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Abstract

Over the last years, technological innovation in Radiotherapy (RT) led to the introduction of Magnetic
Resonance-guided RT (MRgRT) systems.

Due to the higher soft tissue contrast compared to on-board CT-based systems, MRgRT is expected to
significantly improve the treatment in many situations. MRgRT systems may extend the management of
inter- and intra-fraction anatomical changes, offering the possibility of online adaptation of the dose
distribution according to daily patient anatomy and to directly monitor tumor motion during treatment
delivery by means of a continuous cine MR acquisition.

Online adaptive treatments require a multidisciplinary and well-trained team, able to perform a series of
operations in a safe, precise and fast manner while the patient is waiting on the treatment couch.

Artificial Intelligence (Al) is expected to rapidly contribute to MRgRT, primarily by safely and efficiently
automatising the various manual operations characterizing online adaptive treatments. Furthermore, Al is
finding relevant applications in MRgRT in the fields of image segmentation, synthetic CT reconstruction,
automatic (on-line) planning and the development of predictive models based on daily MRI.

This review provides a comprehensive overview of the current Al integration in MRgRT from a medical
physicist’s perspective. Medical physicists are expected to be major actors in solving new tasks and in taking
new responsibilities: their traditional role of guardians of the new technology implementation will change
with increasing emphasis on the managing of Al tools, processes and advanced systems for imaging and data

analysis, gradually replacing many repetitive manual tasks.

Keywords: Artificial Intelligence, Deep Learning, MR-guided Radiotherapy, Online Adaptive Radiotherapy,

MR-Linac



1. Background

In recent years, the development of artificial intelligence (Al) started to change the world we live in, bringing
innovations in social life, technology and health care that were unimaginable a decade ago. Especially the
fast growing utilization of deep learning (DL) methods has enabled breakthroughs in multiple applications
[1]. In radiotherapy (RT), Al has already proven to be a valuable tool to support oncological workflows,
providing significant improvements in many steps of patient care from diagnosis to treatment delivery [2,3].
At the heart of the expansion of Al is the current exponential growth of the amount of available information
in digital format. For the same reason, there is great potential for a widespread use of Al in RT, a highly
computerized medical speciality, including digital diagnostic and positioning imaging data, treatment plans,
treatment delivery records, follow-up imaging, as well as clinical and molecular data [4].

A considerable amount of this potential lies within the area of image and data processing: as an example, it is
nowadays possible to train an artificial neural network (NN) to automatically perform specific tasks that are
currently carried out manually, or to predict the outcome or associated toxicity of a therapeutic treatment in
advance, guiding treatment decisions [5,6]. Given the amount and variety of available data, the number of
implemented and foreseeable applications is hard to estimate [2,4].

However, the advent of Al in radiation oncology (RO) and its fruitful and correct implementation also
represents a major challenge, requiring both vision and guidance, as well as major changes in tasks and
responsibilities of all the actors of the radiotherapy chain, including medical physicists [7,8]. Modern RT has
always been inextricably linked to technological innovation, and has benefitted from continuous
development of increasingly advanced and complex image-guided radiotherapy (IGRT) systems, resulting in
amazing advancements in treatment delivery accuracy [9,10].

MR-guided radiotherapy (MRgRT) systems represent one of the latest frontiers of technological innovation,
combining a linear accelerator (Linac) with an on-board magnetic resonance (MR) imaging system.

While the clinical introduction of these systems was only a few years ago, promising clinical benefits already
emerged, promising to represent a major step forward in the clinical management of several tumour types
[11-14]. To date, two commercial MRgRT systems are in clinical use, mainly differing in the magnetic field
(B) strength of the on-board MR scanner: MRIdian Linac (ViewRay, Mountain View, California, USA) joins
a 6 MV Flattening Filter Free (FFF) Linac with a 0.35 T MR imaging system, while Unity (Elekta,
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Stockholm, Sweden) mounts a 7 MV FFF Linac combined to a 1.5 T MR scanner [15,16]. An example of

MR images obtained using these hybrid systems is illustrated in Figure 1.

PELVIS ABDOMEN

15T

035T

Figure 1 - Example of MR images acquired using hybrid machines for a pelvic case (left) and an abdominal case
(right): in the upper part two examples of MR images acquired using 1.5 T on-board MR scanner (T2-weighted MRI for
pelvis and T1-weighted with fat suppression for the abdomen).In the lower part, two MR images acquired using a 0.35
T MR scanner (TRUFI acquisition for pelvic case and T1 weighted with navigator for the abdominal case)

On-board MR imaging (MRI) offers higher soft tissue contrast compared to standard imaging modalities
such as Cone Beam Computed Tomography (CBCT), resulting in better visualization of anatomy and a
significant reduction in contouring and patient positioning uncertainties [17]. Furthermore, using techniques
like diffusion-weighted MRI, dynamic contrast enhanced (DCE) MRI or T1 and T2 mapping, MR facilitates
multi-parametric quantitative imaging that is expected to enable more personalized treatment eeneepts
approaches [18,19]. Another important advantage is the possibility of directly monitoring tumour motion
during RT delivery by means of continuous and non-invasive cine-MR acquisition. Currently, this can be
performed with 4-8 frames per second in a single sagittal plane or 5 frames per second in three orthogonal

planes, depending on the technology used [20,21].



In addition to advanced intra-fraction motion management, MRgRT technology offers the possibility to
online adapt the treatment plan based on the patient's daily anatomy, allowing effective management of inter-
fraction variations that may occur over the course of the treatment [22,23].

Figure 2 reports an example of inter-fraction variation that may occurred during an abdominal MRgRT

treatment of five fractions.

Fraction 3 Fraction 4 Fraction 5

Figure 2 - Example of inter-fraction variability during a five fraction MRgRT treatment of a patient affected by
pancreatic cancer. The following contours from the day of simulation are projected onto the fraction: GTV (red),
duodenum (green), stomach (orange) and bowel bag (yellow)

This procedure, often requiring a multi-disciplinary and highly qualified team and executed while the patient
stays in treatment position, is known as online adaptive MRgRT: to date, it is performed mainly manually,
requiring long execution times and tight manual checklists, as many of the single workflow steps are subject
to human error [23-25]. With daily pre-treatment MRI, additional functional imaging and in-treatment cine-
MRI, a huge amount of information is available, often overwhelming human capabilities. Therefore, Al-
driven image analysis and predictive models can be a powerful tool in optimally exploiting this patient-
specific information. Furthermore, there is a strong need for automation of manual processes in online
adaptive treatments, as they currently have a significant impact on treatment time and as such impact on an
efficient use of this technology [26,27].

The aim of this work is to provide a comprehensive overview of the current integration of Al in the field of

MRgRT from a medical physics perspective. The objective is to show what is already applied in clinical



practice and what is under development, as well as to highlight what is expected in the next years aiming to

increase treatment efficiency and improve personalisation of MRgRT treatments.

2. Materials and Methods

The work has been divided into six sections, covering the main areas of Al applications in MRgRT (see
Figure 3): for each section, a dedicated literature analysis was carried out with the aim of providing an
overview of the current scientific activity in each field.

In some of the investigated areas (synthetic CT (sCT) generation, autosegmentation, 3D motion management
and predictive modelling), several MRgRT-related studies have been published, preluding a possible clinical
implementation in the near future. In other areas, such as automation in planning and QA, only a few
MRgRT-specific experiences have been reported so far, but it is to be expected that they will play a

significant role in the coming years.
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Figure 3- Number of Al-based experiences in MRgRT field according to Scopus database in December 2020

A literature search was performed in the Scopus database considering December 2020 as last update and
combining four general key-title words (“MR-guided Radiotherapy” OR “MRgRT’ AND “Deep Learning”

OR “Artificial Intelligence”) with specific key words for each section. A summary of the keywords is



reported in Table 1 of supplementary materials. Only original papers written in English language were
considered in the literature analysis. In addition, inclusion criteria were defined for each topic, with the aim
of focusing on experiences related to Al in MRgRT. A comprehensive list of inclusion and exclusion criteria
for each section is reported in Table 2 of supplementary materials.

The review concludes with a final paragraph where the expected clinical benefits for the patient and the main

ethical issues related to Al integration in MRgRT are presented and discussed.

3. Synthetic CT generation

To date, the clinical workflow of MRgRT generally requires a two-step simulation, consisting of an MR
acquisition on the hybrid machine followed by a CT acquisition. Important to note is that the two procedures
have to be executed with the patient in the same treatment position and within a short time interval to
minimize anatomical changes as much as possible [11,22].

The CT image acquisition is a mandatory step in the current workflow, as it provides the electron density
(ED) map on the basis of which the dose distribution is calculated. The simulation MR image is needed for
contouring of the target volume and the organs at risk (OARs) as well as a reference image for patient setup.
On low field MRgRT systems the ED map is usually derived by fusing the acquired CT image with the
simulation MRI by means of deformable image registration. Such procedures are repeated during the online
adaptive treatment and possible differences in terms of air bubbles or body shape are compensated by means
of dedicated structures with assigned bulk ED values [28,29].

On high field MRgRT systems, the ED map is usually obtained by rigidly registering the planning CT during
simulation and then assigning bulk ED values during online adaptive treatments [30].

Both strategies can lead to suboptimal results during online adaptive procedures, especially in the presence
of hollow OARs (such as bowel, stomach, rectum), where the different filling status can lead to large
changes in the ED map, reflecting a significant inter-fraction variability [11,31].

An accurate ED map assignment is a crucial aspect in RT in general to have a good estimation of the dose
but is even more crucial in MRgRT treatments. The dose distribution is influenced by the presence of the
magnetic field and non-negligible effects may occur when the radiation beams pass through tissue
inhomogeneities, both in the presence of low and high magnetic fields [32,33].
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In this context, the idea of removing the CT acquisition from the MRgRT clinical workflow using an Al-
based system able to generate a synthetic CT (sCT) image from the acquired MRI has grown in recent years,
with several research groups already demonstrating its feasibility on both low and high field MRI [34-36].
The idea of implementing an MR-only RT workflow would bring considerable benefits in daily clinical
practice. First, it would significantly simplify the clinical workflow, making it more rapid and efficient and
opening the possibility of treating the patient in the same simulation session, carrying significant advantages
especially in case of patients requiring urgent palliative care or patients in pain [37].

The use of sCT generated from daily MRI would also remove the uncertainties due to CT-MR image
registration and would save the patient additional exposure to ionizing radiation, ensuring that the only dose
delivered to the patient is the one needed for treatment purposes [38,39].

The idea of removing the CT acquisition from a clinical RT workflow is antecedent to the advent of MR-
Linac systems, as demonstrated by different experiences reporting the idea of performing the treatment
planning directly on MR images acquired using an external MR scanner or a MR simulator [40,41].

The advantages offered by the MR-only RT workflow in terms of enhancement of image quality and
reduction of imaging exposure are also valid if the RT treatment is planned on MRI and then delivered on
conventional CBCT-based linac systems. For these reasons, several attempts have been made even before the
introduction of Al to allow for treatment planning directly on MR images, mostly by generating ED maps
starting from an atlas or using bulk approaches, consisting of segmenting the MR image in a fixed number of
density levels (i.e. air, lung, fat, soft-tissue and bone) and assigning an ED bulk value to each level of
segmentation [42,43]. Through these strategies, sufficiently good dose accuracy was reported, even in the
presence of a magnetic field. A comprehensive analysis of the performance achievable using these methods
can be found in several reviews on this topic [40,44,45]. The main disadvantage of these methods is that they
are time consuming, making them difficult to use in online adaptive treatments.

The advent of Al is slowly revolutionising this area, offering DL-based systems able to produce ED maps on
a voxel-by-voxel basis, ensuring shorter execution times and equivalent or higher accuracy in the sCT image
generation with respect to atlas-based or bulk strategies [35]. The time required to produce a volumetric sCT

image is a key-parameter in the evaluation of a sCT generation algorithm, especially in the context of



MRgRT. Times exceeding the order of a few minutes are not compatible with the online adaptive workflow,
limiting the application only to offline procedures.

Several experiences based on DL strategies demonstrated the feasibility of providing volumetric sCT images
in less than 30 seconds if the algorithms are integrated on Central Processing Unit (CPU) architectures (i.e.
21 sec in [34] and 15 sec in [35]) and in less than 10 seconds if Graphical Processing Unit (GPU)-based
networks are considered (i.e. 5.6 sec in [34] and 5.7 sec in [46]).

Beyond the generation time, the quality of a sCT image is generally evaluated in terms of image and dose
accuracy. The image accuracy is generally quantified by the mean error (ME) and the mean absolute error
(MAE), where the first one represents the mean difference between the HU values reported in the sCT image
and the corresponding ones in the CT, while the second considers for each voxel the difference in absolute
value. ME is considered as an indicator of systematic offset errors in the sCT generation, while the MAE is
considered as a metric of accuracy [40].

In addition to these parameters, the quality of a sCT can be evaluated by considering the dose accuracy, since
the main purpose of generating these synthetic images is to be used as a basis of dose calculation of MR-
based RT treatment plans. Dose accuracy is usually estimated considering the differences between the dose
distribution calculated on sCT and the corresponding one obtained on the original CT. Such comparison is
mainly quantified in terms of gamma analysis, generally considering 2%/2mm or 3%/3mm as tolerance
criteria [40,43]. Beyond the gamma comparison, dose accuracy is also quantified in terms of Dose Volume
Histogram (DVH) analysis, evaluating the variation in the estimation of DVH parameters when the treatment
plan is calculated considering the ED map obtained from sCT rather than CT. The most observed parameters
are generally the minimum, mean and maximum dose to some reference structures, such as PTV or OARs in
proximity to the target [29,36,44].

Table 1 reports the main studies on Al for generation of synthetic CTs based on a review of the literature
performed in December 2020 on Scopus, following the keywords and inclusion criteria detailed in the
supplementary materials. All studies were described in terms of DL-algorithm used, anatomical region
analysed, magnetic field to which MR images were acquired, image and dose accuracy of the sCT images

obtained, and time to generate the sCT.



[35]

[50]
[68]

DL

GAN
CNN
U-Net
GAN
2D CNN
dense cycleGAN
U-Net
cycleGAN
cGAN
DSPC
GAN
CNN
cGAN
cycleGAN
cGAN
MCMP-GAN
U-Net
U-Net
cGAN
cycleGAN
U-NET
RU-ACGAN
BPGAN
cGAN

cGAN

CNN
eCNN
CNN
cGAN
U-Net
2D CNN
3D CNN
U-Net L2
U-Net PL
GAN L2
GAN PL
GAN MPL
GAN WMPL
dense cGAN
cGAN

Magnetic
Field

1.0T

3T
15T
1.5T
NA
15T
15T
15T
0.35T
15T
3T
3T
3T
3T
15T
15T
15T
0.35T
0.35T
3T
NA
NA
1.5T; 3T
0.35T
0.35T
3T
3T
3T
3T
1.5T
15T
15T

3T

NA
1.5T

MR sequence

T1C

T1
T1
T1
T1
T2
T2
T1
TRUFI
T2
T2
mDixon
mDixon
T1; T2; TIC+ T1Dixon
T1;T2
T2
T1;T2
TRUFI
TRUFI
T1-Dixon
mDixon
T1
T1
TRUFI
TRUFI
T2
T2
T1
Dixon
T2
T1
T1

T2

T2
T2

Anatomic
Site
Brain
Brain
Brain
Brain
Brain
Brain
Brain
Brain
Brain
Breast
H&N
H&N
H&N
H&N
H&N
H&N
H&N
Abdomen
Abdomen
Abdomen
Abdomen
Abdomen
Abdomen
Abdomen
Abdomen
Pelvis
Pelvis
Pelvis
Pelvis
Pelvis
Prostate
Prostate
Prostate

Prostate

Prostate
Rectum

Number Pts
Train Test
15 I\%
15 I\%
47 13
63 14
18 v
24 I\%
28 6
28 6
40 20
48 4
NA 8
22 12
12 11
12 11
30 15
32 I\%
22 10
54 12
12 I\%
12 I\%
15 31
10 v
10 NA
21 I\%
80 20
80 20
39 v
15 12
10 16
32 30
36 15
20 v
20 I\%
25 14
20 I\%
46 44

Image accuracy

MAE (SD)

89.3 (10.3)
102.4 (11)
81.0 (14.6)
47.2(11)
84.8 (17.3)
55.7
65.4 (4.1)
93.9 (5.9)
61 (14)
NA
82.8 (48.6)
75 (9)
66.9 (7.3)
82.3 (6.4)
75.2 (11.5)
75.7 (14.6)
131 (24)
57 (12)
89.8 (18.7)
94.1 (30)
NA
NA
5.1(0.5)
72.9 (18.2)
78.7 (18.5)
54.3(11.9)
NA
30 (10.4)
29.8 (7.6)
61 (9)
29.9 (4.8)
40.5 (5.4)
37.6 (5.1)
34.4(1.7)
36.8 (6)
34.1(7.5)
34.9 (6.4)
35.6 (6.2)
35.1(6.8)
50.8
35.1 (27.2;40.3)

ME (SD)

NA
NA
NA
NA

-3.1(21.6)
NA
NA
NA
NA

17.7 (4.3)
-3.9(12.8)
9(11)
15.7 (12.7)
27.5 (15.1)
1.3 (14.8)
NA
-6(13)
-5(12)
NA
NA
NA
NA
NA
NA
10.83 (12.9)
1.3 (8.6)
NA
2.8(10.3)
NA
2(8)
6.7(5.4)
NA
NA
-1(14.2)
3.3 (13.6)
-1.1 (13.7)
4.1(13.9)
1.9 (13.3)
1.2 (14.0)
NA
0.4 (-7;-12.4)

3%/
3mm
NA
NA
NA
NA
NA
NA
NA
NA
99.9 (0.1)
NA
NA
98.7 (1.4)
NA
NA

NA
NA
NA

99 (0.8)
99 (0.7)
NA
NA
NA
NA

99.8 (0.2)

99.2 (0.2)

99.2 (0.5)
NA
NA

97
99.8
NA
NA
NA
NA
NA
NA
NA
NA
NA

100 (0.1)

Gamma Analysis
2%/
2mm
NA
NA
NA

99.2 (0.8)
NA
NA
NA
NA

99.5 (0.8)
98
NA

95.6 (2.9)
NA
NA
99.0
NA
NA

99.7 (0.5)

98.7 (1.5)

98.5 (1.6)
NA
NA
NA
NA

98.7 (1.1)

99 (0.7)

98.5 (0.7)
NA
NA

91

99.4
NA
NA
NA
NA
NA
NA
NA
NA
NA

99.8 (0.2)

1%/
1mm
NA
NA
NA
94.6 (2.9)
NA
NA
NA
NA
NA
NA
NA

NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
NA
>99

90.8 (4.5)

89.3 (4.8)

94.6 (5.6)
NA
NA
NA
98.0
NA
NA

99.2 (1)

99.3 (0.8)

99.1 (1)

99.3 (0.9)

99.2 (0.8)

99.3 (0.8)
NA

99.5 (0.2)

Time to sCT
generation (sec)
5.7
NA
NA
NA
9
>60
NA
NA
10-20
NA
35
240
45
<90
NA
<10
7
NA
NA
NA
NA
NA
NA
NA
110 (40)
175 (43)
NA
NA
NA
5.6
3.8-7.6
5.5
5.5
15
15
15
15
15
15
>60
NA

Table 1 - Main experiences emerged from the literature analysis on synthetic CT generation considering the different DL architectures, the anatomical site, the MR sequence
used, the magnetic field strength and the main image and dosimetric indicators. Abbreviations: GAN: Generative Adversarial Network, TIC:T1 contrast; MAE: Mean Absolute

Error, ME: Mean Error; cGAN: conditional GAN, 1V: internal validation; NA: not Available
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The main DL architectures used for sCT generation are the U-Net and the Generative Adversarial Networks
(GAN).

U-Net consists of a series of convolutions followed by a series of deconvolutions, with skip-connections
between the opposing convolution and deconvolution layers [69—71]

GAN is an emerging technique for both (semi-)supervised and unsupervised learning and consists of two
competitive networks termed the generator and discriminator. In these architectures, the training is carried
out by deriving backpropagation through a competitive pair network process: the generator produces images
that are evaluated by the discriminator in comparison to real images. The optimisation is concluded when the
discriminator is no longer able to classify the results of the generator as real or fake [72].

The feasibility of generating sCT images using DL approaches was firstly demonstrated in the brain region
by Han et al, who proposed a 2D deep CNN able to obtain sCT images from 1.5 T T1-weighted MRI
Modifying the U-Net architecture proposed by Ronneberger et al some years before, the authors obtained a
neural network able to generate sCT images in 9 sec, reaching accuracy levels comparable to those
achievable using atlas-based methods [49,73].

Han's work was the precursor of several studies that followed in successive years, with the aim of extending
this approach to other anatomical sites, while also considering MR images acquired at different magnetic
field strengths or characterised by different image acquisition parameters [49]. With regard to the brain,
different experiences were reported in the following years, all focused on 1.5T MRI, with the most promising
results in terms of image accuracy obtained on 1.5 T T1-w MR images using a GAN architecture [48,74].
Kazemifar et al reported a MAE of 47.2+11 HU on adult patients, while Maspero et al reported 61+14 HU
on paediatric cases. The 2%/2mm gamma passing rates were higher than 99% in both cases [48,75].

The most investigated site is the pelvis, with most studies published for different MR sequences and field
strengths, mainly considering variants of CNN and GAN architectures. It is also in this site where the best
results in terms of image and dose accuracy are reported, promoting a rapid implementation in clinical
practice as demonstrated by some early experiences [76,77].

To the contrary, abdomen seems to represent one of the most challenging regions for sCT generation, likely
due to the unpredictable presence of air bubbles in the hollow organs that can vary during the course of
MRgRT treatment, leading to significant variation in the ED map and related dose distribution [32,33].
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Only three experiences report a dose accuracy analysis on the sCT images generated in the abdomen:
considering a 2%/2mm gamma passing rate, Florkow et al reported values higher than 99% using a U-Net on
1.5 T MR images, while Fu et al and Cusumano et al reported results between 98% and 99% using GAN
architectures on 0.35 T MRI [36,58,78]. Such results are of great importance in the context of MRgRT, as
they pave the way towards online adaptive procedures using sCT images as ED maps.

Some early experiences demonstrate the feasibility of sCT generation in head and neck and breast sites,
although further studies including larger cohorts of patients are recommended before implementing MR-only
radiotherapy workflows at a clinical level in these anatomical sites [51,52,79].

To the authors knowledge, no experiences using Al are reported in literature regarding the lung region, likely
due to the large heterogeneity of thoracic tissues which makes the sCT generation more challenging. In
conclusion, sCT generation using an Al approach is expected to play an important role in MRgRT in the next
years, both to reduce geometric uncertainties and to make the clinical workflow more efficient. Especially in
the pelvic and abdominal regions, where several experiences have already demonstrated clinical feasibility,

gradual clinical introduction is expected to rapidly occur.

4. Automatic segmentation

The possibility to develop Al-based systems able to ensure the automatic and reliable full delineation of the
therapy volumes in RT has been explored for several years, reaching remarkable results especially for CT
and MR imaging modalities [80—82]. In case of MRgRT applications, in addition to the anatomical accuracy,
such systems should also be fast, preferably generating a contour set in the order of a few minutes to make
the online adaptive procedure tolerable for the patient [26].

Contour propagation through deformable image registration (DIR) and multi atlas-based systems were used
during the past two decades to offer automatic segmentation (AS), producing results which can still be
optimised in terms of time and quality of contours [83,84].

Recent studies have shown the feasibility of ML or DL approaches for AS, reporting faster results and
greater generalizability to image data of new patients when compared to previous AS techniques [85,86].
Contouring results achieved to date can be directly ready for clinical use or may require some manual
revisions, but in either scenario ensure significant time savings when compared to the time needed to
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perform the entire procedure from scratch [87,88]. As such, Al approaches may successfully support
clinicians during the online adaptive procedure.

The performance of AS systems are generally evaluated on the basis of similarity metrics that describe the
degree of agreement between the contours generated by the automatic system and those manually segmented
by one or more experts in the field, which are considered as ground truth [89].

Yeghiazaryan et al. classified these similarity metrics in three main categories, depending on if the
comparison is carried out in terms of the size of contours (size based methods), on the degree of overlap
(overlap based methods) or on the distance between the contours (surface distance based methods) [90].

A detailed mathematical representation of the most commonly used similarity metrics classified per category
is reported in Table 3 of Supplementary Materials.

AS methods on MR images struggle with different challenges, typically related to the investigated anatomic
site. Table 2 summarises the main characteristics and findings of Al-based experiences in automatically
generating contours of therapeutic volumes from MR images as reported in literature.

As reported in Table 2, the main type of DL network used for AS is currently the Convolutional Neural
Network (CNN), in both 2D or 3D modality. CNNs are widely used not only for AS, but also for sCT
generation and image processing in general, after its success in the ImageNet large scale visual recognition
challenge, a competition for object detection and classification run annually from 2010 [71,91-94]. The
CNN is a DL network that aims to imitate the process of the human brain visual cortex, by using a number of
trainable parameters that is smaller compared to other DL architectures [91].

The network optimisation is carried out using a cost function and an optimiser: the different network weights
are tuned by the optimiser with the aim of minimising the cost function, using ad-hoc strategies to avoid
optimisation problems [71]. Common CNN-based architectures typically used for segmentation tasks are
encoder-decoder networks such as the popular U-Net, which has shown to be powerful in both AS and sCT
generation. In the following paragraphs, the main concerns and challenges encountered in DL-based AS are

reported per site.
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MR MR Pts # Manual
Ref. Site B(T) Linac Sequence Al technique Training (train/validatio | Eval. Metrics ground truth VOI Key findings
q n/test) with IOV
. .. A mixed approach based on DL, Atlas and DIR
95 Prostate 15T N T2 DL+ Atlas+ Unsuperv1s'ed pre-rreump g and NS/NS/66 DC, HD, MSD No Target ensures good results but at the cost of large
DIR Supervised fine tunin,
P & computational times (45 min)
No Labeled data can effectively be integrated by
[96] Prostate NS NS NS FCN Semi-supervised learning 30/NS/10 DC Target unlabeled ones for training the network, thus
reducing the amount of necessary data.
DeepLabV3+ Transfer learning for Pretraining on large datasets can be effective in
97 Prostate 15T N T2 P ’ DeepLabV3+ Training from 40/10/NS DC, SDC No Target reducing the necessary amount of data required
U-Net
scratch for U-Net for training
3D U-Net and . o A mixed approach based on DL and DIR
[98] Prostate 15T Y T2 DL to generate LF based on DVF, overlapping S/NS/NS DC, 95%HD, No Target ensures faster and better results than an Atlas-
segments, or both CRE
DVF based method
. CNN DC, 95%HD, DeepMedic performs better than 3D U-net and
[99] Prostate 3T N T1 (Dixon) (DeepMedic) LF based on DC 97/NS/53 MSD No OARs an Atlas-based approach
. Machine DC, 95%HD, Validation of a commercial AS based on ML:
[100] Prostate 15T N T1 (mDixon)/ T2 Learning NS 65/NS/NS CRE, AVD Yes Target & OARs AS consistent with manual ground truth
[88] Rectum 3T N T2 2D U-Net LF based on DC 93/NS/NS DC, HD, MDA, Yes Target AS was consistent with gropn(% t}'uth including
JC 2-observers variability
Sparse Dictionary Learning was more accurate and
[101] Pancreas 15T N DT/ Dictionary K-means smgull:.n value 12/NS/NS DC, HD, CRE No Target cqmputatlonally fasFeF Fhan traditional A.S.
2D T2 Learnin decomposition algorithms. It requires initial human supervision
& at image acquisition.
[102] Pancreas 3T N T1-DCE CNN LF based on cross entropy 27/ NS/13 DC, HD, MSD Yes Target AS of pancreas head GTV was fast (~10
seconds) and accurate
[103] | Pancreas | 0.35T Y TRUFI SVM Active learning NS/NS/4 DC, HD No OARs First example of fast enough full AS (~2
minutes) for online adaptive MRgRT.
CNN + two . . .. The use of correction CNN ensures high results
[104] Abdomen 035T Y TRUFI correction CNNis Piecewise training 100/10/10 DC, HD No OARs for AS of all the abdominal organs
. Accurate AS in abdomen can be performed by a
0,
[105] Abdomen 3T N T1/Dixon 2D CNN (Dense Deepl){ spperwse(? and 66//16/20 DC, 95%HD, No OARs 2D network, faster and simpler than a 3D net, if
U-Net) multiview learning JC,MSD L .
multislice input is performed.
Accurate and fast AS of lymph nodes on DW-
106 H&N 15T Y DWI CNN (.3D U-Net LF based on DC, and dropout 48/NS/51 DC, DADC Yes (on a subset Target MR images acquired using diagnostic MR
like) f20%
e ° 0 scanner and MR-Linac both.
. VoxResNet guarantees AS results comparable
[107] H&N 3T N T1/T2 (V302RCe I:Se 0 Trsﬁgii:{:ﬁ;ﬁ:?;gﬁ:f- 715/103/203 DC, MSD Yes Target with manual contours from multiple human

experts.

Table 1- Summary of the main properties and key-findings from the studies on AS obtained from the literature research. Abbreviations: 10V (Inter-Observer Variability), DIR (Deformable image registration) DL (Deep
Learning), LF (Loss Function), ML (Machine Learning), NS (Not Specified), NA (Not Applicable), DVF (Deformable Vector Field), FCN (Fully Convolutional Network), CNN (Convolutional Neural Network), DC (Dice
Coefficient or ratio), SDC (Surface Dice Coefficient or ratio), HD (Hausdorff distance (maximum)), x%HD (Hausdorff distance (x-th percentile)), MSD (Mean Surface Distance), CRE (Centroid Registration Error), AVD
(Average Volume Difference), MDA (Mean Distance to Agreement), JC (Jaccard Coefficient), DADC (variation of Apparent Diffusion Coefficient)
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4.1 Pelvis

The main concern of AS in prostate is the inhomogeneity in image intensity around the gland boundary and
the inter-patient shape variations.

As a transition towards DL-based AS, Guo Y et a/ first extracted a feature hierarchy from prostate MR
images by DL [95]. These features were used for atlas selection and a DIR model is sequentially used to
refine prostate segmentation. The evaluation based on similarity metrics was satisfactory, whereas the long
computing time (45 min) limited the method to off-line implementations only. One of the factors that limited
the initial diffusion of DL-based AS methods was the need for large amounts of expert-labelled data to train
the neural networks. To overcome this issue and obtain high quality contours with a limited amount of data,
strategies such as “semi-supervised” or “transfer learning” have been critical, leading to improved results
with respect to standard supervised training from scratch [96,97].

Another strategy for automatic delineation during adaptive MRgRT is using a DL network to automatically
analyse the contour set created on the simulation MRI and generate a deformation vector field (DVF), which
can be used to adapt the simulation contours to the anatomy of the day.

To test if a DL-based estimation of a DVF is faster than using traditional DIR methods, Eppenhof et al
trained a 3D U-Net through a loss function which can alternatively be focused on the DVF, or on the
segmentation overlap, or a combination of both. They observed that the Al approach ensured better results

than a reference DIR method (Elastix, https://elastix.lumc.nl/), together with a time reduction factor of about

102 [98]. Recently, strategies to perform full AS of pelvic OARs have also been proposed; a necessary task
to speed up the on-line adaptive process. In this context, Savenije et al compared the use of two DL networks
(DeepMedic and 3D U-Net) with a commercial atlas based solution, observing better results with the DL
strategies in terms of delineation accuracy and execution time [99].

Beyond DL approaches, AS in the pelvic district can also be obtained using ML methods, as reported by
Kuisma et al, who clinically validated a commercial solution (Philips RTdrive Core 2.0, Philips Medical
Systems, Netherlands) comparing the results provided by the AS system to those obtained using manual

segmentation, including an inter-observer variability analysis [100].
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4.2 Abdomen

The main challenges for multi-organ AS of abdominal MRI are represented by the huge variability in terms
of shape and volume of the digestive organs (i.e. stomach, duodenum, bowel loops), together with the
difficulty of having MR images without motion artefacts.

In case of pancreatic lesions, Gou et al compared three model-free methods with an ML approach (Sparse
Dictionary Learning, SDL), including the impact of two different input scans (3D T1-w and 2D T2-w MRI).
For both MR sequences, SDL was found to be the most accurate and fastest algorithm [101].

Next, Liang Y ef al trained a CNN on 56 DCE-MR images for AS of pancreatic head tumours. At evaluation,
AS differences with the ground truth were within inter-observer variability, with the advantage of requiring
only 10 seconds for a full procedure if processed on a current GPU, paving the way towards online adaptive
MRgRT clinical applications [102].

As regards segmentation of MR images acquired using low field MR-Linac, Liang et al proposed a support
vector machine (SVM) approach mixed with a feature-based registration able to obtain high quality contours
of liver, kidneys and spinal cord in 2 minutes, a time sufficient for online adaptive procedures [103].

Using a DL architecture consisting of a CNN supported by a correction network able to provide additional
information about the shape and position of organs, Fu et al reported satisfactory results not only for liver
and kidneys, but also for stomach, bowel, and even for the duodenum (further affected by inter-observer
variability in recognition of its boundaries) [87]. AS per patient was fast (5 sec) and even with manual
corrections, the network reduced contouring time to 25% with respect to the time required to perform the
whole procedure manually from scratch. Nevertheless, Al approaches for full 3D multi-organ AS, although
capturing the essential volumetric information about the shape and relative position of the abdominal organs,
are still often too computationally- and time-expensive. As a fast alternative, Chen et al developed a new DL
technique called ALAMO (Automated deep Learning-based Abdominal Multi-Organ segmentation), which
combines a U-net architecture with a multi-channel additional 2D network to capture the 3D information
[105]. Using the ALAMO technique on T1-w 3T MR images of 20 test patients, the authors reported high
values of segmentation accuracy for most of the organs delineated (DICE ranging from 0.87 to 0.96 for nine
abdominal organs, 0.8 for the duodenum), while ensuring processing times of about 18 sec, perfectly
compatible with online procedures.
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4.3 Head and Neck

As regards the head and neck region, Gurney-Champion et al trained a 3D U-net on DW 1.5 T MR images
from 51 head and neck patients to automatically delineate lymph-node chains. Fast (55 ms) and accurate
(within inter-observer variability) results were observed considering DW-images acquired using a diagnostic
scanner and an MR-Linac [106].

With the aim of testing the ability of DL methods in AS of GTV for the complex case of nasopharyngeal
carcinoma, Lin L et al trained a 3D U-Net and a 3D CNN with 4-channel input (VoxResNet-like) on a cohort
of 813 patients [107]. The test phase was carried out on 203 patients and showed that the VoxResNet-like
network outperformed U-net, ensuring no need for expert manual re-editing in almost 90% of cases.

AS was fast (about 40 sec) and able to reduce the time of human editing workload to 40%. Considering the
manual contours from 2 (+1) experts as ground truth, 8 additional experts were compared to the AS.
Equivalent values resulted for the similarity metrics, but with smaller interquartile variations from AS,

illustrating the usefulness of AS in reducing inter-observer variability.

5. Quantitative imaging and outcome prediction

Under the title “predictive models applied to imaging acquired before and during radiotherapy” many
different areas can be classified. A large part belongs to the domain of treatment response prediction based
on image-based biomarkers and/or anatomical changes induced by radiation, to identify early-on those
patients who will benefit from adaptive procedures, as already demonstrated in some treatment sites (i.e.
rectal cancer, H&N) [11,23,108,109]. The extension of these concepts evolved towards the potential
modifications of the treatment on the basis of the results of predictive models to limit toxicities and/or to
safely increase the tumour dose [14,110]. The use of MRI-derived parameters for outcome prediction
precedes the advent of MRgRT systems and is not limited to these: due to its better soft-tissue contrast over
traditional CT based imaging and the availability of multi-parameters image sequences, MRI has emerged as
one of the most promising imaging modalities in this field [17,111].

Several MRI-based predictive models have been developed in these years, not directly involving the MRgRT
technologies but potentially applicable to these systems: the quantitative analysis of clinical imaging has
exponentially grown with the advent of Radiomics, an image analysis strategy consisting in defining a region
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of interest (ROI) on clinical images, extracting from that region a series of numerical parameters (called
features) and possibly combining them with other clinical or genomic information to generate predictive
models [112]. ROI delineation, feature extraction and model elaboration are the three main processes
characterising the radiomic workflow. In early experiences, the ROIs were manually delineated by clinical
specialists, radiomic features were extracted applying mathematical procedures and the models were
elaborated using classical statistical methods (i.e. logistic regression)[113].

Modern Al has brought important innovations to Radiomics, offering the possibility of automating the ROI
delineation process, introducing neural networks able to directly infer image features from the ROI and
proposing advanced ML and DL algorithms for the predictive model elaboration [114].

Despite the recent introduction of MRgRT technology in clinical practice, the number of radiomics models
obtained using MR images acquired with these systems is growing in recent years, also because the large
amount of images available from a single patient, which makes this technology particularly suitable for delta
Radiomics [115]. Compared to Radiomics, which analyses clinical images acquired at a single time point,
delta Radiomics studies the temporal variation of radiomic features extracted from a series of images
acquired over the course of treatment. The technique follows the idea that the variation of a radiomic feature
over the course of therapy contains indications on the patient sensitivity and response to the on-going
therapy, significantly improving the accuracy of the prediction [116,117]. Several experiences have
highlighted the potential of delta radiomics, not only in MR but also in other imaging modalities. However,
due to the larger amount of data needed to generate evidence compared with radiomics, multi-institutional
experiences including large cohorts of patients are limited [118—120]. It is worth mentioning that increasing
attention is given to the robustness of Al-based predictive models due to repeated issues of
repeatability/reproducibility of the models among different institutions, which is particularly difficult for
MRI due to the difficulty of image standardization. [5,121].

The main experiences reporting predictive models generated using on-board MRI are discussed in the
following paragraphs, separately for high and low field systems. It should be noted that, due to the still
relatively recent introduction of MRgRT technologies in the clinic, most of these experiences are based on a

limited number of patients and with only short-term follow-up.
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As a matter of fact, we may expect a rapid improvement in the reliability and usability of predictive models
based on MRgRT-images due to the rapid increase of available patient data (possibly within multi-centric
consortia). At the same time, methodologies are further refined, putting robustness and generalizability of the
models as a first priority. For the same purpose, procedures of signal normalisation and image pre-processing
are also expected to become increasingly important in the radiomic workflow, to compensate for the known
variability between different MR diagnostic scanners and even more between on-board MR scanners

implemented into different MRgRT systems [122,123].

5.1 Experiences on high field systems

The first experiences on high field hybrid systems were focused on phantom studies, with the aim of
characterising the image quality offered by a 1.5T on-board MR scanner of a MRgRT system for radiomic
purposes. Wang et al observed on a phantom analysis that the interference of MV X-Rays on MR imaging
was minimal and that the image quality offered by the MRgRT scanner was comparable to those obtained
using a diagnostic scanner with the same magnetic field strength [124].

Kooreman et al have assessed the feasibility of performing quantitative imaging on a 1.5T MR-Linac system,
acquiring T1-w, T2-w, DW and DCE imaging of a phantom on four different hybrid systems, observing
values in terms of accuracy, reproducibility and repeatability of the MR sequences that makes feasible and
reliable quantitative imaging approaches on high field MRgRT systems [125]. To the best of our knowledge,
the only clinical experience reporting quantitative imaging analysis on high field MRgRT systems is those
reported by Lorentz et al, who observed on four prostate cases a significant variation in delta-radiomic
profiles of bladder and rectal wall adjacent to the prostate, considering serial T2-weighted MR images
acquired during MRgRT treatment [126]. However, thanks to recent findings [124,125], it should be in
principle possible to apply on any high field MRgRT systems models elaborated on MR images acquired
using a 1.5 T diagnostic scanner, once the compatibility in terms of MR sequence parameters is verified. A
complete list of the predictive models elaborated on 1.5 T diagnostic MR scanners is reported in Table 4 of
Supplementary Materials. Considering the known variability of MRI-based models for acquisition
parameters, it is strongly advised to perform an external validation study on a cohort of patient data acquired
using MRgRT technology before applying a predictive model in clinical practice [59,70].
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5.2 Experiences on low field systems

During the early period of MRgRT implementation, the question was raised whether the image quality
offered by on-board low field MR scanners was sufficient to perform quantitative analysis, especially
considering that these systems exhibited characteristics not usual in terms of image sequence and magnetic
field strength. Different hypothesis-generating studies were conducted on low field MR images, with the aim
of demonstrating the feasibility of extracting image-based biomarkers. These experiences reported promising
preliminary results in predicting treatment response, supporting the need to set-up more advanced studies
including larger cohorts of patients [117,128,129].The first preliminary experience was reported by Boldrini
et al, who identified two delta radiomics features on low field MR images of 16 patients affected by locally
advanced rectal cancer (LARC) able to predict clinical complete response after MRgRT [117]. These
features, measuring the variation of two parameters (least length according to principal component analysis
and grey level non uniformity based on run length matrix) after two weeks of treatments, reported higher
discriminative performance with respect to radiomics features calculated at a single time-point, results are
partially confirmed in successive validation studies [130]. However, no predictive model was proposed due
to the small number of patients.

Two experiences were reported in pancreatic cancer, which is one of the most interesting regions considering
the benefits and the potentialities of the online adaptive MRgRT procedures [11].

Simpson et al first proposed two predictive models based on Random Forest and LASSO regression, both
able to predict the treatment outcome in 20 patients affected by unresectable pancreatic cancer with an AUC
of 0.81. The models analysed the variation of radiomic features on all five MRgRT treatment fractions,
identifying as most predictive parameters two textural features based on co-occurrence and size zone
matrices [128]. On the same anatomical region, Cusumano et al identified a delta radiomics feature, the
variation of the cluster shade calculated on the co-occurrence matrix when a biologically effective dose value
of 40 Gy was reached, able to predict local control one year after the end of treatment with an AUC of 0.78.
The study was conducted on 35 patients belonging to two institutions and used a linear logistic regression for
model elaboration [116]. Other experiences on low field MRgRT systems were focused on the analysis of
Apparent diffusion coefficient (ADC) maps. In a first experience using an MRI-Cobalt system, Yang et al
reported the feasibility of DWI acquisition on a 0.35 T MRgRT system, measuring an ADC value in
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agreement with the reference within 5% of error in longitudinal direction [129]. From this observation, the
same authors observed that a delta radiomics analysis of ADC maps is able to predict the treatment effective
score (TES) of patients affected by soft tissue sarcoma. Including delta radiomic features extracted from
longitudinal DW MR images in an SVM, the authors were able to predict the TES on 30 patients, reporting
an AUC value of 0.91+0.05 [131].

Beyond these experiences focused on radiomic analysis, a series of predictive models based on the
evaluation of simple morphological indicators are being introduced into the MRgRT community, with the
advantage of being simpler to calculate and more prone to be immediately useable: as mentioned before, the
use of ML and DL algorithms in predictive modelling is indeed a debated topic in the scientific community,
as these algorithms act as black-box systems, limiting their clinical interpretability of the models, and then
their clinical diffusion. A relevant example in this context is represented by the Early Regression Index
(ERI), a morphological parameter that aims to model tumour regression during the first weeks of
neoadjuvant radio-chemotherapy by means of a function of the tumour volume measured on MR images
acquired at simulation and at mid-therapy, on the basis of radiobiological considerations [108]. An example
of volumetric regression in case of rectal cancer using MRgRT technology is reported in Figure 4.

In a first experience on rectal cancer, Fiorino et al demonstrated that this simple parameter, if calculated on
MR images acquired with a 1.5 T diagnostic scanner, was able to identify patients who would have
pathological complete response during RT treatment, with an AUC of 0.81 calculated on 64 patients, with
extension and confirmation of these findings on a larger population [108,132]. The same parameter was also
tested in an external validation study carried out on 52 patients treated with two 0.35T MRgRT systems,
reporting high discriminative performance (AUC=0.93) also on low field MRgRT systems [133].

Although first applied to model rectal cancer regression, a recent preliminary experience has also evaluated
the feasibility of using this index for outcome prediction of patients affected by cervical cancer, reporting an
AUC of 0.84 on 16 patients [134].

In conclusion, the use of predictive models in MRgRT is expected to grow in the next few years, making
optimal use of the information that can be extracted from the daily MR acquisitions. Considering that
technological development is leading to a strong acceleration of the online adaptive procedure, it is
reasonable to expect that in the near future the acquisition of images in parallel with the adaptive procedure
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will be possible, opening the possibility of developing predictive models on MRI sequences different from

those used for patient positioning, further improving their predictive capabilities.

Simulation Mid-therapy End Treatment

Axial

Sagittal

Coronal

Figure 4 - Example of rectal cancer regression observed using an MRgRT technology on axial (top), sagittal (middle)
and coronal (bottom) acquired during simulation, mid therapy and end treatment

6. Advanced imaging and motion management

An on-board MR scanner, with its ability to provide high soft tissue contrast without ionising radiation,
offers great potential to efficiently manage intra-fraction motion without external surrogates and efficiently
monitor short and long-term breathing variations [135,136].

To date, the clinical on-board high temporal resolution dynamic MR acquisition during treatment delivery is
only available in 2D modality; therefore, the current MRgRT systems do not provide detailed information on
the 3D target motion trajectory or out-of-plane OARs motion [16,137]. Al strategies have recently been
proposed to infer the 3D motion trajectory from multi-slice 2D images or even reconstruct 3D acquisitions,
opening the way towards real-time volumetric motion management strategies [138].

The first Al-based experiences on online MR imaging were focused on the elaboration of tracking algorithms
designed for 2D MR images, with the aim of auto-segmenting the lesion in real-time and estimating its 2D

position. In 2011, Cervino et al proposed two tracking algorithms for tumour motion estimation from 2D
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cine MRI of the lungs. The first consisted of a template matching (TM) technique in combination with a
diaphragm-based surrogate signal, while the second was an ANN based on principal component analysis
(PCA) [139]. In a cohort of 5 patients imaged using a 3T MR scanner, the authors observed that the TM
technique performed better than the ANN and that out-of-plane motion could also be tracked using the
diaphragm as a motion surrogate. Subsequently, a pulse-coupled neural network (PCNN) was proposed for
lung AS on low field MR images (0.5 T), reporting 87-92% of agreement with respect to manual contouring
and a centroid tracking accuracy within 1.5 mm [140].

Fast et al then applied the PCNN architecture proposed in [141] on 1.5 T MR images, comparing the results
with those achieved using a conventional algorithm based on multi-template (MT) and intensity-based DIR.
In the study the authors observed that MT-DIR algorithms performed slightly better than PCNN, but the
neural network training was performed on a set of only 10 images, while in [140] the PCNN was trained on
30 images [141]. Automatic real-time segmentation of lung lesions was also demonstrated with ML methods,
combining a sequential Monte Carlo (MC) method based on Bayesian probability (named particle filtering)
with an autoregressive model in a 2D motion prediction algorithm that sequentially tracks, contours and
predicts the tumour position 250 ms in advance using 1.5T MR images acquired at 4 frames/second. With
root mean square (RMS) tracking errors averaged over 7 patients of 1.3+0.5 mm and 2.0 +0.8 mm with and
without prediction, respectively, the authors showed the advantages of the model proposed [142].

In the following years, several ML or DL algorithms for robust estimation of 2D motion trajectories were
proposed and different experiences have shown the possibility to predict 2D motion of targets different from
lung cancer or to simultaneously track multiple ROIs in the same image [143]. Dhont et al also illustrated the
use of a tracking-learning-detection methodology to recover from brief moments of out of slice motion of the
target in 2D motion tracking [144,145].

Several DL-based methods have been proposed to speed up the image reconstruction step of the real-time
MR acquisitions, as this step represents the largest component of latency in the MRgRT treatment delivery.
Terpstra et al compared four combinations of conventional and DL-based methods, with the aim of obtaining
an architecture for fast reconstruction of 1.5 T 2D cine MRI and to accurately estimate the motion of
abdominal lesions [146]. Based on data from a cohort of 135 cases, the authors identified as best
combination the use of a conventional method for image reconstruction (Non-Uniform Fast Fourier
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Transform, NUFFT) and a DL architecture for motion quantification (SPyNET), obtaining an imaging frame
rate of 25 Hz with a RMSE<1 mm. DL approaches have also produced interesting results in cardiac MR
imaging, which represents a challenging area for MR acquisition due to the intrinsic high frequency motion
of the heart [147-149]. A convolutional recurrent neural network was recently proposed on 2D cine MR
acquisitions, demonstrating the possibility of reconstructing high quality cardiac MR images from highly
under-sampled k-space data [148,150,151]. Ghodrati et al. explored and optimised the network structures and
loss functions used in DL-based cardiac cine image reconstruction [152].

Besides 2D applications, there is a growing interest towards 3D applications as breathing-induced tumour
motion often follows a three dimensional motion path due to phenomena like hysteresis, baseline drift or
cardiac motion [135,136,151,153,154]. Several groups have investigated the possibility to extract 3D motion
information from the real-time 2D images, registering the 2D MR images with 3D MRI volumes acquired at
the same imaging condition and then generating models based on PCA analysis of the deformation vector
fields obtained by the registration of 2D and 3D MR images [155-157].

However, these approaches suffered from different limitations due to the fact that the 3D MRI volumes
showed image artifacts due to retrospective sorting and a comparative phantom study demonstrated to fail in
predicting 3D motion when deviation from the average breathing cycle were present on 2D MR images
[158]. Alternative approaches were proposed to overcome the lack of data to train 4D motion models by
using surrogate signals derived from 2D MR images [159,160]. Another possibility is represented by the
combination of single and multi-slice MR image information, as reported by Ginn et al who demonstrated
the feasibility of obtaining out of slice tumour motion information from the analysis of 2D MR images by
using ML models trained on the DVFs calculated among the 10 most recent images and a reference image
[161,162]. While the model agreed well with gating directly on high frame-rate images, out-of-plane motion
remains an issue and the use of an internal image-based surrogate will likely be more precise.

With regards to 3D MR acquisitions in real-time, high quality 3D MRI at acquisition speeds capable of
capturing breathing-induced motion, or with a total system latency below 500 milliseconds as recommended
by the AAPM Task Group report 76, is currently not available on MRgRT systems, due to spatial-temporal
limitations in the image acquisition [163].These acquisitions are much more time consuming due to the need
to encode a third spatial dimension, and it requires a substantial boost in achievable acceleration factors in
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order to perform these acquisitions in real time. Although non-Cartesian k-space sampling methods, such as
spirals, could be used to further accelerate the acquisition, the nuances of non-Cartesian image reconstruction
and the numerous challenges in sampling trajectory calibration and image blurring are important issues to be
addressed. Some research groups have focused on post-processing methods to increase the spatial resolution
of 3D MR data that were acquired through sparse sampling at high temporal resolution in order to obtain
qualitative volumetric MRI in real-time. To this end, DL-based super-resolution (SR) techniques have been
particularly promising. Kim et al. proposed a combination of 3D dynamic keyhole imaging with a cascaded
DL-based SR model [164]. Through this technique, high-temporal (420 ms) but low-spatial resolution
(6x6x6 mm®) 3D MRI data acquired on a clinical MRgRT system could be converted to a 4 times higher in-
plane spatial resolution (1.5x1.5x6 mm?®) with only a limited increase (<100 ms) in total acquisition time
[164]. A recent experience demonstrated that the reduced through-plane spatial resolution can be improved
by using a super-resolution technique based on an enhanced deep residual network in a framework called
SMORE (Synthetic Multi-Orientation Resolution Enhancement), that can be applied to both 3D and 2D data

where it also succeeds in removing anti-aliasing artefacts [165].

7. Automatic planning

Treatment planning is one of the most time consuming and operator dependent steps in the RT workflow. In
the last years, many advancements through Al have led to the development of different automatic treatment
planning (ATP) approaches which aim to reduce human intervention and workload, ideally standardising and
improving the quality of treatment plans in parallel [166,167].

In general, ATP has been an area of active research since several years with a growing body of literature.
However, it has not been thoroughly investigated in the context of MRgRT. The ATP approach in MRgRT
would not differ substantially from conventional RT, except from two main aspects; the need to consider the
presence of the magnetic field in dose calculations and the requirement to provide fast results in terms of
plan generation, to make the technique suitable for online adaptive procedures.

The feasibility of integrating an ATP strategy within an online adaptive RT workflow have already been

investigated in CBCT-guided radiotherapy, with a commercial solution recently made available [168].
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It is expected that online adaptation may be optimal when coupled to MRgRT due to superior soft tissue
contrast and absence of imaging radiation dose. Based on the current literature, three main ATP paradigms
have been proposed for clinical practice [167,169]:

- Knowledge-based planning (KBP), which uses prior knowledge and experience to predict an achievable
dose in a new patient of a similar population or to derive a better starting point for further manual
optimisation.

- Template-based (TB) automatic planning, which generates a treatment plan starting from a user-defined
protocol with goals and objectives.

- Multi-criteria optimisation (MCO), which identifies the optimal plan on a previously created once the
Pareto surface has been created starting from the definition of a wish-list containing clinical objectives

These different ATP approaches are here revisited in the MRgRT perspective, especially considering the

online adaptive procedure since off-line ATP in MRgRT can be considered similar to what is done in

conventional RT. TB planning is to some extent already manually implemented during the online adaptive

MRgRT procedure. Since the starting point of the adapted plan is the plan optimised during simulation,

clinical objectives are already defined and the plan proposed by the optimiser during the online adaptation

aims to satisfy the wish-list defined during simulation. What is missing is the implementation of an Al
system which simulates the reasoning behaviour of a human planner to automatically adjust the optimisation
parameters during the online optimisation. The KBP approach could be interesting for the MRgRT
application to obtain a fast prediction with dose constraints compliance given the daily relationship among

target and OARs, as already demonstrated in different experiences [170,171].

Concerning the MCO approach, the “a posteriori” solution (which consists in the generation of a database of

pareto optimal plans that can be interactively navigated by the planner to choose the clinically optimal plan)

is not suitable for MRgRT, mainly due to time constraints [172]. The a priori MCO solution, which consists
in generating a single pareto-optimal plan based on a site-specific protocol defined by the clinicians, can
instead be an efficient solution for MRgRT online adaptive applications as it directly provides a single
planning solution. Some commercial solutions based on this technique for MRgRT are expected to be
available in the next years [173]. To date, the only published experience on ATP in MRgRT was performed
on a high field MR-Linac. In a cohort of 23 patients affected by LARC, the use of MCO demonstrated
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superior automated plans over the manual plans in terms of OARs dose sparing, reduction of MU delivered
(-13% using ATP) and computation treatment time (-15% using ATP) [174]. Wang et al have recently
published a review on DL applications incorporated in the main steps of ATP: beam selection, dose
prediction, fluence generation and delivery parameters generation [175]. As another Al-based ATP strategy,
deep reinforcement learning appears to be extremely suitable, even though some further development should
be performed before considering it for clinical implementation [176]. Due to a limited number of MRgRT
units in the world and the consequent reduced number of patients treated with this technology, multi-
institutional studies are needed to collect large amounts of MR-based treatment plans to train MRgRT-
specific ATP systems. The diffusion of automatic systems for treatment planning in MRgRT will allow more
reliable adaptive procedures, allowing treatment personalisation on the basis of image-based, dose-based or

genome-based biomarkers, as already demonstrated in some preliminary experiences [177-179]

8. Automation in QA

Medical physicists spend a substantial amount of their time in an RT department working on QA tasks,
independently of the presence of MRgRT units; such tests are related to machine characterisation
(commissioning, patient specific QA, periodic QA, end-to-end), to the equipment used for measurements or
to the software adopted in daily clinical activity [22]. As these tests can take between 20 to 150 minutes for a
single patient, there is a potential for Al tools not only to streamline the process reducing the time needed but
also to standardise decisions and minimise errors. In an online adaptive MRgRT treatment, Al solutions for
patient specific QA would have a high clinical impact, especially considering the fact that the QA result has
to be provided in a few seconds, while the patient is waiting in treatment position [180,181]. In vivo
dosimetry systems based on inorganic scintillators are under development to provide real-time dosimetric
information during beam delivery, but they are still far from clinical implementation also because they are
not able to provide 3D measurements at this stage of development [182,183]. The Al growth is leading the
automatization of a lot of QA processes in conventional RT, and it is reasonable to assume that most of these
innovations will soon be implemented in MRgRT as well, although no dedicated experiences have been
published so far. McNutt et al showed that using data collected over several years on patient specific QA, it
is possible to perform a more thorough evaluation of the key QA steps and to automate and personalise the
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QA methods, resulting in a more efficient and safe evaluation for each individual patient [184]. A new
patient treatment could be compared to the one of similar patients in their patient cohort and any dissimilarity
can be detected and further investigated. Thanks to this approach, guideline adherence, patient contours, plan
quality, pre-treatment verification results can be checked [184].

This comparison can be performed using simple statistical methods or more sophisticated classification
models based on ML or DL, which require a large amount of data and collaborative continuous efforts to
make the models portable and usable in different institutions.

With the aim of detecting potential errors in a treatment plan, Kalet et al developed a ML approach based on
a Bayesian network for chart checking. The network was constructed using a RO ontology and employed an
expectation maximisation algorithm to develop the conditional probability tables, using as database of the
historic clinical data from their clinical oncology information management system [ 185].

These probabilistic descriptions allowed verification of treatment plan parameters to be within the normal
scope of practice and therefore the detection of potential outliers to be flagged for further investigation.

Other groups have developed knowledge-based methods for dose and DVH predictions to be used for plan
quality assessment. The plan produced for a specific patient is compared to the predicted plan obtained using
the ATP system, as such allowing an easy identification of the plans that require further optimisation [186].
A similar approach was proposed by Nguyen et al, who created a CNN-based system able to predict the
optimal dose distribution for each single patient in case of prostate cancer [ 187].

Regarding patient specific QA, two different approaches have been reported in literature to minimise or even
avoid the pre-treatment measurements required for this specific task. The first approach consists in
identifying the most challenging plans to be checked, while the second approach consists in predicting the
gamma passing rate starting from a series of plan information data such as dose features, plan complexity,
machine model, beam energy, type of multi leaf collimator (MLC) and jaw positions [188,189].

Lam et al proposed three ML algorithms able to predict the results of 2%/2mm gamma passing rates obtained
with portal dosimetry for IMRT QA. The authors observed a prediction accuracy of these algorithms ranging
from 95% and 98% [190]. Li et al proposed a ML architecture consisting of a Poisson Lasso (PL) regression
model that predicts the individual gamma passing rate, followed by a RF classification model that classifies

the QA result as “pass” or “fail”. The system was reported to have reliable results once the original data was
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pre-processed to compensate for the original tendency of PL model in overestimating the gamma passing
rates of challenging VMAT plans [191]. As discussed, these ML approaches also have the advantage of
interpretability and they allow to discriminate the features that have the highest impact on the results. On the
other side, these models have low portability as they are highly dependent on different factors that are
institution-dependent, such as the systems used for pre-treatment verification, the evaluation methodology
chosen and the treatment unit. DL methods have also been proposed to extract features from the dataset that
can be used to model and classify pre-treatment verification results [192—195]. Lastly, it is worth
mentioning that the integration of DL and radiomics could have great potential in the growth of automation
in QA, as reported by a recent experience by Nyflot et al, which demonstrated that a DL model can detect the
presence of treatment delivery errors from the radiomic analysis of patient-specific QA dose maps. In the
future, it is reasonable to expect that thanks to the support of modern Al-based systems it will be possible to
automate QA procedures in MRgRT as well, so reducing the time needed for plan specific verifications

without compromising safety and quality of online adaptive procedures.

9. Clinical considerations and final remarks

The present work reports the state of art in Al applications for MRgRT. While in some of the evaluated
fields several studies have already been published and broad clinical use is to be expected within the near
future, this seems further away in other fields. However, all the fields discussed are subject to ongoing
research aiming to address specific clinical needs. From a clinical point of view, Al is expected to allow
faster adaptive treatments for the patients in the near future, thanks to the development of suitable online
procedures characterised by treatment times comparable to those typical of conventional RT. This process is
not limited to MRgRT but involves other approaches using different in-room imaging systems, such as
CBCT, and commercially available solutions started to appear [168].

With regard to online adaptive treatments, the main anticipated clinical advantage that Al has to offer is the
reduction of the treatment time slot. Shortening adaptive treatments will also reduce intra-fraction organ
variability, thereby ensuring not only less exhausting but also safer treatments for patients, with a significant

impact not only for breath hold treatments, but also for free-breathing ones [196,197].
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In addition to making treatment procedures faster, it is reasonable to assume that the development of Al-
based systems capable of predicting treatment outcome may support in the future more advanced concepts of
adaptive radiotherapy, where not only the shape of the dose distribution is adapted to anatomical
modifications, but also the whole therapeutic approach. An example of this concept is the adaptation of the
dose prescription, increasing the fractional dose during RT in case of poorly responding patients, with the
aim of increasing the therapeutic efficacy. An important Al contribution is also expected in dose escalation
studies, where it is necessary to define new dosimetric constraints for OARs. Several dose escalations studies
have already been started in MRgRT with the aim of defining new dose constraints that reflect the
improvement in terms of accuracy in dose delivery obtained with these modern technologies.

The room for Al application mentioned in this review, despite the limited published experience, is huge with
relevant potentials for clinically relevant improvements. On-line ATP and automated QA have the potential
to better quantify the complex effects of various different influencing parameters on the applied dose to the
patient, thereby potentially making it easier to establish standards and to adhere to best practices. Especially
in these aspects, collaborative multi-institutional efforts on training Al-models are warranted. In general,
guidelines and recommendations are also necessary for the translation of Al methods from research to a
broad implementation in clinical practice. It will be the responsibility of medical physicists to analyse
uncertainties, discover limitations, elaborate thresholds and action levels in order to assess their impact on
patient treatments [3]. On the other side, companies and vendors of Al systems have the responsibility of
providing sufficient information and more open access to the original data on which they based the
development of their artificial systems [198].

Another aspect that has to be necessarily addressed for a full and safe clinical implementation of Al in
MRgRT concerns ethics. A clear assignment of responsibility has to be defined in case of an error performed
by an Al-based system. This represents a central issue in the whole clinical landscape and also in all the
applications that are exploited in clinical medicine by Al today and likely translating into new tasks for
commissioning and QA of Al-based systems for medical physicists [3,199]. In conclusion, the integration of
Al will presumably improve the quality of MRgRT treatments significantly in the coming years and may

also play a key role in the endeavour to individualise cancer treatments.
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