reported that many features intrinsically embed volume information 35. In this way, it is 255 

possible to discard the highly correlated ones (significant p-value < 0.05, after Bonferroni correction 256 

for multiple comparisons), in order to consider only features that embed information related to the 257 

texture. In addition, the assessment of inter-correlations between features was also performed 258 

using Spearman correlation (significant p_value < 0.05 after Bonferroni correction for multiple 259 

comparisons). The reproducibility results were reported considering the whole set of features, and 260 

results of this correlation analysis were used to be sure that the final set of most reproducible 261 

features did not contain indices highly correlated within themselves.  262 

 263 

Results  264 

1) Reproducibility on features extracted from MRI2 265 

a) ICC global 266 

The reproducibility evaluated on MRI2 taking into consideration the influence of any normalization 267 

technique on radiomic features revealed that most parameters are very sensitive to this image 268 

processing step. In fact, 67% of the features in the prostate, 38% in the obturators and 63% in the 269 

bulb have shown poor reproducibility (ICC<0.5 or non-significant ICC; see Figure 3 for more details). 270 
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Only a small part of the features presented a ICC value greater than 0.9 (14% in the prostate, 12% 271 

in the obturators and 14% in the bulb). Some of these features were the same in any ROI: kurtosis 272 

and skewness for FO features, correlation, Inverse Difference Moment Normalized (Idmn) and 273 

Inverse Difference Normalized (Idn) for GLCM features, Gray-Level Non-Uniformity for GLSZM 274 

features and Coarseness for NGTDM features; however, the two lasts presented a high correlation 275 

with volume and thus they were discarded; moreover, skewness and kurtosis were inter-correlated 276 

within themselves as well as Idmn and Idn. Looking at the features class, the average ICC value 277 

within every group was between 0.44 and 0.68 (see Table 1 and Supporting Information Table S1 278 

for more details).  279 

 280 

 281 

Figure 3. Percentage of poor, moderate, good and excellent features for each class and in each structure, based 282 
on ICC values calculated considering the 4 normalization techniques on MRI2. 283 

 284 

b) ICC couples 285 

When ICC was assessed for each normalization technique separately, with respect to the reference 286 

image without any normalization, it was highlighted that the method that most affected the feature 287 

estimation was Norm_ROI. In fact, as can be seen in Figure 4 and in Table 1, the Norm_ROI presented 288 

the lowest ICC values, regardless the feature class and ROI. As for the other two normalization 289 

methods, the reported ICC values were similar for textural features classes, with a clear tendency 290 

of Norm_HM to maintaining a larger number of reproducible features than Norm_Mean in the 291 
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obturators (56 vs. 40 features with ICC>0.75, for Norm_HM and Norm_Mean respectively). In the 292 

FO group, the Norm_HM method was the only one able to better preserve the original features (ICC 293 

of 0.72, 0.83 and 0.71 in the prostate, obturators and bulb, respectively). The ICC values, confidence 294 

intervals and p_values of each feature in the three ROIs can be found in the Supporting Information 295 

Table S1. 296 

 297 

Figure 4. Percentage of poor, moderate, good and excellent features for each class and in each structure, based 298 
on ICC values calculated considering the 3 normalization techniques separately with respect to the reference, on MRI2. 299 

 300 

Table 1. Average ICC value for each feature class, calculated on MRI2 among the features belonging to the 301 
considered class, for the three structures. Values are reported as ICC global and ICC couples for each normalization 302 
technique, with respect to the reference image. 303 

 
ICC global 

No_Norm vs. 
Norm_Mean 

No_Norm vs. 
Norm_ROI 

No_Norm vs. 
Norm_HM 

 Prost Obt. Bulb Prost Obt. Bulb Prost Obt. Bulb Prost Obt. Bulb 

FO 0.55 0.61 0.55 0.33 0.36 0.31 0.50 0.46 0.53 0.72 0.83 0.71 

GLCM 0.49 0.51 0.50 0.69 0.65 0.69 0.44 0.45 0.46 0.67 0.72 0.68 

GLRLM 0.44 0.48 0.46 0.65 0.57 0.65 0.35 0.35 0.43 0.65 0.69 0.63 
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GLSZM 0.47 0.50 0.50 0.66 0.60 0.67 0.40 0.41 0.47 0.66 0.69 0.65 

GLDM 0.50 0.51 0.51 0.68 0.60 0.68 0.43 0.40 0.48 0.68 0.70 0.65 

NGTDM 0.60 0.53 0.68 0.76 0.77 0.82 0.57 0.59 0.63 0.73 0.79 0.78 

Mean 0.50 0.52 0.51 0.61 0.57 0.61 0.43 0.43 0.48 0.68 0.73 0.67 

 304 

2) Reproducibility with respect to inter-observer delineations 305 

The intra- and inter-observer variability in ROI delineation, in terms of the Dice coefficient, was 306 

reported in Table 2. The reproducibility analysis has highlighted very different results, depending on 307 

the considered ROI. In fact, the number of reproducible features were varied in the three structures, 308 

showing high reproducibility in the prostate (except for the Norm_FBC normalization) and poor or 309 

very poor reproducibility in the penile bulb and in the obturators (see Table 2). Norm_ROI condition 310 

presented the higher number of features in all the three organs, whereas Norm_HM was similar to 311 

the original condition. Discretization with FBC leaded to discordant results: in the prostate and in 312 

the obturator muscles it generated the less reproducible features, whereas in the penile bulb it 313 

presented the highest number. The complete set of ICC values, together with confidence intervals 314 

and p_values can be found in the Supporting Information Table S2. 315 

 316 

Table 2. Reproducibility in the intra- and inter-observer setting in the three ROIs. Contour variability is measured 317 
with Dice coefficient (reported as mean ± standard deviation). The number of reproducible features considering the 318 
different normalization is reported. Features are considered reproducible if a significant ICC>0.75 is computed both in 319 
the intra- and inter-observer settings 320 

  Prostate Obturator muscles Penile bulb 

Delineation 

agreement 

(Dice) 

Intra-observer  0.83 ± 0.06 0.80 ± 0.05 0.78 ± 0.10 

Inter-observer  0.77 ± 0.09 0.75 ± 0.08 0.73 ± 0.13 

Number of 

reproducible 

features 

No_Norm  55 5 13 

Norm_Mean 48 3 11 

Norm_ROI 59 10 15 

Norm_HM 55 4 11 

Norm_FBC 8 2 21 

 321 

3) Reproducibility on ɝÆÅÁÔÕÒÅÓ 322 
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a) ICC global 323 

The reproducibility of ɝÆÅÁÔÕÒÅÓ was similar or even lower than that measured on MRI2, as reported 324 

in Table 3 and shown in Figure 5. In fact, the number of poorly reproducible features remained 325 

stable for the prostate and the penile bulb (66% and 64%, respectively) and increased to 63% for 326 

the obturators, whereas the number of highly stable features decreased to 7% in the prostate, 11% 327 

in the obturators and 8% in the bulb. In particular, the most reproducible features were a subset of 328 

the stable features found in the previous analysis (correlation, Informational Measure of Correlation 329 

2 (Imc2), Idmn and Idn from GLCM, coarseness from NGTDM, presenting ICC>0.9 in each ROI; 330 

kurtosis and skewness from FO, Gray-Level Non-Uniformity from GLSZM presenting ICC>0.9 in two 331 

out of three ROIs). As for the POST-RT analysis, some of these features presented high correlation 332 

with volume (Gray-Level Non-Uniformity from GLSZM) or within themselves (skewness and kurtosis, 333 

Idmn, Idn and Imc2), thus reducing the number of reproducible and independent features. 334 

 335 

 336 

Figure 5. Percentage of poor, moderate, good and excellent features for each class and in each structure, based 337 
on ICC values calculated considering the 3 normalization techniques on ɲŦŜŀǘǳǊŜǎΦ 338 

 339 

b) ICC couples 340 

The analysis between the coupled normalization methods confirmed findings on MRI2. In particular, 341 

an excellent reproducibility between ɝÆÅÁÔÕÒÅÓ calculated using Norm_Mean and Norm_HM was 342 

highlighted (see the second column in Figure 6 and Table 3). Only FO features presented low ICC 343 

values (78% of features with ICC<0.5 in each ROI), whilst the average ICC in the other classes was in 344 


