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ABSTRACT

Introduction: The reproducibility of radiomic features could be a serious obstacle that limits further
applications. This study aims to assess the reproducibility of MRI radiomic features by using a biological
ovarian phantom and different acquisition parameters.

Material and Methods: Three 1.5 Tesla MRI scanners from different manufacturers as the first source, and
also alterations in imaging parameters, including slice thickness, space between slices, image weight, and fat
saturation sequence, as the second source of feature variations, were evaluated. In addition, to evaluate the
effect of image normalization on feature reproducibility, all the images were normalized. Ninety-three radiomic
features from 6 feature classes, including First-Order, GLCM, GLDM, GLRLM, GLSZM, and NGTDM, were
Radiomics calculated by the 3D-Slicer. Reproducibility of features was measured by COV, ICC, and CCC.
Reproducibility Results: The significant impact of scanner and image weight variation on feature reproducibility is obvious
MRI when about 90% and 64% of features showed 20 %< CQOV, respectively. On the other hand, slice thickness
Radiomics Feature was the least affected source, where 58.8% of features showed excellent reproducibility (COV < 5%). GLRLM
showed the best reproducibility against scanner variation (ICC=0.6996 and CCC=0.3503). Also, image
normalization has positively affected feature reproducibility in the scanner variation scheme. Additionally,
good (5 %< COV<10%) and intermediate (10 %< COV<20%) COV groups have increased by normalization.
Conclusion: MRI radiomic features are highly dependent on image acquisition scanner types and imaging
parameters, and utilizing biological phantoms can lead to reliable outcomes that make the way of clinical
translation of these results easier. Future works should be the priority in the robustness evaluation of radiomic
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features, and the inconsistent behavior of the image normalization filter needs higher attention.
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Introduction

Medical imaging is an essential part of medical
procedures [1]. Since digital imaging became the
dominant method in this field, quantitative information
became more valuable than before [2]. Radiomics, the
high-throughput extraction of quantitative information
from digitized medical images, is an efficient way to
extract computational information associated with the
biological qualities of imaged target tissues [3-5].
Radiomics, as a bridge between mathematics and
biology, has a supportive decision-making role and
could be applied for prognostic or predictive
procedures [6, 7].

The production of applicable predictive models in
the clinic is one of the main purposes of the radiomics
projects, and it needs reliably extracted features as
inputs [8]. Reproducibility of radiomic features is
considered a principal reliability factor that refers to
those features that can be reproduced over repetition
of the same exam under different conditions, like
different acquisition parameters [9, 10]. In other
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words, being robust or reproducible is the primary
quality of radiomic features that makes them suitable
for further applications [6]. Image acquisition and
processing, region of interest (ROI) delineation, and
feature extraction as three main steps of the radiomics
process have the most influence on feature robustness,
so the majority of the literature is on the association of
these steps with the reproducibility of features [9].
Magnetic resonance imaging (MRI) is recognized as
a valuable imaging modality with decisive parameters
that have a great role in medical administrations, and
also its potential in radiomics is considered by several
studies [11-13]. Although feature reproducibility is
addressed as a significant challenge in all of the
radiomics applicable imaging modalities such as
computed tomography (CT) scan, MRI, positron
emission tomography (PET), single photon emission
computed tomography (SPECT), etc. [9, 14-17], this
could be more crucial in MR imaging because of the lack
of standard image intensities that lead to
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manufacturer, parameter adjustment and imaging
center dependency of these voxel intensities [18, 19],
for instance, in a retrospective study that assessed the
impact of different scanner and variable acquisition

parameters on the feature reproducibility,
considerable  number of features revealed
disappointing robustness [15]. Several image

normalization methods are proposed as a solution to
reduce arbitrary image intensities in MR images; there
is no consensus for the best method, though [20-22].
Consequently, to optimize of  radiomics
implementation for MR imaging, the researchers have
to face the aforementioned challenges. This study aims
to evaluate the reproducibility conditions of radiomic
features under variation of image acquisition
parameters and also assess the effect of applying an
image normalization filter on feature robustness.

Materials and Methods
Study Workflow

This study aimed to evaluate the impact of different
MRI scanners, different acquisition parameters, and the
application of image normalization on the robustness of
radiomic features. Figure 1 presents the overall workflow
of this study, including the preparation of a biological
ovary phantom, followed by MRI data acquisition on
three 1.5 T scanners from different manufacturers using
multiple parameter variation schemes. The acquired
digital imaging and communications in medicine
(DICOM) images were imported into 3D Slicer software
for semi-automatic ROI segmentation and radiomic
feature extraction via the PyRadiomics module, both with
and without image normalization. Finally, the
reproducibility of extracted features was evaluated using
the coefficient of variation (COV), intra-class correlation

coefficient (ICC), and concordance correlation
coefficient (CCC) to assess the robustness of MRI-based
radiomic features under different imaging conditions.

Phantom Construction

To achieve more realistic results in a natural human
MRI scan setting, we created a biological ovarian
phantom composed of ovarian tissue fixed in the center
of an epoxy resin compound. On the other hand, the use
of natural body tissue to make a phantom in this study
made the results more aligned with real and clinical
conditions. Employment of epoxy resin, especially in
medicine for tissue-equivalent phantom production, has
been favorably reported [23, 24], as well as its reliable
utilization in combination with other materials [25]. The
MRI-compatible cylindrical phantom has a height of 5
centimeters and a radius of 3.25 centimeters, as illustrated
in Figure 2.

Imaging Acquisition
Scanner Variation

To evaluate the impact of different MRI scanner
manufacturers on feature robustness, three of the most
prevalent brands in imaging centers, including GE
(Optima MR450w 1.5 T), Siemens (Avanto 1.5 T), and
Philips (Interna 1.5 T) were used. To minimize the effect
of other imaging parameters and obtain precise results,
the same protocol for all scanners was applied. For this
reason, fast spin-echo T2-weighted images in each
scanner with fixed acquisition parameters, including:
slice thickness = 3 mm, Time of Repetition (TR) = 4680
ms, Time of Echo (TE) = 94 ms, Field of View (FOV) =
125x125 mm?, Number of Excitation (NEX) = 1, were
acquired.

Imaging

Radiomics

Evaluation & Analysis

= ® "\

1- Phantom construction

2- Tmage aquisition

3- ROI segmentation

4- Feature extraction

5,6- COV, ICC, and CCC

Figure 1. Workflow of the overall study process, including ovary phantom preparation, MRI acquisition using three scanners with varying imaging
parameters, ROl segmentation and feature extraction in 3D Slicer, image normalization, and reproducibility assessment using COV, ICC, and CCC

metrics.
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Figure 2. The cylindrical epoxy-based phantom containing fixed ovary tissue designed to simulate realistic MRI tissue characteristics.

Table 1. Summary of imaging parameter settings applied to evaluate the effect of acquisition variability on radiomic feature reproducibility in GE

scanner.

Image weight ST GAP FOV(mm) TE TR Matrix size (mm) ETL NEX
T2W FSE 3 0.4 125x125 944 4680 224x320 20 1
T2W FSE 25 0.4 125x125 94.4 4680 224x320 20 1
T2W FSE 2 04 125x125 94.4 4680 224x320 20 1
T2W FSE 3 04 125x125 94.4 4680 224x320 20 1
T2W FSE 3 0.6 125x125 944 4680 224x320 20 1
T2W FSE 3 12 125x125 94.4 4680 224x320 20 1
T2W FSE 3 04 125x125 94.4 4680 224x320 20 1
T1W SE 3 0.4 125x125 20 500 200%260 - 1
PDW FSE 3 0.4 125x125 26.6 1800 256x352 8 1
T2W FSE 3 04 125x125 94.4 4680 224x320 20 1
T2W FSE Fs 3 04 125x125 94.4 4680 224x320 20 1

ST = Slice Thickness; GAP = Space Between Slices; FSE = Fast Spin Echo; Fs = Fat Saturation; PDW: Proton

Density Weight; ETL: Echo Train Length.

Parameters Variation

To evaluate the impact of image acquisition
parameters variation on feature robustness, the authors
performed other acquisitions with a GE MRI scanner to
avoid manufacturer and conditional effects on feature
alteration. In this manner, the authors kept all other
parameters and situations fixed except for the intentional
parameter variation that is illustrated in Table 1.

1. Slice thickness: T2W images taken by the GE
were repeated three times and each time by
changing the slice thickness and keeping other
parameters constant.

2. Space between slices: T2W images taken by GE
were repeated three times and each time by
changing the space between slices and keeping
other parameters constant.

3. Image weight: TIW, T2W and PD images were
repeated by the GE under the same conditions in
terms of slice thickness, space between slices
and matrix size.

4. Application of fat saturation pulse: T2W images
taken by GE were repeated by applying fat
saturation pulses without changing other
parameters.

11

5. Normalizing the image: This step was applied to
all the sequences after entering all the captured
sequences in the 3D Slicer software.

Image Normalization

In order to see the effect of image normalization on
the changes of radiomics features, all the existing
sequences should be extracted once without
normalization and once with normalization. In this way,
by keeping other conditions constant, the desired goal
(normalization effect on the features) can be achieved. In
this study, the normalization method defined in Slicer
was used to normalize the images. For this purpose, in the
filters section, by selecting the NormalizelmageFilter
option, the images were normalized before performing
other steps such as segmentation and feature extraction.
This filter sets the mean of intensities equal to zero and
the variance equal to one.

Region of Interest (ROI) Segmentation and Feature
Extraction

3D Slicer is an open-source software that is widely
implemented in medical image visualization and
guantization procedures [26, 27]. All collected DICOM
data were inserted into the 3D-Slicer software (3D Slicer
4.11.20210226) for the following two steps. ROI of all
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images delineated with the threshold tool, a semi-
automatic tool available in the segment editor module,
then the exported lablemap used for feature calculations.
SlicerRadiomics, as a feature extractor extension, uses
the Pyradiomics open-source library to calculate
radiomic features in several feature classes [28, 29]. After
adding the radiomics extension, the label maps were
inserted in the “input region” field so only the segmented
area was considered for feature calculation. To avoid the
effects of extraction conditions on features, all extraction
procedures were run in the same setting, e.g., resampled
voxel size, bin width, etc. Six feature classes include:
First Order, gray level co-occurrence matrix (GLCM),
gray level dependence matrix (GLDM), gray level run
length matrix (GLRLM), gray level size zone matrix
(GLSZM), and neighbouring gray tone difference matrix
(NGTDM) were selected to be extracted, and a total, 93
features were extracted from each segmented ROI. In
addition, to evaluate how normalization affects the
feature reproducibility, all DICOM images were divided
into two groups: with and without normalization. The
normalization step was done before ROI segmentation,
and the image normalization filter (called Normalize
Image Filter) from the ITK-based simple filters module
designed in 3D-Slicer was applied. This filter normalizes
the image by setting its mean to zero and variance to one
[30].

Reproducibility Measurement

Reproducibility status of each feature and feature
class is measured by COV percentage, ICC, and CCC
values. These are the most implemented reliability
indices in recent radiomics studies. COV value is scaled
into four groups consisting of COV < 5%, 5% < COV <
10%, 10% < COV < 20%, and 20% < COV, and each
group represents excellent, good, intermediate, and bad
reproducibility, respectively, COV was calculated using

Equationl.
cov =2 x100 1)
Mean

ICC value is scaled into four groups consisting of
ICC < 0.5,0.5< ICC £ 0.75,0.75 <ICC £0.89, and
0.90 < ICC, and each group represents excellent, good,
intermediate, and bad reproducibility, respectively,
which is calculated using Eg.2. ICC and CCC are the two
mostly used reliability indices for inter and intra-rater
reliability exams that are calculated by the following
formulas (Eg.2 and EQ.3). In the ICC equation, MSg,
MSg, and MSc are mean squares for ROI, error, and
repeated measures respectively, k is the number of
repeated acquisitions and n is the number of ROIs. In the
CCC equation, ¢2 and squared are the variances of
pairwise observations, p_1 and p_2 are means, and p_12
is the correlation coefficient between observations.
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Icc = MSr= MSg )
MSR+(k—1)MSE+;(MSC—MSE)
CCC = —2%192P12 3)

02+0% (u1—p2)?

Statistical Analysis

Statistical analyses were performed using IBM SPSS
Statistics (version 24). The COV and ICC were calculated
to assess feature variability and reproducibility. ICC
values were computed using a two-way random-effects
model with absolute agreement and a 95% confidence
interval. In addition, the CCC was calculated using
MedCalc statistical software. After radiomics feature
extraction in 3D Slicer, the extracted data were imported
into SPSS for further analysis. The COV for each
radiomic feature was calculated using the Compute
Variable function under the Transform menu by selecting
the coefficient of variation (CFVR) from the Statistical
Functions group, and the resulting values were expressed
as percentages. ICC analysis was performed using the
Reliability Analysis module under the Analyze Scale
menu, where the corresponding coefficients were
computed for the selected features.

By evaluating feature class performance during all
variation schemes in Figure 3, except NGTDM class, the
majority of features in other classes lie in one of the excellent
or bad reproducibility groups, also the comparison of the
influence of adopted variation sources, which is measured
by the percentage of features with different levels of the
COV index, is revealed in Figure 4. In First order, GLCM,
GLRLM categories COV < 5, and in GLDM, GLSZM, and
NGTDM COV < 20 is significant (Figure 4).

The significant impact of scanner and image weight
variation on feature reproducibility is completely obvious
when about 90.57% and 64.98% of features showed 20% <
COV, respectively (Table 2). On the other hand, slice
thickness was the least affected source, where 58.84% of
features showed excellent reproducibility (COV < 5%)
(Table 2). Idmn and Idn, both from the GLCM class, showed
excellent reproducibility among whole variation schemes.
Also, there were other features like DependenceEntropy
(GLDM), RunPercentage, and ShortRunEmphasis
(GLRLM), which showed excellent reproducibility in all
variation schemes except for scanner manufacturer variation
(Figure 4). Based on ICC and CCC values, GLSZM and
GLCM scored the highest reproducibility when fat
saturation and slice thickness were the changing parameters,
also GLRLM showed the best reproducibility against
scanner variation (ICC = 0.6996 and CCC = 0.3503). Slice
thickness and scanner represent the highest and the lowest
ICC and CCC mean value in not normalized and normalized
image categories (Table 3).
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Figure 3. Distribution of features in each class (First-order, GLCM, GLDM, GLRLM, GLSZM, NGTDM) according to reproducibility levels based
on COV values under different variation schemes.
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Figure 4. Percentage of features categorized by COV reproducibility levels across different variation sources, including scanner manufacturer, slice thickness,
inter-slice spacing, image weighting, and fat saturation sequence.

Table 2. The impact of image normalization, which is the percentage of COV, grouped features in each variation source in both with and without normalization
schemes.

Variation Cov<s 5<COV<10 10<COV<20 20<CoV

source Withoutnorm ~ Withnorm  Withoutnorm  With norm Withoutnorm  With norm Withoutnorm  With norm
Scanner 3.62% 29.45% 1.47% 7.63% 4.34% 13.11% 90.57% 49.81%
ST 58.84% 25.93% 21.66% 20.67% 10.84% 13.9% 8.66% 39.5%
SBS 48.91% 19.42% 23.18% 10.08% 15.58% 8.27% 12.33% 62.23%
Weight 15.88% 12.68% 6.49% 15.21% 12.65% 15.96% 64.98% 56.15%

Fs 40.21% 31.11% 10.87% 11.11% 26.10% 11.12% 22.82% 46.66%

ST: Slice Thickness; SBS: Space Between Slices; Fs: Fat saturation; norm: normalization

Table 3. Difference between mean ICC and CCC values of feature classes after image normalization.

Mean ICC Mean CCC
Not-norm Norm Difference%  Not-norm Norm Difference%
Slice thickness 0.99495 0.95108 -4.4% 0.9755 0.890183 -8.7%
SBS 0.98916 0.97368 -15% 0.9661 0.853383 -11.5%
Fat sat 0.97481 0.92446 -5% 0.945867 0.874333 -75%
Image weight 0.63835 0.77083 +21% 0.536075 0.73255 +36.5%
Scanner 0.32247 0.84360 +161% 0.152849 0.728367 +376%

SBS: Space Between Slices; Fat sat: Fat saturation sequence; Norm: Normalization
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The impact of image normalization which is the
percentage of COV grouped features in each variation
source in both with and without normalization status is
presented in Table 2. It could be concluded that image
normalization has positively affected feature reproducibility
in the scanner variation scheme. Additionally, good (5% <
COV < 10%) and intermediate (10% < COV < 20%) COV
groups have increased by normalization (Table 2). From the
mean ICC and mean CCC perspectives, normalization
deteriorated reproducibility in all variation schemes except
for scanner and image weight variation (Table 3).

Discussion

Radiomics, as a new noninvasive approach toward
precise medical prognosis, is proposed for clinical
benefits that aim to bridge between imaging modalities
and biological phenotypes [1]. Researchers are
optimistically assessing the probable capabilities of
radiomics in several medical modalities, and oncology is
the most considered area to be privileged [2]. The most
important and valuable application of radiomics is related
to the field of oncology and decision-making,
classification, diagnosis and treatment of benign and
malignant tumors, for instance, Ma et al. [27] showed the
preoperative prediction power of MRI radiomics
signature for the side-specific probability of
extracapsular extension of prostate cancer patients .
Extracting features that correctly and accurately represent
the characteristics and behavior of tumors, especially
malignant tumors, is one of the most important research
goals in this field. Therefore, the use of phantoms that are
more similar to the characteristics of human tissue
increases the accuracy and also achieves more reliable
characteristics  for  clinical  applications.  The
heterogeneous structure of the ovarian tissue, which is
due to the presence of numerous immature follicles in
them, has caused it to resemble heterogeneous tumors in
terms of structural characteristics.

Feature robustness is one of the serious obstacles that
limit the reliability and applicability of radiomics in
clinical procedures [28]. This issue is more crucial when
radiomic features are supposed to be extracted from MRI
images because of the several parameters that have a role
in MRI image construction. The current study
investigated the repeatability and reproducibility of MRI-
derived radiomic features extracted from an ovarian
phantom, aiming to evaluate their robustness under
varying acquisition conditions. Our findings revealed that
only a subset of radiomic features demonstrated high
repeatability across repeated scans, while others were
markedly affected by changes in acquisition parameters.
Similar trends have been observed in previous phantom-
based radiomics studies using CT and MRI modalities.
Peng X et al. [31] demonstrated in a multicenter CT
phantom study on pulmonary nodules that feature
reproducibility strongly depends on reconstruction
algorithms and acquisition protocols, with only a limited
portion of features remaining stable across centers .
Comparable results were reported by Lee J et al. [32],
who assessed radiomic feature robustness using MRI
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phantoms and observed that texture-based metrics were
particularly sensitive to variations in sequence type and
signal normalization . Similarly, Cheong et al. [33]
highlighted that achieving both imaging and
computational reproducibility in multiparametric MRI
radiomics of brain tumors requires careful
standardization of acquisition and preprocessing steps, as
inter-sequence and inter-scanner variability can
significantly influence feature behavior . A comparable
phantom and human cohort study also confirmed that
feature repeatability improves when using standardized
protocols and consistent reconstruction parameters [34].

The desired characteristics showed the highest
reproducibility in the states of changing the slice
thickness, changing the space between the slices and
adding the fat saturation sequence respectively 60%, 50%
and 40% of them represented COV < 5%. Also, the
results of the ICC and CCC coefficients in two cases of
adding the fat saturation sequence and changing the slice
thickness for two feature classes GLSZM and GLCM
recorded the highest values, which are respectively: for
the GLSZM feature class, ICC = 0.9999 and CCC =
0.9997 in the case of adding the fat saturation sequence
and ICC = 0.9996 and CCC = 0.9982 in the case of
changing the slice thickness and also for the GLCM
feature class, ICC = 0.9993 and CCC = 0.9978 in case of
change of slice thickness (Table 3).

The results illustrated the positive effect of the
normalization filter on feature reproducibility when
images were acquired from different scanner
manufacturers, which was the most feature-affecting
source in this study. Schurink et al. [29] retrospectively
examined the MR image feature reproducibility against
different variation sources, including hardware and
image acquisition, segmentation methodology, and
radiomics feature extraction software that comparably
they reported that the highest effect of different scanner
manufacturers on feature variations was between the
other sources. GLCM feature class and particularly Idmn
and Idn had the lowest COV values during all variation
schemes, which is considerably in agreement with
previous studies [30-32]. Utilizing different phantoms for
feature reliability examinations can lead to a variety of
results and consequently raise doubts about the outcome.
Buch et al. [35] evaluated the influence of MRI scanning
parameters on texture features using a phantom
comprised of gel-filled tubes and a single tube containing
GdDTPA that is publicly available in the cancer imaging
archive (TCIA). They reported significant differences in
many texture features with alteration in MRI acquisition
parameters. In another similar study, Lee et al. [32]
applied an acrylic phantom constructed of 20 cylinders
filled with 20 different materials to assess the robustness
of MRI radiomic features during the adoption of variant
scanning protocol parameters and scanners.

Consequently, radiomic features turned out to be
dependent on different scanning parameters and scanners
[34]. In another scenario, it is more common in the
literature to obtain required data retrospectively, which
would hold uncertain results, especially in the case of
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evaluating single-parameter variation effects on feature
diversity [36]. Park et al. [12] retrospectively evaluated
the robustness of magnetic resonance radiomic features
to pixel size resampling and interpolation in 254 patients
with cervical cancer. They concluded that most of the
first-order, shape, and texture features showed good
robustness [37].

Image normalization is considered an advantageous
step before feature calculation to improve feature
robustness and reliability, particularly for inter-scanner
variation [38]. Traverso et al. [9] performed a study to
evaluate the stability of radiomic features extracted from
the apparent diffusion coefficient (ADC) map of cervical
cancer regarding normalization, quantization, and inter-
observer delineation. As a result, it was reported that
normalization before feature extraction improves the
reproducibility of ADC map radiomics features [39].
Although image normalization has been reported as a
beneficial preprocessing method to diminish the scanner
variation effects [36], its impact on other acquisition
parameters, e.g., slice thickness, time of repetition (TR),
time of echo (TE), and space between slices, has not been
declared precisely. Scanner variation could be followed
by other parameter variations, as there is no consistency
for applied protocols between different MRI centers.
Therefore, the authors assessed the influence of the image
normalization filter on other acquisition parameter
variations like slice thickness, space between slices,
image weight, and fat saturation sequence. A comparison
of before and after applying the image normalization
filter revealed that normalization hurts the image
acquisition parameters that have been evaluated in this
study, except for scanner and image weight variation.

Our results align with these findings, reinforcing that
MRI radiomics is inherently more variable than CT
radiomics due to differences in field strength, coil
configurations, and sequence-specific signal properties.
The phantom-based design of this study eliminated
biological variability, allowing a clearer assessment of
scanner- and protocol-induced effects. The observed
feature instability underlines the need for harmonization
strategies—such as ComBat correction or intensity
standardization—to enable robust multicenter MRI
radiomics research [36]. From a clinical perspective,
these findings emphasize that only features with proven
repeatability should be considered for downstream
machine learning tasks in ovarian imaging, especially for
radiomics-based tumor characterization and treatment
response prediction. Future studies should therefore
combine phantom experiments with clinical validation to
identify reproducible and biologically relevant MRI
radiomic features.

It should be noted that being reproducible does not
necessarily mean being predictive too; thus, the defined
robust features in the literature need to be investigated
specifically for potential predictive power before being
selected as radiomic signatures [37]. Moreover, the image
acquisition procedure contains the majority of MRI
radiomics feature variation sources; other considerable
causes play a role in these variations, though. ROI
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segmentation methodology [38-41], image processing
[42, 43], feature extraction software and its associated
parameter adjustment [44] are additional factors that
impact the radiomics feature reproducibility. Image
biomarker standardization initiative (IBSI) is a reference
that tries to diminish the diversities between radiomics-
related investigations by providing a uniform workflow
and defined framework [45, 46], so it's highly
recommended to follow IBSI programs to make reliable
outcomes.

In this study with limitations, due to the fact that the
settings of MRI scanners coils of different manufacturers
are specific to the same manufacturer and are not the
same as other manufacturers, it was difficult to create a
same conditions in three imaging centers, also according
to the initial settings of the MRI scanners, it was not
possible to equate more parameters between different
scanners. Despite these limitations, the present study
supports the growing body of evidence that MRI
radiomics can provide valuable quantitative biomarkers,
but reproducibility remains a crucial technical challenge.
Future research should focus on validating robust
features in patient cohorts, establishing consensus MRI
protocols for radiomics, and developing harmonization
strategies across scanners and institutions.

Conclusion

MR image acquisition parameters, including different
scanner manufacturers, image weight, slice thickness,
space between slices, and fat saturation sequence,
demonstrated that MRI radiomic features are highly
sensitive to the difference in scanner manufacturers, in
which only two GLCM features, Idn and Idmn, showed
excellent  reproducibility.  Applying the image
normalization filter presented a complicated behavior. It
was destructive to feature reproducibility in slice
thickness, slice gap, and fat saturation variation that must
be considered for future studies. Biological phantom
usage and the attempt to perform a single-parameter
variation evaluation while holding other parameters
unchanged are the efficacious qualities of this study.

Abbreviation

ADC: apparent diffusion coefficient; CCC:
concordance correlation coefficient; COV: coefficient of
variation; CT: computed tomography; DICOM: digital
imaging and communications in medicine; ETL: echo
train length; Fat sat: fat saturation; FO: first order; FOV:
field of view; FSE: fast spin echo; GLCM: gray level co-
occurrence matrix; GLDM: gray level dependence
matrix; GLRLM: gray level run length matrix; GLSZM:
gray level size zone matrix; IBSI: image biomarker
standardization initiative; 1CC: intra-class correlation
coefficient; MRI: magnetic resonance imaging; NEX:
number of excitation; NGTDM: neighboring gray tone
difference matrix; Norm: normalization; PET: positron
emission tomography; PDW: proton density weight;
ROI: region of interest; SBS: space between slices;
SPECT: single photon emission computed tomography;
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ST: slice thickness; TR: time of repetition; TE: Time of
echo; TCIA: the cancer imaging archive.
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