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A B S T R A C T

Purpose: To develop a phantom for methodological radiomic investigation on Magnetic Resonance (MR) images
of female patients affected by pelvic cancer.
Methods: A pelvis-shaped container was filled with a MnCl2 solution reproducing the relaxation times (T1, T2) of
muscle surrounding pelvic malignancies. Inserts simulating multi-textured lesions were embedded in the
phantom. The relaxation times of muscle and tumour were measured on an MR scanner on healthy volunteers
and patients; T1 and T2 of MnCl2 solutions were evaluated with a relaxometer to find the concentrations pro-
viding a match to in vivo relaxation times. Radiomic features were extracted from the phantom inserts and the
patients’ lesions. Their repeatability was assessed by multiple measurements.
Results: Muscle T1 and T2 were 1128 (806–1378) and 51 (40–65) ms, respectively. The phantom reproduced in
vivo values within 13% (T1) and 12% (T2). T1 and T2 of tumour tissue were 1637 (1396–2121) and 94 (79–101)
ms, respectively. The phantom insert best mimicking the tumour agreed within 7% (T1) and 24% (T2) with in
vivo values. Out of 1034 features, 75% (95%) had interclass correlation coefficient greater than 0.9 on T1 (T2)-
weighted images, reducing to 33% (25%) if the phantom was repositioned. The most repeatable features on
phantom showed values in agreement with the features extracted from patients’ lesions.
Conclusions: We developed an MR phantom with inserts mimicking both relaxation times and texture of pelvic
tumours. As exemplified with repeatability assessment, such phantom is useful to investigate features robustness
and optimise the radiomic workflow on pelvic MR images.

1. Introduction

Cancer remains one of the main causes of death worldwide [1].
With the anatomy and physiology of a tumour being the result of
multiple gene expression patterns, its origin and growth is a complex
process, involving both spatial and temporal interactions at scales that
range from the molecular to the whole-organ. This non-linear, inter-
acting process can lead to heterogeneity within tumour tissue, and thus
complicate clinical workflows, from diagnosis to treatment selection
and response assessment.

Given the link of anatomy with the underlying gene expression

pattern, quantitative imaging has been proposed as a means to assess
functional and progression mechanisms of the imaged tumour [2]. To
go beyond the visual interpretation of the images in pursuing this goal,
the practice of high-throughput extraction of large numbers of quanti-
tative features from radiological images, referred to as “radiomics”, has
emerged [3]. Dedicated software solutions allow the calculation of
“radiomic features”, each a mathematical algorithm applied to the in-
tensity values in each voxel in the image. These features allow a wide
range of image properties to be extracted, many of which - such as those
related to texture - may reflect tumour heterogeneity. In clinical on-
cology, radiomic features are investigated for their correlation with the

https://doi.org/10.1016/j.ejmp.2020.02.003
Received 14 October 2019; Received in revised form 29 January 2020; Accepted 4 February 2020

⁎ Corresponding author at: Physics Department, Università degli Studi di Milano, Via Celoria 16 – 20133 Milan, Italy.
E-mail address: linda.bianchini@unimi.it (L. Bianchini).

1 Pablo García-Polo is a GE Healthcare employee.

Physica Medica 71 (2020) 71–81

1120-1797/ © 2020 Associazione Italiana di Fisica Medica. Published by Elsevier Ltd. All rights reserved.

T

http://www.sciencedirect.com/science/journal/11201797
https://www.elsevier.com/locate/ejmp
https://doi.org/10.1016/j.ejmp.2020.02.003
https://doi.org/10.1016/j.ejmp.2020.02.003
mailto:linda.bianchini@unimi.it
https://doi.org/10.1016/j.ejmp.2020.02.003
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ejmp.2020.02.003&domain=pdf


patients’ clinical history, including response to therapy, survival and
genomic profile. The final goal is to integrate the most informative
features into predictive models (or signature) useful for prognosis, pa-
tient stratification, choice of treatment strategy, early assessment of
response, or recurrence probability. In this sense, radiomics could re-
present a supportive tool for clinical decision, towards the achievement
of personalized medicine [4,5].

To bring radiomics into clinical practice, the proposed predictive
models must be reliable and strongly validated as well as the results
(the features) need to be highly stable and reproducible. Developing a
robust model requires a broad training and validation data set, with
image data from large number of patients, for any specific pathology
[6], setting radiomics in the framework of “big data” analyses. Sharing
data and images of patients in multicentric studies could represent the
answer to meet this specific demand, but introduces the complication of
variability due to differences in scanners and imaging protocols. Con-
sequently, methodological studies are needed to define suitably re-
producible procedures for images acquisition and processing, as well as
to optimise computational and data analysis approaches, that must
possess an undisputable and robust statistical meaning.

In this regard, Magnetic Resonance Imaging (MRI) has been less
extensively investigated than Computed Tomography (CT) or Positron
Emission Tomography (PET) for use in radiomics. The main reason lays
in the complexity of MRI, where the numerous variables involved are
optimised in light of the clinical needs and equipment capacities, re-
sulting in wide variety of MRI protocols having nominally the same
appearance but subtle differences among them. Moreover, the lack of a
standard intensity scale for MR images necessitates the use of additional
pre-processing, such as intensity normalisation and bias field correction
[7].

Early clinical demonstrations of radiomics in MRI have been seen in
prostate [8] and breast cancer [9], as well as glioblastoma multiforme
[10] and head-and-neck squamous cell carcinoma [11]. Promising re-
sults have also been seen in female pelvic tumours, where preoperative
radiomic features were seen to be predictive of lymph-vascular space
invasion [12] and of lymph node metastasis [13] in cervical cancer
patients. The prediction of recurrence in advanced cervical cancer pa-
tients treated with concurrent chemoradiotherapy has also been de-
monstrated [14]. Similarly, MRI based radiomics of patients with rectal
cancer has shown potential both to predict the tumour response to
therapy [15,16] and to non-invasively evaluate tumour differentiation
and other biological properties [17]. In our Institute, several studies on
MR images of female patients with pelvic tumours have been carried
out [18,19], opening the way to possible radiomic application in this
field, as previously performed on CT images [20].

In the literature, however, the methods employed in every step of
the radiomic analysis, including image acquisition, segmentation, fea-
tures extraction and statistical analysis, vary widely. This variability
makes comparison between studies challenging and hinders general-
isation of results between centers. A further complication factor is that
some radiomic features have been shown to be dependent on the MR
image acquisition parameters [21], a particularly important con-
sideration as validation of radiomic findings via multicentric and ret-
rospective studies is critical to clinical acceptance.

To understand the sensitivity of radiomic models to differences
between scanners and scanning protocols, a comprehensive investiga-
tion of the influence of different image acquisition settings (involving
variations in MR sequences parameters, scanner, vendor and/or centre)
on radiomic features is warranted. Establishing a well-defined, standard
procedure for supporting radiomic analyses is also advisable in view of
prospective clinical studies [22].

Some of the needed methodological work can be fulfilled through
studies on phantoms, as these provide a controlled experimental setting
and the possibility for repeated measurements. The phantoms currently
available for quality control testing of MR scanners, however, are not
suitable for radiomic investigation. In fact, they tend to lack the

heterogeneity that serves to differentiate radiomic features between
tissues. Phantoms designed for routine quality assurance usually consist
of a container filled with homogeneous aqueous solutions in which are
embedded objects of specific shape and variable size (commonly plastic
homogeneous inserts) to assess individual aspects of scanner perfor-
mance in terms of geometry, distortion and resolution [23]. In parti-
cular situations, other solutions have been investigated, including jelly-
like materials to provide tissue-equivalent phantoms [24], phantom
created with fruits to simulate different texture [25] and anthro-
pomorphic and multimodal phantoms that approximate in vivo anatomy
and imaging appearance [26].

Some efforts have also pursued digital phantoms, mainly for brain
applications. Yang, Ford et al. [27,28] made use of a digital MR
phantom to confirm that the radiomic features are influenced by the
image acquisition process and reconstruction algorithm. They also un-
derlined the need for a physical phantom for experimental validation of
their preliminary results.

Although the available MRI phantoms are increasingly specialized
across a widening range of applications, to date there is still none op-
timised for radiomic purposes.

Physical phantoms specifically dedicated to the evaluation of
radiomic features reliability and robustness in CT [29] and PET [30]
have recently been reported. To our knowledge, a physical MRI
phantom dedicated to radiomic analysis has not been designed yet.

The aim of this paper is to introduce a new phantom, called PETER
PHAN (PElvis TExtuRe PHANtom), that simulates the female pelvis for
radiomic purposes and allows methodological studies in support of the
clinical use of radiomics. As a secondary aim, to show how the phantom
can be exploited, we provide an assessment of the radiomic features
repeatability on T1-weighted (T1-W) and T2-weigthed (T2-W) images of
the phantom, acquired with MR sequences included in the gynaecolo-
gical imaging protocol of our Institute.

2. Materials and methods

The characteristics desired of a phantom suitable for supporting
clinical MRI-based radiomic studies of tumours located in female pelvis
include: being pelvis-shaped, constructed of MR-safe materials, pro-
viding relaxation times similar to human tissues and containing regions
of different textures, similar to those found in vivo for the tumoural
tissue. As described in the following section, we addressed these design
criteria through a series of experimental steps regarding:

- measurements of in vivo longitudinal relaxation time (T1) and
transverse relaxation time (T2) of pelvis tissues on both patients and
healthy volunteers;

- choices of materials and formulations to reproduce the relaxation
times measured in vivo;

- investigation of means to incorporate different textures into the
phantom;

- validation of the assembled phantom through comparison of re-
laxation times and texture with the in vivo reference values.

After describing each step for the phantom assembling, at the end of
this Section an example of the phantom usage in radiomic analysis is
proposed.

2.1. In vivo T1 and T2 mapping

19 healthy volunteers (22–53 yrs, mean 35) and 5 patients with a
pelvic tumour (29–57 yrs, mean 47) were imaged with dedicated MR
sequences for in vivo assessment of T1 and T2 relaxation times of healthy
tissue (muscle) and pelvis tumour. Written informed consent to undergo
the examination, and to the use of anonymised clinical and imaging
data for scientific and/or educational purposes, was obtained from all
subjects involved. Clinical characteristics of patients are listed in
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Table 1. Inclusion criterion for patients was the presence of a lesion
visible on MR images, with a minimum tumour diameter 18 mm.

Images acquisition was carried out using a 1.5 T MR scanner
(Optima MR450W, General Electric Healthcare, Waukesha, USA) with a
24 channels anterior body array coil and a 24 channels spine array coil.

Maps of T1 can be obtained with various approaches, including
Inversion Recovery (IR) pulse sequence [31] and novel techniques like
Magnetic Resonance Fingerprinting [32], although the last one is far
from being clinically validated and confirmed by studies in a sizeable
number of different centers. In this study in vivo T1 mapping made use
of the variable flip angle (VFA) spoiled gradient recalled echo (SPGR)
technique [33]. Three axial scans were acquired, each with a different
flip angle (5, 10 or 20°), keeping the other parameters fixed: repetition
time (TR) 6.7 ms, echo time (TE) 4.2 ms, slice thickness 3 mm, slice
spacing 3 mm, field of view (FoV) 220x220 mm2.

T2 mapping was based on a dedicated 2D multi-echo spin-echo pulse
sequence which ran under research mode and could read up to 16
echoes. The sequence parameters were: TR 5000 ms, min TE 7.5 ms,
max TE 119.8 ms, echo spacing 7.5 ms, slice thickness 5 mm, slice
spacing 6.5 mm, FoV 220x220 mm2.

After the acquisition, the DICOM images were anonymised and ex-
ported for processing. The VFA data were processed with the NOVIF-
AST [34] algorithm (version 1.0.0.3, University of Antwerp, Belgium)
to calculate T1 maps. T2 maps were generated by fitting a mono-ex-
ponential curve to the 16-echo spin-echo data on a voxel-by-voxel basis,
using a MATLAB (version R2018b, The MathWorks, Inc., USA) script
developed in-house.

Regions of interest (ROIs) in the gluteus maximus muscle were
drawn manually on the T1 and T2 maps of all subjects. In addition, an
expert radiologist drew a ROI for the tumour on the axial T2-W images
obtained as part of the routine clinical protocols. The tumour ROI was
then transferred onto the relaxation time maps. For each ROI, the
subject-wise mean values of T1 and T2 were extracted.

2.2. Relaxometry of MnCl2 solutions

Conventional MR phantoms are based on solutions of paramagnetic
contrast agents, which are easily soluble in water. The solutions ob-
tained are stable in time and mimic the typical relaxation times of
human tissues well [35]. The paramagnetic ion manganese chloride
(MnCl2) was chosen for this study due to its availability and low cost. A
Fourier Transform spectrometer (Apollo, Tecmag, Houston, USA) for
pulsed Nuclear Magnetic Resonance (NMR) was used to measure T1 and
T2 of water solutions with increasing MnCl2 concentration (range
0.1–1.2 mM, in steps of 0.1 mM). The measurements were performed at
room temperature (25°) with an operating proton resonance frequency

of 63.86 MHz, corresponding to a 1.5 T static magnetic field, the same
used for T1 and T2 mapping in vivo. T1 (longitudinal relaxation time)
measurements were performed with a Saturation Recovery (SR) Spi-
n–Echo (SE) sequence, composed of three saturation π/2 pulses – aimed
at saturating the absorption line - followed by a Spin-Echo sequence
[36] for reading the signal. T2 (transverse relaxation time) was eval-
uated with a Carr-Purcell-Meiboom-Gill (CPMG) sequence [37,38]. The
time between π/2 pulse and the first π pulse, referred to as τ , was
chosen as short as possible to reduce the effects of diffusion and a high
number of echoes was used in order to follow the entire relaxation
process. Sequences diagrams and parameters are reported in Fig. 1 and
Table 2.

The NMR raw data were analysed with the in-house QtNMR soft-
ware and with OriginPro (version 8.1, OriginLab Corporation,
Northampton, USA) software. The signal from the SR-SE experiment,
performed on each sample with different MnCl2 concentration, de-
scribes the temporal evolution of the longitudinal nuclear magnetiza-
tion M t( )z as

= −∞

−( )M t M e( ) 1z
t

T1
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where ∞M is the magnetization at thermal equilibrium.
From this equation, we defined:
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that was fitted with a mono-exponential function to evaluate the
spin–lattice relaxation time T1.

Similarly, the signal form the CPMG

=
−M t M e( )xy

t
T0 2 (3)

describes the temporal evolution for the transverse magnetization
M t( )xy . A mono-exponential fit function was used to evaluate T2 from
the experimental data. Combining the errors due to electronics and
software in the data collection phase with the errors on model fitting,
the maximum total a priori error was estimated to be 10% of the values
measured.

The relaxation times obtained from the samples were plotted as a
function of the MnCl2 concentration in order to build two calibration
curves, one for T1 and one for T2. The two set of experimental points
were fitted with the function

=

+

T C a
C b

( )i (4)

with i = (1, 2), C as the concentration and (a, b) as fitting para-
meters. The optimal fit for the experimental data was obtained with a
MATLAB script developed in-house.

The concentration - relaxation time curves were used for the

Table 1
Characteristics of the patient cohort.

Patient Age (years) Pathology Tumour site

1 57 Vulvar cancer Inguinal lymph nodes
2 47 Carcinoma of cervix Uterine cervix
3 50 Adenocarcinoma of the rectum Rectum
4 29 Carcinoma of cervix Uterine cervix
5 54 Submucous myoma of the uterus Endometrium

Fig. 1. Diagrams of pulse sequences used to
measure T1 and T2 of MnCl2 solutions.

Table 2
Parameters set on the NMR spectrometer for the SR - SE and CPMG sequences.

SR - SE CPMG

(π/2)sat τ sat π/2 τ echo π π/2 τ π

5.3 µs 200 ms 5.1 µs 1 ms 10.2 µs 5.1 µs 50 µs 10.2 µs
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selection of concentrations that produce relaxation times matching the
values measured for tissues in the previous phase of the work.

2.3. Phantom design and assembly

To approximate the shape of the pelvis, the NEMA IEC Body
Phantom SetTM (Spectrum Corporation, Durham, USA), provided by the
Nuclear Medicine department of our Institute, was used as an abdomen-
shaped container made of MR compatible materials. This phantom is
routinely used for quality assurance on radionuclide imaging devices
and is constructed entirely of solid plastics. It consists of an external
plastic container, that serves as a background compartment, and an
empty internal cylinder exploited to assemble PETER PHAN.

Two versions of the phantom were prepared: version one (V1) in
which the T1 relaxation time of tissues were reproduced, and version
two (V2), with matching of T2 relaxation times. In each version, the
background compartment of the phantom was filled with a solution of
MnCl2 to reproduce the relevant (T1 or T2) relaxation time of muscle. To
reproduce the lesion, which represents the target for radiomic studies,
four cylindrical inserts (48 mm diameter, 72 mm height) were placed
inside the phantom. The role of the inserts was twofold: to mimic the
MR signal of a tumour and to provide a selection of textures for iden-
tifying a possible simulant for tumours. These paired demands were
fulfilled by filling the inserts with a mixture of polystyrene spheres and
agar gel, using the recipe introduced for the PSAG phantoms [39] as a
starting point. The four inserts for each phantom were prepared with a
0.1% water solution of agar (Sigma-Aldrich, St. Louis, USA) which was
heated to 100° and poured over the spheres, adding 1 ml of 0.1% NaN3

per 1 L of agar as antiseptic. The first and second inserts (INS1-INS2)
were filled with the medium-sized (3–4 mm) spheres, INS3 contained
only small (1 mm) spheres and INS4 was prepared with a mixture of
spheres of small, medium and large (7–8 mm) diameter spheres.

The difference among the inserts of phantom V1 and V2 was in the
amount of spheres filling the inserts. The number of spheres per unit
volume affected the T1 and T2 values of the spheres and gel mixture, so
it was varied experimentally until the contrast between the T1 (or T2)
values of the inserts and the background compartment solution (the last
reproducing the muscle T1 or T2) matched the contrast between tumour
tissue and muscle observed in patients’ images. This procedure was
chosen due to the fact that a direct measurement of T1 and T2 of the
mixture in the NMR spectrometer was not feasible. The four inserts
were fixed to the main NEMA cylinder in a central position inside the
phantom, via a purpose-built plastic support.

To test the long-term stability of the phantom inserts, six months
after their production PETER PHAN V1 and V2 were imaged on the
same MR scanner with the same imaging parameters of T1-W and T2-W
sequences described in the following paragraph. We note that between
evaluations, the inserts were kept refrigerated at 4 °C. The visual in-
spection showed no deterioration of the object structures, confirmed by
the comparison of the phantom images at the time of the main ex-
periment and after six months. Additional evaluations on the phantom
stability for longer periods of time are ongoing.

2.4. Validation

T1 and T2 mapping acquisitions were performed on PETER PHAN
V1 and V2 respectively, in order to verify that the phantom adequately
reproduced the range of relaxation times of muscle and tumour tissue.
The relaxation time mapping acquisitions were performed with the
same MRI sequences and settings as used above for in vivo T1 and T2

mapping.
Additionally, PETER PHAN V1 and V2 were imaged with the routine

T1-W and T2-W sequences used for clinical pelvis diagnostic imaging.
More in detail, the acquisition of PETER PHAN V1 was performed with
a series of axial T1-W images, with TR 354 ms, TE 8.8 ms, slice thickness
5 mm, spacing 5 mm, 512 × 512 matrix, whereas PETER PHAN V2 was

acquired with an axial T2-W sequence, with TR 3723 ms, TE 107 ms,
slice thickness 5 mm, spacing 6 mm, matrix 512 × 512. Such images
were visually compared with the clinical images of patients listed in
Table 1, acquired on the same scanner with the following parameters:
TR 541 ms, TE 8.1 ms, slice thickness 5.5 mm, spacing 5 mm, matrix
512 × 512 for the T1-W acquisition; TR 7771 ms, TE 105 ms, slice
thickness 5 mm, spacing 5.5 mm, matrix 512 × 512 for the T2-W series.

Quantitative comparison of texture features was also performed,
and will be described in the next paragraph.

Table 3
Relaxation times* of human tissues measured in vivo (upper) and of background
and inserts measured in PETER PHAN V1 and V2 (lower).

T1 [ms]* T2 [ms]*

In vivo T1 and T2 mapping Muscle 1128 (806–1378) 51 (40–65)
Tumour 1637 (1396–2121) 94 (79–101)

Phantom validation MnCl2 1277 (768–2120) 57 (55–59)
INS1 1366 (6–1999) 137 (106–183)
INS2 1345 (22–2000) 123(101–192)
INS3 1525 (16–1996) 117 (101–150)
INS4 1447 (19–2000) 120 (89–167)

*mean (range).

Fig. 2. (a) T1 and (b) T2 maps of a patient with cervical cancer. The tumour site
region of interest (ROI) is highlighted with a red contour and the muscle ROI
contour in black. (For interpretation of the references to colour in this figure
legend, the reader is referred to the web version of this article.)
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2.5. PETER PHAN for radiomic studies optimisation: Proof of concept

PETER PHAN images acquired with the T1-W and T2-W sequences of
the clinical protocol described in the previous paragraph were exploited
to carry out a first assessment of the radiomic features repeatability. For
each sequence, the phantom acquisition was repeated ten times (acq.
1–10) without changing the experimental setup nor the scanning
parameters. Subsequently, the phantom was repositioned and the ten
acquisitions were repeated identically (acq. 11–20). Sixteen cylindrical
ROIs of four sizes were drawn on the four phantom inserts for the first
acquisition images (Fig. 6a) using 3D Slicer [40] (version 4.10.1,
Brigham and Women's Hospital, Harvard University, Boston, USA) and
considering three consecutive slices. The images of the other acquisi-
tions (with phantom repositioning) were co-registered with the images
of the first acquisition and the same ROIs used. PyRadiomics software
[41] (version 2.2.0, Brigham and Women's Hospital, Harvard Medical
School, Boston, USA) was exploited for images normalisation and to
extract radiomic features.

The normalisation function was

=
−

f x
s x μ

σ
( )

( )x

x

where x is the original intensity, f x( ) the normalised intensity, μx and
σx the mean and the standard deviation of the image intensity values, s
is a scaling factor which was set to 100 in this study. The radiomic
features extracted from each ROI belonged to the categories: Shape,
First Order, GLCM, GLRLM, GLSZM, NGTDM, GLDM2. The extraction
was performed on both original images and images filtered with the
following kernels: Laplacian of Gaussian, Wavelets, Exponential,
Logarithm, Square, Square Root and 2D Local Binary Pattern. The filter
width σ used for the Gaussian kernel was set to 6.0 mm and one level
was used for the wavelet decompositions. The spatial resolution of the
Local Binary Pattern operator was set to one. The fixed bin width was
chosen as grey level discretisation technique, as suggested in PyR-
adiomics documentation [42]. The bin width was optimised for each
extraction to obtain a number of bins in the range (30–130). Its value
was set to 2 and 8 for the T1-W and T2-W images of the phantom re-
spectively.

The interclass correlation coefficient (ICC) for absolute agreement
[43] was calculated pairwise for each radiomic feature of the first set of
acquisitions (1–2, 3–4, …, 9–10) and the second one (11–12, 13–14, …,
19–20) to test repeatability of the radiomic features with fixed phantom
position. The ICC was then calculated matching the measurements from
the two sets of acquisitions (1–11, 2–12, …, 10–20), to test the impact
of repositioning on repeatability. According to the ICC thresholds pro-
vided by Koo and Li [43], the radiomic features extracted from the

Fig. 3. (a) T1 and (b) T2 relaxation times for solutions with different MnCl2
concentrations. Black dots are the experimental data. The red line represents
the fitted model. The χ 2 values quantify the goodness of the fit. (For inter-
pretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

Fig. 4. (a) Inserts prepared for PETER PHAN V2, representing tumours with
various textures. (b) Axial view of PETER PHAN assembled.

2 GLCM=Grey Level Co-occurence Matrix; GLRLM= Grey Level Run Length
Matrix; GLSZM = Grey Level Size Zone Matrix; NGTDM = Neighbouring Grey
Tone Difference Matrix; GLDM = Grey Level Dependence Matrix. For each
matrix, at fixed angle, the distance between the central voxel and the neigh-
bour, calculated with the infinity norm, was set to 1.
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phantom images were classified into four categories: features showing
excellent (ICC > 0.9), good (0.75 < ICC ≤ 0.9), moderate
(0.5 < ICC ≤ 0.75) and poor (ICC ≤ 0.5) repeatability.

The features showing the best performance in terms of repeatability
were selected and, following an approach similar to the one proposed
by Samei et al. [44], the range of the features values in the phantom
and in a set of patients was compared. The procedure described for
extracting the features from the phantom images was used to extract
the radiomic features from the tumour volume on the patients’ images
(both T1-W and T2-W acquisitions, as in Fig. 6. Patient listed in Table 1),
with 3 as bin width. In addition, a statistical test of compatibility be-
tween the two samples (the values extracted from the phantom images
and those obtained from the patients’ images), was performed to test
the hypothesis that the two populations have equal means. Since each
radiomic feature is given by the sum of independent variables of finite
variance, the distributions from which the data derive can be supposed
to be normal, in agreement with the Central Limit Theorem. Since the
variances of the two normal distributions are unknown, we performed
the general two-sample t-test, known as Welch’s t-test, which applies to
two samples, deriving from normal distributions, with unequal sample
sizes (as here) and/or unequal variances [45].

The comparison in terms of texture properties between the phantom
inserts and the patients’ lesions allowed a further validation in addition
to the work described in the previous paragraph.

3. Results

3.1. In vivo T1 and T2 mapping

The range of T1 and T2 values obtained for the tissues of interest are
summarized in the upper part of Table 3 and examples of the in vivo T1

and T2 maps are given in Fig. 2. The values reported are the mean over
all the patients and the minimum and maximum values.

3.2. Relaxometry of MnCl2 solutions

The calibration curves, linking the concentration of the MnCl2 so-
lution with its relaxation times, are reported in Fig. 3. The chi-square
values confirm that the data are well described by the hypothesized
model.

3.3. Phantom design and assembly

Pictures in Fig. 4a show the inserts used to simulate lesions with
different texture (V2) and Fig. 4b the assembled PETER PHAN. Based
on the fitted model of T1 relaxation as a function of MnCl2 concentra-
tion, a 0.15 mM MnCl2 solution was chosen to fill the background of
PETER PHAN V1 to reproduce the muscle T1. Similarly, the phantom V2
was prepared with a 0.4 mM solution of MnCl2 to reproduce the muscle
T2.

3.4. Validation

T1 and T2 maps of PETER PHAN V1 and V2 can be seen in Fig. 5a
and 5b respectively. The mean relaxation time values inside the four
inserts and in the surrounding background are summarised in the lower
part of Table 3. For the background solution representing the muscle,
the values are the average of the results obtained on four identical ROIs
identified in different positions on the fluid-filled region to assess the
homogeneity of the relaxation time maps.

Comparing the phantom with patients’ results (Table 3), the
agreement between muscle and MnCl2 is within 13% for T1 mean values
and 12% for T2 mean values. The measurements performed on the in-
serts showed the following absolute percentage variations (T1, T2) with
respect to the tumour mean value: INS1 (17%, 46%), INS2 (18%, 31%),
INS3 (7%, 24%) and INS4 (12%, 28%). Fig. 6 offers a comparison of
images of the phantom and a patient obtained with the clinical T1-W
and T2-W sequences. These results showed that the inserts reproduced a
typical lesion in terms of its relaxation times. The results presented in
the following paragraph confirmed that the inserts are representative of
a typical lesion also in terms of its texture properties.

3.5. PETER PHAN for radiomic studies optimisation: Proof of concept

The features classification in terms of repeatability for the T1-W and
the T2-W sequences, with and without phantom repositioning, is shown
in Table 4. In total, 1034 features were extracted for each ROI. The
majority of the features showed excellent repeatability in the experi-
ment with fixed setup: 773 (74.8%) in the T1-W acquisition and 985
(95.3%) in the T2-W acquisition. A consistent loss of features repeat-
ability is evident after phantom repositioning, both for the T1-W and T2-
W acquisitions. In this case the features with excellent repeatability
decreases to 337 (32.6%) for the T1-W acquisition and 254 (24.6%) for
the T2-W acquisition. 118 (11.4%) radiomic features show excellent
repeatability in both experiments (with and without phantom re-
positioning) and both sequences (T1-W and T2-W acquisitions). Of
these, the majority were extracted from original (non-filtered) images.

Fig. 5. (a) T1 map of PETER PHAN V1. An example of region of interest (ROI) in
the background compartment is highlighted with a red contour. (b) T2 map of
PETER PHAN V2. An example of ROI drawn inside one of the inserts is high-
lighted with a red contour. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)
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Except for shape features, intrinsically stable due to the fact that the
same ROIs are used on all the images, there is no evidence of a class
providing more repeatable features than others. From this set of 118
features, we selected the five showing the highest number of re-
currences as features with excellent repeatability across the various
image type (original and filtered images). These features are ‘first-
order_Energy’, ‘glrlm_RunLengthNonUniformity’, ‘glszm_GrayLevelNonUni-
formity’, ‘glszm_SizeZoneNonUniformity’ and ‘gldm_DependenceNonUni-
formity’. The values of these features extracted from the 16 ROIs of the
phantom and from the patients’ lesions identified on the original images
are represented as a box plot in Fig. 7 (PETER PHAN V1) and Fig. 8

(PETER PHAN V2).
The phantom features show overlap in magnitude with the patients’

features in all cases. All the features extracted from the inserts of PETER
PHAN V2 (Fig. 8) and considered for this analysis cover a range ex-
ceeding the patients’ distribution.

For all the ten couples of samples (five for PETER PHAN V1 and five
for PETER PHAN V2) the Welch’s t-test confirmed the null hypothesis of
equal mean, with a significance test level of 5%. Therefore, the
radiomic features in the phantom inserts are in agreement with the
features extracted from the patients’ lesions.

Fig. 6. (a-b) T1-W image of PETER PHAN V1, representing tumours with various textures, and of a patient with cervical cancer. In (a) selected ROIs of four sizes
identified on the phantom inserts for radiomic analysis are shown (yellow d = 12 mm; blue d = 24 mm; green d = 36 mm, red d = 48 mm). In (b) the tumour site in
highlighted in red. (c-d) T2-W image of PETER PHAN V2 and of the same patient. (For interpretation of the references to colour in this figure legend, the reader is
referred to the web version of this article.)

Table 4
Number (percentage) of radiomic features showing excellent, good, moderate and poor repeatability when extracted from the 16 ROIs segmented on the phantom
inserts on T1-W images of PETER PHAN V1 and T2-W images of PETER PHAN V2 without and with phantom repositioning.

PETER PHAN V1 PETER PHAN V1 after repositioning PETER PHAN V2 PETER PHAN V2 after repositioning

Excellent 773 (74.8%) 337 (32.6%) 985 (95.3%) 254 (24.6%)
Good 162 (15.7%) 244 (23.6%) 36 (3.5%) 218 (21.0%)
Moderate 74 (7.1%) 258 (24.9%) 8 (0.7%) 278 (26.9%)
Poor 25 (2.4%) 195 (18.9%) 5 (0.5%) 284 (27.5%)

L. Bianchini, et al. Physica Medica 71 (2020) 71–81

77



4. Discussion

In developing PETER PHAN, the first phase of the work was the
measurement of the relaxation times of both muscle (normal tissue) and
tumoural tissue in the case of female patients affected by a pelvic tu-
mour. The maps performed on patients and healthy volunteers indicate
a muscle (normal tissue) T1 to be in the range 806–1378 ms, and T2 in
the range 40–65 ms. As mapping of T1 and T2 is not commonly included
in the clinical protocols, T1 and T2 reference values are limited and not
easily available. However, a comparison can be made with the values
published by Kato et al. [46], that for muscle are in the range
797–1206 ms for T1 and 31–47 ms for T2. For the tumour the results
obtained in this work are in the range of 1396–2121 ms for T1 and
79–101 ms for T2. The values reported in the same reference for mis-
cellaneous tumors and fibrosarcoma are in the range 1011–1083 ms for
T1 and 65–87 ms for T2. The range indicated do not overlap with our
results and the reason can reside in the different nature of the tumours

considered for the analysis. Precisely because this work was specifically
focused on pelvis tumours, it was decided to measure the relaxation
times on patients to obtain the reference values for the phantom de-
velopment.

The MnCl2 solution concentrations chosen to simulate the muscle
tissue resulted in T1 and T2 values within 13% and 12% of the corre-
sponding average in vivo values. In addition, we incorporated inserts
with different textures with which we sought to mimic both the mean
signal and the texture observed for lesion during in vivo clinical ima-
ging. INS3, consisting of 1 mm diameter polystyrene beads and agar,
was the closest in reproducing both these properties, as can be also seen
visually in both T1-W and T2-W images shown in Fig. 6. Although INS1,
INS2 and INS4 were characterized by textures less similar to the clinical
images considered in this study, they were introduced with the aim to
test the radiomic features ability to distinguish different textures.
Moreover, they could be useful for reproducing more heterogeneous
lesions observed in populations different from the one considered for

Fig. 7. Each plot (a-e) shows the comparison of the selected radiomic features values extracted (left) from the tumour site of the patients and (right) from the 16 ROIs
identified on the phantom inserts. All the images were acquired with a T1-W sequence typically included in the clinical protocol for pelvis diagnostic imaging.
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this study.
To provide an example of the possible phantom usage for optimi-

sation of radiomic studies, we showed the results of the investigation of
radiomic features on phantom images. We found that lots of features do
not show high repeatability when the phantom is repositioned, both in
the case of T1-W and T2-W images. The reason for this could be dif-
ferences, despite small, in the phantom orientation in the magnetic field
inside the scanner or signal variations before and after repositioning
due to a variety of factors (e.g. changes in room temperature and/or in
signal-to-noise ratio). These results highlight the importance of con-
ducting a methodological study to support each radiomic analysis on a
patients’ database, since the features we could identify as predictive of a
certain clinical endpoint might not be reliable due, for example, to their
insufficient repeatability.

Similarly, the inclusion of unreliable features into a model may
introduce confounding factors, preventing the possibility to identify

significant associations with clinical outcomes, thus it is fundamental to
identify and exclude a priori non-robust features.

Selecting five radiomic features among the most repeatable, we
proved that they show the same order of magnitude when extracted
from the phantom inserts and the tumour volume of the patients con-
sidered. Despite the number of patients used for this assessment is
limited, this first quantitative evaluation confirms that both phantom
versions (V1 and V2) adequately reproduce, for the purpose of a
radiomic study, not only the average signal of healthy tissue and tu-
mour, but also the texture seen in a female patient with a pelvic tu-
mour.

Summing up, we successfully created a phantom that mimics the
female pelvis and lesions to inspect radiomic properties, and offered a
first demonstration of its applicability for the investigation of radiomic
features robustness.

The radiomic investigation performed on the present version of

Fig. 8. Each plot (a-e) shows the comparison of the selected radiomic features values extracted (left) from the tumour site of the patients and (right) from the 16 ROIs
identified on the phantom inserts. All the images were acquired with a T2-W sequence typically included in the clinical protocol for pelvis diagnostic imaging.
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PETER PHAN, as well as its future developments, may allow the ex-
ploration of the complex binomial radiomics-MRI in pelvis imaging,
contributing to the achievement of a robust methodology to be included
in the clinical research. PETER PHAN could be easily assembled and
acquired on different scanners and/or at different centres, in order to
compare the radiomic response in relation to the scanner vendor,
scanner type and magnetic field strength. The radiomic features ex-
tracted from the phantom’s images will be studied not only for their
repeatability but also reproducibility, potential dependence on the MR
sequence parameters and on the process of image acquisition in its
entirety. Different approaches in image processing will be compared
(algorithms for image normalisation or field correction) and different
options for the choice of parameters in the features extraction phase
will be tested. The possibility to probe the relationship between the ROI
volume and the features stability is offered along with the chance to
assess the features ability to discriminate between different textures.
PETER PHAN represents also a test object to be used for a comparison in
the performance of platforms available for the extraction of the
radiomic features.

Despite it was originally thought for reproducing the female pelvis,
the phantom can easily be extended to the application in male pelvis
studies, upon dedicated T1 and T2 measurement of male pelvis tumours,
or more generally to other cancers occurring in the pelvis district.

A limitation of the phantom is that it was separately optimized for
T1 and T2. The combined use of two paramagnetic agents may allow the
simultaneous matching of T1 and T2, which would simplify the use of
the phantom. Modifying the relaxation times of the agar gels with si-
milar relaxation agents may also improve the modest agreement with in
vivo tumour values, seen for T2 values of interest. Instead, we opted to
match image contrast by adjusting the concentration of the polystyrene
spheres.

Future versions of the phantom could include inserts with combi-
nations of other sizes of spheres, in order to widen the range of textures
reproduced and cover the variability seen in patients. In operational
terms, starting from the partial overlap shown in Fig. 7, a new edition of
PETER PHAN V1 will aim at reaching a complete overlap of the texture
features range offered by the phantom inserts with the range seen in the
patients’ lesions. Furthermore, the number of patients considered for
this evaluation will be increased to make the phantom more re-
presentative of the patients’ population. From this perspective, also
PETER PHAN V2, already showing an optimum overlap with the pa-
tients considered, could be optimised.

Additionally, in a recent paper, R. Rai et al. [47] presented a work
about an MR texture phantom produced with 3D printing technology,
which could be considered for further development and refinement on
PETER PHAN inserts, guaranteeing the possibility to realise a variety of
tumor-like shapes and textures, in a more reproducible way. The em-
ployment of this strategy requires additional investigation on the re-
laxation times of the materials used as printer ink, in order to develop a
potential material (not yet available) that properly reproduces the re-
laxation of the tumoural tissue of our interest as achieved, despite in a
hand-crafted fashion, in PETER PHAN.

5. Conclusions

In this work we have studied the design and assembly of an MRI
innovative phantom suitable for radiomic studies of the pelvis. As op-
posed to standard quality assurance MRI phantoms, PETER PHAN has
the double requirement of (i) providing image intensities similar to
those of human pelvis tissues on routine clinical scans and (ii) including
structures that show heterogeneous signal in the MR image, mimicking
the texture properties of a typical pelvic tumour. Given that other MR
phantoms dedicated to radiomic analysis do not exist presently, PETER
PHAN represents a first inexpensive and accessible tool, that in the
future could be improved and refined. Providing the necessary data to
build the phantom, this work aims to promote the diffusion of the

methodological studies needed in this field.
The phantom represents a valuable tool to support clinical radiomic

studies involving pelvic tumours, allowing the assessment of the
radiomic features analytical validity. Specifically, the phantom can be
used to evaluate the radiomic features repeatability, as shown in this
work, and reproducibility. Coupling the specific clinical applications
with the methodological analysis by the use of such phantom could
guarantee the development of robust and reliable predictive models,
taking a step forward in the establishment of the radiomic discipline
applied to MR. Further developments will consider the use of more
advanced techniques, including 3D printing, and the design of MRI
phantoms specific for different anatomical sites for further radiomic
approaches in cancer research.
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