T2w-MRI signal normalization affects radiomics features reproducibility
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Purpose: Despite its increasing application, radiomics has not yet demonstrated a solid reliability,
due to the difficulty in replicating analyses. The extraction of radiomic features from clinical MRI
(T1w/T2w) presents even more challenges because of the absence of well-defined units (e.g. HU).
Some preprocessing 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 was
to evaluate the effect of three different normalization techniques, applied on T2w-MRI images of the
pelvic region, on radiomic features reproducibility.
Methods: T2w-MRI acquired before (MRI1) and 12 months after radiotherapy (MRI2) from 14
patients treated for prostate cancer were considered. Four different conditions were analyzed: (a) the
original MRI (No_Norm); (b) MRI normalized by the mean image value (Norm_Mean); (c) MRI normalized by the mean value of the urine in the bladder (Norm_ROI); (d) MRI normalized by the histogram-matching method (Norm_HM). Ninety-one radiomic features were extracted from three
organs of interest (prostate, internal obturator muscles and bulb) at both time-points and on each
image discretized using a fixed bin-width approach and the difference between the two time-points
was calculated (Dfeature). To estimate the effect of normalization methods on the reproducibility of
radiomic features, ICC was calculated in three analyses: (a) considering the features extracted on
MRI2 in the four conditions together and considering the influence of each method separately, with
respect to No_Norm; (b) considering the features extracted on MRI2 in the four conditions with
respect to the inter-observer variability in region of interest (ROI) contouring, considering also the
effect of the discretization approach; (c) considering Dfeature to evaluate 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 features reliability was Norm_ROI (average ICC of 0.45). The other two
methods were similar, except for first-order features, where Norm_HM outperformed Norm_Mean
(average ICC = 0.33 and 0.76 for Norm_Mean and Norm_HM, respectively). In the inter-observer
setting, the number of reproducible features varied in the three structures, being higher in the prostate
than in the penile bulb and in the obturators. The analysis on Dfeature highlighted that more than
60% of the features were not consistent with respect to the normalization method and confirmed the
high reproducibility of the features between Norm_Mean and Norm_HM, whereas Norm_ROI was
the less reproducible method.
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Conclusions: The normalization process impacts the reproducibility of radiomic features, both in
terms of changes in the image information content and in the inter-observer 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 less reproducible features. Only a very small subset of feature remained reproducible and independent in any
tested condition, regardless the ROI and the adopted algorithm: skewness or kurtosis, correlation and
one among Imc2, Idmn and Idn from GLCM group. © 2020 American Association of Physicists in
Medicine [https://doi.org/10.1002/mp.14038]
Key words: MRI intensity normalization, prostate cancer, radiomics, reproducibility assessment
1. INTRODUCTION
Radiomic analysis was introduced in the field of oncology
only recently1 but it is increasingly adopted in numerous
studies, becoming one of the most relevant techniques to
extract quantitative biomarkers from medical images. In fact,
radiomics has revealed its potential in identifying2 and classifying tumors,3 and in predicting treatment response both for
tumor4 and normal tissues.5 However, results of radiomic
analyses are often difficult to replicate, due to the lack of
standardized procedure in image acquisition, reconstruction,
processing and analysis. For this reason, radiomic features
that present high classification/prediction power should also
present high reliability, since both these properties are necessary to build a reliable radiomic signature.6,7
In the previous years, several works have dealt with the
assessment of radiomic features reliability, both considering the
evaluation of repeatability, i.e features 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 conditions.8 The focus of these works was principally on the
evaluation of the impact of image acquisition and reconstruction,9,10 image discretization11 and region of interest (ROI)
delineation,12 especially considering positron emission tomography (PET) and computed tomography (CT) images. Other
factors influencing the robustness of radiomic feature computation have not been exhaustively explored yet, particularly
regarding the image processing aspects (noise filtering, artifacts
correction, algorithms used for features computation, etc.).8
While CT and PET imaging have established their role in
radiomics,1,13 magnetic resonance imaging (MRI) showed
some initial difficulties in imposing itself as a robust imaging
modality for the extraction of reliable features, despite its
great potential in assessing several tissue properties. This fact
can be explained by the nonquantitative image intensity signal of the standard clinical acquisitions (especially T2weighted (T2w) and T1-weighted (T1w) MRI), which makes
the comparison of radiomic features within a study population nonfeasible, even if the same acquisition protocol is
adopted; in addition, even sequences providing quantitative
parameters [such as apparent diffusion coefficient (ADC)
maps] are subject to reproducibility limitations due to the
large spectrum of acquisition parameters and possible artifacts. Nonetheless, the great availability of T2w-MRI in
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clinical practice and its ability in offering excellent anatomical details and contrast, together with the adoption of some
necessary preprocessing steps, have allowed the routine use
of radiomic analyses even on these images. In fact, the adoption of some image processing pipelines, aimed at harmonizing image resolution, correcting artifacts, such as the
magnetic field inhomogeneities, and adjusting the nonquantitative image intensity values, was also suggested by the
Image Biomarker Standardization Initiative (IBSI).14
Image intensity normalization is a necessary step if nonquantitative MRI images are considered for different subjects or for longitudinal studies, as the aim of this
procedure was to remove the variability between patients/
longitudinal studies and increase the MRI repeatability.15
Different normalization methods are described in the literature and adopted by different authors, but the effects of this
processing on radiomic features extraction have been studied only by very few groups,7,16 of which only one was
based on prostate MRI for the evaluation of radiomics
repeatability. It is important to understand if the normalization step affects radiomics reproducibility and if features
obtained using different methods are reliable; this can help
the optimization of the study design or the comparison
between results coming from different studies. Intensity
standardization is most frequently carried out following one
of these approaches: (a) by normalizing gray level values
with respect to a ROI with fixed and stable value,17 (b) by
centering the image at its mean value,18 or (c) by adjusting
the histogram to a reference one.19
In the context of prostate cancer, radiomics is currently
routinely performed on T2w-MRI, as the most commonly
available MRI acquisition,15,20 to detect the tumor21 or to
explore the association with biochemical recurrence after
radiotherapy (RT)22 and to assess the effect of irradiation on
organs at risk, such as the internal obturator muscles.23 It is
known that the performance of radiomic features are dependent on the type of analyzed tissue, for example tumor or normal tissue. Therefore, the reproducibility evaluation should
be performed taking into consideration both pathological and
healthy tissues in order to improve knowledge about how the
structural properties of the different organs can impact the
radiomics estimation.20 In this context, recent studies have
already evaluated the cross-site reproducibility and discriminability characteristics of different radiomic features and feature families in a multisite setting.20,24
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In this work we aimed at evaluating in a cohort of prostate
cancer patients if T2w-MRI signal normalization has an
impact on the image information content provided by textural
features, by means of the evaluation of their reproducibility.
Features reproducibility was also evaluated taking into consideration other relevant conditions in the radiomics procedure, i.e. the ROI delineation by multiple observers25 and the
image discretization approach.26 In addition, the impact of
different normalization techniques was also assessed on delta
features extracted from longitudinal images, as a typical condition that occurs in radiomics, especially for RT evaluation.

2. MATERIALS AND METHODS
2.A. Study population and image acquisition
Fourteen patients treated for prostate cancer with exclusive
radical external beam RT at the National Cancer Institute in
Milan were considered. The study protocol was approved by
the local Ethics Committee (INT 73/13) and written informed
consent was obtained from the patients involved in this study.
T2w-MRI was performed before RT (MRI1) and
12 months after RT completion (MRI2) using a 1.5 T scanner
(Achieva, Philips Medical Systems, Best, the Netherlands)
equipped with a SENSE-XL-Torso coil with 16 channels.
Images were acquired using a Turbo Spin Echo sequence
with axial slicing (TR = 4000 ms and TE = 120 ms;
resolution = 0.456 9 0.456 mm; matrix = 268 9 768; slice
thickness = 3 mm; NSA = 4).
2.B. ROI identiﬁcation
For this study, three different ROIs were selected: the central zone of the prostate, the penile bulb and the obturator
muscles (both right and left). This choice was made in order
to take into consideration a target organ, such as the prostate,
and normal tissues receiving irradiation during RT, such as
the penile bulb and the obturators. In addition, these structures have different range of gray-level intensities, covering
different regions of the whole image histogram.
ROI contours were manually delineated on the MRI1 (see
Fig. 1) independently by two operators, a medical imaging
researcher (C1.1) and a senior medical physicist (C2) with 6
and 15 years of experience in MRI pelvic images, respectively, and converted into a binary label mask using 3DSlicer.27 The first operator recontoured the ROIs to assess the
intra-observer reproducibility (C1.2). Contours were then
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 works.23,28
2.C. Image processing and intensity normalization
The image processing workflow is schematically represented in Fig. 2. All T2w-MR images were first corrected for
Medical Physics, 0 (0), xxxx
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magnetic field inhomogeneities by using the nonparametric
nonuniform intensity normalization (N4) algorithm.29
Regarding the normalization step, four conditions were considered:
1. No normalization (No_Norm): no intensity homogenization was performed
2. Normalization by the mean image value (Norm_Mean):
both images (MRI1 and MRI2) were normalized by
centering them at their respective mean value with
standard deviation of the whole original image, as suggested in the user-guide of PyRadiomics.30
f ð xÞ ¼

ð x  lx Þ
þ 3rx
rx

where x and f(x) are the original and normalized intensity, respectively; lx and rx are the mean and standard
deviation of the image.
3. Normalization by the mean and standard deviation of
the urine in the bladder (Norm_ROI): both images
(MRI1 and MRI2) were normalized by centering them
at the mean value and standard deviation of the bladder
in their respective original images.17 The signal intensity of the urine in the bladder was chosen as a signal
not influenced by dose- or time-dependent factors.
f ð xÞ ¼

ðx  lROI Þ
þ 3rROI
rROI

where x and f(x) are the original and normalized intensity, respectively; lROI and rROI are the mean and standard deviation of the urine within the bladder.
4. Normalization using the histogram-matching method
(Norm_HM): this algorithm, proposed by Nyul
et al.,31 seeks the global correspondence between
MRI1 and MRI2 in a specific number of reference
points of the histogram. The intensity value of the
reference points of the MRI2 histogram are linearly
mapped on the intensity value of the corresponding
reference point of the MRI1 histogram. The following configuration was adopted31: number of histogram bins = 256; reference points = the 9 deciles
and the maximum and minimum percentiles. MRI2
was corrected so that its histogram matched that of
MRI1. Conversely, no normalization was applied to
MRI1.
2.D. Features computation
Ninety-one radiomic features were computed in each
ROI and for every normalization condition on MRI1 and
MRI2 using PyRadiomics open-source software30 (version
2.0.1), implemented in Python. Specifically, the following
indices were extracted: 18 first-order (FO), 22 from GrayLevel Co-occurrence Matrix (GLCM), 16 from Gray-Level
Run-Length Matrix (GLRLM), 16 from Gray-Level SizeZone Matrix (GLSZM), 14 from Gray-Level Dependence
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FIG. 1. Contours of internal obturator muscles (green), prostate (blue) and bulb (red) manually delineated on T2w-MRI acquired before RT.

2.E. Reproducibility estimation
The reproducibility of radiomic features was tested using
the intraclass correlation coefficient (ICC) in three different
conditions:

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

Matrix (GLDM) and five from Neighbouring Gray Tone
Difference Matrix (NGTDM). Resegmentation (i.e. the
exclusion of outliers farther from the mean than 3 standard
deviations) was performed from the original ROI. Discretization was performed by considering a fixed bin-width
(FBW), rather than considering a fixed bin count (FBC),
since FBW has highlighted higher reproducibility in MRI
inter-observer contours variability.26 A bin-width of 25 was
used for No_Norm, Norm_ROI and Norm_HM and a binwidth of 5 was used for Norm_Mean, in order to guarantee
a similar number of bins (median [range]: 42 [34–60] for
No_norm; 37 [29–54] for Norm_Mean; 36 [31–52] for
Norm_ROI; 40 [35–58] for Norm_HM) among the images
normalized using the different methods. In addition, the
original image was also discretized using the FBC
approach with 64 bins, as it can introduce an intrinsic normalizing effect.14 Features extraction was performed in 2D,
since the slice thickness was much larger than the in-plane
dimension (3 mm vs. 0.456 mm).23 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 the in-plane resolution. No filtering was applied to the images.
Differences of each feature between MRI1 and MRI2 were
calculated as follows:
Dfeature ¼

feature2  feature1
 100:
feature1

where feature1 and feature2 corresponded to pre- and postRT values, respectively.
Medical Physics, 0 (0), xxxx

1. Features extracted on MRI2 and considering the No_Norm condition as the reference image with the original
texture, in order to evaluate the 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 four 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).
2. Features extracted in the ROIs delineated by the different operators, to evaluate the normalization approach
that could better preserve reproducibility between
observer delineations. The spatial overlap between
delineations was estimated using the Dice coefficient.32 ICC was computed for each pair of inter-observer (C1.1 vs. C2) and intra-observer (C1.1 vs. C1.2)
delineations, considering five conditions: No_Norm,
Norm_Mean, Norm_ROI and Norm_HM, where
images were discretized using the FBW approach, and
No_Norm discretized with FBC approach. A feature
was considered reproducible if it reached at least a significant (P < 0.05 after Bonferroni correction for multiple comparisons) ICC of 0.75 in both the experiments
(intra- and inter-observer ICC).26
3. Dfeatures calculated using Norm_mean, Norm_ROI
and Norm_HM with FBW discretization, to evaluate if
the calculation of delta can mitigate or increase the
alteration in the information content induced by the
normalization. The aim of this analysis was to assess
whether different normalization methods can lead to
comparable and highly reproducible delta features. In
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this analysis, No_Norm condition was not considered,
since the Dfeatures computed 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 (n1-n2), Norm_Mean vs.
Norm_HM (n1-n3) and Norm_ROI vs. Norm_HM (n2n3).
ICC (two-way mixed effect model, single rater type)33 was
computed for consistency estimation in conditions 1) and 3):
MSR  MSE
ICC ¼
MSR þ ðk  1ÞMSE
and for absolute agreement estimation in condition 2):
ICC ¼

MSR  MSE
MSR þ ðk  1ÞMSE þ nk ðMSC  MSE Þ

where MSR is the mean square for rows (observations), MSC
is the mean square for columns, MSE is the mean square for
error and k is the number of raters (normalization methods or
observers). It 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 reliability.34 ICC values were considered
significant for P-values < 0.05, after Bonferroni correction
for multiple comparisons; features with nonsignificant ICC
were considered as poorly reproducible, even if ICC was
greater than 0.5. The Spearman correlation between radiomic
features and the ROI volume was assessed, since it has been
reported that many features intrinsically embed volume information.35 In this way, it is possible to discard the highly correlated ones (significant P-value < 0.05, after Bonferroni
correction for multiple comparisons), in order to consider
only features that embed information related to the texture. In
addition, the assessment of inter-correlations between features was also performed using Spearman correlation (significant P-value < 0.05 after Bonferroni correction for multiple

5

comparisons). The reproducibility results were reported considering the whole set of features, and results of this correlation analysis were used to be sure that the final set of most
reproducible features did not contain indices highly correlated within themselves.

3. RESULTS
3.A. Reproducibility on features extracted from
MRI2
3.A.1. 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 processing step. In fact, 67% of the features in the prostate, 38% in the obturators and 63% in the
bulb have shown poor reproducibility (ICC < 0.5 or non-significant ICC; see Fig. 3 for more details). Only a small part
of the features presented an ICC value greater than 0.9 (14%
in the prostate, 12% in the obturators and 14% in the bulb).
Some of these features were the same in any ROI: kurtosis
and skewness for FO features, correlation, Inverse Difference
Moment Normalized (Idmn) and Inverse Difference Normalized (Idn) for GLCM features, Gray-Level Non-Uniformity
for GLSZM features and Coarseness for NGTDM features.
However, the two lasts presented a high correlation with volume and thus they were discarded; moreover, skewness and
kurtosis presented high correlation within themselves as well
as Idmn and Idn. Looking at the features class, the average
ICC value within every group was between 0.44 and 0.68
(see Table I and Table S1 for more details).
3.A.2. 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 that most
affected the feature estimation was Norm_ROI. In fact, as can

FIG. 3. Percentage of poor, moderate, good and excellent features for each class and in each structure, based on ICC values calculated considering the four normalization techniques on MRI2. ICC, intraclass correlation coefficient.
Medical Physics, 0 (0), xxxx
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TABLE I. Average ICC value for each feature class, calculated on MRI2 among the features belonging to the considered class, for the three structures.
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

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
Mean

0.60
0.50

0.53
0.52

0.68
0.51

0.76
0.61

0.77
0.57

0.82
0.61

0.57
0.43

0.59
0.43

0.63
0.48

0.73
0.68

0.79
0.73

0.78
0.67

Values are reported as ICC global and ICC couples for each normalization technique, with respect to the reference image.
ICC, intraclass correlation coefficient.

be seen in Fig. 4 and in Table I, the Norm_ROI presented the
lowest ICC values, regardless of the feature class and ROI.
As for the other two normalization methods, the reported
ICC values were similar for textural features classes, with a
clear tendency of Norm_HM to maintain a larger number of
reproducible features than Norm_Mean in the obturators (56
vs. 40 features with ICC > 0.75, for Norm_HM and Norm_Mean, respectively). In the FO group, the Norm_HM method
was the only one able to better preserve the original features
(ICC of 0.72, 0.83 and 0.71 in the prostate, obturators and
bulb, respectively). The ICC values, confidence intervals and
P-values of each feature in the three ROIs can be found in
Table S1.
3.B. Reproducibility with respect to inter-observer
delineations
The intra- and inter-observer variability in ROI delineation, in terms of the Dice coefficient, was reported in
Table II. The reproducibility analysis has highlighted very
different results, depending on the considered ROI. In fact,
the number of reproducible features 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 obturators (see
Table II). Norm_ROI condition presented the higher number
of features in all the three organs, whereas Norm_HM was
similar to the original condition. Discretization with FBC led
to discordant results: in the prostate and in the obturator muscles it generated less reproducible features, whereas in the
penile bulb it presented the highest number. The complete set
of ICC values, together with confidence intervals and P-values can be found in Table S2.

features remained stable for the prostate and the penile bulb
(66% and 64%, respectively) and increased to 63% for the
obturators, whereas the number of highly stable features
decreased to 7% in the prostate, 11% in the obturators and
8% in the bulb. In particular, the most reproducible features
were a subset of the stable features found in the previous
analysis (correlation, Informational Measure of Correlation 2
(Imc2), Idmn and Idn from GLCM, coarseness from
NGTDM, presenting ICC > 0.9 in each ROI; kurtosis and
skewness from FO, Gray-Level Non-Uniformity from
GLSZM presenting ICC > 0.9 in two out of three ROIs).
Similar to the POST-RT analysis, some of these features presented high correlation with volume (Gray-Level Non-Uniformity from GLSZM) or within themselves (skewness and
kurtosis, Idmn, Idn and Imc2), thus reducing the number of
reproducible and independent features.
3.C.2. ICC couples
The analysis between the coupled normalization methods
confirmed findings on MRI2. In particular, an excellent
reproducibility between Dfeatures calculated using Norm_Mean and Norm_HM was highlighted (see the second column in Fig. 6 and Table III). Only FO features presented low
ICC values (78% of features with ICC < 0.5 in each ROI),
while the average ICC in the other classes was in the range of
0.79–0.93. On the contrary, features were not stable when
Norm_ROI was used (average ICC of the different classes in
the range of 0.22-0.58), except for the features that showed
high reproducibility with ICC global (see the first and third
columns in Fig. 6). The ICC values of each feature in the
three ROIs can be found in Table S3.
4. DISCUSSION

3.C. Reproducibility on Dfeatures
3.C.1. ICC global
The reproducibility of Dfeatures was similar or even lower
than that measured on MRI2, as reported in Table III and
shown in Fig. 5. In fact, the number of poorly reproducible
Medical Physics, 0 (0), xxxx

In this work, an extensive evaluation of the influence of
the image intensity normalization procedure on the reproducibility of radiomic features in longitudinal T2w-MRI studies and with respect to inter-observer variability in ROI
contouring was presented. Three different normalization
algorithms, generally adopted in literature within the field of
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FIG. 4. Percentage of poor, moderate, good and excellent features for each class and in each structure, based on ICC values calculated considering the three normalization techniques separately with respect to the reference, on MRI2. ICC, intraclass correlation coefficient.

TABLE II. Reproducibility in the intra- and inter-observer setting in the three
ROIs.

Prostate

Obturator
muscles

Penile bulb

Delineation
agreement
(Dice)

Intraobserver

0.83  0.06

0.80  0.05

0.78  0.10

Interobserver

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

Contour variability is measured with Dice coefficient (reported as mean  SD).
The 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 inter-observer settings.
ICC, intraclass correlation coefficient.

Medical Physics, 0 (0), xxxx

radiomic MRI, were studied. The main finding of this study
was that intensity normalization affects the image information
content and thus the extraction of textural features, both on
single acquisition and on delta, especially when the normalization through the mean value of a stable ROI was adopted.
As for the inter-observer reproducibility, results were mostly
dependent on the ROI and on the used discretization
approach. Among the 91 features considered in this work,
only a very small subset of features remained reproducible to
those computed on the original image, excluding those correlated to volume and other features, in any condition (skewness or kurtosis from FO class, correlation and one among
Imc2, Idmn and Idn from GLCM class), with an ICC > 0.75
regardless the ROI and the adopted algorithm.
From these findings we drew some main conclusions.
First, the normalization techniques have a high influence on
the radiomic computation. In particular, the choice of the normalization method may alter the textural features and not only
the histogram, on which the normalization algorithms are
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TABLE III. Average ICC value for each feature class, calculated among Dfeatures belonging to the considered class, for the three structures.
ICC global
Prost

Obt.

Norm_Mean vs. Norm_ROI
Bulb

Norm_Mean vs. Norm_HM

Norm_ROI vs. Norm_HM

Prost

Obt.

Bulb

Prost

Obt.

Bulb

Prost

Obt.

Bulb

FO

0.36

0.35

0.30

0.24

0.24

0.22

0.40

0.42

0.40

0.43

0.45

0.34

GLCM

0.61

0.50

0.49

0.57

0.43

0.47

0.93

0.87

0.80

0.50

0.48

0.42

GLRLM

0.37

0.37

0.46

0.28

0.30

0.43

0.91

0.84

0.79

0.25

0.30

0.36

GLSZM

0.40

0.45

0.47

0.34

0.39

0.43

0.88

0.84

0.80

0.29

0.41

0.39

GLDM

0.45

0.43

0.49

0.37

0.35

0.46

0.92

0.83

0.76

0.32

0.39

0.40

NGTDM
Mean

0.57
0.45

0.56
0.43

0.59
0.45

0.49
0.38

0.45
0.35
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FIG. 5. Percentage of poor, moderate, good and excellent features for each class and in each structure, based on ICC values calculated considering the three normalization techniques on Dfeatures. ICC, intraclass correlation coefficient.

predominantly based. Considering the analysis on MRI2,
where the reference were the features extracted from the original image, it can be seen that the description of the texture
was modified by the application of a normalization technique
and it happened particularly when Norm_ROI was applied.
Second, among the three analyzed methods, Norm_HM
and Norm_Mean seem to better preserve the original pattern
of the MRI images, with a tendency of features computed on
Norm_HM images of being more similar to the original ones
in the obturator muscles. Nonetheless, in the estimation of
FO features, the histogram-matching method is the only one
that allows high reproducibility. On the contrary, Norm_ROI
was highlighted as the method that mostly affects radiomics
reproducibility. For this reason, it should be discarded in
favor of one of the other two. This may be explained by a different and flatter gray-level distribution after normalization
with respect to the other techniques, which resulted in a different bin association when an FBW discretization was
adopted.
When the influence of normalization methods was evaluated on Dfeatures, the calculation of difference does not
improve the reproducibility with respect to the features calculated on MRI2 only; on the contrary, an increase in poorly
reproducible features was found in the obturators. Looking at
Medical Physics, 0 (0), xxxx

the coupled analyses, Norm_Mean and Norm_HM can estimate features highly reproducible between themselves, except
for FO features, as also found on the features computed on
MRI2. This may suggest that results found using these two
methods might be considered interchangeably and equally
valid (excluding FO features), especially in longitudinal studies. As for the Norm_ROI method, its poor reproducibility
found also on Dfeatures, may be explained by the possible
intrinsic modifications occurred between the first and second
MRI acquisition on the ROI chosen as reference (in this case
the urinary bladder). Changes in urinary composition might
have happened and, thus, correcting for these modifications
could alter the normalization process. This problem would
have been risen even if another ROI was chosen as reference,
since it is quite impossible to find a reference region that
never changes its properties.
Our findings were similar among the different types of
radiomic features, suggesting that there are no textural matrices (GLCM, GLRLM, GLSZM, GLDM nor NGTDM) more
stable than others. The only group that presented a slightly
higher ICC was the first-order group between No_Norm and
Norm_HM. This fact can be explained by the similar histogram distributions between MRI1 and MRI2 of the same
patient, being the MRI acquisitions performed on the same
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FIG. 6. Percentage of poor, moderate, good and excellent features for each class and in each structure, based on ICC values calculated considering the couples
between the three normalization techniques, on Dfeatures. ICC, intraclass correlation coefficient.

scanner and with the same protocol. At the same time, the
results were confirmed in the three organs considered in this
work (i.e. prostate, internal obturator muscle and penile
bulb), with a tendency of maintaining higher reproducible
features on MRI2 in the obturators for Norm_Mean and
Norm_HM conditions, with respect to Norm_ROI. This suggests that the conclusions drawn from this work regarding the
influence of normalization on the image information content
might be extended to other body districts scanned by a T2wMRI protocol, as the considered organs represent three different gray-level distribution in the images (the obturators, as
muscular tissue, present hypo-intense T2w-MRI values, the
penile bulb is mainly represented by hyper-intense values and
the prostate is in an intermediate range).
On the contrary, results of intra- and inter-observer reproducibility evaluation have highlighted that contour variability
plays a different role with respect to image normalization
depending on the considered ROI. In fact, the central zone of
the prostate, which is a quite homogeneous region, has shown
a high and stable number of reproducible features, regardless
of the normalization method (except for the FBC condition),
despite a certain variability in ROI definition (Dice of 0.83
Medical Physics, 0 (0), xxxx

and 0.77 for intra- and inter-observer variability). Conversely,
the penile bulb, being a very heterogeneous and small structure, with lower delineation agreement, is more affected by
the chosen normalization approach. The obturator muscles
also showed poor reproducibility, probably due to the contouring variability in the upper slices, where ROIs become
smaller. In this context, Norm_ROI seems to be the normalization method that better preserves reproducibility: this may
be explained by the changes in the intensity ranges in the
ROIs that, combined with the FBW approach, flatten the
intensity distribution, which becomes less sensitive to the
contour variability. However, one should take into consideration that Norm_ROI was the method with lower reproducibility in the other two conditions. The FBC discretization has
provided discordant results, suggesting that an FBW
approach, combined with a normalization algorithm, could
better preserve both the original information content and the
inter-observer reproducibility.
This work can contribute to the literature regarding the
assessment of radiomics reliability on T2w-MRI. Regarding
the evaluation of image intensity normalization, Collewet
et al.16 firstly evaluated the impact of three normalization
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methods, different from those considered in this study, on
the classification performance in T2w-MRI cheese images,
but how the normalization impacts features reproducibility
on human studies was not studied. A very recent work7 has
proposed an in depth evaluation of image intensity normalization on T2w-MRI and ADC of the prostate, performed
by an intensity rescaling and shifting and by the ROI-based
method (using a muscle ROI as reference). They found that
repeatability is very sensitive to preprocessing steps (both
normalization and discretization) and that it was lower
when ROI-based normalization is performed. They did not
test the effect of normalization on the original information
content and on delta radiomics. Among the most repeatable
features, they found kurtosis, skewness and GLCM Idm
and correlation, which resulted reproducible also in our
study.
Other works have reported reproducibility results on MRI
radiomics. Fiset et al.25 studied the repeatability and reproducibility of 1761 radiomic features calculated on T2w-MRI
in patients affected by cervical cancers in three conditions:
(a) repeatability via test–retest; (b) reproducibility between
diagnostic MRI and simulation MRI; (c) reproducibility in
inter-observer setting. It was reported that T2w-MRI features
were highly unstable and only the inter-observer setting has
highlighted high reproducibility. Interestingly, some of the
features that were found reliable in Fiset et al., have also
been highlighted here as highly reproducible with respect to
the normalization step. In particular, the GLCM correlation,
the Gray-Level Non-Uniformity calculated from GLSZM,
GLDM and GLRLM, the GLDM Dependence Non-Uniformity, the GLRLM Run-Length Non-Uniformity and the
NGTDM Coarseness are common in both studies. Some of
these features have been also reported as predictive of treatment response in esophageal cancer,36 able in differentiating
prostate cancer aggressiveness37 or able in characterizing
structural modifications induced by RT in normal tissues.23
Other studies focused on the reproducibility of T2w-MRI
radiomic features in the prostate using different scanners,20,24 and, among the considered features families,
GLCM was the most reproducible and with higher ability in
discriminating tumor and nontumor regions. Duron et al.26
found that the method used for image discretization has a
major impact on the stability of MRI features and that the
adoption of a fixed bin-width is preferable to the fixed bin
number. Again, among the most reproducible features, they
found GLRLM Gray-Level Non-Uniformity, GLDM GrayLevel Non-Uniformity and GLDM Dependence Non-Uniformity.
Additional considerations should be given about features
that are often reported as highly reproducible (e.g. GrayLevel-Non-Uniformity, GLDM Dependence-Non-Uniformity,
GLRLM Run-Length-Non-Uniformity and NGTDM Coarseness). In fact, the correlation analysis with volume has highlighted that some of them intrinsically embedded an
information related to the ROI size. For this reason, it was
not surprising that they are found as highly reliable, especially when volume is not modified in the considered
Medical Physics, 0 (0), xxxx
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conditions (as in the present study) or when the inter-observer
agreement is high (Dice > 0.9). This is in line with recent
publications that highlighted some vulnerabilities in the
radiomic signature development, related to the risk of including features that are mainly correlated to the volume in prediction models.35,38
Reproducibility of radiomic features was here assessed
using the ICC metric, able to combine information about the
degree of correlation and agreement between measurements.34 This coefficient is one of the most adopted for the
estimation of repeatability and reproducibility of radiomic
indices, as reported in Traverso et al.8 In fact, it has been used
also in the latest work considering T2w-MRI.25,26 However, a
reference standard for reliability metric has not been established yet and, thus, other works adopted different statistical
tests, such as the Concordance Correlation Coefficient
(CCC),39 t-test40 or Spearman correlation11 (see the review of
Traverso et al.8 for more references and statistical measures).
For this reason, a quantitative comparison between studies is
difficult.
This work presents some limitations. First, only the three
normalization methods mainly adopted in RT studies were
considered, but other normalization techniques may be used,
thus enriching the stability analysis. Second, the effect of
normalization among a population of different subjects was
not evaluated, but only on the same subjects at different
time-points. This point can affect in particular the
Norm_HM method, since it is based on the reference image
that, in this work was the MRI1 of the same subject,
acquired with the same scanner and the same protocol.
Nonetheless, the intra-subject normalization is generally
adopted in longitudinal studies, which allow the estimation
of tissue modifications induced by irradiation on tumor and
normal tissues. Third, the normalization procedure may have
a different impact on T1w images and this point should be
explored deeper in dedicated analyses. Finally, the impact of
bias correction and other preprocessing procedures, that
may have higher effect on radiomic features calculation, was
not assessed here. The focus of this work was limited to the
evaluation of the intensity normalization as a necessary step
in the general framework of the MRI radiomics analysis; a
complete evaluation of the whole pipeline is beyond the
scope of the work.
In conclusion, the normalization process impacts the
reproducibility of radiomic features, both in terms of changes
in the image information content (estimated on features calculated on the single image and on the Dfeatures calculated
on longitudinal images) and in the inter-observer setting.
Considering the impact of normalization both on MRI2 and
on Dfeatures, Norm_Mean and Norm_HM provide the most
reproducible features with respect to the original image and
also between themselves; whereas, Norm_ROI generates the
least reliable features. Conversely, Norm_ROI provides the
most reproducible features in the inter-observer setting, but it
may alter, at the same time, the original information. This
suggests that radiomic models generated using different normalization methods may be directly compared only if the
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most reproducible features are considered or if Norm_Mean
and Norm_HM are adopted.
Starting from these results, future works could address a
deeper evaluation of the impact of MRI normalization methods, also considering the effects on the prognostic power of
the features and testing the complete pipeline of preprocessing steps, in order to give a stronger basis for the definition
of a standardized protocol for the T2w-MRI radiomic analysis involving normalization.
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Table S1. ICC values, 95% of confidence intervals and
p_values (adjusted after Bonferroni correction for multiple
comparisons) calculated for each radiomic feature estimated
in the three ROIs on MRI2, considering the four
normalization methods.
Table S2. ICC values, 95% of confidence intervals and
p_values (adjusted after Bonferroni correction for multiple
comparisons) calculated for each radiomic feature estimated
in the three ROIs on MRI2, considering the intra- and interobservers variability in contouring. Five normalization
approaches were considered: N0_Norm, Norm_Mean,
Norm_ROI, Norm_HM and Norm_FBC.
Table S3. ICC values, 95% of confidence intervals and
p_values (adjusted after Bonferroni correction for multiple
comparisons) calculated for each radiomic delta-feature
estimated in the three ROIs, considering the three
normalization methods.

