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Thesis Title
MRI-based radiomics: Quantifying the stability and reproducibility of tumour heterogeneity in vivo and in a 3Dprinted
phantom
Thesis Abstract
Magnetic resonance imaging (MRI) is a key component in the oncology workﬂow. Radiomics analysis is a new approach that
uses standard of care (SOC) magnetic resonance images to non-invasively characterise tumour heterogeneity. For radiomics to
be reliable, the imaging features measured must be stable and reproducible. This thesis aim s to quantify the stability and
reproducibility of MRI-based radiomics in vivo and in a 3D printed phantom.
Chapter 4 explores the feasibility of constructing a 3D printed phantom using an MRI visible material (‘red resin’). The study
shows that the material used to construct an anthropomorphic skull phantom mimicked human cortical bone with a T2* of 411 ±
19 µs. The phantom material provided suﬃcient signal for tissue segmentation however was only visible with an ultrashort echo
time sequence, not commonly used in SOC imaging.
Chapter 5 investigates a high temperature resin (‘white resin’) where a texture object was developed for analysis. T he ‘white
resin’ was visible using SOC sequences. The interscanner repeatability measurements of the texture pha ntom demonstrated
high reproducibility with 76% of texture features having an ICC > 0.9. In chapter 6, further text ure and shape objects were
developed and employed in a multi-centre study assessing inter and intrascanner variation of MRI-based radiomics. The
phantom was stable over a period of 12 months, with a T1 and T2 of 150.7 ± 6.7 ms and 56.1 ± 3.9 ms, respectively. The study
also found that histogram features were more stable (ICC > 0.8 for67%) compared to texture (ICC > 0.8 for 58%) and shape
texture (ICC > 0.8 for 0%) across the 8 scanners.
In chapter 7, phantom measurements found that radiomics features were more sensitive to changes of image resolution and
noise. The in vivo test-retest component of chapter 7 detected many unstable features not suitable for use in a radiomics
prognostic model. In chapter 8, of the 83 features computed only 19 features had signiﬁcant chan ges between the baseline, mid
and post radiation treatment and may be informative to assess rectal cancer treatment response.
When considering using radiomics analysis for SOC MRI scans, caution must be taken to ensure imaging protocol s, imaging
equipment including scanners and coils are consistent to improve intra and inter-institutional feature robustness. This can be
achieved with regular quality assurance of imaging protocols using a suitable phantom and appropriate feature selection using
phantom and in vivo datasets.
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Abstract
Magnetic resonance imaging (MRI) is a key component in the oncology workflow.
Radiomics analysis is a new approach that uses standard of care (SOC) magnetic resonance
(MR) images to non-invasively characterise tumour heterogeneity. For radiomics to be
reliable, the imaging features measured must be stable and reproducible. This thesis aims
to quantify the stability and reproducibility of MRI-based radiomics in vivo and in a 3D
printed phantom.
Chapter 4 explores the feasibility of constructing a 3D printed phantom using an
MRI visible material (‘red resin’). The study shows that the material used to construct an
anthropomorphic skull phantom mimicked human cortical bone with a T2* of 411 ± 19 µs.
The phantom material provided sufficient signal for tissue segmentation however was only
visible with an ultrashort echo time sequence, not commonly used in SOC imaging.
Chapter 5 investigates a high temperature resin (‘white resin’) where a texture
object was developed for analysis. The ‘white resin’ was visible using SOC sequences. The
interscanner repeatability measurements of the texture phantom demonstrated high
reproducibility with 76% of texture features having an ICC > 0.9. In chapter 6, further
texture and shape objects were developed and employed in a multi-centre study assessing
inter and intrascanner variation of MRI-based radiomics. The phantom was stable over a
period of 12 months, with a T1 and T2 of 150.7 ± 6.7 ms and 56.1 ± 3.9 ms, respectively. The
study also found that histogram features were more stable (ICC > 0.8 for 67%) compared to
texture (ICC > 0.8 for 58%) and shape texture (ICC > 0.8 for 0%) across the 8 scanners.
In chapter 7, phantom measurements found that radiomics features were more
sensitive to changes of image resolution and noise. The in vivo test-retest component of
chapter 7 detected many unstable features not suitable for use in a radiomics prognostic
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model. In chapter 8, of the 83 features computed only 19 features had significant changes
between the baseline, mid and post radiation treatment and may be informative to assess
rectal cancer treatment response.
When considering using radiomics analysis for SOC MRI scans, caution must be
taken to ensure imaging protocols, imaging equipment including scanners and coils are
consistent to improve intra and inter-institutional feature robustness. This can be achieved
with regular quality assurance (QA) of imaging protocols using a suitable phantom and
appropriate feature selection using phantom and in vivo datasets.
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Introduction
1. Chapter 1: Introduction
Chapter 1: Introduction
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________________________________________________________________
“Personalised medicine gives us one of the greatest opportunities for
new medical breakthroughs that we have ever seen. Doctors have
always recognised that every patient is unique, and doctors have
always tried to tailor their treatments as best they can to individuals”
Former President Barack Obama – January 30th, 20151
____________________________________________________________________________

1 Obama, B. Remarks by the President on Precision Medicine [Internet]. The White House: Office of the Press

Secretary. 2015 [cited 2020 Sep 8]. Available from: https://obamawhitehouse.archives.gov/the-pressoffice/2015/01/30/remarks-president-precision-medicine

2

Introduction
Personalised medicine is defined as utilising the knowledge of genetics to predict disease
development, to influence decisions about lifestyle choices or to tailor treatment to an
individual (1). This is evident in chronic illnesses such as cancer; where biopsy assays and
genetic testing are utilised to stage and characterise tumours and to detect genetic
abnormalities. With the use of such techniques, a treatment approach can be tailored to the
individual based on their individual genetics (such as immunotherapy) to target treatments
to the cancer more effectively.
In the field of medical imaging, personalised medicine is not an entirely new paradigm (2).
Medical imaging inherently provides an individual assessment of disease location and
extent and is essential in patient specific therapy planning, monitoring and disease follow
up (2). The last decade has seen an increase in the utilisation of artificial intelligence and
automated image analysis methods to detect information in images that may otherwise be
difficult to detect with the unaided human eye (3). Radiomics is an example of such
technique, where lesions seen on medical images can be automatically segmented,
facilitating the extraction of various imaging features such as histogram information,
texture and shape features (4). In a radiomics workflow, these image features can be
correlated with both genetic data and clinical outcomes and therefore have the potential to
serve as imaging biomarkers which can guide diagnostic and treatment decisions (5) .
Quantitative assessment of medical imaging provides a more robust method of comparing
imaging across multiple centres and reduces reader variability identified in traditional
radiology reporting methods (6). Recent studies have suggested that imaging features such
as shape metrics and texture may provide information on disease progression and
prognosis (7–9).
There are limitations in the homogeneity of reproducibility and repeatability studies of
radiomics research. Many studies in the literature use varying methodologies for radiomics
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analysis including segmentation strategies, radiomics analysis software and pre and post
processing of medical images (3,10). Traverso et al. (2018) (3) outlined that to homogenise
radiomic reproducibility and repeatability studies, benchmarking trials should be
conducted across many different centres using publicly available datasets, including both
human and phantom studies.
The added complexity of image acquisition variability across different imaging modalities
can also confound the reliability of radiomic features. Chapter 2, Section 2.4 will review the
literature pertaining to the variability of radiomics in computed tomography (CT), positron
emission tomography (PET) and magnetic resonance imaging (MRI). Briefly, previous
studies (mostly CT and PET) have shown that variation in image reconstruction methods
and resolution across different imaging equipment can impact the reproducibility of
radiomics features in both specialised phantoms and human studies (11–14). As radiomics
assesses complex shape metrics and tumour heterogeneity, current phantom designs,
particularly in MRI may not be suitable for the measurement of these features. Therefore,
as phantoms serve an important role in benchmarking studies, designing a suitable
phantom for assessing the reproducibility of imaging, namely MRI, is of paramount
importance.
There is a growing body of literature that demonstrates the reliability of MRI for radiomics.
At the initiation of this thesis there were few studies that utilised a specialised MRI phantom
possessing features analysed in radiomics. It was this reason that development of a
radiomics phantom designed for MRI was deemed timely and necessary in the field of
radiomics. This thesis will focus on developing a phantom suitable to be imaged with MRI
for the purposes of assessing the reproducibility and repeatability of radiomic features. The
phantom developed in this thesis will be used for quality assurance (QA) of clinical imaging
protocols. The phantom will also be used in conjunction with in vivo test-retest datasets to
measure the reproducibility and repeatability in a rectal cancer radiomics workflow. The
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results of these investigations will be used to determine the most informative features that
could be predictive of real pathological changes in a larger rectal cancer single centre
clinical trial.

Aims and Outline
The research hypothesis for this thesis is:

Radiomic imaging features will vary depending on MRI acquisition methods
The aim of this research is to evaluate the efficacy of MRI as a quantitative imaging modality
for radiomics analysis.
The following section outlines the project aims and the research chapters that address each
aim.

Aim 1
Investigate the role of MRI as a quantitative imaging modality for radiomics and investigate
tissue mimicking materials used in phantoms for quantitative MRI analysis
Content Overview:
Chapter 2 summarises the literature on the role of MRI as a quantitative imaging tool
for cancer treatment including radiomics and addresses the challenges of MRI for
radiomics analysis. Chapter 3 summarises the literature on tissue mimicking materials
(animal and human models) used in MRI phantom construction. Chapter 3 will provide
evidence-based techniques for optimal phantom construction and design for a
dedicated MRI radiomics phantom.
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Aim 2
To develop a phantom suitable for radiomic analysis of standard of care sequences used in
radiation therapy planning
Content Overview:
Chapter 4 introduces the concept and assesses the feasibility of using 3D printing
technology for phantom construction using MRI visible materials. Chapter 5
describes the use of 3D printing technology to develop a range of different MRI
phantoms that can be imaged using standard of care sequences relevant to cancer
imaging.

Aim 3
Investigate the stability of MRI-based radiomic features across multiple centres utilising the
phantom developed in Aim 2.
Content Overview:
Chapter 5 develops a morphology phantom that possesses tumour like
characteristics (varying heterogeneity and shape) which was imaged on two
identical MRI scanners to assess intra-scanner precision and reliability of the
texture features. Chapter 6 further develops on this morphology phantom to
produce a dedicated radiomics phantom for MRI. The phantom was imaged on
multiple MRI scanners in different centres to assess the stability and reproducibility
of radiomics features.
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Aim 4
Assess the most useful and stable radiomic features for predicting radiation therapy tumour
response in rectal cancer
Content Overview:
Chapter 7 utilises the phantom developed in aim 2 and a retrospective test-retest
cohort of rectal cancer patients to measure the most stable radiomic features for
feature selection. The features that are selected to be most stable and reproducible
will be further analysed in Chapter 8 to assess changes in radiomic features in
normal and diseased tissue in a rectal cancer patient cohort.

Aim 5
Develop recommendations to improve the reliability of radiomic analysis of medical images
in a clinical setting
Content Overview:
Chapter 9 will discuss the results of this project and in particular draw on the
conclusions from chapters 6 and 7 to provide recommendations for radiomic
analysis based on both phantom and in vivo stability results.
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2
Literature Review
2. Chapter 2: Literature review
Chapter 2: Literature Review

8

Cancer Imaging
Cancer is a common disease affecting many Australians, with 1 in 3 men and 1 in 4 women
being diagnosed with cancer by the age of 75 (15). Medical imaging plays an important role
in all stages of cancer management and treatment and is used to highlight the differences
between normal tissue and regions suggestive of a neoplastic process (16). It is also often
used in a quantitative manner which is useful in characterising tumour types and measuring
response during cancer treatment. The Quantitative Imaging Biomarkers Alliance (QIBA), a
consortium of the Radiological Society of North America (RSNA), defines quantitative
imaging as “the extraction of quantifiable features from medical images for the assessment
of normal or the severity, degree of change, or status of a disease, injury or chronic condition
relative to normal” (17). Advances in imaging technologies allows for early detection of
diseases with precision, better tumour characterisation and assessment of change of
disease over time or in response to therapy (6).
Imaging modalities such as computed tomography (CT), positron emission tomography
(PET), single proton emission computed tomography (SPECT) and magnetic resonance
imaging (MRI) are often used in cancer care for prediction, screening, biopsy guidance,
staging, prognosis, therapy planning, treatment guidance, response assessment as well as
detection of recurrence and palliation (18). Furthermore, these imaging modalities are noninvasive and produce high resolution three-dimensional (3D) images of the disease (19).
Many cancer patients will undergo one or more of these examinations in their cancer
journey as part of their standard of care, including pre, during and post treatment imaging.
Acquisition of large imaging datasets from standard of care imaging can pave the way for
correlating treatment response and outcomes with imaging characteristics.
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Tumour Heterogeneity
Tumours are inherently spatially and temporally heterogeneous structures (7).
Heterogeneity results in small populations of cancer cells that are resistant to treatment and
is a primary cause of treatment failure and drug resistance (20), tumour recurrence and
poor prognosis (21). Tumour heterogeneity can be caused by several factors including
cellular morphology, gene expression, metabolism and angiogenic and proliferative
potential (22). Tumour heterogeneity in medical imaging can often be subjectively and
qualitatively assessed by correlating varying gray levels and tumour borders with tumour
invasiveness into surrounding stroma (23), oedema (24) and regions of necrosis (24–26).
Medical imaging is an essential diagnostic tool of all cancer treatment decisions and in
certain circumstances can be used alone, without histopathology for oncological treatment
decision making (27).

Radiation therapy and the role of imaging in the
treatment pathway
Radiation therapy (RT) is a common cancer treatment that uses ionising radiation to shrink
or destroy cancer cells (28), whilst sparing the surrounding normal tissue (29). At least half
of all patients diagnosed with cancer should receive radiation therapy at least once (30,31).
From the onset of RT, medical imaging has played a significant role to ensure the accurate
delivery of radiation to cancerous tissue. The invention of CT in the 1970’s facilitated 3D
dose calculations allowing greater precision in dose distribution, optimisation and patient
positioning (32,33). The RT process is shown in Figure 1.
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•‘Simulation’ is imaging of the patient acquired in the radiation therapy treatment
position
•Computed Tomography (CT) is currently the gold standard for simulation

Simulation

•This often involves utilisation of immobilisation equipment to minimise movement and
use of contrast agents to highlight areas of disease as well as vasculature.

•Registration of CT with complimentary imaging such as magnetic resonance imaging
(MRI) or positron emission tomography (PET) on a treatment planning system (TPS)
•CT is needed for dosimetric calculation and MRI and/or PET used for delineation of
tumour volumes, nodes and organs at risk (OARs)

Planning

•Radiation delivery and dose is calibrated and strategically planned to target tumour
and avoid OARs

•Transfer of plan parameters from TPS to linear accelerator (Linac)

Treatment

Adaptive
Therapy

•Onboard imaging such as cone beam CT is used to match patient position with original
plan.

• In cases where the patient does not match the original plan, a repeat of the process is
often required, a strategy called adaptive planning.

Figure 1: Radiation therapy treatment process including adaptive therapy.
CT: Computed Tomography, MRI: Magnetic Resonance Imaging, OARs: Organs at risk, PET:
Positron Emission Tomography, TPS: Treatment Planning System
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The RT process begins with simulation where computed tomography (CT) images are
acquired of the patient in their treatment position with ancillary equipment setup. CT has
been used since the 1980s for radiation therapy planning (RTP) simulation (34) and is
currently still the gold standard due to its high spatial resolution, geometric accuracy and
electron density information needed for beam attenuation calculation (27). Although CT is
currently used for RT planning purposes complimentary imaging such as MRI and PET can
assist in the planning process. MRI provides improved soft tissue delineation and functional
imaging (35) and PET provides the functional imaging information for certain tumour
groups such as head and neck squamous cell carcinoma (36) and primary non-small cell
lung cancer (NSCLC) (37).
The second part of RTP involves transferring simulation images and complimentary
imaging to a treatment planning system (TPS). Once the images are in the TPS, the organs
at risk and tumour volumes can be defined by a trained radiation therapist/dosimetrist and
radiation oncologist (38). Following this, detailed radiation beam modelling and dosimetric
calculations are performed to ensure that the tumour is treated with the prescribed dose
whilst sparing healthy tissue (32). Once the plan is finalised the required parameters are
then transferred to the linear accelerator (Linac) to deliver the treatment.
The third part of RT involves treatment. To ensure that the patient is treated accurately with
the optimised plan from the TPS, integrated onboard imaging is used to verify that the
patient anatomy on the day, and by extension, the tumour position, matches the plan from
the simulation scans. There may be some variation in tumour position that cannot be
avoided such as breathing, however this is accounted for in the planning process (32). For
more drastic discrepancies such as beam displacement, anatomical changes caused by
weight loss or drastic changes in tumour size, adapting the plan to measured variations is
often required (39). This is referred to as adaptive radiation therapy, which aims to
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individualise the treatment plan and optimise dose delivery based on patient specific
anatomical or biological variations observed during RT (40) .
Functional imaging including PET and MRI have been shown to be predictive of patient
outcome in various tumour site groups including head and neck (41) and rectal cancer (42).
Total lesional glycolysis (TLG) measured from the third week PET of treatment for mucosal
primary head and neck squamous-cell-carcinoma has been shown to be the best prognostic
indicator (compared to maximum standardised uptake value (p=0.03) and metabolic
tumour volume (p=0.02)) of oncological outcomes (41). In rectal cancer, DWI measured
after the completion of chemoradiotherapy (CRT) was predictive of CRT response
particular for higher ADC percentile values (75th p= 0.049 and 90th p=0.034) (42).
Functional imaging allows the clinician to measure the physiological information pertaining
to tumour response or tissue toxicity (43). Furthermore, these functional imaging
techniques have been investigated to provide support on decision making for adaptive RTP.
MRI in particular is being investigated for this purpose as it does not pose any risk of
additional radiation exposure to the patient and can be acquired at any time point during
treatment (44).

Magnetic Resonance Imaging
MRI utilises the abundance of water in the human body to produce images based on the
magnetic properties of the proton nuclei in hydrogen atoms. Hydrogen atoms spin or
precess about their own magnetic axis in a random fashion (45) but when they are placed
in a strong magnetic field, such as a clinical MRI system, their precessional direction will
align with the axis of the external magnetic field (B0) creating a net magnetisation vector
(NMV). To create a signal from the protons, they must first be energised using a
radiofrequency (RF) pulse that will deflect the direction of the NMV, usually 90 or 180
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relative to B0. After the initial RF pulse is switched off the protons will realign with the axis
of B0 and in doing so, the protons will emit an RF signal that can be detected by the RF coils
(46). It is the detection of RF signals in the coils that allows for conversion of frequency data
to image data, hence creating an image.
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Image Contrast Formation
As MRI exploits the proton atom in hydrogen, the proton density (PD) of tissues can be
measured through specially designed RF pulse sequences. The most critical properties of
tissues are the PD, T1 and T2 relaxation times. When there is a disease process in the body
there will be an abundance of water, due to inflammation and increased blood flow, which
will increase the PD of the tissues. T1, also called spin-lattice relaxation is defined as the
time taken for the NMV to return to its resting state. T2, also called spin-spin relaxation is
defined as the time taken for the signal to fade or dephase after excitation from the RF pulse
(47). As each type of tissue has different T1 and T2 properties (the rate at which they
recover or dephase), pulse sequences are designed to enhance the contrast between these
different tissues. Image contrast can be controlled by changing parameters in the pulse
sequence design such as repetition time (TR) and echo time (TE). TR is the time between
the application of one RF pulse and the next. TE is the time taken for the first echo of signal
to be measured from the NMV. A sequence with a short TR and TE results in T1 weighting.
A sequence with long TR and TE gives T2 weighting and a sequence with a long TR and short
TE gives proton density weighting.

Trade-offs in MR image acquisition
MRI provides a lot of flexibility with imaging parameters, however changes in parameters
can impact the image quality and image contrast. Table 1 shows common parameters that
can be adjusted for clinical imaging purposes and the effects they have on image quality
metrics such as signal-to-noise ratio (SNR) and T1 and T2 weighting. SNR is calculated as:
𝑆𝑁𝑅0 =

𝑆0
𝜎

Where, S0 is the mean signal intensity of the area of interest (i.e. anatomy) and 𝜎 is the
standard deviation of the background noise (48).
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Table 1: Common MRI Parameters and their trade-offs in image quality, image contrast and acquisition time. Information in this table is adapted from McRobbie et al.
(2006) (47)
Parameter
Advantages
Disadvantages
Increase ()/Decrease ()
TR

TE

NEX



 T2 weighting
 Number of slices per acquisition

 Scan Time
 T1 weighting




 Scan Time
 T1 weighting
 T2 weighting

 SNR
 Number of slices per acquisition
 SNR



 SNR

 T2 weighting



 SNR
 Flow artifacts due to greater signal averaging
 Scan Time (Directly proportional)

 Scan Time (Directly proportional)


Slice Thickness





 SNR
 Coverage of anatomy
 Spatial resolution
 Partial voluming in slice direction
 SNR
 Coverage of anatomy
 Likelihood of aliasing artifacts
 Spatial resolution



 Spatial resolution



 Scan Time
 SNR if pixel size increases



 Minimum TE
 Chemical shift
 SNR


Field of View

Image Matrix Size

Receiver
Bandwidth





 SNR
 Flow artifacts due to less signal averaging
 Spatial resolution
 Partial voluming in slice direction
 SNR
 Flow artifacts due to less signal averaging
 Spatial resolution

 Likelihood of aliasing artifacts
 SNR
 Anatomical coverage
 Scan Time
 SNR if pixel size decreases
 Spatial resolution
 SNR
 Minimum TE
 Chemical shift

TR: Repetition Time, TE: Echo Time, NEX: Number of excitations or averages, SNR: Signal-to-noise ratio
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Images acquired with MRI need to have sufficiently high SNR to be diagnostically useful as
images with low SNR may produce images with insufficient detail that may obscure subtle
contrast changes (47).
K-space is the domain where spatial frequency information is stored (49). This frequency
information must be reconstructed into an image by the means of Fourier transformation.
Fourier transforms decomposes any signal or waveform into frequency components (47).
The data in k-space does not correspond to pixel information but represents the spatial
frequency information in two or three dimensions of an object (50). There are many k-space
filling trajectories including linear, centric, elliptical, radial and keyhole (51). The linear
trajectory is the most standard technique which fills k-space line by line, where each line
represents a digitised MRI signal at a phase encoding level (50). Filling each line of k-space
can be quite time consuming so there have been methods of speeding up this process
including partial k-space filling (undersampling) where a fraction of k-space is filled, and
the remaining lines are interpolated. Speeding up this process will decrease the acquisition
time of MRI sequences. Parallel imaging (PI) is a modern technique employed in clinical
protocols to decrease the acquisition time by accelerating data acquisition using various
methods such as undersampling data in k-space.
When using PI, the time can be minimised by using an acceleration factor (R). This R factor
determines how many lines of k space are needed to be filled to fully sample an image. The
higher the acceleration factor the faster the acquisition as fewer lines of k-space will be
sampled.
PI requires the use of multi-channel receiver coils, where coil elements closest to the
surrounding anatomy will be more sensitive to the signal produced from that region.
Multiple coil elements can be used to produce individual images of the anatomy with higher
signal in regions closest to the coil element; this can then be reconstructed to form one
homogenous image (49). Although PI increases the efficiency of a pulse sequence by
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decreasing scan time, less sampled data leads to a decrease in SNR and hence poorer image
quality (52).

Applications of MRI in Radiation therapy Planning
MRI is increasingly being utilised in RTP as it can demonstrate differences in tissues that
have similar electron densities (53), which cannot be achieved with conventional CT.
Because the ability to distinguish soft tissue information is far superior in MRI, it provides
greater insight to not only tumour extent but also clearer delineation of healthy tissue
adjacent to areas of disease. This allows for greater conformal planning, whereby the
planned radiation delivery can be directed to the tumour with greater precision whilst
sparing healthy tissues (53). Using MRI in the planning process has resulted in smaller
tumour margins compared to CT due to the detail that it provides (54–56). Swanick et al.
(2016) (54) found smaller mean high risk clinical target volume (HR-CTV) for MRI (35.1
cm3) compared to CT (44.1 cm3) in cervical brachytherapy. For low rectal cancers, tumour
volumes on MRI have been shown to be smaller on MRI compared to CT (p < 0.003) (55).
The advantage of smaller planning volumes is a more conformal radiation therapy plan that
can avoid surrounding organs at risk (43).
The use of functional MRI techniques also allows for accurate localisation of tumours within
organs, this has shown to be of particular benefit for target definition in stereotactic
application and dose boosting in some tumour site groups such as prostate (57). As MRI
does not expose the patient to radiation, imaging during and after treatment is an effective
way to monitor disease response as well as disease progression (43).
However, utilisation of MRI for RTP is not without its challenges. Unlike conventional
diagnostic MRI examinations, replication of treatment position in MRI for the purposes of
RTP is crucial to ensure radiation fields planned on MRI accurately represent the spatial
location of the tumour and neighbouring anatomy. The flexibility of MRI acquisition
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parameters can hinder the standardisation and replication of sequences for treatment
planning (53).
The use of RTP immobilisation devices not only poses compatibility issues with MRI but
also can result in a reduction of image quality due to RF coil arrangements (58,59) and the
radial distance of anatomy in relation to the isocentre of the MRI (60). The use of parallel
imaging (61) and parameters such as high receiver bandwidths to minimise chemical shift
artefacts and patient distortions (58) also decreases the SNR of the images which can
degrade the image quality.

MRI as a Quantitative Imaging Tool in Radiation therapy
Planning
Quantitative MRI is often used as a tool to assess and characterise tumour response to
radiation therapy over time. Quantitative MRI can be defined as utilising functional imaging
sequences to "extract quantifiable features for the assessment of severity, degree of change,
or status of a disease, injury, or chronic condition relative to normal" (62). Advanced
imaging techniques such as diffusion weighted (DW), blood oxygen level dependent
(BOLD), dynamic contrast enhanced (DCE) and magnetic resonance spectroscopy (MRS)
imaging are methods often utilised in MRI to characterise tumour volumes. These imaging
modalities allow for physiological properties of the tumour to be assessed, such as the
apparent diffusion coefficient (ADC) in DWI (63), ktrans, kep, Ve in DCE (64,65), R2* in BOLD
(63) and metabolite distribution in MRS (66).
However, the use of standard of care scans such as those acquired in MRI for RTP has
become popular in recent years to quantify various metrics based on tumour heterogeneity
with the exquisite soft tissue contrast MRI provides. The advantage of using standard of care
scans is that they can be acquired throughout treatment and in a short period of time with
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minimal burden to the patient. These scans are also in high abundance in hospital imaging
archival systems, which is useful for retrospective research, in particular radiomics.

Radiomics
Over recent years the interest in radiomics has increased significantly (Figure 2). Radiomics
is a method described in the literature to extract large amounts of imaging features from
medical images obtained with PET, CT and MRI and converting these features into mineable
high-dimensional data (67). The ability to extract radiomic data from routine clinical
imaging can facilitate the non-invasive characterisation of disease. Pertinent to the field of
RT, radiomics can be used to characterise tumours in a way that may provide prognostic
and predictive power for clinical decision making and personalised medicine (26,68–74).

Radiomics Peer Reviewed Articles 2012-2020
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Figure 2: PubMed results of peer reviewed articles from 2012-2020 using the keyword “Radiomics”

The advantage of using medical imaging for analysis of tumour characteristics is the ability
to repeat scans to assess tumour radiosensitivity in the field of radiation oncology (75) for
treatment monitoring and to predict outcomes (67).
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Lambin et al. (4) outlines that standard of care imaging contain complementary and
interchangeable information compared to other sources such as genomics and pathology,
that clinicians can use to take a more personalised and individualised approach to
treatments and monitoring. Radiomics can be broken down into three key steps including
(1) segmentation of tumour volumes from imaging, (2) feature extraction of these volumes,
including histogram analysis, shape, texture and wavelet transforms and (3) feature
analysis with correlation to both clinical and genomic data (Figure 3) (4).

Figure 3: Radiomics workflow consists of three key steps. I) Image acquisition and volume
segmentation II) Feature extraction including first order statistics for histogram distribution, shape
of tumour contour and texture features III) correlating radiomic features with genetic markers and
clinical data. This figure is based on ideas from Aerts at al. (2015) (76)

Segmentation
The first step in a radiomics workflow is segmentation - where the boundary extent of any
volume of interest is defined. The two main methods of segmentation include manual
contouring by expert readers (Radiologist or Radiation Oncologist) or semi-automated
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methods using various algorithms in image processing software. Often in a clinical setting,
manual segmentations by a clinician are treated as the ground truth (77).
However, to improve imaging feature reproducibility and to facilitate the high throughput
of imaging datasets, semi-automated methods are being increasingly recommended for a
radiomics (26,78–80). Parma et al. (2014) (78) found that semi-automated segmentation
methods compared to manual strategies produced more reproducible radiomic features.
They found that feature reproducibility improved significantly for texture and histogram
features compared to shape features. Gu et al. (81) also found that a single click
segmentation approach to delineate lung tumours from CT imaging was comparable to
manual delineation by an expert reader, yielding no statistically significant results.
Similarly, Liney et al. (82) found no statistically significant difference between manual and
semi-automated segmentation methods when comparing benign and malignant breast
lesions, except for the complexity shape descriptor.
Once a segmentation method has been established, the volume of interest (VOI) can be
segmented in 2D or 3D. A 2D segmentation will only use one representative imaging slice
(usually a slice that shows the largest cross-section of a lesion) for analysis whereas a 3D
VOI will use every slice where the lesion is visible (83). There are varied results when
comparing the reproducibility of radiomic features of 2D versus 3D VOI (70,83–86). Within
the same tumour group such as lung cancer, 2D has been found to be most reproducible
(83,86) whereas other authors found 3D to be more robust (53).

Feature Extraction
The following section will summarise the most common features used in radiomics and
establish the methods of analysis to be used later in this work. The following feature
extraction methods rely heavily on assessing the tumour heterogeneity within a segmented
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tumour volume to give greater insight into tumour characteristics and geometric
dimensions.

1. First Order Statistics
First order histogram analysis provides statistical information on the distribution of the
number of pixels and the number of pixels that have the same intensity throughout an image
(22). The histogram characteristics are closely related to the overall brightness and contrast
of the image (87) (Figure 4).
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Figure 4: Histogram from segmented tumour volume generated on open source
software Image J (http://imagej.net).

The statistical information from first order features include:
1. Mean – Average of the pixel/gray level values and general brightness of an image
2. Standard Deviation – Dispersion of the histogram and the contrast of an image
3. Maximum & minimum – gray level values in the histogram
4. Kurtosis – Represents the peakedness of the distribution of values in the histogram and
measures the shape of the probability distribution
5. Skewness – Represents the asymmetry of the gray level distribution
6. Entropy – Represents the randomness or disorder in the histogram
7. Energy – highly skewed histograms will yield a high-energy measurement
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2. Shape
Shape features quantify the geometric properties of segmentations (Figure 5). Quantitative
descriptors of tumour shape often include compactness, maximum diameter, sphericity,
surface area, surface to volume ratio and volume (7,77).
Tumours can be described on medical imaging to have ill-defined borders suggesting
malignant disease in advanced stages while other masses with well-defined margins
suggest benign less aggressive tumours (88). Shape features have been shown to provide
prognostic prediction of response in colorectal (89) , lung (90,91), brain (92) and prostate
(93) cancers.

Shape

Segmentation

Figure 5: 3D surface rendering of manually segmented tumour volume using
open source software 3D Slicer (https://www.slicer.org)
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3. Image Texture
Image texture refers to the appearance of spatial images, and textural analysis can provide
quantitative information on the heterogeneity and distribution of individual pixels and is
referred to as a second order feature (Figure 6). Texture is an innate property of any object
and can provide insight into the structure of the object particularly its microscopic
arrangement and structural uniformity.

Figure 6: An example of four common strategies for textural analysis: gray level co-occurrence matrix
(GLCM), gray level run length matrix (GLRLM), gray level size zone matrix (GLSZM) and
neighbourhood gray tone difference matrix (NGTDM). All four textural analysis methods are used in
this thesis. This figure is based on ideas from Scapicchio et al. (2021) (94).

Although there is no standardised definition of texture in the literature, texture analysis is
a method that has been explored extensively to characterise and quantify pixel distribution
and gray level position within an image matrix.
Early methods described by Haralick, outline that “texture can be evaluated as being fine,
coarse, or smooth; rippled, molled, irregular, or lineated” (95). Haralick proposed a method
of extracting textural information from images whereby texture can be described as the
spatial relationship of gray tones in an image to one another. This has been described as the
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“nearest neighbour” method and is computed by assessing the number of neighbouring
resolution cell pairs in an image. This spatial relationship is commonly referred to as the
gray-level co-occurrence matrix (GLCM) or the gray-level spatial dependence matrix (96).
Statistical analysis using the GLCM can be computed and texture features describing the
overall image composition and coarseness, smoothness and texture can be quantified (97).
Galloway (98) described computing second order texture features by including features
based on the gray level run length. This theory describes the gray level run length matrix
(GLRLM) as a “set of consecutive, collinear picture points having the same gray level value”
(98). Similarly, to Haralick’s method, computation of the GLRLM can occur in any given
direction and specifies the number of times a pixel element (i) occurs within a run length
(j). This is referred to as the average run length (ARL) (99). Loh (99) outlines that the major
advantage of using GLRLM to compute image texture features is that the length of the runs
accurately reflect the size of the texture elements.
The gray level size zone matrix (GLSZM) quantifies the size of pixels that have the same
intensity level, i.e. contiguous pixels in the image (100). This is particularly useful for
components of images that are homogenous in texture, i.e. have the same pixel intensity
levels. Unlike the GLCM and GLRLM, the GLSZM does not require calculations in several
directions.
The neighbouring gray tone dependence matrix (NGTDM) considers the relationship a
centre pixel and its neighbouring pixels at one time (101). The calculated image matrix
computed the difference between each voxel and its neighbouring voxels at a certain
distance (102). This approach eliminates the angular dependency compared to GLCM and
GLRLM and reduces calculation required to process an image (101).
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Radiomics Analysis
The final step in the radiomics workflow is analysis of imaging features and correlating
these features with clinical data, such as disease response, genetic information and disease
progression, to create predictive models that can be applied to imaging datasets. For
radiomics to be useful, the predictive models need to have high accuracy, reliability and
efficiency (5). Many radiomic features are highly correlated with one another and are
therefore redundant and need to be removed prior to radiomics analysis to reduce the risk
of overfitting the predictive models (103,104). This will also ensure that only the most
informative features are included in the radiomics signature for a predictive model. For this
to occur, many studies in radiomics will use a variety of datasets in their analysis, for
training and validation (7,70,83,105).

2.4.3.1

Validation and radiomics model building

Feature selection is the first step in creating a radiomics model to ensure that features that
have poor repeatability and reproducibility can be excluded from a predictive model. A
popular method of feature selection is “test-retest” imaging, where a group of patients are
imaged on the same day within a short period of time to assess the variability of tumour
measurements using radiomics (7). Zhao et al. (106) used this method to assess the
variability of non-small cell lung cancer lesions. The patients were imaged 15 minutes apart
using the same imaging protocol - the maximum diameter and volume were compared using
concordance correlation coefficient (CCC) analysis. The dataset that included 32 patients
was made publicly available through the National Cancer Institute’s Reference Image
Database to Evaluate Therapy Response (RIDER) (107). Since then, many researchers in
radiomics have used this dataset to validate computational methods (4,7,77,108) in their
respective studies.
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Once the training datasets have reduced the number of features computed, machine
learning methods can be implemented to develop a predictive model that will answer the
clinical question (103). To estimate the performance of the predictive model, validation
using ideally two distinct patient cohorts should be performed (103). It is highly
recommended that predictive model is evaluated for performance on a different patient
dataset (109,110).

The role of imaging phantoms in quantifying
variability in radiomic features
Sections 2.3.3 and 2.3.4 0 of this review established the use of MRI in oncological imaging
for RTP, and its role in predicting tumour response and outcome to radiation therapy
through anatomical and functional imaging (111). MRI has also been shown to be a feasible
imaging method to characterise tumour heterogeneity which is a well-recognised feature of
malignancy, associated with adverse tumour biology (112). As previously discussed,
tumour heterogeneity can be characterised using radiomics with different feature
extraction methods including histogram, shape and texture features. However, ensuring
radiomic features are stable and imaging protocols are reproducible, particularly in
multicentre trials. It is crucial to ensure that there is minimal variation in computed imaging
features from repeat scans, images from different scanners or scans acquired after a certain
time interval.
All imaging modalities have factors that can affect the overall image quality of the datasets.
The use of phantoms for verifying the robustness of the imaging data acquired from PET, CT
and MRI are minimal (3). A recent systematic review by Traverso et al. (2018) investigating
the repeatability and reproducibility of radiomics features found only 6 studies from 2010
- 2017 that utilised a radiomics phantom. Of the 6 studies that used a phantom, 5 of the
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studies utilised CT, 1 utilised PET and no studies used MRI for imaging modality. The
advantage of using phantoms to assess radiomics data is that variability in image acquisition
can be tested without any side effects of radiation dose or increased examination times to
patients. Phantoms can allow for variation in image acquisition and quality to be analysed
such as slice thickness, image resolution, image and background noise and voxel size. These
variations can also be monitored over time to monitor system influences on image quality
which is imperative in quantitative imaging studies to assess treatment response based on
radiomic signature markers.
Many studies use standard image quality and testing phantoms with homogenous regions
to assess the impact of radiomics on image datasets. However, this can be problematic as
tumours are inherently heterogenous and heterogeneity can vary across single neoplasms
(intra-tumour heterogeneity) as well as appear different in the same tumour (inter-tumour
heterogeneity) (113).

PET phantoms
Nyflot et al. (114) and Beichel et al. (14) both assessed PET data using a commercial
phantom called the NEMA image quality phantom. In contrast to Beichel, Nyflot used the
standard commercial phantom that consisted of 6 spherical objects to evaluate the
variability of quantitative image features caused by stochastic effects, as well as acquisition
and image reconstruction parameters on textural analysis. They found that PET data can be
highly sensitive to variations in image acquisition and processing. Furthermore, the
sensitivity of PET images was found to be feature dependent, and they indicated the need
for standards for textural analysis if PET data was to be used for the purposes of radiomics.
They also addressed limitations of their phantom design as they used uniform objects with
a simple shape and geometry and that they may not represent all typical patient tumours.
In contrast to this phantom design, Beichel modified the NEMA phantom to include both
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spherical and ellipsoid shaped inserts to “provide a more clinical relevant segmentation
challenge than that available with the standard NEMA spheres”(14). Their study focused on
segmentation approaches, and they assessed both commercial and in-house software
programs at two different imaging centres. They found that there was variation in
segmentation volumes between centres due to the use of varying Gaussian smoothing filters
in their imaging protocols. This study demonstrated the need for harmonisation of image
acquisition protocols that are used for quantitative analysis. They also addressed the
limitation of their phantom, namely that the partial volume artefacts created by the small
size of the inserts compared to the voxel sizes may lead to potential segmentation bias.
These partial volume artefacts can produce images where high activity regions spill over
into low activity regions exaggerating the size of the active areas (115,116).

CT Phantoms
Mackin et al. (117) manufactured a Credence cartridge phantom (CCRp) designed for CT
that consisted of ten cartridges mimicking various textures and features that encompass a
range of radiomics features. Four cartridges were filled with 3D printed tessellated
hexagons with varying air hole sizes including 6.0, 1.4, 1.0 and 0.9 mm. For the remainder
of the cartridges, they used a block of wood, two blocks of cork with varying density,
shredded rubber, acrylic and a solid block of 3D printed resin. They found that this phantom
was able to demonstrate the variability of radiomics texture features seen in in-vivo studies
for NSCLC and the results were comparable. In a follow-up study, Fave et al. (118) used the
CCRp to extract 68 imaging features and to validate the reliability of cone beam CT (CBCT)
for radiomic texture feature extraction. The CCRp enabled the researchers to emphasise the
importance of standardisation and consistency in imaging protocols used in CBCT and the
CCRp use should be restricted to tumours with motion of 1 cm or less.
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The CCRp has been used in studies by Shafiq Ul-Hassan (13) and Yasaka et al. (12) to assess
various CT parameters on radiomic data. Shafiq Ul-Hassan used the CCRp to assess the
intrinsic dependencies of CT radiomic features on voxel size and gray level numbers. By
using this phantom, the study was able to highlight which texture features were sensitive to
changes in resampled voxel size and varying gray levels for texture analysis. They further
argue that although a stable texture phantom is not able to assess biological correlation with
texture features, the design is advantageous in assessing interscanner, intrascanner and
multicentre variability in radiomic features. Yasaka et al. used the phantom on four different
CT scanners using filtered (LoG spatial band-pass filter) and unfiltered images to assess the
effects on radiomic features. They showed that standard deviation and entropy were more
robust between different scanners with filtered images and the mean values were more
robust in unfiltered images. The limitation of this study is that they only used first order
statistics to derive textural features from the phantom. First order statistics relies on using
the histogram from a given region of interest and is closely related to brightness and
contrast of the image. There is argument that deriving texture features from neighbouring
gray levels is more robust as it averages the mean pixel gray level value based on its
neighbouring gray level, as seen with the GLCM and GRLM. Needless to say, the concept of a
phantom that can be used in multiple studies to assess the impact on scan variability for
radiomics is advantageous in this scope of work.
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MRI Phantoms
With the increased use of radiomics in MRI for various tumour site groups such as brain
(92,119), prostate (93,120) and gastrointestinal (9,121,122), studies that investigate which
radiomics metrics are useful or sensitive to real physiological changes are required. In order
to investigate the reproducibility and stability of MRI-based radiomics features, a phantom
suitable for radiomics analysis possessing texture and shape features needs to be
developed.
To understand the evolution of radiomics phantoms for MRI, an appraisal of both texture
and shape phantoms created for MRI is warranted. Broad analysis of the literature shows
there has been interest in developing texture and shape phantoms for the process of
assessing segmentation, assessing interscanner and intrascanner variability, as well as
assessing variation of imaging protocols on texture feature analysis.
The earliest study exploring the development of texture phantoms in MRI was by Lerski et
al. (123) in 1998. They explored the use of reticulated foam as a potential phantom material,
creating objects with varying pore sizes to mimic variation in coarseness and appearance.
The reticulated foam objects were set in an agarose gel mixture to provide a positive nuclear
MRI signal, with realistic T1 and T2 relaxation properties of human tissue. Although the
smallest pore sizes were difficult to visualise on MRI, they found that texture analysis was
able to distinguish between the varying porosities of the foam.
They argue that this phantom design is favourable for assessing textural analysis methods
in phantom and in vivo brain images because the different foam porosities can be
distinguished using textural analysis and have textural properties close to that of human
tissue. In a multicentre study by Lerski et al. (124) using the same phantom, they found that
not all acquired images were able to distinguish the various porosities of the reticulated
foam. They ensured that the same sequence and similar parameters were used across
centres, however there were variations in field strength including two 1.0 Tesla and four
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1.5 Tesla scanners assessed in the study. At lower field strengths and subordinate scanner
performance, differences in overall image resolution may make it difficult to distinguish
finer textures corresponding to the smaller pore sizes in the phantom.
Jirak et al. (125) addressed the limitation of the reticulated foam design by designing a
phantom based on polystyrene spheres set in an agar gelatine mixture (PSAG). They used
various sphere sizes, PH1 2.0-3.15 mm, PH2 1.25-2.0 mm and PH3 0.8-1.25 mm to account
for different imaging resolutions to be tested in their experiments. They imaged the PH1
and PH2 phantom using high field MRI including a 4.7 T and 7.0 T scanner and assessed the
long-term stability of the phantom over 12 months. They found that the phantoms
maintained their nuclear magnetic resonance (NMR) properties with no degradation in T1
or T2. They were also able to separate the textures with a 100% success rate due to the high
resolution imaging achievable using high field MRI. They tested this phantom on whole body
systems at five different centres using clinically available sequences with similar in-plane
resolution (1-2 mm) that would be used in-vivo. They found that in contrast to the accuracy
of texture classification on high field systems, the clinical systems did not perform as well
in texture analysis. They conclude that the separation of different structures in any analysis
method will be reliant on the image resolution, and that the resolution should be smaller or
equal to the structure being imaged.
Mayerhoefer et al. (126,127) used the PSAG phantom in two studies looking at the effects of
resolution and acquisition parameters on texture analysis. The design was based primarily
on that described by Lerksi et al., with the T1 and T2 properties of the PSAG phantom similar
to that of biological tissue. In the Mayerhoefer et al. (118) study, they used three methods
(Linear, cubic and zero-fill) of resolution interpolation to increase the spatial resolution of
images acquired with a smaller imaging matrix. The authors explain that although high
spatial resolution has been shown to produce superior texture discrimination, this is not
always achievable in clinical protocols due to time constraints and patient movement. They
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found that interpolation methods can in some instances enhance image texture
classification even if the original image is acquired with a smaller image matrix. However,
interpolation methods can have a negative influence on texture discrimination on other
texture classification methods. Mayerhoefer et al. also looked at the effects of MRI
acquisition parameters and protocol heterogeneity on texture analysis (127), and found
that images acquired with lower resolutions were more robust in pattern discrimination
especially when derived from the GLCM. Images acquired with high spatial resolutions
maintained good discrimination of texture features regardless of change in MRI parameters,
and this was seen using GLCM, wavelet transforms and autoregressive model.
Waugh et al. (128) also found that the GLCM and wavelet transform were more robust in
texture classification. Unlike previous studies where objects were used to visibly identify
various textures in terms of size, this study used more subtle texture variation, by using
different foam densities set in agar solution. The phantoms did not show any visible
difference to the naked eye on acquired images but textural analysis methods, in particular
GLCM and wavelet transforms, were able to classify the different textures even at different
magnetic field strengths. In agreement with previous studies, they also found that spatial
resolution is a crucial factor to consider for robust texture classification.
Another study by Brown and Frayne (129) used a simple grid style phantom made from
sheets of corrugated plastic. The grids were designed to have three different textures,
alternatively filled with mixtures of agar, water and water doped with gadolinium. They
used the phantom to assess two different texture analysis methods based on measurements
acquired from the spatial frequency domain, including Fourier transforms and a more novel
approach to S transforms. The plastic walls produced no measurable MR signal however the
filling material provided enough positive signal in the gaps of plastic to create a phantom
that could produce enough spectrum data to quantify texture. The limitation of this
phantom design, particularly for textural analysis using frequency spectral data, was the
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vast number of air bubbles introduced from the filling process that created susceptibility
artefacts.
There is limited work in the literature exploring phantoms for shape analysis. In 2006, Liney
et al. (82) assessed semi-automated and manual segmentation techniques for shape
analysis of several types of breast lesions. To test the segmentation software, they
constructed four simple phantoms. The phantoms were made from several small waterfilled tubes. The control tube was filled entirely of water and the remaining three tubes were
filled with water as well as varying amounts of sponge padding. They found that the tubes
with most amount of padding were able to mimic in vivo tumour shapes seen in patient
studies. The disadvantage of this design is the reproducibility as well as verifying the
accuracy of the results. Although the phantom was able to reproduce values close to in vivo
shape values, it is difficult to assess the accuracy of the segmentation methods without a
ground truth. More complex methods of creating shape phantoms involve the use of digital
phantoms to attain a ground truth that can be used for validation of results. Digital
phantoms have been used in many studies, to assess reconstruction algorithms (130,131)
and assess validity and reliability of segmentation methods (132,133). Kim et al. and
Elnakib et al. both used simulated or digital phantom techniques to verify shape analysis for
structures in the brain. Kim et al. created 40 artificial phantoms based on the amygdala,
derived from human MRI scans with 20 phantoms including an atrophy lesion and 20
phantoms without an atrophy lesion as the control group. Their segmentation technique
was able to show that the control group volumes were larger than the group with atrophy
lesions which was expected due to the difference in structure. Similarly, to this study
Elnakib et al. used simulation and digital methods to create three synthetic phantoms (133)
of the corpus callosum with a known ground truth or reference phantom for volumetric
comparison of the three phantoms using a 3D learned shape analysis method. They found
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that the volumes of variability between the two phantoms and the reference was within 1%
agreement.

Recent Developments of Radiomics Phantoms for MRI
A recent systematic review by Traverso et al. (3) in 2018 highlighted that there has been
limited investigation in the literature relating to the robustness of MRI radiomics features
using phantom experiments (3). Since that review was published there have been several
studies that have assessed the robustness of MRI radiomics features in phantoms including
the work presented in chapter 6 of this thesis.
Baeßler et al. (134) used a combination of fruit to construct a phantom for radiomics
analysis on a single MRI scanner. The phantom was used to measure the differences in high
and low resolution imaging including T1-w, T2-w and T2-w Fluid Attenuation Inversion
Recovery (FLAIR). Sequence information for both the T1-w and T2-w was not specified.
They found that shape features were the most robust across all feature classes and that
radiomics features showed excellent intraobserver reproducibility with intraclass
correlation coefficients ≥ 0.90 for all features. Similarly to Baeßler et al. (134), Catell et al.
(10) used fruit as a radiomics phantom to test the robustness of radiomic features in MRI
using variation in signal to noise ratio (SNR), segmentation methods, small voxel size
variation and normalisation methods. Overall, first order statistics were the most robust
with post processing changes compared to texture features of GLCM and GLRLM. The
limitations of the work by both Baeßler et al. (134) and Catell et al. (10) include the use of
fruit as a phantom material which has a short shelf life and cannot be imaged over a
prolonged period. This is particularly important for multi-centre trials as well as assessing
the longitudinal stability of imaging features. The use of fruit in these studies may limit the
translation of results in clinical practice. This could be overcome by developing phantoms
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that have a longer shelf life and possess tumour like radiomics features to compare the
variability of each feature to those calculated from a tumour (135).
Bianchini et al. (136) developed the PETER PHAN phantom which is a pelvic phantom
designed for MRI. The phantom was filled with MnCl2 and embedded with cylindrical
inserts mimicking multi-textured lesions. Similarly to Jirak et al. (125), the cylindrical
inserts were filled with polystyrene spheres of varying sizes (1-8 mm) and set in agar.
Saint Martin et al. (137) performed a multi-scanner phantom study to assess the
reproducibility of radiomic features using a dedicated pipeline for breast MRI. They used
two multimodality breast biopsy phantoms that consist of an elastomer membrane which
simulates skin and subcutaneous fat and are then subsequently filled with gel to simulate
breast tissue. The phantoms consisted of five to ten cystic lesions and ten to fifteen dense
lesions. The authors found that radiomic feature reproducibility was improved by using a
combination of bias field correction, histogram harmonisation and harmonising radiomics
features between coils. In relation to the phantom, the authors outline that the main
disadvantage of the phantom is that it is a multimodality phantom and therefore not
dedicated for MR imaging specifically. Moreover, the also outline that the phantom lacked
heterogeneity and fine features that is observed in human tumours.
Jensen et al. (138) performed a multimodality (CT and MRI) radiomic phantom study
looking at the stability of radiomic features across varying region of interest (ROI) sizes.
The phantom used was a simple design consisting of 100 ml of sodium chloride filled inside
a plastic cup. The study only considered a homogenous phantom to measure the stability of
radiomic features with varying ROI size. The phantom was imaged ten times on both CT and
MRI. Three ROI sizes were then segmented in the CT and MRI images with diameters of 4, 8
and 16 mm. They found that first order parameters – mean, median and root mean square
were the most robust to variation in ROI size. None of the radiomic features extracted from
GLCM, GLRLM, GLSZM, and NGTDM on MRI images achieved excellent agreement when
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compared using the concordance correlation coefficient (CCC). The authors outline that the
biggest limitation to the phantom is that it may not be suitable for texture analysis as it has
no internal structure and is completely homogenous. Realistically human imaging is not free
from image noise or inhomogeneities therefore they note that the results from their study
may not be directly translatable to clinical practice.
Xue et al. (139) investigated the impact of image reconstruction algorithms on radiomic
feature repeatability using an anthropomorphic phantom. The CIRS triple modality 3D
abdominal phantom is constructed from ABS with elastomer for the outer fat layer, epoxy
resin for hard tissue and lung and gel for other soft tissue structures such as kidney and
liver. They found that many radiomic features were affected when using different MRI
reconstruction algorithms and that results from their studies can be used for preselection
of reliable radiomics features. However, they do outline that the phantom may be different
from the characteristics of lesions and tissues in vivo tissue.
Yuan et al. (140) also used the CIRS triple modality 3D phantom to investigate the impact of
MR image acquisition parameters on radiomic features on a MR-guided radiation therapy
system. They found that the majority of radiomics features were significantly impacted with
changes in acquisition parameters and that only a fraction of features were robust. Similarly
to Xue et al. (139), they also argue that the study results are restricted by the phantom
nature and that ideally the phantom should be more heterogenous such as what is observed
in in vivo tissue.
Berantz et al. (141) investigated the impact of rescanning and repositioning on radiomics
features using a multi-fruit phantom as proposed by Baeßler et al. (134). This fruit phantom
consisted of four onions, four limes, four kiwifruits and four apples. Interestingly, Berantz
et al. (141) found half as many stable features (8 v 15) compared to the same phantom used
by Baeßler et al. (134). They emphasise that even if the same phantom is utilised, features
that have high stability in one study may not be stable in another study. Therefore, caution
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must be taken when interpreting radiomic research and the generalisability of results.
Dreher et al. (142) also used the same fruit phantom to assess the reproducibility of
radiomic features in a DWI test-retest study. The found high test-retest stability as well as
high inter and intra-observer reliability. Features extracted from ADC maps were slightly
less reliable compared to DWI however overall, the study found variable but mostly high
degree of stability for the radiomic features computed.
Lee et al. (143) developed a radiomics phantom for MRI which was made of an acrylic
housing which held 20 cylinders which were filled with 20 different materials covering a
variety of radiomic feature values. They assessed the impact of varying protocol parameters
such a number of excitations (NEX), slice thickness, phasing steps and FOV for both T1 and
T2 weighted imaging. Overall, the phantom performed well with low coefficient of variation
for 45.5% and 51.4% of features for T1 and T2 weighted imaging, respectively. There was
also excellent repeatability for the test-retest phantom measurement with an average ICC
of 0.963 and 0.959 for T1 and T2 weighted imaging, respectively. In relation to the phantom,
the authors found that the materials were suitable for radiomic analysis, with averages of
92.5% and 79.6% encompassing the range of in vivo radiomic feature values for both T1
and T2 weighted imaging, respectively.
Shur et al. (144) assessed the repeatability of radiomic features using a test-retest study
deign with a water phantom and a leg of lamb. Similarly to Lee et al. (143), the authors also
assessed the impact of variation in SNR by adding Gaussian noise retrospectively and the
impact of matrix size by adjusting image resolution in Matlab using the “imresize” function.
They found that approximately 80% of texture features were stable with CCC > 0.9 on the
original images. They also found that the majority (≈ 90 %) of features demonstrated a
strong or intermediate correlation with resolution and noise.
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The Role of 3D printing in Phantom development
3D printing has been shown in previous studies to be useful in medicine with applications
for diagnosis, treatment planning and intra-operative surgical navigation as well as training
surgeons using realistic 3D printed models (145).
3D printing is comprised of three main stages including:
1. Model design generated using a computer aided design (CAD) program
2. Generation of stereolithography (STL) file from CAD program. STL is the file format
used in most new generation 3D printers.
3. Printing of phantom using suitable materials
Realistic anthropomorphic models or phantoms with diverse radiomic features can be
carefully designed in CAD utilising patient medical images (88-91) as a reference. 3D
printed customised phantoms provide flexibility and the ability to do so in-house and they
have been shown to be relatively low cost compared to the procurement of commercial
phantoms (146,147).
Bieniosek et al. (148) replicated a commercial PET phantom using 3D printing technology
to validate its use in testing of experimental PET-CT and PET-MRI instrumentation. They
found no statistically significant differences in the geometry and size of the phantom
compared to the commercial version and recommended the use of 3D printing for this
purpose as it is cost-effective and easily reproducible across centres at different locations
with access to a printer.
With radiomics it is important to replicate anthropomorphic type models to mimic human
tissue and anatomy. There is minimal work in this space particularly for MRI. Leng et al.
(149) used patient CT scans to model an anthropomorphic phantom of the radius and ulna.
To validate the model, they registered the original CAD file (generated from patient scans)
over the printed model that was imaged using CT. The study results demonstrated good
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agreement between the registrations with a mean distance variation of -0.12 mm  0.17
mm.
Previous attempts to produce anthropomorphic phantoms include a 3D printed MRI
compatible human head phantom described by Menikou et al. (150). They printed a skull
using an acrylonitrile butadiene styrene (ABS) thermoplastic and filled it with doped agar
gel to replicate cerebral brain tissue. The phantom was constructed to test MRI guided
focused ultrasound surgery protocols using materials that possess geometric and acoustic
attenuation coefficients of real biological tissue while maintaining typical T1 and T2
relaxation times. The disadvantage of this design is the lack of positive MRI signal in the
skull material and the need to fill the skull with agar gel that has limited longevity of 8-10
days. The agar gel has the potential to fill in the air cavities and therefore the phantom
cannot adequately replicate the shape of the brain.
Mitsouras et al. (151) described the use of a 3D printable resin that produced a positive MRI
signal. They used this material to replicate a diseased cervical spine for simulating
cryoablation of head, neck and spine tumours and MRI guidance. The resin contains two
types of acrylic monomers and isoborynl acrylate with minor constituents of petroleum
naphtha enabling the material to produce an MRI signal at routine imaging TEs. The ability
to 3D print using materials that are visible on MRI is a promising method to avoid many
issues with conventional MRI phantoms. Yoshimura et al. (152) indicate that a suitable
phantom should have long term physical and chemical stability and be properly sealed to
avoid any water loss that may change the relaxation properties in the phantom.
3D printing using visible solid materials is one method to overcome this problem
particularly if the solid material can mimic human tissue such as soft tissue and bone.
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Reported radiomic tumour values in the literature
Developing a phantom with ‘tumour like’ features for radiomics analysis will allow for
greater transferability of results to clinical trials which is a current limitation of MRI
radiomics phantom reported in the literature (10,134). However, there is limited literature
that reports radiomic feature values and for those studies that do, the values are not always
comparable due to differences in analysis or post processing methods. For example,
radiomics studies assessing breast cancer response using radiomics or texture analysis
methods have shown varied results even for the same imaging techniques. Gibbs and
Turnbull (2003) (153) and Chen et al. (2007) (154) both performed GLCM texture analysis
on DCE MRI using a T1 weighted 3D spoiled gradient echo for texture analysis. The found
differences in mean values of features such as angular second moments and contrast.
However, features such as entropy were comparable across both studies with mean values
of 5.94 ± 0.02 and 5.44 ± 0.03 for Gibbs and Turnbull (2003) and Chen et al. (2007),
respectively. However, Ahmed et al. (2013) (154) and Michoux et al. (2015) (155) both
found higher values for entropy of 7.14 ± 0.19 and 187 (median value reported) in DCE
breast imaging, respectively. Similar differences in texture feature values have been
reported in prostate (156–158), rectal cancer (8) and head and neck (159).
The variations seen between studies even within the same tumour groups demonstrates the
difficulty of mimicking every radiomics feature across all tumour groups.
As such, it would be ideal to develop a phantom that can be used to assess the
reproducibility and repeatability of radiomics features that compass a range of radiomics
values with varying textures and shapes. Ideally the phantom should be reproducible and
easily manufactured to test across different MRI scanners and vendors for quality assurance
of imaging protocols in multicentre trials.
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Development of a 3D printed phantom for MRI-based
radiomic feature analysis
The work presented in this thesis will use 3D printing utilising MRI visible materials to
construct a radiomics phantom that can be reproduced across multi-centres from a single
CAD file. The motivation for this work is to address the current gaps in the literature of
radiomics. Firstly, there is no reproducible physical phantom that can be scanned with MRI
for the purposes of radiomics analysis. This is essential for any quantitative MRI study to
ensure both scanner and imaging protocols are stable and not changing. The phantom must
be able to withstand multiple MRI scans on a single scanner for single site studies or across
multiple scanners for multi centres trials.
Secondly, the phantom should be constructed from a material that will be visible on the
imaging modality of choice. In the case of an MRI phantom, using a 3D printable material
that is visible on MRI will address many of the problems caused by exogenous filling
materials in a phantom, such as evaporation and image artefacts. Not only should the
material be visible on the imaging modality of choice, but it should also have excellent
chemical and temperature stability.
Finally, the phantom should possess subtle details characteristic of tumours such as
different shapes and size, as well as subtle changes in the gray levels that can be detected
using MRI for texture and histogram analysis.
The body of work in this thesis will firstly create 3D printed phantoms using two different
materials to ensure they are visible on MRI, have longitudinal stability and can be imaged
using different pulse sequences with varying imaging parameters. The material that is best
suited for clinical imaging protocol for cancer patients will be used to develop a dedicated
radiomics phantom. The phantom will then be used to assess the stability of radiomics
features across multiple scanners of different vendors and imaging protocols. Finally, the
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same phantom will be used for quality assurance of a clinical trial protocol used for rectal
cancer treatment response to not only assess the stability of the imaging protocol, but to
also assess the features which may have predictive power for tumour response.
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Chapter Summary
The following chapter is part of a larger systematic review paper analysing and comparing
tissue mimicking materials from a range of imaging modalities such as CT, PET, US and MRI.
This chapter will only discuss MRI phantoms as well as multimodality MRI phantoms. The
advantage of using tissue mimicking materials will be discussed as an integral component
of phantom development. An appraisal of the literature to assess the materials that best
mimic tissue type on MRI is required for the development of a suitable phantom for the
purposes of radiomics and quantitative MRI in general.

As of 13 December 2021 this article has 4 citations
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Introduction
Tissue mimicking materials (TMMs) refer to materials that mimic the imaging properties of
in vivo tissues in both human and animal studies. TMMs have widespread application in both
clinical simulations and biomedical research. The inclusion of TMMs in phantom design are
invaluable to simulate common procedures where medical imaging is required such as
image guided therapies (150,151), motion tracking (160,161) as well as quality assurance
(QA)(162–164). The ability to simulate common procedures used for patients with a
phantom that encompasses materials close to that of in vivo tissue, will allow for calibration
and optimisation of imaging procedures prior to patient imaging.
The use of TMMs for MRI specific phantoms must consider the proton density of in vivo
tissue. The human body is abundant with water and fat and these two components are the
main source of signal in MRI. The phantom materials investigated must have a similar
composition to the human body in terms of water and fat content as well as the
magnetisation properties as discussed in Chapter 2, Section 2.3.1. The magnetisation
properties, namely T1, T2 and proton density, of these tissues determine image contrast.
The predominant water signals from tissue being replicated are from free water at body
temperature (e.g., Cerebrospinal fluid (CSF), urine), bound water in soft tissue and bound
water in hard tissue (e.g., cortical bone). Free water has a long T1 and T2 relaxation times,
4000 ms and 2000 ms, respectively with effectively 100% proton density. Bound water has
much shorter relaxation times with a T1 and T2 of ~1000 ms and 82 ms, respectively, with
lower proton density compared to free water (~70-80%).
Hard tissue (cortical bone) has ultrashort relaxation times with T1 and T2 of 150-250 ms
and 0.1 ms, respectively with the lowest proton density of 10-40% (164).
Cortical bone has a rapid signal decay and is not visible on most routine clinical imaging
(165). However, sequences with an ultrashort echo time such as zero TE (ZTE) and
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ultrashort echo time (UTE) sequences are engineered to exploit and detect the signal from
these rapidly decaying tissues (166) which adds complexity to the selection of phantom
materials that mimic this behaviour.
Fat is the second principle signal component of proton MRI and exhibits short T1 and T2
times of 200 and 100 ms, respectively (47). Fat signals are present in a variety of tissues
including adipose tissue and bone marrow.
As discussed in Chapter 2, Section 2.3.1, certain parameters can be adjusted to vary the T1
and T2 weighting of an image to enhance the contrast between water and fat. Water and fat
also exhibit variation in resonant frequencies as well as differences in their relaxation times.
The resonant frequency difference between fat and water is constant at 3.5 ppm or 148
Hz/Tesla. This is critical to consider in the selection of TMMs as some imaging sequences
separate or remove water and fat signal, therefore a phantom that will be used for these
sequences needs to contain chemically distinct materials.
Considering the biological tissues to be replicated, the second component of a phantom that
needs to be considered is the vessel or housing of the TMM. In the case of MRI, the magnetic
susceptibility of all the materials used needs to be considered and quantified to ensure
minimal susceptibility artefacts are present. The American Association of Physicists in
Medicine (AAPM) NMR task group outline recommendations for phantom material
selection for quality assurance phantoms in MRI (167). They recommend that materials
should be selected based on their chemical and thermal stability, absence of chemical shifts
and appropriate T1, T2 and proton density properties for the biological range being
examined. Moreover, they caution against the use of coloured plastics and other container
materials which may possess significantly different magnetic susceptibility from the filler
material.

48

The aim of this chapter is to review the most common TMMs and the latest techniques used
for MRI phantom construction. The review will look at MRI phantoms including
multimodality phantoms used for hybrid imaging and therapeutic techniques in CT and PET.
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Methodology
A systematic review was conducted in PubMed for articles relating to tissue mimicking
materials used in MRI Phantoms. The keywords and combinations for the search are listed
in Table 2 and were used for each literature search engine. The results were divided into
five key areas including (1) phantom materials used in MRI, (2) 3D printing for MRI
phantom development, (3) advances in anthropomorphic multimodality phantoms
including MRI, (4) dedicated radiomics phantoms for MRI and (5) MRI phantoms for MRI
guided radiation therapy (MRgRT). Only literature published between January 2015 and
January 2020 were included in this review, however older articles were included if they
provided significant advancements for recent phantom designs.

Table 2: Search keywords and combinations
Keywords

Keyword Combinations

1. 3D Printing

A. (1 and 8), and (4 or 6)

2. Anthropomorphic

B. (1 and 8), (2), and (4 or 6)

3. Diffusion Weighted Imaging

C.

4. Magnetic resonance imaging

D. (2 and 8) and (4 or 6)

5. MR Guided Radiotherapy

E.

(8 and 3) and (4 or 6)

6. MRI

F.

(8 and 9) and (4 or 6)

7. Multimodality

G. (7 and 8) and (2)

8. Phantom
9. Radiotherapy
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(8 and 5) and (4 or 6)

Results
The search results yielded 683 publications including duplicates. 32 studies were included
for analysis upon reading the titles and removing duplicate publications (Figure 7).

Figure 7: Search flow diagram
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Phantom materials used in MRI
Various materials have been used by each study for phantom development. Common
materials used by each study as the main constituent include hydrophilic gelling agents
(150,160–163,168–173), Oils and fats (174–176), 3D printed resins/plastics and silicon
(151,164,177,178) and polyvinyl alcohol (PVA) and polyvinyl chloride (PVC) (179–181).
Other ingredients include acetone (171), Sodium Chloride (182,183) Gypsum plaster (184),
Radioisotope 18F (Flourine 18) doped with gadolinium (185) and carbomer 980 (186).

MRI relaxation properties of materials
A total of twelve studies performed measurements for the T1 and T2 of the materials used
in phantom construction (150,151,160,163,164,169–171,176–178,181,186) (Table 3).
Table 3 lists the MRI T1 relaxation properties of tissue in descending order (on left) with
relaxation properties of phantom materials used in the 13 studies (on right).

Multimodality phantoms
A total of 9 studies developed phantoms for multimodality purposes where MRI was an
imaging modality used. Nine studies developed CT/MRI phantoms
(161,162,168,170,173,183,187), two developed PET/MRI phantoms (184,185)
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Discussion
QA phantoms are traditionally filled with doped water and are designed for assessment of
image uniformity. They do not always match the MRI relaxation properties of in vivo tissue
or the morphological size and shape, be that human or animal. Some phantoms may
incorporate image quality features such as spatial resolution plates such as that
incorporated in the breast QA phantom by Tuong and Gardiner et al. 2013. Advancements
to this design include utilisation of hydrogels, which are commonly a mixture of water and
hydrophilic gelling agents to mimic soft tissue. The most common gelling agents used are
gelatine, agar and synthetic polymers. Changing the concentration of the gelling agent to
water will also adjust the density allowing for greater control of the rigidity in the phantom
allowing for greater flexibility in morphological shapes.
Table 3 shows the various materials that have been investigated in the literature alongside
their relaxation times. Many gels on their own have similar T2 values to in vivo tissue but
can have different T1 values (188). This is because T1 will increase with increased magnetic
field strength while the T2 relaxation remains constant (47).
The relaxation properties of gels are further modified by making changes in concentration
or adding a paramagnetic agent to ‘dope’ the formula. Often both methods are used to adjust
the physical density or consistency of the phantom as well as the T2 and T1 relaxation times.
To mimic fat, there have been various oils used including vegetable and mineral, as well as
solid animal fat such as lard. Other attempts at replicating the intra-voxel signal
contributions of both fat and water such as that found in bone marrow, include the use of
emulsions such as soya oil and carrageenan (Bernard et al. 2008).
Another important consideration is magnetic susceptibility of both the phantom material
and its container. The larger the differences in magnetic susceptibility, such as that between
air and water (1.3 ppm), the larger the susceptibility artefact (167). Therefore, materials
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must have similar magnetic properties, such as water and Perspex (< 0.044 ppm) to mitigate
these artefacts (189).
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Table 3: MRI Relaxation Properties (Arranged in approximate order of tissue T1 from highest to lowest). Data taken from (a) (Yamashiro et al. 2019), (b) (Niebuhr et
al. 2016), (c) (Yuan et al. 2012), (d) (Surry et al. 2004), (e) (de Merxem et al. 2017), (f) In et al. 2017, (g) (Liney et al. 1999), (h) (Menikou et al. 2015), (j) (Hellerbach
et al. 2013), (k) (Singhrao et al. 2020), (l) (Mitsouras et al. 2016), (m) (Rai et al. 2019), (n) (Rai et al. 2018). For reference material: (i) (Rooney et al. 2007), (ii) (De
Bazelaire et al. 2004), (iii) (Bottomley et al. 1984), (iv) (Price et al. 2008), (v) (Rakow‐Penner et al. 2006), (vi) (Gold et al. 2004), (vii) (Reichert et al. 2005). N/S – Not
Stated. Table reproduced with permission.

Tissue

T1 (ms)

Cerebrospinal Fluid

4070 (i)

Prostate

1317 (ii)

Muscle

1206-797

T2 (ms)

Principle Materials

T1 (ms)

T2 (ms)

Field Strength

Water + acetone(a)

4350

-

1.5

88 (ii)

Agarose 1% + 0.01% Gd (b)

1338

82

1.5

31-47

Gelatine + 10% oil (c)

1084.9

64.9

1.5

10% PVA Cryogel (d)

1034-718

175-108

1.5

Various
Muscle

856 (iii)

27 (iii)

Agarose 3% + 0.02% Gd (b)

960

23

1.5

Liver

812 (iv)

42 (iv)

Carrageenan+agarose+Gd (e)

1252

67

N/S

Liver

812 (iv)

42 (iv)

UV-cured silicon(f)

620-306

110-54

3.0

Breast

794

-

Gelatine (50%) (g)

862

-

1.5

Brain

Agar (h)

852

66

1.5

Various

Carbomer-980 +Mn(j)

729.9

89.6

3.0

Pelvic bone

586 (ii)

49 (ii)

Carrageenan, CaC03+Gd (k)

597

50

3.0

Pelvic bone

549 (ii)

47(ii)

Carrageenan, CaC03+Gd (k)

547

49

1.5

Bone marrow

549 (ii)

47 (ii)

Vaseline + K2HPO4 (b)

119

48

1.5

Adipose

367 (v)

68 (ii)

Carrageenan, glass microspheres (k) 353

71.0

3.0

Adipose

310

47

Gelatine + 85% oil (c)

198

37.3

1.5

Adipose

296 (v)

151 (vi)

Carrageenan, glass microspheres (k) 285

165

1.5

Adipose

260 (iii)

84 (iii)

Olive oil (b)

214

122

1.5

Adipose

223

-

Lard (g)

205

-

1.5

Vertebral body

High temperature resin (l)

193

32

3.0

Various

High temperature resin (m)

152

56

3.0

Photopolymer resin (n)

74

0.4

3.0

Cortical bone

140-260 (vii)

0.4-0.5 (vii)

ms: milliseconds, Gd: Gadolinium
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Limitations of materials
3.5.1.1

Water

There are many challenges with using water as a contrast agent in phantoms. The vibration
of the equipment within the MRI itself and subsequent motion of water can cause artefacts
in images. Also, water as well as many paramagnetic agents will exhibit changes in their
relaxation times with changes in temperature. As both T1 and T2 relaxation time are in
harmony, changes in temperature will subsequently change both properties of the phantom.
Room temperature water can be doped with acetone to increase the T1 relaxation time to
mimic substances such as CSF, which have higher T1 values compared to pure un-doped
water (171) .
Another limitation of water is dielectric artefacts caused by B1 inhomogeneity at higher
magnetic field strengths (3T and above). Water has a shorter wavelength compared to the
system wavelength and as a result, imaging that uses phantoms with large volumes of water
will suffer from signal inhomogeneity. To avoid this, phantoms either need to be filled with
oil-based substances or conductivity of the material must be adjusted. An example of the
latter is seen in a study by Niebuhr et al. (2016) (169). To match electron densities more
accurately they increased the salt content in gelatine. However, they found that this created
unexpected dielectric artefacts. Wood et al. (2016) (182) explored this phenomenon at 7T
and manipulated the conductivity by varying solutions of NaCl (to change conductivity) and
ethanol (to change permittivity) in a head and neck 3D printed phantom.
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3.5.1.2

Gels

Gels often require complex manufacturing methods to prevent air bubbles, such as
degassing and setting the gels at high temperatures. Also, the absence of toxic preservatives
means the shelf life of gels are often short, therefore limiting its long-term use. Synthetic
gels such as polymers have an advantage over standard gels such as agar and gelatine as
they do not need preservatives and have significantly longer shelf life (186).
Another method to improve the long-term stability of gels is to use ultraviolet (UV) light to
reduce the water content of silicone gels. This was performed by In et al. 2017 (178) and
they found that it not only improved the long-term stability of the material but it also
minimised shrinkage.

Latest Developments
Much of the literature reviewed focused on using new materials that improve on current
limitations and create more complex and anthropomorphic phantoms that simulate
anatomy in both structure and motion.
One example of a complex design is a diffusion weighted phantom developed by Mikayama
et al. (2020)(179). Acrylic fine particles acting as water cells were suspended in a detergent
that acted as the extracellular space. The authors found that by varying the particle to
detergent volume ratio, they could control the apparent diffusion coefficient which is a
measure of the magnitude of diffusion (of water molecules) within a tissue.
Attempts have been made to recreate complex motion as well as tissue deformation such as
that of a beating heart, using deformable materials. Tavakoli et al. (2012) (180) created a
cryogel (PVA-C) by putting a PVA solution through successive freeze and thaw cycles to
adjust the elasticity of the solution to mimic cardiac elasticity. As well as creating a heart
phantom that can mimic both normal and scarred myocardium, the phantom also had
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pressure driven balloons inside the left and right chambers that could be dynamically
operated to mimic a beating heart.
The role of 3D printing and its potential for phantom construction was established in
Chapter 2 Section 2.7. As discussed, the role of 3D printing is often limited to the
construction of a container or vessel for filling materials that are visible on MRI (190).
However, the flexibility of 3D printing allows for anthropomorphic shapes to be used. For
example, Niebuhr et al. (2016) (169) printed a pelvic phantom based on the STL files of CT
scans and filled it with dipotassium hydrogen phosphate and vaseline to replicate bone
marrow. The phantom was then enveloped with gypsum to protect the outside as well as
simulate cortical bone. Another example, by Singhrao et al. 2020a (170), constructed a
pelvic phantom using carrageenan with CaCO3 and glass microspheres (170) to mimic bone
electron density for CT.
Recently there has been a lot of development using 4D-MRI as well as MRI guided
radiotherapy, therefore phantoms that are able to simulate physiological motion are now in
demand. de Merxem et al. (2017) (160) developed a motion phantom that was made from
a plastic container and filled with carrageenan based organs such as liver, stomach, and
pancreas. The container was connected to a motor so that it can be driven pneumatically.
The organs that were made from carrageenan were also doped with gadolinium to modify
the T1 and T2 relaxation values of the organs.
Although much of the 3D printing discussed is used to create a housing or container to be
filled with tissue mimicking materials, there has been an interest in using 3D printable
resins that are MRI visible. Mitsouris et al. (2016) (151) used a high temperature resin to
create a cervical spine for surgical planning and training and this material was further
validated by in this thesis, where a range of structured test objects were designed to be used
for a range of applications in MRI (See Chapter 5: Development of multi-purpose 3D printed
phantoms for MRI).
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Another example of the use of the resin will be discussed in Chapter 4: 3D printed phantoms
mimicking cortical bone for the assessment of UTE-MRI (164). Briefly, the photopolymer
resin was used to create an anthropomorphic skull phantom that mimicked the MRI
relaxation properties of cortical bone. However, the material had a significantly lower
electron density compared to bone on CT making it unsuitable as a multimodality phantom.

Multimodality Phantoms
Multimodality phantoms pose a challenge particularly when trying to pair electron dense
materials for CT and PET that also have the required MRI signal properties. However, with
the development of hybrid therapeutic and imaging systems such as an MRI guided linear
accelerator (MR-Linac) and MRI/PET, these phantoms are a necessity.

3.5.3.1

CT/MRI

With the increase of MRgRT there is an increased need for MR-CT modality phantoms. These
phantoms should be designed to be used for end-to-end testing for image registration for
radiotherapy planning or for dosimetry on an MR-Linac. Perrin et al. (2017) (161)
developed an anthropomorphic thorax phantom comprised of pulmonary vessels and
tumour made from silicon. Colvill et al. (2020)(168) further developed this phantom by
including more MRI visible organs such as liver which was constructed from a clay mould
and filled with liquid silicon. Others are investigating the use of 3D printable flexible
materials to further develop multimodality phantoms (183).
Singhrao et al. (2020b) (162) modified their pelvic phantom with glass microspheres and
included an opening for an ionising chamber to use the phantom to plan intensity
modulated radiation treatments acquired on CT, MRI, and MR-Linac. Pappas et al.
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(2019)(173) 3D printed a skull that was filled with a radiosensitive gel dosimeter, to
demonstrate the delivery of radiation on the MR Linac.
Figure 8 is a radiotherapy plan for a brain tumour inside a prototype head and neck
phantom (PureImaging phantoms, UK). The phantom was specifically designed and
commissioned for the Australian MRI Linac2.

Figure 8: (top) CT and MRI (colour) overlay acquired in a prototype phantom made from solid
materials. This version has several anatomical features with equivalent bone electron density and
realistic T2 values in grey and white matter. (bottom) Two tumour targets were also included, the
larger of which is the subject of this simulated radiotherapy plan (right).
Figure reproduced with permission.

The phantom components are constructed from a polyurethane resin (187) for soft tissue
and ceramic-reinforced epoxy for bones. The electron density for cortical bone and soft
tissue were CT equivalent and the T2 grey and white matter values were comparable to in
vivo values in MRI. However, the CSF was far too low (~100 ms) and not comparable to in
vivo values.

2

This figure was received via email (Associate Professor Gary Liney, personal communication, 2 nd
September 2020) confirming the use of the phantom in the commissioning of the Australian MRI Linac.
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3.5.3.2

PET/MRI

With the increased use of clinical PET/MRI systems, phantoms specifically designed to
measure system performance are required. Recent recommendations call for quality
assurance checks for hybrid PET/MRI systems (191) however, these use separate phantoms
for each modality and do not consider tissue equivalence.
Chandramohan et al. (2020)(184) recently developed a complex PET/MRI phantom using a
variety of materials. The bone material was constructed with gypsum that was mixed with
water and doped using three materials: including CT contrast, MRI contrast and copper
sulphate. The materials used to dope the water were selected to increase CT attenuation
and shorten the T1 and T2* relaxation times on MRI. Doping the water used to mix the
gypsum resulted in similar values for the attenuation coefficient to cortical bone and a
reduction of T1 and T2* relaxation times for MRI. It was noticed that copper sulphate
improved the T2* shortening and after a week of drying the T1 and T2* results were
comparable to in vivo values.
O’Doherty et al. (2017) (185) built a myocardial perfusion phantom that accommodated the
simultaneous bolus injection of fluorine-18 and gadolinium allowing for assessment of
perfusion measurements using both MRI and PET.
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Conclusion
This review has summarised the most recent TMMs for MRI and multimodality phantoms.
Common materials for TMMs in MRI include gels, water, plastics, PVC and resins to mimic
soft tissue. Most of these materials can be used in combination with others to adjust the MRI
relaxation properties of the phantom component which makes them flexible when trying to
mimic a specific tissue type. Using contrast agents, namely gadolinium, and other chemicals
such as copper sulphate is also used to adjust the relaxation properties of materials making
them more realistic.
3D printing is being used more frequently in phantom construction as a vessel or container
to be filled with other materials. The materials used for printing have no MRI signal and thus
are equivalent to using any plastic housing. Only a handful of studies have used materials
that provide a positive MRI signal and can mimic soft tissue, and this should be explored
further for MRI phantom development. The following chapter will explore the feasibility of
3D printing with an MRI visible material.
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4
3D printed phantoms mimicking
cortical bone for the assessment of
UTE-MRI
4. Chapter 4: 3D printed phantoms mimicking cortical bone
for the assessment of UTE-MRI
Chapter 4: 3D printed phantoms mimicking cortical bone
for the assessment of UTE-MRI
This chapter has been published:
Rai, R., Manton, D., Jameson, M. G., Josan, S., Barton, M. B., Holloway, L. C., & Liney, G. P. (2018).
3D printed phantoms mimicking cortical bone for the assessment of ultrashort echo time
magnetic resonance imaging. Medical Physics, 45(2), 758–766
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Chapter Summary
The investigation into developing 3D printable phantoms for MRI began with using a
photopolymer resin (‘red resin’) that is only visible using UTE sequences. Previous attempts
at creating MRI phantoms using 3D printed still required the use of exogenous filling
materials to provide a visible NMR signal.
The work presented in this chapter demonstrates the feasibility of 3D printing a phantom
using solid materials that also provide a MRI signal that can be used for segmentation, a key
step in Radiomics analysis. Moreover, this is the first paper in the literature to develop a
phantom using solid material that mimics cortical bone in both its structural and T2* MRI
properties.

As of 13 December 2021 this article has 18 citations
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Purpose: Human cortical bone has a rapid T 2* decay, and it can be visualized using ultrashort echo
time (UTE) techniques in magnetic resonance imaging (MRI). These sequences operate at the limits
of gradient and transmit-receive signal performance. Development of multicompartment anthropomorphic phantoms that can mimic human cortical bone can assist with quality assurance and optimization of UTE sequences.
The aims of this study were to (a) characterize the MRI signal properties of a photopolymer resin that
can be 3D printed, (b) develop multicompartment phantoms based on the resin, and (c) demonstrate
the feasibility of using these phantoms to mimic human anatomy in the assessment of UTE sequences.
Methods: A photopolymer resin (Prismlab China Ltd, Shanghai, China) was imaged on a 3 Tesla
MRI system (Siemens Skyra) to characterize its MRI properties with emphasis on T 2* signal and
longevity. Two anthropomorphic phantoms, using the 3D printed resin to simulate skeletal anatomy,
were developed and imaged using UTE sequences. A skull phantom was developed and used to
assess the feasibility of using the resin to develop a complex model with realistic morphological
human characteristics. A tibia model was also developed to assess the suitability of the resin at mimicking a simple multicompartment anatomical model and imaged using a three-dimensional UTE
sequence (PETRA). Image quality measurements of signal-to-noise ratio (SNR) and contrast factor
were calculated and these were compared to in vivo values.
Results: The T2* and T1 (mean ± standard deviation) of the photopolymer resin was found to be
411 ± 19 µs and 74.39 ± 13.88 ms, respectively, and demonstrated no statistically significant
change during 4 months of monitoring. The resin had a similar T2* decay to human cortical bone;
however, had lower T1 properties. The bone water concentration of the resin was 59% relative to an
external water reference phantom, and this was higher than in vivo values reported for human cortical
bone. The multicompartment anthropomorphic head phantom was successfully produced and able to
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simulate realistic air cavities, bony anatomy, and soft tissue. Image quality assessment in the tibia
phantom using the PETRA sequence showed the suitability of the resin to mimic human anatomy
with high SNR and contrast making it suitable for tissue segmentation.
Conclusions: A solid resin material, which can be 3D printed, has been found to have similar magnetic resonance signal properties to human cortical bone. Phantoms replicating skeletal anatomy were
successfully produced using this resin and demonstrated their use for image quality and segmentation
assessment of ultrashort echo time sequences. © 2017 American Association of Physicists in Medicine [https://doi.org/10.1002/mp.12727]
Key words: 3D printing, anthropomorphic phantoms, magnetic resonance imaging, T2* decay, ultrashort TE
1. INTRODUCTION

of head, neck, and spine tumors under MRI guidance. The
resin contains two types of acrylic monomers and isoborynl
acrylate with minor constituents of petroleum naphtha which
enables the material to produce an MRI signal at routine
imaging TEs. The T2 relaxation time of the resin was much
longer (~32 ms) than typical human cortical bone, therefore
limits its applicability in testing sequences which are useful
for cortical bone such as UTE.
To our knowledge, there have been no MRI phantoms that
are able to replicate cortical bone. This study uses a photopolymer resin that can be 3D printed and, similarly to cortical bone, is only visible using ultrashort echo time sequences.
The study aims to (a) characterize the MRI signal
characteristics of the resin, (b) develop multicompartment
phantoms using the resin as a surrogate for cortical bone, and
(c) demonstrate the feasibility of using these phantoms to
mimic human anatomy in the assessment of UTE sequences.

Magnetic resonance imaging (MRI) of human cortical bone
may reduce the need for some patients to have both MRI and
computed tomography (CT) scans and is being used as basis
for methods of electron density correction in MRI-only radiotherapy planning and positron emission tomography-MRI.1
Imaging of human cortical bone using MRI is challenging as
the T*2 of human cortical bone is so short (0.42–0.5 ms)2 that
the transverse magnetization component of the MRI signal is
dephased too soon for it to be measured by conventional echo
times, requiring sequences with an echo time (TE) in the order
of microseconds. Ultrashort echo time (UTE) sequences
address this problem and are being utilized in MRI for
quantification of human cortical bone.3,4
To achieve imaging with ultrashort echo times, a number
of changes to how data are acquired need to be made. Twodimensional (2D) UTE techniques achieve the shortest possible TE by using a half radiofrequency (half-RF) pulse and a
center out radial trajectory for k-space sampling. Data from
two half-RF slice select pulses are combined for each radial
spoke, which increases the scan time. In the current implementation, the minimum TE achievable depends on the slice
thickness due to the slice rewinder gradient with a shorter TE
achieved with thicker slices.5,6 An alternative to radial sampling in UTE sequences is pointwise encoding time reduction
with radial acquisition (PETRA),7 which uses Cartesian single-point sampling in the central k-space and radial sampling
in outer k-space. However, the limitation of the PETRA
sequence is less flexibility with contrast manipulation.8
To ensure the quality control and evaluation of these
sequences, a phantom that can simulate realistic T2* decay
properties of human cortical bone, permitting segmentation
of various signal components needs to be developed. MRI test
objects for the assessment of image quality and scanner
performance consist of water-based materials, however, are
less useful in evaluating skeletal morphology.
Previous anthropomorphic phantoms, such as that
described by Menikou et al.9 concentrate on mimicking soft
tissue compartments only with no concern in trying to replicate cortical bone.
Mitsouras et al.10 first described the use of a 3D printable
solid material that produced a positive MRI signal. They used
this in the construction of an implant to replicate a diseased
cervical spine that could be used for simulating cryoblation

2. MATERIALS AND METHODS
2.A. Measurement of MRI relaxation properties and
spin density
All imaging was performed on a 3 Tesla (3T) radiotherapy
dedicated MRI system (MAGNETOM Skyra, Siemens
Healthcare, Erlangen, Germany).
To find a suitable material that can be 3D printed for a UTE
phantom, various rubbers and plastics were investigated, and
we found only one material that produced a measurable signal
at ultrashort TE. The material is a photopolymer resin11
(Product Code: RP-405-CA01, Prism- lab China Ltd,
Shanghai, China) composed of 25%–30% acrylate oligomer,
15%–25% trimethylolpropane triacrylate, 5%–10% calcium
carbonate and two (nondisclosed) photo initiators. In order to
demonstrate its suitability as a material to simulate cortical
bone, a phantom was developed containing a sample of the
resin and other materials that had previously been shown to
have a positive MRI signal at short to very short TEs,
including Blu tack (Bostik, Kings Park, Australia), bolus
(Superflab, NL-TEC, Willetton, Western Australia) and
copper sulfate-doped water (see Fig. 1).
T2*and T1 characteristics were measured using a two-dimensional (2D) radial UTE prototype sequence (Siemens Healthcare, Erlangen, Germany) with a 20-channel receive only head
and neck coil together with an integrated body coil to provide
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FIG. 1. (a) Photograph of doped bottle of water with Blu tack, resin, and bolus (b) UTE at TE = 0.1 ms with visibility of all materials, (c) at TE = 1.6 ms both
Blu tack and the resin have absent signal (d) at TE = 20 ms only doped water produced signal. [Color figure can be viewed at wileyonlinelibrarycom]

techniques,12 S0 is the mean signal intensity, and 𝛼 is the
sequence flip angle.
Spin density or bone water concentration (BWC) of the
resin was also estimated by the ratio of the mean signal intensity of resin to an external water reference phantom,13,14 consisting of a 6 mM solution of copper sulfate. The same 2D
UTE prototype sequence was used for the spin density assessment; however, the TR was extended to remove relaxation
effects from either resin (T1) or water (T 115 and T2*). To minimize the influence of coil sensitivity effects in the measurements, we used the integrated body coil to both transmit and
receive; although, this reduces SNR compared to using the
head and neck coil, the increased uniformity removes any
inherent signal difference from the receiver coil.

uniform signal transmission. The 2D UTE sequence was
acquired with a TE/TR of 0.1 ms/200 ms, 1 mm2 in-plane resolution, 656 radial views, 15° flip angle, and 445 Hz/Px receiver bandwidth. Repeat scans with the phantom in the same coil
position (n = 9) were performed over a 4-month period to
monitor the longevity of T2* and T1 signal over time.
Mean signal intensity of the materials was measured on
the Siemens MRI workstation using a single region of interest
(ROI) for bolus, resin, Blu tack and water. The T2*and T1 of
the materials were calculated with a monoexponential model
using an in-house code in MATLAB® (R2017a, MathWorks,
Inc., Natick, MA, USA). The code is based on least-squares
simplex minimization, with standard errors estimated using
the Levenberg-Marquardt curvature matrix. To calculate T2*
a series of TEs (TE = 0.1, 0.2, 0.3, 0.5, 0.7, 1, 1.3, 1.6, 2,
2.5, 3, 3.5, 4, 5, 7, 10, 15, and 20 ms) and mean signal values
were fitted to the equation:

2.A.1. Statistical analysis
Correlation between resin signal properties and time was
examined in Microsoft Excel (v15.37, 2017) by means of Pearson linear regression. To account for multiple statistical tests,
a Bonferroni correction was applied to adjust the statistical
significance value used, giving a t value of 0.025 (i.e., 0.05/2).

𝑆(𝑇𝐸) = 𝑆𝑜 . 𝑒 −𝑇𝐸/𝑇2 ∗ + 𝐵

The T1 of the materials was measured at a series of recovery times (TR = 3.7, 5, 10, 20, 80, 200, and 300 ms) and mean
signal values were fitted with the equation:
1−𝑒

𝑆(𝑇𝑅) = 𝑆𝑜 . sin(𝛼).

−

𝑇𝑅
𝑇1

1 − cos(𝑎) . 𝑒

𝑇𝑅
−𝑇

+𝐵

2.B. Phantom development

1

In order to showcase the suitability of the solid resin material as the basis for anthropomorphic MRI phantoms, two different designs were constructed: a head and a tibia phantom.

where B, in both equations, is a constant term to model the
nonzero background characteristic of radial k-space sampling
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printing. In order to create a multicompartment phantom
with varying signal to replicate different tissues, the printed
tibia was filled with vegetable oil to simulate bone marrow in
the bone shaft and was set in a gelatine mixture to simulate
soft tissue.
The tibia phantom was imaged using a T 1-w 3D PETRA
sequence with a TE/TR of 0.07 ms/6 ms, in-plane resolution
of 1 x 1 mm2, 1 mm slice thickness and 440 Hz/Pixel
bandwidth. Image quality assessments comparing phantom
and in vivo PETRA scans included signal-to-noise ratio
(SNR) and contrast factor (CF). The SNR and CF of the resin
relative to oil and gelatine filling materials in the phan- tom
were compared to imaging characteristics in the healthy
volunteer using the same PETRA sequence. SNR was calculated as the ratio of the mean signal intensity of the entire area
of resin to the standard deviation of the background noise.
Contrast factor was calculated as the ratio between the
difference and sum of resin and filling materials (oil and
gelatine).
To demonstrate the feasibility of the phantom for use in
tissue segmentation and verify the STL volume of the tibia
model, automatic image segmentation of the cortical bone and
phantom components was applied. This was performed
using an in-house MATLAB® code based on a histogram
threshold method17 with a range of fixed bins or compartments (n = 2, 3, & 4). For n = 2 bins, a ROI encompassing only
resin and gelatine compartment was included. For n = 3,
the ROI included resin, oil, and gelatine; and for n = 4,
air was also included in the segmentation ROI. A line profile
was taken at a central slice of the PETRA scan and performed
in Image J (Version 1.51d, 2016). The gray level values of the
various tissue compartments were used to create a histogram
from a ROI that included resin, oil, gelatine, and air to
demonstrate the varying signal intensities in the phantom.

2.B.1. Head phantom
The head phantom was used to demonstrate the feasibility of a creating a morphologically complicated structure with
realistic air, bone, and tissue cavities. A 3D model of
a
human skull was created from a high resolution CT provided
by Prismlab (Prismlab China Ltd, Shanghai, China). The
model was manufactured using the photopolymer resin on a
Prismlab RP400 (Prismlab China Ltd, Shanghai, China)
printer. This printer is capable of variable resolution in each
axis, but for the models manufactured in this study, a layer
thickness resolution of 100 µm was used in each direction.
To create a phantom that simulates various soft tissue
compartments with distinctive contrast and MRI signal characteristics, the skull and orbital cavities were filled with MRI
visible solutions. To simulate brain tissue, a balloon was
placed inside the skull cavity and filled with water doped
with 0.2% v/v gadolinium-DTPA
(Gadoversetamide,
Mallinckrodt Inc., Lane Cove West, NSW, Australia). To
replicate eyes, smaller balloons of 15 ml of undoped water
were fitted in the orbital cavity.
The head phantom was imaged using an isotropic
(0.8 mm3) 3D T 2 -w SPACE (Sampling Perfection
Application
optimized Contrasts using different flip angle
with
Evolution) and an isotropic (0.9 mm3) 3D T1-weighted (T1w) PETRA. These sequences were reformatted to replicate
clinical radiographic imaging planes for visualization of brain
anatomy to assess the suitability of constructing an anthropomorphic phantom with varying tissue classes (air, tissue, and
bone).
2.B.2. Tibia phantom
The tibia phantom was constructed as a three compartment model of an adult tibia and used to quantify and compare in vivo signal properties at ultrashort echo times as well
as demonstrate the usefulness of the phantom to investigate
tissue segmentation. To create the stereolithography (STL)
file of an adult tibia, MR imaging of a tibia was performed in
a healthy volunteer using a flexible 18-channel receive only
surface coil wrapped around the volunteer’s lower leg. A
sagittal 3D proton density-weighted (PD-W) SPACE sequence
was performed with a TE/TR of 37 ms/1200 ms, receiver
bandwidth 500 Hz/Pixel, and an acquired isotropic resolution
1 mm3. 3D imaging was preferred over 2D to create the STL
model, as 3D printing benefits greatly from isotropic voxels,
higher signal-to-noise ratio (SNR) and suffers fewer slice
misregistration errors compared to 2D acquisition.16 The
images were transferred offline to imaging soft- ware (MiM
Maestro, Cleveland, OH, USA) and the bone of the tibia was
contoured to create a volume. The volumetric contour was
then converted to a STL file in the imaging software and
edited in Materialize Magics Version 19 (Materialize Medical,
Crows Nest, Australia) to check for bad edges, noise shell and
inverted normal and structural mesh was added in weak areas
of the model for support during

3. RESULTS
3.A. MRI signal properties
Figure 1 demonstrates the various materials investigated
against the doped water at selected TEs. The resin and Blu
tack demonstrated an absence of signal above a TE of
1.6 ms, bolus demonstrated an absence of signal above a TE
of 20 ms and doped water still produced signal at 20 ms. There
were obvious susceptibility artifacts at higher TEs [Fig. 1(d)]
due to airgaps between the doped water and the material;
however, this did not encroach into the region of interest used
to calculate the mean signal intensity of the materials.
Figure 2 illustrates the T1 recovery and T2* decay curves of
the materials. During 4 months of monitoring (n = 9), mean
T2* (mean T2* ± standard deviation (SD)) of resin and Blu
tack was 411 µs (0.411 ms ± 0.02 ms) and 154 µs
(0.154 ms ± 0.04 ms), respectively, measured with echoes
0.1–1.6 ms. After a TE of 1.6 ms, Blu tack and resin no
longer produced any measurable signal. The mean T2* of
68
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FIG. 2. (a) Illustrates the signal intensities (points) with a model T*2 fit for each material (solid lines). Only 0.1–5 ms TE are shown for clarity. The nonzero background signal has been plotted (as a dotted line) as the baseline zero signal. (b) shows the T1 characteristics of the three materials.

the bolus was 3.7 ms ± 0.2 ms measured with echoes
0.1–20 ms. Mean T1 (mean T 1 ± SD) of resin, Blu tack
and bolus was 74.4 ± 13.9 ms, 97.2 ± 25.4 ms, and
123.3 ms ± 11.6 ms, respectively. Although Blu Tack
produced the shortest T2*, it is not suitable for phantom
construction as it cannot be 3D printed. In addition, it has
substantially shorter T2* compared to that of cortical
bone.
T2*and T1 remained stable over the time period of measurement, demonstrating no statistically significant trend over
time with P values of 0.35 (R2 = 0.25) and 0.78 (R2 = 0.18),
respectively.
The spin density of the resin was found to be approximately 59% relative to the external reference phantom.

3.B. Head phantom
Figure 3 illustrates multiplanar reformats (MPRs) of the
skull model in the coronal, sagittal, and transverse planes
using 3D PETRA [Fig. 3(a)–3(c)] and T2-w SPACE [Fig.
3(d)–3(f)]. The cerebral tissue doped with gadolinium- DTPA
was 970 ml with a mean signal intensity value (mean ± SD)
of 516 ± 133. The eyes filled with undoped water had a mean
signal intensity of 1232 ± 32.
The balloon filled with doped water occupied the entire
skull cavity adequately mimicking brain tissue. As the water
is contained within a balloon, this has allowed for
preservation of the mastoid air cells and sinus cavities,

FIG. 3. 3D PETRA MPRs in the (a) coronal (b) sagittal, and (c) transverse planes demonstrates the balloon-filled cavity mimicking brain inside the skull cavity
with preservation of air spaces. (d), (e), and (f) demonstrate the corresponding slice positions on T2-w MPRs with distinct contrast variation between orbits and
brain tissue and no signal from cortical bone of the skull due to longer TE for the acquisition.
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thereby providing a realistic anatomical model. There is
also distinct signal variation of the doped and undoped water
for the eyes and brain, best appreciated on the T2-w SPACE.
The phantom successfully replicated three tissue classes
including air in the sinuses and mastoid air cells, tissue in the
brain and eyes and surrogate cortical bone, all distinguishable
on UTE sequences (Fig. 3).
Figure 4 illustrates the phantom as a series of volumes
including surrogate bone, eyes, and brain. To create the 3D
volumes, the T2-w SPACE and 3D PETRA scans of the skull
were rigidly registered using Image J and various 3D projections of the registered images were generated.
Figure 4(a) demonstrates the 3D printed skull with realistic anatomical features including the bones of the brain vault,
facial bones and their foramina, as well as transparency of
resin that corresponds to the frontal and maxillary sinuses.
Volume rendering of the skull based on the PETRA scan [Fig.
4(b)] demonstrates the maintained bony details in the

763

skull vault, facial bones and foramina. Figure 4(c) is a surface
rendered reconstruction showing position of eyes and brain in
the skull. The variation in color between the brain and eyes
corresponds to the variation in signal intensities on T 2-w
imaging. Figure 4(d) shows the phantom in cross-section with
only half the skull projected to visualize the brain compartment, where the balloon mimics brain tissue and fills the
entire skull cavity. The cross-section of the skull also illustrates empty cavities corresponding to air in the sinuses frontal and maxillary sinuses.
3.C. Tibia phantom
Figure 5(a) illustrates the manual contours created in MiM
Maestro of the tibia of the volunteer image. These contours
were converted to an STL file as shown in Fig. 5(b) and
printed using resin illustrated in Fig. 5(c).
The ground-truth volume of the in vivo tibia volume on
MiM Maestro was 69.7 ml. For n = 2 bins (nominally

FIG. 4. (a) 3D printed skull in photopolymer resin (b) volume-rendered image of skull with realistic bony details (c) surface rendering showing skull, brain, and
eyes with variation in signal corresponding to variation in colors. (d) cross-section of complete skull phantom demonstrates air cavities, balloon mimicking brain
tissue, and eyes in the orbital cavity. [Color figure can be viewed at wileyonlinelibrarycom]
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FIG. 6. Histogram from a line profile with the corresponding slice position
used for 3D PETRA. The histogram shows four distinct variation and peaks
of signal.

with similar MRI characteristics as cortical bone and visible
only with UTE sequences. UTE sequences are increasingly
being utilized for qualitative and quantitative analysis of cortical bone;4 however, they can be technically challenging in
that they are gradient-intensive and can often be limited by the
scanner capability. Therefore, the ability to test sequences
using a phantom with materials that demonstrate a rapid T2*
decay is advantageous for QA and optimization of sequences
prior to in vivo investigations.
The photopolymer resin described in this work can be used
to print both simple and complex anthropomorphic models
based on in vivo imaging using either MRI or CT volumetric
datasets.
The primary imaging characteristic of the resin was found
to have an extremely short T2* value which is equal to 411 µ s
and therefore consistent with human cortical bone. Furthermore, this signal property, did not change over the time period studied, meaning it may be used for long-term phantom
construction. Two other properties were measured and found
to differ slightly from cortical bone; The T 1 value of the resin
was 72 ms and lower than that previously found in human
cortical bone, although this varies with age from 140 - 260
ms.2
Our study found the resin to have a BWC of 59% relative
to external water reference, in contrast to previous studies
describing a wide range of BWC from 10% to 41%,3,4,18–20
which was found to depend on bone porosity, age, and gender.
The observed relaxation times of the resin may be attributed to a number of factors that commonly affect the MRI
characteristics of solid materials including the distribution of
pores/surfaces, the presence of paramagnetic ions, and water

FIG. 5. (a) Manual contour of cortical bone in MiM Maestro (b) STL model
(c) 3D printed cortical bone model in resin. [Color figure can be viewed at
wileyonlinelibrarycom]

resin and nonresin), cortical bone volume was 68.5 ml
(-1.7%). For n = 3 (resin, oil and gelatine) and n = 4
(resin, oil, gelatine, and air), cortical bone volume was
63.8 ml (-8.5%) and 71.8 ml (3%), respectively. Using the
Otsu method,17 four tissue classes were successfully segmented with clear visual contrast between the various signal
compartments. The histogram from a line profile taken from
the 3D PETRA (Fig. 6) showed well-defined distribution of
signal variation using 256 bins, including fat (vegetable oil),
surrogate cortical bone, soft
tissue
(gelatine), and
background air.
The SNR of resin was 153 compared to 28 for cortical bone
in vivo. The CF of resin to oil was 0.35 compared to 0.36 for
cortical bone and marrow. The CF of resin to gelatine was
0.20 compared to 0.30 for cortical bone and muscle.

4. DISCUSSION
We have demonstrated a suitable solid plastic material that
can be 3D printed based on human skeletal morphometry,
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content.21 The resin is composed of 5%–10% calcium carbonate which is the likely cause of the ultrashort T2* value due
to internal susceptibility. Although not investigated in this
study, changes to the resin composition could be made that
influence spin mobility and increase T1 while leaving T2*
unaltered.
The resin is a stable material to print realistic and complex
skeletal model such as that used in the head phantom. This
phantom consists of realistic air cavities and soft tissue structures, made from water-filled balloons, demonstrating accurate representation of the morphology of a human head based
on an in vivo high resolution CT.
The tibia phantom is a simple anatomical model that can
replicate similar in vivo SNR and contrast between bone and
fat. The contrast in the ‘soft tissue’ compartments differed to
in vivo values; however, in future phan- toms, the relaxation
properties could be easily adjusted by varying gelatine
concentration or by doping the solution with a contrast agent.
We were able to show how such a phantom could be used to
segment various signal compartments including cortical bone.
Although a full appraisal of segmentation methods for various
UTE sequences was not the purpose of the work, an example
was used to show the potential role of such phantoms for
testing tissue segmentation methods for purposes such as
synthetic CT generation or MRI-based attenuation correction
for hybrid systems.22,23
The longevity of the resin signal together with its ability to
be 3D printed makes it an attractive proposition for
reproducible anatomical models that can be printed from a
single STL file and replicated across multiple centers which
may facilitate greater standardization of imaging protocols
particularly for quantitative imaging studies. Although 3D
printing has the potential to be used for multi center phantom
development, factors such as printing temperature and
humidity during printing and the source and age of resin stock
could potentially lead to variations in resultant phantoms and
could be subject of further investigations.

expertise in NMR of solid materials and Mr. Yaser Gholami
from the University of Sydney for the preparation of the water
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Chapter Summary
The second milestone in developing a detected Radiomics phantom for MRI was the use of
a high temperature resin (‘white resin’) to 3D print various MRI test objects for image
quality assessment, geometric distortion quantification, motion assessment and texture
analysis. The ‘red resin’ from chapter 3 provided a phantom that could be imaged using UTE
sequences but was not visible using all standard of care sequences such as spin echo (SE)
and turbo spin echo (TSE).
The work presented in this chapter demonstrates the flexibility of the white resin for MRI
phantom development. It is also the first study to create 3D printable morphological test
object that has complex texture and shape features that can be used for texture analysis.

As of 13 December 2021 this article has 7 citations
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Abstract
This work describes the development and application of 3D printed MRI phantoms. Unlike
traditional phantoms these test objects are made from solid materials which can be imaged directly
without filling. The models were manufactured using both MRI visible and invisible materials. The
MRI visible materials were imaged on a 3T system to quantify their T1 and T2 properties and CT to
quantify the electron density. Three phantoms are described: a distortion phantom was imaged on
an open bore MRI system to assess distortion over a 30 cm field-of-view; a solid tumour model was
imaged using a motion simulator and compared to a standard water phantom to assess reduction
in artefacts; finally, a test object created for textural analysis was evaluated on two 3T systems and
reproducibility was assessed. Material 1 was the main material used in all phantom models and has
a T1 and T2 of 152.3 ± 3.7 ms and 56.7 ± 2.5 ms and a CT density of 127.9 HU. Material 2 had a CT
density of 115.1 HU and material 3 had a T1 and T2 of 149.5 ± 2.9 ms and 68.8 ± 7.8 ms and CT
density of 15.3 HU. Image tests demonstrated the suitability and advantage of each phantom over
more traditional versions: a high density set of control points enabled a comprehensive measurement
of geometric accuracy; sufficient signal with a reduction in artefact was observed in the motion
phantom, and the texture model provided reproducible measurements with an ICC > 0.9 for over
76% of texture features. Three different phantoms have been successfully manufactured and used to
demonstrate the application of 3D printable materials for MRI phantoms.

1. Introduction
Commercial and bespoke phantoms developed for magnetic resonance imaging (MRI) are essential to monitor
and quantify various aspects of the system such as geometrical distortion (Köhler et al 2015, Walker et al 2015),
intra-scanner variability for quantitative imaging (QIBA 2011, Newitt et al 2017, van Houdt et al 2018, Bane et al
2018), general quality assurance of image quality and scanner performance (Chen et al 2004) as well as to validate
the accuracy of more complex imaging techniques such as 4D-MRI with the use of motion simulators (Deng et al
2016). These phantoms are typically constructed with a plastic housing (no visible MRI signal) and filled with
materials that provide a positive MRI signal such as water, oil, or gelatine. Disadvantages of typical phantoms
include both chemical (shelf-life, evaporation) and temperature stability and use of multiple materials needs
careful consideration of their magnetic susceptibility (Price et al 1990).
Several phantoms have been described in the literature for purposes such as geometrical distortion, but these
have limited spatial resolution owing to the difficulty in producing visible contrast between adjacent control
points. Such phantoms often require filling with visible MRI materials to produce an observable signal, with
the control points providing a signal void to quantify geometric distortion in MRI systems. Moreover, filling the
© 2019 Institute of Physics and Engineering in Medicine
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phantom has been shown to increase the weight of the phantom by over threefold such as that developed by CIRS
(CIRS, Virginia, USA), which can make it difficult to manoeuvre and position for distortion assessment.
Phantoms used to simulate image texture and shape have been previously described by using containers filled
with polystyrene spheres and reticulated foam as the textural components and set in gelatine (Lerski and Schad
1998, Jirák et al 2004, Liney et al 2006, Mayerhoefer et al 2009). Although these designs provide qualities for texture and shape analysis the main disadvantage is that the models cannot be replicated due to the random arrangement of features, limiting their long-term or multi-centre use.
3D printing refers to the production of 3D models that can be can be generated in various ways including
computer aided design (CAD) programs or generated from anatomical segmentations in image processing software. The models are converted into stereolithography (STL) or additive manufacturing file (AMF) format and
can be sent directly to the printer for manufacturing.
In recent years there has been a growing interest in using 3D printing technology for medical device development and more specifically developing MRI compatible components albeit from a safety perspective (Herrmann
et al 2014). A recent literature review by Filippou and Tsoumpas (2018) discussed 50 recent studies that used 3D
printing for phantom design of which 10 were designed for MRI. Some of these phantoms included multimodality imaging phantoms for PET/CT and PET/MRI (Bieniosek et al 2015), anthropomorphic phantoms (Gallas
et al 2015, Menikou et al 2015, Zhang et al 2018) or quantitative MRI phantoms for validation of imaging techniques in a preclinical setting (Cox et al 2018). All these phantoms exploit the benefits of 3D printing in terms of
flexibility and cost effectiveness but all still required filling with exogenous material for MR visibility.
Although 3D printing technology is rapidly evolving there has been very little exploration into the direct use
of MRI visible materials that do not require filling to provide a detectable MRI signal. Rai et al (2018) investigated
the use of a photopolymer resin that was visible on ultrashort echo time imaging to produce anthropomorphic
phantoms with T2∗ characteristics similar to that of human cortical bone. Mitsouras et al (2017) described a
high temperature material that is visible at more conventional echo times and used it to produce a cervical spine
implant that was used to assist MRI-guided cryoablation. With the cost and flexibility advantages of 3D printing,
the added benefit of printing with MRI visible materials may potentially transform MRI phantom construction
in the future.
The aim of this paper is to present various MRI phantom prototypes that can be 3D printed using a combination of visible and invisible materials. None of the phantoms in this study required exogenous filling to provide
the MRI signal and relied solely on the solid materials. Three test objects are presented which utilise the materials
described in a specific manner for three applications: geometric distortion phantom, a moving target (tumour),
and a morphological phantom.

2. Materials and methods
2.1. Software tools for phantom design
All models investigated in this study were designed and/or edited using AutoCAD (AutoDesk Inc., Version
N.52.0.0, 2017), a commercial computer-aided design program. This software was chosen due to its ease of use
and flexibility for modelling both simple and complex phantoms. The software also has streamlined conversion
of 3D models to STL format which was used to print the models in this study.
The 3D texture and shape model was generated using a spherical harmonics algorithm in MATLAB and
edited in AutoCAD (see section 2.6 for further details).
2.2. 3D printing
The models developed in this study were printed on a Stratasys Connex 260 Polyjet printer utilising three
different materials shown in table 1, all of which are manufactured by Stratasys (Minnesota, USA). Material 1
is high temperature white resin (Product Code: RGD-525), material 2 is Objet VeroWhitePlus (Product Code:
RGD-325) and material 3 is Objet Support (Product Code: SUP-705).
These three materials were chosen as they can all be printed using the same printer in a single model. In each
case the main constituent components in order of highest concentration are given, however the full detail of
material composition can be found in the safety data sheets (Stratasys 2014a, 2014b, 2016). The models were
printed with 100% infill settings with a print resolution of 25 µm. The models were cleaned to remove the support material from the printing process without the use of cleaning agents or water.
2.3. Characterisation of material properties
Although the 3D printer used in this study can support resolution of 20 µm, we sought to fully characterise the
performance and suitability of material 1 at lower resolution in light of the significant difference previously
shown between MRI and known volumes (Mitsouras et al 2017).
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Table 1. List of 3D printable materials including support materials used in this study.
Material

Product identifier

Constituent property

T1 (ms)

T2 (ms)

Use

1

RGD-525 high temperature
white resin(Stratasys 2016)

Urethane acrylate oligomer
(20%–30%)

152.3 ± 3.7

56.7 ± 2.5

Signal generation over
larger volumes or smaller
resolution

2

RGD-835 objet verowhite
plus (Stratasys 2014b)

Acrylic monomer (<30%)

N/A

N/A

Secondary support material
where no measurable signal
on MRI is required

3

SUP-705 objet support
(Stratasys 2014a)

Poly(oxy-1,2-ethanediyl),
α-(1-oxo-2-propenyl)-ωhydroxy-(<50%)

149.5 ± 2.9

68.8 ± 7.8

Signal with high spatial
detail

To achieve this, a model with varying resolution bars including 4, 3, 2, 1 and 0.5 mm width was printed
(figure 1). In addition, a hemi-sphere was manufactured with a diameter of 29.49 × 29.49 × 14.91 mm height
and 6.75 cm3 volume (figure 1). Both models were designed in AutoCAD and printed with material
1. Additionally, the sphere was imaged in water to investigate any discrepancies in the interface which would
not be visible in air.
Both models were imaged using MRI (MAGNETOM Skyra, Siemens Healthcare, Erlangen, Germany) and
computed tomography (CT) (Big Bore CT, Philips Healthcare, The Netherlands), utilising a high resolution T1weighted (T1-w) MPRAGE (Magnetisation Prepared RApid Gradient Echo) with 0.5 mm3 voxels on MRI and
a high-resolution CT with 0.7 mm3 voxels. The MR images were qualitatively evaluated to assess the minimum
resolution visible using the material with comparison to CT. Furthermore, an additional sample was imaged
using a T1-w FLASH (Fast Low Angle Shot) sequence with half the sample submerged in water and the remainder in air, using two in-plane resolutions, 0.5 mm and 1 mm to investigate the internal structure of material 1.
To normalise effects of signal-to-noise ratio and chemical shift so that only the geometrical changes could be
observed, the 0.5 mm and 1 mm resolution scans were acquired with 32 and 11 averages and 400 and 795 Hz/Px
receiver bandwidth, respectively. Both scans were acquired with a TE/TR of 3.7 and 10 ms and 5 mm slice thickness. In addition, the sample was also scanned with a multiple gradient echo (GRE) sequence with a range of
TEs (3.6–33.56 ms), 500 ms TR, 400 Hz/Px receiver bandwidth, 1 average and a 5 mm slice thickness, to assess
dephasing at the material boundary.
To compare the accuracy of CT and MR imaging of the hemi-sphere with the ground truth STL file, the
sphere was segmented and rendered as a model in 3D Slicer (Slicer 4.7.0 http://nihroadmap.nih.gov/bioinformatics) and exported as a STL file. The models were then imported into open source software (CloudCompare
2.10.alpha, www.danielgm.net/cc/) and registered to the ground truth file. The root-mean-square error (RMS)
was calculated for the registrations to assess agreement between the reconstructed models.
To monitor the T1 and T2 characteristics of all the materials used in this study, MRI relaxometry was performed on the 3T system using a receive only 20-channel head & neck coil.
To measure T1 relaxation a spin echo (SE) sequence was performed with constant TE of 8.9 ms, a range of
TR from 50–1500 ms (intermediate TR include 100, 200, 500, 700 and 1000 ms), 90°/180° flip angle, 407 Hz/Px
receiver bandwidth, 0.9 mm in-plane resolution and 5 mm slice thickness.
T2 relaxation was measured using a multi-echo SE sequence and performed with repetition time (TR) of
3000 ms, 26 echoes (TE) ranging from 8.9 to 231.4 ms (ΔTE 8.9 ms), 90°/180° flip angle, 407 Hz/Px receiver
bandwidth, 0.9 mm in-plane resolution and 5 mm slice thickness.
The mean signal intensity of the materials was calculated on the Siemens workstation with a consistent region
of interest (ROI) for both T1 and T2 scans. The T1 and T2 of material 1 and 3 were fitted to a mono-exponential
model using an in-house code in MATLAB® (R2017a, MathWorks, Inc., Natick, MA, USA). To calculate T1 the
mean signal intensity for the 7 TRs were fitted with the equation:
S (TR)= So · [1 − e

)
(− TR
T1

].

To calculate T2 the mean signal intensity for the 26 echo times were fitted to the equation:
S (TE)= So · e−TE/T2 .
To measure the Hounsfield units (HU) the materials were imaged on a Brilliance Big Bore CT Scanner (Philips
N.V., The Netherlands) with 120 kVp, 2 mm slice thickness with 2 mm increments and a 512 × 512 matrix. The
images were imported into a radiotherapy planning system (Pinnacle 3 Treatment Planning, Philips N.V. The
Netherlands) where an ROI was drawn over the materials and the mean HU was calculated.
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Figure 1. (a) Photograph of the 3D printed resolution module and hemisphere (b) computer rendering of these phantoms with
dimensions shown.

2.4. Magnetic susceptibility and chemical shift characterisation
Although the models are designed to be imaged without the need for filling, characterisation of magnetic
susceptibility and chemical shift of material 1 was performed in order to evaluate its suitability for use with other
commonly used materials.
For chemical shift characterisation, two 1H spectroscopy acquisitions were performed on a large sample of
material 1 using a point resolved spectroscopy (PRESS) sequence with TE/TR = 30/1500 ms, 3 × 3 × 3 cm3
voxel volume, 128 signal averages and a bandwidth of 1200 Hz. The first was acquired with the material immersed
in water and a voxel positioned to include both material 1 and water with the latter providing a signal reference.
In the second case, material 1 was removed from the water and the voxel positioned within the material only. The
spectra were reconstructed using vendor supplied software.
For susceptibility measurements, two additional materials of known value (Wapler et al 2014) were also used
for comparison; polymethylmethacrylate (PMMA) and polyoxymethylene (POM). Each material was separately
placed in the centre of a large container with a 5.5 l capacity which was filled with distilled water ensuring that the
materials were completely submerged in water. A gradient field mapping sequence was acquired: with TEs of 10
and 12.46 ms (ΔTE 2.46 ms), TR 1000 ms, 1.2 mm in-plane resolution, 128 × 128 matrix. Imaging was acquired
after a period of 10 min to ensure that the water had settled with the phantom in the bore of the MRI.
Phase difference maps (in radians) were produced as part of the acquisition from which a small ROI was
taken close to the material and the maximum value converted to frequency and subsequently expressed in ppm.
2.5. Distortion phantom
The distortion phantom was designed to assess geometric accuracy on a 1 Tesla (1T) open bore MRI system used
as part of an MRI-Linac prototype. This system has a uniformity and gradient linearity specification in order of
magnitude worse than closed bore systems requiring a detailed characterisation over a small volume of interest
(Liney et al 2018).
Earlier investigations (described in section 2.3), which suggested a lower size limit to the visibility of material
1, led us to produce a test piece which was subsequently upscaled to the final phantom discussed here. This phantom was designed to consist of 2 mm × 2 mm × 2 mm meshes, with total size of 102 mm × 102 mm × 102 mm.
The meshes are printed from material 1, and the interstitial space from material 3 (table 1). There are 25 × 25
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points per plane, resulting in 625 points per image. Crosshairs were included on two adjacent faces of the phantom to aid alignment (figure 2). Additional features included an internal cross shape feature to identify the geometric isocentre on the image and a small notch in one corner of the cube to uniquely identify orientation.
The phantom was imaged on the open bore 1T MRI system using a 6-channel receive-only birdcage coil using
a T1-w turbo spin echo (TSE) with TE/TR of 13/500 ms, 5 mm slice thickness, eight averages, in-plane resolution
of 1 mm and 256 × 256 matrix.
It was imaged at three positions including one at the isocentre, one offset by 10 cm in the x-axis and offset
10 cm in the z-axis. The images were taken offline and rigidly registered in image processing software (MiM
Maestro, Cleveland, OH, USA) to qualitatively assess geometric distortion in the two axes.
2.6. Morphology phantom
To generate a model with a more complex shape and texture, a 3D volume was calculated in MATLAB® using
spherical harmonics:
𝑌ℓ𝑚(𝜃, 𝜙) = √

2ℓ + 1 (ℓ − 𝑚)! 𝑚
𝑃 (𝑐𝑜𝑠𝜃)𝑒 𝑖𝑚𝜙
4𝜋 (ℓ + 𝑚)! 𝑙

where ℓ is the degree and 𝑚 is the order, and certain combinations result in a function that can be applied to
deform a sphere to produce a texture feature. The degree and order of the model were set to 5 and 3 respectively.
The spherical harmonic function was applied to distort a sphere with radius of 15 mm using an amplitude of
distortion of 14 mm. The model generated was then converted to 3D meshes, smoothed, checked for surface
discontinuity and repaired if needed in AutoCAD. The mesh was then converted into a solid object and sliced in
half to create a flat edge in order to image on a flat base plate on MRI (figure 3). The object was then converted
into STL format for printing using material 1.
This algorithm was used to alter the spiculatedness of a known size (30 mm) in a controlled fashion to change
both the shape and texture, the latter of which would exploit variation in grey level due to partial volume effects.
To assess the suitability of the model and technique as a potential texture phantom, it was imaged on two 3T MRI
Systems (Both systems are MAGNETOM Skyra, Siemens Healthcare, Erlangen, Germany) using an identical
imaging protocol, to assess the level of reproducibility of the phantom for textural analysis. A line profile of 4 mm
was taken vertically through the phantom and performed in Image J (version 1.51d, 2016) to demonstrate the
range of grey level values within the solid model.
Textural analysis was performed in 3D Slicer using the HeterogeneityCAD extension module. A single slice
was segmented through a region of the model in order to create varying signal intensities due to partial volume effects. Textural features including first order statistics from the histogram, grey level co-occurrence matrix
(GLCM) and grey level run length matrix (GLRLM) was computed. To assess the precision and reliability of the
features between the two systems a two-way mixed model interclass correlation coefficient (ICC) was analysed in
SPSS (IBM SPSS Statistics, version 23, NY,USA) for each feature with an ICC of <0.5 indicating poor reliability,
0.5–0.75 indicating moderate reliability, 0.75–0.9 indicating good reliability and >0.9 indicating excellent reliability (Koo and Li 2016).
2.7. Moving tumours
A 3D printed phantom using material 1 and 2 was developed to investigate whether artefacts generated by the
filling materials of the commercial phantom can bereduced to measure motion.In common with most phantoms
that require filling, it was difficult to completely remove air bubbles from the commercial phantom, providing
the motivation to replace it and compare the results with a solid material. The model was designed to fit an MRI
Compatible motion simulator (QUASAR™ MRI-Compatible Respiratory Motion Phantom, Modus Medical
Devices Inc., London, Canada). The target was a 30 mm spherical insert printed in material 1 and attached to a
rod that was printed using material 2 which is invisible on MRI (figure 4).
The phantom was imaged with and without motion using a 3D phase resolved T1-w (4D-MRI) proto- type
sequence (Siemens Healthcare, Erlangen, Germany) and a 2D T2-weighted (T2-w) TrueFISP. The 4D-MRI was
acquired with a 3 mm slice thickness, TE/TR of 1.9/4.3 ms, 9° flip angle, 350 mm field of view (FOV) and
1.2 mm in-plane resolution. The TrueFISP scan was acquired with a 4 mm slice thickness, TE/TR of 1.4/407 ms,
43° flip angle, 300 mm FOV and 1.4 mm in-plane resolution. The breathing simulator was set to an amplitude
of 10 mm and breathing rate per minute of 10 breaths. The images were taken offline and the maximum inspiration and end expiration on both images were segmented using a maximum pixel intensity threshold method.
The Euclidean distance between the volume centroids were calculated and compared to the ground truth. The
images were also visually compared to assess presence of image artefacts by an MRI Physicist (GPL) and MRI
radiographer (RR).
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Figure 2. (a) 3D printed model of distortion cube (b) 3D rendering of distortion cube in AutoCAD (c) enlarged section of cube
where the empty grids are filled with support material to provide high signal on MRI.

3. Results
3.1. MRI signal properties and CT density
The mean T1 and T2 (mean ± standard deviation) of material 1 was 152.3 ± 3.7 and 56.7 ± 2.5 ms, respectively.
The mean T1 and T2 for material 3 was 149.5 ± 2.9 and 68.8 ± 7.8 ms,respectively.Similarly,to Mitsouras et al,the
T2 for material 1 when fitted with a mono-exponential model yields a higher T2 due to its long component. The
CT density of material 1, 2 and 3 was 127.9, 115.1 and 15.3 HU, respectively.
3.2. Chemical shift and susceptibility
Figure 5 shows the second 1H spectrum obtained from material 1 only.A total of three resonances wereobserved with
the right most peak assignment based on the residual water reference from the first water suppressed acquisition.
The susceptibility difference of material 1 to water was −0.07 ppm. Using the same method, values for PMMA
and POM were −0.02 and 0.18 ppm, respectively and similar to those in Wapler et al (2014).
3.3. Verification of material and printing resolution
Upon imaging, the 4 and 3 mm resolution provided sufficient MRI signal for visualisation (figure 6). However, at
smaller resolution of 2 and 1 mm, the signal from material 1 could not be identified above noise.
The volume of the sphere reconstructed from the MRI was smaller compared to CT and the ground truth
STL. The reconstructed sphere on MRI was 5.16 cm3 compared to 6.62 cm3 on CT and the ground truth STL of
6.75 cm3. The signed distance (i.e. difference) between the CT to ground truth STL had an RMS of 0.20 and mean
distance agreement of 0.15 ± 0.24 mm. The MRI to ground truth STL had an RMS of 0.84 and mean distance
agreement of 0.83 ± 0.20 mm. We segmented the model including the signal void border and the volume was
6.60 cm3 which is comparable to the CT volume.
Figure 7 illustrates that at higher resolution imaging, the signal in material 1 is not completely homogenous.
There is also an obvious thin border around the sample that can only be appreciated when the sample is submerged in water (figures 7(a) and (c)), and is the likely cause of the discrepancy in volume differences between
the MRI and ground truth STL. This border appearance of the material interface remained unchanged with no
obvious dephasing observed in the multiple GRE sequence.
3.4. Distortion phantom
The distortion phantom provided ample signal from material 3 (support material) only to permit rigid
registration for assessment of geometric distortion across the x and z axis of the magnetic field. Due to the
thickness of the walls printed in material 1 (2 mm) this did not contribute to any of the signal intensity seen.
Figure 8 shows the results of rigid registration of the cube images at isocentre to the offset scans in both the
z and x axis. The advantage of the high density of control points means it is quite evident where the distortion
begins to have a significant impact on this system. At 10 cm from the isocentre, the geometric distortion exceeds
2 mm along the x-axis. However, corresponding images acquired in the z-direction show that a FOV of 30 cm
does not demonstrate any significant distortion effects.
3.5. Texture
Figure 9 shows the single slice used for textural analysis in this model. As the shape is not spherical, the partial
volume effect has created varying grey levels (figure 9) in the solid model that can be used for textural analysis.
There is variation in feature sizes from 1.5 mm to 4.2 mm, however features will vary depending on the slice
location and amount of deformation in the spherical harmonics algorithm.
6
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Figure 3. (a) 3D rendered model in AutoCAD and (b) photograph of 3D printed model of morphology phantom.

Figure 4. (Left) 30 mm spherical insert printed using material 1 to simulate a moving tumour target and an attachment rod printed
from invisible material 3. (Right) Original water-filled version supplied with QUASAR motion phantom (small air bubble can be
seen).

For first order statistics there was an ICC of >0.9 for 75%, 0.75–0.9 for 6%, 0.5–0.75 for 6% and <0.5 for 13%
for all features computed. For GLCM there was an ICC >0.9 for 84% and 0.5–0.75 for 11% of features. Finally, for
GLRLM, there was an ICC >0.9 for 64% and <0.5% for 36% of features. Overall, the majority of features were
consistent across the two scanners using identical imaging protocols, demonstrating the suitability of such a 3D
printed model for reproducible texture measurements.
3.6. Moving tumour models
The target (tumour) was well visualised on both 4D-MRI and T2-w TrueFISP sequences using material 1.
Figure 10(a) shows an air bubble on the 4D-MRI sequence that is impacting the geometry of the water sphere,
which is not seen in the 3D printed model as it is completely solid (figure 10(b)). On the TrueFISP scans there is
evident susceptibility induced artefacts due to the air bubble in the water sphere (figure 10(c)). Although there is
evident banding artefact on the TrueFISP scan with material 1 (figure 10(d)), it does not distort the geometry of
the sphere in comparison to the water filled model.
On the 4D-MRI the Euclidean distance between maximum inspiration and end expiration was 1.68 cm and
1.78 cm for the water and resin phantom, respectively. The distance between maximum inspiration and expiration using the T2-w TrueFISP scans was 1.97 and 1.93 cm for the water and resin spheres, respectively.
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Figure 5. Absorption spectrum acquired in material 1 showing major resonances at 3.5 ppm and 1.0 ppm with a smaller resonance
at 4.7 ppm.

Figure 6. (Left) CT of the resolution bars compared to MRI, (right) the 2 and 1 mm bars are invisible on MRI.

4. Discussion
3D printed models using both MRI visible and invisible materials to produce multi-purpose test objects have
been described. Mitsouras et al (2017) found that material 1, the high temperature white resin along with the
support materials were both visible on MRI. In the current study material 1 had a reasonable T1 and T2 when
fitted using a mono-exponential model, of ~152 ms and ~57 ms, which is comparable to what was previously
reported byMitsouras et al (2017). A bi-exponential model was also investigated in this study however the T2
exhibited a large error which is likely due to the range of TEs possible with the sequence used.
There appears to be a very thin low signal intensity edge on the periphery of all samples which only becomes
apparent when they are immersed in water (figure 7). When imaged in isointense medium (e.g. air) it is not visible leading to small discrepancies between MRI and CT derived volumes that were noted both here and previously (Mitsouras et al 2017). The exact nature of this thin edge is not immediately obvious, as material 1 has
a similar susceptibility to water and its appearance did not degrade with increasing GRE times. It is present in
spin-echo imaging with bandwidths sufficient to accommodate the spectrum in material 1, ruling out dephasing
caused by chemical shift. Furthermore, the internal grid pattern observed in figure 7 was only seen at resolutions
of 0.5 mm and smaller. When thin samples of material 1 were examined under a microscope, a similar pattern
was visible internally. We postulate that both these characteristics arise from physical finishes in the printing process rather than image artefacts.
Three different phantoms have been successfully constructed and imaged to demonstrate the application in
specific use cases. The distortion cube manufactured in this study has many advantages compared to previously
described phantoms in the literature. The minimum diameter of each grid point in the described phantom is
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Figure 7. T1-w FLASH acquired with material 1 sample, half immersed in water (a) and (c) with the remainder in air (b) and (d).
(a) and (b) Shows imaging acquired with 0.5 mm resolution with evident cross hatching on the inside of the sample and a thin
border around the sample. The cross hatching is not evident at lower resolution of 1 mm in both (c) and (d), however, the thin
border is still evident in the water image.

Figure 8. (Left) Distortion cube at isocentre, (middle) cube images 10 cm offset in z-axis in orange registered to the isocentre scan,
(right) cube imaged 10 cm offset in x-axis in orange registered to the isocentre scan.

Figure 9. (Left) single slice used for textural analysis. Due to partial volume effects features of varying size are created- two regions
of 1.5 and 4.2 mm are indicated. (Right) Line profile taken vertically across the image shows the variation of grey levels.

2 mm which is finer compared to previously used distortion phantoms which can range from 6 mm with in-house
phantoms (Price et al 2017) to 12 mm in commercial phantoms such as the FLUKE Uniformity/Linearity Phantom) (Walker et al 2014). 3D printing has been explored as an option to design distortion phantoms using a grid
design (Jafar et al 2017). Although this potentially provides an inexpensive and flexible method to manufacturing
9
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Figure 10. (a) and (c) Show the water sphere in the 4D-MRI and real-time T2-w TrueFISP scans respectively. (b) and (d) Show the
solid resin in the same two sequences. The use of a solid material significantly reduces artefacts in both cases.

the phantom it does not address the disadvantage of having to fill the phantom to create contrast between the intersecting grid points and background. The most significant advantage of the distortion phantom design explored in
this work is the high spatial resolution of the feature points which are significantly greater compared to anything
previously described. Moreover, the ability to 3D print a phantom that contains both visible feature points housed
in an invisible material eliminates the need for filling thereby potentially minimising artefacts associated with this
method. We used this phantom to characterise distortions that occur on an open MRI that require detailed analysis over small volumes- and demonstrated their asymmetry. The phantom could easily be printed at varying resolutions and/or larger dimensions to make it suitable for any MRI system. Potentially the mesh of the cube could be
made from an invisible material as the control points are determined from the signal from material 3. We chose to
deliberately use material 1 however so the whole volume contained detectable signal which we believe enabled the
pre-scan adjustments to be performed with only this phantom present in the RF coil.
The morphology model used in this work showed how partial voluming effects and complex shapes can be
exploited to produce varying grey levels within a completely solid model for reproducible texture measurements.
The measurements were reproducible across two MRI systems using identical protocols further demonstrating
the stability of the phantom for quantification of texture measurements. Previous attempts at constructing texture
and shape phantoms involved the use of foam (Lerski and Schad 1998, Waugh et al 2011) or polystyrene spheres
(Jirák et al 2004) for texture and sponge (Liney et al 2006) for shape. In all studies the materials listed were used as
the texture and shape feature and set in gel or water to produce an observable MRI signal. All studies used varying
sized texture or shape features to mimic heterogeneous tissue or varied spiculated margins in the case of shape. In
the case of texture, many phantoms have a range of features or pore sizes ranging from 0.8 to 1.25 mm (Jirák et al
2004) or 1.69 to 3.70 mm (Lerski and Schad 1998). Although these phantoms were shown to produce heterogeneous signal required for textural analysis, the main limitation is reproducibility and longevity of such a phantom.
The advantage of the phantom described in this study is the algorithm used where the shape can be controlled
by varying the distortion (adjusting the degree of spiculated margin) whilst introducing varying grey levels that
can be used for textural analysis. The morphological phantom in this work had a range of features that can be
used for textural analysis ranging from 1.5 mm to 4.2 mm, which is comparable to sizes used previously in the
literature. Moreover, the ability to 3D print such models for texture and shape analysis poses many advantages for
quantitative MRI multi-centre trials where these imaging metrics are measured such as in the field of radiomics.
In the future, we intend to investigate the use of varying the proportions of the described materials to produce
further refinements in grey scale texture.
Finally, a solid moving tumour surrogate has advantages over traditional models where the target (e.g.
tumour) are filled with high signal liquids. By instead using a solid signal material, artefacts from air bubbles may
be remedied, leading to reduced distortion in real-time scans. Moreover, another added advantage is the ability
to print the model with two materials including both visible and invisible resins for specific purposes such as that
used in the motion simulator experiments. Future work will look at printing anthropomorphic phantoms using
materials with a larger difference in NMR properties such as the Photopolymer resin described by Rai et al (2018)
and filled with the materials used in this work, to create a phantom that has various signal compartments similar
to human cortical bone, marrow and muscle.
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There is great potential in using MRI visible materials that can be 3D printed in MRI phantom technology.
The phantom prototypes described in this work address the disadvantages of traditional MRI phantom construction such as susceptibility artefacts and increased weight of the phantom due to filling, reproducibility of
phantoms for quantitative image analysis such as shape and texture as well as flexibility in phantom design by
using commercially available software for test objects. Material 1 has negligible susceptibility and is similar to
commonly used materials for MRI phantom construction. Moreover, spectroscopy showed the presence of three
resonances, with a major resonance at 3.5 ppm and a smaller contribution at 1.0 ppm; with reference to previous
work (Mitsouras et al 2017) and NMR spectra acquired in similar materials (Pardini and Amalvy 2008), these can
be attributed to methyl protons bonded to oxygen and carbon respectively.
The results of this study have demonstrated the potential of using solid materials to create versatile MRI
phantoms without the need for filling. In combination with 3D printing, MRI phantom design can be developed
using commercial software which allows greater flexibility in designs for specific needs. The electron density of
the materials could also be exploited for combined MRI-CT modality testing e.g. in radiotherapy planning quality assurance.

5. Conclusion
We have demonstrated several MRI test objects that can be 3D printed using a combination of both visible and
non-visible materials. The materials used to print the models provide sufficient signal and contrast permitting
the advantages of 3D printing to be exploited directly for MRI phantoms.
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Chapter Summary
This chapter builds on the development of 3D printing MRI phantom by using the ‘white
resin’ to develop a set of test objects that will now be referred to herein as a radiomics
phantom. The phantom comprises of various shapes and textures with a variety of gray
levels that can be used for radiomics texture analysis, and a variety of controlled shapes for
shape analysis.
The research contributed to the scientific field of radiomics by:
1. Developing the first radiomics phantom for MRI
2. Quantifying the variability of radiomics features on a single scanner
using one phantom
3. Quantifying the variability of radiomics features on a single scanner
using two identical phantoms
4. Quantifying the variability of radiomics features across multiple
scanners
________________________________________________________________________________________________________

Supplementary Material
•

The imaging protocol used in this study can be found in Appendix 1

•

All radiomics features analysed in this study can be found in Appendix 2

•

A complete list of interscanner intraclass correlation coefficient (ICC) and intrascanner coefficient
of variation (COV) computed in this study can be found in Appendix 3
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Introduction: This work describes the development of a novel radiomics phantom designed for
magnetic resonance imaging (MRI) that can be used in a multicenter setting. The purpose of this
study is to assess the stability and reproducibility of MRI-based radiomic features using this phantom
across different MRI scanners.
Methods & materials: A set of phantoms were three-dimensional (3D) printed using MRI visible
materials. One set of phantoms were imaged on seven MRI scanners and one was imaged on one MRI
scanner. Radiomics analysis of the phantoms, which included first-order features, shape and texture
features was performed. Intraclass correlation coefficient (ICC) was used to assess the stability of
radiomic features across eight scanners and the reproducibility of two printed models on one scanner.
Coefficient of variation (COV) was used to assess the reproducibility of radiomics measurements in
the phantom on a single scanner.
Results: The phantom models provide sufficient signal-to-noise and contrast in all the tumor models
permitting robust automatic segmentation. During a 12-month period of monitoring, the phantom
material was stable with T1 and T2 of 150.7 ± 6.7 ms and 56.1 ± 3.9 ms, respectively. Of all the
radiomic features computed, 34 of 69 had COV < 10%. Features from first-order statistics were the
most robust in stability across the eight scanners with eight of 12 (67%) having high stability. About
29 of 50 (58%) texture features had high stability and no shape features had high stability features
across the eight scanners.
Conclusion: A novel MRI radiomics phantom has been developed to assess the reproducibility and
stability of MRI-based radiomic features across multiple institutions. The variation in radiomic feature stability demonstrates the need for caution when interpreting these features for clinical studies.
© 2020 American Association of Physicists in Medicine [https://doi.org/10.1002/mp.14173]
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1. INTRODUCTION

datasets for radiomic feature extraction can pose a greater
challenge compared to CT and PET due to the variations
resulting from differences in imaging equipment, differences
in absolute signal intensities15 from diverse tissues and the
variation in signal-to-noise ratio across multiple sequences.16
A recent systematic review by Traverso et al (2018) outlined the limited investigation in the literature relating to the
robustness of MRI radiomic features in phantom studies.17
With the increased use of radiomics in various tumor site
groups such as brain,18,19 prostate,20,21 and gastrointestinal,22–24
studies that investigate which radiomics metrics are useful or
sensitive to real physiological changes are required.
In order to investigate the reproducibility and stability of
MRI-based radiomic features, a phantom suitable for radiomics analysis possessing statistical, texture and shape features
needs to be developed. As defined by Traverso et al (2018),
repeatability or stability refers to radiomic features that
remain stable and unchanged upon imaging several times and
reproducibility refers to features that remain unchanged
despite changes in image acquisition settings (e.g., changes in
sequence parameters), operators and equipment (e.g., magnetic field strength).17
We propose the development of a radiomics phantom for
MRI using 3D printing to address these disadvantages. Threedimensional printing is very flexible and phantoms can be
carefully designed in computer-aided design programs (CAD)
to have a diversity of radiomic features. Moreover, medical
images can be used to create more realistic anthropomorphic
models25–27 or phantoms encompassing various texture and
shape features.28 Furthermore, the ability to 3D print a customized phantom in-house is relatively low cost compared to
commercial phantoms.29,30 The phantom is printed using a
stable MRI visible resin and does not require an exogenous
filling materials to create texture and shape features. 28 The
resin has been shown to have similar susceptibility to water at
3 Tesla,28 can be automatically segmented,26 and different
shapes and textures can be created by varying gray levels in
MRI.28 Moreover, medical images can be used to create more
realistic anthropomorphic models25–27 or phantoms encompassing various texture and shape features.28 Furthermore, the
ability to 3D print a customized phantom in-house is relatively low cost compared to commercial phantoms.29,30
The aim of this study was to assess the reproducibility and
repeatability of MRI-based radiomic features using a novel
3D-printed phantom that can be imaged across multiple scanners and institutions using a controlled imaging protocol.

Radiomics is increasingly being utilized as a tool to extract
large amounts of quantitative information from both diagnostic and radiotherapy planning images.1 The ability to extract
radiomics data from routine clinical imaging can facilitate the
noninvasive characterization of tumor phenotypes. Radiomics data can be used to assess tumor radiosensitivity in the
field of radiation oncology,2 treatment monitoring, outcome
prediction, or as potential biomarkers.3 Lambin et al1 outline
that the standard of care imaging datasets contain complementary and interchangeable information compared to other
sources such as genomics and pathology, and that by utilizing
all sources clinicians can take a more personalized and individualized approach to treatments and monitoring.
The data used in radiomics are copious; and usually
includes measurements from the tumor intensity histogram,
shape and texture-based features. Common measurements
computed from the histogram include mean, median, range,
skewness, and kurtosis, which provide statistical information
on the distribution and the amount of pixels that have the same
intensity throughout an image.4 Segmented volumes can be
reconstructed into a three-dimensional surface render- ing to
compute descriptors of geometric properties of the tumor
(e.g., compactness and sphericity) which can assist in
differentiating between benign and malignant lesions.5
Image texture refers to the appearance of spatial images,
and textural analysis can provide quantitative information to
the heterogeneity and distribution of individual pixels. There
are many different texture classes that can describe image texture including those extracted from the gray-level co-occurrence matrix (GLCM),6 gray-level run length matrix
(GLRLM),7–11 gray-level size zone matrix (GLSZM),7–11 and
the neighborhood gray-tone difference matrix (NGTDM).12
Radiomic studies require a large amount of imaging datasets in the order of thousands, so they can be used for both
training and validation of radiomic models. Therefore, many
radiomic studies require the utilization of imaging sets across
multiple institutions in order to have enough data for this task.
Consequently, there may be variations in both the qual- ity of
the imaging data which can potentially impact the radiomics
data being extracted.
Magnetic resonance imaging (MRI) is an attractive imaging modality for radiomics due to its superior soft tissue contrast as well as its functional imaging capabilities compared to
other modalities such as computed tomography (CT) and positron emission tomography (PET). However, MR image quality
is highly dependent on image acquisition parameters used as
well as magnetic field strength and radiofrequency coil selection. Previous MRI studies have shown measurements that
have been proposed for longitudinal patient studies are prone
to dependence on imaging and system differences rendering
them less likely to be sensitive to real changes.13,14 Using MRI

2. MATERIALS AND METHODS
2.A. Radiomics phantom development
A phantom was designed in AutoCAD® (AutoDesk®,
2017 for Mac) to encompass variations in both shape and
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texture in a systematic fashion by incorporating a number of
individual test objects of varying complexity. The basic object
of the phantom was a uniform 30-mm diameter sphere of the
solid resin material.
Three additional spheres were produced with increasing
number of differently sized pores ranging from none (completely homogenous) to 1, 2, and 3 mm features (Fig. 1).
These pores were filled with a second support material that
resulted in discrete signal patterns of increasing entropy. M1
is completely homogenous with no cylinders inside. M2
includes texture features of 2 mm cylinders (n = 16) and
3 mm (n = 7) alternating spheres in the center of the model.
M3 includes texture features of 1 mm cylinders (n = 41) and
2 mm (n = 6) alternating spheres in the center of the model.
M4 includes texture features of 1 mm cylinders (n = 16), 2
mm cylinder (n = 3), one 6 mm spherical center, and one 3
mm sphere.
To generate a second set of test objects of varying gray
scale and spiculations (Fig. 1), 3D volumes were calculated
in MATLAB® (R2017a, MathWorks, Inc., Natick, MA,
USA) using the following spherical harmonics:
𝑌ℓ𝑚(𝜃, 𝜙) = √

external land marking enabled reproducible positioning for
every scan (Fig. 2).

2.B MR imaging
2.B.1. Scanners
The images attained for this study were acquired across
multiple tertiary teaching facilities in Australia using the
identical phantom, including Liverpool Hospital (Sydney,
Australia), The Calvary Mater Hospital (Newcastle, Australia), and Prince of Wales Hospital (Sydney, Australia).
Imaging was also acquired in two private centers in Australia
including Auburn and Norwest Medical imaging (Sydney,
Australia). The second phantom set used in this study was
imaged at the Odense University Hospital (Odense, Denmark). Table I lists all the MRI systems used in this study.
2.B.2. Imaging protocol
All scans used in this imaging study were acquired using a
turbo spin echo/fast spin echo (TSE/FSE). Acceleration methods for imaging were controlled for by adjusting echo train
length (ETL) and parallel imaging on all scanners in an incremental fashion and kept consistent across all scanners.
Although surface coils were used for the majority of imaging
to improve signal-to-noise ratio (SNR), the variability in
receiver coil channels across vendors directly impacts the
measured SNR. Therefore, imaging was also acquired using
the integrated body coil for both transmission and receiving
of signal on all systems for comparison. A detailed list of
imaging parameters is outlined in Supplementary Material 1.
The phantom was then aligned using the internal bore
lasers to ensure the phantom was consistently in the center of
the scanner.

2ℓ + 1 (ℓ − 𝑚)! 𝑚
𝑃 (𝑐𝑜𝑠𝜃)𝑒 𝑖𝑚𝜙
4𝜋 (ℓ + 𝑚)! 𝑙

where ℓ is the degree and 𝑚 is the order of the distortion. The
degree, order, and radius of the models were set to 5, 3, and
15 mm, respectively. The amplitude of distortion was varied
using 0 (S1), 2 (S2), 4 (S3), 6 (S4), 8 (S5), 10 (S6), 12 (S7), and
14 (S8) mm. The generated models were exported and converted to STL format using a previously described method. 28
M4 had a distortion amplitude of 0 and was used for both texture and shape analysis, thereby creating 12 models in total.
Two sets of phantom models were manufactured at the
same site using a Connex 260 polyjet printer (Stratasys, MN,
USA) using a MRI visible resin (RGD-525, Stratasys, MN,
USA) first described by Mitsouras et al.26 All the models
manufactured in this study were printed with 20 µm resolution in each axis with 100% infill settings and an approximate
print time of 4 h for each model. The phantom was completed by a horizontal platform that held each object in place
by the virtue of individual cut-outs which together with

2.C. MRI signal properties and longitudinal stability
To assess the signal stability of the phantom, the T1 and
T2 relaxation time of a sample of the resin was monitored
using a previously described method28 over a period of

FIG. 1. Two-dimensional projection of each tumor model with varying pore sizes to mimic regions of varying tissue heterogeneity as well as a completely
homogenous model (M1).
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with a fixed bin width of 25. Supplementary material 2
details all feature definitions assessed in this study.

TABLE I. List of scanners used in this study.

Model

Field
strength
(T)

Gradient
amplitude
(mT/m),
slew rate
(T/m/s)

Receiver
coil
elements

Generic
electric
Generic
electric
Philips
Siemens

Optima360

1.5

33, 120

4

Signa
HDxt
Ingenia
Aera

1.5

50, 150

4

1.5
1.5

45, 200
45, 200

16
18

S2
S3

Siemens

3
3

60, 200
45, 200

18
18

S4
S5

Siemens
Siemens

Vida
Skyra
(Radiation
Therapy)
Skyra
Skyra

3
3

45, 200
45, 200

18
18

Scanner
ID
GE1
GE2
P1
S1

Manufacturer

Siemens

2.E. Statistical analysis
To assess the stability of MRI-based radiomic features
across the eight scanners, the intraclass correlation coefficient
(ICC) using a two-way random effect with absolute agreement model was performed for all radiomic features using an
in-house developed code in R statistical software (R v3.5.1).
ICC was also used to measure the reproducibility of MRIbased radiomic features in the two 3D-printed phantoms that
were imaged using identical imaging protocols on S3 (Siemens Skyra 3T).
An ICC of <0.5 indicates low stability, 0.5-0.8 indicates
moderate stability, and >0.8 indicates high stability.2

3. RESULTS
12 months on one scanner (S3). Pearson’s regression was used
to assess the correlation of the resin NMR properties over time
using SPSS (IBM SPSS Statistics, version 23, NY, USA).
One set of the phantom models was imaged on scanner S3
at three intervals including a baseline scan and repeated at 3
and 12 months. The coefficient of variation (COV) was calculated for all features to assess the amount of variation in the
phantom as follows:
𝐶𝑂𝑉 =

3.A. MRI signal characteristics
Figure 4 shows a single slice taken through the middle
of the radiomics phantom. The phantom models provide

𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
× 100 (%)
𝑚𝑒𝑎𝑛

The features were divided into four groups based on COV
as very small (COV ≤ 5%), small (5% < COV ≤ 10%),
intermediate (10% < COV ≤ 20%), and large (COV > 20%)
range of variation.31
2.D. Segmentation and feature extraction
The MRI scans were imported into image processing software (MiM Maestro, Cleveland, OH, USA) to segment the
tumor models. A global threshold-based segmentation
method was used based on the minimum and maximum pixel
values on one reference scan. The upper and lower threshold
pixel values were based on the histogram of each phantom
model. The reference scan used was series 1 from the imaging protocol (Supplementary material 1). The contours were
then propagated on to the following sequences to minimize
contour variability.
The 3D volumes and MRI datasets were exported as
DICOM and analyzed using radiomics software in MATLAB
using an in-house developed toolbox based on publicly available code.
We computed 12 first-order statistics,32 50 texture from
GLCM,6 GLRLM,7–11 GLSZM,7–11 and NGTDM,12 as well
as seven shape radiomic features32 (Fig. 3). For the first-order
statistics, histograms were computed with fixed number of 16
bins. Texture features GLSZM and NGTDM were computed

FIG. 2. Photograph of the complete phantom showing the set of test objects
arranged in the positioning tray. [Color figure can be viewed at wileyonline
library.com]
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sufficient signal-to-noise and contrast in all the tumor models
permitting robust automatic segmentation. Models S1–S8
show variations in signal intensity as the shape becomes more
complex. M1-4 demonstrate sufficient resolution for each
pore size and three discrete signal intensities are created
between the two materials and the interface.
Over a 12-month period of monitoring the mean T1 and

3.D. Interscanner stability of MRI-based radiomic
features
3.D.1. First-order statistics and shape
Figure 5 shows the distribution of ICC values across all the
first order and shape features for all the eight scanners. The
highest repeatable first-order feature was range with a
mean ICC (mean ICC ± standard deviation) of 0.93 ± 0.2
across all phantom models. The lowest repeatable first-order
feature was uniformity with a mean ICC of 0.46 ± 0.26. The
highest repeatable shape feature was volume with a mean
ICC of 0.72 ± 0.09. The lowest repeatable shape feature was
sphericity with a mean ICC of 0.36 ± 0.19.
Figure 5 illustrates the distribution of ICC values for all
texture features from GLCM, GLRLM, GLSZM, and
NGTDM over the four texture tumor models. The heatmap
shows that ICC for some features such as GLRLM_RLV (run
length variance), GLRLM_LRLGE (long run low gray-level
emphasis), GLRLM_LGRE (low gray-level run emphasis),
NGTDM_Coarseness, and NGTDM_Busyness, decreased in
stability as the shape models become more spiculated. Generally, GLCM performed poorly compared to GLRLM although
there were individual metrics that did not conform to this.
Figure 6 shows the distribution of ICC values across all the
GLCM texture features for all the eight scanners. The highest
repeatable feature was GLCM_infh1 (information
measure of correlation 1) with an ICC of 0.91 ± 0.05. The
lowest repeatable feature was GLCM dissimilarity with an
ICC of 0.35 ± 0.27.

T2 of the phantom material was 150.7 ± 6.7 ms and
56.1 ± 3.9 ms, respectively. Both relaxation times remained
stable during this period, demonstrating no statistically significant changes with P values 0.73 (R2 = 0.01) and 0.54 (R2
= 0.04) for T1 and T2, respectively.
3.B. Intrascanner feature repeatability
Table II lists all the features with intrascanner COV
≤ 20% over a period of 12 months in the same phan- tom and
interscanner ICC. Of the 69 features computed, 20 had very
small COV, 14 had small COV, 20 had intermediate COV, and
15 had large COV. The full list of features and intrascanner
COV and Interscanner ICC can be found in supplementary
material 3.
3.C. Feature stability of two phantom models
Table III lists the number of features that had poor, moderate, and high stability ICC across the eight scanners averaged
across the 12 tumor models. Shape was the only feature class
that did not demonstrate any high stability.

FIG. 3. Overview of MRI-based radiomics workflow.
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TABLE II. List of features that have a coefficient of variation (COV) <20%
across all matrix classes and their associated interscanner intraclass correlation coefficient (ICC). Features with a * next to COV and ICC values denote
the best-performing features in each matrix class.
Intrascanner
COV (%)

Interscanner
ICC

8.99
12.66
5.57
12.64
6.60
4.99*
5.66
10.76
5.12
0.98
2.83
5.14

0.92
0.64
0.91
0.91
0.92
0.93*
0.92
0.92
0.67
0.40
0.43
0.63

Surface area to volume
ratio
Volume
Autocorrelation
Dissimilarity
Entropy
Homogeneity

4.50

0.57

8.12*
8.30
8.61
2.04
4.96

0.72*
0.74
0.35
0.89
0.90

Sum average
Sum variance
Sum entropy
Difference entropy
Information measure of
correlation 1
Inverse difference
normalized
Inverse difference
moment
SRE
LRE
GLN
RLN

4.23
9.08
1.87
2.91
5.19*

0.76
0.73
0.81
0.43
0.91*

0.94

0.53

0.90

0.39

0.11*
0.41
9.74
0.29

0.90*
0.90
0.84
0.90

RP
SZE
GLN
ZSN
HGZE
SZHGE
ZP

0.14
1.35*
4.74

0.90
0.87*
0.84

2.98
8.86

0.88
0.87

9.90
4.03

0.87
0.88

Matrix
First-order
statistics

Shape

GLCM

GLRLM

GLSZM

Feature
Energy
Entropy
Mean
Mean absolute deviation
Median
Range
Root mean square
Standard deviation
Compactness
Maximum diameter
Spherical disproportion
Surface area

TABLE III. Feature stability as measured by the intraclass correlation coefficient in the two phantom models used in this study.
Moderate (0.5-0.8)

High (>0.8)

First-order statistics

0

2

Shape
GLCM
GLRLM
GLSZM
NGTDM

1
7
1
–

6
4
3
5
1

10
–

1

Number of features per feature matrix.
First-order
statistics = 12,
Shape = 7,
GLSZM = 13, NGTDM = 5.

GLCM = 19,

8
9
8
3

GLRLM = 13,

FIG. 4. Central image of the radiomics phantom acquired on Scanner S3.

The highest repeatable feature was NGTDM_Strength
with an ICC of 0.90 ± 0.03 and the lowest repeatable feature
was NGTDM_Coarseness with an ICC of 0.56 ± 0.31.
Table IV lists the number of features that had poor, moderate, and high stability ICC across the eight scanners averaged
across the 12 tumor models.

The highest repeatable feature was GLRM_RP (run percentage) with an ICC of 0.90 ± 0.01 and the lowest repeatable feature was GLRLM_GLV (gray-level variance) with an
ICC of 0.61 ± 0.14.
The highest repeatable feature was GLSZM_ZSN (zonesize nonuniformity) with an ICC of 0.88 ± 0.03 and the lowest repeatable feature was GLSZM_LZHGE (large zone high
gray-level zone emphasis) with an ICC of 0.60 ± 0.35
(Fig. 7).

4. DISCUSSION
This is the first study, to our knowledge, that has evaluated
the reproducibility and stability of radiomic features across
different MRI scanners in a 3D-printed phantom using a controlled protocol. Several important findings were made in this
study.
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FIG. 5. The box and whisker plots represent the distribution of intraclass correlation coefficient (ICC) values across all first-order features (a) and shape (b).
Horizontal lines indicate 0.8 ICC limit.

FIG. 6. The heatmap represents the range of intraclass correlation coefficient values for texture features across all tumor models. [Color figure can be viewed at
wileyonlinelibrary.com]

The phantom developed in this study has several advantages over previous test objects 15,33–39 and can be used for
radiomics analysis. It is stable and can be printed to create
customized shapes and patterns. The phantom developed in
this study shows the application of using multiple materials
and a single material to vary the texture in a solid phantom.
The models M1–M4 show the application of multiple materials to create variation in texture by utilizing both solid resin
and support material to create variations in gray levels. The
subtler gradients of gray scale in the shape models S1–S8
show how controlled variation in model design can be used to
vary the texture in a solid phantom without the need for
multiple materials.

A variety of radiomics values for the phantom models do
fall within previously reported values for first-order statistics
and texture values from GLCM. The skewness and kurtosis
from first-order statistics for all phantom models fall within
previously reported values for both rectal,40 and head and
neck41 cancers. With regard to GLCM, all phantom models
have comparable radiomic feature values to contrast, correlation, cluster prominence, energy, entropy, homogeneity, sum
average, sum entropy, difference variance, difference entropy,
and information of correlation 1 for head and neck,41
prostate,42–44 and breast45–47 cancers.
A comparison for features acquired from GLRLM,
GLSZM, and NGTDM was difficult to attain in the current
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FIG. 7. The box and whisker plots represent the distribution of intraclass correlation coefficient (ICC) values across all texture categories: gray-level co-occurrence matrix (a), gray-level run length matrix (b). Horizontal lines indicate 0.8 ICC limit. [Color figure can be viewed at wileyonlinelibrary.com]

study as tumor feature values are not commonly reported in
radiomic studies. There were also differences in the reported
radiomic features for the same tumor sites including breast
and prostate, which may be due to variations in analysis which
have been shown to impact feature values such as bin size48
and resolution.34,48 Due to these differences across tumor sites
as well as anatomical regions, replicating these values in a
single phantom may not be achievable.
Furthermore, some radiomic features are calculated from
the volume of the region of interest where changes in these
volumes may impact the value of dependent features. Therefore, changes in these features, which may be caused by variability in volumes, may not always provide insight into
pathological changes. The opposite is also true where features

TABLE IV. Intrascanner feature stability as measured by the intraclass correlation coefficient across eight scanners.

First-order statistics
Shape
GLCM
GLRLM
GLSZM
NGTDM

Low (<0.5)

Moderate (0.5-0.8)

High (>0.8)

1
3
5
–
–
–

3
5
7
2
5

8
–
7
11
8

2

3

Number of features per feature matrix.
First-order
statistics = 12,
Shape = 7,
GLSZM = 13, NGTDM = 5.

GLCM = 19,

GLRLM = 13,

97
Medical Physics, 47 (7), July 2020

3062

Rai et al.: Stability of MRI radiomic features

3062

that appear reproducible may be the result of consistent volumes using automated segmentation strategies.49
When assessing the stability of MRI-based radiomic features, first-order statistics were the most robust with eight of
12 features having ICCs >0.8. Interestingly, kurtosis and
skewness both had moderate stability of 0.69 and 0.62, respectively. Previous multimodality studies31,50,51 have reported
mixed results for kurtosis and skewness and show instability
in the measurements using repeat datasets or with differences
in image reconstructions. This study has also shown that both
kurtosis and skewness are not very robust features, therefore
caution must be taken when using such data in radiomics.
Texture exhibited more varied results compared to firstorder statistics. Among the vast number of metrics that are
used for texture classification there are clearly some that are
more stable than others. Figure 5 highlighted the clusters of
areas that decreased in stability as the shape complexity of the
models increased. This may suggest that some texture
measurements may be less stable or not suitable for analysis
of tumors that have more complex shapes and therefore may
be less useful in an MRI-based radiomic study.
Shape was the least robust metric of the three feature categories, with no shape features having high reproducibility
across the two printed models. As we employed an automatic
segmentation method this should remove any interobserver or
intraobserver variations which have been shown to cause variations in radiomic feature robustness.15,52 Furthermore, great
care was taken to align the phantoms in an identical position
with in-room lasers. This suggests that, even in this well controlled experiment, shape features are highly dependent on
factors such as segmentation, and variations in setup and
imaging, and may prove suboptimal for prospective studies.
The phantom developed in this study has many advantages
and will be useful in the quality assurance of radiomic studies
involving MRI datasets. The models S1–S8 were developed
to simulate varying shapes using spherical harmonics and
harness the partial voluming artifacts in MRI to vary the gradient of gray levels in a subtle way. Models M1–M4 encompass varying signal intensity values due to both resin and
support material and can be used to investigate the most
appropriate radiomic feature values for in vivo tumors. The
study results using this phantom and a controlled imaging
protocol have highlighted the need for quality control of
radiomic features some of which have shown to be inconsistent in an otherwise stable phantom. In longitudinal studies
this may affect the ability of such data to be used to detect
early changes in pathology. The phantom used in this study
will be of benefit to the radiomics community attempting to
standardize both imaging protocols and radiomics analysis
strategies. In a multicenter radiomics trial setting, the flexibility of 3D printing is a favorable method to print the phantom
using identical material and print settings for quality assurance of local scanners.
In future, the current methodology of phantom production
could be further exploited by developing a phantom with
anatomical specific shapes and patterns based on in vivo MRI
datasets.

5. CONCLUSION
A novel 3D-printed phantom has been used to assess the
reproducibility and stability of MRI-based radiomic features
across multiple institutions. The variations reported
emphasize the need for greater quality control of feature
selection for intra and inter-institutional patient studies using
MRI.
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Introduction
Radiomics has gained popularity during the last decade and is proving to be a promising method
to non-invasively characterise tumour heterogeneity, treatment response, radiosensitivity and
outcome prediction based on imaging features (4,7,67,75,77). Comprehensive detail and
discussion on radiomics imaging features and clinical applications is discussed in chapter 2
Section 2.4.
As previously discussed, for radiomic models to be robust, further investigations into the
repeatability and reproducibility of the features used need to be performed. Repeatability is
defined as radiomic features that do not change when the object of interest is imaged multiple
times (3). Reproducibility can be defined as features that remain the same when imaged using
different imaging apparatus such as different scanners, software or sequence parameters (3).
Repeatability and reproducibility of radiomic features is imperative if predictive radiomic
models are to be used in multicentre trials, where image quality can vary for several reasons
including protocol acquisition parameters, machine vendors and fluctuations in image quality
(Chapter 6). Quantifying the repeatability and reproducibility of radiomic features can be
achieved with a rigorous assessment of feature stability including QA of imaging protocols as
well as measuring feature stability using in vivo test-retest datasets.
There has been recent interest in rectal cancer radiomics to predict response to treatments
using MRI, because it provides superior soft tissue contrast compared to CT and PET. MRI is
often used to diagnose, stage and restage rectal cancer (192) and to determine the status of the
circumferential resection margin, an important assessment of the risk of local recurrence (193).
Recent studies into MRI-based radiomics in rectal cancer have explored creating radiomics
models that can be used to predict pathological complete response (pCR) to neoadjuvant
chemoradiotherapy (CRT). The studies often use a combination of anatomical and functional
imaging such as DWI and DCE (9,122) or anatomical T2-weighted (T2-w) imaging alone (8,121).
Although the findings from this growing body of evidence is yielding promising results, there is
still a need to explore the repeatability and reproducibility of radiomics features. This is
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particularly important for the building of predictive radiomics models which require
reproducible and stable imaging features (5). In a systematic review by Traverso et al. (2018),
they found that there was limited investigation into the most stable features for MRI-based
radiomics analysis and that there is also a need for standardisation of radiomics analysis (3).
Gourtsoyianni et al. (2017) compared the repeatability of MRI-based global texture parameters
to local-regional texture parameters for rectal cancer using T2-w imaging. They found that
repeatability was poorest for GLRLM, GLZSM and NGTDM, which are common texture
parameters used in radiomics analysis (8). Traverso et al. (2019) investigated the repeatability
of radiomics features on DWI datasets and similarly found that features from the GLSZM and
GLCM were poorly or moderately reproducible (194).
The purpose of this study is to investigate the repeatability and reproducibility of MRI-based
radiomic features in rectal cancer using both phantom and in vivo test-retest datasets.
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Methodology
Repeatability and reproducibility of radiomic parameters was explored by analysing test-retest
datasets in both a phantom and rectal cancer patients. Figure 9 illustrates the study design
including imaging, segmentation, post processing, radiomic feature extraction and statistical
analysis.
3 Tesla MRI Scanner
MRI Image Acquisition

Phantom Imaging

Phantom and invivo imaging

Test-retest in patients (n=10)

Weekly imaging over 4 months

Same day imaging
≈ 10 mins

Image protocol: Patient
protocol for test-retest cohort
Setup on radiotherapy flat couch
as per patient clinical protocol

Test

Retest

Post Processing
Performed in 3D Slicer

Approximately 10 minute break between
test and retest scans
T2 weighted anatomical scans were
repeated

Segmentation
1. Test-retest

1. Adjusting resolution

• Manual contours of tumour by two
observers
• Reference muscle by one observer

Resolution: Down sampled and up
sampled to compare with original

MiM image processing software

Rigid registration

2. Adding gaussian noise

2. Phantom

Four different gaussian noise
levels added to original scans

• Automatic segmentation using
threshold method

Radiomics feature extraction
1. Histogram
2. Shape
3. Texture
ü GLCM
ü GLRLM
ü GLSZM
ü NGTDM

Radiomics performed on volumetric
segmentation
PyRadiomics extension in MiM
Bin width = 25

SPSS Statistical Software
R

Statistical Analysis

Phantom Imaging
1. Coefficient of Variation (COV)
• To measure temporal stability of
radiomic features in phantom

2. Concordance Correlation
Coefficient (CCC):
• To measure reproducibility and
repeatability of radiomic features in
post processed images

Test-retest in patients (n=10)
1. Intraclass Correlation Coefficient
(ICC)
• To measure reproducibility and
repeatability of radiomic features
between test and retest scans

2. Wilcoxon Signed Rank Test
• Compare tumour volume differences
between observers for test and retest
scans
• Compare differences of ICC values for
all radiomics feature values

Figure 9: Block diagram showing the study design including MR imaging, segmentation, radiomics feature
extraction and statistical analysis.
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Radiomics Phantom
The radiomics phantom developed in chapter 6 was used to assess the repeatability of
radiomic features for the imaging sequences used in clinical rectal cancer patients. The
phantom was imaged twice during each imaging session over a four-month period to
measure the temporal stability of radiomic features.
The phantom was positioned on two oil filled containers to ensure adequate signal to trigger
a localiser scan (Figure 10-a). A non-slip mat was placed under the phantom base to
minimise movement and vibrations caused by image acquisition.
The phantom is comprised of eight test objects of which three were used in this study for
radiomics analysis including test objects M1, M2 and M8 (Figure 10-b). Each test object
component underwent a global threshold-based segmentation method described in chapter
6.

Figure 10: (a) Phantom setup on radiation therapy table, and (b) individual test objects part of the
radiomics phantom

Patient population
Retrospective analysis of a test-retest cohort of patients was performed. This study was
approved

by

the

Human

Research
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Ethics

Committee

(HREC

Number:

HREC/15/LPOOL/555) with informed consent. 10 patients were identified with stage IIIAIVB rectal adenocarcinoma who were treated at Liverpool and Macarthur Cancer Therapy
Centre between 2015 and 2017. Inclusion criteria included any patient with confirmed
rectal adenocarcinoma requiring simulation in MRI for their radiation therapy planning.
Exclusion criteria were patients with a contraindication to MRI such as non-safe or noncompatible medical devices.

Image acquisition
All imaging in this study was conducted on a RT dedicated 3 Tesla MRI (MAGNETOM Skyra,
Siemens Healthineers, Erlangen, Germany), using an 18-channel receiver only surface coil
and 32-channel spine coil integrated into the MRI bed. A radiation therapy table was used
for both phantom and patient imaging to replicate patient treatment conditions (Figure 10
-a).
The imaging protocol acquired for both phantom and patients was a T2-weighted (T2-w)
turbo spin echo (TSE) sequence. The sequence was acquired with a TE/TR of 96/10000 ms,
3/0 mm slice thickness/spacing, 1 signal average, 320 x 224 matrix, 160° flip angle,
400Hz/Px receiver bandwidth, 220 mm field of view (FOV), and 0.7 x 0.7 mm2 in-plane
resolution.
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•

Phantom Imaging

The phantom was aligned using the external laser bridge system at every scan session to
ensure accurate reproducibility of position and to minimise setup errors. The phantom was
imaged weekly for a period of 4 months.

•

Patient Imaging

All patients in the test-retest cohort were scanned in their RTP position including a flat
tabletop and radiation therapy immobilisation equipment. The external laser system was
used to align the patient to their planning tattoos (given in CT simulation) to assist with
reproducing the patient position. After the first sequence was acquired (test) the patient
was removed from the MRI room and went for a short walk. They were then repositioned
in the same RT planning positioning and the second T2-w TSE scan was acquired (retest).
All ten patients received two scans for a total of 20 datasets.

Image post-processing
The impact of varied image quality on the reproducibility of radiomic features in the
phantom was investigated to assess the impact it may have on radiomic feature stability
which is pertinent for multicentre trials.
To assess the impact on feature stability, the original phantom images were post-processed
with added noise and variable spatial resolution. To adjust the spatial resolution, the images
were resampled to 0.5, 0.8, 1 and 1.2 mm2. To add noise to the original images a Gaussian
noise filter was added to the datasets. The standard deviation of the Gaussian distribution
was set to 2, 5, 10 and 20 for each iteration. For all images (both original and processed),
the SNR within the individual images was assessed as the mean signal intensity within the
region of interest divided by the standard deviation of a nearby air signal. All postprocessing was performed in 3D Slicer (Version 4.13.0, available at: http://slicer.org/).
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Tumour and Tissue Segmentation
The patient test-retest imaging was imported into image processing software (MiM
Maestro, Cleveland, OH, USA) where the rectal tumour volumes were contoured by two
radiation oncologists on both repeat T2-w sequences. Care was taken to ensure only the
tumour was contoured excluding healthy rectal wall and lumen as well as faecal matter
(Figure 11).
The right gluteus maximus was contoured as a reference muscle. The gluteus maximus was
selected as it is covered in the field of view of all MRI scans across all datasets and was
consistently outside the highest dose areas (< 20% of Max Dose).
Radiomic feature stability within a reference muscle was performed to quantify features
that are stable in an otherwise normal human tissue. Skeletal muscle was chosen as a
reference tissue as it is known to be radio-resistant in adults (195). The results will be used
for robust feature selection in a patient treatment dataset in chapter 8.

Figure 11: Example of contours of a rectal tumour on axial (a), coronal (b) and sagittal (c)
reconstructions. Care was taken to ensure rectal wall, lumen and faecal matter was not included in
the tumour volumes.
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Radiomics Analysis
Both in-vivo and phantom segmentations were analysed using PyRadiomics (196) which is
available in-house as a plug in within MiM software. 83 radiomic features were calculated
including first order statistics, shape, and various textural features from the GLCM, GLRLM,
GLSZM and the NGTDM with a fixed bin width of 25.

Statistical Analysis & Feature Selection
For both the original and post-processed phantom imaging, the coefficient of variation
(COV) was calculated to assess the degree of variability in features. The COV was calculated
as:

COV =

𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑 𝑑𝑒𝑣𝑖𝑎𝑡𝑖𝑜𝑛
× 100(%)
𝑚𝑒𝑎𝑛

(1)

The features were divided into four groups based on COV as very small (COV ≤ 5%), small
(5% < COV ≤ 10%), intermediate (10% < COV ≤ 20%), and large (COV > 20%) ranges of
variation (197).
The impact of spatial resolution and Gaussian noise filtering on the reproducibility and
repeatability of each radiomic feature was quantified using the concordance correlation
coefficient (CCC) (198). For the test-retest patient cohort, the intraclass correlation
coefficient (ICC) test was performed to measure the reproducibility and repeatability of
radiomic features between the test and retest scans for both observers for the rectal tumour
volumes and normal muscles. The mean ICC for observer 1 and 2 for each feature was used
to categorise the features into three levels of agreement strength: low (<0.5), moderate (0.5
- 0.8) and high (≥ 0.8). Features that returned an ICC of ≥ 0.8 were considered to have an
almost perfect strength of agreement. CCC and ICC were calculated in R (Version 3.5.1).
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The volumes, hausdorff distance (HD) and dice similarity coefficient (DSC) of the tumour
segmentations were also compared between observers. HD is a measure of the maximum
distance between contours from one point in one segmentation to the nearest point in
another segmentation (199). DSC assesses the overlap of two volumes where a value of 1
indicates total concordance and 0 indicates no overlap. For this study a DSC of > 0.7 was
considered a good agreement (200).
Wilcoxon-Signed rank test was used to compare the differences between the tumour
volumes of observer 1 and 2 for both test and retest scans. It was also used to compare the
differences of observer 1 and 2 ICC values for all radiomics feature values. This nonparametric test was selected as it does not make assumptions on the underlying distribution
of data. The Z score and p values are reported, with a p-value of 0.05 being statistically
significant. The Wilcoxon-Signed Rank test was performed in SPSS (IBM SPSS Statistics,
version 23, NY, USA).
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Results
Table 4 outlines patient demographics. 10 patients were included in this study with each
patient having two MRI scans. The majority of patients were male with stage IIIB disease.
The average time (± standard deviation (SD)) between the test and retest scans was 11 ± 2
minutes.

Table 4: Patient characteristics
Characteristics

Patient
Cohort

Number of Patients

10

Age (Years)
Median
Q1-Q3

60
55 - 70

Gender
Male

7

Female

3

TNM Staging
IIA

0

IIIA

1 (1%)

IIIB

7 (70%)

IIIC

0

IVA

1 (1%)

IVB

1 (1%)

Time between Scans, mean ± SD
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11 ± 2 (min)

Temporal stability of radiomic features in phantom
Table 5 shows a summary of the temporal stability of all features that had ≤ 10% COV. The
full list of COV can be found in Appendix 4. 41/83 features had ≤ 10% COV on repeat imaging
over a period of 4 months.

Table 5: Radiomic features that had ≤ 10% COV in the phantom using the MRI pulse sequence of the
test-retest patient study
Feature Class

Feature

First Order

COV ± SD %
Entropy

3.9 ± 1.1

Kurtosis

7.8 ± 1.9

Maximum

6.4 ± 2.2

Mean

6.1 ± 0.9

Mean Absolute Deviation

8.0 ± 3.3

Median

7.4 ± 3.1

Range

6.6 ± 2.0

Root Mean Squared

5.8 ± 0.7

Skewness

9.5 ± 16.8

Uniformity

8.5 ± 2.1

Difference Average

9.2 ± 2.7

Difference Entropy

4.3 ± 1.3

Inverse Difference

3.1 ± 0.6

Inverse Difference Moment

4.0 ± 0.9

Inverse Difference Moment Normalised

0.4 ± 0.2

Inverse Difference Normalised

0.8 ± 0.2

Information Measure of Correlation 1

7.5 ± 3.1

Information Measure of Correlation 2

5.7 ± 3.1

Inverse Variance

4.5 ± 1.6

Joint Average

5.1 ± 0.2

Joint Entropy

4.3 ± 1.1

Maximum Probability

6.5 ± 5.1

Sum Average

5.1 ± 0.2

Sum Entropy

3.5 ± 1.0

Run Entropy

1.7 ± 0.2

Run Length Non Uniformity Normalised

3.4 ± 1.1

Run Percentage

2.7 ± 0.7

Short Run Emphasis

1.6 ± 0.6

GLSZM

Zone Entropy

4.6 ± 4.1

Shape

Elongation

0.6 ± 0.3

GLCM

GLRLM
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Flatness

6.1 ± 1.9

Least Axis Length

6.9 ± 2.7

Major Axis Length

1.4 ± 0.6

Maximum 2D Diameter Column

2.0 ± 0.5

Maximum 2D Diameter Row

1.4 ± 0.4

Maximum 2D Diameter Slice

1.4 ± 0.7

Maximum 3D Diameter

1.4 ± 0.4

Mesh Volume

10.0 ± 3.4

Minor Axis Length

1.6 ± 0.4

Sphericity

2.5 ± 0.4

Surface Area

4.5 ± 1.9

Surface Volume Ratio

5.7 ± 0.6

Voxel Volume

10.0 ± 3.4

Interobserver Variability
Table 6 shows the results from the tumour volume analysis between observer 1 and 2 for
the test and retest scans. There were no statistically significant differences between the
tumour volumes of observer 1 and 2 for the test scans and retest scans using a paired
sample T-test. A paired T-test was used as the data was normally distributed when
interrogated using Q-Q plots.
The mean ± SD volume for observer 1 and 2 for the test scans was 38.01 ± 18.89 ml and
36.83 ± 14.82 ml, respectively, with a mean difference of 1.18 ml (p = 0.878 [95% CI: -14.7717.13]). The mean ± SD volume for observer 1 and 2 for the retest scan was 36.68 ± 17.26
ml and 39.19 ± 19.79 ml, respectively, with a mean difference of 2.52 ml (p = 0.766 [95% CI:
-19.96-14.93]).
DSC showed that there was good interobserver agreement with a mean ± SD DSC of 0.95 ±
0.04 for both the test and retest scans. The mean ± SD HD for the test and retest datasets
was 10.3 ± 3.7 mm (range: 3.02-14.67) and 11.4 ± 3.7 mm (range: 5.79 – 16.64).
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Table 6: Volume differences for observer 1 (Volume 1) and observer 2 (volume 2) in the test and
retest MRI scans
Test

Retest

Volume 1

Volume 2

HD

(ml)

(ml)

Pt 1

26.11

26.27

7.42

Pt 2

44.58

42.51

Pt 3

35.88

Pt 4

DSC

Volume

Volume 2

HD

DSC

1 (ml)

(ml)

0.98

23.54

24.16

5.79

0.99

12.73

0.98

42.63

43.32

11.13

0.96

40.59

12.60

0.91

37.73

43.07

12.55

0.92

24.43

27.05

7.58

0.97

21.57

22.66

16.64

0.95

Pt 5

31.42

32.92

12.01

0.96

31.29

31.9

11.77

0.97

Pt 6

25.69

23.89

11.51

0.96

25.9

27.82

12.00

0.95

Pt 7

75.4

55.26

13.61

0.87

58.26

72.85

14.76

0.87

Pt 8

12.59

14.1

7.69

0.94

15.8

14.46

8.06

0.96

Pt 9

62.15

62.11

3.02

1.00

71.21

71.83

6.26

1.00

Pt 10

41.83

43.58

14.67

0.97

38.81

39.79

14.76

0.97

Pt: Patient, HD: Hausdorff Distance, DSC: Dice Similarity Coefficient

Using the Wilcoxon-Signed rank test there were no statistically significant differences (Z= 0.830, p= 0.407) between the ICC values for all feature classes between observer 1 and 2.
Table 7 summarises the descriptive statistics for the ICC values including the median and
25% and 75% percentiles, for observers 1 and 2. The comparison was made for all radiomic
features.

Table 7: Descriptive statistics for the ICC values for all feature classes for Observer 1 and 2.
Percentiles
N

Mean

SD

Min

Max

25th

50th (Median)

75th

Observer1

83

.830

.207

.074

.992

.805

.908

.952

Observer2

83

.832

.211

.035

.997

.803

.897

.967
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Repeatability of radiomic features in the test-retest cohort
Table 8 summarises the ICC values for all radiomic feature classes.

Overall, 74.6% of

radiomic features returned a high ICC > 0.8 with all shape features having a high strength
of agreement.
Table 8: Feature stability as measured by the mean ICC of observer 1 and 2 in the tumour

Low (<0.5)
First Order Statistics
GLCM
GLRLM
GLSZM
NGTDM
Shape

Moderate (0.5-0.8)

3
2
1
1
-

High (>0.8)

2
1
5
4
1
-

10
20
7
7
4
14

Number of features per feature matrix
First Order Statistics = 15, GLCM =23, GLRLM = 13, GLSZM = 13, NGTDM = 5, Shape = 14

Feature stability in reference muscle
Table 9 summarises the ICC values for the reference muscle across both texture
and first order statistics classes. Shape was not analysed and therefore not
reported.
Overall, 75% of radiomic features returned a high ICC > 0.8. Variance from first
order

statistics

was

the

only

feature

that

had

a

low

ICC

of

Table 9: Feature stability as measured by the ICC in the reference muscle

Low (<0.5)
First Order Statistics
GLCM
GLRLM
GLSZM
NGTDM

Moderate (0.5-0.8)

1
-

4
4
5
2
1

Number of features per feature matrix
First Order Statistics = 15, GLCM =23, GLRLM = 13, GLSZM = 13, NGTDM = 5
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High (>0.8)
10
19
8
11
4

0.03.

Impact of post-processing on feature reproducibility
The original phantom image had an SNR of 73. The datasets with added Gaussian noise of
2, 5, 20 and 20 SD had a SNR of 57, 38, 18 and 10, respectively.
Figure 12-a is a heatmap demonstrating the CCC across the different noise iterations for
each individual texture feature against each phantom test object. It is evident that with
increased noise the repeatability of the features decreases. However, features from the
GLSZM appear to be more sensitive to smaller changes in noise compared to features from
GLCM, GLRLM and NGTDM, which is evident in lower CCC values for each test objects with
an added 2 SD of Gaussian noise.
In contrast, first order features (Figure 13 – a) appear to be more robust in the presence of
added noise. Figure 13 shows the CCC across the different noise levels for each first order
feature against each phantom test object. It appears that even with an added 10 SD of
Gaussian noise most features have CCC ≥ 0.85. However, the most signal homogenous test
object, M1, appears to be more sensitive to changes in noise compared to the more complex
M2 and M8.
Figure 12-b highlights the CCC across the different resolution iterations for each individual
texture feature against each phantom test object. It is evident that texture features are more
sensitive to changes in resolution particularly with GLRLM, GLSZM and NGTDM, with GLCM
performing the best out of the four feature classes.
Even for first order features, change in resolution appears to negatively impact the majority
of feature reproducibility (Figure 13 – b).
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Figure 12: Heatmap of all concordance correlation coefficients (CCC) for each variation in image
quality across the three test objects M1, M2 and M8 for texture features GLCM, GLRLM, GLSZM and
NGTDM. (a) shows the CCC for all noise levels (2, 5, 10 and 20 SD) and (b) shows the CCC for all
resampled resolution iterations introduced, except for 0.8 mm which is the original resolution. The
columns correspond to each feature and the rows correspond to the test object.
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Figure 13: Heatmap of all concordance correlation coefficients (CCC) for each variation in image
quality across the three test objects M1, M2 and M8 for first order features. (a) shows the CCC for all
noise levels (2, 5, 10 and 20 SD) and (b) shows the CCC for all resampled resolution iterations. The
columns correspond to each feature and the rows correspond to the test object.
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Discussion
This study has used phantom and test-retest imaging in a rectal cancer patient cohort to assess
the stability of MRI-based radiomics features. To the best of our knowledge this is the first
study to use both phantom and in vivo imaging to assess the temporal stability of radiomics
features in a clinically relevant imaging protocol.
The results of the study show that shape features, in both the phantom and in vivo test-retest
cohorts, was the most stable feature class which provided the most repeatable and
reproducible results which is in agreement with previous repeatability studies in cervical
(201) and prostate (202,203) cancer.
In the phantom repeatability measurements, shape which was auto defined, performed the
best with all features having a COV ≤ 10%. The remaining features from first order and texture
features classes had more varied results. One feature from GLSZM and no features from
NGTDM class had ≤ 10% COV for the test-retest imaging protocol. This is similar to the results
of Gourtsoyianni et al. (2017) (204) who found COV ranging from 30 – 50% or greater for
features from GLSZM and NGTDM, concluding that these features were not reliable for texture
analysis in primary rectal cancer.
This study found that there was a varied range of ICC in repeatability of texture and first order
statistics features for the patient test-retest cohort. All shape features had an ICC ≥ 0.8 with
excellent interobserver agreement. This is not surprising as there was good interobserver
agreement between the contoured volumes for both the test and retest scans as measured
using DSC and HD. There was no statistically significant difference between the contoured
volumes of both observers for the test and retest scans. Similarly to this study, Timmeren et
al. (2016) (205) found that shape features analysed with CT were the most stable in a cohort
of rectal and lung cancer patients.
Contrary to the findings in this study, Traverso et al. (194) found that first order statistics had
higher repeatability compared to GLCM and GLRLM features but found very poor inter
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observer repeatability of shape features in their rectal cancer dataset which they attributed to
interobserver variability of the tumour delineation.
The investigations into the impact of added Gaussian noise and varied spatial resolution
yielded noteworthy results. This study found that first order features were more robust in the
presence of increased Gaussian noise and significant decreases of SNR compared to texture
features. Overall, increasing or decreasing spatial resolution using clinically relevant and
realistic values severely impacted the reproducibility of most texture features. First order
features and texture features from GLCM had more moderate CCC values with changes to
resolution compared to GLRLM, GLSZM and NGTDM. These results agree with previous studies
where resolution was found to significantly impact the reliability of texture features in both
phantom (127) and in vivo datasets (76,194). Mayerhoefer et al. (2009) (127) also found that
texture features from the GLCM are superior to features from the GLRM with their ability to
distinguish texture in the presence of spatial resolution perturbations.
There are several limitations to this study. The phantom repeatability measurements were
only performed on three test objects. Further investigations into the impact of image quality
changes should be performed on the remaining test objects as some texture measurements
may not be suitable for analysis of tumours with more complex shapes (206).
This was a retrospective study and the analysis was not validated in another centre. The
patient numbers were also low, therefore the observed correlations should be validated and
performed in a larger patient cohort.
The radiomics analysis was only performed on T2-w images. Further investigations should
look at assessing the repeatability and reproducibility for a range of sequences used in rectal
cancer treatment and staging such as diffusion weighted imaging and dynamic contrast
enhanced imaging.
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Conclusion
This study has evaluated the performance of radiomics analysis using phantom and test-retest
imaging of rectal cancers. The results of this study indicate that using a consistent imaging
protocol yields reproducible radiomics features, particularly shape features. Texture features
from the GLRL M, GLSZM and NGTDM appear to be more sensitive to changes in image quality
such as varied noise and resolution indicating the need for controlled image quality and
regular QA of imaging protocols if these features are to be used for radiomic models in larger
multicentre trials.
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Introduction
According to the Australian Institute of Health and Welfare, colorectal cancer is the third
most diagnosed type of cancer in Australia and the second leading cause of cancer death
(207). In 2018, over 17, 000 new cases of colorectal cancer were estimated to be diagnosed
in Australia where approximately 24% of people were to die from this disease (207). Preoperative CRT is the standard of care in Australia (208) as the current evidence outlines
that this course of treatment improves locoregional control while reducing toxicity
(209,210).
Medical imaging plays an important role in all stages of rectal cancer management. The
European society of gastrointestinal and abdominal radiology (ESGAR) reached a consensus
in 2012, recommending that MRI be mandatory as well as the first imaging technique of
choice for primary staging and restaging of rectal cancers (192). This is because MRI
provides extremely high soft tissue contrast which is useful to non-invasively visualise
tumours that extend beyond the muscularis propria, visualising malignant lymph nodes as
well as the mesorectal fascia (193). Accurate visualisation of these structures assists
clinicians in characterising tumour types and determining TNM staging of rectal cancer.
Prior to CRT, MRI is also increasingly being used for RTP to assist in delineation of tumour
and organs at risk (43), due to its superior soft tissue contrast. In addition, when comparing
the gross tumour volume between the planning CT scans and MRI, MRI volumes are often
smaller resulting in a reduction in dose to neighbouring organs at risk (211).
More recently, MRI is being explored not only for staging, restaging and RTP, but potentially
to unlock imaging biomarkers that may predict response to treatment. A biomarker or a
biological marker is defined as “a characteristic that is objectively measured and evaluated
as an indicator of normal biological processes, pathogenic processes, or pharmacologic
responses to a therapeutic intervention” (212). Biomarkers that can be quantified on
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imaging are termed imaging biomarkers and are often used for staging, demonstrating
disease prognosis and for prediction and monitoring of clinical response to treatment (212).
Radiomics, as discussed in chapter 7, is increasingly being explored to discover imaging
biomarkers in standard of care scans from the imaging features that can be computed from
tumour segmentations (4,7,67,75,77). The radiomic features that are calculated should
always undergo stability tests as well as correlation analysis to ensure features that have
low repeatability or are highly correlated with another are removed from further analysis.
This will reduce the risk of overfitting when building a radiomics model, as the number of
features calculated is often significantly larger than the sample size (104). Minimising
overfitting is crucial to ensure that radiomic predictive models are generalisable as well as
robust enough to detect the differences between patients not used in the training dataset
(103) (See section 2.4.3.1).
Yip and Aerts (2016) (5) outline that tumour volume and the correlation of radiomic
features with volume should be reported in radiomic studies. This recommendation was
based on work by Hatt et al (2015) (213), where the texture features examined on FDG-PET
highly correlated with tumour volume did not add any value for outcome prediction
particularly for tumours <10 cm3.
There are various methods for feature selection with one of the most popular methods being
stability ranks. Stability ranks analyse each feature in a test-retest dataset; usually in vivo,
and ranks the stability of the features which can be measured using several statistical tests
such as intraclass correlation coefficient, concordance correlations coefficient or spearman
rank correlation (3). The most stable features will then be selected for radiomics model
training that should be externally validated to assess accuracy (104).
The purpose of this study is to determine the most relevant and clinically informative
radiomic features that have significant changes during neoadjuvant CRT in a cohort of
patients with histologically confirmed adenocarcinoma of the rectum.
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In this study, features were selected for analysis based on having high repeatability on
phantom imaging over a four-month period using the patient imaging protocol, high
repeatability (ICC > 0.8) in the test-retest cohort in chapter 7 and low spearman correlation
with tumour volume.
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Methodology
Imaging of Phantom and Patient Population
All imaging in this study was conducted on a radiation therapy (RT) dedicated 3 Tesla MRI
(MAGNETOM Skyra, Siemens Healthineers, Erlangen, Germany), using an 18-channel
receiver only surface coil and 32-channel spine coil integrated into the MRI bed.
The imaging protocol acquired was a T2-w TSE sequence. The sequence was acquired with
a TE/TR of 92/10000 ms, 2/0 mm slice thickness/spacing, 2 signal averages, 256 x 256
matrix, 160° flip angle, 445Hz/Px receiver bandwidth, 220 mm FOV, and 0.8 x 0.8 mm 2 inplane resolution.

Radiomics Phantom
The radiomics phantom developed in chapter 6 was used for QA testing of the imaging
protocol described above. Using the same QA methodology performed in chapter 7, the
phantom was imaged using the T2-w TSE sequence described above (Section 8.2.1) over a
period of four months to assess the temporal stability of radiomics features. The COV was
calculated using equation 1.
The features were divided into four groups based on COV as very small (COV ≤ 5%), small
(5% < COV ≤ 10%), intermediate (10% < COV ≤ 20%), and large (COV > 20%) range of
variation (197).

Patient Population
Retrospective analysis of rectal cancer patients enrolled in a multiparametric MRI study
(64) by Trang et al. (2017) was performed. This study was approved by the Australian New
Zealand Clinical Trials Registry (Number: ACTRN12616001690448). Inclusion criteria
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includes any patients with locally advanced rectal cancer including stage II or III and
underwent CRT followed by surgery between March 2014 and February 2017.
A detailed imaging protocol can be found in (64). For this study only the anatomical T2-w
TSE sequences were used for radiomics analysis. This sequence was selected because it is
universally performed in all rectal cancer MR imaging and is recommended for accurate
staging and diagnosis (192).
The patients were positioned on the MRI table without any RT immobilisation equipment.
The patients were administered an anti-peristaltic medication prior to imaging (Hyoscine
butylbromide, Buscopan) to minimise rectal motion artefacts.
Each patient underwent three imaging sessions including one prior to CRT (Baseline),
during CRT (Week 3) and one prior to surgery (Pre-Op).

Tumour Segmentation and Radiomics Analysis – Phantom &
Patient Population
For the phantom imaging the MRI datasets were imported into MiM where the three test
objects M1, M2 and S8 were segmented using automatic threshold methods. The detailed
methodology for segmentation of the test objects has been previously described in chapter
6.
The patient tumour volumes were segmented by one radiation oncologist in Oncotreat
(Siemens Healthineers, Erlangen, Germany). The tumour volumes were contoured on the
high b-value (1400 s/mm2) DWI sequence and this contour was propagated onto the T2-w
TSE scan following rigid registration of the two datasets in MiM (Figure 14). The anatomical
T2-w TSE sequence was used for radiomics analysis and this sequence was selected because
it is universally performed in all rectal cancer MR imaging and is recommended for accurate
staging and diagnosis (192).
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For each patient dataset, a reference muscle (right gluteal muscle) was segmented using the
same methodology as chapter 7 Section 7.2.5.
Both in vivo and phantom segmentations were analysed using the PyRadiomics (196) plugin in MiM. 83 radiomic features were calculated, including first order statistics, shape, and
various textural features from the GLCM, GLRLM, GLSZM and the NGTDM with a fixed bin
width of 25.

Feature Selection
To determine the most informative features, feature selection was performed prior to
analysis. The features selected for analysis were chosen as having a COV ≤ 10% (small
variation) in the phantom QA for this imaging protocol and ≥ 0.8 ICC in tumour of the testretest datasets in chapter 7. For the reference muscle, the features selected for analysis
were chosen as having a COV ≤ 10% (small variation) in the phantom QA for this imaging
protocol and ≥ 0.8 ICC in right gluteal muscle of the test-retest datasets in chapter 7.
Based on the recommendation by Yip and Aerts (2016) (5) and Hatt et al. (213) features
that are highly correlated with volume were excluded as those features may not provide
additional information to volume.

Statistical Analysis
Similarly to the work performed by Peerlings et al (2019) (214), the Spearman’s rho (ρ) test
was performed to provide a rank-based measure of correlation. Radiomic features that
demonstrated strong correlation with volume (ρ > 0.6)(215) were excluded.
The included features were analysed for both the tumour and reference muscle volumes
using a nonparametric Levene’s test for equal variances (216). This test measures the width
of distribution changes from the comparison timepoints ('Baseline versus week 3’, ‘baseline
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versus pre-op’ and ‘week 3 versus pre-op’) compared to the width of distribution changes
from the test-retest datasets in the previous chapter.
All statistical analysis was performed in R and SPSS. A p value < 0.05 was considered
statistically significant for the Spearman’s rho (ρ) test and Levene’s test for equal variances.
A complete summary of the workflow is outlined in Figure 14.

Figure 14: Radiomics workflow used for the rectal cancer datasets
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Results
Patient characteristics
Table 4 outlines patient demographics. 38 patients were analysed however 4 patients had
missing timepoints. One patient did not complete MRI during treatment and three did not
complete post CRT pre-surgery MRI.

Table 10: Patient characteristics
Characteristics

Patient Cohort

Number of Patients

38

Age (Years)
Median
Q1-Q3

61
55 – 71

Gender
Male
Female

30
8

TNM Staging
IIA

6 (16%)

IIIA

1 (3%)

IIIB

24 (63%)

IIIC

7 (18%)

IVA

0

IVB

0

Time between Scans, mean ± SD

Baseline to during CRT: 30.1 ± 8.0 (days)
Baseline to pre-surgery: 108.8 ± 28.3 (days)
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Radiomic feature stability in phantom
Table 11 shows a summary of features that had ≤ 10% COV in the radiomics phantom over
a four-month period of monitoring using the patient imaging sequence. The full list of COV
can be found in Appendix 5. 52/83 had ≤ 10% COV on repeat imaging using the MRI
sequences.

Table 11: Shows the radiomic features that had ≤ 10% COV in the phantom using the MRI pulse
sequence of the patient study
Feature Class

First Order

GLCM

GLRLM

Feature

COV ± SD %
Entropy

3.3 ± 1.3

Kurtosis

9.6 ± 3.3

Maximum

7.5 ± 2.6

Mean

4.5 ± 0.8

Mean Absolute Deviation

7.5 ± 2.6

Median

6.6 ± 2.6

Range

7.5 ± 2.7

Robust Mean Absolute Deviation

9.1 ± 3.3

Root Mean Squared

4.2 ± 0.5

Uniformity

6.8 ± 3.0

Autocorrelation

7.8 ± 0.9

Difference Average

7.0 ± 2.7

Difference Entropy

3.5 ± 1.5

Inverse Difference

2.5 ± 0.5

Inverse Difference Moment

3.3 ± 0.6

Inverse Difference Moment Normalised

0.4 ± 0.2

Inverse Difference Normalised

0.8 ± 0.3

Information Measure of Correlation 1

-9.6 ± 2.6

Information Measure of Correlation 2

7.0 ± 3.5

Inverse Variance

4.6 ± 2.5

Joint Average

3.9 ± 0.5

Joint Entropy

3.3 ± 1.4

Maximum Probability

7.6 ± 3.8

Sum Average

3.9 ± 0.5

Sum Entropy

3.2 ± 1.6

High Gray Level Run Emphasis

7.4 ± 0.8

Long Run Emphasis

8.3 ± 6.9

Long Run High Gray Level Emphasis

9.4 ± 4.9

Low Gray Level Run Emphasis

9.9 ± 2.2

Run Entropy

1.9 ± 0.8
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Run Length Non-Uniformity

9.9 ± 4.0

Run Length Non-Uniformity Normalised

3.2 ± 2.0

Run Percentage

2.1 ± 1.4

Short Run Emphasis

1.5 ± 1.1

Short Run High Gray Level Emphasis

8.2 ± 1.2

Small Area Emphasis

8.0 ± 3.4

Zone Entropy

3.2 ± 1.2

Elongation

0.9 ± 0.4

Flatness

5.0 ± 2.4

Least Axis Length

5.4 ± 2.7

Major Axis Length

2.0 ± 0.9

Maximum 2D Diameter Column

2.3 ± 0.6

Maximum 2DDiameter Row

1.8 ± 0.7

Maximum 2D Diameter Slice

1.7 ± 0.6

Maximum 3D Diameter

1.5 ± 0.6

Mesh Volume

8.1 ± 3.7

Minor Axis Length

1.9 ± 0.7

Sphericity

2.1 ± 0.2

Surface Area

4.3 ± 1.9

Surface Volume Ratio

4.4 ± 1.5

Voxel Volume

8.0 ± 3.7

GLSZM

Shape

Correlation of radiomic features with tumour volume
The median (Q1-Q3) of Spearman’s ρ for all radiomic features was 0.21 (0.0 – 0.5). Figure
15 illustrates the distribution of Spearman’s r correlations for all features.

Figure 15: Histogram of spearman’s r values that correlate radiomic features with tumour volume.
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25 features had strong correlation (ρ > 0.6) with 58 having low correlation (ρ ≤ 0.6). Table
12 lists all the radiomic features that had strong correlation with volume.

Table 12: List of features that had a positive correlation (> 0.6) with volume.
Features

Correlation Coefficient

Sig. (2-tailed)

Busyness

.673

0.03

Cluster Tendency

.673

0.03

Energy

.903

<0.00

Entropy

.697

0.03

Imc 2

.758

0.01

Least Axis Length

.976

<0.00

Major Axis Length

.770

0.01

Maximum

.648

0.04

Maximum 2D Diameter Row

.806

<0.00

Maximum 2D Diameter Slice

.648

0.04

Maximum 3D Diameter

.721

0.02

Mean Absolute Deviation

.673

0.03

Mesh Volume

.964

<0.00

Minor Axis Length

.915

<0.00

Robust Mean Absolute Deviation

.721

0.02

Run Entropy

.673

0.03

Run Length Non Uniformity

.976

<0.00

Size Zone Non Uniformity

.891

<0.00

Sum Entropy

.758

0.01

Sum Squares

.636

0.05

Surface Area

.855

<0.00

Total Energy

.903

<0.00

Variance

.636

0.05

Voxel Volume

.964

<0.00

Zone Entropy

.636

0.05
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Changes in radiomic feature values in the interval imaging
cohort
A total of 19 of 83 features showed statistically significant changes in the width of
distribution from three timepoints (Baseline, week 3 and pre-op). The features listed in
Table 13 showed statistically significant results when comparisons were made between the
tree time points. Volume did not show a statistically significant change when comparing the
difference of change between baseline to week 3.

Table 13: Summary of all statistically significant features as measured by the non-parametric
Levene's test in the tumour volumes. Each column shows the results when comparing the
difference of imaging timepoint compared to the test-retest difference.
Baseline - Week 3
Features

Baseline - PreOp

Week 3 - Pre-Op

F value

Pr(>F)

F value

Pr(>F)

F value

Pr(>F)

Autocorrelation

26.16

<0.00

21.58

<0.00

20.28

<0.00

Difference Average

8.44

0.01

20.57

<0.00

12.49

<0.00

Difference Entropy

9.25

<0.00

20.57

<0.00

11.38

<0.00

Elongation

7.67

0.01

14.21

<0.00

13.37

<0.00

Flatness

22.21

<0.00

15.56

<0.00

13.70

<0.00

High Gray Level Run Emphasis

21.61

<0.00

30.54

<0.00

19.25

<0.00

Inverse Difference Moment Normalised

13.21

<0.00

10.77

<0.00

17.59

<0.00

Inverse Difference Normalised

11.62

<0.00

11.08

<0.00

13.41

<0.00

Joint Average

23.33

<0.00

24.95

<0.00

20.07

<0.00

Joint Energy

7.19

0.01

6.43

0.01

8.93

<0.00

Kurtosis

5.48

<0.00

4.23

0.05

11.64

<0.00

Long Run High Gray Level Emphasis

18.72

<0.00

32.78

<0.00

19.25

<0.00

Maximum 2D Diameter Column

11.03

<0.00

10.43

<0.00

17.10

<0.00

Range

6.68

0.01

4.19

0.05

8.45

0.01

Root Mean Squared

18.44

<0.00

31.74

<0.00

19.21

<0.00

Short Run High Gray Level Emphasis

20.47

<0.00

30.52

<0.00

19.97

<0.00

Sphericity

9.96

<0.00

16.78

<0.00

18.94

<0.00

Sum Average

23.33

<0.00

24.95

<0.00

20.07

<0.00

Volume

1.75

0.19ns

5.35

0.03

7.18

0.01

ns: non-significant at p= 0.05
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Of these features, 11 were texture features (eight from GLCM (Figure 16) and three from
GLRLM (Figure 17)), five were shape (
Figure 18) and three from first order statistics (Figure 19).

Figure 16: Box and whisker plots show the difference between the GLCM radiomic feature values at
the three imaging timepoints and the test-retest dataset using the Levene’s test. IDMN: Inverse
Difference Moment Normalised, IDN: Inverse Difference Moment

134

Figure 17: Box and whisker plots show the differences between the GLRLM radiomics feature value
at the three imaging timepoints and the test-retest dataset using the Levene’s test.

Figure 18: Box and whisker plots show the differences between the shape radiomics feature value
at the three imaging timepoints and the test-retest dataset using the Levene’s test.

135

Figure 19: Box and whisker plots show the differences between the first order statistics radiomics
feature value at the three imaging timepoints and the test-retest dataset using the Levene’s test.

Changes in reference muscle throughout treatment
The median (Q1-Q3) planned dose for the interval imaging cohort was 23.82 Gy (13.58 24.46) which was higher than the planned dose for the test-retest cohort of 2.18 Gy (2.22 –
7.74) (Figure 20).

Figure 20: Box and whisker plot shows a comparison of the radiation dose for the right gluteal
muscle for the test-retest and the interval imaging cohorts.
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A total of 10 of 83 features showed statistically significant changes in the width of
distribution from three timepoints (Baseline, week 3 and pre-op) in the reference muscle.
Interestingly, all the features are texture including four from GLCM, five from GLRLM and
one from GLSZM.
All features listed in Table 14 showed statistically significant results at all timepoints except
for Imc2 and Inverse Variance from the GLCM, which did not show a statistically significant
change when comparing the differences of change between baseline to week 3. There was
also no statistically significant change for Imc2 when comparing baseline to pre-op scans.

Table 14: Summary of all statistically significant features as measured by the non-parametric Levene's
test in the right gluteal muscle. Each column shows the results when comparing the difference of
imaging timepoint compared to the test-retest difference.
Baseline - Week 3

Features

Baseline – Pre-Op

Week 3 - Pre-Op

F value

Pr(>F)

F value

Pr(>F)

F value

Pr(>F)

Id

5.97

0.02

7.72

0.01

6.54

0.01

Imc2

1.60

0.21 ns

2.87

0.10 ns

4.55

0.04

Inverse Variance

1.40

0.24 ns

5.41

0.03

6.34

0.02

Long Run Emphasis

8.24

<0.00

10.95

<0.00

12.76

<0.00

Maximum Probability

10.57

<0.00

10.42

<0.00

14.80

<0.00

Run Length Non Uniformity Normalized

5.35

0.02

5.39

0.03

5.43

0.02

Run Percentage

6.69

0.01

6.56

0.01

6.68

0.01

Short Run Emphasis

6.85

0.01

5.71

0.02

5.49

0.02

Short Run Low Gray Level Emphasis

13.78

<0.00

9.26

<0.00

15.00

<0.00

Zone Entropy

6.27

0.02

6.56

0.01

7.60

0.01

ns: non-significant at p= 0.05
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Discussion
This study has investigated changes in MRI-based radiomic features in both tumour and
normal tissue. The features investigated were selected based on stability rank measurements
from longitudinal phantom and in vivo test-retest imaging. The phantom was used as a QA tool
to investigate the robustness of the MR imaging sequence used for radiomics analysis in this
chapter. Similarly, to the QA work performed in chapter 7, radiomic features from first order
statistics, texture and shape were highly robust with 63% of features having coefficient of
variation of ≤ 10%. Texture features from GLCM and GLRLM were the most robust texture
classifications, whereas GLSZM and NGTDM performed poorly with only one feature having a
COV ≤ 10% for GLSZM and no features having COV ≤ 10% for NGTDM.
The in vivo test-retest dataset described in chapter 7 included a cohort of 10 patients with
confirmed rectal adenocarcinoma undergoing neoadjuvant CRT. The patients underwent their
standard of care MRI simulation imaging prior to RT followed by a repeat MRI after an average
of 10 minutes. The images were used to segment both tumour and normal skeletal tissue (right
gluteus maximus) to assess which radiomics feature were most stable for feature selection.
After feature selection, the study identified 19 features that had statistically significant
changes in tumour during neoadjuvant CRT. Of the first order statistical features investigated;
kurtosis, range and root mean square were the only features that had statistically significant
changes and this was exhibited at all timepoint comparisons. De Cecco et al. (2015)(8) found
that kurtosis was the best predictor of rectal tumour response and showed that pre-treatment
kurtosis had a sensitivity and specificity for pCR of 100% and 77.8% respectively. Horvat et
al. (2018) (121) also found that kurtosis was the only first order feature that was relevant in
measuring treatment response after neoadjuvant CRT and that tumours with lower kurtosis
prior to treatment were associated with pCR.
Several texture features from the GLCM and GLRLM showed statistically significant changes
during treatment. This is not surprising as many previous studies have found texture features,
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particularly from the GLCM, to be informative and are included in predictive MRI-based
radiomics models (122,217–219) for rectal cancer.
Although many shape features had higher reproducibility and stability in phantom and in vivo
imaging; volume, flatness and least axis length were the only shape features that showed any
statistically significant changes amongst the interval imaging cohort. Previous studies have
found volume to be a powerful feature to predict pCR (89,205). Palmisano et al. (2018) (89)
found that the addition of a mid-treatment MRI to assess volume changes in rectal tumours
was an excellent predictor of pCR, with an accuracy rate of 81.5%.
It is recommended to report the correlation of tumour volume and radiomics features to
indicate the potential redundancy of the measurements (5). Therefore, the correlation of
tumour volumes with radiomic features was investigated. The results showed that ten shape
features that had statistically significant changes in the patient cohort were highly correlated
with volume such as least axis length, mesh volume, voxel volume and minor axis length.
There are several limitations to this study. This was a retrospective study and in both the testretest and interval imaging patient cohorts, the patient numbers were low. Therefore, the
observed correlations should be externally validated in another centre.
The radiomics analysis was only performed on T2-w images and no correlation analysis
between radiomics features and histopathology was performed. Further investigations using
histopathology as well as functional MRI sequences may unlock more features that are
potentially informative and carry useful clinical information.
Finally, correlation of radiomics feature changes with responders and non-responders was not
explored in this study. The correlation of features with treatment outcomes should be
explored further to find any potential imaging biomarkers to assist with rectal cancer
treatment and management.
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Conclusion
This study has used radiomic feature extraction to detect imaging features that show
quantitative changes using MRI during the course of neoadjuvant CRT. The results of this study
indicate that texture features from GLRLM and GLCM as well as a limited number of first order
and shape features were the most relevant radiomic features that showed statistically
significant changes on T2-w imaging and may be informative to assess tumour response to
neoadjuvant CRT.
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General Discussion
Medical imaging is an integral part of a patient’s cancer journey and has the potential to not
only be a diagnostic and staging tool, but an instrument to provide the clinician with
powerful imaging biomarkers that could influence clinical decision making (2).
Novel imaging biomarkers can potentially be extracted using the method of radiomics.
Radiomics is a method where standard of care images are utilised to potentially unlock
biomarkers by quantifying hundreds and in some cases thousands of imaging features such
as shape, texture and first order statistics from image histograms(4). These features are
correlated with clinical outcomes as well as genetic data to create a radiomics signature, a
unique set of features characterising tumours that can provide prognostic and predictive
power (7,70,83,105). Changes in these features over time can indicate tumour type and
stage as well as response to treatments. Use of these features could theoretically replace
ionising methods of assessing response such as PET and CT and replace the invasive biopsy
to stage and grade tumours. Indeed, it is an attractive proposition for clinicians wanting to
make evidence-based decisions during a patient’s cancer treatment with minimal
inconvenience and invasiveness to the patient.
However, radiomics is not without its limitations and much of the literature indicates that
standardisation of radiomics as well as image quality can influence the reliability of the
features being measured (3). The number of radiomics based studies is increasing
significantly (Figure 2), therefore the need for measuring the reliability of the features for
each study remains. There is a growing body of literature investigating the reliability of
imaging modalities such as PET (14,114–116) and CT (12,13,117,118) which are common
imaging modalities for patients to undergo at some point in their cancer journey whether
for diagnosis, staging or disease progression. However, there is limited evidence assessing
the efficacy of MRI as a reliable imaging modality for the purpose of imaging based
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radiomics analysis (3). The difficulty lies in the fact that image acquisition parameters for
MRI imaging is highly variable and this can impact the image contrast and image weighting.
Moreover, at the initiation of this thesis there was no dedicated phantoms developed that
encompass all features measured in a radiomics workflow such as texture, shape and subtle
variations of gray levels, that are often characteristic of in vivo tumours.

This thesis represents a body of work that aims to quantify the stability and reproducibility
of tumour heterogeneity in vivo and in a 3D printed phantom. The main areas of the research
were outlined in Chapter 1 and include:
•

Investigating the role of MRI as a quantitative imaging modality for radiomics and
common tissue mimicking materials used in phantoms for quantitative MRI analysis
(Chapters 2 & 3)

•

Development of a phantom suitable for radiomic analysis of standard of care
sequences used in RTP (Chapters 4 & 5),

•

Investigating the stability of MRI-based radiomic features across multiple centres
and MRI scanners utilising the phantom developed in Aim 2 (Chapter 5 & 6),

•

Assess the most useful and stable radiomic features for predicting rectal cancer
response to chemoradiation treatment. (Chapter 7 & 8),

•

Develop recommendations to improve the reliability of radiomic analysis of medical
images in a clinical setting.
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Radiomics Phantom Development
The work presented in this thesis has addressed several gaps in the literature related to
MRI-based radiomics. Chapter 4 introduces the concept of 3D printing MRI phantoms using
MRI visible materials. Although 3D printing has been used over the past 10 years as a
method for MRI phantom development, the novelty in this work lies in the type of material
used for 3D printing. The photopolymer resin used established the feasibility of using MRI
visible materials alone or alongside other materials to develop anthropomorphic phantoms
that mimic the MRI relaxation characteristics of cortical bone. Although the phantoms were
only suitable for a particular sequence (ultrashort echo time sequences) the work played a
pivotal role for the development of a radiomics phantom. The material was shown to be
stable in its chemical and physical characteristics and did not degrade over time. The
material was also suitable for segmentation using automatic methods which is a key step in
the radiomics workflow.
Chapter 5 builds on the work established from using red resin as a solid 3D printed material
however looked at a different material (high temperature white resin) which is also visible
on MRI without the need for exogenous filling agents. The main difference between the two
resins, is that the high temperature resin can be used for more clinically utilised sequences
with ‘conventional’ echo time. This means that it has the potential to be used as a single
material for a radiomics phantom with more complex features based on a 3D printed design.
Similarly to the photopolymer resin used in chapter 4, the high temperature resin was also
assessed in terms of its chemical and physical stability and a range of different phantoms
were created for different purposes such as geometric distortion quantification, image
quality and resolution assessment, motion assessment in a hybrid therapeutic system
(Australian MRI Linac) and finally texture analysis. The work found the high temperature
resin to be stable in both its chemical and thermal properties, it had minimal susceptibility
when combined with other materials such as water (-0.07 ppm). Most importantly, the
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texture model had a range of gray levels which is ideal for texture analysis and had a
variation of features sizes ranging from 1.5 mm to 4.2 mm. The texture model created used
spherical harmonics, which is a controlled method of varying the complexity of a
homogenous sphere to a more spiculated design (characteristic of malignant tumour
borders). Chapter 6 further built on the texture phantom developed in chapter 5 to introduce
the first MRI radiomics phantom that is 3D printed and can be imaged across multiple
centres with different MRI systems. The work assessed the stability of radiomics features
across the different scanners and found that even with a controlled protocol where the
image parameters were kept constant, there was still variation seen in radiomics features.
Overall, first order features were the most robust and this has been reported in previous
studies. Texture and shape were less reliable and reproducible across the multiple centres,
which may suggest that variation in radiomics features may exist when conducting multi
centre trials. Importantly, some of the radiomics features measured in the phantom were
comparable to in vivo tumour values reported in the literature. As outlined in chapter 3, the
advantage of using TMMs as a component in phantom development can provide more
realistic testing of imaging systems and image guided therapeutic devices with no impact
on animals or human subjects. Although not all values measured matched every tumour site
(namely breast and prostate), the reasons for this may be due to computational differences
in radiomics analysis such as computational bin size and image resolution.
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Clinical translation of radiomics phantom
Quantifying radiomic feature stability is imperative in clinical trials to ensure that the
measurements are accurate and reflective of true clinical changes. This is particularly
important for cancer treatments such as radiation therapy where imaging can be used to
‘adapt’ treatment based on changes in quantitative imaging features. Adaptive radiation
therapy as discussed in chapter 2, relies on the characterisation of anatomical and
pathological changes (40). These changes can be visualised using imaging – either using
onboard imaging with a linear accelerator, known as image guided radiation therapy, or by
using conventional image modalities during treatment such as PET, CT or MRI.
Image guided radiation therapy is currently the gold standard. Linear accelerators are
equipped with onboard CT and cone beam CT which allows for verification of treatment
planning fields by registering the patient position on the day to the planning CT (40).
Recently, MRI guided linear accelerators (MR-Linac) have been proposed and designed,
with two versions of this technology already commercially available (220,221). The
advantage of MRI guidance is the superior soft tissue contrast MRI provides as well as its
quantitative and functional imaging capabilities as discussed in chapter 2. Quantitative
imaging features can be extracted from MR Linac guided images to assess treatment
response and adapt treatment daily (222). In a treatment workflow where adaptation can
happen at every treatment fraction, the ability to extract imaging features that provide
anatomical and pathological information can improve treatment outcomes (222,223).
However, because the MR Linacs are equipped with MRI scanners with varying magnetic
field strengths and magnet types (224), radiomic feature reproducibility and stability
measurements must first be established to confidently use these measurements in an
adaptive RT setting. Chapter 6 assessed the repeatability and stability of radiomic
measurements across different MRI scanners with different magnetic field strengths. The
study found that texture features from GLRLM and NGTDM were less reproducible as the
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shapes of the phantom test objects became more complex and spiculated (Chapter 6 –
Figure 6). The study also found that shape features were not highly reproducible across the
different scanners, which may have been due to setup errors. To address setup errors, the
phantom test objects can be secured on the horizontal platform (See Chapter 6, Section 2.A)
so that they cannot be removed to improve reproducibility of setup. This was a greater issue
when imaging the phantom on different MRI scanners (Chapter 6) as opposed to imaging
the phantom on a single scanner, as shape features were highly repeatable from the single
centre study in chapters 7 and 8
Chapters 7 and 8 used the phantom to assess the stability and reproducibility of sequences
used for in vivo rectal cancer imaging. The sequence used in chapters 7 was a radiation
therapy simulation planning sequence which was different to the diagnostic sequence used
in chapter 8. This is the first step to clinical translation of the phantom for quality control of
a range of imaging sequences as well as used for feature selection in an in vivo dataset. The
phantom test objects are a useful tool to assess the intrascanner stability of features for the
one MRI system and image sequence (chapter 6). As such, a test-retest dataset of human
subjects was also analysed to assess the stability of measurements for rectal
adenocarcinomas in chapter 7. The repeatability and reproducibility measurements from
both the phantom and test-retest cohort of patients were used for feature selection of a
larger set of patients to assess the changes in radiomics features in normal and diseased
tissue during chemoradiotherapy (chapter 8). The phantom was a useful QA tool for both
imaging protocols and was able to provide informative baseline measurements for the most
stable features in the two clinical trial protocols.
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Recommendations for MRI-based radiomics
The work performed in this thesis has made several important findings that can be used in
a clinical radiomics workflow to improve the reliability of MRI-based radiomics analysis.
These include:
I.

QA imaging protocols with a suitable phantom:
The initial work in this thesis focused on designing a phantom that would be suitable
for radiomics analysis. 3D printing the phantom was explored for two reasons: 1) it
can be easily reproduced and 2) the STL files can be shared and printed anywhere,
which is valuable in multi-centre trial settings. MRI visible materials were explored
because with initial investigation it was found that these materials minimised
artefacts compared to using a combination of materials with different magnetic
susceptibility (Chapter 6), the resins used provided adequate NMR signal to
facilitate fast and automatic segmentation (chapters 4 & 5) and finally, the method
and the materials used allowed us to create a complex design with varying shapes
and textures. Inter and intra-scanner QA was performed for various imaging
protocols, and it was found that there were radiomics features that were less robust
and repeatable based on the phantom measurement. Therefore, it is recommended
that QA scans, where measurements such as COV are measured, are included in a
radiomics workflow to ensure only the most robust features are analysed.

II. Use the same imaging protocol and scanner where possible:
The results chapter 7 (Figure 12 & Figure 13) highlights that in the presence of
varying noise levels and spatial resolution, the reproducibility of radiomics feature
values degraded. In particular, features from texture classes NGTDM and GLSZM
were more sensitive to added Gaussian noise and variation in spatial resolution.
Images acquired with the same protocol using different scanners (chapter 6) of
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varying field strengths were also susceptible to variation in radiomics feature
values. Therefore, it is recommended that wherever possible the imaging protocol
and scanner should remain consistent particularly for multi-centre trials.

III. Feature selection using both phantom and in vivo test-retest imaging:
The results in chapters 7 & 8 found that the combination of both phantom and in
vivo repeat datasets, were necessary in establishing a benchmark of stable
radiomics features that can be further analysed in a larger retrospective study. Like
other quantitative imaging techniques in MRI, QA of the imaging protocols using a
phantom is recommended. This will ensure that only stable and reproducible
features are used for analysis. As physical phantoms do not always encompass in
vivo radiomics values like human tissue, test-retest imaging of the tumour group of
interest is also recommended.

IV. Correlation of radiomic values with volume:
As discussed in chapter 8, some radiomic features can be highly correlated with one
another and therefore may not provide any additional clinically relevant
information. There are several features that are highly correlated with volume. In
chapter 8, 35% of features had high correlation with volume (Spearman’s ρ > 0.6)
and therefore may be redundant, dependant on the feature reduction approach
taken.
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Future Perspectives
Based on the work presented in this thesis, there are several areas that may benefit with
further investigation, including:

1. Phantom design
The phantom developed in this thesis provided a range of textures, shapes and gray levels
required for radiomics analysis. Figure 9 in chapter 5 illustrates how with a single material,
gray levels can be diversified by exploiting partial volume artefacts and heterogenous shape
to create an image with greater textural components. Figure 4 in chapter 6 illustrates how
with two materials (Filling material and resin), gray levels can be diversified within a
homogenous shape to create texture.
Further investigation in utilising more than one resin during the printing process may
provide another method to create greater textural components within the phantom.
Moreover, investigating materials that have radiomic feature values closer to that of in vivo
values may have more relevant clinical information for feature selection in patient
radiomics studies.

2. Investigating radiomic features computed using alternative methods
The radiomics analysis performed in this thesis include features computed from first order
statistics, shape and texture including GLCM, GLRLM, GLSZM and NGTDM. There are several
ways to add filters to these features including Laplacian of Gaussian (LoG) and wavelets.
LoG filters can detect rapid changes in intensity values among adjacent pixels and therefore
is useful in edge detection (225). Wavelet transforms analyse texture in the frequency
domain, and wavelet coefficients often have high amplitudes around edges and in textured
areas in an image (226). LoG and wavelet filtered features have been included in several
radiomics signatures from different tumour groups (74,83,121,217,218,227) Therefore,
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quantifying the stability of these filtered features with phantom and in vivo test-retest
measurements may provide a greater number of features that can be used to assess changes
in tumour heterogeneity during treatment.
Deep learning can also be used as a method to extract more radiomic features. These
features are termed “deep features” and can be extracted during the training phase of a
radiomics workflow (103). These deep learning networks are trained on large medical
image datasets (228–230) and have also been used to extract fine and rough details from
natural images (231).

3. Assessing the feasibility of the phantom developed in this thesis for
feature selection with different imaging modalities
As oncology has a rich amount of imaging data, including imaging from treatment machines
as well as imaging from other modalities such as PET and CT, retrospective radiomics
analysis of these images may unlock new imaging biomarkers for a range of tumour groups.
The phantom developed in this thesis, although imaged predominantly with MRI, is also
visible using CT (chapter 5 – figure 6) and therefore may also be useful in feature selection
for CT radiomic features. Further investigations into the feasibility of using the phantom for
CT is warranted. This will allow for its use across multi modalities as a method feature
selection where in vivo test-retest data may not always be possible due to patient exposure
to non-ionising radiation.
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4. Clinical translation
There are many opportunities to implement radiomics analysis in the clinic by using the
methodologies executed in this thesis. Some of the opportunities for future development
include:

I. Using the phantom developed in this thesis for radiomics on an MRL for
adaptive RTP
The high temperature white resin used for the phantom developed in this thesis was not
only a suitable material for clinical MRI systems, but it was a compatible material for a
distortion phantom on a high field inline MRL as shown in the work performed in chapter
5. Therefore, this may provide opportunity to investigate the repeatability and
reproducibility of radiomics features on a therapeutic system with onboard MR guided
imaging. As discussed in chapter 2 Section 2.2, adaptive RT involves optimising treatment
plans and dose delivery based on patient specific anatomy and biological variations
observed during RT. If radiomics analysis is used as a quantitative method to assess tumour
response and progression during RT on therapeutic systems such as the MRL, then the
phantom developed in this thesis would be a suitable test object to ensure the features
calculated are stable and reproducible. In doing so, this will ensure only stable features are
used as predictive imaging biomarkers in an adaptive RT workflow minimising the use of
redundant and unstable features.

II. Using the informative features in chapter 8 to assess responders versus
non-responders
As discussed in chapter 8, the 19 radiomic features that were found to be informative
can be further analysed to assess correlation of these features with clinical outcomes.
Specifically, radiomics features can be correlated with responders versus non-

152

responders which can potentially unlock radiomic features that can be used as imaging
biomarkers in rectal cancer treatment. Moreover, there is potential to utilise the same
radiomics methodology for functional MRI sequences that were acquired such as DWI
and DCE.

III. Using the radiomics workflow in this thesis and expanding to more
tumour groups.
The methodology of radiomic analysis and feature selection was well established in this
thesis. The methodology was not specific to a tumour group or specific cancer centre.
Therefore, this workflow has the potential to be used in the future for different cancer
types. This is advantageous for radiomics of retrospective cancer imaging data,
particularly for studies where imaging is acquired before during and after treatment.
The phantom developed in chapter 6 with a T1 and T2 of 150.7 ± 6.7 ms and 56.1 ± 3.9
ms, respectively was suitable for standard of care sequences. This demonstrates that for
anatomical imaging the phantom is suitable as a QA phantom for radiomics stability
measurements. For less common sequences such as UTE, the photopolymer red resin
utilised in chapter 3 has potential to be used as a material for a radiomics phantom to
cover a wider TR and TE range.
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Summary & Conclusion
Quantitative analysis of MR images using radiomics is a popular and evolving method to
characterise tumour heterogeneity using image features non-invasively.
Appraisal of the literature identified the need to develop a specialised phantom for
radiomics analysis for MRI as well as the need to measure the stability of radiomics features
using MRI in both a phantom and in vivo. The phantoms developed in this thesis included
MRI visible materials that can be 3D printed which addressed limitations of conventional
phantoms. The phantom used for radiomics analysis was specially designed to include
imaging features computed using radiomics analysis. The phantom was then used for QA of
imaging sequences and feature selection as part of a radiomics workflow for a larger in vivo
rectal cancer study.
The results of this thesis show that the materials for the phantom had sufficient
signal to noise ratio for tissue segmentation and had excellent longitudinal stability. The
phantom developed was able to be used for multiple purposes including image quality
assessment, geometric distortion quantification, motion assessment and radiomic feature
analysis. The multi-centre phantom results demonstrate that when radiomics analysis is
considered for standard of care MRI scans, caution must be taken to ensure imaging
protocols for intra and inter-institutional patient studies are kept consistent to improve
feature robustness. The in vivo rectal cancer radiomics study found that many features were
stable and reproducible when imaging protocols are consistent. However, features that are
highly correlated with one another must be accounted for to ensure that any radiomics
prognostic model developed is both informative and clinically relevant. The results of this
thesis show that radiomics features including first order statistics, shape and a few texture
features from GLCM and GLRLM were the most consistently stable feature classes in both
phantom and in vivo experiments. The results highlight the importance of robust feature
stability assessment prior to using a feature is a radiomics prognostic model.
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The work presented in this thesis will help provide a foundation for future
radiomics research in oncology, with the potential to provide prognostic and predictive
power for clinical decision making and personalised treatment.
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Appendix 1
Imaging parameters used and controlled for in Chapter 6: Multicentre Evaluation of MRI-based Radiomics Features: A Phantom Study
Scan
Number

Sequence

Transmit/Receiver Coil

TR (ms)

TE (ms)

Flip Angle (0)

Voxel Size
(mm)

Matrix
(mm)

ETL/ Turbo
Factor

120

Slice
thickness
(mm)
3

2

Parallel Imaging
(Acceleration
factor)
Off

Fat/Water
Shift
(Pixel)
1

1

TSE/FSE

Body/Surface

2000-3000

9

0.8 x 0.8

250 x 250

2

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

4*

Off

1

3

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

8*

Off

1

4

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

10*

Off

1

5

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

14*

Off

1

6

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

16*

Off

1

7

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

2

On (Acc = 2)*

1

8

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

2

On (Acc = 3)*

1

9

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

2

On (Acc = 4)*

1

10

TSE/FSE

Body/Surface

2000-3000

9

120

3

0.8 x 0.8

250 x 250

2

On (Acc = 5)*

1

11

TSE/FSE

Body/Body*

500

9

120

3

0.8 x 0.8

250 x 250

2

N/A

1

TSE: Turbo Spin Echo, FSE: Fast Spin Echo, TR: Repetition Time, TE: Echo Time, ms: milliseconds, mm: millimetres, ETL: Echo Train Length
*: Denotes incremental changes in protocol to control for both ETL, Parallel Imaging and coil selection

180

Appendix 2
List of feature categories and features assessed in Chapter 6: Multicentre Evaluation of MRI-based
Radiomics Features: A Phantom Study

Feature Category

Features

First Order Statistics

Energy, Entropy, Kurtosis, Mean, Mean Absolute
Deviation, Median, Range, Root Mean Square,
Skewness, Standard Deviation, Uniformity, Variance
Compactness, Maximum Diameter, Spherical
Disproportion, Sphericity, Surface Area, Surface
Area to Volume Ratio, Volume
Autocorrelation, Contrast, Correlation, Cluster
Prominence, Cluster Shade, Dissimilarity, Energy,
Entropy, Homogeneity, Max probability, Sum of
squares: Variance, Sum Average, Sum variance,
Sum Entropy, Difference Variance, Difference
Entropy, Information measure of correlation 1,
Inverse Difference Normalised, Inverse Difference
Moment
Short Run Emphasis, Long Run Emphasis, Gray
Level Non-Uniformity, Run Length NonUniformity, Run Percentage, Low Gray Level Run
Emphasis, High Gray Level Run Emphasis, Short
Run Low Gray Level Emphasis, Short Run High
Gray Level Emphasis, Long Run Low Gray Level
Emphasis, Long Run High Gray Level Emphasis,
Gray-level variance, Run-length variance
Small zone emphasis, Large zone emphasis, Graylevel non-uniformity, Zone-size non-uniformity,
Zone Percentage, Low gray-level zone emphasis,
High gray-level zone emphasis, Small zone low
gray-level zone emphasis, Small zone high graylevel zone emphasis, Large zone low gray-level
zone emphasis, Large zone high gray-level zone
emphasis, Gray-level variance, Zone-size variance
Coarseness, Contrast, Busyness, Complexity,
Strength

Shape

Texture: GLCM

Texture: GLRLM

Texture: GLSZM

Texture: NGTDM

GLCM: Gray Level Co-occurrence Matrix, GLRLM: Gray Level Run Length Matrix, GLSZM:
Gray Level Size Zone Matrix, NGTDM: Neighbourhood Gray-Tone Difference Matrix
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Appendix 3

Intrascanner

Interscanner

Intrascanner

Interscanner

Intrascanner

Interscanner

Mean COV (%)

ICC

Mean COV (%)

ICC

Mean COV (%)

ICC

Autocorrelation

8.30

0.74

SRE

0.11

0.90

SZE

1.35

0.87

0.42

LRE

0.41

0.90

LZE

19.43

0.70

26.98

0.89

GLN

9.74

0.84

GLN

4.74

0.84

Cluster Prominence

35.29

0.75

RLN

0.29

0.90

ZSN

2.98

0.88

Cluster Shade

20.19

0.62

RP

0.14

0.90

ZP

4.03

0.88

Dissimilarity

8.61

0.35

LGRE

33.19

0.86

LGZE

15.90

0.81

Energy

14.90

0.89

HGRE

15.00

0.86

HGZE

8.86

0.87

GLSZM

18.92

GLRLM

Contrast
Correlation

Entropy

2.04

0.87

SRLGE

32.48

0.86

SZLGE

15.43

0.70

Homogeneity

4.96

0.90

SRHGE

14.96

0.86

SZHGE

9.90

0.87

Maximum Probability

18.27

0.92

LRLGE

35.79

0.86

LZLGE

40.79

0.61

Sum of squares: Variance

12.10

0.79

LRHGE

15.08

0.86

LZHGE

20.08

0.60

Sum Average

4.23

0.76

GLV

24.81

0.61

GLV

28.53

0.62

Sum variance

9.08

0.73

RLV

14.66

0.74

ZSV

23.56

0.65

Sum Entropy

1.87

0.81

Difference Variance

18.92

0.42

Coarseness

17.29

0.55

Difference Entropy

2.91

0.43

Contrast

21.12

0.89

Information measure of
correlation 1
Inverse Difference
Normalised
Inverse Difference Moment

5.19

0.91

Busyness

21.48

0.73

0.94

0.53

Complexity

21.16

0.89

0.90

0.39

Strength

18.45

0.90

NGTDM

GLCM

Complete list of the interscanner coefficient of variation (COV) and interscanner intraclass correlation coefficient (ICC) for all features assessed in Chapter 6: Multicentre Evaluation of
MRI-based Radiomics Features: A Phantom Study
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Interscanner

Intrascanner

Interscanner

Mean COV (%)

ICC

Mean COV (%)

ICC

Energy

8.99

0.92

Compactness

5.12

0.67

Entropy

12.66

0.64

Maximum Diameter

0.98

0.40

Kurtosis

20.31

0.69

Spherical Disproportion

2.83

0.43

Mean

5.57

0.91

Sphericity

3.11

0.36

Mean Absolute Deviation

12.64

0.91

Surface Area

5.14

0.63

Median

6.60

0.92

Surface Area to Volume Ratio

4.50

0.57

Range

4.99

0.93

Volume

8.12

0.72

Root Mean Square

5.66

0.92

Skewness

26.84

0.62

Standard Deviation

10.76

0.92

Uniformity

18.70

0.46

Variance

21.50

0.91

Shape

First Order Statistics

Intrascanner
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Appendix 4
The following table shows the COV for all radiomics features analysed in Chapter 7: Repeatability and
reproducibility of MRI-based radiomic features in rectal cancer

Feature Class

First Order

GLCM

GLRLM

Feature
Energy
Entropy
Kurtosis
Maximum
Mean
Mean Absolute Deviation
Median
Minimum
Range
Robust Mean Absolute Deviation
Root Mean Squared
Skewness
Total Energy
Uniformity
Variance
Autocorrelation
Cluster Prominence
Cluster Shade
Cluster Tendency
Correlation
Difference Average
Difference Entropy
Difference Variance
Inverse Difference
Inverse Difference Moment
Inverse Difference Moment
Normalised
Inverse Difference Normalised
Information Measure of Correlation 1
Information Measure of Correlation 2
Inverse Variance
Joint Average
Joint Energy
Joint Entropy
Maximum Probability
Maximal Correlation Coefficient
Sum Average
Sum Entropy
Sum Squares
High Gray Level Run Emphasis
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COV

SD

13.7%
3.9%
7.8%
6.4%
6.1%
8.0%
7.4%
0.0%
6.6%
10.2%
5.8%
9.5%
13.7%
8.5%
14.2%
10.4%
28.0%
25.3%
14.3%
11.1%
9.2%
4.3%
16.1%
3.1%
4.0%

1.7%
1.1%
1.9%
2.2%
0.9%
3.3%
3.1%
0.0%
2.0%
4.7%
0.7%
16.8%
1.7%
2.1%
5.1%
0.3%
6.5%
43.5%
4.8%
7.6%
2.7%
1.3%
4.5%
0.6%
0.9%

0.4%
0.8%
7.5%
5.7%
4.5%
5.1%
17.5%
4.3%
6.5%
21.6%
5.1%
3.5%
14.3%
10.3%

0.2%
0.2%
3.1%
3.1%
1.6%
0.2%
3.8%
1.1%
5.1%
1.3%
0.2%
1.0%
4.6%
1.5%

GLSZM

NGTDM

Shape

Long Run Emphasis
Long Run High GrayLevel Emphasis
Long Run Low Gray Level Emphasis
Low Gray Level Run Emphasis
Run Entropy
Run Length Non Uniformity
Run Length Non Uniformity
Normalized
Run Percentage
Run Variance
Short Run Emphasis
Short Run High Gray Level Emphasis
Short Run Low Gray Level Emphasis
High Gray Level Zone Emphasis
Large Area Emphasis
Large Area High Gray Level Emphasis
Large Area Low Gray Level Emphasis
Low Gray Level Zone Emphasis
Size Zone Non Uniformity
Size Zone Non Uniformity Normalized
Small Area Emphasis
Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis
Zone Entropy
Zone Percentage
Zone Variance
Busyness
Coarseness
Complexity
Contrast
Strength
Elongation
Flatness
Least Axis Length
Major Axis Length
Maximum 2D Diameter Column
Maximum 2D Diameter Row
Maximum 2D Diameter Slice
Maximum 3D Diameter
Mesh Volume
Minor Axis Length
Sphericity
Surface Area
Surface Volume Ratio
Voxel Volume
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14.0%
12.5%
24.5%
11.7%
1.7%
11.1%

8.9%
7.4%
10.2%
3.6%
0.2%
2.6%

3.4%
2.7%
22.1%
1.6%
11.1%
11.8%
10.9%
38.4%
31.2%
45.2%
25.9%
26.9%
15.6%
11.1%
16.3%
37.2%
4.6%
18.7%
38.3%
22.0%
14.1%
19.3%
19.7%
16.7%
0.6%
6.1%
6.9%
1.4%
2.0%
1.4%
1.4%
1.4%
10.0%
1.6%
2.5%
4.5%
5.7%

1.1%
0.7%
9.5%
0.6%
2.1%
4.0%
4.5%
4.2%
2.7%
2.5%
7.2%
14.9%
12.0%
9.3%
6.3%
14.4%
4.1%
5.8%
4.7%
2.4%
1.1%
7.3%
6.9%
3.8%
0.3%
1.9%
2.7%
0.6%
0.5%
0.4%
0.7%
0.4%
3.4%
0.4%
0.4%
1.9%
0.6%

10.0%

3.4%

Appendix 5
The following table shows the COV for all radiomics features analysed in Chapter 8: Detecting MRIbased radiomic feature changes during rectal cancer chemoradiotherapy

Feature Class

First Order

GLCM

GLRLM

Feature
Energy
Entropy
Kurtosis
Maximum
Mean
Mean Absolute Deviation
Median
Minimum
Range
Robust Mean Absolute Deviation
Root Mean Squared
Skewness
Total Energy
Uniformity
Variance
Autocorrelation
Cluster Prominence
Cluster Shade
Cluster Tendency
Correlation
Difference Average
Difference Entropy
Difference Variance
Inverse Difference
Inverse Difference Moment
Inverse Difference Moment Normalised
Inverse Difference Normalised
Information Measure of Correlation 1
Information Measure of Correlation 2
Inverse Variance
Joint Average
Joint Energy
Joint Entropy
Maximum Probability
Maximal Correlation Coefficient
Sum Average
Sum Entropy
Sum Squares
High Gray Level Run Emphasis
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COV

SD

12.0%
3.3%
9.6%
7.5%
4.5%
7.5%
6.6%
0.0%
7.5%
9.1%
4.2%
19.5%
12.0%
6.8%
13.6%
7.8%
27.8%
23.3%
14.0%
10.8%
7.0%
3.5%
12.1%
2.5%
3.3%
0.4%
0.8%
9.6%
7.0%
4.6%
3.9%
13.1%
3.3%
7.6%
16.4%
3.9%
3.2%
12.8%
7.4%

2.6%
1.3%
3.3%
2.6%
0.8%
2.6%
2.6%
0.0%
2.7%
3.3%
0.5%
34.2%
2.6%
3.0%
4.3%
0.9%
7.1%
46.7%
4.8%
5.1%
2.7%
1.5%
3.3%
0.5%
0.6%
0.2%
0.3%
2.6%
3.5%
2.5%
0.5%
5.5%
1.4%
3.8%
5.2%
0.5%
1.6%
4.3%
0.8%

GLSZM

NGTDM

Shape

Long Run Emphasis
Long Run High Gray Level Emphasis
Long Run Low Gray Level Emphasis
Low Gray Level Run Emphasis
Run Entropy
Run Length Non Uniformity
Run Length Non Uniformity Normalized
Run Percentage
Run Variance
Short Run Emphasis
Short Run High Gray Level Emphasis
Short Run Low Gray Level Emphasis
High Gray Level Zone Emphasis
Large Area Emphasis
Large Area High Gray Level Emphasis
Large Area Low Gray Level Emphasis
Low Gray Level Zone Emphasis
Size Zone Non Uniformity
Size Zone Non Uniformity Normalized
Small Area Emphasis
Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis
Zone Entropy
Zone Percentage
Zone Variance
Busyness
Coarseness
Complexity
Contrast
Strength
Elongation
Flatness
Least Axis Length
Major Axis Length
Maximum 2D Diameter Column
Maximum 2D Diameter Row
Maximum 2D Diameter Slice
Maximum 3D Diameter
Mesh Volume
Minor Axis Length
Sphericity
Surface Area
Surface Volume Ratio
Voxel Volume
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8.3%
9.4%
17.9%
9.9%
1.9%
9.9%
3.2%
2.1%
14.4%
1.5%
8.2%
10.0%
14.7%
30.7%
29.2%
35.8%
11.5%
22.1%
12.2%
8.0%
19.2%
18.6%
3.2%
15.6%
30.9%
21.1%
12.8%
21.9%
18.4%
24.4%
0.9%
5.0%
5.4%
2.0%
2.3%
1.8%
1.7%
1.5%
8.1%
1.9%
2.1%
4.3%
4.4%
8.0%

6.9%
4.9%
2.2%
2.2%
0.8%
4.0%
2.0%
1.4%
8.2%
1.1%
1.1%
1.9%
6.6%
4.0%
5.1%
7.0%
1.8%
6.2%
4.6%
3.4%
9.0%
4.3%
1.2%
4.8%
4.6%
2.1%
5.8%
8.4%
7.9%
6.4%
0.4%
2.4%
2.7%
0.9%
0.6%
0.7%
0.6%
0.6%
3.7%
0.7%
0.2%
1.9%
1.5%
3.7%

