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Abstract
42, 500 people are treated each year for cancers in the pelvis in the UK. Radiotherapy is a

key treatment technique for pelvic cancers, with approximately 40% of patients receiving

it as the primary or adjuvant treatment. Critical to targeting the radiation accurately is

the quality of the imaging used to plan radiotherapy treatments. Conventional Computed

Tomography (CT) imaging is geometrically robust and provides mass density information

for accurate radiotherapy dose calculations. However in the pelvis the poor soft-tissue con-

trast of CT makes delineation of the tumour and nearby healthy Organs At Risk (OARs)

difficult and CT is unable to provide functional or metabolic information about the tu-

mour. In contrast, Magnetic Resonance (MR) has superb soft-tissue contrast, improving

the accuracy of tumour and OAR delineation, and is also able to provide additional func-

tional information to further characterise the tumour such as Diffusion Weighted (DW)-

MR. When combined with the metabolic information available from Positron Emission

Tomography (PET) in a simultaneous PET-MR scanner, this has great potential to en-

able the identification of tumour sub-volumes for receiving boost radiation doses and to

characterise the tumour for more stratified radiotherapy dose prescriptions.

However there are significant scientific and technical barriers to using MR-only and PET-

MR imaging for radiotherapy planning in the pelvis. The aim of this thesis was to develop

technical solutions to enable MR-only and PET-MR for radiotherapy planning of pelvic

cancers and to evaluate these solutions for clinical radiotherapy treatments.

The primary barrier to MR-only radiotherapy is that MR images cannot be used directly

for radiotherapy dose calculations. This dissertation describes the development of a syn-

thetic CT (sCT) Deep Learning model based on a novel zero echo time MR sequence, in

collaboration with GE Healthcare, and its comprehensive evaluation for a range of pelvic

radiotherapy treatments. Additionally, a separate Deep Learning algorithm that auto-

matically contoured OARs, also developed by GE Healthcare, was evaluated for prostate,

anal and rectal cancer sites. Finally, clinical implementation of MR-only radiotherapy

also requires a method for ongoing Quality Assurance (QA) of the sCT dose calculation

accuracy. A method using Cone Beam (CB)CT was developed and analysed on a cohort

of clinical MR-only patients.

A major barrier for the use of PET-MR imaging for pelvic radiotherapy is the impact

on both PET and MR image quality when acquiring images in the pelvic radiotherapy

position. This image quality loss was quantified using phantoms and methods of incorpo-

rating the radiotherapy hardware into the PET Attenuation Correction (AC) map were

developed. The impact of using these AC maps on tumour delineation and metabolic

characterisation was then investigated in anal and rectal radiotherapy patients.

Acquiring an accurate PET image also requires an AC map of the patient. This is chal-

lenging for PET-MR because MR, unlike CT, cannot directly be used for PET AC. This
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could be overcome by using the MR-generated sCT evaluated for MR-only radiotherapy

to generate a patient AC map. The accuracy of PET images reconstructed using sCTAC

compared to gold standard CTAC and also the current MR-based MRAC was evaluated.

Another essential component to enabling the use of PET-MR imaging for radiotherapy

planning is a QA programme focused on radiotherapy requirements. The tests needed for

such a programme were developed and their same-day repeatability and monthly stability

over 12 months evaluated.

Finally, fully utilising MR and PET-MR imaging for radiotherapy requires imaging times

of 20 minutes or more so that high quality anatomical, functional and metabolic infor-

mation can be acquired. However, for radiotherapy treatment planning it is critical that

the positions of the internal anatomy need to be the same during imaging as they are

for treatment. During image acquisitions of ≥ 20 minutes, organ motion from changes in

bladder filling with be substantial. This organ motion was assessed in healthy volunteers

and a method of correcting for the organ motion and developed and evaluated.

In summary, this thesis has developed and evaluated methods that enable MR-only and

PET-MR imaging to be used for pelvic radiotherapy. These have included automated

OAR delineation, bladder filling management, quantitative PET imaging in the radio-

therapy position and accurate radiotherapy dose calculation, all underpinned by patient

specific and system QA tests. Together, this thesis enables MR-only and PET-MR to be

implemented for patients, paving the way for evaluation of their clinical benefits.
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Chapter 1

Introduction and Review of the

Literature

1.1 Setting the Scene

Approximately 42,500 patients are treated annually in the UK for cancers in the pelvis,

including gastrointestinal, gynaecological and urological cancers [1]. Radiotherapy is a

fundamental treatment technique for these patients with only surgery being used more

frequently [2]. Around 40% of patients with pelvic cancers are treated with radiotherapy

in the UK [1]. Radiotherapy uses high energy radiation to destroy cancer cells but can

also damage healthy tissue, resulting in treatment side-effects such as bladder and bowel

incontinence, cystitis, rectal bleeding, fistulae, bowel obstructions and pelvic fractures.

These can severely impact a patient’s quality of life, both during treatment and for the

rest of their lives [2]. 50% of patients receiving pelvic radiotherapy report permanent

side-effects that adversely affect their quality of life [3].

Modern radiotherapy techniques such as Intensity Modulated RadioTherapy (IMRT) are

able to create highly complex treatment plans which conform the high dose radiation

to the cancer target and minimise the radiation to healthy tissues, reducing treatment

side-effects whilst maintaining treatment effectiveness [4]. A meta-analysis of 23 studies

in prostate cancer showed that IMRT significantly decreased grade 2-4 acute Gastro-

Intestinal (GI) side-effects, chronic GI toxicity and chronic rectal bleeding compared to

3D conformal radiotherapy [5]. Similarly a meta-analysis for cervical cancer showed sig-

nificant improvements for IMRT in acute GI and Genito-Urinary (GU) side-effects and

chronic GU side-effects. For rectal cancer, retrospective reviews have shown significant

reductions in grade 2+ GI toxicity and grade 2+ diarrhoea from 62% to 32% and 48%

to 23% respectively when compared to 3D conformal radiotherapy, the previous clinical

standard [6].

However, the much steeper dose gradients outside of the tumour produced by IMRT
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techniques make accurate targeting of the tumour critical [7]. The standard radiotherapy

workflow involves a number of different steps (see figure 1.1), and the overall treatment

accuracy is determined by the uncertainties within each step, with the step with the largest

uncertainty dominating [8]. In the current standard workflow, the step with the largest

uncertainty is manual delineation of the target volumes and Organs At Risk (OAR) by a

clinician on the planning images, which has significant intra- and inter-observer variability

[9]. Radiotherapy uncertainties are accounted for by the expansion of tumour volumes by

a safety margin to produce a Planning Target Volume (PTV) [10]. This reduces the chance

of the tumour being under-dosed but at the expense of the increased irradiation of healthy

tissue surrounding the tumour. Reducing the delineation uncertainty would enable the

PTV margin to be reduced, sparing more healthy tissue and so reducing treatment side-

effects but without impacting on the treatment effectiveness [11]. The key to reducing

this delineation uncertainty is to improve the quality of the planning images [7].

Figure 1.1: Radiotherapy workflow showing the main different steps for a prostate cancer treatment: 1)
Imaging in the treatment position, 2) Manual contouring of target (green line) and OARs (bladder in
blue, femoral heads in yellow and orange and rectum in purple), 3) IMRT treatment planning with the
isodoses (regions receiving approximately the same radiation dose) shown as a colour wash from dark blue
(33% of prescribed dose) to orange (95%) and 4) Treatment including onboard Cone Beam Computed
Tomography (CBCT) verification imaging, CBCT registration to planning imaging, shifting the patient
couch to the optimum position and delivering treatment beam(s).

Another aspect currently limiting radiotherapy treatments is targeting the entire tumour

with a homogeneous dose [10], despite tumours being very heterogeneous [12]. For treat-

ment to be successful this requires the entire PTV to receive a radiation dose sufficient

to kill all clonogenic cells in the most active sub-volume, even though a lower radiation

dose would have been sufficient for most of the volume [13]. Modern IMRT techniques

enable a non-homogeneous dose distribution to be created which accurately targets the

most active sub-volumes with ‘boost’ radiation doses [4]. This concept is called dose

painting and can potentially improve tumour control probability without increase treat-

ment side-effects [14]. However, dose painting depends critically on accurate delineation

of the tumour sub-volume, which in turn depends on the images used to plan radiotherapy

treatments [15].

The current standard imaging modality, Computed Tomography (CT), has poor soft-

tissue contrast and is unable to accurately identify tumour sub-volumes for dose painting.

The poor CT soft-tissue contrast is the primary cause of the significant inter-observer

variability observed in tumour and OAR delineation [9]. This has motivated investigations

of other imaging modalities to reduce delineation uncertainties and enable dose painting
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treatment strategies. Two of the most important are Magnetic Resonance (MR) and

Positron Emission Tomography (PET) [16].

Anatomical MR imaging has demonstrated improvements in tumour and OAR delineation

due to its superb soft-tissue contrast which makes organ boundaries much more visible

(see figure 1.2 for an example of a prostate patient) [17]. This often also results in smaller

overall target volumes [18] since in the presence of uncertainty oncologists tend to err

on the side of larger volumes to minimise the risk of missing cancer cells. In addition,

functional MR techniques such as Diffusion Weighted-Magnetic Resonance (DW-MR)

can improve tumour delineation [19] and can also provide additional information about

tumour heterogeneity, enabling the most active parts to be identified and treated using a

higher ‘boost’ radiation dose [15].

Figure 1.2: Example image of the improved soft-tissue contrast of MR (right) compared to CT (left)
for a prostate radiotherapy patient. In particular the rectum-prostate boundary and prostate apex are
visualised much more readily on MR than CT.

PET imaging is a crucial modality for diagnosis, staging and following up of most pelvic

cancers [20]. PET can also improve tumour delineation for pelvic cancers [21, 22], and

is able to identify metabolically active tumour sub-volumes [23]. This information is

often complementary to that provided by functional MR techniques and the combination

of PET and MR information outperforms either modality by itself [16, 23, 24]. Figure

1.3 shows a rectal cancer patient example using 18F-FluoroDeoxyGlucose (FDG) PET,

anatomical and DW-MR images from a combined PET-MR scanner.

Figure 1.3: Example of 18F-FDG PET (left), T2-weighted anatomical MR (middle) and DW-MR(right)
images. The primary tumour volume is shown on the anatomical MR (red contour), with the PET and
DW-MR tumour sub-volumes show by the blue arrows.
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PET and MR images can be incorporated into radiotherapy treatment planning by reg-

istering them to the planning CT. This enables the benefits of PET and MR for tumour

and/or tumour sub-volume delineation to be combined with the high accuracy of radio-

therapy dose calculations based on CT. However, accurate registration of images in the

pelvis is difficult even when all images are acquired in the radiotherapy setup using flat

couch tops, immobilisation devices and external lasers. This is due to the substantial vari-

ations in internal anatomy between imaging sessions that can occur from differences in

bladder and rectal filling, as well as variations in patient posture and setup. The MR-CT

registration brings a systematic uncertainty which is estimated to be 2 mm for prostate

radiotherapy [25], and is likely to be larger for other pelvic cancers. In addition, the

registration to CT often results in the PET or MR based contour being adjusted by the

clinician to match the CT anatomy, since that is the image used to plan the radiotherapy

treatment on [26]. This reduces the benefit from using MR and/or PET for delineation.

Finally, the difficulties of registration mean that combining information from functional

MR and PET imaging for tumour sub-volume delineation becomes difficult [27].

This has motivated MR-only radiotherapy where a CT is not acquired, removing the MR-

CT registration uncertainty, and the MR alone is used for contouring and planning [28].

This has also motivated simultaneous PET-MR where PET and MR images are acquired

with high spatial alignment [29]. These two approaches can also be combined to create a

PET-MR-only radiotherapy pathway, where a single PET-MR imaging session provides

all the information required for planning pelvic radiotherapy treatments [30].

Figure 1.4: Diagram of the potential PET-MR-only radiotherapy pathway showing the current barriers to
PET-MR-only radiotherapy implementation (boxes highlighted in yellow). These are 1) the current MR-
based patient AC map for PET is inaccurate and the impact of the radiotherapy hardware is ignored, and
the full potential of MR for radiotherapy treatment planning is limited by organ motion due to bladder
filling, which results in maximum a MR acquisition time (< 20 minutes). 2) Manual OAR contouring
is time-consuming and has significant inter-observer variability. 3) MR images cannot be used directly
for radiotherapy dose calculations. Quality assurance methods to ensure PET-MR image quality for
radiotherapy purposes and per-patient dose calculation accuracy of MR-only radiotherapy treatments
need to be developed.
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However there are significant scientific and technical barriers to using MR and PET-MR

images to plan radiotherapy treatments. The primary issue is that, unlike CT images,

MR images cannot by themselves be used for radiotherapy dose calculations [28]. This

requires an algorithm to generate a Synthetic Computed Tomography (sCT) image from

the MR, which can then be used for radiotherapy dose calculations. Doses calculated

on sCT need to be very similar to dose calculated on gold standard CT. Clinical use of

sCT algorithms will also require a method of on-going dose calculation accuracy Quality

Assurance (QA). In addition, planning PET-MR images will need to be acquired in the

radiotherapy treatment position utilising a flat couch and anterior coil bridge. This may

impact on PET-MR image quality, which may in turn impact on the accuracy of target

delineation. Therefore the effect on images needs to be quantified, and methods of com-

pensating for it developed. Another issue for PET-MR is developing methods of patient

attenuation correction. Similarly to radiotherapy dose calculations, MR images cannot by

themselves be used for PET attenuation correction and require the generation of a CT-like

image. The current commercially available solution for both manufacturers of PET-MR

scanners, Magnetic Resonance Attenuation Correction (MRAC), does not reproduce bone

in the image and so introduces PET quantification errors [31]. An attractive solution is

to utilise the same sCT produced for MR-only radiotherapy, but this needs to evaluated.

Also, the use of PET-MR for radiotherapy planning, which includes accurate functional

information (PET and DW-MR), needs a QA programme tailored to radiotherapy re-

quirements. These are additional to the QA tests needed for diagnostic purposes, such

as high geometric accuracy over the full Field Of View (FOV) and high mechanical accu-

racy of couch and laser movements. Finally, fully utilising PET-MR imaging will require

imaging times of ≥ 20 minutes. However this is a significant issue for pelvic radiotherapy

planning where the positions of the internal anatomy need to be the same during imaging

as for treatment. During a ≥ 20 minute imaging session organ motion such as bladder

filling will change substantially, whereas on the treatment machine the time from starting

CBCT verification imaging to completing the delivery of the radiation beam(s) is only

a few minutes. Therefore fully utilising PET-MR imaging requires a method of tracking

and compensating for such organ motion so that the planning images are representative

of the patient anatomy on treatment. These barriers are illustrated in figure 1.4, which

shows the potential PET-MR-only radiotherapy workflow and the current problems to be

overcome.

The rest of this chapter reviews the literature in MR-Only radiotherapy, PET-MR for

radiotherapy planning, PET-MR QA for radiotherapy and methods of tracking organ

motion in the pelvis. The final section summarises the aims of this thesis and outlines

the remaining chapters.
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1.2 MR-Only Radiotherapy

MR-Only radiotherapy enables the superior soft-tissue contrast of MR [17] to be used

within radiotherapy planning without the uncertainties caused by MR-CT registrations

[25]. The primary challenge of MR-only radiotherapy is a method to generate a sCT from

the MR that can be used for radiotherapy dose calculations [32]. A number of differ-

ent methodologies have been proposed, using different MR sequences and computational

techniques. The sCT methodology that is evaluated in chapter 2 of this thesis uses Zero

Echo Time (ZTE) MR and Deep Learning algorithms [33]. Therefore brief background

information to these topics, as well descriptions of the common dose evaluation methods

used in the MR-only literature, are given first before turning to a review of the literature

on sCT methodologies. Finally, another potential improvement in the consistency of con-

touring could be through the use of automatic contouring algorithms, which would also

save time. Although CT-based automatic contouring solutions are commercially available,

they have so far failed to be put into widespread clinical use due to limited accuracy. The

superior soft-tissue contrast of MR potentially facilitates improved accuracy in automatic

contouring as well as manual, and so MR-only radiotherapy also provides an opportunity

for these automatic contouring methods to be safely implemented. A review of MR-based

automatic contouring algorithms concludes this section.

1.2.1 Zero Echo Time MR

The primary attraction of ZTE MR is its ability to image tissues (principally bone) with

extremely short transverse relaxation times which conventional MR sequences are unable

to do [33]. The ability to image bone is very attractive from a MR-only radiotherapy

perspective as it is distinguishing bone from air that is the primary challenge for sCT

algorithms [32]. ZTE methods have been evaluated for PET-MR attenuation correction

[33,34] and for developing sCT for MR-only radiotherapy (see following section).

ZTE MR uses frequency encoding in a 3D radial centre-out k-space scheme with the

encoding gradients applied prior to the initial Radio Frequency (RF) pulse [35]. This is

effectively a free induction decay with a zero echo time [36], see figure 1.5. ZTE imaging

requires the RF pulse to be uniform over the gradient bandwidth to avoid altering spin

excitations, which is typically achieved through short, hard RF pulses leading to flip angles

of 1 − 4o [37]. Thus ZTE images are inherently proton-density weighted. By sampling

k-space with sequential radial spokes the gradient direction is only changed incrementally,

which leads to silent scanning and reduces eddy current effects [37]. A significant challenge

for ZTE imaging is the dead-time caused by the scanner switching from transmit to

receive mode, causing data at the centre of k-space to not be sampled [36]. Dead-times

are typically in the range 6 − 9 µs [35]. This can be solved through oversampling and

algebraic reconstruction [38]. This uses data from two opposite sign radial gradients to

reconstruct the 1D signal along that axis, which can then be inverse Fourier Transformed
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to give a complete k-space projection (see figure 1.5) [35].

(a) ZTE pulse sequence (b) ZTE k-space

Figure 1.5: a) pulse sequence diagram for ZTE imaging. ∆ indicates the dead-time as the scanner switches
from transmit to receive, Tenc the time the data for a particular gradient is acquired and TG the time
taken for the gradient to adjust to the next projection. b) one plane in k-space showing the required
points (white and black points) to adequately sample the data. Grey dots indicate the oversampled points
and white dots the points that were missed due to the dead-time ∆. A single 1D algebraic reconstruction
is highlights by the grey bar. Diagrams taken from ref [35].

1.2.2 Deep Learning

Deep Learning is a very rapidly growing field for automated analysis of images [39], with

a exponential increase in the number of papers being published on deep learning and deep

learning methods becoming the dominant approach in medical image analysis [40]. There

has also been a corresponding increase in interest in Deep Learning within radiotherapy,

with over 500 papers published in 2017 [41]. Deep Learning refers to a computational

model which has multiple non-linear data processing layers within it, with each layer using

the output of the previous layer as input [39]. The aim is for each layer to extract different

image features and therefore to develop a hierarchal representation of the data, combining

sensitivity to small details with insensitivity to standard variations [41]. Critical to all

Deep Learning approaches is the use of training data in sufficient quantity that each

layer within the model can be iteratively optimised simultaneously using backpropagation

algorithms [42]. Each layer has a number of parameters that define its output called

weights, and the optimisation happens by adjusting these weights according to the error

gradient [41]. This determines for each weight the amount the error defined by a prescribed

loss function would increase or decrease for a given change in weight. The weight is then

adjusted in the negative gradient direction. Typically a method called stochastic gradient

descent is used where the gradient is calculated for a few samples, the weights updated

and the process repeated for many iterations until the average of the loss function stops

reducing [43]. The key to using the multiple layers of Deep Learning models is the fact
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that the error gradient can be backpropagated through each layer using the differentiation

chain rule [44]. This means that the error gradient for one layer can be computed from

the error gradient from the subsequent layer, starting with the final or output layer and

backpropagated all the way through to the initial or input layer [43].

There are a number of different Deep Learning model architectures, but the dominant

architecture within medical image analysis is a Convolutional Neural Network (CNN). [40].

This seeks to incorporate the spatial relationship contained in images through the use of

kernels [41]. These are conventional image processing filters that extract particular image

features from the input layer. A CNN contains an input layer and an output layer, with

a number of convolution layers, activation layers and pooling layers in-between [42]. An

example of the different layers in a CNN are shown in figure 1.6.

The convolutional layers consist of one or more kernels that are convolved with the input

image to produce a feature map. It is this use of a convolution that ensures the spatial

information of the image is preserved [41]. The kernel values are modified iteratively

through the training phase, enabling the model to learn the optimum features to extract in

each layer. The activation layer adds non-linearity to speed up the training, with the most

commonly used activation layer being a rectified linear unit, which sets all negative inputs

to zero and keeps all positive values the same [40]. Pooling layers downsample the feature

map to reduce the computational load whilst preserving spatial extent [41]. A typical

CNN model will have multiple sets of convolution layer, activation layer, pooling layer,

with the output of one pooling layer being fed into the input of the next convolutional

layer. The final output layer generates a probability score for classifying the image or

each pixel within the image into the different available classes [40].

Figure 1.6: Example of a CNN to classify a MR image for the presence of tumour. The diagram shows
a convolution layer, activation layer (labelled RELU layer for rectified linear unit), a pooling layer and
the final output layer. Diagram taken from ref [40].

A variation on the CNN architecture that is commonly applied to medical images is

called the U-NET [45]. This seeks to overcome the trade-off between sensitivity to coarse

and fine resolutions [42] by adding to a conventional CNN architecture a series of up-

sampling layers which mirror the down-sampling provided by the pooling layers combined

with deconvolution layers which mirror the convolution layers [46]. In addition, at each

resolution the layers on the down-sampling and up-sampling parts of the algorithm are
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connected. This crucially provides high resolution features to the deconvolution, enabling

the algorithm to be sensitive to both coarse and fine resolutions [42]. A diagram of the

original U-NET architecture is shown in figure 1.7.

Figure 1.7: Diagram of the U-NET version of the CNN architecture. Diagram taken from ref [46].

Most medical images are inherently 3D, however utilising 3D CNNs are very computation-

ally intensive [39]. Initially CNNs for medical image analysis were therefore 2D, treating

each image slice completely independently. This is much less computationally intensive

and also significantly reduces the amount of patient data required for training, since effec-

tively the training data is the number of patient images multiplied by the number of slices

in each image. However, it does mean that through-slice spatial information is lost [42].

One method for incorporating this information with a small increase in computational

cost is a 2.5D CNN [45]. This trains the model on three 2D datasets which are on orthog-

onal planes (typically axial, sagittal and coronal). The output of each orientation model is

then combined in the final layer, incorporating spatial information in all three planes [47].

More recently, a variant of the U-NET that is intrinsically 3D has been developed, called

V-NET [48]. This uses volumetric kernels in the convolution, preserving the full 3D in-

formation at each layer of the CNN. The V-NET also incorporates a residual function at

each convolutional stage, ensuring convergence which conventional U-NET architectures

do not.

A critical component of a CNN is the loss function which is used to evaluate the model’s

performance during training. It is this loss that the model is looking to minimise, and so

ensuring the metric used is relevant is very important for producing accurate models [44].

The most common loss function used in medical images is the cross-entropy loss which

evaluates the model prediction for each voxel and averages the result over all voxels [39].

A variation of the cross-entropy loss is the weighted cross-entropy loss, which weights the

foreground components of the image more highly in the loss function [49]. Foreground

components in contouring algorithms refers to the organ being contoured and immediate

surrounding area, with the background consisting of the rest of the image. An alternative

loss function is the Dice loss, which is based on the widely used metric for assessing the

overlap of one contour with another in medical images, the Dice Similarity Coefficient

(DSC) [50]. The DSC is defined as twice the intersection volume of two contours divided

by the sum of the two volume. This can also be extended to the generalised Dice loss,
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which is the DSC generalised to more than two contours [51].

There are a number of aspects to consider when developing and utilising CNNs. One

common problem with medical image Deep Learning algorithms is over-fitting, where a

model performs well on the training dataset but generalises poorly [39]. This is usually

caused by too small amounts of training data, which is a widespread issue since high

quality labelled medical data is scarce [44]. One method that is used to alleviate this

problem is data augmentation which applies augmentations such as rotating, scaling,

translating, flipping or distorting to some of the training data [39]. Another solution

is to use transfer learning where models initially trained on different but related data

are applied to the new training dataset rather than starting from a random initialisation

of weights [40]. Finally training data can be increased through splitting up individual

patients into separate patches, which are treated as independent [42]. This is in effect

what 2D and 2.5D CNNs do with 3D medical images data. Nonetheless, over-fitting

remains a problem in the application of Deep Learning to medical images [44].

Another common problem with Deep Learning algorithms for medical image analysis is

class imbalance, where the foreground regions of interest are much smaller than the back-

ground, meaning the model is biased to the background [39]. Solutions to this problem

include weighting the loss function to focus on the foreground regions [43] and splitting

data up into separate patches and ensuring most of the patches used in training include

foreground regions [42].

A third issue for Deep Learning models is robustness; how well the model copes with

small deviations in the input data from the training data [44]. Finlayson et al. showed

how the addition of small levels of noise to images changed the behaviour of skin cancer

classification algorithm from malignant to benign or vice versa, with the model indicating

high levels of confidence in the classification each time [52]. This demonstrates that Deep

Learning models need to be evaluated on the full range of possible input images to be

confident that it is robust. In addition, QA of the outputs of Deep Learning algorithms

are also important to ensure robustness of output.

In conclusion, Deep Learning algorithms for medical image analysis are rapidly prolifer-

ating due to their significant improvement on previous methods. These Deep Learning

algorithms are overwhelmingly designed using a CNN with a U-NET architecture. Im-

portant considerations for developing Deep Learning algorithms include the loss function,

the amount and quality of training data and the size of the regions of interest relative to

the background images.

1.2.3 Methods for Evaluating Synthetic CT Dose Accuracy

The standard approach to evaluating the dose accuracy of sCT images is to calculate

the same treatment plan on sCT and CT and look at differences in the resulting dose
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distributions. Three different methods of evaluating those dose differences are commonly

used in the MR-only literature [53, 54]: Dose-Volume Histogram (DVH) dose differences,

radiological isocentre depth differences and gamma analyses. A DVH summarises a 3D

dose distribution within a given organ by binning the dose in the organ for each dose

bin plotting the volume of the organ receiving at least that dose [10]. A PTV DVH

will typically be almost square since the treatment plan is optimised to produce a highly

homogeneous dose (within −5% and +7% of the prescription dose) to the PTV. OAR

DVHs will typically monotonically decrease from the top left (100% of the organ will

receive ≥ 0 Gy) to the bottom right (0% of the organ will receive a dose greater than the

maximum dose to the patient). Points on the DVH can be identified as either the dose

received by a specified volume (eg D98% is the minimum dose received by the hottest 98%

of the organ) or volume receiving a specified dose (eg V30 Gy is the volume receiving at

least 30 Gy). An example DVH for a typical prostate radiotherapy treatment is shown in

figure 1.8. PTVs are typically compared on near-minimum (D98%), median (D50%) and

near-maximum (D2%) DVH points. OARs are typically compared on clinically relevant

DVH constraints.

Figure 1.8: Example Dose-Volume Histogram for a prostate radiotherapy patient, showing PTV in green,
bladder in blue and rectum in purple. The prostate D98% point and rectum V30 Gy are shown as arrows
(green and purple respectively).

The second method commonly used is the radiological isocentre depth difference [55,56].

The radiological depth is the depth of water that attenuates the beam by the same amount

as the patient tissue in the beam path [57]. So for pure water the radiological depth is

identical to the physical depth, whereas if the beam passes through more attenuating

material such as bone the radiological depth will be larger than the physical depth and if

it passes through less attenuating material (eg lung) it will be smaller. The radiological

depth is calculated by multiplying the beam path length through each voxel by the electron

density relative to water of that voxel, and then summing these scaled voxel path lengths

for all the voxels along the beam axis. The relative electron density of each voxel is

calculated from the voxel HU value multiplied by a CT scanner specific calibration curve

that is measured using CT scans of a relative electron density phantom.

The final method used for comparing sCT and CT dose differences is a gamma analysis.

This evaluates a comparison dose distribution relative to a reference dose distribution [58].

For each dose grid point in the comparison dose distribution the gamma index for all the
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nearest dose grid points (within a pre-defined distance) of the reference dose distribution

is calculated using

Γ =

√(
∆D

DD

)2

+

(
∆d

dta

)2

. (1.1)

Here ∆D is the difference in dose between comparison and reference point, and ∆d the

difference in distance. These differences are relative to a dose difference criterion (DD)

and a distance to agreement criterion (dta), which are specified for a particular analysis

(eg gamma criteria 2% of prescription dose and 2 mm distance to agreement). For each

point in the comparison distribution the minimum gamma index calculated compared to

all the points in the reference dose distribution is assigned as its gamma value. Gamma

values < 1.0 are considered passes. Typically the percentage of points within a specified

contour (eg PTV or external contour) passing the gamma analysis is reported. The

gamma analysis provides a method of comparing two non-homogeneous dose distributions

that is not too sensitive to either small dose differences in dose or small distance offsets.

Typically gamma pass rates ≥ 95% would be considered acceptable [58]. Figure 1.9 shows

two example gamma maps, one with a high pass rate and one with a lower pass rate.

Figure 1.9: Example of gamma maps showing a low pass percentage (a) and a high pass percentage (b).
Both maps calculated with gamma criteria 1%/1 mm. Images taken from ref. [59] (images used with
permission).

1.2.4 Synthetic CT Algorithms

The crucial challenge for MR-only radiotherapy is to generate an image from the MR

that can be used for radiotherapy dose calculations. A simple calibration of MR intensity

values cannot be used since tissues with very different x-ray attenuation properties, such

as bone and air, can have very similar intensity values in conventional MR images [32].

Therefore MR-only research has focused on developing algorithms that can produce a

CT-like image, usually called a sCT, which can then be used in the same way as standard

CT images for radiotherapy planning and dose calculations. sCT algorithms are often

divided into three categories: bulk density override, atlas-based and voxel-based [28],

with a fourth rapidly growing category being Deep Learning algorithms.
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Bulk density override methods use automatic or manual segmentation techniques to iden-

tify difference tissue classes, which are then assigned population-based densities to gen-

erate a sCT [60]. The major challenge for bulk density methods is automatically seg-

menting the required tissue classes since manual segmentation is too time-consuming for

clinical use [28]. Two tissue classes (soft-tissue and bone) are the minimum required [28],

with additional tissue classes improving the dosimetric accuracy of the sCT, including

distinguishing between cortical and spongy bone [61]. There are two commercial sCT

algorithms for the pelvis currently available that use bulk-density methods: Magnetic

Resonance for Calculating ATtenuation (MRCAT, Philips Healthcare) [62] and RT Dot

Engine for pelvis (Siemens Healthineers) [63]. The two methods are very similar and are

based on a DIXON sequence [64], which can separate water and fat soft-tissue classes

using the chemical shift [65]. The RT Dot Engine uses four different tissue classes: air,

soft-tissue, fat and bone [66]. The air is segmented as everything outside the MR patient

external contour. The bone is segmented using an atlas-based technique where manually

segmented MR images are deformably registered to the new MR and the bone contours

copied across. The remaining tissue is segmented as soft-tissue and fat using thresholding

based on the water and fat DIXON images [63]. The MRCAT algorithm uses a very

similar methodology but with the bone divided into two tissue classes, spongy bone and

cortical [62]. These are segmented through thresholding of the signal intensity from the

in-phase DIXON image within the bone contour [67]. A schematic of the method is shown

in figure 1.10. The MRCAT algorithm has been demonstrated to be highly dosimetrically

accurate in clinical use, with mean dose differences ≤ 0.5% between sCT and CT for 25

prostate patients [67] and ≤ 0.3% for 20 rectum patients. The RT Dot Engine has been

validated dosimetrically for 13 prostate patients, with mean gamma analysis agreement

between sCT and CT with criteria 3% dose difference and 3 mm distance to agreement

being Γ3/3 = 98.7% [66].

Figure 1.10: Schematic of the MRCAT sCT algorithm showing the input images from the DIXON se-
quence, the air classification, bone model, soft-tissue and fat classification and the spongy and cortical
bone classification. The RT Dot Engine for pelvis is very similar but with a single bone classification.
Diagram taken from ref [62].

Atlas-based methods use an atlas of CT and MR pairs, which have been either deformably
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registered together [68] or registered using structure-guided deformable registration where

the bones are held rigid but the soft-tissue is allowed to deform [55, 69]. Each atlas

MR is deformably registered to the incoming MR, these deformations applied to the

corresponding atlas CTs and the deformed CTs then combined to make a sCT using a

local patch weighting process [28]. This process weights contributions from the atlas CTs

to each voxel depending on the similarity of the voxels in the atlas MRs in the same place.

A diagram of the atlas-based approach is shown in figure 1.11. Atlas-based methods have

been shown to generalise to MR images acquired on different scanners and field strengths

and with different acquisition parameters [53, 59]. There is an atlas-based commercially

available sCT algorithm for the prostate, MriPlanner (Spectronic Medical AB), which

has demonstrated high dosimetric accuracy with mean dose differences ≤ 0.3% across 170

patients [53].

Figure 1.11: Diagram of an atlas-based sCT algorithm. Diagram taken from ref [28].

Voxel-based methods use multiple MR sequences and combine the image intensity values

to generate a sCT [28]. There are a number of different approaches that have been

investigated to determine the regression relationship between the multiple MR intensity

values and the Hounsfield Units (HU) value in the sCT, including Gaussian approaches,

discriminant analysis, principal component analysis and random forest [32]. All these

approaches use an initial training set of MR-CT pairs that have been co-registered to

determine the parameters of the regression relationship. There have been approaches

reported in the literature using conventional T1- and T2-weighted MR sequences, but

these have required additional manual bone segmentation for accurate results [70]. One

approach that has been used to treat over 200 prostate patients uses a T1/T2∗-weighted

MR sequence with an atlas-based bone segmentation [71]. Two different regression models

are applied to the normalised MR intensity values, one within the bone contour and one
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outside [72]. Within the bone an inverse relationship between MR signal intensity is used

with a second order polynomial fit, with a patient-specific normalisation applied using a

manually contoured region in the patient muscle [73]. The mean dose differences between

sCT and CT were ≤ 1% [72]. Most of the research literature has focused on incorporating

more novel MR sequences that use ultrashort or zero echo times to generate signal from

bone tissues [28]. A Gaussian regression approach with a T2-weighted Turbo Spin Echo

(TSE) sequence and two Ultrashort Echo Time (UTE) sequences was found to accurately

predict HU values with a mean average error in HU being 137 HU [74]. A simple linear

relationship between normalised ZTE intensity values and CT intensity values in bone

was found within the brain, enabling the creation of a sCT with mean dose differences

across five patients of 0.2% [33]. A particular issue for voxel-based methods is correct

classification at the air/soft-tissue and bone/soft-tissue boundaries due to partial volume

effects [74]. So far these ultrashort or zero echo time approaches have focused on the brain

anatomic site without any exploration of the pelvis [32].

Deep learning algorithms for sCT generation have only started appearing in the literature

in the last few years, but are rapidly increasing [41]. A 2D CNN model with multiple

embedding blocks included with the convolutional layers was developed by Xiang et al [75].

An embedding block reconstructs a tentative sCT from the feature map produced by

the preceding convolutional layer, and then combines that result with the feature map

extracted by the current convolutional layer. The final layer reconstructs the final sCT.

This approach aims to speed up the MR-to-CT mapping being achieved through the CNN.

The model was trained with 22 prostate patients with deformably registered MR and CT

images. To increase the size of the training dataset the data was augmented through

left-right flipping and the individual slices sub-divided into small patches. The model was

evaluated using a leave-one-out approach with the mean absolute error being 42.5 HU.

Fu et al. developed 2D and 3D CNN models with a U-NET architecture for prostate

patients [76]. The models were trained with 20 T1-weighted MR and CT pairs deformably

registered together. The loss function used was the mean absolute error between sCT and

CT. The 3D model was identical to the 2D model except each convolutional layer was

3D. The mean absolute error for the 2D model was 40.5; HU with the 3D model slightly

improving to 37.6; HU. Leynes et al. reported a similar deep 3D CNN model with U-NET

architecture [77]. The model was trained using fat and water MR images from a DIXON

sequence, ZTE images and paired CT images of 10 pelvic cancer patients. The CT and

MR images were deformably registered. The model was trained with small volumetric

patches containing each MR contrast and the corresponding deformed CT patch. A loss

function combining mean absolute error, gradient difference loss and Laplacian difference

loss was used, with the latter two functions improving image sharpness. The model was

evaluated on a further 16 pelvic cancer patients, with a mean error in HU of −36; HU.

Maspero et al. used a different model architecture consisting of a Generative Adversarial
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Network (GAN) [78]. This consists of two simultaneously-trained models, one generating

sCTs and other seeking to discriminate between sCTs and the ground truth CTs [40]. The

generator model consisted of a 2D CNN with U-NET architecture and the discriminator

model worked on discriminating patches of the images, rather than each 2D slice as a

whole [78]. The model was trained on in-phase, fat and water MR images from a DIXON

sequence with rigidly registered CT images from 32 prostate cancer patients. The model

was evaluated on 30 different pelvic cancer patients (10 prostate, 10 rectum and 10 cervix)

with mean dose differences of 0.4%, 0.4% and 0.2% for the prostate, rectum and cervix

patients respectively. The corresponding gamma pass rates at 2%/2 mm within the

external contour were 95 ± 2%, 92 ± 3% and 93 ± 4%. Bird et al. also evaluated a

GAN model trained on T2-weighted MR images and deformably registered CT images

from 46 rectal radiotherapy patients [79]. Dose differences to the PTV D50% in 44 ano-

rectal patients were small, 0.1 ± 0.2% (mean ± standard deviation, range −0.6%, 0.6%)

with very high 2%/2 mm gamma pass rates across the external contour of 99.5 ± 0.2%

(99.0%,100.0%) when using deformably registered CTs as the comparison. The same

analysis using rigidly registered CTs had similar mean dose differences of −0.1%, but

with a much wider range (−3.5%,1.7%, estimated from graph). The gamma pass rates

were also lower, 96% (range 81%,98%). Yoo et al evaluated sCTs generated from a GAN

model and from two variants of the GAN, the cycle consistent GAN and the reference-

guided GAN [80]. The cycle consistent GAN used two generators, forward (MR to sCT)

and back (sCT to synthetic MR) and two corresponding discriminators (sCT compared

to real CT and synthetic MR compared to real MR), with the model seeking to minimise

both networks simultaneously. The reference-guided GAN further adjusted the output

of the cycle consistent GAN with paired MR-CT data testing the sCT-CT differences

voxel by voxel. The models were trained with 93 prostate patient images and evaluated

on 20 patients. Mean dose differences to the PTV D50% were 0.4 ± 0.3%, 0.7 ± 0.6%

and 0.6 ± 0.4% for the three models respectively. Corresponding gamma pass rates at

2%/2 mm were 93± 4%, 90± 5% and 94± 3%.

In conclusion there are a number of different approaches that have been used in sCT algo-

rithms for pelvic cancers. Bulk density and atlas-based methods are mature approaches

with commercially available solutions being used to clinically treat patients both in the

context of research and as routine clinical practice, although as yet only for prostate can-

cers and not other pelvic cancers [81]. Voxel-based methods are less mature, but there

is one in-house sCT algorithm that has been used clinically for several years. All these

methods have been subject to rigorous evaluation with dosimetric analysis and not just

image comparison metrics such as the mean absolute HU error. Deep Learning sCT al-

gorithms are a much more recent but rapidly growing field, which are showing promising

results. A significant advantage of Deep Learning algorithms is once the model is trained

the implementation is very quick [76]. One issue for Deep Learning algorithms is the lack

of dosimetric analysis of most models, with only a few papers investigating models in the
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pelvis with a dose evaluation. The remaining papers only report image similarity metrics,

which bear little relation to the actual parameter of interest [78]. For Deep Learning

algorithms to mature, it is important that dosimetric evaluations on significant patient

numbers and on data acquired on different scanners to those used to train the model are

carried out.

1.2.5 MR-Based Automatic Contouring

Modern radiotherapy techniques such as IMRT require all tumour targets and all nearby

healthy OARs to be contoured for each patient [82]. This is essential for the treatment

planning system optimizer to calculate the optimal dose distribution and to produce dose-

volume statistics to enable clinical evaluation. The current clinical standard is for these

contours to be manually delineated, which is both time-consuming and prone to inter-

and intra-observer variability [83]. This has prompted extensive research into developing

automatic contouring solutions, but to date these systems have not demonstrated sufficient

accuracy and reliability for clinical use. This may be partly be due to the majority of

these algorithms being based on CT images and so hampered by the same poor soft-

tissue contrast that causes variability in manual contouring [84]. The superior soft-tissue

contrast of MR may provide the additional imaging information required for accurate

and robust automatic contouring, although MR also presents challenges for automatic

contouring due to the large image intensity differences between patients [83]. For combined

MR-CT pathways, typically the MR is only used for target delineation, whilst all OARs

are contoured on CT. Therefore MR-only radiotherapy alone provides the opportunity for

full MR-based automatic contouring techniques to be used in the clinical setting [85].

A relatively established approach to MR automatic contouring has been using an atlas

of contoured MR images [83], although most applications have been to contouring for

diagnostic purposes rather than radiotherapy [86]. Dowling et al. used such an multi-atlas

technique based on T2-weighted prostate MR images to generate bone, bladder, prostate

and rectum contours [69]. Comparisons to manual contours gave DSC agreement of 0.91±
0.03, 0.86± 0.12, 0.80± 0.08 and 0.84± 0.06 respectively (mean ± standard deviation).

The results for prostate and rectum were equivalent to inter-observer results on the same

images 0.84± 0.11 and 0.82± 0.07, whilst the bladder results were approaching the inter-

observer variability of 0.95± 0.01. A limitation of atlas-based methods is increasing atlas

size improves contour accuracy but at the cost of significant increase in computational

time. Alvarez et al. developed an atlas-based approach that used a multiresolution

similarity index to select a sub-atlas which was most similar to the image to be contoured,

enabling a large atlas to be used without time penalty [87]. Comparisons with single-

observer gold standard contours gave DSC score of 0.82± 0.07 for the prostate based on

T2-weighted MR images.

Another approach to automatic contouring has been model-based, which uses a training
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data set to learn an average organ contour and characteristic shape variations, which

are then applied to a new image using image features such as intensities, gradients and

textures [84]. Pasquier et al. reported the results for a model-based algorithm for the

prostate and seeded region-growing method for rectum and bladder on T2-weighted and

T1-weighted images from 24 prostate patients [88]. The mean ± standard deviation DSC

scores were 0.88 ± 0.03, 0.88 ± 0.04 and 0.94 ± 0.02 respectively (results converted from

reported intersection over union (Jaccard similarity) results using D =
2J

J + 1
, where

J was the Jaccard similarity and D the DSC score [51]). Kuisma et al. investigated

a commercial model-based algorithm on T2-weighted and T1-weighted DIXON images

for on 65 MR-only prostate patients [86]. Compared to a single manual delineator, the

automatic contours returned DSC scores of 0.84±0.04, 0.92±0.04 and 0.85±0.08 for the

prostate, bladder and rectum respectively. Automatic contours performed worse for the

smaller and more variable organs: the seminal vesicles and penile bulb, with DSC scores

of 0.56± 0.17 and 0.69± 0.12.

A more recent approach has been to use Deep Learning methods [83]. Wang et al. devel-

oped a 3D Deep Learning modified U-NET CNN, which included Deep Supervision [89].

Multiple loss functions were evaluated: cosine similarity which quantifies the similarity

between two vectors in a certain space by the cosine of the angle between them, cross-

entropy and the dice loss, as well as combinations of the three. The model was trained

and evaluated on T2-weighted MR images from 40 prostate patients using a leave-five-

out cross-validation method. Single-observer contours quality checked by an independent

observer were used as the gold standard. The impact of the different loss functions were

small, with all results agreeing within one standard deviation of the highest performing

(DSC 0.85± 0.04). Elguindi et al. investigated two different 2D Deep Learning networks,

both trained using the same 50 prostate patient T2-weighted MR images and evaluated on

a further 50 using the clinically used contours as a gold standard [85]. One network was

a very deep fully convolutional network with a large number of layers previously trained

for segmenting natural images and initialised using those weights. Networks with large

numbers of layers have not been used in medical image segmentation since training such

very deep networks from scratch requires thousands of patient images [85]. The other was

a conventional U-NET CNN with a few layers initialised with random weights. Both net-

works used data augmentation and a cross-entropy loss function. The previously trained

network outperformed the U-Net on the bladder, prostate, penile bulb and rectum with

median DSC scores respectively of 0.93, 0.83, 0.75 and 0.83 compared to the U-Net scores

of 0.83, 0.75, 0.67 and 0.72 (inferred from graph). The two networks performed similarly

for the urethra (median DSC 0.68 and 0.72).

Accurate and robust evaluation of automatic contouring methods is critical [90], with a

number of different issues to consider: The first is to ensure that the algorithm is evaluated

on the full range of patient images that may occur in a clinical pathway, including patients
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with unusual anatomies and images with significant artefacts [83].

The second consideration is what gold standard (or ground truth) will be used to evaluate

the automatic contours against. This is a significant issue since manual contours are the

current clinical standard but are known to have substantial intra- and inter-observer vari-

ability [86]. One method of accounting for this is to ensure comparisons are made to intra-

and inter-observer variability on the same images [90]. If agreement with automatic con-

tours to the gold standard is similar to or better than inter-observer variability in manual

contouring, then the automatic contours should be considered clinically acceptable.

A third consideration is what metrics to compare the automatic and gold standard con-

tours with. There are a wide range of different metrics reported in the literature [84].

Roach et al. investigated a number of different contouring metrics including volume,

surface (eg distance to agreement), overlap (eg DSC) and centre-of-mass metrics, and

correlated them with dosimetric differences between treatment plans created based on in-

dividual observer’s contours and on gold standard consensus contours for prostate cancer

patients [91]. Little to no correlation was found between metric values and significant

differences in dosimetry, suggesting reporting contouring metrics on their own without

dosimetric results is of little benefit in indicating clinical acceptability for radiotherapy

planning. Developing new metrics which potentially are more relevant to radiotherapy

is therefore important. Nikolov et al. developed an alternative metric called the surface

DSC metric [92]. This seeks to measure agreement between the surfaces of the two struc-

tures relative to agreement within a clinically defined acceptable distance called τ . This

therefore ensures small clinically irrelevant boundary differences are ignored but larger

ones are counted. Critical to the implementation of this metric is the value given to

τ [85]. Another alternative metric is a subjective rating from an expert delineator(s)

on the accuracy of the contour. Although this is not a quantitative result, it evaluates

whether a volume would be clinically acceptable as it would be evaluated in clinical prac-

tice and so is the most relevant metric [83]. Song et al. graded contours from a CT-based

Deep Learning model for rectal radiotherapy patients using five different yes/no criteria

by two different observers [93]. Such metrics will be important in establishing automatic

contouring solutions as part of routine clinical practice.

Fourthly, clinical implementation of automatic contouring will require per-patient QA [94].

Current Royal College of Radiologists (RCR) guidelines require all target contours for

radically-treated patients to be peer-reviewed [95]. This process is directly applicable to

automatic contours, but brings back the inter-observer variability and time-consuming

problems that automatic contouring was designed to remove. Automatic methods of con-

tour QA have been proposed using an atlas of previously contoured images as a knowledge

base [94]. Metrics were evaluated such as size, shape and relative position of the new con-

tours compared to the atlas and these metrics combined with experimentally determined

weights to produce a pass/fail flag. The method detected 40/42 deliberate contouring
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errors introduced as well as flagging 9 false positives on head and neck cancer CT images.

Ensuring the independence of automatic contouring and automatic checking methods will

be important.

A final issue concerns quantifying the time-saving produced by automatic contours. This

is a key motivation of automatic contouring and they may still reduce contouring time

even if the automatic contours are not clinically acceptable in themselves. A number of

studies have assessed this, however measuring the time-saving is quite a time-consuming

task in and of itself. Vaassen et al. assessed the correlation between different metrics

of automatically generated and manually adjusted volume and the amount of time spent

by the delineator for 20 lung cancer patients [96]. They concluded that the surface DSC

with τ = 0 mm (ie with zero tolerance for differences) and the added path length required

metrics did correlate with time savings, whereas standard DSC and distance metrics

did not. This suggests that surface DSC is a clinically relevant metric for radiotherapy

purposes.

An alternative approach is to assess dose differences due to differences in contours [91].

Variations in OAR contours may mean the true dose to the organ exceeds DVH con-

straints, potentially resulting in harm to the patient. This is a more clinically relevant

measure but only a few papers have investigated it, with several methodologies used be-

cause contours are used for two purposes in treatment planning: firstly to optimise the

treatment plan and secondly to evaluate it and report dose statistics. The first method-

ology reported in the literature is a plan optimisation assessment, evaluating the efficacy

of automatic contours when used to optimise a treatment plan. This method requires two

treatment plans, one based on manual contours (planman) and one on automatic contours

(planauto). The doses to the manual contours (contourman) from each plan are compared.

The second method is an evaluation assessment, which investigates the accuracy of re-

ported doses from automatic contours compared to manual contours from the same plan.

A third combined option is to optimise two plans and then compare doses to manual

contours from planman and doses to automatic contours from planauto. Cao et al. inves-

tigated all three options using atlas-based automatic contours for five prostate and five

head and neck patients [97]. For the prostate patients both the target and OAR volumes

were assessed, meaning the PTV was different between the two plans, whereas for the

head and neck patients only the OAR volumes were compared with both plans using the

same (manual) PTV. There were no significant differences for any dose constraint for the

prostate patients suggesting high contouring accuracy for both optimisation and evalu-

ation. There were some larger dose differences for some of the organs for the head and

neck patients, with issues for both optimisation and evaluation. For each patient, planman

and planauto were manually optimised by the same planner. This potentially introduces a

confounding difference between the plans caused by subtle differences in how the planner

manually optimised the plan. Van Rooij et al. aimed to control for this by using an
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automatic knowledge-based planning algorithm to optimise plans based on Deep Learn-

ing automatic and manual contours [98]. 15 head and neck radiotherapy patients were

evaluated with the same PTV used for both plans. Mean and maximum doses to manual

OARs were calculated from both plans and dose differences determined (ie assessing opti-

misation only). Mean dose differences were small for all OARs (≤ 2.2 Gy), and although

statistically significant for two OARs were not deemed clinically significant. For a few

OARs the maximum dose difference was substantially larger (up to 9.1 Gy), which would

be considered clinically significant. Another study evaluated Deep Learning and atlas

based automatic contouring compared to manual contours of the bladder and rectum for

15 prostate cancer patients, assessing accuracy for optimisation only [99]. Each contour

was reviewed by a radiation oncologist and edited where necessary. The atlas contours

required significantly more editing time (mean 10.2 minutes) than the manual contours

(4.1 minutes) and the Deep Learning contours (4.7 minutes). Doses to manual contours

derived from treatment plans optimised using edited Deep Learning contours and edited

manual contours were compared. Standard optimisation weights were used for both plans

without adjustment to ensure the plans were comparable. The mean dose differences were

≤ 0.2 Gy for all dose constraints evaluated, however the relevance of this is limited since

the automatic contours were manually edited to be clinically acceptable. Vaassen et al.

assessed both un-edited and edited automatic contours for dose differences in 20 lung

cancer patients [100]. An atlas-based and a Deep Learning based automatic contour sets

were evaluated compared to manual ones, plus edited versions of both automatic contour-

ing methods. Plans were generated using automatic knowledge-based planning for all five

contour sets using the same PTV for all plans. Optimisation, evaluation and combined

assessments were performed and small differences were found for all with differences of

the same magnitude as those due to intra-observer variability.

In summary, MR-based Deep Learning automatic contouring methods have significant po-

tential for producing accurate contours, with significantly less computational time than

more established atlas-based methods. However evaluations in the literature have pri-

marily used standard overlap metrics such as the DSC, which have limited applicability

to actual dosimetric differences. Further work is required to develop and validate metrics

that are clinically relevant and to evaluate Deep Learning algorithms using these metrics

on a variety of patients before widespread clinical adoption. In this context the sur-

face DSC appears promising. Incorporating such metrics into the loss functions of Deep

Learning algorithms may improve their performance further. Additionally quantifying

the contouring time-saving is important for encouraging clinical uptake, which needs to

include time for contour QA. Automatic methods may also have an important role here,

but ensuring model and data independence from automatic contouring methods will be

essential. The most clinically relevant assessment is of dose differences between automatic

and manual contours. However this approach also has issues, depending on whether dose

differences due to plan optimisation, plan evaluation or both are assessed. The literature
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to date has mostly compared contours for plan optimisation only (ie comparing doses to

manual contours from a plan optimised on automatic contours and a plan optimised on

manual contours). However plan evaluation (comparing doses to automatic and manual

contours from the same plan) is more clinically relevant. Combined comparisons on their

own do not provide sufficient information to assess contour accuracy since in principle

the automatic and manual contours could be completely different shapes and locations

but return identical DVH parameters. In addition, whether target and OAR volumes are

compared or just OARs can have a substantial impact on the results. Finally the results

presented are only relevant for the PTVs assessed, which will have limited impact for

tumours with small variations in PTV between patients (eg prostate radiotherapy) but is

significant for ones with larger variations (eg head and neck radiotherapy).

1.3 PET-MR Functional Information for Radiother-

apy Planning

Conventional radiotherapy treatments aim for a homogeneous dose to the entire visible

tumour, called the Gross Tumour Volume (GTV), plus a margin to cover microscopic

disease, called a Clinical Target Volume (CTV) [10]. However, tumours are known to be

very heterogeneous, with some regions far more active than others [12]. For conventional

radiotherapy to be successful, this require the entire CTV to receive the radiation dose

sufficient to ensure cell kill in the most active tumour sub-volume. The large volume

receiving this high dose either causes significant side-effects [13] or due to unacceptable

toxicities the dose to the whole CTV is reduced, reducing the tumour control probability

[14]. The concept of dose painting aims at delivering ‘boost’ radiation doses to the active

tumour sub-volumes, theoretically boosting tumour control probability without changing

treatment side-effects [12]. This is supported by recurrence evidence, where the majority

of local recurrences will occur at the location of the most active sub-volumes [101]. Modern

radiotherapy techniques such as IMRT and Image Guided RadioTherapy (IGRT) are able

to plan and accurately deliver complex dose distributions targeting different volumes with

different doses whilst sparing OARs [4]. Therefore the key to clinical utilisation of dose

painting depends on accurately identifying the active tumour sub-volumes [15]. It is

important that functional imaging used for dose painting is robust and repeatable with

high geometrical accuracy [27]. Two of the primary imaging modalities investigated for

identifying tumour sub-volumes for radiotherapy dose painting are DW-MR and PET [16].

1.3.1 DW-MR for Radiotherapy Planning

DW-MR is a quantitative MR imaging technique which is sensitive to the diffusion of

water molecules due to Brownian motion [102]. Due to the differences in restriction of

Brownian motion in different biological tissues, DW-MR can generate image contrast due
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to differences in water diffusion. DW-MR is most commonly performed using pulsed

gradient spin echo sequences, consisting of standard spin echo sequence with two equal

diffusion gradients either side of the 180o re-focusing pulse [103]. If there was no motion

of water molecules then the two gradients would cancel each other out and there would

be no signal loss [104]. However in the presence of molecular motion the proton spins

experience a different phase shift from the second gradient to the first, resulting in signal

loss from spin dephasing. For random Brownian motion this signal loss will be exponential

and is given by [104]

S(TE, b) = S0e
−TE/T2e−bADC , (1.2)

where S0 is the signal at b = 0, TE is the sequence echo time, T2 is the spin-spin relaxation

time constant of the tissue, b describes the amount of diffusion weighting applied and is

defined below and ADC is the Apparent Diffusion Coefficient of the tissue. For the

standard pulsed gradient spin echo sequence the b-value is given by [103]

b = γ2G2δ2
(

∆− δ

3

)
, (1.3)

where γ is the gyromagnetic ratio, G the magnitude of the diffusion-weighted gradient,

δ is the pulse width and ∆ the gradient spacing. By acquiring multiple images with

different b-values and the same echo time, the Apparent Diffusion Coefficient (ADC) can

be calculated by fitting the observed signal with (1.2) on a pixel-by-pixel basis. The ADC

quantifies the diffusion of water molecules but does not measure the true water diffusion

since in biological tissues the diffusion is restricted [105]. It is also sensitive to other

sources of molecular motion, for example bulk flow [103].

DW-MR has been shown to be sensitive to the detection of tumours where diffusion is

more restricted due to the tight packing of cancer cells, with tumours appearing dark on

ADC maps [106]. A meta-analysis of 5892 lesions reported a sensitivity and specificity

of DW-MR detection of prostate cancer as 0.69 and 0.89 respectively [107]. DW-MR

is now the most important functional method for the detection and staging of prostate

cancer [105] and is considered essential for rectal cancer diagnosis and staging [108]. This

has in turn driven research into using DW-MR for boost volume identification in pelvic

cancers [109].

Alexander et al. assessed the diagnostic accuracy of T2-weighted MR and DW-MR of

identifying dominant intra-prostatic lesions which could be used for boost radiotherapy

doses [110]. They concluded that T2-weighted MR and DW-MR, using b-values b =

0 − 800 s mm−2, can robustly detect lesions with diameters ≥ 1.0 cm to receive higher

boost doses. A multi-centre randomised trial in prostate cancer investigated delivering

a boost dose of 95 Gy to the dominant lesion identified using DW-MR and Dynamic

Contrast Enhanced-Magnetic Resonance (DCE-MR) combined with 77 Gy in 35 fractions

to the whole prostate compared to the standard arm of 77 Gy in 35 fractions to the whole
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prostate [111]. Early toxicity results show no significant differences between the two arms,

suggesting dose escalation to a boost volume is safe and feasible.

For the detection of tumours within the prostate, DW-MR with b-values b = 1500 s mm−1

and b = 2000 smm−1 were reported to be better than lower b-values [112]. Rosenkrantz

et al. investigated very high b-values up to b = 5000 s mm−1 using computed b-values

based on a mono-exponential ADC fit [113]. They reported that b-values in the range

b = 1500−2500 s mm−1 were optimal for tumour detection, although directly measured b-

values of that magnitude are likely to result in images with very low Signal-to-Noise-Ratio

(SNR).

Song et al. compared various MR techniques for tumour delineation in cervix cancer and

concluded that the combination of T2-weighted and DW-MR was the most accurate [114].

Schernberg et al. investigated using DW-MR to delineate brachytherapy boost volumes for

cervix cancer and reported that DW-MR volumes would have modified the T2-weighted

boost volume in 73% of patients [115].

The conventional implementation of DW-MR is with a single-shot Echo Planar Imaging

(EPI) sequence. This collects all the k-space data for an image slice with one RF pulse (or

pulse combination) using gradient echoes [104]. A significant issue with single-shot EPI is

its high sensitivity to magnetic field inhomogeneities causing significant geometric distor-

tion [116]. In the pelvis this is mainly due to susceptibility effects from air in the rectum

and main field inhomogeneity [117]. Distortion is mainly in the phase-encode direction

due to the small bandwidth-per-pixel in this direction required by the gradient blipping in

the single-shot EPI implementation [118]. This is a significant issue for radiotherapy since

accurate treatment depends on geometrically accurate planning images [119]. Geometric

distortion can be reduced through increasing the bandwidth per pixel in the phase encode

direction [116]. This reduces the voxel shift caused by a given frequency shift. Another

method is to use parallel imaging , which reduces the number of phase-encoding steps and

so the addition of phase errors. However geometric distortion remains a significant issue

for single-shot EPI based DW-MR. Another issue for single-shot EPI is its low resolution,

which can limit accurate lesion delineation and ADC quantification due to partial volume

effects [120].

These issues have led to developing alternative sequences for DW-MR. One methodology

is reduced FOV single-shot EPI. This uses a 2D radiofrequency pulse to only excite spins

within the phase-encode FOV as well as for a single slice, rather than just for a single slice

in conventional single-shot EPI [121]. This increases the effective bandwidth-per-pixel in

the phase-encode direction, reducing geometric distortion. The image resolution is also

improved due to the smaller FOV. In addition it inherently supresses fat, which is essen-

tial for EPI due to the large chemical shift artifacts in the phase-encode direction [121].

Reduced FOV has been compared to conventional single-shot EPI DW-MR for imaging 44

prostate cancer patients prior to radical prostatectomy [122]. The reduced FOV images
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were graded by two radiologists as having significantly superior image quality and reduced

geometric distortion. The image quality improvement was only significant when phase

encoding was in the left/right direction and not the anterior/posterior direction. 52%

of patients had poor or non-diagnostic scores improved to fully diagnostic using reduced

FOV in the left/right direction. ADC values and correlations with Gleason score were

equivalent between the two methods, suggesting reduced FOV can simply replace con-

ventional EPI DW-MR in standardised reporting schemes and automatic segmentation

algorithms. Finally, inter-observer agreement in delineation of lesions was significantly

improved with reduced FOV DW-MR. A similar study compared reduced FOV with con-

ventional single-shot EPI DW-MR for 15 prostate cancer patients [123]. They reported

significantly better alignment of lesions between DW-MR and T2 anatomical images for

the reduced FOV sequence (differences 3± 4 mm) compared to conventional EPI (differ-

ences 5± 3 mm), suggesting reduced geometric distortion, as well as improved subjective

image quality. Similarly, Thierfelder et al reported reduced FOV DW-MR had improved

image quality without significant change in ADC values [124].

Another alternative DW-MR sequence is multi-shot EPI. This divides k-space into a few

segments which are each acquired by a separate EPI sequence [103]. This increases the

effective bandwidth-per-pixel in the phase encode-direction, reducing geometric distortion

at the cost of increased scan time, which increases sensitivity to motion artifacts [125].

DW-MR is highly sensitive to motion artifacts since the DW-MR signal depends on molec-

ular motion. An improvement to multi-shot EPI is MUltiplexed Sensitivity Encoding

(MUSE)). This uses the sensitivity profile of the receive coils to estimate motion-induced

variations between the different interleaved EPI segments [126]. This enables the benefits

of multi-shot EPI without shot-to-shot motion variations.

Finally, geometric distortion can be reduced through post-processing. Nketiah et al.

reported using a conventional single-shot EPI acquisition with an additional b = 0 s mm−2

image acquired with the same parameters but a reverse phase-encoding polarity, which was

used to determine the distortion deformation field through hierarchical smoothing [118].

They reported that geometric distortion had a significant effect on ADC quantification,

and that application of the correction reduced residual distortion significantly. Tong et al.

investigated using a direct field map approach to quantifying B0 inhomogeneity using a

separate gradient echo sequence rather than an additional DW-MR sequence [127]. They

reported significantly greater overlap of the prostate delineation on distortion corrected

DW-MR images with T2 anatomical images compared to non-distortion corrected DW-

MR images.

In summary, DW-MR is an essential component for the detection and staging of pelvic

cancers, and is increasingly being investigated for radiotherapy boost target delineation.

Conventional EPI DW-MR in the pelvis has low resolution and is prone to geometric

distortion, which limits its use in radiotherapy treatment planning. However, radiotherapy
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boost treatment based on EPI DW-MR volumes is currently the focus of several ongoing

multi-centre trials (such as the FLAME trial [111]). More advanced DW-MR techniques

such as reduced FOV single-shot EPI and multi-shot EPI have shown promise of reduced

geometric distortion, as have the application of post-processing techniques using reversed

phase-encoding acquisitions. The geometric and ADC accuracy of radiotherapy DW-MR

protocols need to be assessed prior to clinical implementation.

1.3.2 PET for Radiotherapy Planning

PET uses the injection of a radiotracer which decays via positron emission to form an

image through the detection of pairs of photons emitted from positron-electron annihi-

lation. Different radiotracers will be taken up differently, providing different metabolic

information in the PET image. The most common radiotracer for cancer imaging is a

glucose analogue, 18F-FDG. This uses the increased glucose metabolism of most types of

cancer cells to detect and localise tumours [128]. It is widely used in the diagnosis, staging

and evaluation of treatment response for a wide range of cancers. For pelvic cancers, 18F-

FDG-PET-CT is used for staging, treatment strategy, patient prognosis and treatment

response in cervix cancer [129], with PET critical for the identification of loco-regional

involved nodes [130]. A recent meta-analysis concluded 18F-FDG-PET-CT adds value in

staging locally advanced anal cancer [131]. A clinical trial is currently underway to in-

vestigate whether 18F-FDG-PET-CT or 18F-FDG-PET-MR change patient management

in rectal cancer [132]. This in turn has lead to interest in using 18F-FDG-PET for the

delineation of radiotherapy target volumes.

In a treatment planning study for cervix cancer patients, Esthappen et al. developed

plans delivering a boost radiotherapy dose of 59.4 Gy to 18F-FDG-PET-CT defined boost

volumes [133]. Lin et al. used 18F-FDG-PET-CT to guide brachytherapy boosts for cervix

cancer, which improved dose coverage of the tumour [134]. Zhang et al. reported that 18F-

FDG-PET-CT defined tumour volumes with a threshold of 40% of SUVmax showed good

agreement with histopathology volumes for cervix cancer whereas anatomical MR and CT

over-estimated the volume [135]. Krengli et al reported significant changes in 18F-FDG-

PET-CT based radiotherapy tumour delineations compared to CT-based delineations

in 15/27 anal cancer patients [21]. A study in rectum cancer patients showed reduced

inter-observer variability for tumour delineations on 18F-FDG-PET-CT compared to CT

alone [136].

PET is a quantitative imaging modality, although the limitations of the PET spatial res-

olution and heterogeneity of tumours means a semiquantitative measure is typically used,

called the Standard Uptake Value (SUV) [137]. This holds the potential for automatic

contouring and several studies have investigated different methods for pelvic cancers. Day

et al. investigated three different automatic contouring methods for 18 rectal and anal can-

cer patients receiving radiotherapy compared to manual contours [138]. Using a threshold
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of 43% of the maximum SUV (SUVmax) resulted in volumes on average 56% smaller than

the manual contours. Contours produced with a fixed threshold SUV = 2.5 g ml−1 were

closer with a mean difference of 37%, whilst using a confidence connected region growing

approach had contours that were only 9% different.

In addition, the quantitative nature of PET gives it potential as a prognostic tool, which

can be used to drive dose escalation or de-escalation strategies [130]. The primary param-

eters investigated have been SUVmax, the Metabolic Target Volume (MTV) which is the

size of an automatically contoured volume normally using a threshold of SUVmax, and the

Total Lesion Glycolysis (TLG) which is the MTV multiplied by the mean SUV. In anal

cancer, SUVmax is significantly correlated with T-stage and histology, which in turn are

significant prognostic factors for disease-free and overall survival [139]. In another study,

larger MTV (delineated using a threshold of 50% of SUVmax) was significantly associated

with poorer overal survival, even when adjusting for T classification, with an optimum

cut-off of 26 cm3 [140]. In rectal cancer, Ogawa et al. found TLG was an independent

prognostic factor for disease-free and overall survival for patients treated with surgical

resection without neoadjuvant treatment [141]. TLG was calculated using a volume from

30% of SUVmax and receiver operator curve analysis was used to determine cut-offs for

MTV and TLG of 25.23 cm3 and 341 g respectively. Similarly Choi et al. found MTV

using 50% of SUVmax and a cut-off of 23.9 cm3 and TLG with a cut-off of 125.84 g to

be significant independent prognostic factors for disease-free survival and MTV to be

significant for overall survival.

Unlike most types of cancer cells, prostate tumours tend to show low 18F-FDG uptake due

to their low glycaemic activity [142]. This has motivated research into other PET tracers

for detecting prostate cancer. One of these is 18F-Fluorocholine, a synthetic version of

the choline molecule which is phosphorylated by the enzyme choline kinase [143]. This

enzyme is typically over-expressed by cancer cells, including prostate cancer, resulting

in increased uptake and therefore PET signal in prostatic cancer cells [144]. The Royal

College of Radiologists evidence-based guidelines for the diagnostic use of PET recommend
11C-Choline or 18F-Fluorocholine for evaluation of high-risk patients, or patients with

equivocal findings on other imaging [20]. 11C-Choline is preferred due to its reduced

urinary excretion however its short half-life makes it only available for centres with a

cyclotron onsite [20]. The use of 18F-Fluorocholine-PET for prostate cancer diagnosis

has led to several investigations into the utility of 18F-Fluorocholine-PET for guiding

radiotherapy planning.

Kwee et al. found the prostate sextant with the largest SUVmax corresponded to the

sextant with largest tumour volume in 13/15 patients who received 18F-Fluorocholine-

PET-CT prior to prostatectomy and histopathological analysis [143]. PET imaging was

acquired with activities of 3.3-4 MBq kg−1 10 minutes after injection. There was a signif-

icant difference between SUVmax in malignant and benign sextants, with the benign sex-
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tants having a SUVmax 63 % of the malignant ones. Pinkawa et al. used 18F-Fluorocholine-

PET to automatically define dominant lesions(s) in 66 patients using a threshold of twice

the SUVmax in the lowest SUV 1 cm2 region of the prostate [145]. Images were acquired 1

hour after an injection of 178-355 MBq of 18F-Fluorocholine. These patients were treated

with a dose of 76 Gy in 38 fractions to the whole prostate and a boost dose of 80 Gy to the
18F-Fluorocholine-PET defined regions plus a 4 mm expansion. Equivalent uniform doses

to the bladder and rectum were not significantly different between these patients and 18

patients treated in the same period without boost doses. A follow-up study reported no

significant differences in long-term patient-reported quality of life between boosted and

non-boosted patients [146]. Kuang et al. investigated prostate radiotherapy plans with

and without a boost dose to the 18F-Fluorocholine-PET-CT defined dominant intrapro-

static lesion on 30 patients [147]. Patients were imaged with activities of 2.6 MBq kg−1

30 minutes after injection. The boost region was defined as 60 % of SUVmax within the

prostate, with an inner region defined using 70 % of SUVmax, with a 6 mm expansion

except for 3 mm anteriorly and posteriorly, excluded from overlapping with rectum or

bladder. The boost regions were prescribed 100 Gy (60 %) and 105 Gy (70 %), with

the rest of the prostate receiving 79 Gy in 39 fractions. The 60 % boost region covered

all tumour-bearing sextants in 27/28 patients with histopathology, with a significant in-

crease in theoretical tumour control probability and no significant difference in OAR doses

between boost and no-boost plans.

In summary, 18F-FDG-PET-CT is used for staging and deciding treatment strategy for

anal and cervix cancers. This suggests that there may be a benefit for radiotherapy boost

target delineation. There have been some studies suggesting 18F-FDG-PET-CT to de-

lineate target volumes for radiotherapy treatment planning could be beneficial. However

the clinical evidence remains limited and further investigation is required. For prostate

cancer, radiotherapy plans delivering boost doses to 18F-Fluorocholine-PET defined re-

gions has been demonstrated to be technically feasible without significantly increasing

OAR doses. Imaging with activities of 2.6-4 MBq kg−1 have been used, with thresholds

of 60% SUVmax being shown to be histopathologically appropriate. However the uptake

time between tracker injection and imaging varies widely between studies. One small pilot

study reported no increase in long-term quality of life following treatment with 5% boost

doses. Theoretical improvements in tumour control probability have been demonstrated

though improvements in patient outcomes have not yet been reported. 18F-Fluorocholine-

PET appears promising for the identification of boost doses for radiotherapy planning of

prostate cancer.

1.3.3 Combined PET-MR for Radiotherapy Planning

Simultaneous PET-MR scanners enable acquiring both MR and PET functional infor-

mation at the same time and so with high degrees of spatial alignment. This has the
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potential to improve boost volume delineation through utilising the complementary in-

formation from both modalities [29]. Kim et al found combined 18F-fluorocholine-PET-

MR imaging better at identifying localised prostate cancer than either PET or DW-MR

alone [148]. There is an ongoing clinical trial investigating using a combination of DW-

MR, DCE-MR and 18F-flurocholine-PET-CT to delineate a radiotherapy boost volume

to 68 Gy in 20 fractions, with two-year toxicity data showing the treatment is well tol-

erated [149]. Zamboglou et al. compared 68Ga-Prostate Specific Membrane Antigen

(PSMA)-PET-CT with T2-weighted, DW-MR and DCE-MR for prostate boost volume

delineation and reported only 42% overlap in volumes [150]. A further study found both

imaging modality volumes had moderate overlap with the histopathology volume, which

improved significantly when the union of each modality volume was used, suggesting po-

tential benefit for combined PET-MR [151]. A recent review concluded that PSMA-PET

and T2-weighted and DW-MR offer complementary information regarding prostate boost

volume delineation and incorporating both significantly improves the potential tumour

control probability [152]. However they reported there remains significant inter-observer

variability in boost delineation using these modalities and the development of guidelines

and/or automatic delineation methods to improve the reproducibility of delineation is

necessary for routine clinical implementation.

Brandmaier et al. reported an inverse correlation between 18F-FDG-PET SUV and ADC

values for cervical cancer tumours, but they did not report on differences between delin-

eated volumes [153]. This was in contrast to previous studies using MR and PET-CT,

which they hypothesised was due to the improved co-localisation of simultaneous PET-

MR. Song et al. investigated various MR sequences and 18F-FDG-PET-CT for cervix

cancer delineation. They reported that combined T2-weighted and DW-MR were the

best sequence for target delineation, with PET volumes being significantly smaller and

indicating potential for boosting [114]. Rusten et al. evaluated DW-MR and 18F-FDG-

PET-CT in the delineation of anal cancer targets and found good agreement in the overall

target volume but some variability in identifying the boost volume [22]. They also re-

ported significant inter-observer variability within the same modality for the boost volume

delineation.

In conclusion, the combination of DW-MR and PET acquired simultaneously has signif-

icant potential to improve boost volume delineation in pelvic cancers. However, there

remains limited clinical evidence of its feasibility and effectiveness, implying further work

is needed to evaluate the combination. In particular, most studies have reported using

MR and PET-CT information acquired in different imaging sessions, and then registered

together with consequent uncertainties in anatomical alignment. This highlights the po-

tential benefits of combined PET-MR scanners. In addition several studies reported sig-

nificant inter-observer variability when using these modalities, implying the development

of robust automatic delineation methods may be required for routine clinical use.
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1.3.4 PET-MR in the Radiotherapy Planning Position

It is essential that the images used to plan radiotherapy treatments are acquired with

the patient in the same position to ensure accurate radiotherapy treatment [154]. This is

because the treatment plan is created assuming the planning images accurately represent

the patient as they will be on treatment. Therefore, any discrepancies between the patient

position at imaging and on treatment could result in a delivered dose distribution that is

different to the planned, potentially under-dosing the tumour and/or over-dosing OARs.

Therefore acquiring PET-MR images for radiotherapy planning requires patients to be

scanned on a radiotherapy flat couch-top which mimics the treatment machine couch, with

patients in appropriate radiotherapy immobilisation devices and with the MR receive coils

supported off the patient so that the patient external contour is not deformed [154]. The

carbon fibre couches typically used for PET-CT imaging have low PET attenuation but

produce significant MR artefacts, whereas the glass fibre MR couches do not interfere

with the MR signal but are significantly PET attenuating [155]. This means dedicated

PET-MR radiotherapy hardware needs to be developed that is MR-compatible and has

low PET attenuation [156]. Acquiring PET-MR images in the radiotherapy position will

have an impact on MR image quality [157] since the receive coils will be further from the

patient anatomy, reducing the coil filling factor and therefore the SNR [158, 159]. The

radiotherapy planning position will also impact on PET image quality since the flat couch-

top and immobilisation devices will add additional and non-uniform PET attenuation,

degrading the image quality [155]. Therefore it is important to assess the impact on

PET-MR image quality of using the dedicated PET-MR radiotherapy hardware so that

MR protocols can be modified to compensate for the MR signal loss [157] and software

methods of correcting for the PET attenuation can be developed for accurate quantitative

PET imaging [156].

Paulus et al. developed a radiotherapy flat couch-top for PET-MR imaging consisting of

a foam core surrounded by a plastic outer layer [155]. A coil bridge for holding flexible

anterior array coils was also developed for head and neck imaging. Attenuation correc-

tion maps were created using CT scans of the radiotherapy hardware. The impact on

MR signal was assessed using a uniform nickel sulphate phantom, which found a 25%

SNR drop in the radiotherapy setup compared to the standard diagnostic head and neck

coil. Comparison of T1-weighted 3D volunteer scans showed no essential differences, with

the radiotherapy setup providing slightly noisier images. The PET image quality was

assessed using a cylindrical uniform phantom. Without correction the attenuation of the

radiotherapy couch was 3.8% and of the coil bridge 13.8%. If the correction maps were

applied this dropped to 0.6% and 0.8% respectively. Two patients were also assessed with

PET images acquired with and without the head coil and coil bridge. The mean differ-

ence in SUVmax across five ROIs was −11.0% and −0.9% without and with attenuation

correction respectively. This approach has also been extended to pelvic radiotherapy,
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using the same radiotherapy couch with a pelvic coil bridge [156]. The coil bridges were

adjustable so that the MR anterior array coil could be positioned as close to the patient

as possible. CT scans were again used to generate attenuation correction maps of the

pelvis coil bridge. The impact on PET image quality was assessed using the uniform

component of the NEMA PET body phantom [160] with and without the coil bridge,

with the coil bridge introducing a mean −8.5% difference, reducing to −1.2% when at-

tenuation correction was used. PET-MR imaging with and without the coil bridge of

three abdominal patients with active lesions showed mean underestimations of SUVmax

of −11.1 ± 2.0 without attenuation correction, reduced to −3.9 ± 2.6% with the correc-

tion map incorporated. Winter et al. investigated using the same couch and head and

neck coil bridge to evaluate PET-MR image quality in 10 head and neck radiotherapy

patients [161]. Each patient was scanned in a radiotherapy setup with flat couch and coil

bridge and in a conventional diagnostic setup. They reported a median drop in the SNR

of the T2-weighted MR images of 26%, with reductions of 38% and 31% for DW-MR

with b-values of 150 and 800 smm−2 respectively. Contrast to Noise Ratios (CNR) of

PET-defined lesions compared to surrounding tissues were also lower in the radiotherapy

setup, with a reduction is 31% for the T2-weighted MR images. ADC measurements were

very similar with median difference of −1.7% and a coefficient of repeatability between

diagnostic and radiotherapy setups of 17.6%. High similarity between the same structures

delineated on MR images from the two setups were also found with a DSC score of 0.85

(min 0.68, max 0.89), suggesting that MR image quality was sufficient for radiotherapy

purposes. PET images were assessed using automatically segmented ROIs with thresholds

of 50% of SUVmax compared between diagnostic and radiotherapy setups. High similarity

was found, with median DSC score of 0.88 (min 0.69, max 0.94).

An alternative radiotherapy couch and pelvis coil bridge was developed by Brynolfsson

et al [162]. The couch consisted of 5 mm thick PMMA layer on top of a 35 mm thick

foam base, cut to fit into the GE Healthcare Signa PET-MR patient couch. The pelvis

coil bridge was constructed out of polyoxymethylene and polycarbonate. Attenuation

correction maps were created using CT scans of the couch and coil bridge. Measured

activity using a uniform PET phantom with couch was 5% lower compared to without,

and 13% lower with the couch and coil bridge. Incorporating attenuation correction

resulted in differences of 1.5% and 0.7% respectively. MR SNR measured using a uniform

MR phantom was 74% and 67% with the couch and couch and coil bridge respectively

compared to measurements without.

Finally Witoszynskyj et al. developed a plastic and fibre glass radiotherapy couch for

PET-MR imaging [163]. Minimal differences in MR SNR with and without the couch

were found using uniform MR phantoms. The PET NEMA phantom was imaged and the

difference in imaged versus injected activity was 8.7 ± 2.1% with the couch, reducing to

1.2± 3.9% when CT-based attenuation map of the couch was included in the reconstruc-
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tion. A 68Ge/68Ga transmission source was also used to determine a couch attenuation

map, but its performance was unchanged compared to the CT-based map.

In conclusion, radiotherapy flat couch tops and coil bridges have been developed for PET-

MR imaging in the radiotherapy planning position. The impact on MR image quality

varies, with some solutions having minimal impact, and others reductions in SNR of

38%. PET image quality is also impacted, with reductions in measured activity levels

of up to 13%. This effect was shown to be largely reversible with attenuation correction

maps, reducing activity discrepancies to ≤ 4%. Of note is that all phantom assessments of

radiotherapy hardware have used uniform phantoms only and the impact of the reductions

in PET and MR signal on image quality has not been assessed in the pelvis.

1.4 PET-MR Quality Assurance for Radiotherapy Plan-

ning

PET-MR for radiotherapy planning is still an emerging technique and to the best of my

knowledge there is nothing in the literature directly on it. There are consensus guidelines

on PET-MR QA for the diagnostic setting [164]. These include PET cross-calibration and

image quality assessments, MR image quality assessments with different receive coils, and

PET-MR alignment assessment. However radiotherapy imaging has different requirements

to diagnostic imaging and this needs to be reflected in QA programmes [119].

MR QA for radiotherapy planning is more established [154] and PET-MR radiotherapy

QA will need to include all the tests included within radiotherapy MR QA. These pri-

marily focus on MR image quality and geometric distortion [119]. MR image quality for

radiotherapy is assessed using the same methods as for diagnostic scanners (eg American

College of Radiologists image quality phantom [165]). MR geometric distortion assess-

ment is essential for radiotherapy planning [166]. In particular radiotherapy requires the

geometric distortion to be measured over a large field of view that includes the patient

external contour [167]. There have been a number of phantoms developed for MR large

field of view geometric distortion measurements for radiotherapy [81], with at least one

demonstrating repeatable measurements [167]. The distortion of a scanner over time may

change due to degradations in the performance of the gradient coils but there has only

been one study investigating the temporal stability of measurements [168]. They reported

measurements were stable but recommended that large field of view distortion should be

assessed as part of a regular QA programme.

DW-MR is more prone than conventional anatomic imaging to geometric distortion [116].

This means it is important to include assessments of geometric distortion with DW-MR

sequences [168]. Conventional single-shot EPI implementations of DW-MR are particu-

larly sensitive to distortions caused by susceptibility differences in air-tissue boundaries.
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This has lead many assessments of distortion to be carried out using human subjects, with

anatomic MR images being used as the gold standard. Winfield et al. reported on using a

large uniform phantom filled with silicone to assess eddy current induced distortions [169].

Silicone was used since it has a very low diffusivity at room temperature. This meant dif-

ferences in b = 0 smm−2 and b = 1000 smm−2 images were only due to distortion and not

diffusion. They reported reductions in distortion with increased bandwidth and parallel

imaging. However this phantom does not assess distortion due to susceptibility effects,

the primary cause of distortion in DW-MR images in the pelvis. Lavdas et al developed

a phantom with air and fat inhomogeneities, which could be used to assess geometric dis-

tortion due to these inhomogeneities [170]. To the best of the author’s knowledge there

are no other phantoms for assessing distortion in DW-MR images in the literature.

DW-MR also enables quantitative imaging with ADC maps, which has been suggested to

use for dose painting and treatment response monitoring. This means it is essential to

regularly assess the accuracy of ADC maps if DW-MR is going to be used quantitatively

[171]. A common issue with ADC accuracy phantoms is the need to measure and/or

control the temperature accurately since the diffusivity of materials is strongly dependent

on temperature [172]. Chenevert et al. reported an ADC phantom consisting of distilled

water held at T = 0 oC in an ice-water bath was repeatable to within ±5% [173]. The

same group extended the phantom with four additional tubes of water at the four axial

corners to assess the geometrical variation [172]. They found that there was a significant

spatial variation in the superior-inferior direction, with a less marked variation right-to-

left, due to gradient non-linearities. Day-to-day repeatability of the central tube was

≤ 3% of literature value for 95% of sites. However, the ADC value of water at T = 0 oC

is significantly above that found in vivo, which limits the relevance of ice-water phantoms

[170]. Lavdas et al developed a phantom with three different compartments made from

nickel-doped agragose and sucrose gels, imaged at T = 21 oC [170]. These gave ADC

values representing a range of benign and malignant tissues. Fat and air sections were also

added to assess the impact of non-homogeneities. Away from these non-homoegeneties the

phantom showed good stability over an 8 week period, with coefficients of variation < 1%.

Winfield et al. used a ADC accuracy phantom consisting of a cylinder containing five

plastic tubes containing sucrose solutions ranging from 0%− 20% sucrose in an ice-water

bath at a temperature of T = 0 oC [169]. They reported high repeatability of repeated

ADC measurements across three different MR scanners, with coefficients of variation

≤ 4%. The scanners showed good agreement, with all results ≤ 5% to the mean ADC of

all measurements. A phantom containing different concentrations of polyethelyne glycol

and gadolinium-based contrast agent at T = 20 oC was developed [174]. This enabled

the T2-relaxivity and ADC values of each solution to be controlled, ensuring SNR as well

as ADC value mimicked in vivo values. No measurements of repeatability however were

performed.
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Free-diffusion phantoms as described above are only able to assess ADC values derived

using a mono-exponential fit (equation (1.2)). However tumour imaging demonstrates

significant variation from mono-exponential behaviour, which has lead to the development

of several different fitting techniques (eg intra-voxel incoherent motion [175]). McHugh

et al. developed a phantom which can be used to assess these more advanced DW-MR

techniques through using cell-mimicking micron-scale hollow spheres grouped into a hollow

cylinder immersed in distilled water at T = 24±1 oC [176]. Repeated measurements over

a 10-month period had a coefficient of variation of ≤ 5%. However, currently this phantom

is too small to be used for clinical systems.

PET images are routinely quantitatively analysed using SUVs, and the majority of pro-

posed automatic segmentation algorithms for PET imaging are based on SUVs [177].

Therefore it is essential that SUVs measured by the scanner are accurate and consis-

tent [178]. Most commonly this is performed using uniform flood phantoms [179].

A combined SUV and ADC accuracy phantom has been proposed for PET-MR scanners

[180]. This used agarose, sucrose and sodium chloride solutions mixed in water with

known activity of 18F-FDG, placed in 3D-printed hollow tumour models, and then in a

uniform phantom filled with a lower amount of background 18F-FDG activity. Varying the

activity and sucrose concentration enables different SUV and ADC values to be assessed.

The phantom was demonstrated as a proof of concept for image reconstruction methods,

but the same methodology could be applied to a QA phantom.

A crucial potential advantage of simultaneous PET-MR imaging is the high degree of

anatomical alignment between the MR and PET images due to being acquired in the

same scanning session. However, this depends on the accuracy of the alignment between

the PET and MR components. In simultaneous PET-MR scanners this is dependent on

the physical locations of the PET and MR gantries, which will not change except after

major services. Valladares et al. recommended PET-MR alignment tests occur after me-

chanical manipulation of the PET-MR gantry and software updates [164]. However the

PET-MR alignment tolerance for the GE PET-MR scanner is 5 mm, which is unaccept-

able for radiotherapy purposes. In addition, to the best of the author’s knowledge, the

repeatability and stability of PET-MR alignment measurements have not been assessed.

This, along with a tighter tolerance, would be important to assess in order for PET-MR

to be used for radiotherapy purposes.

Finally, assessment of the electromechanical performance of the scanner couch and exter-

nal lasers is also important for radiotherapy imaging to ensure accurate and reproducible

imaging [181]. Standard tests have been developed for CT imaging [182] and are directly

applicable to PET-MR imaging for radiotherapy [154].

In summary images used for radiotherapy have different requirements to those used for

diagnostic purposes, which need to be considered when developing QA programmes. Ra-
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diotherapy MR QA is being actively researched, with phantoms and methods developed

for assessing anatomic image quality and geometric distortion. Phantoms and methods for

assessing DW-MR ADC accuracy have also been reported in the literature. PET methods

for assessing SUV accuracy are well established and even a combined ADC-SUV accuracy

phantom has been reported. However to the best of the author’s knowledge QA methods

for DW-MR geometric distortion, PET geometric accuracy and PET-MR alignment have

not been reported in the literature. There is a need for the development of a PET-MR

radiotherapy programme that includes anatomic MR image quality and large field of view

distortion, DW-MR ADC accuracy and geometric distortion, PET SUV accuracy and

geometric accuracy and PET-MR alignment.

1.5 Tracking Organ Motion in the Pelvis

Radiotherapy treatment planning requires the images used for treatment planning are

representative of the patient for every treatment fraction. Flat couch tops, external lasers

and patient-specific immobilisation devices are used to ensure the external patient position

is consistent. However for pelvic radiotherapy it is also vital for the internal anatomy

position to be as similar as possible. This requires both high concordance between different

planning images and between planning images and the patient position on treatment [183].

CT is a rapid imaging modality with a limited range of image contrasts available and

each image requires delivering an ionising radiation dose. Therefore typically a single

planning CT image is acquired, which results in a very similar length of time from patient

setup to end of CT acquisition as to the equivalent time on treatment. MR on the

other hand is a much slower imaging modality and can provide a number of different

image contrasts, including both anatomic and functional information, without any ionising

radiation. Therefore, it is possible to acquire multiple different MR images in a single

session. However, to utilise the full capabilities of MR for pelvic radiotherapy planning

is likely to require image acquisition durations ∼ 5 − 10 times longer than treatment

durations. Therefore it becomes critical to understand the organ motion in the pelvis

over these timescales and to develop methods of tracking and compensating for it.

The two organ motions of primary relevance to pelvic radiotherapy are bladder and rectal

filling, with bladder filling being the most significant [184]. As the bladder fills it impacts

on other nearby organs such as the rectum, small bowel and uterus, changing their shape

and position which can impact on the doses these organs receive [185]. In radiotherapy for

gynaecological cancers changes in bladder filling produces significant variation in target

and OAR volumes on treatment compared to at planning, requiring large PTV margins

which cause treatment toxicities [186]. For patients receiving prostate radiotherapy, blad-

der volumes of a certain size are important for reducing bladder toxicity, as well as being

consistent between planning and treatment. In one study those with bladder volumes

< 180 cm3 had significantly higher rates of acute grade 2+ GU toxicities than patients
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with bladder volumes greater than this threshold [187].

Several studies have investigated bladder filling and methods of managing it for radio-

therapy. Lotz et al. scanned 18 healthy volunteers with 7 sequential T1-weighted MR

scans at 10 minute intervals over one hour following a bladder preparation protocol [185].

This consisted of bladder voiding followed by drinking 300 cm3 of water, with the MR

acquisition starting 15 minutes after drinking. 10/18 volunteers also received two further

repeat sessions separated by at least a month. There was a wide range in participant

bladder filling rates, ranging from 2.1 cm3 min−1 to 15.0 cm3 min−1, with a mean rate

of 9 ± 3 cm3 min−1 (± standard deviation). Intra-volunteer variation was much smaller

with a mean standard deviation of bladder fill rate over the three separate sessions of

0.4 cm3 min−1, although for pre-menopausal women there were larger differences relating

to the phase of the female cycle. The bladder filling rate was negatively correlated with

age (ρ = −0.50,p = 0.038).

McBain et al. assessed bladder motion using cine and volumetric MR imaging for 10

bladder cancer patients and 5 healthy controls following bladder voiding having fasted

from fluids for the previous hour [188]. Volumetric MR imags were acquired at 0, 14

and 28 minutes post-void. Participants completed two identical imaging sessions. The

bladder expanded primarily in the superior and secondarily in the anterior direction, with

the largest recorded movement of the bladder wall being 58 mm. Significant inter-patient

variation was observed. There was also significant differences between the behaviour of

bladder cancer patients with healthy controls, with cancerous bladders expanding more

variably. Bladder fillings rates were much lower than reported by Lotz et al., with mean

filling rates of 1.5 ± 1.7 %cm3 min−1 (± standard deviation, range 0.3, 6.1 %cm3 min−1)

for patients (session 1) and 0.9±0.7 %cm3 min−1 (range 0.2, 2.0 %cm3 min−1) for controls.

This indicates that prior hydration does have a significant impact on bladder filling rates.

Intra-participant variability was similar to Lotz et al, with mean standard deviation of

fill rate over the two sessions of 0.6 ± 0.4 %cm3 min−1 (range 0.1, 1.2 %cm3 min−1) for

patients and 0.3± 0.5 %cm3 min−1 (range 0.1, 1.1 %cm3 min−1) for controls.

Fransson et al. acquired 4D T2-weighted MR images of the pelvis of 9 healthy male

volunteers using a radial blade acquisition [189]. These are 3D images acquired a multiple

time points over 10-15 minutes with a temporal resolution of approximately 1 minute.

The prostate, bladder and rectum for each time frame were manually contoured and

the frames deformable registered to the first frame. Principal component analysis of

the first five deformation vector fields was used to determine a motion model, which

were then validated against the last four deformation fields. They reported that the

deformable registration algorithm accurately accounted for organ motion and using one

or two principal component vectors could predict organ motion to within 1 mm. This has

the potential to enable motion tracking, however applications of the model to longer time

points than a few minutes were not evaluated.
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Hynds et al. used an ultrasound probe to measure bladder volumes immediately post-

void and immediately prior to planning CT for 30 patients treated with prostate ra-

diotherapy [183]. Patients drank 500 cm3 of water in the first 15 minutes post-void.

Patients followed the same bladder preparation protocol for each of 37 fractions of radio-

therapy they received, with their bladder volume measured with an ultrasound probe

prior to each one. For the last fraction bladder volume was also measured immedi-

ately post-void. There was significant intra-patient variation in bladder volume between

fractions, with 53% of fractions varying by more than 100 cm3 to the planning blad-

der volume (approximately a change of one third relative to the mean planning vol-

ume over all patients of 282 ± 145 cm3), and 36% of fractions varying by more than

150 cm3, despite following the same preparation protocol. Mean pre-treatment bladder

filling rate was 4.6 ± 2.9 %cm3 min−1 (± standard deviation) and post-treatment it was

2.5 ± 1.8 %cm3 min−1. This is also lower than Lotz et al., despite following a similar

preparation protocol. Intra-patient variability was ascribed to variations in time of day

of scanning, patient’s hydration status, concomitant medications and patient compliance

with the protocol.

Despite the intra-patient variability, bladder preparation protocols are still the primary

method used to conform bladder volume at treatment to that at planning. A systematic

review of bladder volume reproducibility for prostate radiotherapy found a wide range

of bladder preparation protocols evaluated in clinical trials, with water volumes to be

drunk ranging from 300 cm3 to 1080 cm3 and drinking until ‘comfortably full’ [190].

They evaluated mean difference in bladder volume for each treatment fraction relative

to volume at planning CT as a measure of intra-patient variability. Mean difference was

lowest for 300− 400 cm3 protocols (−12 cm3, 95% confidence interval [−52, 28] cm3) and

increased as the drinking volume increased, with the ‘comfortably full’ protocol having a

mean difference of −46 cm3 [−79,−13] cm3.

Grün et al. evaluated an additional biofeedback mechanism to improve the consistency

of bladder volumes following preparation protocols [187]. Patients emptied their bladder,

drank 500 cm3 of water and waited 30-45 minutes for their planning scan. Immediately

after the scan they were asked to void into a measuring container, and the volume of urine

was recorded (aiming to be 200− 300 cm3). Patients followed the same protocol for each

treatment fraction, and were told to aim to reproduce the same volume they recorded

at treatment, constituting a biofeedback mechanism. This did not produce a significant

difference in bladder volume consistency, although there was a trend to more consistent

volumes.

Rectal filling also impacts on pelvic radiotherapy, with significant variation between plan-

ning and treatment [184]. For prostate radiotherapy rectal filling causes a posterior dis-

placement of the prostate and seminal vesicles, with larger volumes (> 60 cm3) causing

larger displacements (> 3 mm) [191]. However, unlike bladder filling, the timescales of
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rectal filling are such that differences over the course of a 45 minute MR scan are mini-

mal [188]. A range of methods of ensuring consistency in rectal filling between planning

and treatment have been investigated including evacuation techniques, dietary advice, lax-

atives and enemas, with no strong evidence to recommend any particular method [192].

McNair et al. found rectal filling consistency was not improved when using dietary ad-

vice and a bowel movements diary to produce consistent rectal volumes in 22 patients

treated with prostate radiotherapy [193]. Yahya et al. evaluated a high-fibre diet leaflet,

micro-enemas and no bowel preparation in 30 prostate radiotherapy patients [194]. Varia-

tion between fractions were assessed using on-treatment CBCT images and demonstrated

significantly smaller rectal volumes and less prostate movement in the micro-enema co-

hort. However measurements of rectal volume were on a single slice and may not be

representative of full rectal volume.

In summary, organ motion in the pelvis depends primarily on bladder and rectal filling.

Bladder and bowel preparation protocols are commonly used to ensure consistency in

organ size and position between planning and treatment. However evidence to their

efficacy is limited and significant inter- and intra-patient variation has been reported.

Bladder filling rates vary significantly between individuals, with significant dependence

on prior hydration. Bladder filling happens over a timescale of minutes meaning longer

planning acquisitions typical for MR and PET-MR imaging (30-45 minutes) will result

in substantial differences in bladder volume during the course of the acquisition. Rectal

filling happens over longer timescales and so changes should be minimal. Changes in

bladder filling impact the position of other organs in the pelvis. Therefore developing

methods of reliably tracking and correcting for bladder filling motion would enable longer

planning sessions to be used, facilitating maximising the benefit of advanced MR and

PET-MR methods for radiotherapy planning.

1.6 Aims and Outline of Thesis

This thesis aimed to overcome the scientific and technical barriers to using MR-only and

PET-MR for radiotherapy planning of pelvic cancers (see figure 1.4). It has focused on

three areas: MR-only radiotherapy (chapters 2 and 3), PET-MR for radiotherapy planning

(chapters 4-7) and organ motion tracking (chapter 8).

Chapter 2 describes the development and evaluation of a novel Deep Learning sCT algo-

rithm based on a novel ZTE sequence and Deep Learning automatic contouring algorithm

based on conventional T2-weighted MR. The sequences and algorithms were developed

by our commercial collaborators in the Deep MR-Only RT project, GE Healthcare. I

scanned the 57 patients in the study cohort which were used in training and evaluating

the Deep Learning model, provided dose evaluations and feedback on preliminary sCT

and automatic contouring models and then carried out a comprehensive dose evaluation
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of the final sCT and automatic contouring version for a range of pelvic radiotherapy sites.

Ongoing QA of sCT dose calculation accuracy is an important clinical concern. Chapter 3

presents a QA method developed using a different clinical MR-only radiotherapy patient

cohort (n=49) utilising a different atlas-based sCT algorithm at the Northern Centre

for Cancer Care. The method uses the first-fraction CBCT as an independent reference

geometry for assessing sCT dose calculation accuracy and is the first to assess this in

clinical practice and derive tolerance levels for clinical use. This work has been published

[195].

The next four chapters turn to consider PET-MR for radiotherapy planning. Chapter 4

starts with a focus on the impact on PET and MR image quality from imaging patients in

the pelvic radiotherapy position using a flat couch and anterior coil bridge. The broader

impact on imaging quality using standard image quality phantoms has not been evaluated

in the literature previously. This chapter discusses methods of incorporating the radio-

therapy hardware in attenuation correction maps and their impact on PET quantitation

accuracy. This work has been published [196].

Chapter 5 continues this theme by applying the developed PET attenuation correction

methods to PET-MR images of ano-rectal radiotherapy patients. The impact of applying

or not applying these methods on GTV delineation and quantification of metabolic pa-

rameters was evaluated using a sub-set (n=17) of the Deep MR-Only RT patient cohort

described in chapter 2.

Quantitative PET requires accurate attenuation correction of the patient as well as the

radiotherapy hardware. Chapter 6 investigates using the radiotherapy sCT described

in chapter 2 for PET attenuation correction compared to gold standard CT and to the

current clinical MRAC method used on the scanner. This was evaluated using a sub-set

(n=10) of the Deep MR-Only RT patient cohort (chapter 2). The impact on automatic

GTV delineation and the quantification accuracy of metabolic parameters were evaluated.

Chapter 7 finishes the discussion of PET-MR for radiotherapy planning with a description

of the development and year-long evaluation of a PET-MR QA programme for radiother-

apy. Six tests were developed to assess: MR image quality, MR geometric accuracy, me-

chanical accuracy, PET-MR alignment accuracy, DW-MR ADC accuracy and PET SUV

accuracy. The same-day repeatability and monthly stability over a year were evaluated

for each test. This work has been published [197].

The final area this thesis has covered is tracking organ motion in the pelvis. Chapter 8

describes developing a MR sequence and evaluation algorithm developed by myself to do

this. This method was evaluated in 9 healthy volunteers recruited and scanned by myself,

utilising the automatic contouring algorithm evaluated in chapter 2.

The last chapter discusses the conclusions that can be drawn from the thesis as a whole

39



and the next steps to be taken in developing the methods for MR-only and PET-MR

radiotherapy to be applied in the clinic.
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Chapter 2

Comprehensive Dose Evaluation of

Pelvic Deep Learning sCT and

Automatic Contouring for MR-only

Radiotherapy

2.1 Introduction

MR-only radiotherapy enables the superior soft-tissue contrast of MR to be used for

delineation without the uncertainty of a MR-CT registration, improving the geometric

accuracy of treatments and potentially reducing patient side-effects [81]. MR cannot be

used directly for radiotherapy dose calculations and so a method of generating a sCT

from the MR needs to be developed [28]. A number of different methods have been

proposed for pelvic radiotherapy including bulk-density and atlas-based methods (see

chapter 1 section 1.2.4). Several commercial solutions have been developed based on

these approaches and evaluated on patients with prostate cancer with very small mean

dose differences to CT (≤ 0.5%) [53, 67, 198]. More recently a number of different Deep

Learning methods have been reported in the literature, although only a few have been

evaluated for dose calculation accuracy in the pelvis [78–80]. Dose calculation accuracy

is the only clinically relevant parameter [78].

Most Deep Learning sCT algorithms have used conventional diagnostic MR images (T1-

weighted, T2-weighted or Dixon sequences) as the input image. Unlike conventional

MR images, ZTE images generate signal from cortical bone, which potentially facilitates

improved bone generation in the sCT. Leynes et al. evaluated a Deep Learning sCT

algorithm using a combination of ZTE and Dixon images for PET-MR attenuation cor-

rection [77]. To the best of my knowledge, sCTs generated from Deep Learning algorithms

using ZTE images as the single input have not been dosimetrically evaluated for pelvic
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MR-only radiotherapy.

Most dose evaluations of algorithms in the pelvis have focused on using clinical prostate

treatment plans. This has limited relevance to other treatment sites where PTVs may

extend significantly superiorly and/or inferiorly of prostate PTVs. The dose calculation

accuracy of the sCT is not robustly assessed in these areas because it is in the low dose

region of the prostate treatment plan. A challenge for evaluating sCTs dosimetrically for

pelvic radiotherapy sites apart from the prostate is that there can be significant variability

between patients in the size and location of the PTV(s). This requires large patient

evaluation cohorts to ensure the sCT is accurate for all potential patients, which can be

difficult especially in rarer cancers. An alternative approach is to use a small ‘dummy’

PTV at multiple points in the inferior-superior direction to assess dose differences. This

enables a smaller number of patients to be used to evaluate sCTs for all pelvic radiotherapy

sites. This also ensures that doses are not averaged over large volume PTVs, potentially

masking small regions within the PTV with large dose differences. This approach has not

been reported in the literature previously, to the best of my knowledge.

MR-only radiotherapy also enables the MR soft-tissue contrast to be utilised for automatic

contouring methods of OARs, which are typically contoured on CT for MR-CT fusion

treatment pathways [83]. A very large number of OAR automatic contouring algorithms

have been reported in the literature, with Deep Learning methods typically producing

the highest accuracy results [199]. However, automatic contours are often evaluated using

delineation metrics which have little correlation with clinically relevant dose differences

[91] and there is no consensus in the literature on the best method [7]. Evaluating the

dose difference from automatic OAR contours is much more clinically relevant, but only

a few studies have investigated this [97–100], with only two evaluating OARs for prostate

radiotherapy, and none of them for ano-rectal radiotherapy. Therefore, there is a need for

a dosimetric evaluation of automatic OAR contours for pelvic radiotherapy treatments.

This chapter presents an evaluation of a novel sCT algorithm based on novel ZTE MR

sequence combined with Deep Learning and a Deep Learning automatic contouring al-

gorithm, both developed by GE Healthcare as part of the DeepMR-Only RT consortium

which also included clinical partners Erasmus Medical Center, The Netherlands, Szeged

University, Hungary and Newcastle University and Newcastle upon Tyne Hospitals NHS

Foundation Trust, UK. The aim of this study was to comprehensively evaluate the dose

accuracy of a Deep Learning sCT algorithm for all pelvic radiotherapy sites and to evalu-

ate the dose impact of a Deep Learning MR-based automatic OAR contouring algorithm

for anal, prostate and rectal radiotherapy.
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2.2 Evaluation of sCT Dose Calculation Accuracy

2.2.1 Materials and Methods

Patient Data Collection

56 patients enrolled in the Deep MR-only RT study (research ethics committee reference

20/LO/0583) who were planned for radical/neoadjuvant (chemo)radiotherapy for anal,

rectal and prostate cancers were included in this study. Exclusion criteria included con-

traindicated for MR scanning, medical implants in the pelvic area (eg hip prostheses)

and external contour greater than the scanner field of view. Patients were divided into

training and evaluation cohorts, with patient characteristics for each detailed in table 2.1.

Table 2.1: Study patient characteristics in the training and evaluation cohorts. Disease staging according
to [200]. All patients were M0.

Characteristic Training Cohort Evaluation Cohort

Total patients 36 20
Female/Male split 7/29 6/14

Median age (range) 65 (48,82) years 66 (49,79) years
Patients with anal cancer (stages) 6 (T1N0-T4N3) 6 (T1/2N0M0-T2N1)

Patients with prostate cancer (stages) 23 (T2N0-T4N0) 10 (T2N0-T4N0)
Patients with rectal cancer (stages) 7 (T2N1-T4N2 4 (T2N1-T3b/4N0)

Patients with hydrogel rectal spacers 5 0

All patients received an MR scan on a SIGNA PET/MR 3T scanner (version MP26 GE

Healthcare, Waukesha, USA) after their radiotherapy planning CT scan and before their

first treatment fraction. Patients were scanned in the radiotherapy treatment position on

a flat couch-top with a coil bridge for the anterior MR coil (see figure 2.1). Patients were

positioned to match their radiotherapy planning CT scan using a combined customisable

foot and knee rest (Civco Medical Solutions, Coralville, Iowa, USA) and external lasers

matched to patient tattoos. Immediately prior to entering the scan room patients emptied

their bladder and drank 400 ml of water.

MR images were acquired using a novel 3D radial ZTE sequence [33] and a T2-weighted 3D

fast spin echo sequence. MR imaging parameters are given in table 2.2. Both sequences

used the vendor supplied 3D distortion correction and the maximum receive bandwidth to

minimise geometric distortions. During the time period that patient images were acquired

a monthly QA programme was carried out which included measurements of geometric

distortion (see chapter 7). The ZTE images were reconstructed using a Deep Learning

denoising algorithm [201] with a reconstructed field of view twice that of the acquired

field of view.

All patients received a planning CT scan (Sensation Open, Siemens, Erlangen, Germany)

in the same model of customisable foot and knee rest (Civco Medical solutions) with a

voxel size of 1.1×1.1×3 mm3 and a tube voltage of V = 120 kVp. Patients being treated
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Figure 2.1: Example of patient setup.

Table 2.2: MR imaging parameters for the ZTE and T2-weighted fast spin echo sequences.

Parameter 3D ZTE 3D FSE

Voxel size 2.0× 2.0× 2.0 mm3 1.0× 1.0× 2.0 mm3

Field of view 360× 360× 300 mm3 380× 304× 360 mm3

Echo time 0.02 ms 148 ms
Repetition time 543 ms 2000 ms

Receive bandwidth 694 Hz pixel−1 658 Hz pixel−1

Acquisition time 65 s 372 s

for anal and rectal cancers received a contrast-enhanced CT scan. Patients were imaged

following routine bladder preparation consisting of an empty bladder 30 minutes prior to

the scan, followed by drinking 400 ml of water, and bowel preparation consisting of the

application of a micro-enema 60 minutes prior to the scan followed by bowel emptying.

CT images were acquired within a median time of 6 days from the PET-MR acquisition

(range 1-15 days) for the evaluation cohort.

Synthetic CT Creation

The sCT was generated from the ZTE image using a 2D CNN U-NET model with a

bone focused loss function, as described in [202]. The model had three tasks: whole

image regression, bone segmentation and image value regression within the bone region.

The logic is to separate segmentation and regression tasks and optimise the model to

simultaneously reduce errors in both, each task implicitly reinforcing the other [203].

Each task was driven by an individualised loss function and generated an associated output

image. The three output images were then combined using the voxel intensity values from

the whole image regression output, except for voxels within the bone segmentation output,
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which were assigned values from the bone regression output. The model was trained with

patients from the training cohort, with ZTE and CT images registered together using an

affine transformation. The ZTE images were normalised with bias correction to ensure

consistency across the dataset. Representative reconstructed ZTE and corresponding sCT

and CT images are shown in figure 2.2.

(a) ZTE (b) sCT

(c) CT

Figure 2.2: Example ZTE image (a) and corresponding sCT image (b) for a patient in the evaluation
cohort. CT image for the same patient is shown in (c) with the air contour shown in red.

Determining the Minimum Longitudinal CT Extent for Accurate Dose Calcu-

lations

Scattered radiation means dose deposition can occur outside of the beam penumbra.

Therefore accurate radiotherapy dose calculations require the patient CT image to ex-

tend beyond the PTV, typically considered as a minimum of 3 cm. For some of the

patients treated for prostate cancer, the longitudinal CT extent was substantially shorter

than the sCT, potentially creating a confounding effect in the dose accuracy comparison.

A potential solution in this case is to copy the most inferior CT slice enough times to

provide sufficient longitudinal coverage. To determine what the minimum PTV-CT dis-

tance required was and the effectiveness of copying the last slice, a cylindrical dummy

PTV with a diameter of 10 cm and a length of 5 cm was created centred on a midpoint

between the femoral heads for one patient. A 6 MV single arc Volumetric Modulated

Arc Therapy (VMAT) plan was optimised to deliver 50 Gy in 25 fractions to this PTV

with a general dose fall-off function. This plan was recalculated on the CT with inferior

slices removed and the doses compared to the plan calculated on the unchanged CT. The

original reference CT had a PTV-to-end-of-CT extent of 9.4 cm. Shortened CTs were

45



created with extents of [4.8,3.9,3.0,2.1,1.2,0.6,0.3,0.0] cm. The plan was then further re-

calculated on some of the CTs with slices removed, with the last slice copied ten times to

add a further 3 cm of longitudinal CT extent beyond the PTV edge. These were done for

the CTs with extents of [2.1,1.2,0.6,0.3,0.0] cm. Plans were compared to the unchanged

reference CT on dose-volume histogram parameters to the PTV and in dose differences

in a line profile extending ±5 cm in the superior-inferior direction.

Comprehensive sCT Dose Evaluation

This aimed to evaluate the sCT at different longitudinal points using all patients, pro-

viding dose accuracy measurements that would be relevant to all pelvic radiotherapy

treatments. The patient CT was rigidly registered to the sCT using the automatic mu-

tual information algorithm within RayStation (v9, RaySearch Laboratories, Stockholm,

Sweden). The sCT was calibrated using a Hounsfield Unit-mass density curve measured

on the CT scanner used for the training CT cases. The CT was calibrated using data

measured on the clinical CT scanner. Any air in the rectum in the CT or sCT was auto-

matically contoured using a threshold method. Voxels falling between -1000 HU and -300

HU within the external body contour were thresholded, and the resulting structure set to

water density. Patients who had received a contrast-enhanced CT had the contrast delin-

eated and set to a mass density of 1.015 g cm−3, the density of artery tissue. The contrast

was contoured using a semi-automatic method within RayStation, using the ‘Bone ROI’

tool. This uses a thresholding and connected regions approach, with two thresholds: a

definitely bone threshold where HU above this value are always included, and a definitely

not bone threshold where HU below this value are always excluded. Voxels with intensity

between these two thresholds are either included or excluded depending on whether they

are connected to an included region. To delineate contrast, firstly a ROI was created

using the ‘Bone ROI’ tool with the definitely bone threshold > 150 HU and the definitely

not bone threshold < 50 HU. This included the contrast voxels, but also all the bone

voxels. A second ROI was created with the ‘Bone ROI’ tool with thresholds > 250 HU

and < 150 HU, which excluded the contrast voxels but included most of the bone. This

second ROI was expanded by a uniform 1 cm margin and subtracted from the first ROI to

leave just the contrast contoured. This was then visually inspected and manually modified

to ensure accuracy.

The true external contour was automatically determined for both sCT and CT using a

threshold of −250 HU. In addition, the intersection volume of the two true external con-

tours was also calculated (the intersection external contour). This enabled dose differences

to be compared without the confounding effect of small differences in external contour

arising from the images being acquired in two imaging sessions. One patient had the most

inferior CT slice copied 10 times, lengthening the CT by 3 cm to ensure sufficient lateral

scatter for accurate dose calculation on the CT (see subsection ‘Minimum Longitudinal
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CT Extent’ above). The inferior CT extent was not sufficient for one patient and the

superior CT extent for 8 patients. A 2× 2× 2 mm3 dose grid was used which covered the

external contours of both CT and sCT, with the dose grid voxel size and the dose grid

position kept the same on both image sets.

Four separate isocentres were positioned on the CT, longitudinally separated by 5 cm.

The first isocentre was positioned using manual contours of the femoral heads on the CT.

The middle of each contour (left and right) was determined and the midpoint between

them calculated. This isocentre was labelled FH. A further three points were determined

with the same left-right and anterior-posterior position and 5 cm inferior (FH-5), 5 cm

(FH+5) and 10 cm (FH+10) superior (see figure 2.3).

The 6 MV radiological water equivalent isocentre depth was calculated in the axial plane

at 5o angles for both sCT and CT at each of the four isocentres using 1×1 cm2 beams (see

section 1.2.3 for more background information on radiological isocentre depth analysis)

[55, 56]. For each isocentre two sets of measurements were made, one using the true

external contour for each image and one using the intersection external contour. The

radiological isocentre depth using the intersection external contour gave a measure of the

accuracy of the HU assignment in the sCT and the physical isocentre depth using the

true external contour a measure of the differences in external contour due to differences

in patient setup or residual geometric distortion at the patient periphery. The radiological

isocentre depth using the true external contour gave an overall measure incorporating both

HU assignment and geometric accuracy (the physical isocentre depth using the intersection

contour would by definition have a difference of zero). The radiological isocentre depth

was calculated on both CT and sCT using the density over-rides described above. The

difference in radiological depth (sCT - CT) at each gantry angle was determined for each

external contour method. The difference in physical isocentre depth was also determined

at each gantry angle with both external contour methods.

(a) Isocentre Points (b) Dummy Plan

Figure 2.3: Example CT showing the four isocentre points marking the FH-5, FH, FH+5 and FH+10
levels (a) and the cylindrical PTV (red line) and dummy plan dose at the FH level (b). The true external
contour (pink line) and intersection contour (blue line) are shown on image a).

A cylindrical dummy PTV 5 cm long with a diameter of 10 cm was drawn on the CT
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centred on the isocentre in the femoral head plane (see figure 2.3). The 5 cm length was

chosen because the FH isocentre points were spaced 5 cm apart so PTVs 5 cm long ensured

continuous coverage in the superior-inferior direction. The diameter of 10 cm was selected

as approximately representative of pelvic PTVs. A 6 MV single 360o arc VMAT plan was

optimised to deliver 50 Gy in 25 fractions to this PTV, using a general dose fall-off function

to ensure conformality of the high dose region to the PTV. Dose was calculated using the

RayStation collapsed cone algorithm (version 5.2), which calculates dose-to-water. This

plan was recalculated on the sCT keeping the dose grid the same using the true external

contour. The difference in dose to the PTV median dose (D50%), near-minimum (D98%)

and near-maximum (D2%) were calculated as a percentage of the prescription dose (see

section 1.2.3) [10]. The PTV and treatment plan were then reassigned to each of the

other three isocentres in turn, with the plan recalculated (but not re-optimised) for each

isocentre on CT and sCT and the doses compared using the same methodology. This

analysis was then repeated within the intersection external contour. For one patient the

cylinder PTV was outside the true external contour for the FH-5 point. For this patient,

the PTV was cropped to the intersection external contour to ensure it was the same

volume for CT and sCT.

Site-Specific sCT Dose Evaluation

An additional dose evaluation was carried out using the clinical treatment plan to ensure

clinical relevance. Unlike the FH point analysis though, the clinical plan analysis would

only apply for the prostate, anal and rectal cancers contained within the evaluation co-

hort. So this analysis was more clinically relevant but less generalisable. The same CT

registration, air and contrast density overwrites and additional CT slices (if required)

were used as in the comprehensive dose evaluation. Only the true external contour was

used for dose calculations, which may result in confounding patient setup differences but

also ensures geometric accuracy of sCT is assessed and the results are comparable to the

literature. The PTV(s) and relevant clinical OARs were copied from the CT to the sCT

and the clinical treatment plan recalculated on the sCT keeping the monitor units and

dose grid the same. The difference in dose to the PTV(s) DVH points D2, D50 and D98

and OAR DVH points were calculated. A gamma analysis (see section 1.2.3) was per-

formed comparing the dose calculated on the sCT to the CT for the clinical treatment

plan using the Medical Interactive Creative Environment Toolkit (version 2021.1.2, Ume̊a

University, Sweden) [204]. A 3D global gamma analysis was carried out within the follow-

ing structures: the external contour, the union of all patient PTVs (primary, nodal and

elective if present) and the volume enclosed by the 50% isodose line of the prescription

dose. The union of patient PTVs ensured all the high dose regions were included within

the PTV evaluation. The gamma analysis criteria used were a dose difference of 1% of

prescription dose and distance to agreement 1 mm and dose difference 2% and distance

to agreement 2 mm. All points below 10% of the prescription dose were excluded from
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the analysis.

To enable comparisons of the site-specific dose differences to the FH point dose differences

form the comprehensive dose evaluation, the superior-inferior length of the union of all

patient PTVs was determined relative to the FH points for each patient.

2.2.2 Results

Minimum Longitudinal CT Extent

DVH dose differences only occurred for CT extents ≤ 0.6 cm (see figure 2.4) without

the last slice copied. Changes in the most sensitive parameter, the D99%, were still

only −0.6% even at 0.6 cm extent, although this rapidly increased for shorter distances.

Copying the last slice ten times resulted in zero differences in dose volume histograms,

even for the CT with 0.0 cm extent (figure 2.4).

(a) Without Last Slice Copied (b) Last Slice Copied

Figure 2.4: Dose volume histograms for CTs with different longitudinal distance extensions beyond the
PTV edge (a). Panel (b) shows the equivalent figure but with CT scans where the last slice has been
copied ten times.

The line profiles were more sensitive to the CT longitudinal extent, with differences within

the PTV starting at the 1.2 cm distance (figure 2.5). These differences were still very

small though, < 0.2%. Copying the last slice ten times was very effective at reducing dose

differences to zero except for extents ≤ 0.3 cm from the PTV. Even at distances ≤ 0.3 cm

(the slice thickness) the differences were ≤ 0.3% and 0.0% within the PTV.

In conclusion, CT’s that extend longitudinally ≥ 1.5 cm beyond the PTV edge can be

used for dose comparisons to sCT without modification. For CTs with extents < 1.5 cm

but ≥ 0.3 cm, the last CT slice should be copied and the resulting modified CT used for

dose comparisons to sCT. The data suggests that the last slice only needs to be copied

enough times to enure ≥ 1.5 cm beyond the PTV. However for simplicity a standard 10

times was used when applied in the sCT evaluation. For CTs with extents < 0.3 cm,

the most superior/inferior PTV (FH+10/FH-5) should not be used. This approach was
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(a) Without Last Slice Copied

(b) With Last Slice Copied

Figure 2.5: Profiles of doses along a line running longitudinally from the FH+5 to FH-5 points calculated
on CTs with different longitudinal distances from PTV edge to edge of CT. a) shows results from the CT
without modification and b) results with the last CT slice copied ten times. In each sub-figure the top
panel shows the dose profile and the bottom panel the dose difference profile to the reference CT.

applied to the sCT evaluations for one patient (see next section). These results only apply

to the beam energy evaluated here (6 MV flattened beam) since lateral scatter is beam

energy dependent and higher beam energies are likely to require larger CT extents.

Comprehensive sCT Dose Evaluation

sCTs were successfully generated for all patients. Example dose distributions and dose

difference maps can be seen in figure 2.6. The mean radiological isocentre depth differences

for the true external contour were 0.2 ± 0.1 mm (FH+10), −0.3 ± 0.1 mm (FH+5),

−0.6± 0.1 mm (FH), and −2.1± 0.1 mm (FH-5) (± standard error, see figure 2.7). The

corresponding mean physical isocentre depth differences were −0.5 ± 0.1 mm (FH+10),

−1.2 ± 0.1 mm (FH+5), −1.5 ± 0.1 mm (FH), and −2.1 ± 0.1 mm (FH-5). There did

appear to be larger differences in both radiological and physical isocentre depths at the

more inferior points, particular at approximate angles 60o, 120o, 240o and 300o. The

mean radiological isocentre depth differences for the intersection external contour were
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0.6 ± 0.1 mm (FH+10), 0.6 ± 0.1 mm (FH+5), 0.6 ± 0.1 mm (FH), and −0.3 ± 0.1 mm

(FH-5). There was no trend apparent in differences within the intersection contour with

either angle or FH isocentre point.

(a) sCT (b) CT

(c) Dose Difference Map

Figure 2.6: Example dose distribution on sCT (a), CT (b) and dose difference map (c) for the FH+5
point with the true external contour. Isodoses and dose differences shown as percentages of prescription
dose (50 Gy). Patient was selected as closest D50% dose difference to mean value for the FH+5 point.

The mean dose differences within the true external contour at the different FH isocentre

points were small, ≤ 1.1% and even smaller for the intersection contour ≤ 0.3% (see table

2.3). The distribution of dose differences were larger for the more inferior FH points within

the true external contour, but similar across all points within the intersection contour (see

figure 2.8).

Site-Specific sCT Dose Evaluation

The superior-inferior length of the combined primary, nodal and elective PTVs for each

patient is shown in figure 2.9. For prostate-only patients (n=9) only the dose differences

at the FH-5 and FH points were relevant, as the PTV does not extend superiorly to the

FH+5 point. For the prostate with nodal treatment (n=1), rectum and anus patients

all four points were relevant to the dose evaluation, although only two patients extended

beyond FH+10. Two anus patient’s PTVs extended more than 4 cm inferiorly of the

FH-5 point, suggesting an evaluation at the FH-10 point would have also been relevant

for them.

Mean dose differences at clinically relevant DVH points for the PTV(s) and clinically

relevant OARs are shown in table 2.4. Example gamma maps for a representative anus

patient are shown in figure 2.10. Gamma pass rates at 2%/2 mm within the external
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Figure 2.7: The mean isocentre depth differences (sCT - CT) using radiological depth (orange) and
physical depth (yellow) within the true external contour and radiological depth (blue) for the intersection
external contour. Differences are shown as a function of gantry angle, 0o indicating beams incident on
the patient anterior and 90o on the patient left (all patients treated in head-first supine position). Dotted
horizontal line indicates zero difference. The shaded area shows ± one standard error on the mean.

Table 2.3: Cylindrical PTV dose differences at the DVH constraints for the FH point plans. The number of
patients included for the analysis at each FH point is indicated. Dose differences within the true external
contour and intersection external contour reported as mean ± standard error (minimum, maximum).

Point Patients Constraint
Mean Dose Difference / %

True External Intersection External

FH+10 12
D2% −0.2± 0.2 (−1.2,0.7) −0.3± 0.1 (−0.9,0.1)
D50% −0.1± 0.1 (−1.0,0.4) −0.3± 0.1 (−0.7,0.1)
D98% 0.0± 0.1 (−0.7,0.7) −0.2± 0.1 (−0.7,0.3)
D2% 0.3± 0.2 (−1.1,2.6 0.0± 0.1 (−0.8,0.9)
D50% 0.2± 0.2 (−1.1,2.3) −0.1± 0.1 (−0.9,0.7)FH+5 20
D98% 0.2± 0.2 (−1.3,2.5) −0.1± 0.1 (−0.8,0.8)

FH 20
D2% 0.6± 0.2 (−1.5,3.6) 0.0± 0.1 (−1.1,0.6)
D50% 0.4± 0.2 (−1.6,2.1) −0.1± 0.1 (−1.2,0.6)
D98% 0.2± 0.1 (−1.4,1.4) −0.1± 0.1 (−0.9,0.5)
D2% 1.1± 0.3 (−1.0,3.0) 0.2± 0.1 (−0.6,0.7)
D50% 0.8± 0.2 (−1.2,3.1) 0.1± 0.1 (−0.7,0.6)FH-5 19
D98% 0.5± 0.2 (−1.4,2.2) 0.0± 0.1 (−0.7,0.5)

contour were highest for the prostate patients, 98.9 ± 0.3% (96.9%,99.8%), followed by

rectum, 98.4 ± 0.5% (97.3%,99.2%), and anus patients 97.8 ± 0.6% (96.0%,99.4%, see

figure 2.11). Gamma pass rates at 1%/1 mm were lower: 97.7 ± 0.5% (94.4%,99.5%),
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Figure 2.8: Boxplots of D50% dose differences within the true external contour (orange) and intersection
external contour (blue) for each FH point.The dotted line indicates zero dose difference. The rectangles
indicate the interquartile range (IQR), with the horizontal black line the median value, the black whiskers
the maximum (minimum) data point within Q3 + 1.5IQR (Q1 − 1.5IQR) and the black crosses outlier
data points.

Figure 2.9: Plots of clinical PTV superior-inferior extents relative to the FH points used in the com-
prehensive evaluation. Each patient is shown as a separate line with treatment site shown with colours:
anus (red), prostate (green) and rectum (purple). For patients with multiple PTVs with different dose
levels the line indicates the combined superior-inferior extent.

94.8± 3.1% (88.0%,100.0%) and 94.7± 1.0% (91.6%,98.2%) for the prostate, rectum and

anus patients respectively.

53



Table 2.4: Dose differences at DVH constraints for the clinical plans for different regions of interest. The
number of patients varies for the different PTVs for the ano-rectal patients as not all patients had elective
or nodal volumes. All results given as mean ± standard error (minimum, maximum).

Site Region of Interest Patients Constraint Dose Difference/%

PTV Primary 6
D2% 1.0± 0.5 (−0.7,2.6)
D50% 0.6± 0.4 (−1.1,1.8)
D98% 0.2± 0.3 (−1.2,1.0)
D2% −0.1± 0.4 (−0.7,0.7)
D50% −0.2± 0.3 (−0.8,0.7)PTV Nodal 4
D98% −0.1± 0.3 (−0.7,0.6)

PTV Elective 6
D2% 0.2± 0.2 (−0.8,0.7)
D50% 0.2± 0.2 (−0.4,0.6)
D98% −0.0± 0.1 (−0.5,0.4)

Bladder 6 D50% 0.3± 0.4 (−1.0,1.5)

Anus

Small Bowel 6 D30% −0.1± 0.2 (−0.6,0.4)
D2% 0.7± 0.2 (−0.1,2.5)
D50% 0.7± 0.2 (−0.0,1.9)PTV 10
D98% 0.6± 0.1 (0.0,1.2)

Bladder 10 D50% 0.0± 0.1 (−0.3,0.2)
Prostate

Rectum 10 D30% 0.1± 0.1 (−0.3,1.1)

PTV Primary 4
D2% 0.5± 0.2 (0.1,0.9)
D50% 0.3± 0.1 (0.0,0.6)
D98% 0.3± 0.1 (0.0,0.6)
D2% 0.4± 0.3 (0.1,0.7)
D50% 0.3± 0.4 (−0.1,0.7)PTV Elective 2
D98% 0.1± 0.2 (−0.1,0.3)

Bladder 4 D50% 0.3± 0.2 (−0.1,0.6)

Rectum

Bowel Bag 4 D30% −0.1± 0.1 (−0.2,0.1)

(a) Sagittal (b) Axial

Figure 2.10: Example sagittal (a) and axial (b) gamma pass maps for an anus patient with criteria
1%/1 mm. Patient was selected as the closest to the mean pass rate in the external contour.

2.2.3 Discussion

This study aimed to evaluate the dose calculation accuracy of a Deep Learning sCT al-

gorithm for pelvic MR-only radiotherapy, both comprehensively for all pelvic sites and
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Figure 2.11: Boxplots of gamma pass rates for clinical plans within the PTV, external contour and 50%
isodose contour for the anus (red bars, n=6), prostate (green bars, n=10) and rectum (purple bars, n=4).
Gamma pass rates with criteria 1%/1 mm are shown with right diagonal hatching and with 2%/2 mm
with dotted hatching. One outlier result for the prostate pass rate with 1%/1 mm criteria is not shown
(53.8%). The rectangles indicate the interquartile range (IQR), with the horizontal black line the median
value, the black whiskers the maximum (minimum) data point within Q3 + 1.5IQR (Q1− 1.5IQR) and
the black crosses outlier data points.

for the clinical prostate and ano-rectal patient plans included in this study. The compre-

hensive dose evaluation used all patients and evaluated dose differences from a cylindrical

PTV treatment plan centred on 4 longitudinally spaced isocentres (FH-5, FH, FH+5 ad

FH+10). Dose differences were evaluated using two external contours: an intersection ex-

ternal contour which was identical for both sCT and CT to evaluate the dose differences

caused by the sCT HU values, and a true external contour which evaluated the geometric

fidelity of the sCT as well HU accuracy. The clinical plan evaluation used the clinical

treatment plan for each patient (10 prostate, 6 anus and 4 rectum patients) within the

true external contour only.

In the comprehensive dose evaluation, the absolute mean radiological isocentre depth

differences were ≤ 0.6 mm for all FH isocentre points except for FH-5 which was 2.2 mm.

At the FH-5 point there were some angles with large differences, especially oblique angles

approximately ±30o of the horizontal (900 and 270o) (figure 2.7). These differences were

very similar to the physical differences in the true external contour, and completely absent

in the intersection contour. This implies the differences were due to differences in the

patient external contour and not incorrect HU assignment. These differences were likely

due to differences in patient posture, even though they were setup using a radiotherapy

pelvis board with matched settings to the CT image using external lasers. The oblique
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angles would be most affected by differences in external contour. The possibility of patient

posture differences was much higher at the FH-5 point compared to superior points due to

the greater impact of differences in patient posture such femur angle or buttock clenching.

The absolute mean dose differences to the FH plans within the true external contour were

small, ≤ 1.1%, although there were five patients with D2% dose differences > 2% at at

least one FH point isocentre. The dose differences within the intersection external contour

were smaller, absolute mean differences ≤ 0.3% and all patients within ±1.2%. This

again suggests that the primary reason for the larger dose differences for some patients

was not incorrect HU assignment but differences in the external contour. The external

contour dose differences were largest for the FH-5 point, followed by the FH point, with

a systematic bias towards positive dose differences, implying the sCT over-estimates the

dose. This fits with the under-determination of the radiological depth difference (figure

2.7) as the sCT has lower beam attenuation, resulting in a too high dose at the target.

The clinical plan dose differences were also small, with all mean dose differences ≤ 1.0%

(table 2.4). The dose differences in the OARs tended to be lower than the PTVs, probably

due to having lower doses within them (all dose differences were relative to the prescription

dose). Gamma pass rates with criteria 2%/2 mm were high, with the mean pass rate

≥ 97.8% within all contours and for all treatment sites. At 1%/1 mm, pass rates were

substantially lower, especially within the PTV(s). The anus patients had the lowest

pass rate, probably due to having the most inferior PTVs where there were the largest

discrepancies between CT and sCT external contours. Currently there are no published

tolerances for acceptable gamma pass rates for the evaluation of sCT accuracy. However

the results in this study do compare well to other results reported in the literature (see

below).

There was good agreement between clinical PTV dose differences and the closest FH point

to that clinical PTV (see figure 2.9). The prostate PTVs were located between FH-5 and

FH points, and the mean D50% dose difference (0.7± 0.2%) was between the 0.4± 0.2%

and 0.8± 0.2% for the FH and FH-5 points respectively. The rectum primary PTVs were

close to the FH point and the elective PTVs close to the FH+5 point, and both had

D50% dose differences that agreed with those FH dose differences within 0.1%. Similarly,

the anus primary PTVs agreed within 0.2% with the FH-5 dose differences, the elective

PTVs within 0.2% of the FH+5 differences and the nodal PTVS within 0.1% of the FH+10

differences. This implies that the FH plan evaluation was clinically relevant to the anus,

prostate and rectum patients studied. This could be useful method going forward for

evaluating dose differences with one patient cohort for a wide range of treatment sites.

A key question for MR-only radiotherapy is what magnitude of dose differences would be

considered clinically significant. Dose differences ≥ 2% are often suggested in the MR-

only literature as the threshold above which differences are clinically significant [205]. The

mean PTV dose differences at all FH points and all the clinical dose differences for all
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patients except one anus patient and one prostate patient were within ±2%. This implies

the sCT was sufficiently accurate for clinical use. However, the justification for the ±2%

value needs to be considered further. Over the whole treatment pathway the dosimetric

uncertainty should be within 3% and the geometric uncertainty 2−4 mm [8]. This requires

the uncertainty of any individual component to be < 1.0% and < 1.0 mm to not signifi-

cantly increase the overall uncertainty [8]. Therefore clinically significant dose differences

would be > 1.0%. Another consideration is that MR-only radiotherapy is essentially

trading-off increased dosimetric uncertainty from the sCT for reduced geometric uncer-

tainty through removing the MR-CT registration. This latter uncertainty is estimated

at 2 mm for the pelvis [25], and so this also suggests generating an overall improvement

in radiotherapy accuracy would require sCT dose differences to be ≤ 1.0%. All the FH

plans PTV mean dose differences were ≤ 1.0% except for the FH-5 D2%, which was 1.1%.

And all the mean dose differences for the clinical plans were also ≤ 1.0%. This suggests

that the sCT is sufficiently accurate for clinical use for most patients, although the larger

dose differences for some patients (≥ ±2%) implies some form of patient-specific QA of

sCT dose calculation accuracy would be warranted (see chapter 3). Future work could

investigate these setup differences further by examining the on-treatment CBCT images

of these patients. If the variation in leg position on between different fraction CBCTs

was similar to the magnitude of differences between CT and sCT then this suggests that

these dose differences are not clinically relevant.

The results from this study compare well with other Deep Learning sCT approaches in

the pelvis. Maspero et al. evaluated a Deep Learning sCT model for the pelvis and found

dose differences of 0.4% and 0.4% to the PTV D50% for prostate and rectum patients

respectively [78], compared to the 0.7± 0.2% and 0.3± 0.1% reported here. Gamma pass

rates at 2%/2 mm were 95± 2% and 92± 3% for prostate and rectum patients, less than

the 98.9±0.3% and 98.4±0.5% found in this study. Similarly, Yoo et al. found PTV D50%

dose differences for prostate patients of 0.4 ± 0.3% and gamma pass rate (2%/2 mm) of

93± 4% [80]. A study looking at ano-rectal patients reported mean PTV dose differences

of −0.1%, with a 1%/1 mm gamma pass rate of 96% [79]. These agreed well with the

0.3± 0.1% and 0.2± 0.3% dose differences and 95± 3% and 95± 1% gamma pass rates

for the rectum and anus patients respectively reported here. This suggests that the sCT

algorithm performs equivalently well as those presented in the literature as sufficiently

accurate for clinical use.

A potential limitation of this study was that rigid sCT to CT registration was used and

not deformable registration. Both approaches are used in the literature, with deformable

registration having the potential advantage of removing confounding differences in patient

set-up from the different imaging sessions [55]. However, this does mean the sCT is not

evaluated as it would be used for a clinical MR-only pathway, because it is deformed to

match the CT [79]. This potentially masks geometric issues in the MR such as residual
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geometric distortion, which could have an impact on the dose calculation accuracy of

sCT images. This study has used a rigid registration to ensure the sCT is evaluated in a

clinically representative manner, but with an additional analysis within the intersection

external contour, removing any differences in external contour between sCT and CT. This

enables the scale of dose differences due to patient alignment discrepancies compared to

HU assignment inaccuracies to be assessed. The results showed mean differences within

the true external and intersection external were similar (within 0.7%), but with the range

of differences substantially reduced.

A limitation of this study is that only data from a single centre and single manufacturer

scanner, which was the same scanner used for the training cohort, has been used in the

evaluation. This is particularly an issue for Deep Learning algorithms where over-fitting

is a recognised problem, leading to poor generalisation of the algorithm. Future work

could extend this evaluation to patient images acquired at different centres on different

scanners to validate the generalisability of the results reported here. A related issue would

be to investigate how sensitive the algorithm was to variations in the input images, such

as different image resolutions, fields of view and noise levels [44].

2.3 Evaluation of MR Automatic Contours

2.3.1 Materials and Methods

MR Automatic Contour Creation

The automatic contours were generated by a Deep Learning algorithm produced by GE

Healthcare, consisting of CNNs trained using manually contoured MR images (see section

1.2.2 for further background on the different Deep Learning models described here). The

training dataset was drawn from several sources: the training patient cohort described

in table 2.1, healthy volunteer images from the same 3T PET-MR scanner and prostate

patient images from a different manufacturer 1.5 T scanner. All images were acquired

with T2-weighted 3D TSE sequences, but with some variability in scan parameters. All

images were manually contoured following organ-specific guidelines by medical students

who had been trained by clinical oncologists. The number of training patients for each

OAR model varied (see table 2.5). The prostate & seminal vesicles organ was a combined

contour whereas the prostate contour only contained the prostate itself.

Individual CNN models were used for each OAR except for the femoral heads which were

contoured by a single model and the penile bulb and urethra, which were also contoured

by single model. Different approaches were used for different OAR types. For the large

organs (bowel bag and pelvis body) where images may not completely cover the organ

extent, 2D axial U-NETs were used for contouring each slice separately. The U-NETs

used three contiguous slices as an input, with contours returned for the central slice.
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Table 2.5: The OARs generated by the automatic contouring algorithm for male and female patient
images, along with the number of patients used in training the model.

Organ Training Patients Female Patients Male Patients

Bladder 92 X X
Bowel Bag 39 X X

Femoral Head L 95 X X
Femoral Head R 95 X X

Pelvis Body 81 X X
Penile Bulb 77 - X

Prostate 80 - X
Prostate & Seminal Vesicles 80 - X

Rectum 93 X X
Urethra 77 - X

The intermediate organs (bladder, prostate, prostate & seminal vesicles and rectum)

were localised using three 2D U-NETS which contoured the OAR in low-resolution axial,

coronal and sagittal planes. These were combined to produce a bounding box for the

organ. The original image was then cropped to this bounding box, and a 3D V-NET

model used on the cropped image to contour the OAR. The femoral heads were contoured

using the same methodology but on both images inverted in the right-left axis and with

the original orientation, thus enabling left and right femoral heads to be localised and

contoured by the same model. Finally the penile bulb and urethra were localised with

the prostate and contoured using a single joint 3D V-NET model.

All models included post-processing steps to smooth the contours, remove holes and re-

sample to the input image resolution and the final contours were then exported as a

DICOM radiotherapy structure set objects.

Clinical Evaluation of MR Automatic Contours

The automatic contour algorithm was evaluated using the 20 evaluation patients described

in table 2.1. Manual contours for comparison were produced by the same trained medical

students who contoured the training images. The automatic contours were compared to

the manual contours using three comparison metrics calculated in RayStation: the DSC,

the mean Distance To Agreement (DTA) and the maximum DTA. The DSC is defined

as twice the intersection volume of the two contours divided by the sum of the volumes

of the two contours [91]. The DTA calculates the minimum distance from each point on

the manual contour to a point on the automatic contour. The mean DTA is the mean

of all distances and the maximum is the maximum distance. There is no currently no

consensus in the literature on the best delineation metrics to use and so multiple metrics

were evaluated to enable comparisons to the literature and correlations with clinical rating.

A fourth novel methodology was employed called the margin expansion method. This

gave the average margin needed to expand the automatic contour so that it encompassed
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a certain percentage volume of the manual contour. This method aims to give an estimate

of the PTV margin needed to encompass delineation uncertainties from the automatic con-

tour, so providing something that is more clinically relevant than conventional delineation

metrics. This method took the automatic contour and created an expansion around this

using an increasing margin size with a step of 0.5 mm. At each new margin size the per-

centage volume of the manual contour that was contained within the automatic contour

plus margin was calculated. This was then repeated for each patient. The mean margins

required for 99% coverage of the manual contour were determined (m99%).

In addition, the automatic OAR contours for each patient were rated for clinical accept-

ability by an experienced consultant clinical oncologist on a five-point scale:

1. Delete: The contour is not acceptable for clinical use, complete recontouring needed

2. Major: The contour is not acceptable for clinical use, significant correction needed

3. Intermediate: The contour is not acceptable for clinical use, some correction needed

4. Minor: The contour is acceptable for clinical use, but minor corrections could be

done

5. Accept: The contour is acceptable for clinical use at it is

Distance metrics have been suggested to be the most clinically relevant assessments of

radiotherapy contours [91], so the clinical ratings were compared to plots of maximum

against mean DTA metrics to visually assess correlation. The novel m99% metric was also

plotted as a function of clinical rating to visually assess correlation.

Dosimetric Evaluation of MR Automatic Contours

The dose impact of contouring differences was evaluated using treatment plans produced

for the relevant treatment site and calculated on CT. The planning CT was rigidly reg-

istered to the T2w-MR using the same parameters used in the sCT dose evaluation and

both the automatic and manual OARs were copied onto the CT without modification. An

automatic external contour was created on the CT using a threshold of −250 HU, which

was used for all dose calculations. Any air within the patient contour was delineated and

over-ridden to water density. For all sites, each patient had two VMAT plans generated:

one using the automatic OAR contours in the optimisation and one using the manual

OAR contours, labelled planauto and planman respectively. Both plans were optimised to

deliver the same prescribed dose to the same PTV, using the same number of VMAT arcs

with the same isocentre. The same optimisation parameters were used for both plans to

remove operator bias and ensure differences in plans were due to differences in contours

only.

For the prostate patients (n=10), the manually drawn prostate and seminal vesicles vol-

ume were used as the CTVs and expanded using PTV margins of 4 mm for the prostate-

60



only PTV and 8 mm for the prostate and seminal vesicles PTV, in accordance with the

PACE trial protocol [206]. The prostate-only PTV was prescribed 60 Gy and the prostate

and seminal vesicles PTV 47 Gy in 20 fractions [206]. Single 360o arc 6 MV VMAT plans

were created to deliver a homogeneous dose to the PTV and minimise doses to the OARs.

The local clinical standard set of optimisation weights were used (class solution) for both

planauto and planman and no optimisation weights were changed in the planning process.

All plans met mandatory dose constraints.

For the rectal cancer patients (n=4) the clinical CT-based PTV was used as no manual

GTV and CTV contours had been delineated on the T2w-MR. Patients were prescribed

doses of 50.4 Gy in 28 fractions (n=2), 45 Gy in 25 fractions (n=1) and 25 Gy in 5

fractions (n=1). Dual 360o arc 6 MV VMAT plans were optimised using the optimisation

objectives and weights and beam geometries from the clinical CT-based plan. All plans

met mandatory dose constraints except those which had not been achieved in the clinical

plan.

Similarly, for the anal cancer patients (n=6) the clinical CT-based PTV was used. Patients

were prescribed 53.2 Gy (n=4) or 50.4 Gy (n=2) in 28 fractions. The optimisation

objectives and weights and beam geometries from the clinical CT-based quadruple 360o

arc 6 MV VMAT plan were used to optimise planauto and planman. Three patients had

clinical treatment plans that were not accessible to the research team. For those patients,

a quadruple 360o arc VMAT plan was optimised using the CT-based structure set by an

experienced planner and those optimisation parameters and beam geometries used for

planauto and planman. All plans met mandatory dose constraints except those which had

not been achieved in the clinical plan.

DVH parameters were extracted for the manual contours from both plans (planautocontourman

and planmancontourman and for the automatic contours from the plan based on automatic

contours (planautocontourauto). This enabled two comparisons to be made: 1) the accu-

racy of the automatic contours for treatment plan optimisation, planautocontourman vs gold

standard planmancontourman and 2) the accuracy of the automatic contours for treatment

plan evaluation, planautocontourauto vs gold standard planautocontourman. The first com-

parison kept the evaluation contours the same but varied the planning contours, whereas

the second comparison kept the planning contours the same but varied the evaluation

contours.

Both comparisons were made on clinical relevant dose-volume constraints for the appro-

priate treatment site. The prostate dose-volume constraints were taken from the recom-

mendations in a review paper of hypofractionated radiotherapy for prostate cancer [207].

Additional dose constraints for the bowel bag were taken from the RCR rectum cancer

radiotherapy guidance document [208] and for the urethra from a trial protocol evalu-

ating urethra-sparing prostate Stereotactic Ablative Body Radiotherapy (SABR) [209].

The femoral head dose constraints were replaced by those taken from the RCR rectum
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cancer radiotherapy guidance document [208] because only 4/10 prostate patients had

doses above the 30 Gy prostate dose constraint. The prostate and prostate & seminal

vesicles contours were excluded from the analysis as they were target contours and not

OARs for this patient group. The pelvis body contour was excluded from the analysis as

there was the same (CT-based) external contour used for all plans.

The anal and rectal cancer dose constraints were taken from the UK national IMRT

guidance documents published by the RCR [208,210]. Additional dose constraints for the

penile bulb were added from those used for prostate cancer [207] and for the urethra from

the same source as above [209]. The prostate and seminal vesicles are not considered OARs

in most other pelvic radiotherapy and so there were no dose constraints for them in the

literature. Instead the dose differences at the D5%, D50% and D95% were assessed. The

constraints are summarised in results tables 2.7 and 2.8. For each constraint the absolute

difference in cumulative dose or absolute/relative volume was used as the measure of

difference to avoid biasing the results towards constraints with very low values. The

rectum contours were excluded from the analysis as they were target contours and not

OARs for this patient group, and the pelvis body contour excluded for the same reason

as for the prostate patients.

The differences in dose-volume constraints for the evaluation assessment were also corre-

lated with the clinical rating. A single DVH constraint was selected for each OAR which

showed the maximum dependence of the evaluation dose difference with clinical rating,

determined by visual inspection of plots for each OAR. Summary plots of all OARs were

then produced for the prostate and ano-rectal patients separately.

2.3.2 Results

Clinical Evaluation of MR Automatic Contours

Automatic contours were successfully generated for all OARs and all patients, although

the penile bulb contour on one patient and the urethra contour on two patients were

completely misplaced (inside the bladder), suggesting the localisation model failed for

those patients. Example contours for a representative patient can be seen in figure 2.12.

The delineation metrics are summarised for each OAR in table 2.6, with the different

OAR models having quite different levels of performance. The volume that the automatic

contours overlapped the manual contours as a function of expansion margin showed a

similar variability between OARs (figure 2.13).

The clinical ratings also showed varying performance levels (figure 2.14), with only the

femoral heads and pelvis body contours having all patients clinically acceptable, although

only the bowel bag and prostate contours had median values below clinically acceptable.

There was limited correlation between the clinical ratings and the margin expansion metric

of the DTAmax vs DTAmean plots (figures 2.13 and 2.15).
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(a) Coronal (b) Sagittal

(c) Superior Axial (d) Medial Axial

(e) Medial Axial (f) Inferior Axial

Figure 2.12: Automatic (solid lines) and manual (dotted lines) contours for a representative patient.
The patient was selected as having the most organs with the closest DTAmean results to the mean of all
patients.
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Table 2.6: Summary of delineation metrics for automatic contours (n=20 except for the organs only
contoured on male patients, indicated by §, where n=14).m99% indicates the expansion margin required
by the automatic contour to cover 99% of the manual contour. All results given as mean ± standard error
(minimum, maximum). ∗One (∗∗two) patient(s) excluded because the automatic contour was completely
misplaced.

Organ DSC DTAmean/mm m99%/mm

Bladder 0.92± 0.01 (0.81,0.97) 1.1± 0.1 (0.6,1.8) 1.5± 0.3 (0.1,4.8)
Bowel Bag 0.89± 0.01 (0.82,0.94) 4.3± 0.3 (2.6,8.4) 8.7± 1.2 (1.7,> 20.0)

Femoral Head L 0.93± 0.01 (0.87,0.96) 1.1± 0.1 (0.5,1.7) 2.4± 0.6 (0.4,9.9)
Femoral Head R 0.92± 0.01 (0.87,0.96) 1.2± 0.1 (0.5,2.6) 3.2± 0.9 (0.5,16.7)

Pelvis Body 0.95± 0.01 (0.92,0.99) 3.9± 0.5 (0.6,7.1) 0.2± 0.1 (0.0,1.3)
Rectum 0.80± 0.01 (0.69,0.93) 2.1± 0.4 (0.7,8.8) 4.1± 0.8 (0.4,> 20.0)

Penile Bulb§∗ 0.67± 0.04 (0.36,0.88) 1.6± 0.2 (0.6,2.3) 1.9± 0.5 (0.0,6.2)
Prostate§ 0.84± 0.01 (0.76,0.91) 1.9± 0.2 (1.0,3.1) 2.2± 0.4 (0.1,4.3)

Prostate & SV§ 0.81± 0.01 (0.71,0.90) 1.8± 0.2 (0.8,3.0) 3.4± 0.7 (0.5,8.0)
Urethra§∗∗ 0.36± 0.04 (0.14,0.66) 1.9± 0.4 (0.7,5.3) 4.8± 0.6 (2.1,10.5)

(a) Margin Expansion (b) m99% with Clinical Rating

Figure 2.13: a) Plots of percentage volume of manual contour included within automatic contour plus a
margin as a function of that margin for each organ. Solid lines indicate mean over all patients and shaded
areas the ± one standard error. Top six plots show results for combined organs (n=20) and bottom four
for male-only organs (n=14). The y-axis scale is different for each plot. Subfigure (b) shows the 99%
expansion metric m99% for each patient as a function of clinical rating, where ‘Del’, ‘Maj’, ‘Int’, ‘Min’
and ‘Acc’ stand for ‘Delete’, ‘Major’, ‘Intermediate’, ‘Minor’ and ‘Accept’ respectively. Again the y-axis
scale is different for each plot.

Dosimetric Evaluation of MR Automatic Contours

For the prostate patients, the mean evaluation dose differences for the femoral heads and

urethra contours were≤ ±0.1 Gy (see table 2.7). The penile bulb mean dose difference was

larger and with a wider range of differences. For one patient the penile bulb and urethra

automatic contours were completely misplaced, yielding dose differences to the D50% and
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Figure 2.14: Boxplots of the clinical ratings of each organ. Results for the combined organs (n=20
patients) are shown in yellow and for the male-only organs (n=14 patients) in blue. The dotted horizontal
line indicates ratings considered clinically acceptable (≥ 4). The rectangles indicate the interquartile
range (IQR), with the horizontal black line the median value, the black whiskers the maximum (minimum)
data point within Q3 + 1.5IQR (Q1 − 1.5IQR) and the black crosses outlier data points. The ‘Delete’
scores for the penile bulb and urethra contours were from the totally misplaced contours which were
excluded from the metric and dosimetric evaluation.

D2% respectively of −14.5 Gy and 45.6 Gy. These contours have been excluded from the

analysis. The relative volume differences for the bladder and rectum were also larger, but

still small (< ±1.0 percentage point), with a trend to larger differences for the volumes at

lower doses. The bowel bag mean dose differences were larger again (absolute differences

1.6 to 1.9 Gy), with the largest differences at the smallest D0.5 cm3 constraint. The

optimisation differences were smaller than the evaluation differences for all OARs except

the femoral heads.

The mean evaluation dose differences for the ano-rectal patients were similarly small

(≤ ±0.7 Gy) for all OARs, except for the bowel bag D180 cm3 which was 1.4 Gy. For

one rectum patient the urethra automatic contour was completely misplaced (D2% dose

difference of −1.0 Gy) and the contour excluded from analysis. Similar to the prostate

patients the optimisation dose differences were smaller than evaluation differences except

for the femoral heads.

The correlation between the evaluation dose differences at selected dose constraints and

the clinical rating of the quality of automatic contours are shown in figures 2.16.

2.3.3 Discussion

This sub-study has evaluated MR based automatic contours for pelvic OARs in male and

female patients. Contours were evaluated compared to manual contours using delineation
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Figure 2.15: Plots of DTAmax against DTAmean for automatic contour compared to manual contour for
each organ. The colour of each point indicates the clinical rating of the automatic contour. Top six plots
show results for combined organs (n=20) and bottom four for male-only organs (n=14). The x- and
y-axis scales are different for each plot.

metrics, including a margin expansion method and were rated by a clinician. The dosi-

metric impact was assessed by comparing dose distributions from the same plan on the

manual and automatic contours (evaluation assessment) and doses to manual contours

from plans optimised using manual and automatic contours (optimisation assessment).

Clinical Evaluation

The clinical rating demonstrated good performance for several OARs, with median values

considered clinically acceptable for bladder, femoral heads, body, penile bulb, rectum

and urethra contours (figure 2.14). However only the femoral heads and body contours

had all patients clinically acceptable, and even for the bladder with a median rating of

accept (no modification possible), three patients were rated as unacceptable requiring

intermediate or major modification. This highlights the importance of patient-specific

QA of automatic contouring solutions, even with very good average performance over a

population. The urethra showed very good results except for the two patients were it was
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Table 2.7: Differences at clinically relevant dose constraints for the prostate cancer patients (n=10). The
square brackets in the second column indicate the units of the differences in the third and fourth column
(% for differences in relative volume, Gy for differences in dose). The third column lists the results
for the optimisation assessment, planautocontourman - planmancontourman. The fourth column gives the
equivalent results for the evaluation assessment planautocontourauto - planautocontourman. All results
given as mean ± standard error (minimum, maximum).∗One patient excluded because the automatic
contour was completely misplaced. †One patient excluded because the volume receiving 60 Gy was zero.

Organ Dose Constraint
Mean Differences

Optimisation Evaluation

Bladder

V60 Gy[%] 0.3± 0.2 (−0.2,1.4) 0.0± 0.1 (−1.0,0.3)
V50 Gy [%] 0.1± 0.1 (−0.6,0.7) −0.4± 0.5 (−3.7,1.5)
V40 Gy [%] 0.1± 0.1 (−0.7,0.5) −0.4± 0.5 (−4.2,1.2)
V30 Gy [%] 0.0± 0.2 (−0.6,0.9) −0.5± 0.6 (−5.1,0.8)

D180 cm3 [Gy] 0.1± 0.2 (−0.3,1.3) 1.8± 2.1 (−5.7,1.4)
D100 cm3 [Gy] 0.3± 0.2 (−0.3,1.8) 1.8± 2.2 (−9.2,15.7)
D65 cm3 [Gy] 0.4± 0.3 (−0.6,2.2) 1.6± 2.5 (−12.7,14.2)

Bowel Bag

D0.5 cm3 [Gy] 0.1± 0.5 (−2.8,2.1) −1.9± 4.2 (−32.4,15.4)

Femoral Head L
D50% [Gy] 0.4± 0.5 (−1.7,3.3) 0.1± 0.2 (−0.5,1.0)
D35% [Gy] −0.3± 0.6 (−3.3,2.1) 0.1± 0.1 (−0.3,0.6)
D5% [Gy] −0.6± 0.7 (−3.3,3.8) 0.1± 0.04 (−0.1,0.2)
D50% [Gy] −0.7± 0.7 (−6.5,1.2) −0.1± 0.2 (−1.0,0.6)
D35% [Gy] −0.7± 0.6 (−3.7,1.4) 0.0± 0.1 (−0.8,0.4)Femoral Head R
D5% [Gy] −0.4± 0.6 (−4.7,2.5) 0.1± 0.04 (−0.1,0.3)

Penile Bulb D50% [Gy] 0.0± 0.08 (−0.2,0.6) 0.9± 0.6 (−0.8,4.8)∗

V60 Gy [%] −0.1± 0.1 (−0.5,0.1) 0.1± 0.03 (−0.1,0.2)†

V57 Gy [%] 0.0± 0.1 (−0.3,0.3) 0.6± 0.3 (−1.8,1.5)Rectum
V30 Gy [%] 0.5± 0.4 (−2.6,1.8) 0.9± 1.1 (−5.0,5.0)

Urethra D2% [Gy] 0.0± 0.1 (−0.6,0.7) −0.1± 0.2 (−1.3,0.4)∗

completely misplaced. This suggests that the contouring part of the model is performing

well but the localisation part is sensitive to errors. The bowel bag and rectum contours

were more variable, with two patients rating accept but also two patients rating major or

delete. The penile bulb, prostate and prostate & seminal vesicles contours performed the

worst, with no patient contours not requiring modification. These models were trained

with fewer patients (77-80) compared to the bladder, femoral heads and rectum (92-95),

possibly indicating larger training cohort would improve the results, although the bowel

bag was trained on substantially fewer patients (39) and returned better results.

The mean DSC results were ≥ 0.9 for the bladder, femoral heads and body contour and

≥ 0.8 for the bowel bag, rectum, prostate and prostate & SV contours (table 2.6). This

is similar to DSC results reported for the inter-observer variability in manual MR-based

contouring of the bladder (0.95), rectum (0.82) and prostate (0.84) [69]. However DSC

has no correlation with dosimetric differences [91] or clinical acceptability [96] and so is

likely of limited value. This can be seen in the very low urethra DSC, even though all

contour patients were rated clinically acceptable (except for two misplaced contours which

were excluded from the DSC analysis).
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Table 2.8: Differences at clinically relevant dose constraints for the anal and rectal cancer patients (n=10
except for the organs only contoured on male patients, indicated by §, where n=4). The square brackets
in the second column indicate the units of the differences in the third and fourth column (% for differences
in relative volume, Gy for differences in dose). The third column lists the results for the optimisation
assessment, planautocontourman - planmancontourman. The fourth column gives the equivalent results for
the evaluation assessment planautocontourauto - planautocontourman. All results given as mean ± standard
error (minimum, maximum). ∗One patient excluded because the automatic contour was completely
misplaced.

Organ Dose Constraint
Mean Differences

Optimisation Evaluation

Bladder
D50% [Gy] −0.2± 0.2 (−1.0,0.6) −0.2± 0.1 (−0.9,0.5)
D35% [Gy] −0.2± 0.2 (−1.2,0.5) −0.1± 0.2 (−1.6,0.5)
D5% [Gy] −0.1± 0.03 (−0.2,0.1) 0.0± 0.1 (−0.4,0.7)

D180cm3 [Gy] 0.0± 0.1 (−0.7,0.4) 1.4± 1.5 (−2.5,12.5)
D100cm3 [Gy] 0.0± 0.1 (−0.2,0.3) 0.0± 0.4 (−1.4,3.4)
D65cm3 [Gy] 0.1± 0.1 (−0.2,0.6) −0.1± 0.4 (−1.6,3.2)

Bowel Bag

D0.5cm3 [Gy] 0.1± 0.2 (−0.9,0.9) −0.5± 0.7 (−6.7,1.1)

Femoral Heads L
D50% [Gy] 0.0± 0.3 (−1.2,1.8) 0.3± 0.1 (−0.2,1.1)
D35% [Gy] −0.7± 0.3 (−3.0,0.1) 0.3± 0.2 (−0.1,1.4)
D5% [Gy] 0.0± 0.2 (−1.3,1.0) 0.2± 0.1 (−0.4,0.8)

D50% 0.3± 0.2 (−0.4,2.0) 0.0± 0.1 (−0.5,0.6)
D35% [Gy] 0.2± 0.2 (−0.9,1.1) 0.0± 0.1 (−0.6,0.7)Femoral Heads R
D5% [Gy] 0.0± 0.2 (−0.8,0.7) 0.2± 0.1 (−0.2,0.7)

Penile Bulb§ D50% [Gy] −0.1± 0.1 (−0.3,0.0) −0.4± 0.8 (−2.7,0.8)
D95% [Gy] 0.2± 0.2 (0.0,0.8) 0.7± 0.4 (−0.2,1.5)
D50% [Gy] 0.1± 0.1 (0.0,0.2) 0.0± 0.1 (−0.4,0.2)Prostate§

D5% [Gy] −0.1± 0.1 (−0.2,0.0) −0.3± 0.3 (−1.2,0.1)
D95% [Gy] 0.2± 0.2 (0.0,0.6) 0.7± 0.4 (−0.5,1.4)
D50% [Gy] 0.1± 0.1 (0.0,0.3) 0.1± 0.1 (−0.1,0.2)Prostate & SV§

D5% [Gy] 0.0± 0.02 (−0.1,0.0) 0.0± 0.2 (−0.5,0.2)

Urethra§ D2% [Gy] −0.1± 0.1 (−0.4,0.0) 0.2± 0.2 (−0.2,0.4)∗

The novel margin expansion metric (m99%) showed similar results to the DTAmean met-

ric for most OARs, although it was substantially larger for the bowel bag and rectum.

This was due to discrepancies in longitudinal extent impacting m99% more than DTAmean

(see figure 2.13). This is also likely the reason for the poorer agreement for the com-

bined prostate & seminal vesicles contour compared to the prostate only, even though

the DTAmean results were similar. There was also a volume effect, with very large vol-

umes with small m99% (body contour) and small volumes larger ones (urethra and penile

bulb). This suggests that the novel metric does not substantially improve on standard

distance-to-agreement metrics.

The delineation metrics showed limited correlation with clinical rating. Figure 2.15 shows

plots of DTAmax against DTAmean, colour-coded by clinical rating. Using both metrics at-

tempted to capture both contours which were mostly accurate except on a few slices with

large discrepancies (small DTAmean, large DTAmax) and contours which were systemati-

cally different but with no large discrepancies (large DTAmean, small DTAmax). However,
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(a) Ano-Rectal Patients (b) Prostate Patients

Figure 2.16: Dose or relative volume differences at selected DVH constraints between automatic and
manual contours for the automatic plans as a function of clinical rating of the quality of the automatic
contours. Clinical rating was recorded on a 5-point scale: ‘Del’, ‘Maj’, ‘Int’, ‘Min’ and ‘Acc’, which stood
for ‘Delete’, ‘Major’, ‘Intermediate’, ‘Minor’ and ‘Accept’ respectively. Differences are shown for the
ano-rectal patients (a) and prostate patients (b). The legend for both subfigures is shown on subfigure
(b). For the prostate patients results for one penile bulb and one urethra contour are not shown (dose
differences 45.6 Gy and −14.5 Gy respectively, clinical rating for both contours ‘delete’ ).

there was a general correlation between mean and maximum results and no correlation

with clinical rating except for the prostate & seminal vesicles, although even then results

for a patient rated ‘minor’ were larger than for a patient rated ‘major’. The rectum con-

tours had a patient rated ‘accept’ with the highest mean and max DTA results due to

large but clinically insignificant variations in superior extent, and a contour rated ‘delete’

with much lower DTA values. This suggests that even combined mean and maximum

DTA metrics are of very limited value in assessing contouring quality. The m99% also did

not show any correlation with clinical rating (figure 2.13), again implying it does not add

value.

Dosimetric Evaluation

For the prostate patients, the mean evaluation dose/relative volume differences (same

plan, different contours) suggested good contouring accuracy for the bladder, femoral

heads, penile bulb, rectum and urethra, with mean dose differences < 1.0 Gy or mean

relative volume differences < 1 percentage point (table 2.7). This was similar to the mean

dose differences < 1.0 Gy from manual contour inter-observer variability reported for

lung cancer OARs [100]. This suggests that the mean dose differences reported here for

all OARs except the bowel bag are likely to be similar to those arising from inter-observer
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variability in manual contouring. Future work could validate this by investigating the

dosimetric impact of OAR contouring variability in prostate patients. This suggests that

these contours would be clinically acceptable, however only the femoral heads had all

patients with differences < 1.0 Gy or < 1 percentage point, suggesting that manual

clinical review would be required for the other contours.

There was no correlation with clinical rating in dose or volume differences for any of the

OARs for the prostate patients except for the bladder, where there were larger volume

differences for two patients (< −2%), which did correlate with the two contours rated

‘intermediate’ (see figure 2.16). This is an interesting result as both clinical rating and

dose differences have been reported as clinically relevant parameters to evaluate auto-

matic contours on, and so the lack of correlation between them is surprising. A partial

explanation for this might be that the dosimetric analysis is sensitive to differences that

are not clinically relevant. For example the bladder and rectum differences were largest

for the low dose volumes (V30 Gy), suggesting the contours were accurate in the high

dose regions near the prostate target. This could explain the largest relative volume dif-

ference for the rectum occurring in a patient rated ‘accept’. In contrast, the bowel bag

highest differences were in the dose to the hottest 0.5 cm3 volume. This was likely due to

discrepancies between the manual and automatic contours in how inferiorly the contour

extended. Because the inferior edge of the bowel bag was close to the prostate PTV,

differences in inferior extension of a few mm could result in large dose differences due to

moving down a steep dose gradient. This highlights that some large dose differences may

be caused by small geometric differences, and that these large dose differences may still

not be clinically relevant. This may partially explain why there was a lack of correlation

between dose differences and clinical rating.

The mean optimisation dose and relative volume differences were ≤ 0.7 Gy and ≤ 0.5

percentage points for all OARs, suggesting the automatic contours were accurate enough

to optimise treatment plans with. The optimisation differences compared doses to the

manual contours from the plan based on automatic contours (planautocontourman) and

the plan based on manual contours (planmancontourman). So the contour is the same

but the plan is different. The mean optimisation dose differences were smaller than the

corresponding mean evaluation dose differences for all OARs except the femoral heads.

This suggests that all OARs were sufficiently accurate to optimise a treatment plan with

but not all were accurate enough to evaluate it. Automatic contours that are sufficient

for optimisation but not evaluation have limited clinical relevance because a treatment

plan optimised using automatic contours would still need to be evaluated using manual

contours, and therefore there would be no time-saving from using automatic contours.

The increase in the dose differences to the femoral heads on optimisation compared to

evaluation is likely due to inter-plan variation, since the femoral head contours were all

similar. Inter-plan variation was attempted to be minimised by using the same set of

70



optimisation parameters used for both automatic and manual contour plans, but there

is intrinsic variability in the optimisation process with multiple optimal treatment plans

possible [211].

For the ano-rectal patients, the mean evaluation dose differences were similarly small,

< 1.0 Gy for all except the bowel bag D180 cm3 (table 2.8). Again the optimisation

dose differences were ≤ to the evaluation dose differences for all OARs, except the left

femoral head D35%. Dose differences tended to be larger for the larger volume constraints,

especially in the bowel bag, prostate and prostate & seminal vesicles. There were some

correlations with clinical rating, with dose differences for contours rated ‘delete’ or ‘major’

being larger than contours rated ≥ ‘intermediate’ for the bowel bag, prostate and urethra

(figure 2.9). However, dose differences to the bladder and prostate & seminal vesicles

patients rated ‘major’ were similar to dose differences for patients rated as clinically

acceptable.

The bowel bag had much smaller dose differences for the ano-rectal patients than the

prostate patients, despite the distribution of clinical ratings being similar (figure 2.16).

This is likely due to the ano-rectal PTVs extending considerably superior to the prostate

PTVs (figure 2.9) leading to larger volumes of the bowel bag receiving higher doses and

less steep dose gradients, which reduces the impact of small geometric discrepancies in

contours. This highlights the influence of the particular treatment site being used when

assessing the dosimetric impact of automatic contours. It also potentially explains the

lack of correlation between DVH differences and clinical rating, since the rating was of the

suitability of the OAR contour for all possible pelvic radiotherapy treatments, whereas

the DVH differences were just for the prostate/ano-rectal plans investigated.

Comparing these mean dose differences to those arising from inter-observer variability

in lung cancer OARs suggests that the bladder femoral heads, penile bulb, prostate,

prostate & seminal vesicles and urethra would all be clinically acceptable for ano-rectal

radiotherapy. Future work could validate this by calculating the dose impact of inter-

observer variability in manual OAR contours for ano-rectal radiotherapy. Similar to the

prostate patients, all OARs except femoral heads had some patients with larger differences,

implying manual review of contours on a patient-by-patient basis would be warranted.

Only a few studies have investigated the dose impact of automatic OAR contouring.

Cao et al. reported evaluation DVH differences in 15 prostate patients using automatic

compared to manual contours [97]. Mean differences in relative volume for the bladder

V40 Gy were 1.5% (estimated from bar chart) compared to −0.4% in this study. Mean

differences in rectum V32 Gy were 7% compared to 0.9% for the V30 Gy in this study,

both showing significant improvements for the automatic contouring algorithm evaluated

here. They also reported no correlation in delineation metrics (including distance metrics)

with dose differences, as found in this study. Zabel et al. reported mean optimisation

dose differences in DVH parameters for rectum and bladder automatic contours ≤ 0.2 Gy
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for 15 prostate cancer patients. This is smaller than differences reported here (≤ 0.5

percentage points in relative volume), however, the dose differences were assessed after

manual correction of the automatic contours which would reduce dose differences to a

minimum.

Evaluations of automatic contouring in other sites also showed comparable or larger dose

differences to those reported in this study. Vaassen et al. assessed the dosimetric impact

of automatic versus manual OAR contouring and of inter-observer variations in manual

contours in non-small cell lung cancer patients [100]. They reported mean dose differ-

ences < 1.0 Gy for automatic compared to manual contours, which was comparable to

differences due to inter-observer variability in manual contours. This is very similar to

the results reported here for all OARs except the bowel bag. Another study reported

evaluated head and neck OAR automatic contours using the same clinical PTV for both

manual and automatic contour plans in 15 patients [98]. Mean optimisation dose dif-

ferences were ≤ 1.3 Gy for all OARs except two, which were statistically significantly

different 1.4 Gy and 2.2 Gy. These optimisation dose differences were slightly larger than

those reported in this study (≤ 0.7 Gy).

Determining whether the automatic contours are sufficiently accurate for clinical use is

difficult, since there are no established criteria in the literature. Using a limit of 1 Gy

from Vaasseen et al., the bladder, femoral heads, penile bulb, prostate, prostate & seminal

vesicles and urethra would all be suitable for clinical implementation, subject to manual

review and correction. However, the use of manual review and modification by clinicians

suggests that the clinical rating of each organ is the most important. On this basis,

the prostate and prostate & seminal vesicle contours would not be considered clinically

acceptable, since these had median scores below the clinically acceptable threshold.

This study had some limitations. These included only using one rater for the clinical

rating, who was different to the clinicians who provided the manual contours used in the

quantitative contouring evaluations. This may have introduced discrepancies in the corre-

lations of clinical rating with dose differences. Future work could investigate using several

raters to reduce the subjectivity of the result and evaluate the inter-observer variability

in rating. The clinicians could also modify the automatic contour if required, and dose

differences between modified and unmodified contours evaluated to investigate correla-

tions with ratings. A limitation of the dosimetric evaluation was that the optimisation

parameters were fixed for both automatic and manual contour plans. This was done to

minimise operator bias, but did mean that each plan was not optimised as tightly to

the contour set as it could have been, which could have under-estimated the impact of

contouring differences in the optimisation evaluation. A solution to this would be to use

automatic planning algorithms, which are becoming more widely available and clinically

implemented [212]. Finally, evaluations using larger patient numbers would be able to

assess the correlations between dose differences and clinical ratings more fully.
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2.4 Conclusions

A ZTE-based Deep Learning algorithm successfully generated sCTs for all patients. Mean

dose differences to the PTV D98% in the comprehensive dose analysis were ≤ 0.5% for

all FH points within the true external contour. For the clinical plans PTV D98% dose

differences were similarly small, ≤ ±0.6%, with mean gamma pass rates at the stringent

criteria of 1%/1 mm being 97.7 ± 0.5%, 94.8 ± 3.1% and 94.7 ± 1.0% for the prostate,

rectum and anus patients respectively. These mean dose differences are < 1%, ensuring

there is not a significant increase in overall dosimetric uncertainty in the radiotherapy

pathway, and agree well with other results presented in the literature as appropriate for

clinical use.

Automatic MR-based contours were successfully generated for all patients for all OARs

except penile bulb (one failed patient) and urethra (two failed patients). Median clinical

ratings for all OARs except bowel bag, prostate and prostate & seminal vesicles were

clinically acceptable, although only for the femoral heads and body contours were all

patients considered acceptable. Mean DVH differences were < 1.0 Gy or 1 percentage

point for bladder, femoral heads, penile bulb, rectum and urethra for both prostate and

ano-rectal treatment plans. These differences are similar to or less than those reported

in the literature. This suggests the algorithm is sufficiently accurate for clinical use for

these OARs for prostate and ano-rectal radiotherapy plans, subject to manual review and

modification prior to treatment planning.

A combination of accurate sCT generation and MR-based automatic contours enables

a streamlined MR-only radiotherapy pathway to be implemented, using a single patient

imaging session to generate high quality images for manual tumour delineation, automatic

OAR contours and sCT for treatment plan optimisation. This reduces geometric treat-

ment uncertainties without significantly increasing dosimetric uncertainties, improving

the accuracy and efficiency of the pelvic radiotherapy pathway.
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Chapter 3

CBCT for Dose Calculation QA for

MR-only Radiotherapy

3.1 Introduction

The implementation of MR-only radiotherapy into the clinic depends not only on a sCT

that provides accurate radiotherapy dose calculations, but also on a method that provides

assurance of the sCT dose accuracy on a per-patient basis. A number of sCT algorithms

have been evaluated in the literature (see chapter 1 section 1.2.4 and chapter 2), with com-

mercially available solutions currently being used clinically in the treatment of prostate

cancer [81,213].

These sCT algorithms have demonstrated high dose calculation accuracy [53,67], yet there

may be situations where they fail to generate accurate tissue densities. These situations

include artefacts in the MR image, particularly those that affect the patient external con-

tour such as motion and phase wrap artefacts, and for atlas-based algorithms patients

substantially larger than the atlas patients [69]. In addition, MR images can suffer from

geometric distortion [166], which can vary depending on the patient and scanning param-

eters [214]. Dose accuracy depends on both the correct assignment of tissue densities and

the geometric accuracy of the image. The magnitude of the error introduced would be

very variable, but in principle could be clinically significant. For example, failure to apply

vendor 3D geometric distortion can increase geometric distortions at the patient external

contour from < 2 mm to nearly 8 mm [215], which could produce a dose difference of

∼ 4% in a 6 MV beam. Dose uncertainties of this magnitude would be more problem-

atic than the removal of the 2 mm MR-to-CT registration uncertainty [25] that MR-only

enables.

This means ongoing QA of sCT dose calculation accuracy is important for MR-only path-

ways [32]. The standard method for evaluating the dose accuracy of sCTs has been

recalculating radiotherapy treatment plans on a CT image of the same patient and com-
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paring the dose distributions. But patients on clinical MR-only pathways will not have

CTs and so an alternative methodology needs to be developed for ongoing dose accuracy

QA of sCTs.

Independent monitor unit check calculations are a well-established part of the radio-

therapy workflow. These aim to check the dose calculation using an independent dose

algorithm modelled with independent beam data, increasing the likelihood of detecting

errors in the treatment plan before the patient starts treatment [216]. However the aim

of the check calculations is to check the dose calculation algorithm, not the accuracy of

the image used for that dose calculation. So all independent monitor unit check calcula-

tions use the patient geometry as defined by the planning image and therefore will not

detect geometric inaccuracies. In addition, algorithms that use the HU from the plan-

ning image will not detect inaccuracies in tissue density assignment in the sCT. Therefore

conventional independent monitor unit check methods are not sufficient for ongoing dose

accuracy QA of a MR-only pathway.

Edmund et al. proposed using the first-fraction CBCT as a QA tool for MR-only radio-

therapy [217]. A CBCT needs to have a calibration curve to convert CBCT HUs into

relative electron densities/mass densities needed for radiotherapy dose calculations, in

a similar way to CT. However CBCT images have a much greater variation in photon

scatter between patients, leading to a variable relationship between CBCT HU and tissue

density [218]. This is a potential issue for using dose calculations on CBCT as a QA tool

for sCT accuracy. However Edmund et al. demonstrated that using a population-based

calibration curve gave good agreement between CT and CBCT relative electron densities

for six brain patients, suggesting that CBCT could be used to evaluate the dose accu-

racy of sCT [217]. This methodology was then retrospectively evaluated on 10 prostate

patients with sCT-CBCT dose differences agreeing within 1% of gold standard sCT-CT

dose differences [219]. An alternative method of calculating radiotherapy doses on CBCT

has been developed using patient-specific thresholds to segment the CBCT into six tissue

classes, which are then applied population bulk densities [220]. The aim of this study was

to extend the comparison of sCT-CBCT and sCT-CT dose evaluations using this dose

calculation method and to prospectively evaluate dose accuracy QA using CBCT in a

clinical MR-only radiotherapy pathway.

3.2 Materials and Methods

3.2.1 Patient Data Collection

A total of 49 patients treated with MR-only radiotherapy for prostate cancer at the

Northern Centre for Cancer Care, Newcastle upon Tyne, UK were included in this study.

The consent for radiotherapy treatment included consent for data to be used for research

purposes. Patients were divided into two cohorts: the first 20 patients (Cohort 1) and the
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remaining 29 patients (Cohort 2). All patients were treated with prostate and seminal

vesicle radiotherapy only, with no nodal irradiation.

All patients received a radiotherapy planning MR (1.5 T Magnetom Espree, Siemens,

Erlangen, Germany) performed on a flat couch top with local standard prostate radio-

therapy immobilisation. Patients in Cohort 1 also received a back-up CT (Sensation

Open, Siemens) whereas Cohort 2 patients didn’t. Prior to each scan and treatment

fraction patients underwent routine bladder and bowel preparation, consisting of the ap-

plication of a micro-enema 60 minutes prior to the scan, bladder and bowel emptying at

30 minutes prior and drinking 400 ml of water. The MR images were acquired using a

6 channel flexible receive coil (Siemens Body Matrix) supported over the patient by an

in-house manufactured coil bridge and the 24 channel spine receive coil contained in the

couch (Siemens Spine Matrix).

The MR images were acquired with a T2-weighted 3D turbo spin echo SPACE (Sampling

Perfection with Application optimised Contrasts using different flip angle Evolution) se-

quence with a field of view of 450×450×180 mm3, covering the patient external contour.

Geometric distortion was minimised through using a bandwidth of 601 Hz Pixel−1 and

applying the Siemens 3D distortion correction algorithm. Measurements with a GRADE

phantom (Spectronic Medical, Helsingborg, Sweden) [167] found 99% of phantom markers

within the sequence field of view with distortion D < 2.0 mm. The sCT images were gen-

erated from the MR images using Mriplanner (prostate model version 1.1.7, Spectronic

Medical) [55]. The Cohort 1 CT images were acquired with a voxel size of 1.1×1.1×3 mm3

and a tube voltage of V = 120 kVp.

All patients were planned with a 6 MegaVoltage (MV) single 360o volumetric modulated

arc therapy treatment plan optimised on the sCT delivering a prescription dose of 60

Gy in 20 fractions to 50% of the central PTV [221] in Raystation (version 7, RaySearch

Laboratories, Stockholm, Sweden). A sCT-specific HU to mass density curve provided by

Spectronic Medical was used for dose calculations (see figure 3.1). All dose calculations

were made with the same beam model using the RayStation collapsed cone algorithm,

which calculates dose-to-water. All patients received daily kiloVoltage (kV) CBCT imag-

ing using a TrueBeam STx (version 2.7 MR3, Varian Medical Systems, Palo Alto, USA),

with a voxel size of 0.9× 0.9× 2 mm3, a tube voltage of V = 125 kVp and a field of view

of 46.5 cm. CBCT images were soft-tissue matched to the planning MR image by treat-

ment radiographers for on-treatment image guidance [222]. This involved an automatic

rigid registration between the CBCT and MR images, followed by a manual adjustment

to ensure the prostate and seminal vesicles target as visually assessed from the CBCT

were included within the PTV delineated on the MR. All patients were then shifted to

the soft-tissue match position and treated.
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(a) Threshold (b) Calibration Curves

Figure 3.1: a) Automatic threshold of the CBCT into air (black), adipose (purple), tissue (blue) and
cartilage/bone (yellow) (left) and the outlined air in the rectum (red), which was set to ρ = 1.0 gcm−3,
for a representative patient. b) Plot of CBCT voxel value to mass density curve for the same patient, as
well as the Hounsfield Units to mass density curves for the CT and sCT.

3.2.2 Dose Calculations on CBCT and CT

The first-fraction CBCT was imported in RayStation and registered to the sCT using the

registration matrix from the online treatment match. The treatment plan was recalculated

on the CBCT using the patient-specific step-wise HU to mass density curve available in

RayStation. This converted the CBCT image into six tissue classes using automatically

determined patient-specific HU thresholds and assigned the following bulk mass densities:

air - 0.00121 gcm−3, lung - 0.26 gcm−3, adipose - 0.95 gcm−3, tissue - 1.05 gcm−3, car-

tilage/bone - 1.6 gcm−3, and other - 3.0 gcm−3 (see example in figure 3.1) [220]. These

thresholds were reviewed for each patient and the adipose - tissue threshold manually

adjusted in < 10 patients. Dose differences to CT with this method for the pelvis has

been reported as 0.2 ± 1.6% (mean ± standard deviation) [220]. The body outline on

the CBCT was automatically outlined using a threshold based automatic body contour

in RayStation. Any air in the rectum was outlined and assigned unit density since this

process was included in the sCT generation process. The treatment plan was recalculated

on the CBCT keeping the monitor units, dose grid voxel size and dose grid position the

same.

For the Cohort 1 patients the back-up CT was rigidly registered to the sCT using the

automatic mutual information algorithm with six degrees of freedom focused on the PTV

in RayStation. A HU to mass density curve derived from data measured on the CT

scanner was applied (figure 3.1) and the treatment plan recalculated on the CT with the

same monitor units, dose grid voxel size and dose grid position. Any air in the rectum

was outlined and assigned unit density.
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3.2.3 Dose Evaluation

For both patient cohorts the doses calculated on CBCT and sCT were compared using

differences in isocentre dose and a 3D global gamma analysis, similar to those described

in chapter 2 (see section 1.2.3 for a fuller background to these methods). The percentage

difference in isocentre dose was calculated using

∆DCBCT = 100
DCBCT −DsCT

Dprescription

, (3.1)

where DCBCT was the dose at the isocentre for the CBCT, DsCT was the dose at the

isocentre for the sCT and Dprescription the prescription dose. In addition the PTV from

the sCT was copied onto the CBCT without modification and the difference in dose to

the PTV mean dose, near maximum (D2) and near minimum (D98) were calculated as a

percentage of the prescription dose [10].

A gamma analysis was performed comparing the dose calculated on the sCT to the CBCT

using the Medical Interactive Creative Environment Toolkit (version 1.0.8, Ume̊a Univer-

sity, Sweden) [204]. Separate gamma analyses were carried out within the external contour

and the volume enclosed by the 50% isodose line, using 1% global dose difference of the

prescription dose (60 Gy) and 1 mm distance-to-agreement, and 2%/2 mm criteria. All

points below 10% of the prescription dose were excluded.

In addition, the 6 MV radiological water equivalent isocentre depth was calculated at

5o angles for each image in the isocentre plane in the same way as described in chapter

2 [55, 56]. For the CBCT the radiological isocentre depth was calculated using density

over-rides for any air in the rectum. For each patient the difference in radiological and

physical isocentre depth (CBCT - sCT) at each gantry angle was measured and the mean

difference over all gantry angles was calculated. The physical isocentre depth difference

was a measure of external contour differences between the images.

For patient Cohort 1, the same dose evaluation methodology was also applied between

the sCT and the CT.

3.2.4 Data Analysis

Firstly, Cohort 1 sCT-CT and sCT-CBCT dose differences were compared. Bland-Altman

plots of isocentre dose differences and mean physical and radiological isocentre depth

differences were generated and the 95% limits of agreement calculated [223].

Secondly, sCT-CBCT data from Cohort 1 was used to generate QA tolerance levels. Only

Cohort 1 data was used since the dose accuracy of each patient’s sCT had been demon-

strated through dose differences with the CT. The 95% confidence interval of the sCT-

CBCT isocentre dose difference was calculated and rounded to generate clinical tolerance

levels.
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Thirdly, sCT-CBCT data from Cohort 2 was evaluated to determine if any patients were

outside these tolerance levels, and the cause investigated.

Finally, sCT-CBCT data from cohorts 1 and 2 were evaluated to characterise two factors

which might have impacted the results. Firstly, the CBCT dose calculation was carried

out at the patient’s treated position, a manual adjustment from the optimum MR-CBCT

registration (soft-tissue match). To assess the impact of this, the magnitude of the vector

shift between the automatic and soft-tissue match positions was calculated for each patient

and correlated with the absolute isocentre dose difference. Secondly, the time from MR

scan to first-fraction CBCT (3-5 weeks) may have increased the probability of the patient

external contour changing (through weight gain or loss). Therefore this time was recorded

and the correlation in absolute physical isocentre depth difference (a measure of patient

contour change) and absolute isocentre dose difference with time calculated. There was

also a time gap between CT and MR, however this gap was only 1-3 days and so any

weight changes were considered negligible.

3.3 Results

3.3.1 Dose Comparisons sCT-CT vs sCT-CBCT

The sCT-CBCT isocentre dose differences in Cohort 1 were lower than the sCT-CT dif-

ferences by −0.7 ± 0.6 % (mean ±95% limits of agreement, see figure 3.2). There were

minimal differences between the mean sCT-CT and sCT-CBCT isocentre physical depth

differences, 0.2±1.4 mm, suggesting that the CBCT was geometrically similar to the CT.

However, there was a substantial difference in mean sCT-CT and sCT-CBCT isocentre

radiological depth differences of 2.4± 1.7 mm.

(a) Isocentre Dose Difference (b) Isocentre Depth Difference

Figure 3.2: a) Bland-Altman plot of the difference in sCT-CT and sCT-CBCT isocentre dose differences
as a function of the mean of the sCT-CT and sCT-CBCT isocentre dose differences. b) Bland-Altman
plot comparing mean physical and radiological isocentre depth differences for sCT-CT and sCT-CBCT
(red and green respectively). In all plots the circles show the data points, the solid line the mean difference
and the dashed line the 95% limits of agreement. Both plots show data from Cohort 1 only.
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The sCT-CBCT gamma pass rates were lower than the sCT-CT pass rates, especially for

the 1%/1 mm gamma criteria (see figure 3.4). The mean sCT-CBCT gamma pass rate

within the body contour for Cohort 1 was 85± 1% (± standard error of the mean, range

75%, 94%), compared to 98.4± 0.2% (95.6%, 99.4%) for the sCT-CT.

3.3.2 Tolerance Levels for sCT-CBCT Isocentre Dose Difference

The mean sCT-CBCT dose difference for Cohort 1 was ∆DCBCT1 = −0.6±0.1% , (−1.3%,

0.6%). The 95% confidence interval on the mean was [−1.5%,0.4%]. This was rounded

to produce asymmetric tolerance levels of [−2%,1%]. The mean differences in PTV mean

dose, D2 and D98 were −0.6± 0.1%, −0.6± 0.1% and −0.8± 0.1% respectively.

The equivalent results for Cohort 2 were ∆DCBCT2 = −0.6 ± 0.1% (−2.3%, 2.3%) for

the isocentre dose difference, and −0.7 ± 0.1, −0.6 ± 0.2 and −0.8 ± 0.1 for the mean

differences in PTV mean dose, D2 and D98 respectively. Only 2/29 patients were outside

the proposed tolerance levels.

3.3.3 Evaluation of sCT-CBCT Dose Differences

The mean sCT-CBCT dose differences across both cohorts was ∆DCBCT1&2 = −0.6±0.1%

(−2.3%, 2.3%). The 95% confidence interval across both cohorts was [−1.9%,0.7%] which

fitted well with the proposed tolerance levels. The CBCT appears to be systematically

lower than the sCT dose, with negative dose differences in 43/49 patients (see figure 3.3).

Figure 3.3: Histogram of sCT-CBCT isocentre dose differences (CBCT- sCT) for both patient cohorts.
The red vertical line indicates the mean, and dashed lines the 95% confidence interval.

The gamma analysis showed reasonable agreement between sCT and CBCT with a mean

gamma pass rate across both cohorts within the external contour with gamma criteria
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1%/1 mm of 86.4±0.7% (74.5%, 93.6%) and at 2%/2 mm of 96.1±0.4% (85.4%, 99.7%).

The interquartile range of the sCT-CBCT gamma passes overlapped substantially between

cohorts 1 and 2 (figure 3.4).

Figure 3.4: Boxplot showing gamma pass rates with criteria 1%/1 mm and 2%/2 mm within the external
contour (Body) and the volume enclosed by the 50% isodose line (50%) for sCT-CT (yellow), Cohort 1
sCT-CBCT (purple) and Cohort 2 sCT-CBCT (blue) . The rectangles indicate the interquartile range
(IQR), with the horizontal black line the median value, the black whiskers the maximum (minimum)
data point within Q3 + 1.5IQR (Q1− 1.5IQR) and the black crosses outlier data points. One outlier for
the 50% isodose line 1%/1 mm results for sCT-CBCT cohort two has been omitted (value 61.5%).

The mean difference in mean radiological isocentre depth was ∆dRad = 1.6 ± 0.2 mm

(−4.6 mm, 6.1 mm). The mean difference in mean physical isocentre depth was similarly

small, ∆dPhys = 0.9± 0.2 mm (−4.3 mm, 4.2 mm).

There was a weak correlation between the magnitude of the vector shift between auto-

matic and soft-tissue match and the absolute sCT-CBCT isocentre dose difference, with

Pearson’s r = 0.3 (see figure 3.5). This correlation was approaching statistical significance

(p = 0.06). There was no statistically significant correlation with absolute mean physi-

cal or radiological isocentre depth difference (Pearson’s r = 0.2, p = 0.23 and r = 0.2,

p = 0.18 respectively). There was no correlation between time from MR to first-fraction

and change in physical isocentre depth or isocentre dose difference (Pearson’s r = 0.1,

p = 0.51 and r = −0.1, p = 0.40 respectively).

3.4 Discussion

This study has evaluated using the first-fraction CBCT as a method of dose accuracy

QA for a prostate MR-only pathway. Compared to gold standard CT, CBCT has a small
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(a) Dose Difference (b) Depth Difference

Figure 3.5: The correlation between the magnitude of the vector shift between automatic and soft-tissue
match and absolute sCT-CBCT isocentre dose difference (left) and absolute mean sCT-CBCT isocentre
depth difference (right) for both cohorts.

but systematic shift in isocentre dose difference of −0.7 %. This was also reflected in

a mean sCT-CBCT isocentre dose difference of ∆DCBCT1&2 = −0.6 ± 0.1%. There was

good agreement in sCT-CBCT gamma pass rates with gamma criteria 2%/2 mm and no

correlation between sCT-CBCT isocentre dose difference and the magnitude of soft-tissue

match shift or time between MR and first-fraction CBCT.

The sCT-CBCT isocentre dose difference appeared to be systematically lower than the

sCT-CT difference, with the 95% limits of agreement not encompassing zero difference (see

figure 3.2). This systematic under-estimation comes from the difference in radiological

isocentre depth (mean difference 2.4 ± 1.7 mm) rather than physical (mean difference

0.2±1.4 mm), suggesting it is the CBCT density assignment, rather than the geometrical

accuracy, which caused the dose difference. This is consistent with the high geometric

accuracy of CBCT, within 1 mm [224]. Dose calculations on CBCT images are known to

be less accurate due to the variable photon scatter causing a variable relationship between

HU and tissue density [218]. Different methods of dose calculation have been proposed,

including applying standard CT, site-specific or patient-specific HU-density curves, bulk

density over-rides or deformable registration of a planning CT [218]. Bulk density methods

in prostate patients have reported CBCT dose differences to CT of 0.2 ± 1.3% (mean ±
standard deviation) [220] and 0.4% (median, min 0.0%, max 0.4% [218]. The magnitude

of the difference observed in this study was slightly larger but agreed within the 95%

limits of agreement (±0.6%).

The lower CBCT dose resulted in worse gamma pass rates than sCT-CT (figure 3.4). The

errors in density assignment for the CBCT may also have reduced the gamma pass rates.

There was still very good agreement with gamma criteria 2%/2 mm (96.1± 0.4% within

the body contour), which is commonly used in the MR-only literature [53,67] and is likely

sufficient for QA purposes. The key question is whether the systematic dose difference due
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to uncertainties in CBCT dose calculations is small enough that the CBCT is sufficiently

accurate for QA of the sCT. This depends on both the magnitude of the mean difference

and the spread of differences given by the 95% confidence interval.

The asymmetric 95% confidence interval on the mean sCT-CBCT isocentre dose difference

([−1.5%,0.4%]) from Cohort 1 lead to the adoption of asymmetric dose tolerances of

[−2.0%,1.0%]. Applying these to Cohort 2 resulted in 27/29 patients with isocentre dose

differences within these tolerances. The two outlier patients both had substantial changes

in the patient external contour (mean physical isocentre depth difference |∆dPhys| >
4 mm) which were readily observable on the CBCT image, due to weight gain in one

instance and different patient posture (clenched buttocks) in the other. This suggests

that the CBCT method with tolerances of [−2.0%,1.0%] can accurately detect geometric

differences between sCT and CBCT, such as may be caused by geometric distortion

in the MR used to generate the sCT. This indicates that though the sCT-CBCT dose

differences were larger than sCT-CT dose differences, the mean difference and spread of

differences were sufficiently small for CBCT to be used for QA of the sCT. Although in

this case both results were false positives, in clinical practice doses differences outside

of these tolerances at the start of treatment would be cause for concern and should be

investigated, monitored over several fractions and if necessary replanned. This implies

that the suggested asymmetric dose tolerance would be appropriate for clinical use.

Only one other paper to our knowledge has investigated sCT-CBCT dose differences,

reporting mean sCT-CBCT differences in PTV mean dose of −0.8± 0.6% (CBCT - sCT,

± standard deviation) [219]. This agrees with the results given here (−0.64±0.09% across

both cohorts) with the CBCT dose being lower than the sCT dose. They also found the

sCT-CBCT dose difference to be larger than the sCT-CT dose difference, although only

by 0.3% rather than 0.7% reported here. This may be due to the fact that both CT

and CBCT images were calibrated using the same HU to relative electron density curve.

This has been reported to improve the mean agreement in dose calculations between CT

and CBCT but also increase the standard deviation of differences and the number of

outliers [218,225].

A potential confounding factor in this study was the use of the soft-tissue match registra-

tion between sCT and CBCT which means the sCT-CBCT registration used for treatment

was not necessarily the optimal registration between the two image sets, but had been

modified to ensure that the prostate and seminal vesicles were covered by the PTV. For

example, if a patient has an identical posture but a larger rectum on CBCT compared to

the planning MR, the automatic MR-CBCT registration would result in good alignment

of the bone but the prostate will be shifted anteriorly by the rectum, and so will only be

partially covered by the PTV. The soft-tissue match will apply a corresponding posterior

couch shift to bring the prostate back into the planned PTV, however this will result in

the bones now being partially misaligned, introducing a small dose difference between the
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planned (sCT) dose and that calculated on the CBCT. This is the optimal strategy for

treatment because it ensures that the prostate and/or OARs are not under- or over-dosed

respectively. However it does introduce a confounding factor for QA of the sCT since

dose differences may be due to the soft-tissue match rather than errors in the sCT. The

soft-tissue match can be up to 10 mm different in each direction compared to the auto-

matic MR-CBCT registration, although for the vast majority of patients the differences

are ≤ 5 mm.

This confounding factor could have been avoided through using the original automatic

MR-CBCT registration. However the only registration matrix stored on the linear accel-

erator was the treatment position (the soft-tissue match). The radiographers manually

recorded the automatic registration position, but to use this position for the sCT-CBCT

dose QA process would have required additional manual steps in the process and precluded

full automation. The use of soft-tissue matching appears not to have had a substantial

impact, with a small correlation (Pearson’s r = 0.3) between absolute isocentre dose dif-

ference and magnitude of the vector shift difference between the automatic and soft-tissue

matches. Although this correlation was approaching statistical significance (p = 0.06),

this was due to the two outlier patients described above. If they are excluded, the corre-

lation disappears (Pearson’s r = 0.0, p = 0.79). This highlights the dosimetric robustness

of MR-CBCT soft-tissue matching and suggests there is only an issue when the patient

external contour is substantially different between CBCT and sCT.

Another potential method to avoid the confounding impact of the soft-tissue match would

have been to use a deformable registration between CBCT and sCT to ensure the external

contours were identical. However, a deformable registration would mean that the geom-

etry of the CBCT would not have been maintained, removing one of the main rationales

for using the CBCT as a QA tool, namely the potential geometric distortion in the MR

used to generate the sCT.

Another potential clinical concern for using CBCT for dose accuracy QA for MR-only

radiotherapy is that patients may gain or lose weight between planning MR and first-

fraction CBCT. This would introduce a confounding dose change, which may be dependent

on the length of time between MR and first fraction since longer times would increase

the probability of weight change. However, there was no significant correlation in time

between physical isocentre depth or isocentre dose difference, suggesting this is not an

issue within the period evaluated in this study (maximum 34 days).

A practical consideration of using CBCT for dose accuracy QA for MR-only radiotherapy

is the resource implications of recalculating the treatment plan. However, the recalcula-

tion process presented here was highly automated utilising scripts within the treatment

planning system and took less than 10 minutes.

Future work will look to characterise the clinical effectiveness of the method further by
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determining false positive and false negative rates. This could be through generating

deliberate errors such as not applying the 3D distortion correction post-processing to the

MR image before generating a sCT and seeing the impact on sCT-CBCT dose differences.

Alternatively, retrospective MR images with potential issues (eg significant image arte-

facts) could be used to generate sCTs and sCT-CT and sCT-CBCT dose differences com-

pared. An investigation procedure for out-of-tolerance results should also be developed

and evaluated. This could include visual inspection of the sCT and CBCT, examining

the sCT-CBCT registration and the MR used to generate the sCT for potential issues (eg

3D distortion correction applied, appropriate receive bandwidth used, and presence and

position of image artefacts). If the out-of-tolerance investigation identifies an issue with

the sCT or MR then the patient should be rescanned and replanned.

3.5 Conclusions

The first-fraction CBCT appears a promising method for dose accuracy QA of sCT in

a MR-only prostate radiotherapy pathway, with a high sCT-CBCT gamma pass rate

with 2%/2 mm criteria. There was a small systematic difference in dose between sCT and

CBCT, suggesting that asymmetric dose tolerances of [−2.0%,1.0%] would be appropriate

clinically. There was no correlation between sCT-CBCT isocentre dose difference and the

magnitude of soft-tissue match shift or time between MR and first-fraction CBCT. sCT

dose accuracy QA using the first-fraction CBCT would enable departments to safely

implement MR-only radiotherapy without the need for back-up CTs.
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Chapter 4

Evaluating the Image Quality of

Combined PET-MR Images

Acquired in the Pelvic Radiotherapy

Position

4.1 Introduction

Combined PET-MR scanners have great potential for improving radiotherapy with molec-

ular PET information obtained simultaneously with functional and anatomical MR in-

formation [29]. In particular PET-MR images may facilitate radiotherapy dose painting

through identifying active tumour sub-volumes to receive radiotherapy ‘boost’ doses [23].

It is important that the delineation of active tumour sub-volumes is robust and repeatable

which requires accurate, quantitative imaging [27].

Radiotherapy planning images need to be acquired in the radiotherapy position for ac-

curate treatment and registration with other planning images [154]. Acquiring PET-MR

images for pelvic radiotherapy planning therefore requires patients to be scanned on a

radiotherapy flat couch-top which mimics the treatment machine couch, with patients in

appropriate radiotherapy immobilisation devices and with the MR receive coils supported

away from the patient so that the patient external contour is not deformed [154]. The

carbon fibre couches typically used for PET-CT imaging have low PET attenuation but

produce significant MR artefacts, whereas glass fibre MR couches do not interfere with

the MR signal but significantly attenuate the 511 keV photons detected in PET [155].

This means dedicated PET-MR radiotherapy hardware needs to be developed that is

MR-compatible and has low PET attenuation [156].

Acquiring PET-MR images in the radiotherapy position will have an impact on MR image

quality [157] since the receive coils will be further from the patient anatomy, reducing the
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coil filling factor and therefore the SNR [158, 159]. The radiotherapy planning position

will also impact on PET image quality since the flat couch-top and immobilisation devices

will add additional and non-uniform PET attenuation, degrading the image quality [155].

Therefore it is important to assess the impact on PET-MR image quality of dedicated

PET-MR radiotherapy hardware so that: (i) MR protocols can be modified to compensate

for the MR signal loss [157], and (ii) software methods of correcting for the PET atten-

uation can be developed for accurate quantitative PET imaging [156]. Previous studies

have investigated the impact of PET-MR imaging in the pelvic radiotherapy position

using uniform MR and PET phantoms [156, 162, 163]. However, the broader impact on

PET-MR image quality relative to diagnostic image quality using standard image quality

phantoms has not been assessed. Further the PET attenuation from the anterior MR

receive coil for pelvis imaging has not been considered for the GE Signa PET-MR. The

aim of this study was to evaluate the impact of using a flat couch top and coil bridge on

PET-MR image quality and PET quantification for radiotherapy pelvis imaging.

4.2 Methods

4.2.1 Imaging

All images were acquired on a SIGNA PET/MR software version MP26 3T scanner (GE

Healthcare, Waukesha, USA). Three different experimental setups were used for both the

MR and PET image quality assessments: diagnostic, couch and radiotherapy (figure 4.1).

The diagnostic setup consisted of the image quality phantom (PET or MR) placed on

the soft foam overlay on the PET-MR couch with the anterior array coil placed directly

on phantom. The couch setup comprised the phantom placed on the radiotherapy flat

couch-top with the anterior array coil directly on phantom. The radiotherapy setup

had the phantom placed on the radiotherapy flat couch-top with the anterior array coil

placed on a pelvis coil bridge. The radiotherapy flat couch-top and pelvis coil bridge

were produced by Knightec (Stockholm, Sweden) and were similar to those evaluated by

Brynolfsson et al [162]. The couch-top consisted of a 5 mm polymethyl methacrylate top

sheet bonded to a 35 mm thick low density polyethylene foam base. This base had been cut

to match the PET-MR patient table. The coil bridge was made from polyoxymethylene

and polycarbonate and designed to just fit inside the patient bore, maximising the range of

patient sizes who could be imaged. The coil bridge connected to indexing points along the

sides of the couch top, facilitating reproducible set-up at a number of different positions

along the length of the couch.

The MR image quality assessment was carried out using the American College of Radi-

ologists (ACR) large image quality phantom [165]. The phantom was imaged in three

different imaging sessions on separate days. Each imaging session included all three se-

tups. The phantom was placed in an in-house manufactured holder (figure 4.1). The
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(a) Diagnostic (b) Couch (c) Radiotherapy

Figure 4.1: Photographs of the diagnostic (a), couch (b) and radiotherapy (c) experimental setups with
the ACR phantom and holder used for the MR image quality assessment. The same experimental setups
with the NEMA phantom setup on foam blocks without the phantom holder were used for the PET image
quality assessment.

Table 4.1: The MR parameters used for the MR image quality assessment.

Parameter
Sequence

Localiser ACR T1 ACR T2

Field of view (mm2) 250× 250 250× 250 250× 250
Matrix 256× 256 256× 256 256× 256

Slice and slice gap thickness (mm) 20.0 5.0 5.0
Slices/slice gaps 1/0 11/10 11/10
Echo time (ms) 20 20 80

Repetition time (ms) 200 500 2000
Bandwidth (Hz pixel−1) 651 651 651

holder had three screws which enabled easy levelling of the phantom in two axes using

a spirit level. For each setup the phantom was imaged using the recommended ACR

sequences consisting of a sagittal localiser, an axial T1-weighted spin echo (ACR T1) and

an axial double-echo T2-weighted spin echo (ACR T2) (table 4.1) [165]. The second echo

images in the ACR T2 series were used for all image analyses.

The PET image quality assessment was carried out using an International Electrotech-

nical Commission (IEC) 61675-1 emission phantom (PTW, Freiburg, Germany). The

phantom was set up with the six spheres and the background filled with a mixture of 18F-

FDG and water, with the activity concentration within the spheres being approximately

four times more than in the background, as specified by the National Electrical Manufac-

turers Association (NEMA) NU 2-2007 standard [226]. Unlike the NEMA specification

all six spheres were hot compared to the background as this is more representative of a

radiotherapy planning context. The lung insert was used for all measurements. For the

couch and radiotherapy setups the phantom was placed on two small foam blocks (height

20 mm) to approximately centre the phantom in the scanner bore. For the diagnostic

setup foam blocks with twice the height were used, to compensate for the lack of the flat

couch-top. The holder shown in figure 4.1 was not used for the PET acquisitions. The

phantom was filled on two separate imaging sessions on separate days, with the positions

of the spheres within the phantom kept the same for both sessions. This was so that
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the same phantom attenuation correction map could be used, however it did mean that

the same size sphere was closest to the anterior coil in both scans. Each imaging session

consisted of six sequential acquisitions. There were two acquisitions in each of the three

experimental setups, one with the anterior array coil and one without. The position of the

phantom relative to the anterior array was kept the same for each setup and between the

two sessions. All acquisitions consisted of one bed position with the phantom centred in

the PET field of view. The first acquisition in each session used a five minute bed position

with an activity concentration of 5.5 kBq ml−1 and subsequent acquisitions used longer

bed positions to allow for radioactive decay, giving approximately the same number of

counts in each.

For each PET acquisition and attenuation map two reconstruction algorithms were used:

an OSEM reconstruction with 16 subsets and 4 iterations and a 5.0 mm Gaussian filter,

and a Bayesian penalized-likelihood iterative image reconstruction (Q.Clear) with a rel-

ative noise regularizing term factor of β = 350 [227]. Both reconstructions used point

spread function correction and time of flight information.

4.2.2 Attenuation Correction

All PET reconstructions incorporated a standard attenuation map consisting of a model

of the phantom and the coil components contained within the scanner bed for attenuation

correction of the PET data (ACstd). Additional images were reconstructed for the couch

and radiotherapy setups with a modified attenuation correction map which included a

kVCT scan of the radiotherapy couch (ACc). For the radiotherapy setup further images

were also reconstructed with another modified attenuation correction map that included

kVCT scans of both the radiotherapy couch and the radiotherapy coil bridge (ACcb). The

kVCT scan of the coil bridge were positioned relative to the centre of the phantom using

measurements of the distance from the end of the phantom to the end of the coil bridge

for both superior and inferior ends. The kVCT scans of both the couch and the coil

bridge were acquired using a Somatom Open scanner (Siemens, Erlangen, Germany) with

a tube voltage of 140 kVp, a voxel size of 1.2× 1.2× 1.5 mm3 and an axial field of view

of 600× 600 mm2. The CT scan was converted into a PET attenuation map by using the

PET-MR vendor (GE Healthcare) supplied mapping from 140 kVp HU to 511 keV linear

attenuation coefficients.

Finally a MVCT of the coil bridge with the anterior array coil on it was acquired using a

TomoHD TomoTherapy helical linear accelerator (Accuray, Sunnyvale, California, USA).

MVCT images were obtained due to the high atomic number elements in the array coil

creating substantial streak artefacts on kVCT imaging [228]. Images were acquired with

the detuned imaging beam energy (∼ 1 MV) and 2 mm slice thickness. Three MVCT

images were acquired: with the bridge centred, laterally displaced to the right, and to the

left. The left and right images were registered to each other via registration to the central
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image, cropped to the midpoint of the bridge and merged to produce one MVCT image

containing the whole coil and bridge. A relative electron density phantom was also imaged

on both the MVCT and kVCT scanners to derive relative electron density as a function of

MVCT HU and kVCT HU respectively. Combining these with the vendor-supplied PET

linear attenuation coefficient as a function of kVCT HU enabled a PET linear attenuation

coefficient as a function of MVCT HU to be calculated. This was applied to the MVCT

image of the anterior coil on the coil bridge and combined with ACc to produce a couch,

bridge and anterior coil corrected attenuation map (ACcba) The four different attenuation

maps can be seen in figure 4.2.

(a) Standard (ACstd) (b) Couch Corrected (ACc)

(c) Couch & Bridge Corrected (ACcb) (d) Couch, Bridge & Coil Corrected (ACcba)

Figure 4.2: Example slices of the attenuation maps used. a) The standard attenuation map contained
a model of the phantom and the scanner bed. b) The couch corrected map added a model of the
radiotherapy couch. c) The couch and bridge corrected map added a map of the bridge and d) the couch,
bridge and coil corrected map added in a map of the anterior coil.

4.2.3 MR Image Quality Assessment

MR images were analysed according to the ACR recommendations by evaluating geo-

metric accuracy, high-contrast spatial resolution, slice thickness accuracy, slice position
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accuracy, image intensity uniformity, percent-signal ghosting and low-contrast object de-

tectability. In addition SNR was also assessed in the T1- and T2-weighted images.

The first six ACR tests were analysed using in-house developed Matlab software (version

R2017a Mathworks, Natick, USA). This was based upon open source software [229], with

modifications to reduce the influence of the partial volume effect when calculating the

signal from the phantom, improve the accuracy of profiles and edge detection through

up-sampling and make the analysis more robust to image artefacts such as air bubbles.

The software performed the six ACR tests evaluating geometric accuracy, high-contrast

spatial resolution, slice thickness accuracy, slice position accuracy, image intensity uni-

formity and percent-signal ghosting. The geometric test compared measured and known

lengths in the phantom. The resolution test used the smallest diameter holes that could be

distinguished in a horizontal or vertical array. The slice thickness test used the measured

profile of two angled ramps. The slice position test used crossed 45o wedges at the infe-

rior and superior edge of the phantom. The uniformity test used the near-maximum and

near-minimum pixel values in the uniform section of the phantom. The ghosting took the

ratio of mean pixel values of four Region Of Interest (ROI)s against the edges of the field

of view (outside the phantom) to a ∼ 200 cm2 ROI in the uniform section of the phantom.

The seventh ACR test, low-contrast object detectability, was performed manually using

RayStation (version 7, RaySearch Laboratories, Stockholm, Sweden). The low-contrast

detectability score was the total number of visible ‘spokes’ of disks of decreasing diameter

(7.0 mm to 1.5 mm) and contrast (5.1% to 1.4%).

In addition the MR SNR was calculated using the methodology of McCann et al. with one

20×20 mm2 ROI centred on the phantom centre and four more 20×20 mm2 ROIs centred

at (±40,±40) mm from the phantom centre [230]. This method robustly calculated SNR

from a single image by: (i) smoothing the image by convolution with a square boxcar filter,

(ii) subtracting the smoothed image from the original image to create a noise image, and

(iii) calculating the SNR for each ROI using

SNRMR
i =

Si

σi
. (4.1)

Here Si was the mean pixel value within ROI i in the original image and σi was the

standard deviation of pixel values within ROI i in the noise image. The SNR for the

whole image was calculated as the mean over all ROIs. The SNR analysis was carried out

using MICE Toolkit [204]. All MR image quality measurements were presented as the

mean over three repeats ± the standard error of the mean.

4.2.4 PET Image Quality Assessment

All PET images were analysed using four metrics: background activity deviation, PET

SNR, contrast recovery and background variability. Spherical ROIs matching the known
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sphere volume were drawn on each sphere using RayStation. Twelve cylindrical ROIs

with a diameter of 15 mm and a length of 5 mm were placed in the background in

the central slice passing through the spheres. These background ROIs were repeated

contiguously down the longitudinal length of the phantom. Within a phantom setup

these ROIs were drawn on one image and copied onto all the others. The background

activity deviation was calculated as the difference between known activity concentration

and the reconstructed activity concentration averaged over the background ROIs as a

function of longitudinal distance in the phantom. The relative difference in background

deviation for all setups and reconstructions to the background deviation for the diagnostic

setup without anterior coil was calculated since this was the gold standard for PET image

quality (no additional radiotherapy hardware and no anterior MR coil). The PET SNR

was determined using [231]

SNRPET
i =

ci − cbg
σbg

, (4.2)

where ci, was the mean reconstructed activity concentration in sphere ROI i, cbg was the

mean reconstructed activity concentration in the twelve background ROIs in the central

slice only, and σbg was the standard deviation of the reconstructed activity concentration in

the same background ROIs. The injected activity concentration ratio between the spheres

and background was compared to the measured ratio to derive the contrast recovery,

defined as [160]

C = 100
ci/cbg − 1

asp/abg − 1
. (4.3)

Here asp was the injected activity concentration in the spheres, abg the injected activ-

ity concentration in the background and ci and cbg as defined in equation (4.2). The

background variability was calculated using [160]

N =
σbg
cbg

, (4.4)

where σbg and cbg were as defined in equation (4.2). All PET image quality measurements

were reported as the mean over two repeats ± the standard error of the mean.

4.3 Results

4.3.1 MR Image Quality Assessment

The results for all the ACR image quality metrics agreed within one standard error be-

tween the different setups (table 4.2) except for the low-contrast detectability test, where

the couch setup was lower than the diagnostic, and the radiotherapy substantially lower

(figure 4.3). The MR SNR for the couch and radiotherapy setups was lower than for

diagnostic setup, being 89± 2% and 54± 1% of the diagnostic setup respectively for the

ACR T1 images (figure 4.3). The ACR T2 image results were similar, with the couch
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SNR being 91± 2% of the diagnostic setup and the radiotherapy SNR 56± 1%.

Table 4.2: MR image quality assessment: standard ACR tests. All results given as mean ± one standard
error of the mean. For the geometric accuracy, spatial resolution and slice position tests with multiple
measurements per image, the mean of those measurements is shown. The units for each test are displayed
with the test name.

Test Sequence Reference
Setup

Diagnostic Couch Radiotherapy

Geometric
Accuracy [mm]

Localiser 148 ± 2 146.8± 0.1 146.73± 0.03 146.8± 0.1
T1 190 ± 2 188.9± 0.2 189.8± 0.2 189.7± 0.2
T2 190 ± 2 189.6± 0.2 190.0± 0.2 189.8± 0.2
T1 ≤ 1 .0 1.0 1.0 1.0Spatial

Resolution [mm] T2 ≤ 1 .0 1.0 1.0 1.0
Slice Thickness
[mm]

T1 5 ± 0 .7 5.4± 0.2 5.1± 0.1 5.1± 0.3
T2 5 ± 0 .7 5.0± 0.3 4.7± 0.1 5.0± 0.3
T1 ≤ 5 2.3± 0.5 3.4± 0.3 3.3± 0.6Slice Position

[mm] T2 ≤ 5 2.3± 0.4 3.4± 0.3 3.2± 0.5
Image
Uniformity [%]

T1 ≥ 82 66.5± 0.5 60.3± 0.9 67.0± 0.6
T2 ≥ 82 62± 2 54± 1 66.1± 0.3
T1 ≤ 3 9± 5× 10−3 12± 8× 10−3 7± 3× 10−3

Ghosting [%]
T2 ≤ 3 30± 15× 10−3 28± 8× 10−3 72± 20× 10−3

(a) Low Contrast Detectability (b) MR Signal to Noise Ratio

Figure 4.3: MR image quality assessment. a) Low contrast detectability, measured in the number of
spokes visible in the images and (b) MR SNR. The mean over three acquisitions performed on separate
days is represented for each experimental setup for the T1 and T2 MR images. Error bars are one
standard error of the mean.

4.3.2 PET Image Quality Assessment

The background activity deviation was approximately uniform (within 1%) along the

length of the phantom for each setup acquired without the anterior array coil in place

(figure 4.4). Using the ACstd map, the mean background deviation of the couch setup

relative to the diagnostic setup without coil was −9.0 ± 0.1% and for the radiotherapy

setup it was −13.0±0.1%. Using ACc instead reduced this to −1.0±0.1% and −5.0±0.1%

respectively. For the radiotherapy setup, using ACcb led to a −2.0± 0.1% difference. The
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images acquired with the anterior array coil in place showed a non-uniform background

activity deviation along the phantom length, with differences from the images acquired

without the coil in place between −6% and −12% (figure 4.4). The mean difference to

diagnostic setup without coil for the diagnostic setup with coil was −8.3± 0.2%. For the

couch and radiotherapy setups using ACstd the difference was −16.7± 0.2% and −17.7±
0.1% respectively. Correcting for the radiotherapy hardware improved the performance,

with ACc included reducing the activity difference to −9.7 ± 0.2% (couch setup) and

−10.8 ± 0.1% (radiotherapy setup). Using ACcb in the radiotherapy setup gave similar

performance to the diagnostic setup (activity difference −7.5 ± 0.1%). With ACcba, the

radiotherapy setup outperformed the diagnostic setup and was only −2.7±0.1% different

to the diagnostic setup without anterior coil. In all setups there was no difference between

the OSEM and Q.Clear reconstructions.

(a) Without Anterior Coil (b) With Anterior Coil

Figure 4.4: PET image quality assessment: Percentage difference in background activity deviation for a
given setup and attenuation map to the background activity deviation of the diagnostic setup without
anterior coil with standard attenuation as a function of longitudinal distance from the largest sphere
(negative indicates superior and positive inferior directions). Plots show data acquired without (a) and
with (b) the anterior coil in place. Green, blue and purple lines indicate the diagnostic (diag), couch
and radiotherapy (RT) setups respectively. Solid lines/circular markers show images reconstructed with
the standard attenuation map (ACstd), dashed lines/downward triangular markers images incorporating
the attenuation of the couch (ACc), dotted lines/upward triangular markers the couch and coil bridge
(ACcb) and dash-dotted lines/diamond markers the couch, bridge and anterior coil (ACcba). Data shown
used the Q.Clear reconstruction.

The PET SNR as a function of sphere diameter is shown in figure 4.5. When the anterior

array coil was not in place the diagnostic setup showed the best performance, with the

ACstd corrected couch and radiotherapy setups being worse (> one standard error), but

similar to each other. Correcting for the couch and coil bridge improved the performances

of both couch and radiotherapy setups to a similar quality to the diagnostic setup (within

one standard error). Including the anterior array coil in the acquisition caused a general

decrease in SNR of ∼ 17% across the setups with the exception of couch, coil bridge and

coil corrected radiotherapy setup. The differences between the setups and corrections,

with the above exception, agreed within one standard error. The couch, coil bridge and

coil correction of the radiotherapy setup approached the performance of the diagnostic
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setup without anterior coil. The Q.Clear reconstructions performed better than the OSEM

for all different setups with and without the anterior coil by approximately 5%.

(a) Without Anterior Coil (b) With Anterior Coil

Figure 4.5: PET image quality assessment: PET SNR for the different sphere diameters without (a) and
with (b) the anterior coil for the Q.Clear reconstructions. Green, blue and red lines indicate the diagnostic,
couch and radiotherapy setups respectively. Solid lines/circular markers show images reconstructed with
the standard attenuation map (ACstd), dashed lines/downward triangular markers images incorporating
the attenuation of the couch (ACc), dotted lines/upward triangular markers the couch and coil bridge
(ACcb) and dash-dotted lines/diamond markers the couch, bridge and anterior coil (ACcba). Error bars
indicate one standard error of the mean.

The contrast recovery increased as a function of sphere size due to the partial volume

effect of the relatively poor PET resolution. Figure 4.6 shows the results for the Q.Clear

reconstruction. Without the anterior array coil there was not a large difference between

the setups except for the smallest sphere diameter, where the diagnostic setup performed

best. The couch and coil bridge corrections did not appear to significantly change the

performance of the couch and radiotherapy setups. With the anterior array coil the diag-

nostic setup performed better for most sphere diameters, with small differences between

the other setups and corrections. Similarly to the SNR results, the Q.Clear reconstruction

outperformed the OSEM reconstruction by ∼ 5% for all setups and corrections.

The background variability for all setups with the Q.Clear reconstructions is given in table

4.3. The OSEM reconstructions (see supplementary material) had a higher (≥ 1.0%)

background variability for all setups and attenuation corrections. The presence of the

anterior coil increased the background variability for all setups and corrections. Without

the coil the background variability was lowest in the diagnostic setup and decreased in

the other setups once the appropriate attenuation corrections were applied (ACc for the

couch and ACcb for the couch and coil bridge). With the coil the effects were more

variable, with the couch setup using ACstd and the radiotherapy setup using ACstd and

using ACcba) giving the lowest values, although the results were within 0.8% of each other

so the differences were relatively small.
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(a) Without Anterior Coil (b) With Anterior Coil

Figure 4.6: PET image quality assessment: Contrast recovery curves without (a) and with (b) the
anterior coil for the Q.Clear reconstructions. Green, blue and red lines indicate the diagnostic, couch
and radiotherapy setups respectively. Solid lines/circular markers show images reconstructed with the
standard attenuation map (ACstd), dashed lines/downward triangular markers images incorporating the
attenuation of the couch (ACc), dotted lines/upward triangular markers the couch and coil bridge (ACcb)
and dash-dotted lines/diamond markers the couch, bridge and anterior coil (ACcba). Error bars indicate
one standard error of the mean.

4.4 Discussion

PET-MR imaging has great potential for radiotherapy treatment planning and radiother-

apy images need to be acquired in the planning position. This study has investigated

the impact on both PET and MR image quality from acquiring PET-MR images in the

radiotherapy planning position for treatment of pelvic cancers.

This is the first study to investigate the impact on MR image quality of the pelvic ra-

diotherapy hardware using an MR image quality phantom in a PET-MR scanner. The

impact was substantial with the couch SNR being 91 ± 2% of the diagnostic setup and

the radiotherapy SNR 56± 1%. This was likely due to the receive coils being at a greater

distance from the phantom and so reducing the SNR [158]. This consequently gave a

substantial reduction in low-contrast detectability (figure 4.3) but not on any other of

the evaluated image quality metrics. This suggests that MR parameters in radiotherapy

PET-MR protocols need to be modified, for instance by increasing signal averages, to

take into account the reduction in SNR in order that MR images retain sufficient quality

for accurate organ delineation. Alternatively, noise reduction reconstruction techniques,

such as the recently proposed deep learning reconstruction could be used to improve image

quality [201]. These techniques would not require compromises in acquisition time, voxel

size or field of view as modifying the scan parameters would, but would require validation

for the specific clinical task. Further work could assess the impact of this image quality

reduction in patient images using radiotherapy sequences, including the impact of noise

reduction reconstruction techniques.

Brynolfsson et al. evaluated the same couch and a similar coil bridge using a large uniform
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Table 4.3: PET image quality assessment: The mean background variability for each PET image with
Q.Clear reconstructions. Values reported as mean ± standard error on the mean. Coil present indicates
images acquired with (yes) and without (no) the anterior coil. The standard attenuation map included
the phantom and scanner table (ACstd), the couch attenuation map added the radiotherapy couch (ACc),
the couch & bridge map added the coil bridge (ACcb) and the couch, bridge & coil map added the anterior
array coil (ACcba).

SetUp Coil Present Attenuation Background Variability

Diagnostic No Standard 5.8± 0.4%
Couch No Standard 6.2± 0.1%
Couch No Couch 5.8± 0.1%

Radiotherapy No Standard 6.0± 0.1%
Radiotherapy No Couch 5.9± 0.2%
Radiotherapy No Couch & Bridge 5.6± 0.2%

Diagnostic Yes Standard 7.2± 0.4%
Couch Yes Standard 6.8± 0.2%
Couch Yes Couch 7.2± 0.3%

Radiotherapy Yes Standard 6.6± 0.1%
Radiotherapy Yes Couch 7.3± 0.1%
Radiotherapy Yes Couch & Bridge 6.8± 0.1%
Radiotherapy Yes Couch, Bridge & Coil 6.0± 0.1%

MR phantom [162]. They reported SNRs of 74% when using the couch only and 67% when

using the couch and coil bridge compared to the diagnostic setup. These results are slightly

different to those reported here, which may be due to the use of a larger uniform phantom.

This would increase the contribution of the spinal coil in the scanner bed relative to the

anterior coil to the MR signal, thus increasing the SNR reduction due to the couch setup.

It would also reduce the distance between the phantom and the anterior coil when the

coil bridge was used, therefore reducing the SNR reduction from the coil bridge. Paulus

et al. developed a radiotherapy flat couch-top for PET-MR imaging consisting of a foam

core surrounded by a plastic outer layer [155] and an adjustable pelvic coil bridge [156].

Quantitative assessment of MR image quality using this setup was not carried out, but

subjective image quality of three abdominal patients was reported to be similar to the

diagnostic setup. This suggests the SNR reduction did not substantially reduce subjective

image quality, which may be due to the adjustable coil bridge enabling the coil-patient

distance to be minimised, although this is also likely to be dependant on the MR sequence

and protocol used. Witoszynskyj et al. developed a plastic and fibre glass radiotherapy

couch for PET-MR imaging and found minimal differences in MR SNR with and without

the couch using a uniform MR phantom [163]. However, their images were acquired with

the integrated body coil, and so the radiotherapy hardware did not change the distance

of the receive coil from the phantom. The integrated body coil is not used clinically and

so these results are not relevant to clinical practice.

This is also the first study to investigate the impact on standard PET image quality met-

rics using the NEMA phantom from PET-MR images acquired in the pelvic radiotherapy

setup. The radiotherapy hardware reduced PET SNR for all spheres, but incorporat-
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ing the couch and bridge attenuation correction recovered the PET SNR performance

to within one standard error (figure 4.5). Including the coil attenuation correction re-

sulted in the radiotherapy setup considerably outperforming the diagnostic setup with

anterior coil and approached the performance of the diagnostic setup without anterior

coil. However, the corrections appeared to make minimal difference to the contrast re-

covery curves (figure 4.6), with the diagnostic setup performing better but within 2% of

the couch and radiotherapy setups. This suggests that qualitative image quality, of which

contrast recovery is a surrogate measure, was not substantially changed by the presence

of the radiotherapy hardware. Similarly, the presence of the anterior coil appears to make

minimal difference to all setups, despite the significant attenuation it introduces, con-

firming that qualitative diagnostic imaging does not require correction for the coil [232].

Several authors have evaluated PET image quality on PET-MR scanners acquired in the

diagnostic setup (with no anterior coil). Grant et al. reported contrast recovery values

of [35.2, 48.9, 59.9, 68.6]% for the four smallest sphere sizes acquired on the same scan-

ner model with similar acquisition settings, which shows reasonable agreement (within

6%) of the OSEM diagnostic setup values reported here, except for the smallest sphere

size which was 11% lower [233]. Similarly measurements on a Siemens Biograph mMR

PET-MR scanner using a different image quality phantom showed good agreement for

the three smallest spheres [234]. For some of the setups with the anterior coil in place the

smallest sphere has a larger PET SNR and contrast recovery than the second smallest

sphere. This is a counter-intuitive result since the increasing sphere volume should reduce

the impact of partial volume effects. Potentially this may be due to the impact of the coil

since the second smallest sphere was the most anterior sphere and so would have the most

lines of response passing through the coil. This would explain why the setups without the

coil in place do not show the same effect. This is a potential confounding factor for this

study. The impact of this could be investigated doing repeat images with the different

sphere positions within the phantom, although this would require using different phantom

attenuation correction maps.

The radiotherapy setup also significantly reduced PET background activity, with losses of

−12.7±0.5% (without the anterior coil) and −10.2±0.5% (with anterior coil) compared to

the diagnostic setup without and with anterior coil respectively. The smaller activity loss

with the anterior coil in place was possibly due to the coil bridge raising the anterior coil

away from the phantom, and so reducing the number of lines of response passing through

the coil and therefore being attenuated. These results are similar to those reported by

Brynolfsson et al. using the same couch and coil bridge [162]. They also found correcting

for the attenuation of the radiotherapy hardware reduced these differences to −1.5% and

−0.7% for the couch and coil bridge respectively, very similar to the −1.5% and 0.8%

reported in this study. These results were similar to other approaches in the literature.

Paulus et al. reported −3.8% and −8.5% activity differences from their couch and pelvic

coil bridge respectively, which reduced to −0.6% and −1.2% when attenuation correction
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was used [156]. Witoszynskyj et al. found their couch reduced PET activity by −8.7 ±
2.1%, reducing to 1.2± 3.9% when CT-based attenuation map of the couch was included

in the reconstruction [163].

The PET reconstruction algorithm used may also have an impact on PET image quality.

This study evaluated both the clinical standard OSEM reconstruction and a more novel

Bayesian penalized-likelihood iterative image reconstruction (Q.Clear). This was to eval-

uate the potentially higher performing reconstruction in the radiotherapy setup but also

enable comparisons to the literature using the clinical standard OSEM reconstruction.

The Q.Clear reconstruction outperformed the OSEM reconstruction on the PET SNR,

contrast recovery and background variability metrics.

This study acquired repeat measurements over multiple days. This was primarily to

mitigate the impact of phantom preparation and positioning. However, the small standard

errors do suggest that the PET-MR scanner performance was repeatable in terms of the

image quality metrics evaluated. However, the repeatability of images would need to

be assessed in patients though, since it is likely to be dominated by physiological and

anatomic differences between imaging sessions (differences in bladder and bowel filling,

patient setup and posture and so on) rather than variability in the scanner performance.

This study has evaluated the impact on PET-MR image quality of using the radiotherapy

setup for pelvic cancer patients. Radiotherapy treatment positions for other anatomical

sites (eg breast cancer, head and neck cancer) require different patient positions, coil sup-

ports and patient immobilisation devices. Further work would be required to investigate

the impact on PET-MR image quality for those other anatomical sites.

Previous investigations have not included the anterior array coil in attenuation correction

since this is what is routinely done in diagnostic imaging. Primarily this is due to the

variable position and flexible shape of the anterior array coil being difficult to model

accurately with attenuation maps since it will vary significantly in position and shape

from patient to patient and cannot be directly imaged. Therefore ignoring the anterior

coil avoids errors from incorrectly positioned attenuation maps and facilitates a simple

workflow. However this study has shown that the anterior coil has a substantial and

variable attenuation of between 6−12%, despite being characterised as a ‘low attenuating’

coil. The attenuation measured here is consistent with the mean reduction in activity of

−7.3% reported for the same coil by [232]. They concluded that for qualitative diagnostic

imaging this was not significant. But for radiotherapy dose painting this is problematic,

since it requires accurate quantitative imaging [27]. On the other hand, an advantage of

the radiotherapy setup compared to a diagnostic one is that the position and shape of

the flexible anterior coil is the same for each patient since the coil bridge fixes the coil

shape and height relative to the radiotherapy couch. This potentially means the anterior

coil can be included in attenuation correction maps as long as the position of the centre

of the coil is known relative to the centre of the image. This can easily be achieved by
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setting the scanner reference point to the centre of the coil and using the known height

of the coil bridge relative to the posterior edge of the patient (the couch top). An issue

with generating attenuation correction maps of MR coils containing high atomic number

elements is that large streak and starvation artefacts are produced in kVCT images. This

study has confirmed, as reported by Patrick et al [228], generating attenuation correction

maps for MR coils can be done simply and robustly through MVCT imaging. In this study,

the radiotherapy setup, once corrected, outperformed the standard diagnostic setup by

6.2±0.5% in activity measurements and its performance was within∼ 2% of the diagnostic

setup without an anterior coil (i.e. an ideal, non-clinical, PET setup). This suggests that

quantitative PET-MR is possible within the radiotherapy setup as long as the anterior

coil is included within the attenuation map.

4.5 Conclusion

Acquiring PET-MR images in the radiotherapy planning position reduced MR image

quality substantially, with a loss of MR SNR of 45%. The radiotherapy position also

impacted PET image quality with reductions in measured activity to the diagnostic setup

without anterior coil of −17.7 ± 0.1%, which reduced to −2.7 ± 0.1% when attenuation

correction map of the radiotherapy hardware was included. Contrast recovery curves

were largely unchanged, suggesting qualitative PET image quality was not substantially

affected. Noticeably the presence of the flexible anterior coil also had a significant and non-

uniform effect on the PET attenuation. Including this coil in the attenuation correction

map, which the radiotherapy setup enables, outperformed the standard diagnostic setup

with anterior coil by 5.6%. The same impact was seen in PET SNR curves, where the

radiotherapy setup with anterior coil corrected outperformed the diagnostic setup with

anterior coil. This implies that accurate quantitative PET imaging is possible in the

radiotherapy setup as long as appropriate attenuation correction is applied. The impact

on PET-MR image quality will need to be considered when designing radiotherapy PET-

MR imaging protocols.
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Chapter 5

The Impact of using Attenuation

Correction of Radiotherapy

Hardware for PET-MR in

Ano-Rectal Radiotherapy Patients

5.1 Introduction

The development of PET attenuation correction methods for PET-MR in the pelvic ra-

diotherapy position potentially enables accurate quantitative PET to be utilised for radio-

therapy planning. This has great possible benefits, including more accurate delineation of

the GTV [21, 22], delineation of tumour sub-volumes for radiotherapy dose painting [23]

and/or as a prognostic tool to identify poorer prognosis patients for dose escalation [141].

For anal cancers, 18F-FDG-PET has demonstrated significantly smaller GTVs compared

to CT [21] and good correspondence with MR [22]. A study in rectum cancer patients

showed reduced inter-observer variability for tumour delineations on 18F-FDG-PET-CT

compared to CT alone [136]. PET imaging also has good potential for automatic delin-

eation methods utilising the semiquantitative metric SUV [137], with automatic methods

showing good agreement with manual contours [138] and better agreement with patho-

logical analysis than CT or MR [235]. PET derived metabolic parameters such as the

maximum SUV within a tumour (SUVmax) and TLG have also shown promise as prog-

nostic factors for rectal cancers [141,236].

Both accurate GTV delineation and radiotherapy dose painting and patient prognos-

tics based on PET SUVs depend on high quality, quantitatively accurate PET imaging.

This requires accurate attenuation correction of all objects traversed by the lines of re-

sponse [237]. This needs to include the dedicated radiotherapy hardware, which is chal-

lenging for PET-MR since the radiotherapy hardware will non-uniformly attenuate the
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PET signal [162] and will not be visible in the MR images. Chapter 4 demonstrated using

phantoms that there is a reduction in PET-MR image quality from acquiring images in

the radiotherapy position. In that chapter I also developed methods of incorporating the

radiotherapy hardware into PET Attenuation Correction (AC) maps, with improvements

in SUV accuracy from −17.7±0.1 % to −2.7±0.1 % in phantoms. The aim of this study

was to test the feasibility of using these AC maps in ano-rectal radiotherapy patients and

to determine the impact on GTV delineation and SUV measurements.

5.2 Materials and Methods

5.2.1 Patient Data Collection

17 patients enrolled in the Deep MR-only RT study (research ethics committee reference

20/LO/0583) who were planned for radical/neoadjuvant chemoradiotherapy for ano-rectal

cancer and received a PET-MR scan were included in this sub-study. Exclusion criteria

included contraindications for MR scanning, medical implants in the pelvic area (eg hip

prostheses) and external contour greater than the scanner field of view. 10 female and 7

male patients were included with median age 64 years (range 49-76 years). Patients were

diagnosed with rectal cancers (n=8) and anal cancers (n=9). 10 of these patients were

taken from the evaluation cohort and 7 from the test cohort described in chapter 2 section

2.2.1 table 2.1.

All patients received a simultaneous PET-MR scan on a SIGNA PET/MR 3T scanner

(version MP26 GE Healthcare, Waukesha, USA) after their radiotherapy planning CT

scan and before their first treatment fraction. Patients were scanned in the radiotherapy

treatment position on a flat couch-top with a coil bridge for the anterior MR coil as

shown in figure 5.1. Patients were positioned to match their radiotherapy planning CT

scan using a combined customisable foot and knee rest (Civco) and external lasers matched

to patient tattoos. Immediately prior to entering the scan room patients emptied their

bladder and drank 400 ml of water. The PET acquisition started 20 minutes (median,

range 14-37 minutes) after patient drinking. The PET images were acquired 70 minutes

(median, range 60-86 minutes) after injection with 3.5 MBq kg−1 ± 10% of 18F− FDG

(one patient received 1.7 MBq kg−1). All patients had fasted for 6 hours prior to injection

and had a measured blood glucose concentration of < 10 mmol L−1. The PET acquisition

consisted of one 5 minute bed position with the patient tumour centred in the PET field

of view. Images were reconstructed using a Bayesian penalized-likelihood iterative image

reconstruction (Q.Clear) with a relative noise regularizing term factor of β = 350 [227]

with point spread function correction and time of flight information.

MR images were acquired using the automatic dixon sequence used for the scanner-

generated PET attenuation correction maps. This was a 3D sequence with a voxel size

of 2.0× 2.0× 5.2 mm3 with 2.6 mm slice gaps, and a field of view 500× 500× 780 mm3.

102



The images were acquired with a repetition time 4.05 ms, echo times 2.232 ms (in-phase)

and 1.116 ms (out-phase) and a receive bandwidth of 1302 Hz pixel−1. An additional 3D

T2-weighted turbo spin echo sequence was acquired as an anatomical reference for the

PET image. This had a voxel size of 1.0×1.0×2.0 mm3, field of view 380×304×360 mm3,

repetition time 2000 ms, echo time 148 ms and a receive bandwidth of 658 Hz pixel−1.

All patients received contrast-enhanced CT scans (Sensation Open, Siemens, Erlangen,

Germany) with a voxel size of 1.1 × 1.1 × 3 mm3 and a tube voltage of V = 120 kVp.

Patients were imaged following routine bladder preparation consisting of an empty bladder

30 minutes prior to the scan, followed by drinking 400 ml of water, and bowel preparation

consisting of the application of a micro-enema 60 minutes prior to the scan followed by

bowel emptying. CT scans were acquired within 6 days (median, range 0-13 days) of the

PET-MR acquisition.

Figure 5.1: Example of patient setup showing the flat couch top, patient immobilisation device, coil
bridge and anterior array coil.

5.2.2 Attenuation Correction Maps

AC maps can be divided into two components: a map of the patient and a map of all

hardware components within the PET lines or response. For the purposes of this study

the patient map needed to be kept consistent between all PET images. We decided to use

the patient CT since CT is the gold standard source of patient AC. The CT was acquired

in the same radiotherapy position as the PET-MR and so a rigid registration between the

CT and the in-phase MR image in RayStation (v9B, RaySearch Laboratories, Stockholm,

Sweden) was used. The external contour of the in-phase MR was automatically delineated

using RayStation’s function, and manually modified where necessary. The registered CT

was cropped to the MR external contour, with any tissue outside the CT external contour

but inside the MR external contour set to water density. Any air within the patient was

automatically delineated and set to water density.
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Three different hardware AC maps were used, each with the CT patient map: CTACstd,

CTACc and CTACcba. CTACstd was automatically generated by the scanner and included

the MR spine coil components within the scanner bed. CTACc was the same as CTACstd

but with the manual addition of a model of the radiotherapy couch placed abutting

the patient posterior edge, as described in chapter 4. CTACcba included CTACc with the

further manual addition of a model of the coil bridge and anterior coil. The coil bridge and

anterior coil model was placed in the patient right-left and anterior-posterior directions

using the measured distances to the radiotherapy couch. The inferior-superior position

was calculated through landmarking the scanner table to the centre of the coil bridge and

using the scanner table position during the PET acquisition, accessible through the private

DICOM tag ‘PET table z position’. Examples of the three attenuation maps are shown

in figure 5.2. CTACstd would be the hardware AC map produced directly by the scanner

without modification whereas CTACcba would include all hardware within the PET lines

of response. This study aimed to assess whether the improvement in PET accuracy from

using CTACcba would result in clinically significant differences in GTV delineation and

SUV measurements or whether CTACstd was accurate enough for radiotherapy purposes.

(a) CTACstd (b) CTACc

(c) CTACcba

Figure 5.2: Attenuation correction maps for an example patient.
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5.2.3 Tumour Delineation

The CTACstd and CTACcba PET images were independently contoured at least 7 weeks

apart by an experienced consultant PET radiologist using RayStation. The image was

automatically thresholded using a fixed SUV = 2.5 g ml−1 [138] and the resultant volume

manually adjusted by the radiologist as apprioriate to represent a gross tumour volume

(GTVman
std and GTVman

cba for the CTACstd and CTACcba images respectively). Primary and

nodal volumes were delineated separately (GTVp and GTVn respectively). Examples of

the PET images and manual GTV contours are shown in figure 5.3.

A threshold method was also used to automatically delineate the tumour on both CTACstd

and CTACcba images, referred to as GTVthresh
std and GTVthresh

cba respectively. A threshold

value of 40% of the maximum SUV within the manual GTV contour of the relevant

image was calculated and voxels with a SUV above that threshold were included in the

contour using RayStation [21]. The thresholded contour was limited to be within a 0.5 cm

expansion of the manual GTV contour of the relevant image to ensure physiological uptake

was not included, except for patients (n=3) where the GTV abutted the bladder, where

a 0.0 cm expansion was used in that direction.

(a) CTACstd (b) CTACcba

(c) Zoomed GTVs (d) Difference Map

Figure 5.3: Example PET images reconstructed using the CTACstd (a) and CTACcba (b) attenuation
correction maps. The GTVpman

std (a, blue contour) and GTVpman
cba (b, red contour) are shown for image

respectively and close-up versions in c). The per-pixel SUV difference map (CTACstd-CTACcba) is also
shown (d). The max difference shown corresponds to 10.7% of the SUVmax of this patient’s GTV.

5.2.4 Whole Image Analysis

The per pixel percentage difference in SUV for CTACstd and CTACc compared to CTACcba

were calculated using MICE Toolkit (v1.0.8) [204]. An external contour was segmented
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on CTACcba using a threshold of 0.05 g ml−1 and only differences within this external

contour were included. A histogram of differences was calculated using 400 bins between

−100% and +100% for each patient, and the mean difference within each bin over all

patients determined.

The CTACcba PET image was used as the reference image for all analyses since the previ-

ous phantom study (chapter 4) had showed it had the smallest PET activity loss compared

to a gold standard PET acquisition without radiotherapy hardware or anterior coil. The

aim of this study was to assess whether this improvement in SUV accuracy translated

into clinically relevant differences in tumour delineation and metabolic parameter mea-

surements.

5.2.5 Tumour Delineation Analysis

The manual and thresholded GTV contours were compared between CTACstd and CTACcba

to determine the impact on radiotherapy target delineation of not including the radio-

therapy hardware with the attenuation correction. The contours were compared using the

following metrics: the volumetric Dice coefficient, the mean distance to agreement and

the GTV volume, all calculated within RayStation. Due to the large variation between

patients in GTV volume, the comparisons between CTACstd and CTACcba PET images

were performed as per-patient percentage differences (CTACstd - CTACcba) relative to the

CTACcba result. The significance of these differences were evaluated using paired t-tests,

with a Bonferroni corrected significance level of p = 0.05/8 = 0.006.

5.2.6 Metabolic Parameter Analysis

The manual and thresholded GTV contours were compared on metabolic parameters:

SUVmax, SUVmean and TLG. TLG was defined as the multiplication of SUVmean with

GTV volume. These would not directly affect tumour delineation using PET, but have

shown value as a prognostic factor for rectum patients [141] and so would have an impact

on dose painting approaches or the personalisation of dose prescriptions based on the PET

data. The large variation between patients in values meant the metabolic parameters were

also evaluated as per-patient percentages differences. Statistical significance was assessed

using paired t-tests with the same significance level (p = 0.006).

The impact on the prognostic value of PET imaging in the radiotherapy position of using

CTACcba and CTACstd was assessed using TLG according to the methods presented in

[141,236]. Literature cut-off values were only available for rectal cancers so the anal cancer

patients were not included in this analysis. The volume used in the TLG calculation was

thresholded using either 30% (Ogawa et al.) or 50% (Choi et al.) of SUVmax. Although

neither study used the 40% of SUVmax threshold used in this study, the thresholds were

within 10% which was considered similar enough to apply the cut-off values. For Ogawa
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et al. TLG was determined for a combination of primary and nodal disease, whereas

for Choi et al. only primary volumes were used. Therefore the TLG for the primary

GTVs were compared to a cut-off value of 125.84 g (from Choi et al.) and the combined

primary and nodal TLGs compared to a cut-off value of 341 g (from Ogawa et al.). TLG

values were calculated using CTACstd images and compared to the cut-offs, with patients

recorded as good or poor prognosis. This was then repeated using the CTACcba images.

Patients who were good prognosis when TLG was calculated using CTACstd images but

poor prognosis when TLG was calculated using CTACcba were recorded.

5.3 Results

5.3.1 Whole Image

The distribution of SUVs across the image in CTACstd and CTACc were lower than

CTACcba. This is apparent in the histogram plots of differences between CTACstd and

CTACc to CTACcba (figure 5.4). The mean differences were −13.8% (CTACstd) and

−7.7% (CTACc).

Figure 5.4: Histogram of relative number of voxels with percentage differences in SUV to CTACcba for
CTACstd (blue) and CTACc (orange). Relative number of voxels given as percentage of total voxels
within patient external contour. Solid lines show mean counts over all patients for each bin, and shaded
areas ± one standard error. The dashed line indicates zero difference.

5.3.2 Tumour Delineation Analysis

16 primary and 10 nodal GTVs were delineated. One patient was being treated post-

surgery and had no primary GTV. The primary GTVs were larger and more FDG-avid

than the nodal GTVs (figure 5.5). The manual primary GTV volumes were larger than the
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thresholded volumes, 44.3± 14.3 cm3 (mean ± standard error, range 2.4 cm3,239.4 cm3)

and 18.9±5.8 cm3 (0.7 cm3,95.7 cm3) respectively. The nodal volumes were more similar,

with the manual volumes being 15.6 ± 6.9 cm3 (0.4 cm3,66.7 cm3 ) compared to 7.7 ±
2.7 cm3 (0.8 cm3,22.0 cm3) for the thresholded volumes.

Figure 5.5: Boxplot of the values of SUVmean and SUVmax for the primary (GTVp, yellow) and nodal
(GTVn, red) GTVs. The rectangles indicate the interquartile range (IQR), with the horizontal black
line the median value, the black whiskers the maximum (minimum) data point within Q3 + 1.5IQR
(Q1−1.5IQR) and the black crosses outlier data points. Data is shown for the manual delineations using
the CTACcba reconstructed PET images.

There was a difference in the manual GTV volumes between CTACstd and CTACcba, with

the GTVman
std volumes being −15.9±1.6% (mean ± standard error, range −33.1%,−3.8%)

different from the GTVman
cba volumes. This difference was not statistically significant (p =

0.007) over the whole cohort, but appeared to be larger for the less FDG-avid tumours (see

figure 5.6). All volume differences greater than 13% occurred in GTVs with SUVmean ≤
8.5 g ml−1. However there remained a reasonable concordance between GTVman

std and

GTVman
cba with a Dice coefficient of 0.89±0.01 (0.77,0.97) and a mean distance to agreement

of 0.65± 0.06 mm (0.14 mm,1.4 mm). The Dice coefficient also showed some dependence

on SUVmean, although less marked than the volume differences (see figure 5.7).

The threshold GTVs were much more similar, with GTVthresh
std volumes −2.3 ± 0.8%

(−13.7%,4.4%) different to GTVthresh
cba (p = 0.07, figure 5.6). Similarly, there was very

good concordance between the threshold GTVs, the mean Dice coefficient was 0.98±0.00

(0.93,1.00) and the mean distance to agreement was 0.12± 0.02 mm (0.00 mm,0.28 mm).

5.3.3 Metabolic Parameter Analysis

There was a substantial drop in the metabolic GTV parameters on the CTACstd images

compared to CTACcba images (see figure 5.8). The mean percentage difference for the
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Figure 5.6: Plot of the difference in GTV volume between CTACstd to CTACcba PET images as a function
of the mean SUV within GTVcba . Both manual contours (green) and thresholded contours (purple) are
shown. Primary GTVs are represented as circles and nodal GTVs as diamonds.

(a) Dice Coefficient (b) Distance To Agreement

Figure 5.7: Plot of similarity metrics Dice coefficient (a) and mean distance to agreement (DTA, b)
between GTVstd and GTVcba as a function of SUVmean. Manual contours (green) and thresholded
contours (purple) are shown, with primary GTVs (circles) and nodal GTVs (diamonds) also distinguished.

manual contours of SUVmax was −11.5±0.3% (−14.5%,−8.6%), SUVmean was −5.2±0.6%

(−8.9%,4.8%) both with p < 0.001, and TLG was −20.5 ± 1.2% (−35.9%,−12.4%, p =

0.005). The equivalent values for the threshold contours were smaller, but still significant

with SUVmax being −11.5 ± 0.3% (−14.5%,−8.6%, p < 0.001), SUVmean −11.6 ± 0.3%

(−13.8%,−8.2%, p < 0.001) and TLG −13.7± 0.6% (−21.4%,−7.1%, p = 0.003).

Comparing the calculated TLG values to the TLG cut-off values gave 2/8 (using the

Ogawa et al figure) or 5/8 (Choi et al. figure) rectum cancer patients in the poorer

prognosis group. Importantly, one patient changed from the good prognosis to poor

prognosis group when TLG was calculated using CTACcba rather than CTACstd, using
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(a) Standard Uptake Value (b) Total Lesion Glycolosis

Figure 5.8: (a) Box plot of the differences in SUVmean and SUVmax between CTACstd and CTACcba

PET images for both primary and nodal GTVs. The rectangles indicate the interquartile range (IQR),
with the horizontal black line the median value, the black whiskers the maximum (minimum) data point
within Q3 + 1.5IQR (Q1− 1.5IQR) and the black crosses outlier data points. (b) shows the difference in
TLG between CTACstd and CTACcba images as a function of SUVmean, with primary GTVs indicated
as circles and nodal GTVs diamonds.For both plots manual GTVs are shown in green and thresholded
GTVs in purple.

the Choi et al. cut-off value. This patient was not the patient who received the lower

activity injection.

5.4 Discussion

PET-MR imaging has the potential to improve GTV delineation as well as enable dose

painting and dose escalation treatment strategies for ano-rectal radiotherapy. This study

has aimed to assess the impact of using a novel attenuation correction method on GTV

delineation and GTV metabolic parameters for PET-MR imaging in the radiotherapy

position in ano-rectal cancer patients.

The impact on manual GTV delineation was small. Although there were some larger

volume differences (> 15%) the similarity metrics still showed good ageement for most

patients. The levels of agreement were similar to or better than inter-observer variability in

GTV delineation in rectal cancer patients reported in the literature. Patel et al. reported

PET-CT delineated primary GTVs had Dice coefficients of 0.81±0.03 (mean ± standard

error) and nodal GTVs 0.70± 0.12 [238]. Buijsen et al reported higher Dice coefficients,

0.90 for manual delineations and 0.96 for an automatic delineation using a source-to-

background ratio method, also for rectal GTVs [239]. This implies that using CTACstd

compared to CTACcba does not introduce differences in manual GTV delineation larger

than those introduced by inter-observer variability. No study has investigated the impact

on ano-rectal target delineation using PET images acquired in the pelvic radiotherapy

position so no comparisons with previous literature results could be made.
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There was a marked dependence on mean SUV for the volume differences, with much

larger differences for the less FDG-avid lesions (figure 5.6). This was probably due to the

shallower gradients in SUV around the lower SUVmean GTVs meaning an 13.8% shift in

SUV from using CTACcba resulted in a larger volume expansion than in the more FDG-

avid lesions. The Dice coefficient showed a similar if less pronounced trend with SUVmean,

with all values < 0.90 occuring for GTVs with SUVmean < 6 gml−1. This suggests that

using CTACcba may be more important in GTV delineation for less FDG-avid lesions.

All except one of the manual nodal GTVs had SUVmean < 6 gml−1 (figure 5.5), so nodal

delineations may require accurate attenuation correction to avoid under-segmentation.

The impact on the thresholded GTV delineations of using CTACcba was much less than on

the manual delineations, with small volume differences and high similarity metric scores.

This was likely due to the fact that the threshold SUV was a relative value (40% of

SUVmax), and so the ∼ 13% shift in SUV changed both SUVmax and the boundary voxels

by approximately the same amount, resulting in a very similar volume. In contrast, the

manual delineation used a fixed SUV = 2.5 gml−1 threshold as the starting point for

delineation, which means the increase in SUVs from using CTACcba resulted in a larger

volume delineated.

There was a much bigger impact from using CTACcba rather than CTACstd on the

metabolic parameters. There were statistically significant differences in SUVmean, SUVmax

and TLG for both manual and thresholded GTVs. The differences in SUVmean for the

thresholded volumes and SUVmax for both manual and thresholded volumes were very

similar to each other, with median differences similar to the −13.8% mean per-pixel SUV

difference. The differences in SUVmean for the manual volumes were smaller and more

variable. This was likely due to the changes in manual GTV volume with the two attenu-

ation corrections, with the larger volumes on the CTACcba images lowering the SUVmean

and so partially offsetting the 13.8% increase in per-pixel SUVs. One GTV actually had a

larger SUVmean in the CTACstd than the CTACcba. Examination of this volume indicated

that the GTVman
cba extended over two more axial slices than GTVman

std . This meant GTVman
cba

included more lower SUV pixels, which reduced the SUVmean to 5% less than GTVman
std ,

even though the SUVmax in GTVman
cba was 10% higher than in GTVman

std . This may also be

in part due to the difficulty in identifying the primary tumour due to physiological uptake

at the adjacent bowel. TLG was also significantly lower on the CTACstd images, with a

similar dependence on SUVmean as the volume differences.

The clinical significance of these these statistically significant differences in metabolic

parameters was difficult to determine. PET-CT SUV measurements have indicated a

test-retest repeatability of 10 − 12% in tumour SUVs when performed under carefully

controlled conditions in a research setting [240]. In clinical diagnostic settings variability

in SUVs is likely to be 15 − 20% [179]. This is a similar order of variability as the

error in SUVs reported in this study. However, the repeatability was determined using
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gold standard CT AC, and so failing to include the radiotherapy hardware in the AC map

would generate an additional, systematic, bias to the SUV measurements. In addition, the

SUV accuracy requirements for using SUV measurements for radiotherapy dose painting

or treatment response assessment are higher than for routine clinical diagnostic purposes,

suggesting the differences in metabolic parameters may be even more clinically significant

in this context [241].

One way of investigating this is considering the use of PET metabolic parameters for

treatment prognosis. This is a pre-cursor to using SUVs for dose painting or response

assessment. Several studies have provided evidence that TLG measured in a pre-treatment
18F-FDG-PET scan are independent prognostic factors for disease-free and overall survival

in rectal cancer patients [141, 236]. Using the the TLG cut-off value of Choi et al.,

1/8 rectal cancer patients changed prognosis group when SUVs were calculated using

CTACcba instead of CTACstd. If these prognostic factors are used to guide radiotherapy

dose prescriptions, this indicates that acquiring accurate PET images which account for

the attenuation of the radiotherapy hardware could be critical.

Only one study has assessed the impact on metabolic parameters when acquiring PET-

MR images in the body radiotherapy position. Paulus et al. evaluated differences in three

lung cancer patients scanned on a Siemens PET-MR scanner [156]. Images were acquired

with and without the anterior array coil on a coil bridge but with the flat couch top in

both cases. The differences in SUVmean and SUVmax between no coil and bridge, and coil

and bridge images, without attenuation correction, was −10.0± 2.4% and −11.1± 2.0%

respectively. Including attenuation correction of the anterior coil and coil bridge reduced

this to −2.4± 3.3% (SUVmean) and −3.9± 2.6% (SUVmax). These results are not directly

comparable to the results reported in this study because they included the flat couch top

in the attenuation correction for both images (ie more similar to a comparison between

CTACcba and CTACc rather than CTACstd). The per-pixel difference in SUV in this study

between CTACcba and CTACc of −7.5% agrees very well with the differences reported by

Paulus et al. ( −7.6% for SUVmean and −7.2% for SUVmax).

A weakness of the methodology presented here is there has been no comparison to a patient

acquisition without the radiotherapy hardware and anterior coil present. This would have

provided a gold standard PET image to compare the performance of the different AC

maps. However, this would also have introduced several confounding variables between

the images in the radiotherapy and gold standard setups. These would include differences

due to difficulties in registering patient images acquired in different setups and differences

in SUV distribution due to imaging at a different time-point. In addition, it would have

added significant imaging time for patients. Therefore it was decided to compare AC maps

with and without the radiotherapy hardware included to assess the impact of changing

the AC map. The prior phantom work in chapter 4 suggested that SUV measurements

with the hardware included in the AC map were significantly closer to the gold standard
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than without, so it is reasonable to assume the same applies in patients.

The other major component of attenuation correction for PET-MR image reconstruction

is accounting for the attenuation of the patient. The current vendor supplied method

uses a Dixon MR sequence to segment the patient into fat, water and air tissue classes

which are then assigned linear attenuation coefficients [242]. This has been shown to

introduce SUV errors which are investigated in more detail in chapter 6. In this study this

problem was avoided by using the registered radiotherapy planning CT image for patient

attenuation correction. Improved methods for accounting for patient attenuation in PET-

MR images are currently being investigated. From a radiotherapy perspective, algorithms

used to generate synthetic CTs from MR images for MR-only radiotherapy are in clinical

use [28, 81]. One of these algorithms has demonstrated improvements in patient PET

attenuation correction compared to the previous Dixon-based method [31], although the

magnitude of the difference in SUVs was less than half of the discrepancy reported here.

This suggests that incorporating the radiotherapy hardware is more important for accurate

PET quantification than accurate patient attenuation correction, although combining

accurate attenuation correction maps of patient and radiotherapy hardware would result

in the highest accuracy PET images. An investigation into patient attenuation correction

and the combination with the results of this chapter are the focus of chapter 6.

5.5 Conclusion

Acquiring PET-MR images for radiotherapy planning requires patients to be imaged in

the radiotherapy position on a flat couch with a coil bridge. Applying attenuation cor-

rection maps that incorporate this hardware was feasible in radiotherapy patients and

resulted in a 13.8% increase in SUVs. This did not have a statistically significant change

in GTV delineation, although differences were more pronounced for less FDG-avid vol-

umes. It did have large differences in metabolic measurements, which were statistically

significant (p ≤ 0.005). These differences could be clinically relevant where metabolic

parameter measurements are used for dose painting or treatment prognosis, as indicated

by 1/8 rectum patients changing prognosis group when the radiotherapy hardware was

included in the attenuation correction map. This suggests that it is important that at-

tenuation correction of the radiotherapy hardware is incorporated if PET-MR images in

the radiotherapy position are to be used for dose painting and treatment prognostication.
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Chapter 6

Evaluating a Deep Learning sCT

Algorithm for PET-MR Attenuation

Correction in the Pelvis

6.1 Introduction

Simultaneous PET-MR enables high quality anatomic, functional and metabolic infor-

mation to be acquired with high degrees of spatial alignment in the same imaging ses-

sion [243]. This has potential benefits for improved staging and treatment response as-

sessment in rectal cancer [244, 245] as well as improved GTV delineation [130] and iden-

tification for active tumour sub-volumes for dose painting [246]. This utilises the superb

soft-tissue contrast of MR anatomical imaging, as well as its functional imaging ability

such as DW-MR [22]. However, this comes at the cost of accurate attenuation correction

of the patient, compared to PET-CT. Conventional MR images provide little signal from

both low PET attenuating materials such as air and high PET attenuation materials such

as cortical bone [247]. Therefore there is no one-to-one map possible from MR intensity

values to linear attenuation coefficients [32]. The current vendor-supplied solution for the

pelvis, MRAC, utilises a Dixon MR sequence to segment air, lung, fat and soft-tissue

compartments, which are then assigned population values [242]. This however introduces

PET attenuation errors through the omission of any bone information, with reported

SUVmax errors in soft-tissue lesions of −6% and in bone lesions of −11% [77].

This situation is very similar to the problem faced within MR-only radiotherapy, where

MR cannot be used directly for radiotherapy dose calculations [28]. Therefore there is

potential to use sCT algorithms designed for radiotherapy dose calculation for PET atten-

uation correction. This could facilitate a streamlined workflow with a single radiotherapy

planning PET-MR examination as a ‘one-stop shop’ [30].

Two previous studies have investigated applying radiotherapy sCT algorithms for PET
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attenuation correction in the pelvis. Wallstén et al. used an atlas-based sCT derived from

T2-weighted MR images for PET attenuation correction in 12 prostate cancer patients

[31]. They reported reduced mean SUV differences in bone regions from −17.7 ± 8.4%

(MRAC) to −4.2 ± 5.7% (sCTAC) which translated into significantly reduced SUV dif-

ferences in the PET-avid prostate sub-volume of −2.3% (sCTAC) compared to −5.9%

(MRAC, p < 0.001). Ahangari et al evaluated a Deep Learning sCT algorithm based

on the Dixon MR sequence used for vendor-supplied MRAC for cervix radiotherapy pa-

tients [30]. The model was trained with 26 patients and evaluated on seven, with small

mean differences in tumour SUVmax of −0.8±1.2% (± standard error, range −4.9%,4.7%,

estimated from bar graph) and in SUVmean −0.3± 1.8% (−5.9%,7.4%).

However, to the best of the author’s knowledge, no study has investigated applying a ZTE-

based radiotherapy sCT for PET attenuation correction in ano-rectal cancer patients.

ZTE imaging provides MR signal from bone. Since this is the primary deficiency in the

current MRAC technique, ZTE-based sCT algorithms potentially could improve PET

attenuation correction significantly [77]. The aim of this study was to apply a ZTE-

based Deep Learning sCT algorithm developed for pelvic MR-only radiotherapy dose

calculations (chapter 2) to PET-MR attenuation correction for ano-rectal cancer patients.

Since the aim was to evaluate the equivalence in PET-MR attenuation correction between

sCT and CT, the statistical analysis carried out would not be conventional superiority

testing (as in chapter 5) but equivalence testing [248]. This has been applied in the

MR-only radiotherapy literature [249] but has not been used previously for PET-MR

attenuation correction analysis.

Successful use of the MR-only sCT algorithm for PET-MR attenuation correction, com-

bined with attenuation correction of the radiotherapy hardware (chapters 4 and 5) and

sCT radiotherapy dose accuracy (chapter 2), would enable a single PET-MR session to

provide all the information required for accurate PET and MR imaging for GTV de-

lineation and characterisation, OAR delineation and radiotherapy dose calculation in a

PET-MR-only radiotherapy workflow.

6.2 Materials and Methods

6.2.1 Patient Data Collection

The study population consisted of 10 patients (four male and six female) who were all

enrolled in the Deep MR-only RT study (research ethics committee reference 20/LO/0583)

and received a PET-MR scan. Patients were diagnosed with anal cancer (n=6) stages

T1/2N0M0-T2N1M0 and rectal cancer (n=4) stages T2N0M0-T3b/T4N0M0, and had a

median age of 65 years (range 49-76). All patients were planned for radical/neoadjuvant

chemoradiotherapy. Patients were excluded if they were contraindicated for MR scanning,

had medical implants in the pelvic area (eg hip prostheses), were unable to fit inside the

115



coil bridge or were unable to fast for 6 hours.

All patients received a simultaneous PET-MR scan on a SIGNA PET/MR 3T scanner

(version MP26 GE Healthcare, Waukesha, USA) after their radiotherapy planning CT

scan and before their first treatment fraction. Patients were scanned in the radiotherapy

treatment position on a flat couch-top with a coil bridge supporting the anterior MR coil.

Patients were setup in a combined customisable foot and knee rest (Civco), with their

position adjusted to match external lasers to the radiotherapy patient tattoos. Patients

emptied their bladder and drank 400 ml of water immediately before entering the scan

room, with the PET acquisition starting 23 minutes (median, range 14-37 minutes) after

patient drinking. All patients had fasted for 6 hours prior to injection and had a measured

blood glucose concentration of < 10 mmolL−1. Patients were injected with 3.5 MBqkg−1±
10% of 18F− FDG (one patient received 1.7 MBqkg−1), with PET images starting to be

acquired 73 minutes (median, range 60-86 minutes) post-injection. The PET acquisition

consisted of one 5 minute bed position with the patient tumour centred in the PET field

of view. Images were reconstructed using an OSEM algorithm with 4 iterations and 16

subsets and a 5.0 mm Gaussian filter using manufacturer provided offline reconstruction

tool Duetto (version 2.17, GE Healthcare) in MatLab (Version 2017a, MathWorks, Natick,

Massachusetts, USA). Point spread function correction and time of flight information were

utilised. Images were reconstructed with a 60 × 60 cm2 axial field of view, a 256 × 256

axial matrix and 89 slices with a slice thickness of 2.78 mm.

Two MR sequences were acquired: a novel ZTE sequence and the standard Dixon sequence

used for the scanner-generated PET attenuation correction maps. The ZTE sequence was

as described in chapter 2 section 2.2.1 table 2.2. The voxel size was 2.0× 2.0× 2.0 mm3,

the duration of the sequence was 1.1 minutes and the acquisition started 29 minutes after

the PET acquisition started (median, range 27-37 minutes). The Dixon sequence was as

described in chapter 5, section 5.2.1. It had a voxel size of 2.0 × 2.0 × 5.2 mm3, with

2.6 mm slice gaps and an acquisition duration of 14.8 s. The Dixon sequence occurred

concurrently with the start of the PET acquisition.

All patients received contrast-enhanced CT scans (Sensation Open, Siemens, Erlangen,

Germany) in the radiotherapy planning positon with the same design of foot and knee

rest and tattoo marks matched to external lasers. Images were acquired with a voxel size

of 1.1× 1.1× 3 mm3 and a tube voltage of V = 120 kVp. Patients were imaged following

routine bladder preparation consisting of an empty bladder 30 minutes prior to the scan,

followed by drinking 400 ml of water, and bowel preparation consisting of the application

of a micro-enema 60 minutes prior to the scan followed by bowel emptying. CT images

were acquired within 6 days (median, range 5-13 days) of the PET-MR scan.
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6.2.2 Attenuation Correction Maps

PET images were reconstructed with three different attenuation correction maps for each

patient. All attenuation correction maps included the coil components within the scanner

bed, the radiotherapy couch, coil bridge and anterior coil as described in chapter 5 and

a model of the patient. The patient model varied between the different maps. The gold

standard patient model (CTAC) consisted of the patient CT acquired in the same radio-

therapy position and following the same bladder preparation protocol as the PET-MR and

rigidly registered to the in-phase MR image in RayStation (v9B, RaySearch Laboratories,

Stockholm, Sweden). The external contour of the in-phase MR was automatically delin-

eated using RayStation’s function, and manually modified where necessary. Modifications

were required for all patients, typically in the ∼ 5 most superior and inferior slices where

reductions in MR signal caused the automatic contour to miss parts of the patient. The

registered CT was cropped to the MR external contour, with any missing tissue set to

water density. Any air within the patient was automatically delineated and set to water

density. The CT was converted to 511 keV linear attenuation coefficient map using the

PET-MR vendor-supplied calibration curve (GE Healthcare). The quality of the CT-MR

registration was visually inspected for each patient.

A second map was generated using a sCT generated by a Deep Learning algorithm from

the ZTE image, as described in chapter 2, section 2.2.1, without modification. The 10

patients in this study were selected from the 20 evaluation patients described in chapter 2

and so their images had not been used in the model training process. Although the sCT

was derived from the ZTE image acquired in the same scanning session as the in-phase

MR, it was acquired 29 minutes later (median, range 25-37 minutes). Therefore, in case

of patient motion, the sCT was rigidly registered to the in-phase MR image (ie Dixon-

based) in RayStation and cropped to the in-phase MR external contour, with any missing

tissue set to water density. Similarly to the CT, any air within the sCT was automatically

delineated and set to water density. This was converted to 511 keV linear attenuation

coefficient map using the same calibration curve to produce the sCTAC.

The final map used the standard vendor-supplied (GE Healthcare) patient model derived

from the automatic Dixon sequence (MRAC). This method segmented the MR into four

tissue classes: air, lung, fat and soft-tissue, and assigned population-derived bulk density

511 keV linear attenuation coefficients to each class [242]. The MRAC was also cropped

to the same in-phase MR external contour as the CT and sCT to ensure all attenuation

correction maps had the same external contour. Examples of the three attenuation maps

are shown in figure 6.1.
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(a) CTAC (b) sCTAC

(c) MRAC

Figure 6.1: Attenuation correction maps for an example patient. All maps included the MR coils com-
ponents, flat couch top and coil bridge. Patient models were based on CT (a), ZTE-derived sCT (b) and
Dixon derived MR (c).

6.2.3 Tumour Delineation

The manual GTVs contoured on the CTACcba PET images described in chapter 5 were

used to create threshold contours on the CTAC, sCTAC and MRAC images. These

manual GTVs were copied onto the sCTAC and MRAC PET images and an automatic

GTV created as the volume encompassed within 40% of the maximum SUV within the

manual GTV [21], within the manual GTV contour. Automatic contours were generated

on CTAC, sCTAC and MRAC images and all did not extend beyond the boundary of

the manual contour. The manual GTV contour was only used to generate the automatic

GTV contours, which were then used in the subsequent analysis. Examples of the three

PET images and automatic GTVs are shown in figure 6.2.

6.2.4 Data Analysis

The per pixel percentage difference in SUV for MRAC - CTAC and sCTAC - CTAC

relative to CTAC were calculated using MICE Toolkit (v2021.2.1) [204]. Only differences

within the CTAC external contour were included. This was automatically contoured

using a threshold of 0.05 gml−1 and the same contour applied to the sCTAC and MRAC

images. Relative SUV differences were binned into 400 bins between −100% and +100%

118



(a) sCTAC (b) MRAC

(c) CTAC (d) Zoomed GTVs

Figure 6.2: Example PET images reconstructed using the sCTAC (a), MRAC (b) and CTAC (c) at-
tenuation correction maps. The threshold GTV contour is shown in purple, blue and red respectively.
Zoomed in pictures of the same GTVs are shown in (d). The patient was selected as having the sCTAC
and MRAC SUVmax differences closest to the mean differences.

for each patient, and the mean difference within each bin over all patients determined.

An example whole image difference map is shown in figure 6.3.

(a) sCTAC (b) MRAC

Figure 6.3: Example SUV difference maps to CTAC PET images for the sCTAC PET image (a) and
MRAC PET image (b) for the same patient and slice as shown in figure 6.2.

A major discrepancy between the MRAC and gold standard CTAC is that the MRAC

does not reproduce bone. Therefore SUV differences in the bone region were additionally

investigated. A bone region of interest was automatically delineated on the CT using

the ‘Bone ROI’ function in RayStation. This uses thresholding with all voxel > 150 HU

included and all voxels < 50 HU excluded. A connected regions function is used to

determine whether to include voxels with HU values in between the two thresholds. The

resulting contour was expanded by 5 mm and then contracted by the same amount to

remove small holes and smooth the overall contour. The per pixel percentage difference

in SUV was calculated as described above but only within the region masked by the bone

contour.
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The similarity of the automatic GTV contours on sCTAC and MRAC PET images to

CTAC was determined using the volumetric Dice similarity coefficient (DSC), the mean

and maximum distances to agreement and the GTV volume, all calculated within RaySta-

tion. The accuracy of the calculation of a set of metabolic parameters on the sCTAC and

MRAC GTVs was determined by comparing to CTAC measurements. The metabolic

parameters assessed were: SUVmax, SUVmean and TLG. Large variation between patient

SUVs meant the volume and metabolic comparisons between sCTAC and MRAC with

CTAC were carried out as per-patient percentage differences relative to CTAC.

The SUV results were statistically tested for equivalence, with a null hypothesis that the

sCTAC/MRAC PET images were different to the CTAC images. This is the opposite to

conventional superiority testing (such as used in chapter 5) which aims to determine if

differences are statistically significant and has a null hypothesis that the sCTAC/MRAC

PET images are not different to CTAC images. Equivalence between MRAC/sCTAC and

CTAC was assessed using two one sided t-tests for paired data [248]. Tests were done for

differences in SUVmax and SUVmean, for both MRAC and sCTAC and both primary and

nodal GTVs (ie 8 tests in all). A significance level of p < 0.05 was used, corrected for

multiple testing by p < 0.05/(8 − 1) = 0.007 [250]. This multiple testing correction is

specifically for equivalence testing, unlike the Bonferonni correction used in chapter 5.

Equivalence testing considers sCTAC/MRAC PET images clinically equivalent to CTAC

images if the SUV differences are smaller than a pre-defined equivalence margin, which is

the maximum difference that would be considered clinically unimportant. There were no

reported equivalence margins for PET attenuation correction in the literature. Therefore,

an equivalence margin was defined as the maximum difference that would not increase

the overall literature PET-CT SUV uncertainty by ≥ 0.5% (ie would be the same to two

significant figures). The method assumed that the only additional SUV uncertainty from

PET-MR compared to PET-CT was due to attenuation correction, which was independent

of all other PET uncertainties. Therefore the attenuation correction uncertainty can be

added in quadrature to the overall PET-CT SUV repeatability to calculate an overall

PET-MR SUV uncertainty:

∆PETMR =
√

∆2
PETCT + ∆2

AC , (6.1)

where ∆PETMR is the overall PET-MR SUV uncertainty, ∆PETCT the overall PET-CT

uncertainty and ∆AC is the attenuation correction uncertainty. The equivalence margin,

equal to ∆AC , was defined such that ∆PETMR − ∆PETCT < 0.5%. Literature values

for PET-CT SUV repeatability were 30% (SUVmax) and 20% (SUVmean), taken from a

meta-analysis of 86 and 102 patients for SUVmax and SUVmean respectively [251]. Using

∆PETCT = 30% for SUVmax, this gives an equivalence margin of ∆AC = 5%. Similarly

for SUVmean, a PET-CT uncertainty of ∆PETCT = 20% requires an equivalence margin of

∆AC = 4%. The SUV differences in SUVmax and SUVmean between MRAC/sCTAC were
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tested for clinical equivalence using these margins.

6.3 Results

sCTs were successfully generated for each patient. The sCT to MR registrations were

small but not negligible, with a range of [−1.1, 4.0] mm, [−6.9,−3.3] mm and [0.8, 2.6] mm

for the right-left, inferior-superior and posterior-anterior directions respectively. The

pitch, roll and yaw angle ranges were [−0.8, 0.3]o,[−0.2, 1.0]o,[−0.3, 0.4]o. There were

9 primary and 5 nodal GTVs contoured, (one patient had no primary following surgery

before chemoradiotherapy).

6.3.1 Whole Image Analysis

The whole image SUVs in the sCTAC and MRAC reconstructed PET images were lower

than those in the CTAC PET images with the mean difference being −3.0% for the MRAC

and −0.02% for the sCTAC. The distributions of SUV differences were quite different,

with the sCTAC SUV differences a much narrower distribution as well as closer to zero

(see figure 6.4).

Figure 6.4: Histogram of relative number of voxels with percentage differences in SUV to CTACT for
sCTAC (green) and MRAC (blue). Relative number of voxels given as percentage of total voxels within
patient external contour. Solid lines show mean counts over all patients for each bin, and shaded areas
± one standard error. The dashed line indicates zero difference.

The differences within the bone mask were much larger than the whole image, with the

mean MRAC difference being −16.3% and the sCTAC difference −0.5% (see figure 6.5).
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Figure 6.5: Histogram of relative number of voxels with percentage differences in SUV to CTAC for
sCTAC (green) and MRAC (blue) within the bone region. Relative number of voxels given as percentage
of total voxels within patient external contour. Therefore y-axis is in the same units as figure 6.4 but the
scale is different. Solid lines show mean counts over all patients for each bin, and shaded areas ± one
standard error. The dashed line indicates zero difference.

6.3.2 Tumour Delineation Analysis

The thresholded GTVs for the primary and nodal tumours were very similar to CTAC

on both MRAC and sCTAC (see table 6.1). There was no difference between MRAC and

sCTAC with the results agreeing within one standard error. Both MRAC and sCTAC

volume differences were close to zero (within two standard errors).

Table 6.1: Delineation metrics for GTVs on MRAC and sCTAC. Volume indicates the volume difference
between MRAC/sCTAC and CTAC, relative to the CTAC volume. All results given as mean ± standard
error (minimum, maximum).

Metric GTV MRAC sCTAC

DSC Primary 0.990± 0.002 (0.978,0.994) 0.992± 0.002 (0.983,0.998)
DTAmean [mm] Primary 0.06± 0.01 (0.02,0.13) 0.06± 0.01 (0.01,0.11)
DTAmax [mm] Primary 1.87± 0.24 (0.97,3.16) 1.76± 0.13 (1.23,2.53)
Volume [%] Primary 0.72± 0.5 (−0.4,4.2) 0.7± 0.5 (−1.3,3.2)

DSC Nodal 0.988± 0.006 (0.968,1.000) 0.987± 0.008 (0.955,1.000)
DTAmean [mm] Nodal 0.04± 0.01 (0.00,0.07) 0.04± 0.02 (0.0,0.11)
DTAmax [mm] Nodal 1.4± 0.4 (0.0,2.34) 1.4± 0.4 (0.0,2.0)
Volume [%] Nodal 0.8± 0.3 (0.0,1.6) 1.1± 0.6 (−0.1,2.8)
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6.3.3 Metabolic Parameter Analysis

There were larger differences between MRAC and sCTAC in the metabolic parameters. In

the primary tumours, the mean MRAC differences in SUV from CTAC were −4.6± 0.9%

(−8.4%,−1.3%) for SUVmax and −4.3± 0.8% (−9.0%,−1.6%) for SUVmean. The sCTAC

SUV differences were closer to zero and less dispersed, with differences of 1.0 ± 0.8%

(−1.7%,6.3%) and 1.0 ± 0.7% (−1.5%,4.5%) for SUVmax and SUVmean respectively (see

figure 6.6). Equivalence testing for SUVmax with a ±5% equivalence margin gave p = 0.33

and p < 0.001 for the MRAC and sCTAC respectively. Using the corrected significance

level of p < 0.007, this indicated the sCTAC was clinically equivalent to CTAC and the

MRAC was not. For the SUVmean differences with a ±4% equivalence margin, again the

sCTAC was clinically equivalent to CTAC (p < 0.001) and the MRAC was not (p = 0.21).

Figure 6.6: Boxplot of SUV differences to CTAC PET images for the MRAC (blue) and sCTAC (green)
images. Solid bars indicate primary volumes (n=9) and hatched bars nodal volumes (n=5). The rectangles
indicate the interquartile range (IQR), with the horizontal black line the median value, the black whiskers
the maximum (minimum) data point within Q3 + 1.5IQR (Q1 − 1.5IQR) and the black crosses outlier
data points. The dotted line indicates zero difference and the yellow filled regions indicate the equivalence
margins (±5% for SUVmax and ±4% for SUVmean).

The SUV differences between MRAC and sCTAC were greater for the nodal volumes

than the primary tumours. The MRAC had SUVmax and SUVmean differences of −6.2±
1.3% (−9.4%,−1.9%) and −6.0 ± 1.2% (−9.2%,−2.0%). The sCTAC differences were

substantially smaller, −0.1±1.3% (−2.4%,4.8%) for SUVmax and 0.2±1.4% (−2.5%,5.4%)

for SUVmean. The MRAC SUV parameters were all greater than two standard errors away

from zero whereas the sCTAC parameter differences were within two standard errors for

the primary tumours and one for the nodal tumours. Equivalence testing for SUVmax

with ±5% equivalence margin gave not clinically equivalent for either MRAC (p = 0.20)
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or sCTAC (p = 0.009), although sCTAC was approaching equivalence. SUVmean values

(±4% margin) were also not clinically equivalent: p = 0.23 (MRAC) and p = 0.01

(sCTAC).

The mean TLG differences were also closer to zero for the sCTAC compared to MRAC,

although the improvement was less than for the SUV differences. In the primary GTVs,

TLG differences were −3.6± 0.9% (−9.2%,−0.1%) and 1.7± 0.9% (−1.2%,6.0%) for the

MRAC and sCTAC respectively (see figure 6.7). For the nodal GTVs the differences were

similar, −5.2± 1.5% (−9.2%,−0.5%, MRAC) and 1.4± 1.9% (−2.6%,8.4%).

Figure 6.7: Boxplot of volume and TLG differences to CTAC PET images for the MRAC (blue) and
sCTAC (green) images. Differences are relative to CTAC value. Solid bars indicate primary volumes
(n=9) and hatched bars nodal volumes (n=5). The dotted line indicates zero difference. The rectangles
indicate the interquartile range (IQR), with the horizontal black line the median value, the black whiskers
the maximum (minimum) data point within Q3 + 1.5IQR (Q1 − 1.5IQR) and the black crosses outlier
data points.

6.4 Discussion

This study has assessed the use of a MR-only radiotherapy sCT algorithm for PET-MR

attenuation correction in the pelvis compared to the current Dixon-based MRAC. Both

methods were evaluated using CT-based attenuation correction. The sCTAC reduced the

whole image SUV difference to CTAC to−0.02%, compared to−3.0% for the MRAC. This

did not translate into improvements in thresholded GTV delineation, with both MRAC

and sCTAC having DSC ≥ 0.987 for primary and nodal GTVs. However, differences in

GTV metabolic parameters were larger, with differences to CTAC in SUVmax being 1.0±
0.8% (sCTAC) rather than −4.6± 0.9% (MRAC) for primary GTVs. SUVmax calculated

on the sCTAC was clinically equivalent to CTAC values within a ±5% equivalence margin
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for primary GTVs with p < 0.001 (using a corrected significance value p < 0.007), whereas

the MRAC was not (p = 0.33).

The sCTAC reconstructed PET images had smaller SUV differences to CTAC over the

whole image than the MRAC reconstructed images (figure 6.4). The mean sCTAC dif-

ference was very close to zero, and the distribution of differences tightly clustered around

the mean. In contrast, the MRAC SUV difference was larger (−3.0%) and had a substan-

tially broader distribution of differences. The MRAC had substantially larger differences

within the bone mask (−16.3% compared to −0.5%). Although these only made up a

small proportion of the overall voxels in the image, the absence of bone also caused the

MRAC to over-estimate SUVs adjacent to the bone (figure 6.3). This suggests that the

ZTE-based sCT model is accurately capturing the bone information.

The automatic GTV delineation using thresholds of 40% of SUVmax were very similar

between CTAC and both sCTAC and MRAC. The DSC results (≥ 0.987, with 1.0 in-

dicating perfect agreement) were higher than the reported inter-observer variability of

0.96 in automated rectal cancer GTV delineation on the same PET image [239]. This

suggests that both the sCTAC and MRAC provide sufficient SUV accuracy for accurate

GTV delineation. This fits with results from chapter 5 where larger differences in SUV

between PET images still resulted in small changes in GTV delineation.

The differences in patient attenuation produced larger differences in the metabolic param-

eter analysis. The sCTAC SUV differences to CTAC were smaller than MRAC for both

SUVmax and SUVmean for both primary and nodal GTVs, and also had smaller interquar-

tile ranges except for the nodal SUVmean differences (figure 6.6). The equivalence analysis

suggested that the sCTAC primary GTVs had clinically equivalent SUVs to CTAC (within

±5% and ±4% for SUVmax and SUVmean respectively) whereas the MRAC SUVs were

not. The nodal GTVs were not clinically equivalent for either sCTAC or MRAC, although

for the sCTAC this is likely due to outlier results from one patient (see figure 6.6) and

there only being five patients having nodal GTVs. Examining the sCT and CT for this

patient showed there was a small discrepancy in the bone alignment on the few slices that

the nodal GTV was on (it only had a volume of 1.4 cm3). This resulted in more bone on

the sCT for these slices than on the CT, resulting in an over-correction of the attenuation,

leading to higher SUVs in the sCTAC image.

This highlights a limitation of this study which is that the CT image used as the gold

standard was acquired on a different scanner and on a different day to the PET-MR

image. Although both CT and PET-MR images were acquired in the same radiotherapy

position with the same immobilisation following the same bladder preparation protocol,

there could still be small discrepancies between patient setups, in both external and

internal anatomy. These would be confounding differences due to misalignments rather

than incorrect HU assignment in the sCT. This could potentially be improved through the

use of a deformable registration between CT and MR, although this would not completely
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remove discrepancies. PET-CT also suffers from this problem to some extent, where

although the PET and CT images are acquired in the same imaging session, they are

separated in time. This can result in discrepancies due to gross patient motion or changes

in internal anatomy (eg from bladder filling, see chapter 8).

The improvement in TLG differences using sCTAC compared to MRAC were smaller

than for the SUV differences GTVs (figure 6.7). TLG is the product of the thresholded

volume with SUVmean , and the MRAC over-estimated the volume and underestimated the

SUVmean. Therefore in the TLG calculation these errors partially cancelled out, improving

the agreement with CTAC, although the sCTAC was still closer.

These results demonstrate that the sCTAC reconstructed PET images produce SUV dif-

ferences that are clinically equivalent to CTAC for primary GTVs within equivalence

margins of ±4 − 5% at the 90% confidence level (using a multiple testing corrected p-

value of p = 0.05/(8−1) = 0.007 [250]). Equivalence testing is a well-established statistical

methodology in clinical trials which aim to show that the test method has similar clinical

effects to the control method, whilst having other benefits (such as lower cost, more effi-

cient delivery etc.) [248]. However this method has not been used previously in evaluating

PET-MR attenuation correction accuracy. Conventional superiority testing is sometimes

used to claim equivalence if differences between the methods are not statistically signifi-

cant (ie p > 0.05). However this does not demonstrate equivalence, but merely that the

null hypothesis that the two methods are the same cannot be ruled out at the specified

level of confidence. In contrast, equivalence testing demonstrates that the two methods

are the same within a clinically defined equivalence margin at the specified confidence

level. This is a much more robust way to determine equivalence [252].

Critical to the validity of equivalence testing is the equivalence margin used [248]. Un-

fortunately there is not a standard margin applied in the literature on PET-MR atten-

uation correction. The methodology used to derive the margins of ±4 − 5% rests on

the assumptions that the attenuation correction method is independent of the other un-

certainties in the PET imaging and that increases in the overall SUV uncertainty from

20%/30% to 20.4%/30.4% can be considered negligible. The overall PET-CT uncertainty

was estimated as the test-retest repeatability values of SUV measurements reported in the

literature. Different values have been given, with Velasquez et al. finding values as low

as 10− 12% [240]. However this dataset underwent quality assurance and the repeatabil-

ity analysis only included patients with sufficient scan quality and protocol compliance,

which required rejecting one third of the study scans, suggesting SUV repeatability in

clinical practice is likely to be higher [179]. A meta-analysis of five studies investigating

the repeatability of PET-CT scans gave substantially higher values of 30% (SUVmax) and

20% (SUVmean) [251]. This is likely to more accurately reflect clinical practice and so were

used to determine the equivalence margin. A similar methodology could be applied to

determine equivalence margins for TLG measurements, however evaluations of the overall
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repeatability of TLG measurement in ano-rectal cancer patients were not available in the

literature.

The sCTAC results in this study compare well with previous published results on PET-MR

attenuation correction in the pelvis. Shandiz et al. investigated using a short echo time

sequence and automated image segmentation techniques to generate a bulk density sCT

with five tissue classes (cortical bone, air cavity, fat, soft tissue and background) [253].

PET errors were estimated using simulated PET data for one healthy patient, with mean

voxel-by-voxel SUV errors of −14 ± 15%, 4 ± 6%, 8 ± 13% and 4 ± 2% in the bone,

soft-tissue, fat and prostate regions. Bradshaw et al. used a Deep Learning model to

generate a four tissue class sCT from T1 and T2 Dixon MR images from 12 patients [254].

This was evaluated on 16 FDG-avid lesions from five patients, with median SUVmax

differences of −1% (range −4%,1% estimated from boxplot) and SUVmean differences

−1% (−4%,1%). The same ZTE sequence investigated here was used in combination

with a Dixon MR images in a Deep Learning model with 10 training patients to generate

sCTs [77]. Median SUVmax differences for 30 bone lesions from 16 patients were −1%

(range −8%,3%, estimated from boxplot) and −2% (−12%,5%) for 60 soft-tissue lesions.

The results in this study also demonstrated comparable or superior performance to other

MR-only radiotherapy sCT algorithms which had been applied to PET attenuation correc-

tion. Wallstén et al. gave whole-image SUV differences of −0.5% and within-bone differ-

ences of −4.2% [31], which were larger than the −0.02% and −0.5% reported here. This

translated into SUVmean differences in PET-avid lesions within the prostate of −2.3%,

again a larger difference than the 1.0 ± 0.7% reported in this study. Ahangari et al.

found mean differences in SUVmax of −0.8± 1.2% (± standard error) and in SUVmean of

−0.3 ± 1.8% [30]. These were similar to the results reported here (absolute differences

≤ 1.0%).

Our MRAC results also show good agreement with the literature. Wallstén et al. found

mean SUV differences within soft-tissue of −3.6% and within the bone region of −17.7%

[31], very similar to the −3.0% and −16.3% found here. The SUVmean difference in the

prostate PET-avid lesion was −5.9%, similar to the −4.3±0.8% reported here. Leynes et

al. found median SUVmax differences in soft-tissue lesions of −6% (−18%,4%) [77], which

agrees within two standard errors with the −4.6± 0.9% (−8.4%,−1.3%) reported in this

study.

There are two aspects to consider when applying sCT algorithms to PET attenuation

correction. On the one hand, PET is more sensitive to HU errors due to the lower energy

of PET photons compared to those produced by megavoltage linear accelerators, so this

makes PET attenuation correction more challenging for sCT algorithms. On the other

hand, the overall uncertainty of SUV measurements is much higher than in radiotherapy

dosimetry. The overall repeatability of SUV measurements is 20 − 30% [251], whereas

the overall uncertainty in radiotherapy dose delivered to the patient is 3− 5% [8]. Thus
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clinical equivalence in SUV accuracy could be achieved with differences of 4−5% whereas

the dose uncertainty of any individual component of the radiotherapy pathway has to be

≤ 1% to not increase the overall dose uncertainty [8]. This suggests that sCT requirements

for MR-only radiotherapy are more stringent than for PET attenuation correction, and

so sCTs that are clinically acceptable for radiotherapy are likely to be able to be used

for PET attenuation correction without modification. This agrees with the data found

in this study and the two other studies applying radiotherapy developed sCTs to PET

attenuation correction [30,31].

An important consideration is how PET images acquired in the radiotherapy position

on a PET-MR scanner utilising sCTAC and ACcba of the radiotherapy hardware com-

pared to PET images acquired on PET-CT. This chapter and chapters 4 & 5 suggest

overall PET attenuation correction uncertainties of ∼ 4 % compared to CT. However,

these methods are likely to be less robust than PET-CT since they depend on models of

the patient and the radiotherapy hardware whereas PET-CT provides a directly imaged

attenuation correction map. For example, a patient with unusual anatomy or damage to

the radiotherapy coil bridge could result in errors in the attenuation correction map. In

contrast, a CT image provides attenuation correction information from the patient and

radiotherapy hardware directly as they were at the time of CT imaging. This may have a

discrepancy with the time of PET imaging, potentially resulting in incorrect attenuation

due to organ motion from bladder filling (see chapter 8). But nonetheless, PET-CT is

likely to provide more robust attenuation correction than PET-MR. This needs to set

against the geometric improvements in image alignment between PET and MR images

acquired simultaneously, which facilitates sub-volume analysis incorporating information

from multiple images. PET-CT registered to MR on the other hand suffers from the

MR-CT (and PET-CT) registration uncertainty, making PET-MR more geometrically

robust. Future work could evaluate this further by comparing PET-MR and PET-CT

images acquired in the same patient cohort in the radiotherapy position.

A limitation of this study was that only small numbers of patients were evaluated, es-

pecially for the nodal evaluation. This is likely to have prevented clinical equivalence

in nodal SUV measurements being demonstrated due to the study being under-powered.

In addition, measurements have only been made on one manufacturer’s scanner in one

centre, which was the same scanner on which the ZTE images used to the sCT model

were acquired on. Evaluating the sCT algorithm on more patients acquired in different

centres and on different scanners would enable the generalisability of this method to be

tested.
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6.5 Conclusions

A ZTE-based Deep Learning sCT algorithm for MR-only radiotherapy has been suc-

cessfully applied for PET-MR attenuation correction. There were substantial reductions

in SUV differences to gold standard CTAC, with mean whole-image differences being

−0.02%, compared to −3.0% for the current MRAC. The improvements in the bone re-

gions were particularly large, −0.5% rather than −16.3%. This had no impact on the

accuracy of thresholded GTV delineation. However it did have a significant impact on

metabolic parameters, with SUV differences in SUVmax and SUVmean being 1.0 ± 0.8%

and 1.0 ± 0.7% respectively rather than −4.6 ± 0.9% and −4.3 ± 0.8% for the MRAC.

The SUV measurements in the primary GTVs were clinically equivalent to CTAC within

±5% and ±4% respectively (p < 0.001 for both), whereas MRAC measurements were not

(p = 0.33 and p = 0.21). This suggests that PET images reconstructed using sCTAC sub-

stantially improve in SUV accuracy compared to current MRAC approaches and would

enable highly accurate quantitative PET images to be acquired on a PET-MR scanner.
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Chapter 7

Developing QA tests for

simultaneous PET-MR imaging for

radiotherapy planning

7.1 Introduction

Simultaneous PET-MR scanners enable acquiring both MR and PET functional informa-

tion with high spatial alignment [255]. This has the potential to improve tumour delin-

eation and to enable the metabolically active tumour sub-volumes to be identified with

high accuracy through utilising the complementary information from both modalities [29].

Accurate delineation of these sub-volumes can enable dose painting strategies [15], which

could potentially improve tumour control probability without changing treatment side-

effects [12, 101]. A recent review concluded that using complementary information from

Prostate Specific Membrane Antigen (PSMA)-PET, T2-weighted-MR and DW-MR for

prostate boost volume delineation significantly improves the potential tumour control

probability [152]. In addition, quantitative PET-MR metrics, such as PET SUV and

DW-MR ADC, have shown potential as imaging biomakers for treatment prognosis and

response monitoring [256]. Several studies have demonstrated the clinical feasibility of

using PET-MR in the radiotherapy position for different treatment sites [30, 161,257].

To use PET-MR imaging for radiotherapy planning, a comprehensive PET-MR QA pro-

gramme needs to be developed. There are currently consensus guidelines on PET-MR

QA for the diagnostic setting [164]. However, images used for radiotherapy planning

must meet additional requirements compared to diagnostic imaging [154]. These include

high geometric accuracy over the entire field of view [166], sufficient image quality for

accurate delineation of tumour and organ at risk boundaries [119], a high degree of spa-

tial alignment between images acquired in the same session [181] and high mechanical

accuracy in couch and laser movements to ensure reproducible patient positioning [182].
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In addition, if quantitative functional information is being used for automatic image seg-

mentation or treatment response monitoring, then the accuracy and stability of these

quantitative metrics needs to be assured [171, 178]. DW-MR is the most investigated

functional MR technique for radiotherapy planning [105] and so a test of ADC accuracy

is likely to be necessary. If other functional MR techniques are being used for radiotherapy

planning (eg DCE-MR), then additional tests would also be required. This implies that

a radiotherapy dedicated PET-MR QA programme needs to be developed. This would

need to include the current recommendations for radiotherapy MR imaging: MR image

quality, MR geometric accuracy and electromechanical accuracy tests, as well as PET-MR

specific tests covering PET-MR alignment accuracy, DW-MR ADC accuracy and PET

SUV accuracy.

Several studies have evaluated radiotherapy adapted PET-MR systems using QA phan-

toms. Paulus et al. investigated PET and MR image quality in a head and neck radio-

therapy setup using uniform PET and MR phantoms [155]. Similarly, as described in

chapter 4, we evaluated image quality in a pelvic radiotherapy setup using image quality

phantoms. Methods to correct the PET attenuation from the radiotherapy setup [258]

have also been evaluated. However, to the best of my knowledge, a comprehensive set of

tests for a routine QA programme have not been evaluated in the literature previously.

Therefore the aim of this study was to develop the tests needed for such a programme

and to assess the repeatability of these tests and their stability over a 12 month period.

7.2 Materials and Methods

PET-MR radiotherapy QA tests were developed for MR image quality, MR geometric

accuracy, electromechanical accuracy, PET-MR alignment accuracy, PET SUV accuracy

and DW-MR ADC accuracy (figure 7.1). Repeatability was determined using three in-

dependent same-day measurements and stability through monthly measurements from

October 2020 to September 2021, all acquired on a Signa 3T PET-MR scanner (version

MP26, GE Healthcare, Milwaukee, USA) by the same observer. Measurements took ap-

proximately two hours with a further 15 minutes for image analysis. Repeatability and

stability were assessed by the Standard Deviation (SD).

7.2.1 MR Image Quality

MR image quality was assessed with the ACR large image quality phantom [165]. Images

were acquired using the in-built spine coil and anterior array coil used for pelvic imaging.

Images were not acquired with the radiotherapy couch and coil bridge.

The recommended T1-weighted (ACR T1) and double-echo T2-weighted (ACR T2) axial

spin echo sequences were acquired. Only the second echo images in the ACR T2 series

were used. Images were analysed according to the ACR recommendations using in-house
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(a) MR Image Quality (b) MR Geometric Accuracy

(c) Mechanical Accuracy (d) PET-MR Alignment Accuracy

(e) DW-MR ADC Accuracy (f) PET SUV Accuracy

Figure 7.1: Photographs of the phantoms and setup used for each of the six QA tests evaluated. Each
test was carried out three times on the same day using independent phantom setups (repeatability
measurements) and once a month for 12 months (stability measurements). Images were acquired using
the spine coil and anterior array coil for MR image quality and DW-MR ADC accuracy tests, and the
in-built body coil/PET detector for the other tests.

developed Matlab software based upon open source software [229] and substantially mod-

ified to make it more accurate and robust. High-contrast resolution was assessed as the

smallest diameter line of holes detectable in a horizontal or vertical array. Slice thickness

accuracy was determined by imaged profile of two angled ramps. Slice position accu-

racy used crossed 45o wedges at either end of the phantom. The image uniformity test

was the ratio of near-minimum and near-maximum pixel values in the uniform phantom

compartment. The ghosting ratio was the ratio of pixel values outside the phantom to

those within the uniform compartment. The low-contrast object detection was the total

number of visible ‘spokes’ of disks with decreasing contrast (5.1%-1.4%) and diameter

(7.0-1.5 mm). This test was performed manually by a single observer using RadiAnt DI-

COM Viewer (version 4.6.9.18463, Medixant, Posnan, Poland). The geometric accuracy

ACR test was omitted since it only covered a small FOV which was insufficient for radio-
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therapy purposes. Instead a dedicated large FOV geometric accuracy test was used (see

next section).

7.2.2 MR Geometric Accuracy

MR Geometric accuracy was assessed using the large field of view GRADE phantom

(Spectronic Medical, Helsingborg, Sweden). This consisted of ∼ 1, 200 spherical markers

embedded in expanded foam in a grid pattern. Images were acquired with recommended

2D and 3D sequences and automatically analysed using the vendor provided software

(version 1.0.46) which calculated the distortion shift of each marker as the absolute Eu-

clidian distance in 3D from the marker position in the image to the known reference

position [167].

The markers were grouped in concentric circles at increasing distances from the isocentre

and the mean distortion in each group calculated. Repeatability was assessed by then

calculating the mean and SD of those group means over the three repeats. In addition,

each marker was uniquely identified and so the mean and SD of distortion for each marker

over the three repeats was calculated (Dn ± σn for marker n). A few markers on the

periphery of the phantom were not identified in all three repeatability measurements and

were excluded from the analysis (25/785 and 16/852 markers for the 2D and 3D sequences

respectively). The mean SD of all markers over the three repeats was calculated using [167]

σ =
1

N

N∑
n=1

σn, (7.1)

where σn was the standard deviation of the nth marker and N was the number of markers

common to all images over the three repeats. The range in distortion for each marker over

the three repeats was also calculated and the mean range over all markers determined.

Monthly stability was assessed using the same methods. Similarly, markers not common to

all 12 monthly measurements were excluded in the SD and range of distortion calculations

(26 for the 2D and 23 for the 3D).

7.2.3 Mechanical Accuracy

The electromechnical performance of the scanner and external lasers was assessed using

the Aquarius MRI phantom (LAP GmbH, Schwarzenbruck, Germany) and a plastic ruler.

The Aquarius phantom was used to measure the alignment of the internal and external

lasers with the scanner imaging plane. The phantom contained 10 cm long cross-planes

in the transverse, sagittal and coronal axes surrounded by a copper sulphate solution

(see figure 7.7). The phantom was aligned to the external lasers in all three planes, then

aligned in the superior-inferior direction on the internal laser and shifted to isocentre. A

3D fast spin echo sequence centred on the scanner isocentre was acquired. The centre of
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the cross-planes and points ±5 cm in each axis were manually marked on the image in

RayStation (v9b, RaySearch Laboratories, Stockholm, Sweden) and the transverse and

rotational offsets in each plane from the image centre calculated using an in-house script.

The coincidence of the two lateral external lasers was assessed across the scanner couch

using hand shielding. This used a piece of translucent paper held in the path of the

lateral lasers such that both laser beams could be seen. The coincidence of the beams was

assessed by shielding one of the beams with a hand to isolate one of the beams, and then

removing that hand to visualise the two beams simultaneously. External laser movements

were assessed by moving the relevant laser by a set amount and measuring the distance

traversed with a ruler. The coincidence of the sagittal internal and external lasers was

measured using a ruler. The electromechanical accuracy of the couch movements was

assessed using a ruler fixed to the scanner couch aligned with the external sagittal laser.

For both external laser and couch motions the final shift was back to the zero position to

assess hysteresis.

7.2.4 PET-MR Alignment Accuracy

PET-MR alignment was assessed using the VQC phantom, provided by GE Healthcare

for PET-MR alignment calibration. This consisted of five solid low activity (∼ 0.7 MBq)
68Ge spheres in a geometric grid pattern, with each sphere having one MR-visible sphere

superior and inferior of it. The phantom is designed so that the halfway point between

each MR sphere pair should exactly coincide with the PET sphere. MR and PET images

were acquired and analysed within RaySation using an in-house script which automat-

ically identified all the PET and MR spheres. For each pair of MR spheres the point

halfway between the two sphere centroids was calculated. A six-degrees-of-freedom rigid

registration was performed to align these calculated MR points with the measured PET

sphere centroids, giving a measure of PET-MR alignment.

7.2.5 DW-MR Apparent Diffusion Coefficient Accuracy

DW-MR ADC accuracy was assessed using an in-house phantom, consisting of three sealed

vials containing 100 ml of n-nonane, n-undecane and n-tridecane respectively, surrounded

by ∼ 800 ml of water. Images were acquired using the anterior array coil and spine

coil. The phantom temperature was allowed to equilibrate with room temperature and

measured before and after image acquisition. A single-shot Echo Planar Imaging DW-

MR sequence was acquired with a single coronal slice through the vials using b-values

50 s mm−2 and 800 s mm−2, with two averages for b = 800 s mm−2 to improve SNR.

Initial measurements with 8 b-values (50 s mm−2-1500 s mm−2) showed that the natural

logarithm of signal intensity was highly linear with b-value, as expected for a free diffusion

phantom [176]. Therefore only two b-values were acquired for speed.
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The images were analysed in Medical Interactive Creative Environment (MICE) Toolkit

(version 1.0.8, Ume̊a University, Sweden) [204]. Each vial was automatically segmented

on the b = 50 s mm−2 image and mean ADC calculated. Reference ADC values were

determined from literature values as a function of temperature, and linearly interpolated

from the measured phantom temperature. At 20oC these reference values were 1626 ×
10−6 mm2 s−1, 1009 × 10−6 mm2 s−1 and 640 × 10−6 mm2 s−1 for n-nonane, n-undecane

and n-tridecane respectively [259]. The percentage difference in ADC between measured

and reference was calculated.

7.2.6 PET Standard Uptake Value Accuracy

A uniform PET activity phantom was used to assess PET SUV accuracy containing

∼ 30 MBq of 18F−Fluorodeoxyglucose (FDG). A 10 minute single bed-position PET

scan was acquired. The radiotherapy couch top and coil bridge and anterior array coil

were not used. The PET image was reconstructed using an Ordered Subset Expectation

Maximum reconstruction with 16 subsets and 4 iterations and a 5.0 mm Gaussian filter

with resolution recovery and time of flight information.

Repeatability measurements were acquired by adding additional activity between scan 1

& 2 and scan 2 & 3 so that each acquisition had a unique activity fill. Three repeatability

scans of the phantom were acquired on the same day, with the activity modified between

scans 1 & 2 and 2 & 3. The initial activity in the phantom was 31.9 MBq at 13:45,

measured with dose calibrator (CRC-15 PET, Capintec, New Jersey, USA). After scan 1,

a small amount of FDG was then removed from the phantom into a syringe, an additional

8.9 MBq of FDG injected to the phantom and then as much as possible of the removed

FDG returned. The residual activity of both syringes was measured and subtracted from

the decay-corrected initial activity to determine the total activity in the phantom for the

second repeat measurement, which was 34.5 MBq at 14:20. The process was repeated for

scan 3 with 10.7 MBq of FDG added, giving a total activity at 14:57 of 38.0 MBq.

A CT image of the phantom was acquired for phantom attenuation correction. This is the

only way to do attenuation correction in phantoms on the PET-MR. A non-attenuation

corrected PET image of the phantom was acquired and rigidly registered to the phantom

CT. The CT was resampled onto the PET image matrix in MICE Toolkit. The resampled

CT and non-attenuation corrected PET were uploaded onto the scanner PET phantom

library. On acquiring a PET scan of the phantom, the scanner automatically rigidly reg-

istered the acquired PET image to the phantom library PET image. This registration

matrix was then used to align the phantom library CT to the newly acquired image, the

CT was converted to 511 keV attenuation coefficients and then combined with an atten-

uation coefficient map of the spine coil and PET-MR couch. The combined attenuation

correction map was used for the final PET image reconstruction (see figure 7.11). Images

were automatically analysed using an in-house script within RayStation which placed
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a 18 cm diameter and 18 cm long cylindrical ROI at the phantom centre. The mean

SUV within the ROI was calculated and the percentage difference to the reference SUV

determined.

7.3 Results

Example images of the MR image quality test are shown in figure 7.2. All the MR

image quality repeatability and stability measurements were within the recommended

tolerance values except for the low-contrast detectability scores (table 7.1) and there were

no monthly trends (figure 7.3, the spatial resolution results are not shown since every

month had an identical result). The monthly stability means and SDs were very similar

to the repeatability means and SDs for all tests except slice position, ghosting and image

uniformity (T2).

(a) Slice 1 (b) Slice 11

Figure 7.2: Example axial images of the American College of Radiologists phantom for the MR image
quality test. Slices 1 (a) and 11 (b) are shown.

Example images for the MR geometric accuracy test are shown in figure 7.4. The dis-

tributions of distortions at different distances from the isocentre were similar between

repeats and between months (figure 7.5). The mean monthly SDs of distortion were

within 0.1 mm of the repeatability values (table 7.1).

The mechanical accuracy stability means agreed within one stability SD with the repeata-

bility means (except for the external laser anterior-posterior offset, which agreed within

0.4 mm) and the stability SDs were within 0.2 mm or 0.1o of the repeatability SDs (table

7.1). Example MR images of the Aquarius phantom for external laser offset measure-

ments are shown in figure 7.7. There were no trends in the monthly measurements for

the mechanical accuracy tests (figure 7.6).
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(a) Slice Thickness & Position (b) Low Contrast Detection

(c) Image Uniformity (d) Ghosting

Figure 7.3: Monthly stability plots of the MR image quality test. The plots show slice thickness and
position (a), low contrast detection (b), image uniformity (c) and image ghosting (d) measurements.

Similarly, the PET-MR alignment tests had very similar repeatability and monthly SDs,

agreeing within 0.1 mm. Differences from zero were also small (< 0.2 mm and < 0.2o).

There were no monthly trends apparent (figure 7.6). Example MR and PET images for

the PET-MR alignment test are shown in figure 7.8.

The DW-MR ADC stability measurements showed no monthly trends or trend with phan-

tom temperature (figure 7.9). There were systematic discrepancies between the different

alkanes, with the n-nonane vial always having a positive difference to the reference value

and the n-undecane and n-tridecane vials being around zero difference. Example DW-MR

images of the ADC accuracy phantom are shown in figure 7.10.

Example images of the PET phantom and corresponding AC map for the PET SUV

accuracy tests are shown in figure 7.11. There was no monthly trend in the SUV accu-

racy measurements (figure 7.9), although all measured SUVs had a positive difference,

suggesting a small systematic SUV over-estimation.
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Table 7.1: The repeatability and stability results for all tests. T1/T2 refers to the ACR T1/T2 image
series respectively. 2D/3D refers to the 2D and 3D geometric accuracy sequences respectively. d indicates
distance from the scanner isocentre. EL refers to the external lasers mounted on the laser bridge and IL to
the scanner internal lasers.The reference column indicates the tolerance values from the ACR manual for
the MR image quality test, the recommended tolerance for geometric distortion in MR for radiotherapy
and the reference values for the other tests.

Test Component Reference
Repeatability Stability
Mean SD Mean SD

1) MR Image
Quality

Spatial Resolution (T1) [mm] ≤ 1 .0 1.0 0.0 1.0 0.0
Spatial Resolution (T2) [mm] ≤ 1 .0 1.0 0.0 1.0 0.0
Slice Thickness (T1) [mm] 5 ± 0 .7 5.3 0.2 5.6 0.2
Slice Thickness (T2) [mm] 5 ± 0 .7 4.9 0.2 5.1 0.2
Slice Position (T1) [mm] ≤ 5 1.3 0.6 0.1 1.1
Slice Position (T2) [mm] ≤ 5 1.4 0.5 0.3 0.7
Image Uniformity (T1) [%] ≥ 82 88.8 0.3 89.1 0.5
Image Uniformity (T2) [%] ≥ 82 85.0 0.1 82.7 0.8
Ghosting (T1) [%] ≤ 3 0.7 0.05 1.5 0.05
Ghosting (T2) [%] ≤ 3 0.9 0.04 2.8 0.06
Low-Contrast Detection (T1) ≥ 37 35 1 33 1
Low-Contrast Detection (T2) ≥ 37 26 1 24 2

2) MR
Geometric
Accuracy

SD of Distortion (2D) [mm] - 0.4 - 0.3 -
SD of Distortion (3D)[mm] - 0.2 - 0.3 -
Range of Distortion (2D) [mm] - 0.7 1.5 0.9 0.3
Range of Distortion (3D) [mm] - 0.4 0.2 0.9 0.3
Distortion d < 10 cm (2D) [mm] ≤ 2 .0 0.27 0.07 0.27 0.05
Distortion 10 ≤ d < 15 cm (2D)[mm] ≤ 2 .0 0.44 0.02 0.40 0.05
Distortion 15 ≤ d < 20 cm (2D) [mm] ≤ 2 .0 0.82 0.04 0.74 0.05
Distortion 20 ≤ d < 25 cm (2D) [mm] ≤ 2 .0 2.2 0.2 1.90 0.04
Distortion d ≥ 25 cm (2D) [mm] - 7.5 0.7 4.7 0.1
Distortion d < 10 cm (3D) [mm] ≤ 2 .0 0.23 0.03 0.27 0.04
Distortion 10 ≤ d < 15 cm (3D) [mm] ≤ 2 .0 0.33 0.02 0.34 0.05
Distortion 15 ≤ d < 20 cm (3D) [mm] ≤ 2 .0 0.60 0.02 0.62 0.05
Distortion 20 ≤ d < 25 cm (3D) [mm] ≤ 2 .0 1.63 0.05 1.73 0.05
Distortion d ≥ 25 cm (3D) [mm] - 5.99 0.03 4.85 0.04

3) Mechanical
Accuracy

EL Right-Left Offset [mm] 0 .0 0.1 0.3 0.3 0.4
EL Ant-Post Offset [mm] 0 .0 0.0 0.3 0.4 0.1
EL Pitch Angle [o] 0 .0 −0.1 0.1 0.0 0.2
EL Roll Angle [o] 0 .0 0.2 0.2 0.0 0.3
EL Yaw Angle [o] 0 .0 −0.1 0.1 −0.1 0.2
EL Lateral Coincidence [mm] 0 .0 0.0 0.0 0.0 0.0
EL Movements [mm] 0 .0 0.0 0.1 0.0 0.1
EL-IL Right-Left Difference [mm] 0 .0 1.7 0.3 1.8 0.2
IL Sup-Inf Offset [mm] 0 .0 2.2 0.6 1.6 0.6
Couch Movements [mm] 0 .0 0.1 0.5 0.2 0.5

4) PET-MR
Alignment

Right-Left Difference [mm] 0 .0 0.15 0.03 −0.2 0.1
Ant-Post Difference [mm] 0 .0 0.12 0.02 0.0 0.1
Sup-Inf Difference [mm] 0 .0 0.02 0.07 0.2 0.1
Pitch Angle [o] 0 .0 0.13 0.07 −0.02 0.05
Roll Angle [o] 0 .0 −0.01 0.00 0.00 0.03
Yaw Angle [o] 0 .0 0.01 0.05 −0.07 0.07

5) DW-MR
ADC Accuracy

Nonane Difference [%] 0 2 1 3 1
Undecane Difference [%] 0 −2 2 0 1
Tridecane Difference [%] 0 −2 3 0 2

6) PET SUV
Accuracy

SUV Difference [%] 0 .0 1.3 0.5 2.1 1.9
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(a) Axial (b) Coronal

Figure 7.4: Example axial (a) and coronal (b) images of the GRADE phantom for the MR geometric
accuracy test.

7.4 Discussion

This study has developed phantoms and analysis software for PET-MR QA tests for

radiotherapy, covering MR image quality, MR geometric distortion, mechanical accuracy,

PET-MR alignment, DW-MR ADC accuracy and PET SUV accuracy. The tests appeared

repeatable, with repeatability SDs ≤ 0.7 mm for all differences to reference in distance,

≤ 0.2o for angle differences, ≤ 3% for percentage differences and 1 spoke for low-contrast

detectability. The stability SDs were similar to repeatability, within 0.2 mm, 0.1o, 1

percentage point and 1 spoke, except for slice position and SUV accuracy. These were

within 0.5 mm and 1.5 percentage points respectively. There were also no monthly trends,

suggesting the tests were stable.

The MR image quality tests appeared repeatable with small repeatability SDs relative to

the ACR tolerances. The monthly stability SDs were very similar, within 0.2 mm, 0.2

percentage points or 1 spoke, except for the T1 slice position and T2 image uniformity

measurements. These were 0.5 mm and 0.7 percentage points larger respectively. This

suggests there is more variation in scanner performance for these parameters, although

the absence of any trends (see figure 7.3) implies that the performance is still stable.

Adjeiwaah et al. investigated the repeatability of the ACR phantom using the same coil

setup and scanner as used in this study [260]. The repeatability SDs reported agreed with

those in this study within 0.1 mm (slice thickness), 0.9 mm (slice position), 0.5 percentage

points (image uniformity) and 0.07 percentage points (ghosting). They also reported four

year stability data, which showed the tests were stable over time in agreement with the

results found here. All the MR image quality test results were within the ACR tolerance

levels except for the low-contrast detectability score. This is likely due to the images

not being acquired in a dedicated head and neck coil as recommended by ACR. Using
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(a) Repeatability (b) Stability

Figure 7.5: Boxplots of the distributions of distortions at different distances from the isocentre for the
3D sequence for the repeatability (a) and monthly stability (b) measurements. The repeat and monthly
measurements are displayed in the order acquired and shown as different colours. For the monthly
measurements each colour represents two months, six months apart. The 2D sequence results showed
very similar pattern.

(a) Mechanical Accuracy (b) PET-MR Alignment

Figure 7.6: Monthly stability plot of mechanical accuracy (a) and PET-MR alignment (b) measurements.
Both plots show translational (left axis, solid lines) and rotational (right axis, dashed lines) differences.

the in-built spine coil and anterior array coil ensured that the coils used for radiotherapy

imaging were being tested.

The MR geometric accuracy tests appeared highly repeatable and stable, with both the

repeatability and stability mean SDs of distortion being ≤ 0.4 mm for 2D and 3D se-

quences. This is small compared to the 2 mm acceptable limit of distortion for MR-only

radiotherapy [261]. The high repeatability of the test showed excellent agreement with

a previous study using the same phantom on different MR scanners [167]. The stability

results also showed good agreement with a study investigating MR geometric accuracy

over 15 month period [168]. They reported SDs in mean distortion within concentric

spheres at different distances from the scanner isocentre measured five times within that

15 month period that agreed within 0.04 mm of the SDs reported in this study. This

suggests that the repeatability and stability of MR geometric accuracy test reported here
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(a) Axial (b) Coronal

Figure 7.7: Example axial (a) and coronal (b) images of the Aquarius phantom for the mechanical
accuracy test.

(a) MR (b) PET

Figure 7.8: Example MR (a) and PET (b) images of the VQC phantom for the PET-MR alignment test.
Images are shown as 3D renderings as viewed from anterior to the phantom.

is equivalent to those reported in the literature as suitable for clinical use.

The mechanical accuracy tests were highly repeatable and stable over time, with all

SDs being ≤ 0.6 mm and all mean differences being within one SD of zero except two.

These were small compared to the recommended tolerances of ±2 mm [182]. The larger

differences were the external-internal laser difference and the internal laser offset to the

scanner isocentre. Given the high coincidence between the external laser and scanner

isocentre (0.1± 0.3 mm) this indicates that the larger differences were due to the internal

laser being misaligned by ∼ 2 mm. This is within the scanner specification but confirms

the requirement of external lasers for radiotherapy patient setup.

The PET-MR alignment accuracy test was highly repeatable, with repeatability SDs

< 0.1 mm and < 0.1o. The stability SDs were larger in most directions, but still very small

(0.1 mm and < 0.1o) indicating a very stable system. There is not a recognised clinical

tolerance since PET-MR is an emerging modality, however both SDs were significantly
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(a) ADC Accuracy (b) SUV Accuracy

Figure 7.9: Monthly stability plot of percentage difference in mean ADC value to temperature-corrected
literature reference value for each vial (a) and plot of percentage difference in mean SUV within phantom
to reference activity (b). Plot (a) also shows measured temperature of phantom (blue dashed line).

(a) b = 50 s mm−2 (b) b = 800 s mm−2

Figure 7.10: Example coronal images of the in-house DW-MR phanto for the ADC accuracy test. Images
are shown for the b = 50 s mm−2 (a) and b = 800 s mm−2 (b).

smaller than the typical PET voxel dimensions of 2-3 mm. High PET-MR alignment

was expected because the mechanical positions of the PET and MR imaging systems did

not change during this study. However, given a major benefit of PET-MR scanners is

the high intrinsic spatial alignment of the images, regular testing PET-MR alignment is

important for providing assurance. To the best of the authors’ knowledge this has not

been published in the literature, although it is recommended to regularly assess PET-MR

alignment for diagnostic PET-MR QA [164].

The DW-MR ADC accuracy test also demonstrated good repeatability, with SDs of dif-

ferences ≤ 3%. This compares well with values of other ADC free-diffusion phantoms.

Chenevert et al. reported an ADC phantom consisting of distilled water held at T = 0 oC

in an ice-water bath was repeatable to within ±5% [173]. The stability measurements

had similar SDs (agreeing within 1 percentage point with the repeatability SDs) and

agreed with the repeatability measurements within one repeatability SD. This suggests
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(a) PET axial (b) PET coronal

(c) AC map axial (d) AC map coronal

Figure 7.11: Example PET axial (a) and coronal (b) images of the uniform flood phantom for the PET
SUV accuracy test. Also shown are the corresponding AC maps, (c) and (d), of the phantom. The axial
AC map shows the PET couch and spine coil elements that were included in the AC map.

the scanner performance was stable over the period measured. The vial containing nonane

appeared to have a small but systematic bias. This may be due to the location of the

nonane vial being further from the image centre than the other two vials, which can in-

fluence ADC measurements [172]. The stability results also show good agreement with

similar studies. Winfield et al. reported high stability of ADC measurements for a cylin-

der phantom containing five plastic tubes with sucrose solutions ranging from 0%− 20%

sucrose in an ice-water bath at T = 0 oC [169]. Measurements were made on three dif-

ferent scanners at a frequency of once every two to three months for approximately 20

months, with coefficients of variation ≤ 4% for each scanner. This suggests that the eval-

uated DW-MR ADC accuracy test was similarly repeatable and stable to other phantoms

reported in the literature.

Finally, the PET SUV accuracy test showed substantially larger monthly variation (SD

1.9%) to the repeatability SD (0.5%). This suggests variation in calibrator and scanner

performance over time had a larger impact on SUV accuracy then the inherent uncer-

tainty of the test measurement itself. There did also appear to be a bias in the results,

with all differences being positive, suggesting the scanner systematically over-estimated

the SUVs in the phantom. This may be due to small errors in the scanner applied at-
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tenuation correction maps of the PET-MR couch and MR receive coil, which are not

present when the PET system undergoes quarterly calibration. However, this effect was

small with all differences to the reference value being within 6% and 10/12 measurements

being with 3%. This is consistent with studies indicating drifts in calibrator performance

over time of approximately 4% [262]. One study investigating longitudinal changes in

PET SUV measurements for six different scanners reported a large variability in practice,

with changes in SUV differences ranging from 0.3% to 58.6% [263]. Half of the scanners

reported changes in SUV differences greater than the 6% range measured here. This high-

lights the importance of regular PET SUV accuracy measurements to ensure high quality,

quantitative PET images.

A potential limitation of this study was that the MR image quality and PET SUV accuracy

tests were not acquired with the radiotherapy flat couch and coil bridge. This was done

because the radiotherapy hardware causes a significant drop in MR SNR of 45% and PET

activity of 17.7% (see chapter 4). This would have reduced the sensitivity of the tests

to detect changes in MR/PET performance, which was their primary aim. However, not

doing so did mean that the full clinical setup was not evaluated on a monthly basis. This

is unlikely to be relevant since the impact on MR SNR and PET activity loss would not

change unless the radiotherapy hardware was damaged, which would be readily apparent

from visual inspection. On the other hand changes in MR and PET performance, eg due

to coil elements or detector arrays failing, can cause subtle image degredation and be

difficult to detect from routine use of images [260]. Therefore it was considered that the

higher sensitivity of the setup without using radiotherapy hardware was more relevant for

routine QA tests.

A limitation of this study was that only one scanner from one manufacturer was evalu-

ated. Future work will evaluate the generalisability of these QA tests to scanners from

other manufacturers in other centres. This data, combined with the repeatability and

stability data reported here and considerations of the clinical impact of variations from

ideal performance, will then be used to generate QA tolerances and test frequencies to

enable a comprehensive QA programme to be proposed.

7.5 Conclusions

Tests for a comprehensive PET-MR radiotherapy QA programme have been developed

and assessed for repeatability and stability. All the tests appeared repeatable and stable

over a 12-month period, although monthly variation was larger than test repeatability

for PET SUV accuracy and two of the MR image quality tests. Future work will use

this data to derive appropriate tolerance levels and test frequencies, which combined with

these tests will form a QA programme. This will enable high-quality, robust PET-MR

imaging to be used for radiotherapy planning.
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Chapter 8

Tracking Organ Motion in the Pelvis

for Radiotherapy Planning

8.1 Introduction

The use of anatomical Magnetic Resonance (MR) imaging for pelvic radiotherapy planning

is rapidly increasing due to the increased contouring precision and accuracy from its superb

soft-tissue contrast. MR is a very flexible imaging modality able to acquire multiple

different anatomical image contrasts and functional information such as DW-MR and

DCE-MR imaging. Utilising multiple image contrasts enables sequences to be optimised

for different tasks, potentially improving contouring accuracy still further. Functional

imaging also has great potential for pelvic radiotherapy planning for delineating tumour

sub-volumes for radiotherapy dose painting [23] and for monitoring treatment response.

However this multi-parametric imaging approach takes time to acquire, typically ≥ 20

minutes of acquisition time. This is a significant issue for MR imaging for pelvic radio-

therapy due to organ motion, primarily from bladder filling. The rate at which the bladder

fills is quite variable with studies reporting mean filling rates between 5±3 cm3 min−1 (±
standard deviation) [183] and 9± 3 cm3 min−1 [185]. The mean bladder volume at plan-

ning of prostate radiotherapy patients from a meta-analysis of bladder filling studies was

271 cm3 [190]. Therefore these bladder filling rates correspond to changes of 2−3% min−1.

For radiotherapy treatment planning it is critical that the patient anatomy in the planning

image(s) matches with the patient anatomy on treatment. Often pelvic radiotherapy

pathways control bladder filling through the use of a standardised bladder preparation

protocol, typically consisting of the patient emptying their bladder, drinking a set volume

of water (typically 300 − 500 cm3 [190]) and then being imaged/treated a set time later

(typically 30-60 minutes [190]). For CT-based radiotherapy both the acquisition of a

planning image and the delivery of radiotherapy treatment only take a few minutes,

during which time bladder volume changes are small. However the longer acquisition
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times of MR mean there will be larger changes during the imaging session, ≥ 40% volume

changes over MR acquisition times ≥ 20 minutes, which means images acquired at the

start/end of the protocol do not reproduce the patient anatomy that will be found at

treatment.

For example, a MR-only prostate MR protocol may include a small FOV high-resolution

T2-weighted sequence for prostate delineation, a large FOV T2-weighted sequence for

OAR delineation and on-treatment image matching with CBCT [222], a DW-MR sequence

and a DCE-MR sequence for delineating tumour sub-volumes for dose painting and/or

monitoring treatment response [105], and a dedicated sequence for sCT generation if

required. Assuming approximately 5 minutes per sequence, the total protocol duration is

25 minutes, during which time the bladder volume will have increased by 125− 225 cm3.

This is a very large change, ±23 − 40% if the mean bladder volume occurred halfway

through imaging. Bladder motion substantially impacts other organs in the pelvis such

as cervix, prostate, rectum and small bowel [185,186] and so even for non-bladder cancer

patients this large bladder filling motion renders images acquired at the start/end of the

imaging protocol less representative of treatment and potentially unusable. To prevent

this it is recommended to keep imaging acquisition times as short as possible and limit

the number of sequences acquired [264]. However this means bladder filling is a significant

factor limiting the use of MR to its full potential for radiotherapy planning in the pelvis.

Advanced MR image reconstruction techniques such as compressed sensing [265] and Deep

Learning noise reduction [201] have the potential to significantly decrease MR acquisition

times, reducing this problem substantially. However MR images in the radiotherapy setup

have low SNR (see chapter 4) and so using these advanced image reconstruction techniques

to improve SNR rather than reduce acquisition time would also have significant clinical

benefits. Another possible method to remove this problem would be to compensate for

bladder filling through using deformable registration of images acquired early or later in

the session to the central image. However, deformable registration is challenging when

the appearance of the two images are very different [266], such as T2-weighted MR and

DWI images. Since the whole point of acquiring additional images is to generate different

information, deformable registration by itself is unlikely to be successful.

A potential solution to this problem is to acquire a brief motion tracking MR sequence

interleaved throughout the other MR sequences in the MR imaging protocol. If the pro-

tocol is timed so that the centre of the imaging session matches the bladder preparation

time used for treatment (as recommended in ref. [264]), then this sequence can be used

to correct MR images acquired earlier or later in the protocol to the centre time through

deformable registrations. These registrations would be between images with very similar

appearance and so would be much more likely to be accurate. This method could pro-

vide all the images within the protocol as if they were acquired simultaneously at the

time matching the bladder preparation time, and so accurately representing the patient
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anatomy as it will be on treatment. The aim of this chapter was to develop such a method

to track and correct for organ motion due to bladder filling and to evaluate it in healthy

volunteers.

8.2 Materials and Methods

8.2.1 Participant Data Collection

Nine healthy volunteers (5 male, 4 female) with a median age of 35 years (range 26,50) were

scanned on a SIGNA PET/MR 3T scanner (version MP26 GE Healthcare, Waukesha,

USA). Ethical approval for the study was granted by Newcastle University’s Research

Ethics Committee (study number 1907/2223) and all participants gave informed consent.

Participants were scanned in the radiotherapy treatment position on a flat couch-top

with a coil bridge for the anterior MR coil as described in chapter 2. Immediately prior

to entering the scan room participants emptied their bladder and drank 400 cm3 of water.

Each participant attended for three repeat visits separated by at least one day. The

median gap between first and last visit was 15 days (range 7,15). The bladder preparation

and imaging protocols were identical for each visit.

All participants underwent an imaging protocol consisting of three MR sequences referred

to as tracker, T2w and DWI, interleaved as as shown in figure 8.1a. The tracker sequence

was a T2-weighted 3D turbo spin echo with a field of view 380×304×360 mm3, voxel size

2.0×2.0×2.5 mm3 , repetition time 1500 ms, echo time 135 ms and a receive bandwidth of

1302 Hz pixel−1. The sequence was acquired with compressed sense factor of 2. The T2w

sequence was also a 3D T2-weighted turbo spin echo sequence with a matched field of view,

voxel size 1.0 × 1.0 × 2.0 mm3, repetition time 2000 ms, echo time 148 ms and a receive

bandwidth of 658 Hz pixel−1. The DWI sequence was a single-shot echo planar imaging

sequence with b-values 100 smm−2, 500 s mm−2 and 1000 s mm−2. The repetition time was

3000 ms and echo time 69.8 ms. The axial field of view varied between 200×200 mm2 and

270×270 mm2 with corresponding voxel sizes of 2.1×1.6×4.0 mm3 to 2.8×2.1×4.0 mm3.

This gave the smallest voxel size whilst ensuring the participant anatomy in the anterior-

posterior direction was covered. The number of slices was also varied from 22-26 to ensure

anatomical coverage. The tracker and T2w sequences were centred on the femoral heads

and DWI sequence centred on the cervix (female participants) or prostate (male). The

acquisition times were 1.0, 6.2 and 5.5 − 6.1 minutes for the tracker, T2w and DWI

sequences respectively.

8.2.2 Automatic Contouring

The Deep Learning automatic contouring algorithm described in chapter 2 was used to

generate automatic contours for the bladder, rectum and femoral heads (all participants)
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(a) Protocol Diagram

(b) Example Images

Figure 8.1: Diagram of the MR imaging protocol (a). The tracker, T2w and DWI sequences are shown
as blue, green and orange boxes respectively. The length of the boxes are proportional to the acquisition
time. b) shows example images of the tracker (left), T2w (middle) and DWI (right).

and prostate (male participants only) organs on the T2w images. Each contour was

manually reviewed by a clinical scientist and rated on the same 5-point scale used for the

clinical scoring of the automatic contours:

1. Delete: The contour is not acceptable for clinical use, complete recontouring needed

2. Major: The contour is not acceptable for clinical use, significant correction needed

3. Intermediate: The contour is not acceptable for clinical use, some correction needed

4. Minor: The contour is acceptable for clinical use, but minor corrections could be

done

5. Accept: The contour is acceptable for clinical use at it is

Contours rated < 4 (ie not clinically acceptable) were manually modified.

8.2.3 Analysing Organ Motion

The volume and centre point of the bladder on each T2w image was calculated. The

change in volume and centre point as a function of time after drinking in each imaging

session was determined. The bladder volume as a function of time after drinking for each

participant and visit was fitted with a least squares linear regression to calculate a bladder

fill rate (gradient) and the bladder volume at 30 minutes post-drinking.

Other organs will also move as the bladder fills due to the change in bladder volume.

This change was evaluated through comparing the contours for each organ on the T2w

1 image to the T2w 2 image contours using the DSC and DTAmean delineation metrics.

Similarly, the contours on the T2w 3 image were compared to the T2w 2 image contours

using the same metrics. The degree of similarity between T2w 1 or T2w 3 and T2w 2

would capture the change in organ position and shape with the change in bladder filling.

The intra-participant repeatability of the bladder filling was also assessed. A modified
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Bland-Altman analysis was carried out to assess the mean difference in bladder fill rate

and bladder volume at 30 minutes post-drinking [267]. The 95% limits of agreement for

both of these parameters were calculated. These indicate the interval around the per

participant mean bladder fill rate within which 95% of bladder fill rates for different visits

for the same participant would occur.

8.2.4 Developing a Model to Compensate for Organ Motion

The aim of the tracker images was to correct images acquired early or late in the scanning

session to the middle point, which would be timed to match the bladder filling protocol

used for treatment. Therefore deformable registrations between tracker 1 and tracker 3

(deformation D1→3), tracker 1 and 4 (D1→4) and tracker 2 and 4 (D2→4) were carried

out to assess which performed best in correcting T2w 1 image to the T2w 2 image.

Similarly, deformable registrations from tracker 5 to 3 (D5→3), tracker 6 to 3 (D6→3)

and tracker 6 to 4 (D6→4) were carried out for correcting the T2w 3 image. All deformable

image registrations were carried out in RayStation (v9a) using the hybrid intensity and

structure based algorithm with the correlation coefficient as the similarity measure and

an isotropic resolution 2.5 mm voxel−1 [268].

8.2.5 Evaluating a Model to Compensate for Organ Motion

If the organ motion compensation model worked perfectly it would deform contours on

images acquired early or late in the scanning session so that they would be exactly as

if the image had been acquired at the middle point of the scan. Therefore, the model

was evaluated by acquiring three T2w images at different time points, contouring each

of the images, and deforming the T2w 1 and T2w 3 images to the T2w 2 image using

the tracker-based deformations. If these deformations were accurate, the deformed T2w

1 and T2w 3 contours should exactly match the T2w 2 contours (assuming the automatic

contours were accurate, see below). The similarity of the deformed T2w 1 and T2w 3

contours with the T2w 2 contours was assessed with the delineation metrics DSC and

DTAmean.

Firstly, the best performing deformation was determined using the bladder contour. The

T2w 1 contour was deformed using each of the first three deformable registrations and the

deformed contour compared to the T2w 2 image contours using the delineation metrics.

The registration with the highest DSC and lowest DTAmean was selected for the following

evaluation. A similar process was used with the bladder contour on the T2w 3 image and

the second three deformable registrations.

Secondly, the selected deformations were used to deform all the automatic contours on

the T2w 1 and T2w 3 images and the deformed contours compared to the T2w 2 contours

using the same delineation metrics. These delineation results were assessed next to the
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delineation results of the T2w 1 and T2w 3 contours being compared to the T2w 2 contours

without deformation (described above).

This evaluation relied on using the automatic MR contours that had not been reviewed

by an oncologist. Therefore the distribution of DSC and DTAmean results from chapter

2 comparing automatic contour to manual contours on a 20-patient cohort were used as

a measure of the automatic contour uncertainty. This provided a reference to assess the

performance of the motion compensation model.

The aim was to carry out a similar analysis of the performance of the motion compensation

model using contours on the DWI images and in addition investigate the impact on

ADC values. Unfortunately, due to clinical time constraints, it was not possible for DWI

contours to be produced and so that analysis was not performed. Future work will aim

to investigate this.

8.3 Results

All participants followed the drinking protocol and images were acquired at the planned

times after drinking (figure 8.2). Automatic contours were successfully created for all

organs on all images (see figure 8.3). Upon review by the clinical scientist, manual ad-

justment was required for 8/81, 7/81, 0/162 and 2/45 contours for the bladder, rectum,

femoral heads and prostate organs respectively. Clinically unacceptable bladder contours

only occurred for small bladder volumes (< 50 cm3) and unacceptable rectum errors were

normally due to an incorrect superior border.

Figure 8.2: Boxplots of time differences from drinking time to middle of acquisition for the different
sequences.
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(a) Axial T2w 1 (b) Coronal T2w 1 (c) Sagittal T2w 1

(d) Axial T2w 2 (e) Coronal T2w 2 (f) Sagittal T2w 2

(g) Axial T2w 3 (h) Coronal T2w 3 (i) Sagittal T2w 3

Figure 8.3: Example T2-weighted images and contours for a representative participant and visit. Contours
shown are bladder (blue), rectum (purple), left femoral head (yellow), right femoral head (orange) and
prostate (green). The time after drinking for these images were 16.4, 31.0 and 45.7 minutes for the T2w
1, T2w 2 and T2w 3 images respectively. The participant and visit were selected through having the
closest bladder volume at 30 minutes to the mean of all participants.

8.3.1 Organ Motion Analysis

The mean bladder fill rate was 6±2 cm3 min−1 (± standard deviation, range 2 cm3 min−1,

9 cm3 min−1). The mean bladder volume at 30 minutes was 148±84 cm3 (36 cm3,341 cm3).

The increase in bladder volume was well fitted with a least squares regression (see figure

8.4). As the bladder filled the centre of the mass of the bladder also moved. For most

participants the shift in the superior-inferior direction was the largest, although for several

participants shifts in the anterior-posterior and right-left directions were of a similar

magnitude (figure 8.5).

The change in bladder filling impacted other organs as well. This can be seen by the

comparison of contours on images T2w 1 and T2w 3 to T2w 2 (figure 8.6). Although the

bladder showed the largest DTAmean values (T2w 1: 4.3± 0.3 mm,T2w 3: 6.5± 0.4 mm,

mean ± standard deviation), the prostate had changes of 1.6 ± 0.2 mm (T2w 1) and

2.0 ± 0.3 mm (T2w 3) and the rectum 1.7 ± 0.2 mm (T2w 1) and 1.9 ± 0.2 mm (T2w

3). As expected, the femoral heads showed the smallest differences (means < 0.9 mm).

An example participant shown in figure 8.7 illustrates the impact of bladder filling on the

movement of other organs in the pelvis.
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Figure 8.4: Plots of bladder volumes as a function of time from drinking for each participant visit. Bladder
volumes for visits one, two and three are indicated by circle, cross and plus markers respectively. Least
squares regression lines for visits one, two and three are shown by solid, dashed and dash-dotted lines
respectively.

There was significant variability in bladder fill rates and 30-minute volumes both between

participants and for the same participant between visits (figure 8.4). The 95% limits of

agreement were ±3.8 cm3 min−1 for bladder fill rates and ±156 cm3 for the 30-minute

volumes. Similarly the mean standard deviation of bladder fill rates over the three visits

was 1.8 cm3 min−1 and of 30-minute volumes 70 cm3.

8.3.2 Evaluation of Model for Organ Motion Compensation

Figure 8.8 shows the distributions of DSC and DTAmean results for each of the deformable

registrations. Both for correcting for early images (smaller bladder volumes) and late

images (larger bladder volumes), deformations which used tracker images that were on

different sides of the T2w images (ie D1→4 and D6→3) performed worst. For the T2w 3

image the D6→4 deformation was better than the D5→3 deformation. The situation was

less clear for the T2w 1, where the D2→4 deformation was only marginally better than

the D1→3. Therefore, the deformations chosen for subsequent analysis were D2→4 for

the T2w 1 image and D6→4 for the T2w 3 image.

An example of the impact of the deformable registration on compensating for bladder

filling can be seen in figure 8.7.

The DSC results for the D2→4 and D6→4 deformations are shown in figure 8.9, with the
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Figure 8.5: Plots of bladder centres relative to the bladder centre for the central image (T2w 2) as a
function of time from drinking. Movements in the right-left (R-L), anterior-posterior (A-P) and superior-
inferior (S-I) direction are shown by green, red and blue markers respectively. Results for visits one, two
and three are indicated by circle markers and solid lines, cross markers and dashed lines and plus markers
and dash-dotted lines respectively.

equivalent DTAmean results in figure 8.10. There was a clear improvement from the defor-

mations for the bladder contour with a mean difference in DSC of ∆D2→4 = 0.20 ± 0.02

(−0.05,0.42) and ∆D6→4 = 0.18 ± 0.02 (0.03,0.32) for the D2→4 and D6→4 deforma-

tions respectively. The DTAmean showed a similar improvement, ∆D2→4 = 1.6 ± 0.5 mm

(−3.2 mm,5.0 mm) and ∆D6→4 = 5.1 ± 0.4 mm (0.3 mm,9.5 mm). There were smaller

improvements for the femoral heads (∆DTAmean ≤ 0.4 mm) and little or no improvement

for the rectum and prostate.

Finally, although no quantitative analysis of the DWI images was carried out, figure

8.11 shows an example of the application of the model to DW-MR images. There were

significant discrepancies from the ADC map from DWI 3 image compared to the DWI

2 image. But the application of the tracker deformation visually substantially improved

the agreement between DWI 2 and the deformed DWI 3 image.

8.4 Discussion

This study has analysed organ motion in the pelvis due to bladder filling and developed

and evaluated a method for compensating for this motion using fast tracker images and

deformable registrations. If successful, this would enable multiple MR sequences to be

acquired for radiotherapy planning even though the total acquisition time was ≥ 20 mins.
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Figure 8.6: Plots of DTAmean of contours on image T2w 1 and T2w 3 compared to T2w 2 as function
of time from drinking. The following organs are shown: bladder (blue), rectum (purple), femoral heads
(yellow and orange for left and right respectively) and prostate (green). Values are given as the mean
over three visits, with the error bars showing ± one standard deviation.

(a) Axial T2w 2&3 (b) Coronal T2w 2&3 (c) Sagittal T2w 2&3

(d) Axial T2w 2&3 Deformed (e) Coronal T2w 2&3 Deformed (f) Sagittal T2w 2&3 De-
formed

Figure 8.7: Top row: example contours from the T2w 2 image (solid lines) and T2w 3 image (dotted
lines) on the T2w 2 image for the same participant in figure 8.3. Contours shown are bladder (blue),
rectum (purple), left femoral head (yellow), right femoral head (orange) and prostate (green). Bottom
row: same contours but with the T2w 3 image deformed by the D6→4 registration (dotted lines). The
differences between solid and dotted contours have been substantially reduced.

The bladder filling rate was 6 ± 2 cm3 min−1, which lies within the ranges reported in

the literature. Hynds et al reported bladder filling rates following bladder prep of 5 ±
3 cm3 min−1 in 30 prostate radiotherapy patients prior to treatment, which agrees well
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(a) DSC (b) DTAmean

Figure 8.8: a) Boxplot of the DSC results comparing T2w 1 (pink) and T2w 3 (blue) bladder contours
to T2w 2 contours.

Figure 8.9: Boxplot of the DSC results comparing T2w 1 and T2w 3 contours to T2w 2 contours for each
organ (left diagonal and right diagonal hatches respectively). Also shown is the same comparison after
deformation with the 2→4 (dotted hatch) and 6→4 (circled hatch) registrations. Finally the contouring
uncertainty is shown as the boxplot of the automatic contours compared to manual contours from a
different patient cohort as described in chapter 2.

with this study [183]. Lotz et al. found higher bladder filling rates, 9 ± 3 cm3 min−1,

although the reported range (2− 15 cm3 min−1) encompassed all the bladder filling rates

here (2 − 9 cm3 min−1) [185]. McBain et al. found much lower bladder rates, 0.9 ±
0.7 cm3 min−1 (range 0.2, 2.0 cm3 min−1), although this was following one hour fasting
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Figure 8.10: Boxplot of the DTAmean results comparing T2w 1 and T2w 3 contours to T2w 2 contours for
each organ (left diagonal and right diagonal hatches respectively). Also shown is the same comparison
after deformation with the 2→4 (dotted hatch) and 6→4 (circled hatch) registrations. The contouring
uncertainty is shown as the boxplot of the automatic contours compared to manual contours from a
different patient cohort (described in chapter 2).

from fluids and directly post-voiding bladder [188]. Similar to Lotz et al., we found the

increase in bladder volume with time was well-fitted with a least-squares regression line.

The mean bladder volume at 30 minutes was 148 ± 84 cm3, which is lower than the

271 cm3 mean volume from all studies in a meta-analysis of bladder volumes for prostate

radiotherapy, although within the mean ± standard deviation of ±149 cm3 [190]. Incom-

plete bladder emptying is also a symptom of prostate cancer which may have contributed

to the larger volumes in the prostate cancer patients [269].That meta-analysis reported

a wide range of mean bladder volumes, 159 cm3 to 367 cm3, indicating wide variation

between patients in agreement with this study.

There was also significant variability between visits for the same participant, both in

bladder fill rate and bladder volume at 30 minutes. This too is in agreement with the lit-

erature [183,270], suggesting that bladder filling rate and volume does not depend simply

on bladder preparation protocol and particular patient anatomy but also on hydration

status and possibly other factors [185]. This remains an ongoing challenge for accurate

radiotherapy in the pelvis [186].

Visually the motion compensation method appeared to substantially reduce the impact

of bladder motion (figures 8.7 and 8.11). This is clearly seen for the bladder contour
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(a) T2w 2 + DWI 2 (b) T2w 2 + DWI 3

(c) T2w 2 + DWI 3 Deformed

Figure 8.11: Example ADC maps (shown in colour wash) overlain on the T2w 2 image for the participant
in figure 8.3. a) shows the ADC map from the DWI 2 image (7.3 minutes between centre of DWI 2
acquisition and centre of T2w 2 acquisition). b) shows the ADC map from the DWI 3 image (21.9 minutes
between centre of acquisitions). c) shows the ADC map from the DWI 3 image having been deformed by
D6→4 registration. Each ADC map is shown on the same colour wash scale.

with improvements in DTAmean of 1.6 mm and 5.1 mm. However the impact on prostate

and rectum contours appeared minimal. This could potentially be due to the contour-

ing uncertainty of the automatic contouring algorithm. This was estimated using the

results from chapter 2 of the comparison between automatic and manual contours in a

different patient group. For the bladder contour both the motion-induced contour dif-

ferences and the improvements from the application of the compensation method were

substantially higher than the contouring uncertainty. This implies that the evaluation is

accurately capturing the improvement. However, for the rectum and prostate contours

the motion-induced differences were similar to the contouring uncertainty, which means

it is impossible to determine whether differences were due to organ motion or inaccu-

racies in the automatic contouring. Although all contours were reviewed and amended

where considered necessary, this was not done by an appropriately trained clinician and

so some contouring inaccuracies were likely to remain. Surprisingly the model appeared

to reduce motion-induced differences in the femoral head contours, even though it would

be expected that the femoral heads would be unaffected by bladder filling. Potentially

there were small changes in the femoral heads due to participants slightly shifting po-

sition during the scan, and the deformable registration was correcting those. However,

the differences were all less than the contouring uncertainty of the automatic contouring

algorithm, so it is impossible to conclude this was a genuine effect.
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The D6→4 deformations resulted in better agreement between the T2w 3 and T2w 2

bladder contours than the D2→4 deformations did for the T2w 1 and T2w 2 contours

(DTAmean of 1.5 ± 0.1 mm compared to 2.6 ± 0.3 mm). This may suggest that the

deformation algorithm worked better going from larger volumes to smaller ones, although

it may also reflect the increased variabilities in the automatic contouring algorithm for

small bladder volumes.

The evaluation of the motion compensation method had several limitations. Firstly,

the use of automatic contours that had not been reviewed by a trained clinician, as

discussed above. Secondly, the motion-induced differences in contours and the subsequent

improvement from the application of the compensation method were evaluated using

delineation metrics DSC and DTAmean. However these have limited correlation with

clinical rating (as discussed in chapter 2). Future work could use clinical rating by an

appropriate clinician to evaluate the effectiveness of the model, which would be a more

clinically relevant evaluation method.

A potential advantage of the approach presented here is that the tracker images are

available for clinician review to assess the accuracy of the deformations. This is important

because deformable registration is a non-anatomical model, with constraints that are not

valid in all situations and per-patient review of the deformations is important within

a clinical pathway [266]. The model used here enables the a clinician to review the

deformations on the tracker model to visually assess them before applying them to other

image sets, therefore facilitating clinical implementation.

Future work will quantitatively evaluate the impact of the motion compensation model

on DW-MR images as well. This is important to demonstrate that the motion compen-

sation method can accurately handle images which look very different to anatomical MR

images. The impact of using the tracker-derived deformable registration versus simply

deformably registering the DWI to the T2w image will also be assessed. Finally, the mo-

tion compensation model also provides a patient-specific assessment of how the patient

anatomy changes with bladder filling. The contours on the central T2w 2 image could

be deformed to earlier and later time points by applying the inverse of the deformations

used to correct images at those earlier and later time points. This patient-specific organ

motion model could then be used with a robust treatment planning approach to gener-

ate treatment plans robust to the expected organ motion, without having to use large

population based PTV margins [271]. This could potentially result in improved target

coverage and/or reduced dose to normal tissues. Future work will develop a method of

generating these patient-specific motion models and evaluate the effectiveness of robust

treatment planning incorporating them. However the effectiveness of such an approach

may be limited by the large intra-participant variation in bladder filling found in this

study and reported in the literature. So critical to that evaluation will be investigating

the impact of intra-participant variation in bladder filling.
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Another important application that will be investigated in the future is using the mo-

tion compensation model on a simultaneous PET-MR scanner. PET imaging would also

benefit from long acquisition times through improved image quality and/or reducing the

injected patient activity. A simultaneous PET-MR scanner would be able to acquire PET

images throughout the ≥ 20 minutes of MR acquisition time, providing a substantial

increase in PET signal compared to typical PET acquisitions of 2-5 minutes. However,

the PET images would also be affected by changes in bladder filling, and so the images

could be sub-divided into smaller ∼ 5 minute images that could be corrected using the

MR tracker-based deformable registrations. This would provide improved quality PET

images without the impact of bladder filling. An alternative approach would be to use the

PET images themselves to track bladder motion, since there is always a large amount of

activity within the bladder contents. Future work will evaluate both of these alternatives.

8.5 Conclusion

A method for tracking and correcting organ motion in the pelvis has been developed.

Organ motion in the pelvis due to bladder motion is substantial. Initial results of the

motion compensation method are promising but require further evaluation using clinician

rating. Use of this method could enable using multiple MR sequences for pelvic radio-

therapy planning, facilitating the use of the full potential of MR for radiotherapy. It

would also provide a patient-specific motion model that could be used for robust planning

approaches.
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Chapter 9

Conclusions and Future Work

This thesis aimed to overcome the scientific and technical barriers to MR-only and PET-

MR radiotherapy planning for pelvic cancers. The methods developed and/or evaluated

in this thesis and how they have enabled a PET-MR-only radiotherapy pathway for pelvic

cancers are summarised in figure 9.1. These were designed to fit with the general radio-

therapy workflow, summarised in figure 1.1.

Figure 9.1: Diagram of the PET-MR-only radiotherapy pathway, with arrows indicating dataflows, show-
ing the methods developed and/or evaluated in this thesis which have enabled the PET-MR-only radio-
therapy pathway (highlighted in yellow). 1) Imaging, a PET AC method for the RT hardware has been
developed and evaluated (chapters 4 & 5) and combined with a ZTE-based sCT for patient AC (chapter
6), and a method of tracking and compensating organ motion developed which enables multiple MR
sequences to be acquired (chapter 8). 2) Contouring, an automatic MR-based OAR contouring algorithm
has been evaluated (chapter 2) and the impact on PET GTV delineation from the RT hardware investi-
gated (chapter 5). 3) Planning, the sCT has been evaluated for radiotherapy dose calculations (chapter
2). Finally, QA methods for ensuring PET-MR image quality for RT planning (chapter 7) and the dose
calculation accuracy of sCT (chapter 3) have been developed.

Chapter 2 described the evaluation of the dose calculation accuracy of a ZTE-based Deep

Learning sCT algorithm. Dose calculation accuracy was high, with mean dose differences

to the PTV D98% being ≤ 0.6% for both the cylindrical PTV plans and the clinical

160



treatment plans. This suggests that the sCT dose not significantly increase the overall

dosimetric uncertainty of the radiotherapy pathway, indicating it would be suitable for

clinical use. An automatic MR-based contouring algorithm was also evaluated for pelvic

OARs. Doses to automatic and manual contours from clinically representative treatment

plans were compared, with DVH differences < 1.0 Gy (or 1 percentage point in relative

volume) for the bladder femoral heads, penile bulb, rectum and urethra organs. Median

clinical ratings for these organs, and the pelvis body, were considered acceptable, although

only the femoral heads and pelvis body were acceptable for all patients. This suggests the

algorithm is sufficiently accurate for clinical use for prostate and ano-rectal radiotherapy

treatment planning as long as the contours are manually reviewed and modified where

necessary. Together, the sCT and automatic contouring algorithms enable a streamlined

MR-only radiotherapy pathway to be implemented, efficiently reducing geometric uncer-

tainties without increasing dosimetric uncertainties. In the future these algorithms could

be evaluated on larger multi-centre datasets to ensure these results are generalisable. This

could also specifically include investigating the sensitivity of the algorithms to variations

in the input images such as resolution, fields of view and SNR.

A patient-specific QA test of the sCT dose accuracy is important to provide clinical

confidence in MR-only radiotherapy pathways. Chapter 3 presented the evaluation of

such a test using the dose calculated on the first-fraction CBCT with a highly automated

method. There was a small systematic difference between sCT and CBCT, indicating

that asymmetric dose tolerances of [−2.0%,1.0%] would be appropriate clinically. Future

work could validate these tolerance levels to detect deliberate errors such as not applying

3D distortion correction post-processing to the image.

In chapter 4 the impact on PET-MR image quality of acquiring images in the radiother-

apy setup was evaluated using standard image quality phantoms. Both PET and MR

images were adversely affected, with PET activity losses of −17.7 ± 0.1% and MR SNR

reductions of 45%. A method of accounting for the PET attenuation from the radio-

therapy hardware was devised, which substantially reduced the PET activity losses to

−2.7 ± 0.1% and out-performed the diagnostic setup with MR anterior coil in place by

5.6%. A further development would be to investigate methods of improving the MR SNR

in the radiotherapy position, such as utilising Deep Learning MR reconstruction methods

or light-weight blanket MR receive coils that would remove the need for coil bridges.

The PET attenuation correction method developed in chapter 4 was then applied to

ano-rectal radiotherapy patients in chapter 5. Similar improvements in PET activity be-

tween images reconstructed with and without attenuation correction of the radiotherapy

hardware were observed (differences of 13.8%). These improvements did not translate

into statistically significant differences in tumour delineation, but did significantly change

PET metabolic parameters such as SUVmax and TLG. These differences could be clinically

significant for radiotherapy dose painting and treatment prognostication where accurate
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quantitative PET is important. This suggests that attenuation correction of the radio-

therapy hardware is feasible and likely to be important for the use of PET-MR for pelvic

radiotherapy.

Another barrier to the use of PET-MR for radiotherapy planning is accurate attenuation

correction of the patient, which was the focus of chapter 6. This evaluated the same sCT

images described in chapter 2 when used for PET attenuation correction, compared to

gold standard CT-based attenuation correction. Tumour delineation on the sCTAC PET

images was very similar to the current clinical standard MRAC method, indicating again

no significant change for delineation accuracy. However, metabolic parameters SUVmax

and SUVmean within the primary GTVs on sCTAC were statistically equivalent to those

calculated using CTAC within ±5% and ±4% respectively (p < 0.001). In contrast

the MRAC-derived metabolic parameters were not equivalent (p = 0.33 and p = 0.21).

This suggests that sCT based attenuation correction enables accurate quantitative PET

images, substantially improving on the current MRAC method. This study was limited by

small patient numbers, so further evaluation in larger multi-centre patient cohorts would

provide a more complete evaluation of the sCTAC.

Essential to the use of PET-MR in the radiotherapy planning is a QA programme focused

on radiotherapy imaging requirements. Chapter 7 described the development and eval-

uation of the QA tests needed for such a programme. All the tests were repeatable and

stable over a 12-month period suggesting they would be appropriate for a QA programme.

Future work will derive appropriate tolerance levels and test frequencies, enabling a com-

prehensive QA programme to be produced. This will underpin the use of high-quality,

robust PET-MR imaging for radiotherapy planning.

Finally, the true potential of PET-MR-only radiotherapy rests on using the range of

PET-MR images available. However, imaging sessions ≥ 20 minutes become challenging

for pelvic radiotherapy because of the change in internal anatomy over that duration of

image acquisition due to bladder filling. Chapter 8 attempted to overcome this barrier

by developing a MR method for tracking and correcting organ motion using deformable

registrations between repeated brief tracking sequences interleaved throughout the MR

acquisition. Initial results appear promising but require further evaluation from clinicians

to fully assess the utility of the method. Future work will evaluate this method fully for

anatomical MR, DW-MR and PET acquisitions in the pelvis. Successful validation would

enable the full potential of PET-MR images to be utilised for radiotherapy planning in

the pelvis.

Looking to the future, there remain a number of hurdles that still need to be overcome

before MR-only and PET-MR can be widely translated into clinical pratice. MR-only

radiotherapy is the closest, with several centres worldwide clinically treating patients using

MR-only radiotherapy methods [71,213]. Commerical sCT algorithms are available for an

expanding range of clinical sites, including male and female pelvis [67], head and neck [272]
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and brain [198]. So far however, MR-only radiotherapy has only been used to treat patients

with prostate cancer [81]. This may be due to concerns around using the sCT for image

matching to on-treatment CBCT images, with the linac manufacturers so far not enabling

MR images to be used for this purpose [222]. Further research on MR-only radiotherapy

outside the prostate, especially methods of on-treatmet image verification, are needed.

For all clinical sites there also still remains a lack of clinical evidence demonstrating

equivalence or superiority in outcomes for MR-only radiotherapy compared to the current

standard of care [81]. Further research in cohort studies and randomised trials is required

to generate this clinical evidence.

PET-MR imaging for radiotherapy planning remains significantly further from routine

clinical use. The methods developed and evaluated in this thesis have enabled accurate,

quantitative PET-MR imaging in the pelvic radiotherapy position. The key next steps

are to develop and validate ways of utilising this quantitative PET-MR for radiotherapy

planning, such as treatment stratification and dose painting. O’Connor et al have pub-

lished a quantitative imaging biomarker roadmap with three stages of development: 1)

imaging biomarker evaluated in pre-clinical and observational clinical settings, 2) imag-

ing biomarker established as a reliable metric which can be uesd in large-scale studies

and 3) imaging biomarker clinically implemented in patient care [273]. Currently PET-

MR imaging for radiotherapy remains in the first stage, with method developments and

small-scale exploratory studies. Therefore the next steps for PET-MR in radiotherapy

research is to focus on moving to stage 2), with the establishing of combined PET-MR

metrics with demonstrated reliability and relevance. The research areas to focus on for

PET-MR in radiotherapy planning differ depending on its role in treatment stratification

and response monitoring, or in dose painting.

For treatment stratification and response monitoring, the first step is to develop a com-

bined PET-MR imaging metric. A principle advantage of simultaneous PET-MR scanners

is the high spatial alignment between PET and MR images, which is particularly impor-

tant in the pelvis due to the impact of organ motion (as demonstrated in chapter 8). This

means a sub-volume analysis of the distribution of PET SUV and DW-MR ADC values

within the tumour can be utilised, rather than whole-tumour metrics as is required when

registering PET-CT and MR images from different imaging sessions. It is biologically

plausible that the response of a tumour to treatment is governed by its most active sub-

volumes rather than the tumour as a whole, which potentially makes a combined PET-MR

utilising a sub-volume analysis more accurate. Therefore developing such combined PET-

MR metrics should be a focus of future research efforts in PET-MR for radiotherapy. The

second step would be to quantify the test-retest repeatability of these developed PET-

MR metric(s) [274]. This is essential to interpreting PET-MR measurements as it enables

determining whether differences between patients reflect true differences in tumour ac-

tivity or just the uncertainties involved in the PET-MR measurement. Repeatability
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measurements should be done both in phantoms and in patient cohorts [274]. The third

step involves evaluating the value of PET-MR metrics for predicting patient’s response to

treatment, both prior to and during treatment. And finally this predictive value needs to

be demonstrated to be generalisable across different treatment centres and with sufficient

patient numbers to be statistically sound [275]. Successful completion of this research

programme would enable PET-MR imaging for radiotherapy treatment stratification and

response monitoring to move past the first translational gap into stage 2), ready to be

used in large-scale studies that test treating patients on the basis of PET-MR derived

treatment stratification strategies.

For dose painting, there are a similar set of steps that future research programmes would

need to cover. Firstly, a method of localising the tumour sub-volume to receive a ra-

diotherapy boost using PET and MR imaging data needs to be developed. Similar to

treatment stratificaiton, the high spatial alignment of the PET-MR scanners gives this an

intrinsic advantage which should be exploited. Secondly, this method needs to be evalu-

ated by comparisons to histopathology analysis [275]. Good alignment between PET-MR

identified tumour sub-volumes and histopathology would provide strong evidence of the

accuracy of PET-MR based sub-volume contouring and motivate using the images for dose

painting. There are a number of challenges regarding histopathology validation of imag-

ing techniques, including the difficulty of accurately registering ex vivo samples with in

vivo imaging [276] and quantifying the inter-observer variability in histopathology delin-

eations [277]. However, progress has been made in developing robust methods of validating

imaging identified sub-volumes with histopathology, especially in the prostate [110, 276].

Histopathology analysis also has challenges for sites where surgery is not routinely used,

such as anus and gynaecological cancers. Thirdly, the test-retest repeatability of PET-

MR sub-volume delineation needs to be established [274]. Fourthly, the prescribed dose

to the boost volume determined using radiobiological modelling to predict tumour control

probability and planning studies to determine safety in dose to OARs. Finally, the safety

of this approach would need to be assessed in phase I clinical trials. Together this research

programme would cross the translational gap to stage two, enabling PET-MR based dose

painting to be assessed in phase III randomised controlled trials.

There has been one phase III trial evaluting DW-MR and DCE-MR based sub-volume

dose painting in prostate cancer which has recently reported results [278]. This has

demonstrated significantly improved biochemical disease free survival in the boost dose

arm (92% compared to 85%) with no significant differences in treatment toxicity. This is a

really promising result for the dose painting strategy in general, and motivates continuing

research in this area following the steps laid out above.

In summary, this thesis has sought to overcome the technical barriers to MR-only and

PET-MR radiotherapy planning. These two approaches can be combined to produce a

PET-MR-only pathway, a ‘one-stop shop’ PET-MR imaging session providing high quality
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anatomical and functional MR images, quantitative PET images, sCT images and auto-

matic OAR contours. This wealth of imaging information would be available within a

streamlined patient pathway and without the challenges of registering images from multi-

ple patient setups and with intra-session differences from bladder filling corrected. Future

research would focus on developing and validating methods of robustly and repeatably

incorporating this image information for tumour delineation, radiotherapy dose painting

and treatment response monitoring. All this would be based on the accurate quantitative

PET-MR images enabled by the methods developed in this thesis.
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