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Abstract

Online adaptive radiation therapy aims at adapting a patient’s treatment plan to their current anatomy
to account for inter-fraction variations before daily treatment delivery. As this process needs to be
accomplished while the patient is immobilized on the treatment couch, it requires time-efficient
adaptive planning methods to generate a quality daily treatment plan rapidly. The conventional
planning methods do not meet the time requirement of online adaptive radiation therapy because
they often involve excessive human intervention, significantly prolonging the planning phase. This
article reviews the planning strategies employed by current commercial online adaptive radiation
therapy systems, research on online adaptive planning, and artificial intelligence’s potential
application to online adaptive planning.

1. Introduction

In conventional radiation therapy (RT), a treatment planner designs a treatment plan based on the patient’s
anatomy before the treatment starts, and the same plan is intended to be used throughout the course of
treatment (Wu et al 2002), which usually spans several weeks. If systematic anatomical changes are observed, a
new computed tomography (CT) scan can be acquired and the planning process repeated to account for the
change in the remaining treatments. As the patient’s anatomy varies from day to day, undesired inter-fraction
variations could occur between the daily treatment sessions, such as organ motion, organ deformation, density
change, cavity filling, which may significantly compromise the therapeutic effect of the treatment plan

(Lomax 2008, Schmidt et al 2013, Miiller et al 2015, Uchinami et al 2019, Ashida et al 2020). As a consequence of
these variations, the actual target coverage and organ doses may not match the intent of the treatment plan. To
alleviate the negative impact of inter-fraction variations, efforts over the past two decades have focused on many
approaches such as adding margins to the target structures (van Herk et al 2000), improved immobilization
devices, image-guided radiotherapy (IGRT), robust optimization, the plan-of-the-day approach, and adaptive
radiotherapy.

In IGRT, patients receive daily imaging prior to a daily treatment session. Based on the daily image, the
treatment couch is shifted to align the patient with the planning image, such that the target volumes on the daily
and planning images match each other to the maximum degree (Dawson and Sharpe 2006, Den et al 2010). This
repositioning technique can mitigate setup errors and land the daily target volume of the patients in the planned
irradiation area, hence increasing the target coverage and reducing the margin required for daily treatment
(Dawson and Sharpe 2006, Den et al 2010, Dhont et al 2020). Although IGRT can improve treatment quality to
some extent, it is limited to correcting for positional errors with rigid translations and rotations; IGRT is unable
to rectify other sources of error such as organ deformation, beam path changes, and weight loss (Sonke et al
2019). For scenarios where IGRT is infeasible, alternative methods, such as No-Action-Level (NAL) protocol,
can be used to determine setup error. The NAL protocol estimates the setup error by the average setup error over
the first few fractions (de Boer and Heijmen 2007).
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On the other hand, robust optimization considers the latent inter-fraction variations as optimization
uncertainties and takes them into account beforehand in the optimization process (Chan et al 2006, Bortfeld et al
2008, Unkelbach et al 2009, 2018, Fredriksson et al 2021). The first step is to model the scenarios that represent
the possible inter-fraction variations. Then, a robust plan is generated that provides a reasonable dose
distribution for any scenario considered in the optimization process. This approach has demonstrated a certain
level of effectiveness in inter-fraction variation handling (Liu et al 2013, Mahmoudzadeh et al 2015, Zhang et al
2018). However, robust optimization has two inherent limitations that keep it from being the optimal solution
to inter-fraction variations. First, robust optimization requires defining uncertainty sets for the optimization
model. These usually only include predictable uncertainties that are easy to model, such as range uncertainty and
setup uncertainty, and disregard uncertainties that are difficult to precisely predict and model, such as weight
loss, organ deformation, and target volume changes. Consequently, the modeled uncertainty scenarios do not
realistically represent all possible inter-fraction variations. (Li et al 2015). Second, robust optimization finds a
solution suitable for a set of possible scenarios. Therefore, when applied to a particular scenario, the robust
solution does not provide the optimal therapeutic effect for a particular instance. In other words, robustness
comes at a price (Bertsimas and Sim 2004, van de Water et al 2016). Ultimately, the ideal approach is to adapt the
treatment plan to the patient’s anatomical changes during the course of treatment.

The plan-of-the-day approach, instead of creating only one treatment plan for one anatomy, prepares a
library of treatment plans for different anatomical scenarios that might occur during the course of the treatment.
At a daily session, the most suitable plan is selected based on the patient’s current anatomy (Novéakova et al 2017,
Oud et al 2022). This method has been presented clinically for photon (Heijkoop et al 2014, Buschmann et al
2018, Huddart etal 2021) and proton radiation therapy (Troost et al 2022). The advantage of the plan-of-the-day
approach is that it generally does not require additional time or resources as it bypasses daily plan generation and
only performs the selection of the daily plan at a treatment session. Compared to robust optimization, which
takes all the possible anatomical scenarios into account in one treatment plan, the plan-of-the-day approach, in
principle, allows less conservative plans for treatment. However, although the plan-of-the-day approachisa
significant step towards adapting to inter-fraction variations, it is difficult to include all the possible situations
when preparing the plan library, especially for changes such as internal organ deformation.

The concept of adaptive radiotherapy was invented to account for inter-fraction variations by updating the
treatment plan during the course of the treatment (Yan et al 1997, Wu et al 2009, Sonke and Belderbos 2010,
Castadot et al 2010). The patient would receive re-scan, and a treatment plan that matches the patient’s latest
anatomy would be created based on the updated image and contours and undergoes quality assurance (QA) for
clinical use. In adaptive radiotherapy, the need for the planning margins used in conventional radiotherapy to
account for the inter-fraction variations is hence reduced. The smaller planning margin size leads to less
conservative treatment plans with better predicted therapeutic effects (Nuver et al 2007, Lu et al 2012, van
Kranen et al 2016, Christiansen et al 2022). Various studies have illustrated adaptive radiotherapy’s potential to
reduce toxicity and improve clinical outcomes (Han et al 2008, Foroudi et al 2009, Wang et al 2009, Christiansen
etal 2022). Adaptive radiotherapy also exhibited superior efficacy as a method for inter-fraction variation
correction, compared to robust optimization (van de Water et al 2018, Jagt et al 2020, Lalonde et al 2021).

Currently, there are three recognized types of adaptive radiotherapy: offline (OffART), online (OnART), and
real-time. The three types differ fundamentally in the time taken for the adaptive process. In OffART, the
contouring, plan adaptation, and QA are performed in between fractions when patients are away from the
treatment room. OffART is usually performed periodically, e.g. weekly, Yan and Liang (2013), Ramella et al
(2017) or when the patient experiences significant anatomical changes (Lim et al 2014, van Beek et al 2019),
because it usually requires manual intervention for the three steps mentioned above, which is a labor-intensive
and time-consuming process. On the other hand, OnART is performed prior to treatment delivery when the
patient is immobilized on the treatment couch. Compared to the offline approach, the online approach has two
distinct advantages. First, OnART allows treatment with daily plans created based on the latest anatomy,
minimizing the time gap between plan creation and delivery. For that reason, patients are expected to receive
treatment more conformal to their current anatomy with OnART than with OffART. Second, OnART allows
more frequent adaptation since online adaptation can be, in principle, carried out every fraction, whereas
OffART can only be made occasionally. Increasing the frequency of adaptation is shown to be able to enhance
treatment quality (Bostel eral 2019, Bobic et al 2021).

Real-time describes a type of adaptive therapy that involves real-time tracking of the target during the
delivery rather than creating a new plan based on a static image. This has been described for conventional linacs
using the megavoltage (MV) imager and the treatment beam to image and track the target during the delivery,
adjusting the multi-leaf collimator (MLC) to follow the target if the position changes (Colvill et al 2016, Keall et al
2016,2018,2019, Muurholm et al 2021). Additional methods have been employed using the kilovoltage (kV)
imager (Poulsen et al 2010) or combining information from both the kV and MV imager for tracking (Cho et al
2009). Another method of tracking involves using implanted electromagnetic transponders to guide and
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Figure 1. Review structure.

monitor target localization in real-time; this has been marketed as the Calypso® 4-D Localization System
(Willoughby et al 2006, Silva et al 2014). Real-time localization and tracking can also be achieved with MR
imaging on an MRI-linac (Fast er al 2019). A new radiotherapy system (RefleXion Medical, Hayward, CA, USA)
combines a linac with a position-emission tomography (PET) detector to use the signal from injected
radiotracers to track the target. Two systems designed for real-time target tracking are the CyberKnife (Accuray,
Sunnyvale, CA) and Vero systems (Mitsubishi Heavy Industries, Tokyo, Japan and Brainlab AG, Feldkirchen,
Germany). Instead of dynamically adjusting the MLC positions, the beam direction is guided by an external—
internal correlation model (Seppenwoolde et al 2007, Hoogeman et al 2009, Sothmann et al 2016, Hiraoka et al
2020). The correlation model associates the measured signal of the external marker with the position of the
internal markers, either implanted fiducials or a visible lung tumor. During treatment, the robotic arm, couch,
or gimbal moves according to the measured external marker signal to adjust the beam direction. Since real-time
adaptive does not require re-planning, it will not be discussed further in this review.

As promising as OnART sounds, it also comes with various difficulties. One of them is the limited time for
adaptation. As the patient is immobilized on the treatment couch while online adaptation is being performed,
for the sake of patients’ comfort and to minimize the anatomical variations that occur between plan creation and
delivery, the whole process should be accomplished within minutes (Paganetti et al 2021). The demanding time
restriction is one of the most critical challenges, particularly for plan adaptation, which is the subject of this
review. The question then is: how may one create clinically acceptable plans within such a short amount of time
and which planning strategies may lead to a better plan from the clinical point of view?

By now, a few review articles have addressed online plan adaptation (Sonke et al 2019, Albertini et al 2020,
Paganetti et al 2021). However, these articles were intended to broadly cover the entire online adaptive workflow
and only touched briefly on online adaptive planning strategies. This article presents an exhaustive review of
existing online adaptive planning strategies as well as commercial OnART systems as a benchmark, providing an
overview of the development of online adaptive planning, and describes artificial intelligence (AI) based
strategies that may be implemented in the future, as shown in figure 1.

We conducted aliterature search using the PubMed search engine. The combination of the following
keywords was used initially to identify target articles: one of the following four keywords, ‘online plan
adaptation,” ‘online adaptive planning,” ‘automated treatment planning,” and ‘artificial intelligence treatment
planning,” with one of the following three keywords, ‘intensity-modulated radiation therapy (IMRT),’ ‘intensity-
modulated proton therapy (IMPT),” and ‘volumetric-modulated arc therapy (VMAT).” Then, we expanded our
search scope by performing chain searches based on the articles already collected, gathering relevant articles that
are cited in them. Finally, we included papers that satisfy the four following criteria in this review:

+ The planning methods discussed in the article address inter-fractional anatomical variations.

+ The planning methods discussed in the article are highly automated and can be prospectively integrated into
the OnART pipeline.

+ The planning methods discussed in the article are suitable for intensity-modulated radiotherapy, namely
IMRT, including VMAT, and IMPT.

+ The written language of the article is English.

Additionally, we conducted a secondary literature search for the commercial online adaptive systems with the
keywords: ‘Ethos online adaptive,” ‘ViewRay online adaptive,” and ‘Unity online adaptive,” following the criteria
above.

2804 articles were retrieved by searching the keywords on PubMed. After careful review, we downloaded 161
articles that fulfill the four criteria mentioned above.
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2. Online adaptive radiotherapy and its challenges

The OnART workflow comprises four primary components that must be accomplished before daily treatment
delivery: 1. Online imaging, 2. Online contour delineation, 3. Online treatment plan adaptation, and 4. Online
plan approval and QA (Albertini et al 2020). Besides the technical difficulties associated with each step, the
limited amount of time available, minutes, for all four components is the bottleneck that impedes extensive
clinical implementation of OnART. To complete the OnART workflow within the restricted time frame, the
general idea is to employ high-performance computers and replace human decision-makers with highly
automated computerized algorithms.

For offline imaging, CT is commonly used, although magnetic resonance imaging (MRI) is also becoming
more popular. For online imaging, in-room CT (Ma and Paskalev 2006, Knight et al 2009, Nesteruk et al 2021),
cone-beam CT (CBCT) (Yang et al 2007, Srinivasan et al 2014, Hua et al 2017), and MRI (Korhonen et al 2014,
Prior et al 2016, Koivula et al 2016, Maspero et al 2017) are the imaging modalities for streamlined image
acquisition. Currently, images acquired with CBCT or MRI must be registered to the planning CT to create a
synthetic CT for dose calculation; CBCT Hounsfield Units (HU) are not sufficiently accurate for dose
calculation, and MR images do not contain HU. For proton therapy planning, the conversion of HUs to proton-
stopping power is required, and accurate HU are even more crucial than for photons due to the sensitivity of
proton dose to the path length.

For online contour delineation, contour propagation and automated segmentation, two highly automated
approaches, are taking over the task from human decision-makers. Contour propagation projects the planning
contours onto the repeat CT either rigidly (Jagt et al 2017, Bernatowicz et al 2018, Botas et al 2018) or deformably
(Bach Cuadra et al 2006, Fritscher et al 2014, Lustberg et al 2018, Nenoff et al 2021). Automated segmentation
includes shape modeling methods, such as statistic shape model (Heimann and Meinzer 2009, Carminati et al
2018) and shape representation (Ibragimov et al 2014, Tong et al 2018), and Al-based methods (Lustberg et al
2018, Elmahdy et al 2019, Zhou 2020, Zhu et al 2020).

For online plan approval, various Al-based tools, such as dose-volume histogram (DVH) predictor (Zhu et al
2011, Toletal 2015, Lietal 2017, Hardcastle et al 2021), have emerged. The DVH predictor predicts the optimal
DVHs for a geometry, which can be used as a reference for plan optimality in the plan evaluation process. For
online QA, the traditional phantom-based physical QA is infeasible due to its unwieldy nature. Virtual QA, such
as secondary dose calculation has been developed as an alternative approach (Matter et al 2018, Johnson et al
2019, Zhao et al 2021). The secondary dose calculation, which re-calculates the dose distribution with the
adapted plan parameters on the planning image, should be done using a dose engine which is independent of the
treatment planning system (TPS) and may even use a different calculation algorithm such as Monte Carlo (MC).

By all means, the idea of replacing manual intervention with highly automated algorithms also extends to
online adaptive planning. Prior planning knowledge is the key to these highly automated adaptive planning
methods. The patient’s original plan, which is regarded as a clinical standard treatment plan for the patient, and
population planning knowledge can be utilized in online adaptive planning. The patient’s original plan can be
spatially deformed to match the patient’s daily geometry (Court et al 2005, Mohan et al 2005, Court et al 2006,
Feng et al 2006, Ahunbay et al 2008, Fu et al 2009, Ahunbay et a1 2009, 2010, Zhang et al 2011, Jagt et al 2017,
Bernatowicz et al 2018, Botas et al 2018, Jagt etal 2018, 2019, Liu et al 2020) or used as guidance for re-
optimization (Li et al 2013, Vestergaard et al 2013, Zarepisheh et al 2014, Ahunbay and Li 2015, Olberg et al 2018,
Tyran et al 2018, Kong et al 2019). The planning knowledge extracted from similar patients can be used to train
Al agents for rapid daily plan generation to meet the time requirement of OnART (Lee et al 2013, Boutilier et al
2015, McIntosh et al 2017, Mahmood et al 2018, Jihong et al 2020, Li et al 2020, Shen et al 2020, Li et al 2021, Shen
etal2021).

3. Treatment planning as an optimization problem

Intensity-modulated treatment planning employs inverse planning techniques. Broadly speaking, the planner
starts by defining a set of dosimetric goals in terms of DVH objectives or constraints based on the therapeutic
effect they desire for the treatment (Xing et al 1999, Bortfeld 1999, Oelfke and Bortfeld 2003, Webb 2003). For
example, one can define objectives or constraints such as the minimum dose delivered to 95%, Dys, of the
planning target volume (PTV) to be no less than 97% in relative dose, or the maximum dose, Dy,,y, delievered to
the chiasm to be no more than 30% in relative dose to regulate the dosimetric attributes of the treatment plan.
The constraints are the hard criteria that the plan must satisfy, and the objectives are the soft criteria that the plan
better satisfies. The established set of objectives is formulated into an optimization problem subject to the
constraints (Craft et al 2006, Craft 2013), which computerized optimization algorithms can solve efficiently:
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mini{fi(d)>,)(2(d)>~--fN(d)}
s.t. g]-(d) <0, j=1..M,

Dx=d,
x>0, (D

where fi(d) denote the objectives, g(d) denote the constraints, D denotes the dose influence matrix, d denotes the
dose distribution, and x denotes the solution. For IMRT, the solution, x, can be a fluence map (Romeijn et al
2004, Jinet al 2010, Aleman 2018) or a set of MLC apertures weights (Shepard et al 2002, Broderick et al 2009,
Salari and Unkelbach 2013). For IMPT, the solution is a set of spot weights for the designated proton beamlets
(Lomax 2008, Jagt et al 2017, van de Water et al 2020).

Due to multi-dimensionality, there does not exist an ultimate optimal solution for such an optimization
problem. However, there exist Pareto optimal solutions, whose objectives cannot be improved without having
the others compromised. The Pareto solutions altogether form a Pareto frontier and the treatment planner
would search for the treatment plan on the Pareto frontier.

Conventionally, the treatment planner assigns a weight to each objective to scalarize problem (1) into the
following problem:

N
miniz w; f.(d)
* =1

s.t. gj(d) <0, j=1.,M,

Dx = d,
x>0, @)

where w; denotes the non-negative objective weight assigned to each objective f(d). Intuitively speaking,
increasing an objective weight w; results in a Pareto solution that better meets the corresponding objective, fi(d).
The planning procedure includes consecutive tuning of planning parameters, such as objective weights and
DVH constraints, and evaluating the intermediate plan generated by the selected planning parameters. The
procedure continues until a satisfactory plan is found. However, this trial-and-error-based process can be very
lengthy for complex cases with many objectives, as a large number of repetitions of the above steps can be
required. Besides the parameter-tuning process, plan generation and evaluation also cost a considerable amount
of time. Consequently, a conventional planning session can last from tens of minutes to hours (Hong et al 2008,
Craftetal 2012, Xhaferllari et al 2013, Kusters et al 2017, Lin et al 2020), depending on the complexity of the case.
Therefore, conventional planning fails to meet the time requirements of OnART.

Alternative planning techniques, such as Pareto navigation (Craft et al 2006, Monz et al 2008, Teichert et al
2011, Craftand Richter 2013) and wish-list-driven optimization (Breedveld et al 2012, Bijman et al 2021), have
emerged to improve planning performance and efficiency. The Pareto navigation method first approximates the
patient’s daily Pareto frontier by the convex combination of multiple pre-calculated Pareto plans. It allows the
planner to navigate through the approximated Pareto frontier and identifies the favorite plan in a real-time
fashion. On the other hand, for wish-list-driven optimization, the planner a priori defines a ‘wish-list’ that
contains objective functions with different priorities and constraints. Then, the e-constraint method (Haimes
etal 1971) is iteratively performed to solve the optimization problems guided by the wish-list. An objective
function in the list is minimized in each iteration following the order of priority, subject to the defined
constraints and the achieved objective values of the higher-priority objective functions minimized in the
previous iterations. Although such planning techniques significantly reduce treatment planning time (Hong et al
2008, Crafteral 2012, Miiller etal 2017, Bijman et al 2021), the time cost still exceeds the time constraint of
OnART because the methods either rely on human intervention in the navigation phase or require multiple
rounds of optimization problem solving. Therefore, to meet the time requirement of OnART, it is crucial to
employ novel planning strategies that are highly automated and concise in the optimization process.

4. Current commercial OnART systems

Currently, there are no commercial systems that perform online adaptive proton therapy, but three commercial
systems are clinically available for online adaptive photon therapy: Ethos, Unity, and MRIdian. The three
systems use different modalities for the daily re-planning image; Ethos uses CBCT images, Unity uses 1.5 T MR
images, and MRIdian uses 0.35 T MR images. The three systems also use different plan adaptation strategies,
with different compromises made to achieve faster plan optimization times.
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4.1.Varian Ethos

The Varian Ethos (Varian Medical Systems, Palo Alto, CA), introduced in 2019, pairs the closed bore Halcyon
linac with dedicated treatment planning and record and verify systems. The Halcyon linac provides a 6 MV
flattening filter free (FFF) beam and kV iterative cone-beam CT (iCBCT) imaging, with a minimum CBCT
acquisition time of 17 s (Netherton et al 2019, Pathak et al 2021). A streamlined adaptive workflow is enabled in
part through artificial intelligence (Al)-based auto-contouring of relevant organs at risk (OARs) and rapid plan
re-optimization capabilities.

The Ethos uses Varian’s Intelligent Optimization Engine (IOE) (Pokharel et al 2022) for the optimization of
the initial treatment plan and the daily adapted plan (Varian 2021). The user is required to create a prioritized list
of clinical goals, using standard optimization goals such as Dmin, Dmax, Dmean, dose or volumetric goals. Each
target or organ may have multiple goals, and each goal is assigned a priority group of 1 (Most important), 2 (Very
important), 3 (Important), 4 (Less important), or 5 (Report value only; these goals are ignored during
optimization). Within each priority group, goals are given sub-priority rankings by ordering the goals within the
group. Prior to initiating the optimization, the IOE performs a structure pre-processing step where it examines
the goal list and assesses possible conflicts and overlaps between targets and organs. The IOE resolves overlap
situations by creating a modified optimization structure set which crops structures assigned a lower-priority goal
from those structures with a higher-priority goal, using automatically determined margin structures to ensure
the dose gradients are controlled. Extra goals, structures, and optimization objectives are defined by the IOE to
control other quality metrics. These include a Normal Tissue Objective (NTO) to ensure that dose falls off
appropriately from the target level, a hot-spot control constraint for the body to prevent global hot spots above
the highest prescription dose, and ring structures created around each target to keep prescription doses within
the target region. There is also a metric that monitors fluence complexity and aims to reduce excessive monitor
units (MU) that can arise after leaf motion calculation. During optimization, unmet goals with higher priority
are worked on before lower priority goals; the ranking of goals by the user is essential to the creation of
optimization structures and the automatic handling of the optimization objectives by the IOE. Byrne et al (2022)
shows that the IOE took around one minute for re-optimization of IMRT lung and brain cases.

RapidPlan (Fogliata et al 2019) DVH estimation models can be imported into Ethos and applied to a
prescription. However, because there is not a known priority order for the DVH line objective derived from a
RapidPlan model, the IOE cannot effectively monitor or modify the strength of this line objective. The cost
function from the DVH estimation model is added to the optimization at a level low enough not to overwhelm
the IOE’s automatically determined objectives. Thus, RapidPlan models in Ethos serve principally as quality
monitors rather than driving the optimization (Varian 2021).

The Photon Optimization (PO) algorithm optimizes IMRT and volumetric modulated arc therapy (VMAT)
plans using the cost function created for each optimization objective by the IOE (Pokharel et al 2022). The sum
of all objective cost functions is minimized by iteratively conforming the dose distribution to the desired
objectives. Fluence smoothing is used for static field IMRT optimization with PO to allow the Leaf Motion
Calculator (LMC) to find a good representation of the fluence while keeping the MU low (Spirou and
Chui 1994). The Automated Planning algorithm uses Smart LMC to sequence the leaf positions from the
optimized fluence (Varian 2021). The Sliding Window method is used to minimize the delivery time and avoid
extra dose from MLC transmission and leakage.

For Ethos adaptive therapy, the user enters the prescription, clinical goals for each target and organ, and the
priority ordering of goals when creating the initial treatment plan. These are saved and used for daily adapted
plan generation. To streamline the automated plan generation workflow, the user is not allowed to modify any
goals or change the goal ordering for the daily adapted plan. To generate a clinically acceptable adapted plan, the
user must understand how the IOE sets up the optimization to order the goals appropriately and ensure the goals
are robust to changes in the anatomy. For example, if there is overlap between an organ and a PTV, the PTV will
be cropped and underdosed if the organ has a higher priority clinical goal than the PTV, and this behavior
cannot be modified for daily adaptive plan generation.

4.2, Elekta Unity

The Unity MR-linac, introduced in 2018, is a hybrid wide-bore 1.5 T MRI (Philips, Best, The Netherlands) and a
slip-ring design 7 MV FFF linac (Elekta AB, Stockholm, Sweden) pairing that requires some form of plan
adaptation for every daily treatment delivery. The linac treatment couch does not allow making shifts for patient
alignment, so every plan at a minimum must be adapted for changes in the patient position relative to treatment
isocenter. The primary advantage of MRI over CBCT is improved soft tissue visualization; MRI can also be used
for intra-fraction motion monitoring as it does not use ionizing radiation to form the image. The Unity does not
have dedicated treatment planning or record and verify systems, instead utilizing Monaco (Elekta AB,
Stockholm, Sweden) for treatment planning and Mosaiq (Elekta AB, Stockholm, Sweden) for record and verify.
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Table 1. Six online plan adaptation methods supported by Unity. SAM = Segment Aperture Morphing.

Method Name Description

A Original segments No modification of segments

B Adapt segments Morph segments with SAM

C Optimize Weights from segments Method B + segment weight optimization

D Optimize Weights from fluence Re-optimize fluence and create new segments
+ segment weight optimization

E Optimize Weights and Shapes from segments Method C + shape optimization

F Optimize Weights and Shapes from fluence Method D + shape optimization

The initial pre-treatment plan is generated using Monaco. In addition to standard physical cost functions
such as DVH and maximum dose, Monaco offers one objective biological cost function for targets, a Poisson
statistics cell kills model, and two constraint biological cost functions for OARs based on a general parallel or
serial organ model (Semenenko et al 2008). These biological indices, which act across the entire DVH rather than
only up on a single point like physical cost functions, are included in the overall objective score for plan
optimization. The optimization process in Monaco is divided into two stages; during the first stage, the ideal
fluence map is optimized based on the objective function and the treatment beam parameters. Dose is calculated
for this stage using a pencil beam (PB) algorithm. During the second stage, deliverable fields are generated by an
MLC sequencer that simultaneously optimizes the segment shapes and weights. The dose is calculated for this
stage using an MC algorithm. Chuter et al (2019) found that the use of MC for stage I optimization for MR-linac
plans was unnecessary as it increased planning time without providing any clinical improvement in plan quality
compared to PB.

During an adaptive treatment, an online MRI is acquired and sent to Monaco. The pre-treatment CT,
contours, and plan are used with the online MRI to adapt the plan. In Monaco, the user selects one of two
adaptive workflows: Adapt To Position (ATP) or Adapt To Shape (ATS). The ATP workflow allows for plan
adaptation based only on patient position relative to isocenter; in this workflow, the pre-treatment CT is rigidly
registered to the online MRI and the isocenter position on the pre-treatment CT is updated based on this
registration. The pre-treatment plan is then either re-calculated or re-optimized on the pre-treatment CT based
on the new isocenter position; no contour edits are allowed in this workflow, so the original contours are used
for re-calculation or re-optimization. If re-optimization is performed, it starts with the same optimization
objectives as the original pre-treatment plan. An essential component of Unity adaptive planning is online
Segment Aperture Morphing (SAM) (Ahunbay et al 2008, 2009, 2010). The SAM algorithm is designed to
calculate the MLC morphing (leaf shifts) based on a beam’s eye view (BEV) of the old target projection compared
to the new target projection, which allows the segment shapes to adjust for target translations, rotations, and
deformations that cause a change in the BEV target projection.

The ATS workflow, on the other hand, allows for plan re-optimization based on changes in patient anatomy.
In this workflow, the pre-treatment CT and contours are deformably registered with the online MR and
contours are then edited if necessary. The plan is re-calculated or re-optimized on the online MR, with the
contours assigned the average electron density value of the corresponding contour on the pre-treatment CT.
Similar to ATP, the ATS re-optimization starts with the pre-treatment optimization objectives.

For both the ATP and ATS workflows, six different plan adaptation methods are offered in Monaco, as
shown in table 1. Method A uses the same segments and MU as the pre-treatment plan. Method B uses SAM to
morph the segments from the pre-treatment plan based on the rigid registration between the pre-treatment CT
and online MR. Method C uses the morphed segments after SAM and optimizes the weights of each segment to
minimize the cost function created from user objectives (Ahunbay et al 2008, 2009, 2010). Method D discards
the pre-treatment segments and first re-optimizes the fluence and creates a new set of segments. The sequencing
can be performed with the iterative algorithm, adaptive sequencer (ASEQ), developed by Kontaxis et al
(2015,2017). The new segments are then further optimized using segment weight optimization. The same is true
for the last two methods; Method E uses the morphed segments after SAM for weight and shape optimization,
while Method F re-optimizes the fluence and creates new segments, then further optimizes the weights and
shapes. The ATP workflow only allows methods that use the morphed segments (A, B, C, and E); the user can
switch from the ATP workflow to the ATS workflow within Monaco if they determine that an acceptable plan
cannot be generated with any of the methods using the morphed segments. A study simulating online plan
adaptation for five cases with varying levels of inter-fraction motion found that the time for re-optimization
using the methods available in the ATP workflow ranged between 18 and 376 s (Winkel et al 2019), but that
Methods A and B did not result in plans that met clinical constraints. Method C rarely met clinical constraints.
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The ATS workflow required longer times than ATP, ranging between 17 and 485 s, but was able to meet clinical
constraints for most simulated adaptive plans.

4.3. ViewRay MRIdian

The MRIdian (ViewRay Inc, Denver, CO) originated in 2014 with a 0.35 T MRI combined with three ring-gantry
mounted ®°Co sources, and in 2018 was upgraded to use a 6 MV FFF linac instead of ®*Co. ViewRay provides a
dedicated MC-based TPS which is also integrated into the MRIdian treatment console to allow online adaptive
re-planning.

The initial pre-treatment plan is generated in the ViewRay TPS using either a CT scan or MR image; for plans
based only on an MR], electron densities must be set for each structure. The dose optimization algorithm uses a
separable nonlinear convex voxel-based criteria optimization model with a projected gradient minimizing
algorithm (Romeijn et al 2004, Fox et al 2008). Contours are determined by the voxels of the image, with
contours rounded to the nearest voxel, and all voxels have a penalty function associated with them according to
their underlying target or critical structure. If multiple targets and critical structures overlap a given voxel, a
user-defined priority list is used to determine which critical structure or target dominates. There are three
radiation beam types in the ViewRay TPS: optimized conformal, fixed conformal, and IMRT (ViewRay 2019).
All three types require the user to set the number of beams and beam angles. Optimized conformal beams consist
of one segment shaped to fit the target, with the fluence of individual beams optimized by the TPS based on user-
defined constraints. Fixed conformal beams consist of one segment that is defined by the user rather than shaped
automatically, with the TPS calculating the beam fluence based on prescription weighting points. IMRT beams
are discretized into beamlets (bixels) for inverse optimization based on user-defined constraints. After
calculating and optimizing the bixel doses to best achieve the desired optimization goals, bixel maps are
converted into deliverable segments. An IMRT Efficiency factor is used as a fluence regularization term added to
the objective function during optimization to penalize large fluence fluctuations (ie. differences between
neighboring bixels). There are three IMRT leaf sequencing options, which also affect the total number of
segments and plan quality: accuracy goal, fixed levels, and number of segments. The accuracy goal sequencer
tries to minimize the distance between fluence and segment dose, adding more segments if necessary, and is
useful when plan quality is more important than the number of segments. The fixed levels sequencer allows the
user to specify the number of discretization levels for the bixel fluence map within a range of 2-20, with higher
values resulting in more and smaller segments. The number of segments sequencer allows the user to specify the
total number of segments as an upper limit; if the number of segments is too low, plan quality may be
compromised. Romeijn optimization algorithm allows the user to generate a range of plans from a single cost
function, with the plans increasing in number of segments from user-specified minimum to maximum values
and is best used with number of segments sequencing to evaluate the appropriate number of segments that
achieves desirable plan quality. Da Silva Mendes et al (2021) found that ViewRay MR-linac IMRT plans for
prostate cancer were comparable in plan quality to VMAT plans generated by Monaco for an Elekta Versa HD
linac; the IMRT plans also had higher MU and longer predicted delivery times than the VMAT plans.

There are several options available in the online TPS for daily plan adaptation. ‘BOT Optimize’ is a simple
segment weight optimization which does not modify the segment shapes and can be used either in place of an
optimization or after optimization is complete. ‘Optimize Dose’ is used to start a new optimization or continue
an existing optimization. If a new optimization is started, beam angles and structure weights can be edited if
needed. Depending on the optimization changes, bixels may need to be re-calculated, which adds to the overall
planning time, or only re-optimized. Changes that require bixel re-calculation include editing the bixel size,
turning the magnetic field corrections on or off for bixel or dose calculation, editing the number of histories for
MC bixel or dose calculation, editing a target structure, or adding or removing a structure as a target. Changes
which only require bixel re-optimization include modifying Romeijn parameters, modifying the IMRT
efficiency value, selecting a different sequencing option, editing existing objectives or constraints, or adding a
new objective or constraint for an already included OAR. ‘Add Segments’ re-runs the segmentation with five
additional segments to improve plan quality and can only be used after optimization is complete. The mean time
cost for re-planning and QA was 5.91 £ 3.98 min based on 154 patients with 962 fractions treated on a MRIdian
between 2018 and 2019, with the shortest time cost (3.71 min) for fractions treated with the predicted dose and
the longest time cost (7.94 min) for fractions in which optimization and dose calculations were performed
(Glingor et al 2021).

5. Research on online adaptive planning

In recent decades, various kinds of research have been conducted to improve the speed and efficacy of online
adaptive planning. Two primary classes of methods have emerged for photon adaptive planning: ‘Plan
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Figure 2. Plan deformation methods derive a deformation field from the inter-fraction anatomical changes that have occurred
between day 0 and day #. The deformation field is then applied to the original plan for daily plan generation, in hopes that the original
plan-anatomy relationship can be retained.

deformation’ (Court et al 2005, Mohan et al 2005, Court et al 2006, Feng et al 2006, Ahunbay et al 2008, Fu et al
2009, Ahunbay et al 2009, Gui et al 2010, Ahunbay et al 2010, Liu et al 2020) and ‘re-optimization’ (Li et al 2013,
Vestergaard et al 2013, Zarepisheh et al 2014, Ahunbay and Li 2015, Olberg et al 2018, Tyran et al 2018, Kong et al
2019, Padgett et al 2020). The ‘plan deformation” methods assume that the dose distribution is geometrically
related to the patient’s anatomy. If a treatment plan, e.g. the fluence maps or MLC apertures, looks the same with
respect to the daily anatomy as the original plan looks with respect to the original anatomy, it can deliver a dose
similar to the original dose. Therefore, the ‘plan deformation’ methods spatially deform the original plan
according to the inter-fraction anatomical changes to retain the relative geometric relationship between the plan
and anatomy, as shown in figure 2. On the other hand, the ‘re-optimization” methods seek a daily plan
dosimetrically similar to the original plan through solving mathematical optimization problems established for
the daily geometry.

5.1.Plan deformation methods

Photon treatment planning systems generally either optimize the fluence map or segments; the plan
deformation methods can also be subdivided into fluence map deformation methods (Mohan et al 2005, Liu et al
2020) and segment shape deformation methods (Court et al 2005, 2006, Feng et al 2006, Ahunbay et al 2008, Fu
etal2009, Ahunbay et al 2009, Gui et al 2010, Ahunbay et al 2010).

Mohan et al (2005) proposed a method that deforms the original fluence map according to the change of the
PTV’s projection in the beam direction. The original and daily PTV contours are first projected on the planning
CT and repeat CT along the beam direction, respectively. Then, the PTV projections are deformably registered,
resulting in a deformation field. The resultant deformation field represents the PTV changes that have occurred
between pre-treatment planning and re-planning days. Finally, the deformation field is applied to the original
fluence map, and the resultant fluence map is segmented for daily treatment. It is noteworthy that this method
only considers the change of PTVs perpendicular to the beam direction when deforming the fluence maps,
neglecting the change along the beam direction. The process was expected to complete within minutes for
prostate and head-and-neck cases.

To take the change of PTVs in the beam direction into account, Liu et al (2020) proposed a method that
utilizes a 3-D deformation field to deform the original fluence map. The first step is registering the planning CT
and repeat CT, obtaining a 3-D deformation field. Then, for each beamlet, the deformation vectors that reside
along the beamlet are projected onto the isocenter plane perpendicular to the beamlet direction. The average of
the projected deformation vectors is used to transform the position of the beamlet. This method costed
approximately 3 min for re-planning for lung cases.

On the segment deformation side, Court et al (2005) proposed a method that modifies the shape of the
original segments using rigid image registration for co-planar IMRT prostate treatment. This method does not
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change the distance within the MLC leaf pairs of the original plan. The planning and repeat images are first
rigidly registered by the target volume. The isocenter shift provides a global translation for the original segments
in the superior—inferior (SI), anterior—posterior (AP), and right-left (RL) directions. Then, the individual slices
of the planning image and their corresponding slices of the daily image are registered, providing a local
translation in the AP direction to the MLC leaf pair above the registered slices, while the relative distance
between the pair of MLC leaves remains untouched. Finally, the MLC leaves open up or close in the SI direction
in response to the longitudinal extension or shrinkage of the target volume.

A year later, Court et al (2006) further developed this method for head-and-neck cases, where additional
consideration of rotation around the SI axis and translation in the RL direction need to be taken. Before the
treatment, a primary plan is created for the planning image. Then, alibrary of secondary plans is established for
the potential rotational changes. The secondary plans are created for the planning image using the primary
plan’s objectives, objective weights, and gantry angles with different rotational displacements. Similar to the
method previously described (Court et al 2005), before the daily fraction, the daily image and planning image are
rigidly registered as a whole for the global shift for the MLC leaf pairs. Then, the individual slices are registered,
determining the local translational changes in the AP and RL directions and the rotational change. The
corresponding MLC leaf pair of the plan that has the most similar angular displacement to the determined
rotational change is selected from the library for each daily image slice. Finally, the assembled MLC leaf pairs
undergo global and local shifts and open up or close for the longitudinal change. The fixed distance within the
MLC leaf pairs is a limitation of this method compared to the segment deformation methods to be presented
later, because a segment more conformal to the target volume can be achieved by modifying the intra-leaf
distance of the MLC leaf pairs.

In contrast to the rigid-image-registration-based MLC deformation methods, Feng et al (2006) developed a
method that modifies the MLC leaf pairs for each segment with deformable image registration. The underlying
concept of this method is akin to the 3-D fluence map deformation method discussed above (Liu et al 2020).
First, the planning and daily images are deformably registered, producing a 3-D deformation field. The 3-D
deformation vectors along each beamlet path are projected onto the isocenter plane, perpendicular to the beam
path, and averaged, resulting in a 2-D deformation field. The shape of the original segments is transcribed into a
set of points located on their boundary. To deform the original segments, the 2-D deformation field is applied to
the boundary points of the corresponding segment. The new boundary points determine the new MLC leaf
pairs, which are subsequently converted into a deliverable plan with the original segment weights. The aperture
deformation step took 30 s for a prostate case.

Fuetal (2009) proposed a target-volume-projection-based deterministic model that transforms the segment
shape. The model determines the new position of MLC leaf pairs from the geometrical center position and
lateral extension of the planning and daily targets’ projection in the beam direction. The difference between the
geometric center of planning and daily target projections provides a global shift to the MLC leaf pairs in the SI
direction. Then, for each individual MLC leaf pair, the geometric center and the lateral boundary position of the
part of the new target projection underneath it find the new position of the MLC leaf pair together with the MLC
leaves’ original position. Finally, MLC leaf pairs close up if no target projection appears underneath them. Using
this method, the adaptive planning process could be completed in 10-20 min, including contour delineation.

The segment aperture morphing (SAM) method is another target-volume-projection-based deterministic
model that deforms the segment shape for daily plan adaptation (Ahunbay et al 2008). Unlike the method
presented by Fu et al (2009), which determines the new position of MLC leaf pairs individually from the part of
the target projection underneath them, the SAM method determines the new position of MLC leaf pairs through
the position of a group of boundary points created at the edge of the original MLC leaf pairs. For boundary
points located within the planning target projection, their distance to the outline of the planning target
projection in the x and y (SI) directions are linearly scaled by the ratio of the total extent of the daily target
projection to that of the planning target projection in the respective direction. The boundary points located
outside the planning target projection hold the point-to-target distance unchanged. Given the daily target
projection, the new point-to-target distance decides the new position of the boundary points. The average lateral
position of the new boundary points under an MLC leaf pair identifies the new lateral position of the MLC leaf
pair. It took 1 s to complete SAM for IMRT head-and-neck and prostate cases (Ahunbay et al 2009, 2010) or less
than 10 sec for VMAT prostate, pancreatic, and lung cases treated with flattening filter free beams (Ates et al
2016).

Crijns etal (2015) proposed an online plan adaptation method that combines SAM with internal markers for
VMAT prostate cases. First, the initial and daily positions of the internal markers in the BEV are fitted using the
least square fit. The resultant transformation is applied to the MLC apertures for translation, rotation, and
isotropic scaling. Then, SAM is performed to morph the shape of the MLC apertures. Following that, a
regularization factor derived from the target radius scales the apertures to maintain the initial penumbra margin
size. Finally, the MU is corrected by a point dose calculation (Khan 1992) based on the water equivalent path
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length (WEPL) between the internal maker and the internal markers. The adaptation workflow took less than 13
sec to complete reportedly.

In summary, the plan deformation methods assume a geometric relationship between the patient’s
treatment plan and dose distribution, such that if the patient’s original treatment plan is spatially deformed
according to the inter-fractional anatomical changes, the original dose distribution can be retained for the daily
fraction. The primary advantage of the plan deformation methods is the speed, which can be in the order of
seconds. The deformation methods construct the daily plan by directly modifying an existing plan without
solving any plan optimization problem, which can cost a significant amount of time if the problem involves a
large number of decision variables and objective functions. However, it is worth noting that the methods that
deform fluence maps require a following sequencing step to convert the resultant fluence maps into a deliverable
plan, causing additional time cost and deterioration of the dose distribution. Although some plan deformation
methods have been successfully implemented in commercial OnART systems, i.e. SAM (Winkel et al 2019,
Strand et al 2021), the intrinsic drawback of this class of online plan adaptation methods is that the geometric
relationship it relies on is a false assumption. First, the original plan might not be sufficient to deliver a quality
dose distribution to the daily geometry in the first place, even after being spatially modified according to the
anatomical variations. Second, the spatial modification does not account for the density changes along the beam
path, e.g. transient intestinal gas, cavity filling, and skin folds. Therefore, the plan deformation methods do not
guarantee the quality of the obtained daily plan.

5.2. Re-optimization methods

As mentioned in the previous section, the challenge of re-optimizing the treatment plan is the lengthy manual
planning parameter tweaking process to establish a proper optimization problem for the daily geometry, such as
choosing planning constraints, objectives, and objective weights. One of the most intuitive approaches to avoid
the manual tweaking process is to reuse the optimization problem constructed for the initial plan (Vestergaard
etal 2013, Tyran et al 2018, Kong et al 2019, Padgett et al 2020). This method is currently used in all commercial
OnART systems and is the only re-optimization method available in Ethos, while the MR-linac systems allow
modification of the original optimization problem if deemed necessary. The initial optimization problem
encompasses the treatment planner’s preference. For example, the chosen objective weights reflect the treatment
planner’s preferred trade-offs between the structures. If the patient does not undergo drastic anatomical
changes, such trade-offs may remain valid in the subsequent days. Therefore, the initial optimization problem
might lead to acceptable daily treatment plans, although not truly therapeutically optimal, for the following
fractions.

On top of reusing the initial optimization problem for daily plan generation, Olberg et al (2018) presented an
organ grouping method that makes the initial optimization problem more robust to inter-fraction anatomical
variations. The proposed method combines several critical OARs into one structure in the planning process
instead of treating them individually. The unified OAR structure showed insensitivity to anatomical variations.
The treatment with daily plans generated by OAR-grouping optimization problems showed significant
improvement in target coverage compared to the treatment with the daily plans generated with the
conventionally constructed initial optimization problems for pancreatic cases.

Besides reusing the initial optimization problem, several DVH-guided re-optimization methods have been
developed. To make up for deficiencies of the plan deformation methods and further tailor the daily plan, a
follow-up procedure that re-optimizes the segment weights after SAM was proposed (Ahunbay et al
2008,2009, 2010). The segment weight optimization (SWO) method uses the DVH values achieved in the
original plan as the prescribed dose in the objective functions, aiming to recover the original plan’s DVH values,
which are considered clinically acceptable and attainable for the patient, in the daily treatment plan. The initial
weight of the objectives is set to 1. During the optimization problem-solving phase, once an objective is fulfilled,
its weight is set to 0, leaving space for other objectives yet to be satisfied. The SWO step took about 2 min to
complete for head-and-neck and prostate cases.

Lietal (2013) developed a DVH-guided iterative objective weight tuning method for online IMRT plan
adaptation. The idea behind this method is to automate the plan evaluation and planning parameter tuning
process, which can be time-consuming when conducted manually due to the time cost of decision-making. In
the first phase, called the ‘coarse tuning phase,” a new weight is determined for each structure’s objective
functions by the area where the DVH of this structure is worse in the intermediate plan than the original plan. In
the second phase, called the ‘fine tuning phase,” a new weight is determined for each voxel by how much its dose
achieved in the intermediate plan deviates from the prescribed dose. The stopping criteria are either that the
maximum number of iterations is reached or that no substantial improvement can be made for the intermediate
plan. The average time cost of re-optimization was around 30 s for each of the three head-and-neck cases.
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Figure 3. 2-D demonstration of the Zarepisheh et al (2014) method in the objective space. The yellow and red dots represent the pivot
and reference plans. The dashed and solid curves represent the quadratically approximated and actual daily Pareto frontier, the arrow
represents the objective weights of the reference plan on the quadratically approximate Pareto frontier, which leads to the daily plan,
the green dot, on the actual daily Pareto frontier. Zarepisheh et al 2014 John Wiley & Sons. © 2014 American Association of Physicists
in Medicine.

Zarepisheh et al (2014) presented a method that seeks objective weights that lead to a daily plan
dosimetrically similar to the original plan on the daily Pareto frontier in the objective space, as shown in figure 3.
The first step of the method is quadratically approximating the daily Pareto frontier with a pivot planand a
reference plan. The pivot plan is a plan generated with a random set of objective weights on the daily Pareto
frontier, which makes the quadratic approximation of the daily Pareto frontier more realistic. The reference plan
is the voxel dose permutation of the original plan most similar to the pivot plan. The maximized similarity makes
the reference plan the voxel dose permutation most likely feasible for the daily geometry. Given that the gradient
of a Pareto frontier at a Pareto solution is the objective weights associated with the solution, the gradient of the
reference plan on the quadratic approximation of the daily frontier is calculated and used for daily plan
generation. This proposed method can be performed repetitively with different pivot plans, and the best solution
is selected as the daily plan in the end. This method took 11.6 s to complete adaptive planning for a head-and-
neck case.

Ahunbay and Li (2015) proposed a method called gradient maintenance (GM), which is based on the idea
that the dose gradients towards the OARs around the target in a plan correlate to the dosimetric features of the
plan. Therefore, if such dose gradients achieved in the original plan can be preserved in the daily plan, then this
daily plan should be dosimetrically similar to the original plan. The author introduced an artificial structure
called partial concentric rings (PCR) as surrogates for the dose gradients. The PCRs are the projection of the
OARs onto the surface of the isotropically expanded CTV at different extensions. At the daily treatment session,
the target contours are delineated, and the original PCR contours are deformably registered to the daily image.
An optimization problem that only concerns the target and PCRs is then established to recover the DVH values
of the target and PCRs achieved in the original plan and is subsequently solved for a daily plan. This method took
5 min reportedly to complete for prostate and pancreas cases.

The re-optimization methods, in principle, are able to generate better quality daily plans than the plan
deformation methods by strictly solving inverse optimization problems. However, extra caution is required
when implementing this class of methods for online adaptive planning. When using the initial optimization
problem for daily plan re-optimization, the initial DVH constraints can become infeasible due to inter-fraction
anatomical variations. Therefore, when defining the initial optimization problem, the planner should not ‘over-
tune’ the planning parameters for a ‘perfect’ initial plan. Rather, they should prioritize the achievability and
flexibility of the optimization problem for the remainder of the treatment. Additionally, the method proposed
by Zarepisheh et al (2014) relies on a randomly generated pivot plan. Therefore, there is no guarantee for the
consistent performance of the algorithm.

6. Proton online adaptive planning

While the optimization objectives for proton therapy plans may look similar to those for photon therapy plans,
the physics of how protons deposit dose is fundamentally different from photons, and that affects how adaptive
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Figure 4. Due to cavity filling, a proton beamlet planned for the day 0 anatomy becomes short in range. After proton energy
modulation, the proton beamlet is placed back at the same position.

planning can be performed for protons. Unlike photons, protons deposit most energy at the end of their path,
forming a Bragg peak depth dose distribution. Delivering a prescription dose requires accurate placement of the
Bragg peaks of individual IMPT beamlets within the tumor. To place a beamlet’s Bragg peak at the desired
location, in addition to the beam direction, the proton energy has to be taken into account to control the beam
range, as shown in figure 4, which adds another layer of complexity to proton planning. Moreover, as proton
therapy is highly sensitive to range variations caused by anatomical changes, proton therapy urges and benefits
more from OnART. Therefore, this section summarizes methods considered specifically for online adaptive
planning for IMPT.

In addition to using a pre-defined optimization problem for daily treatment plan re-optimization
throughout the treatment (Kurz et al 2016, Nenoft et al 2019, 2021), current proton online adaptive planning
research primarily focuses on restoring the dose of the original plan. Similar to the fluence map deformation
methods for IMRT, the dose restoration method aims to retain the original geometric relationship between the
spot pattern and anatomy by modulating proton beamlet’s direction and energy.

Zhang et al (2011) started the investigation of spot pattern restoration as an online IMPT plan adaptation
method on a phantom where only rigid target shift was considered. In this case, the spot pattern only needs to be
maintained at the same position with respect to the target. The energy of the beamlets was adjusted
correspondingly to maintain the WEPL so that the spots could land at the same position as before. Although the
adapted plan showed much fewer cold spots than the re-positioning plan, it failed to show a satisfactory result. A
large discrepancy in the DVH values was observed between the adapted plan delivered to phantom and the
original plan delivered to the planning CT image. This is due to the fact that the proton beamlet profile varies
with energy. Even if the original spots’ position can be maintained by adjusting the spots’ energy, the aggregation
of the dose contribution over the individual spots still varies.

The inability of the spot deformation method to correct the errors caused by rigid organ shift, let alone organ
deformation and other types of inter-fraction variations, suggests that it is necessary to re-optimize the spot
weights after deforming the spot pattern in order to attain an adequate plan. Following this idea, Jagt et al (2017)
developed a dose restoration method, which, on top of spot restoration, involves a succeeding spot weight re-
optimization procedure and tested it on IMPT prostate cases. The dose restoration workflow begins with rigidly
propagating the planning contours onto the repeat CT. Therefore, this online plan adaptation method does not
require a new set of contours for the repeat CT scan. Subsequently, the energy of the beamlets is adjusted
accordingly to restore the original spot pattern with respect to the propagated target contour. A quadratic
objective function (Voglis and Lagaris 2004, Breedveld et al 2006) is employed to re-optimize the spot weights
with heuristically pre-determined objective weights. This method could complete around 4.3 min on average for
the prostate cases. In addition to the prostate cases, Bernatowicz et al (2018), Borderias Villarroel et al (2020)
demonstrated the dose restoration method can improve the DVH parameters for 4-D robustly planned IMPT
lung cases.
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Figure 5. Three classes of the Al methods that have the potential for online adaptive planning.

The dose restoration method has displayed a certain level of ability to correct inter-fraction variations.
However, in reality, severe organ deformation and organ motion can occur. In that case, more than the dose
restoration method is required because the spot pattern restored in the rigidly propagated target contour might
not sufficiently represent the actual daily target volume. To that end, Jagt et al (2018) introduced the full plan
adaptation method, which consists of spot restoration, spot addition, and spot weights re-optimization. Unlike
the previous dose restoration method, which only requires rigid organ contour projection, the full plan
adaptation method requires organ contour delineation for the repeat CT scans because the spot addition step
intends to add spots to the actual target contour. After the contour delineation and spot restoration, 2500 new
spots are randomly added to the daily target contour to improve spot coverage further. The reference point
method (RPM) used for spot weight re-optimization aims to reproduce the objective values achieved in the
original plan, which reflect the DVH parameters in the original plan. The RPM sets the original objective values
as the starting point of re-optimization and pushes it towards the daily Pareto frontier along a user-defined
direction in the objective space to acquire a daily plan that is dosimetrically similar to the original plan. The
average re-optimization time was 2.9 or 4.6 min, for one or two iterations. The full plan adaptation method
outperformed the dose restoration method according to the sample tested. When combined with a pre-defined
plan library so that a plan that matches the daily geometry more can be selected as the ‘prototype’ plan for
adaptation, the performance of the full-plan-adaptation method can be further enhanced (Jagt eral 2019).

One important advantage of the proposed dose restoration and full plan adaptation method is that they only
include the highly relevant spots in the time-consuming calculation steps, i.e. dose influence map calculation
and spot weight optimization, by re-using the original spots. In contrast, using a TPS-generated spot pattern,
which fully covers the target volume, involves a substantial number of trivial spots in the calculation and hence
prolongs plan generation timing. The nature of keeping only highly relevant spots in calculation enables Monte
Carlo dose calculation in the planning phase (Botas et al 2018), allowing a more accurate dose influence map for
planning and alleviating the arduous workload in the subsequent QA process.

7. Al as a potential solution to online adaptive planning

Al-based automated planning methods for radiotherapy have gained increasing attention from researchers over
the years. The automation of treatment planning with Al-based methods reduces the need for human
intervention and time costs, benefiting both offline and online planning. As limited planning time is the main
concern of online adaptive planning, Al-based automated planning methods offer a potential solution to
OnART for both photon and proton planning. The Al-based planning methods extract planning knowledge
from the previous patient cohorts and generate a daily plan using the trained predictive Al model in a time-
efficient manner. The following sections will present three classes of Al-based planning methods potentially
suitable for online adaptive planning: 1. Direct fluence map prediction (Li et al 2020, 2021), 2. Optimal dose
prediction (McIntosh and Purdie 2017, Mahmood et al 2018, Nguyen et al 2019, Kajikawa et al 2019, Fan et al
2019, Gronbergetal 2021, Shao et al 2021) and dose-to-plan conversion (Wu et al 2008, Chan et al 2014,

Goli 2015, McIntosh etal 2017, Mahmood et al 2018, Chan and Lee 2018, Fan et al 2019, Bakx et al 2021,
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Chan efal2021), 3. Planning parameter prediction (Lee et al 2013, Boutilier et al 2015, Jihong et al 2020, Shen
etal 2020, 2021), as shown in figure 5.

7.1. Direct fluence map prediction

Lietal (2020, 2021) employed two deep-learning networks, Dense-Res Hybrid Network (DHRN) and
conditional generative adversarial network (cGAN), to directly predict fluence maps for IMRT prostate and
oropharyngeal cases. Both models predict a fluence map for each individual beam from the anatomy
representation seen in the beam direction. Two types of 2-D projection inputs characterize the patient’s
anatomy: the intra-structure projection and the interface projection. The intra-structure projection is the
integration of the photon attenuation coefficient along each beam direction within an important structure. The
interface projection is the integration of the photon attenuation coefficient between the beam entrance interface
of the patient’s body and the beam exit interface of an important structure along each beam direction. The
ground truth plans are the treatment plans re-created by the author’s institute’s knowledge-based planning
(KBP) plan generator for consistency. The author reports that the trained Al agents can predict fluence plans
comparable to the test cohorts’ clinical and KBP treatment plans. The plan prediction process can be completed
in the order of seconds, and the entire Al prediction workflow, from patient data loading to post-processing of
the predicted fluence map into a deliverable plan, takes 2—3 min to complete.

Yuan et al (2022) proposed a two-step direct fluence map prediction workflow for IMRT cervical cases. The
two-step workflow consists of two convolutional neural network (CNN) models and predicts a fluence map for
each individual beam. In the first step, the first CNN model, called CF-CNN, takes the patient’s target and OAR
contour masks on each transverse slice of the CT as input and predicts a coarse fluence map, which is a fluence
map scaled to speed up the convergence of CNN. In the second step, the second CNN model, called HA-CNN,
takes the previously predicted coarse fluence map and the 2-D PTV projection in the beam direction as input
and predicts a fine fluence map for the beam. The prediction process reportedly takes less than 1 min to complete
for 7-beam treatment plans.

Unlike the other two classes of Al methods to be presented later, the 3-D dose prediction and dose-to-plan
conversion and planning parameter prediction methods, the direct fluence map prediction methods do not
require solving a mathematical optimization problem to obtain a fluence map. Therefore, in principle, this class
of method has an intrinsic advantage in speed. However, the lack of mathematical optimization also has its
downside: the Pareto optimality of the predicted fluence map is not guaranteed. In other words, mathematically,
there might exist fluence maps that outperform the predicted one in all the dosimetric aspects a treatment
planner would value. Moreover, the predicted fluence map needs to be further converted into a deliverable
IMRT plan by sequencing; this step can take extra time and worsen the dose distribution.

7.2. Optimal dose prediction and dose-to-plan conversion

Instead of directly predicting an optimal plan, one can predict the optimal dose distribution and convertitintoa
deliverable plan using dose mimicking (Wu et al 2008, McIntosh et al 2017, Fan et al 2019, Bakx et al 2021),
inverse optimization (Chan et al 2014, Goli 2015, Chan and Lee 2018, Mahmood et al 2018, Chan et al 2021), or
Al (Leeetal2019, Wang et al 2020, 2021, 2021). The dose mimicking method penalizes both over and under
dose deviation for the voxels in the target, but only over dose for the voxels in the OARs, generating a plan whose
dose distribution resembles the input dose. On the other hand, inverse optimization recovers the objective
weights for a given dose distribution. Such objective weights should lead to a plan similar to the input dose when
combined with the objective functions. The Al methods predict a fluence map for each beam given an ‘ideal’
dose distribution.

Prior to the Al era, Wu et al (2008) first applied this geometry-to-dose-to-plan concept to the online
treatment plan adaptation domain. The proposed method deforms the dose distribution of the original plan by
the 3-D deformation field obtained from registering the daily CBCT to the planning CT. The resultant dose
distribution is regarded as the ideal dose distribution of the patient’s daily geometry. A linear dose-mimicking
algorithm then converts the goal dose distribution into a deliverable plan for the daily geometry. This algorithm
demonstrated its capability of correcting inter-fraction anatomical changes for prostate cases (Wu et al 2008,
Thongphiew et al 2009, Lietal 2010, 2011). The reported time cost of this method was around 2 min (Wu et al
2008, Lietal2010).

After Al became more widely explored as a topic, McIntosh et al (2017) proposed an Al-based dose
prediction with dose-mimicking for plan conversion workflow. The contextual Atlas Regression Forests (cARF)
model predicts the dose distribution for a new anatomy. Anatomical features, such as the signed distance
transform of the target and the 3-D vector to the closest point on the target contour, are calculated to
characterize an anatomy (McIntosh and Purdie 2017). Based on the anatomical features, the cARF model selects
the dose distribution of plans created for the anatomies most similar to the new anatomy from a pre-defined
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planlibrary and assembles a probabilistic dose distribution from them, which is later converted into a plan by
the dose-mimicking algorithm. This cARF model took 10 min on average to make a prediction and the dose
mimicking algorithm took 2 min for IMRT plans and 3 min for VMAT plans (McIntosh et al 2017).

Following this, direct (non-library-based) dose prediction models emerged. Mahmood et al (2018)
presented a study that uses the generative adversarial network (GAN) framework for direct dose prediction and
inverse optimization for plan conversion. The GAN network takes the 2-D CT slices and the associated structure
contours as input and predicts a 2-D dose for each 2-D CT slice. The final 3-D dose distribution is obtained by
assembling the predicted 2-D dose. Similarly, Fan et al (2019) presented an Al-based automated planning study
using the ResNet Al model for 3-D dose prediction and a quadratic dose-mimicking function for plan
conversion for IMRT head-and-neck cases. The ResNet model took up to 10 s to predict a dose distribution for a
patient. Sun et al (2022) compared two different dose mimicking approaches for nasopharyngeal and rectal
cancer cases. The quadratic dose mimicking function used in the study of Fan et al (2019) and a hybrid dose
mimicking function, which is the combination of the quadratic dose mimicking function and extra objectives on
DVH parameters, were evaluated. The plan generation process, including fluence map optimization,
sequencing, and control point optimization, could complete within 1 min. Lempart et al (2021) proposed a
deep-learning-based model to predict dose distribution for VMAT prostate cases. The proposed model predicts
a2-D dose distribution for a 2-D CT slice from the corresponding image triplet. The image triplet contains the
2-D slice for which the 2-D dose is predicted and the segmentations inferior and superior to the 2-D slice
individually stacked with the corresponding target and OAR contours. The mean dose prediction time was 6.6 s.

The 3-D dose prediction methods discussed above construct the 3-D dose distribution from the 2-D dose
independently predicted for each CT slice, ignoring the inter-slice relation, which can result in a coarse
transition of dose between CT slices. To overcome this drawback, multiple true 3-D dose prediction models
have been proposed (Kajikawa et al 2019, Gronberg et al 2021, Shao et al 2021, Osman and Tamam 2022, Sun
etal2022).

Besides dose prediction, Al also has an application in converting a given dose distribution into a fluence
map, which is functionally the same as the dose mimicking and inverse optimization methods. Lee et al (2019)
proposed a U-Net-based Al agent to predict a fluence map from a given dose distribution for IMRT prostate
cases. The U-Net model used in the study takes the desired dose distribution and contours projected in the beam
direction as input and predicts a fluence map for each beam separately. The proposed model took about 1 s to
generate a fluence map for a patient.

Wang et al (2020) presented a fully Al-based dose prediction and dose-to-plan conversion pipeline for SBRT
pancreas cases. The first CNN model predicts a 3-D dose distribution for each beam from the contour and CT
image. Then, the second CNN model predicts a fluence map for each beam from the predicted 3-D dose
distribution and PTV contours projected in the beam direction. The entire workflow took 7.1 s on average for
each patient.

Ma et al (2020) proposed a deep-learning-based workflow to predict a fluence map from a given dose
distribution for VMAT head-and-neck and prostate cases. The workflow starts with an Al model predicting a
fluence map from the given dose distribution projected along the beam directions for a homogeneous water-
equivalent cylindrical phantom. The phantom is structurally the same as the patient in terms of isocenter and the
position of the targets and OARs. Then, each beamlet in the fluence map predicted for the phantom is scaled
according to the tissue phantom ratio, which is the dose delivered by a uniform square field to the isocenter in a
fixed 100 cm source axis distance setup. The scaled fluence map should then deliver the same dose to the center
plane of the patient as the dose delivered to the phantom by the predicted fluence map. This workflow took
about 0.5 s to generate a fluence map for a patient, provided the dose distribution.

3-D dose prediction has been one of the most active Al research fields for radiotherapy. Various publications
have suggested AI’s capability of predicting 3-D dose distribution to a certain accuracy (Mahmood et al 2018,
Kajikawa etal 2019, Fan et al 2019, Gronberg et al 2021, Shao et al 2021, Osman and Tamam 2022, Sun et al
2022). Dose-mimicking and inverse optimization as an optimization-based dose-to-plan conversion approach
can generate treatment plans that are mathematically optimal with respect to a given optimization problem. Al
can also be used as an alternative to the optimization-based conversion methods, skipping the optimization
solving step and further shortening the planning time. However, the trade-off would be losing the mathematical
optimality of the resultant plan.

7.3.Planning parameter prediction

Lee etal (2013) proposed a logistic-regression model that predicts the rectum’s objective weight for IMRT
prostate cases. The study assumes the sum of the bladder and rectum weights is constant and the other OARs’
weights are fixed. Hence, a complete optimization problem for plan generation can be established once the
rectum’s weight is determined. The patient’s geometry is characterized by the overlap volume histograms
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(OVHs) of the bladder and rectum. An OVH presents the overlap volume of an OAR with the PTV at different
PTV extensions, which describes the spatial relation between the OAR and PTV. The independent variable and
parameters of the logistic-regression model are determined by applying the leave-one-out technique on all the
samples, which uses all but the applied sample to train the model and tests the model on the applied sample. The
statistically most predictive independent variable and parameters are selected for the prediction model. The
ground truth objective weights are the ones determined using inverse optimization from the clinical plans of the
prostate cases.

Boutilier et al (2015) extended the previous study (Lee et al 2013) by employing different prediction models
and including more independent variables to characterize the patient’s anatomy. Three prediction models were
examined: the logistic regression model, the multi-nominal logistic regression model, and the K-nearest
neighbor model. The logistic regression model follows the same concept as the one proposed in the previous
study, except it predicts the weight of the bladder instead of that of the rectum. The multi-nominal logistic
regression model predicts the weights for the important structures individually instead of presuming a fixed
relation between the objective weights. The K-nearest neighbor model classifies a patient into three categories,
the bladder weighted, the rectum weighted, and balanced groups, where each group is associated with a pre-
defined set of objective weights. Then, the K-nearest neighbor algorithm finds the probability of a patient
belonging to each of those three groups. The predicted objective weights are the weighted sum of the objective
weights over the three patient groups. In addition to the overlap volume ratio of the rectum and bladder, the
slope of their OVHs, which is the interpolated slope between two adjacent points in an OVH, also serves as an
independent variable in the prediction models. This slope approximates the spatial information between the
OAR and the PTV in between the sampled PTV extensions.

Besides predicting the weights for a set of established objectives, two studies proposed using Al to predict the
prescribed dose for a list of objectives with fixed weights. Jihong et al (2020) conducted a study usinga CNN
model to predict the objectives from the OVHs for IMRT cervical cases. In the study, a list of objectives, where
the type and weight of the objectives are fixed, is provided for treatment plan generation. The CNN model
predicts the prescribed dose for 15 objectives in the list to complete the plan optimization problem. The OVHs
of the structures involved in the 15 objectives are used as the input of the CNN model. On average, the
automated planning process took 8.5 min.

Bai et al (2020) presented a study using a neural network (NN) model and a five-fold cross-validation strategy
to predict the prescribed dose of objectives for IMRT nasopharyngeal cases. The independent variables of the
predictive models are the OVHs and target volume histograms (TVHs). The TVHs indicate the target volume at
different isotropic expansion. The five-fold cross-validation divides the patient cohorts into five groups. Each
group is chosen as the test group once, and the other four groups are used for model training, resulting in five
prediction models. The average of the output of the five prediction models is the final predicted prescribed dose
of the objectives. The average time cost of plan generation was 9.85 min.

Other than predicting planning parameters directly from the patient’s anatomical information, Shen et al
(2020) proposed a reinforcement learning model, the virtual treatment planner network (VTPN), to predict
planning parameters from an intermediate treatment plan. The VTPN iteratively adjusts an objective’s weight or
prescribed dose according to the current treatment plan, aiming to attain maximized plan quality improvement.
The VTPN can increase, decrease, or keep the value of a planning parameter. After the plan optimization
problem is updated, the new problem is solved for another intermediate plan. This procedure repeats until the
maximum number of iterations is reached or the VTPN makes no adjustment.

Ayear later, Shen et al (2021) implemented a hierarchical decision-making scheme in the VTPN because the
size of the VIPN increases linearly with the number of planning parameters involved in the network. For more
complex cancer sites, such as head-and-neck cancer, the previously proposed VIPN agent will slow down
drastically as more planning parameters are involved. Unlike the VIPN, which decides which planning
parameter to adjust directly, The hierarchical VIPN (HieVTPN) determines which structure needs adjustment
first and then which planning parameter of this structure it should adjust so that the size of the network is
insusceptible to the growth of the number of the planning parameters. The average planning time of both VTPN
and HierVTPN was 3 min.

The advantage of this class of Al methods is that they guarantee the Pareto optimality of the produced
treatment plan because a plan optimization problem, established from the predicted planning parameters, is
solved in the end for plan generation. A shortcoming of this class of methods is that they only predict planning
parameters for sites that use a fixed set of objective functions. When a complex case requires different sets of
objective functions across the patients, this class of methods fail to work.

As the use of Al in general for treatment planning increases, the number of studies evaluating Al for adaptive
planning can also be expected to increase. New classes of Al methods may emerge that have not yet been
investigated. While it is difficult to anticipate which Al methods may make it into clinical implementation first,
this remains an active area of research.
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8. Future outlook

After twenty years of research aimed at developing fast, high-quality online adaptive planning methods, there is
still no clear winner and efforts continue to find a solution that is reliable and robust under all conditions of
anatomical variation. However, the ability of OnART to adjust the daily delivered dose to account for inter-
fractional motion is still seen as the next step to making radiotherapy more precise. Recent studies on the three
current commercial OnART systems confirm the potential benefits of daily adaptation to reduce PTV margins,
increase target coverage, and reduce the dose to organs at risk (Henke et al 2019, Moazzezi et al 2021,
Christiansen et al 2022). So it is to be expected that OnART will continue its development and become a
permanent fixture in the field of radiotherapy. OnART is expected to be particularly beneficial in proton therapy
due to the sensitivity of the proton dose deposition to inter-fractional range variations. While no commercial
systems for proton OnART are currently available, it is foreseeable that one or more will emerge in the near
future.

The crux of the problem for online adaptive planning, as presented in this review, is to minimize treatment
planning time while maximizing treatment plan quality. Speeding up the planning process requires automation
to replace the human planner who could spend hours finding the best quality plan. All adaptive techniques
presented here would benefit from an automated plan quality evaluation, which could be integrated so that if the
first automated plan generated is of poor quality, the system could then work to improve the plan quality before
turning the final optimized plan over to the user for evaluation. This would minimize the need for manual
intervention and thus improve the speed of the OnART process.

While there is currently no clear preference for any of the techniques presented to be the next one
implemented clinically, it does seem likely that Al will soon play a larger role in OnART due to its time-efficient
nature. Al segmentation is already part of one clinical implementation (Varian Ethos) (Moazzezi et al 2021).
Given AI’s current prominence as one of the most active research areas across many fields, there may soon be
more possibilities to use Al for OnART planning than are presented here.

This review also focused solely on online adaptive planning strategies that operate in physical dose. Another
emerging and interesting area of planning research is on biological optimization. Biological response to
radiation may be a better predictor of tumor control and normal tissue toxicity than physical dose and
integrating biological information with OnART would result in plans that are optimized not only for the
patient’s daily anatomy but also for biological tumor control or toxicity reduction. There are many interesting
efforts ongoing in this space; the response during treatment could potentially be estimated using bio-markers
and tracers that would be visible on an integrated PET image (Fonti et al 2019, Ten Eikelder et al 2020, Ajdari et al

2022). The acquired patient-specific information can be used to update the treatment plan with patient-specific
radio-biological parameters (Ajdari et al 2022), scale the treatment plan (Ten Eikelder et al 2020), or adjust
treatment duration (Ajdari et al 2018) for the optimal therapeutical effect. Biological adaptation is expected to
serve amore crucial role in radiation therapy, providing further personalized treatment and enhancing
treatment outcomes.

Acknowledgments
This project has received funding from the European Union’s Horizon 2020 Marie Sklodowska-Curie Actions
under Grant Agreement No. 955956. It has also been supported in part by grants R0O1CA266275 and

R01CA266803 from the US National Cancer Institute. The content is solely the responsibility of the authors and
does not necessarily represent the official views of the National Institutes of Health.

Data availability statement

All data that support the findings of this study are included within the article (and any supplementary
information files).Data will be available from 25 March 2023.

ORCIDiDs

Zihang Qiu ® https://orcid.org/0000-0002-0171-6989
Ali Ajdari @ https://orcid.org/0000-0003-1700-7519

18


https://orcid.org/0000-0002-0171-6989
https://orcid.org/0000-0002-0171-6989
https://orcid.org/0000-0002-0171-6989
https://orcid.org/0000-0002-0171-6989
https://orcid.org/0000-0003-1700-7519
https://orcid.org/0000-0003-1700-7519
https://orcid.org/0000-0003-1700-7519
https://orcid.org/0000-0003-1700-7519

10P Publishing

Phys. Med. Biol. 68 (2023) 10TR01 Z Qiuetal

References

Ahunbay E Eand Li X A 2015 Gradient maintenance: a new algorithm for fast online replanning Med. Phys. 42 286376

Ahunbay EE, Peng C, Chen G P, Narayanan S, Yu C, Lawton C and Li X A 2008 An on-line replanning scheme for interfractional variations
Med. Phys. 353607-15

Ahunbay EE, Peng C, Godley A, Schultz C and Li X A 2009 An on-line replanning method for head and neck adaptive radiotherapy Med.
Phys. 36 4776-90

Ahunbay E E, Peng C, Holmes S, Godley A, Lawton C and Li X A 2010 Online adaptive replanning method for prostate radiotherapy Int. J.
Radiat. Oncol. Biol. Phys. 77 1561-72

Ajdari A, Ghate A and Kim M 2018 Adaptive treatment-length optimization in spatiobiologically integrated radiotherapy Phys. Med. Biol. 63
075009

Ajdari A, Liao Z, Mohan R, Wei X and Bortfeld T 2022 Personalized mid-course fdg-pet based adaptive treatment planning for non-small
cell lung cancer using machine learning and optimization Phys. Med. Biol. 67 185015

Albertini F, Matter M, Nenoff L, Zhang Y and Lomax A 2020 Online daily adaptive proton therapy Br. J. Radiol. 93 20190594

Aleman D M 2018 Fluence map optimization in intensity-modulated radiation therapy treatment planning Decision Analytics and
Optimization in Disease Prevention and Treatment (Hoboken, New Jersey, USA: Wiley) pp 285-305

Ashida R, Nakamura M, Yoshimura M and Mizowaki T 2020 Impact of interfractional anatomical variation and setup correction methods
on interfractional dose variation in IMPT and VMAT plans for pancreatic cancer patients: a planning study J. Appl. Clin. Med. Phys. 21
49-59

Ates O, Ahunbay E E, Moreau M and Li X A 2016 Technical note: a fast online adaptive replanning method for VMAT using flattening filter
free beams Med. Phys. 43 2756—64

Bach Cuadra M, De Craene M, Duay V, Macq B, Pollo C and Thiran J P 2006 Dense deformation field estimation for atlas-based
segmentation of pathological MR brain images Comput. Methods Programs Biomed. 84 66-75

Bai P, Weng X, Quan K, ChenJ, Dai Y, XuY, Lin F, Zhong J, Wu T and Chen C 2020 A knowledge-based intensity-modulated radiation
therapy treatment planning technique for locally advanced nasopharyngeal carcinoma radiotherapy Radiat. Oncol. 15 188

Bakx N, Bluemink H, Hagelaar E, van der Sangen M, Theuws J and Hurkmans C 2021 Development and evaluation of radiotherapy deep
learning dose prediction models for breast cancer Phys. Immaging Radiat Oncol. 17 65-70

Bernatowicz K, Geets X, Barragan A, Janssens G, Souris K and Sterpin E 2018 Feasibility of online IMPT adaptation using fast, automatic and
robust dose restoration Phys. Med. Biol. 63 085018

Bertsimas D and Sim M 2004 The price of robustness Oper. Res. 52 35-53

Bijman R, Sharfo A W, Rossi L, Breedveld S and Heijmen B 2021 Pre-clinical validation of a novel system for fully-automated treatment
planning Radiother. Oncol. 158 25361

Bobi¢ M, Lalonde A, Sharp G C, Grassberger C, Verburg] M, Winey B A, Lomax A ] and Paganetti H 2021 Comparison of weekly and daily
online adaptation for head and neck intensity-modulated proton therapy Phys. Med. Biol. 66 055023

Borderias Villarroel E, Geets X and Sterpin E 2020 Online adaptive dose restoration in intensity modulated proton therapy of lung cancer to
account for inter-fractional density changes Phys. Imaging Radiat Oncol. 15 307

Bortfeld T 1999 Optimized planning using physical objectives and constraints Sewnin. Radiat. Oncol. 9 20-34

Bortfeld T, Chan T CY, Trofimov A and Tsitsiklis ] N 2008 Robust management of motion uncertainty in intensity-modulated radiation
therapy Oper. Res. 56 1461-73

Bostel T et al 2019 Dosimetric impact of interfractional variations in prostate cancer radiotherapy-implications for imaging frequency and
treatment adaptation Front. Oncol. 9 940

Botas P, Kim J, Winey B and Paganetti H 2018 Online adaption approaches for intensity modulated proton therapy for head and neck
patients based on cone beam CTs and Monte Carlo simulations Phys. Med. Biol. 64 015004

Boutilier ] J, Lee T, Craig T, Sharpe M B and Chan T C 2015 Models for predicting objective function weights in prostate cancer IMRT Med.
Phys. 42 1586-95

Breedveld S, Storchi P R M, Keijzer M and Heijmen B ] M 2006 Fast, multiple optimizations of quadratic dose objective functions in IMRT
Phys. Med. Biol. 51 3569—79

Breedveld S, Storchi PR M, Voet PW J and Heijmen B ] M 2012 icycle: integrated, multicriterial beam angle, and profile optimization for
generation of coplanar and noncoplanar IMRT plans Med. Phys. 39 951-63

Broderick M, Leech M and Coffey M 2009 Direct aperture optimization as a means of reducing the complexity of intensity modulated
radiation therapy plans Radiat Oncol. 4 8

Buschmann M, Majercakova K, Sturdza A, Smet S, Najjari D, Daniel M, tter R, Georg D and Seppenwoolde Y 2018 Image guided adaptive
external beam radiation therapy for cervix cancer: evaluation of a clinically implemented plan-of-the-day technique Z. Med. Phys. 28
184-95

Byrne M, Archibald-Heeren B, Hu Y, Greer P, Luo S and Aland T 2022 Assessment of semi-automated stereotactic treatment planning for
online adaptive radiotherapy in ethos Med. Dosim. 47 342—7

Carminati M C, Piazzese C, Pepi M, Tamborini G, Gripari P, Pontone G, Krause R, Auricchio A, Lang R M and Caiani E G 2018 A statistical
shape model of the left ventricle from real-time 3D echocardiography and its application to myocardial segmentation of cardiac
magnetic resonance images Comput. Biol. Med. 96 241-51

Castadot P, Lee ] A, Geets X and Grégoire V 2010 Adaptive radiotherapy of head and neck cancer Semin. Radiat. Oncol. 20 84-93

Chan T C, Bortfeld T and Tsitsiklis J N 2006 A robust approach to IMRT optimization Phys. Med. Biol. 51 256783

Chan T Cand Lee T 2018 Trade-off preservation in inverse multi-objective convex optimization Eur. J. Oper. Res. 270 25-39

ChanT CY, Craig T, Lee T and Sharpe M B 2014 Generalized inverse multiobjective optimization with application to cancer therapy Oper.
Res. 62 680-95

Chan T CY, Mahmood Rand ZhuIY 2021 Inverse optimization: theory and applications arXiv:2109.03920

Cho B, Poulsen P R, Sloutsky A, Sawant A and Keall P ] 2009 First demonstration of combined kV/MV image-guided real-time dynamic
multileaf-collimator target tracking Int. J. Radiat Oncol. Biol. Phys. 74 859—67

Christiansen R L et al 2022 Online adaptive radiotherapy potentially reduces toxicity for high-risk prostate cancer treatment Radiother.
Oncol. 167 165-71

Chuter R, van Herk M, Akhiat H, Voet P, MacKay R, Choudhury A and McWilliam A 2019 Comparison of intensity modulated radiotherapy
plan optimisation methods for a 1.5 T MR-Linac J. Appl. Clin. Med. Phys. 20 43-9

Colvill E eral 2016 A dosimetric comparison of real-time adaptive and non-adaptive radiotherapy: A multi-institutional study encompassing
robotic, gimbaled, multileaf collimator and couch tracking Radiother. Oncol. 119 159—65

19


https://doi.org/10.1118/1.4919847
https://doi.org/10.1118/1.4919847
https://doi.org/10.1118/1.4919847
https://doi.org/10.1118/1.2952443
https://doi.org/10.1118/1.2952443
https://doi.org/10.1118/1.2952443
https://doi.org/10.1118/1.3215532
https://doi.org/10.1118/1.3215532
https://doi.org/10.1118/1.3215532
https://doi.org/10.1016/j.ijrobp.2009.10.013
https://doi.org/10.1016/j.ijrobp.2009.10.013
https://doi.org/10.1016/j.ijrobp.2009.10.013
https://doi.org/10.1088/1361-6560/aab4b6
https://doi.org/10.1088/1361-6560/aab4b6
https://doi.org/10.1088/1361-6560/ac88b3
https://doi.org/10.1259/bjr.20190594
https://doi.org/10.1002/acm2.12883
https://doi.org/10.1002/acm2.12883
https://doi.org/10.1002/acm2.12883
https://doi.org/10.1002/acm2.12883
https://doi.org/10.1118/1.4948676
https://doi.org/10.1118/1.4948676
https://doi.org/10.1118/1.4948676
https://doi.org/10.1016/j.cmpb.2006.08.003
https://doi.org/10.1016/j.cmpb.2006.08.003
https://doi.org/10.1016/j.cmpb.2006.08.003
https://doi.org/10.1186/s13014-020-01626-z
https://doi.org/10.1016/j.phro.2021.01.006
https://doi.org/10.1016/j.phro.2021.01.006
https://doi.org/10.1016/j.phro.2021.01.006
https://doi.org/10.1088/1361-6560/aaba8c
https://doi.org/10.1287/opre.1030.0065
https://doi.org/10.1287/opre.1030.0065
https://doi.org/10.1287/opre.1030.0065
https://doi.org/10.1016/j.radonc.2021.03.003
https://doi.org/10.1016/j.radonc.2021.03.003
https://doi.org/10.1016/j.radonc.2021.03.003
https://doi.org/10.1088/1361-6560/abe050
https://doi.org/10.1016/j.phro.2020.06.004
https://doi.org/10.1016/j.phro.2020.06.004
https://doi.org/10.1016/j.phro.2020.06.004
https://doi.org/10.1016/S1053-4296(99)80052-6
https://doi.org/10.1016/S1053-4296(99)80052-6
https://doi.org/10.1016/S1053-4296(99)80052-6
https://doi.org/10.1287/opre.1070.0484
https://doi.org/10.1287/opre.1070.0484
https://doi.org/10.1287/opre.1070.0484
https://doi.org/10.3389/fonc.2019.00940
https://doi.org/10.1088/1361-6560/aaf30b
https://doi.org/10.1118/1.4914140
https://doi.org/10.1118/1.4914140
https://doi.org/10.1118/1.4914140
https://doi.org/10.1088/0031-9155/51/14/019
https://doi.org/10.1088/0031-9155/51/14/019
https://doi.org/10.1088/0031-9155/51/14/019
https://doi.org/10.1118/1.3676689
https://doi.org/10.1118/1.3676689
https://doi.org/10.1118/1.3676689
https://doi.org/10.1186/1748-717X-4-8
https://doi.org/10.1016/j.zemedi.2017.09.004
https://doi.org/10.1016/j.zemedi.2017.09.004
https://doi.org/10.1016/j.zemedi.2017.09.004
https://doi.org/10.1016/j.zemedi.2017.09.004
https://doi.org/10.1016/j.meddos.2022.08.001
https://doi.org/10.1016/j.meddos.2022.08.001
https://doi.org/10.1016/j.meddos.2022.08.001
https://doi.org/10.1016/j.compbiomed.2018.03.013
https://doi.org/10.1016/j.compbiomed.2018.03.013
https://doi.org/10.1016/j.compbiomed.2018.03.013
https://doi.org/10.1016/j.semradonc.2009.11.002
https://doi.org/10.1016/j.semradonc.2009.11.002
https://doi.org/10.1016/j.semradonc.2009.11.002
https://doi.org/10.1088/0031-9155/51/10/014
https://doi.org/10.1088/0031-9155/51/10/014
https://doi.org/10.1088/0031-9155/51/10/014
https://doi.org/10.1016/j.ejor.2018.02.045
https://doi.org/10.1016/j.ejor.2018.02.045
https://doi.org/10.1016/j.ejor.2018.02.045
https://doi.org/10.1287/opre.2014.1267
https://doi.org/10.1287/opre.2014.1267
https://doi.org/10.1287/opre.2014.1267
http://arxiv.org/abs/2109.03920
https://doi.org/10.1016/j.ijrobp.2009.02.012
https://doi.org/10.1016/j.ijrobp.2009.02.012
https://doi.org/10.1016/j.ijrobp.2009.02.012
https://doi.org/10.1016/j.radonc.2021.12.013
https://doi.org/10.1016/j.radonc.2021.12.013
https://doi.org/10.1016/j.radonc.2021.12.013
https://doi.org/10.1002/acm2.12475
https://doi.org/10.1002/acm2.12475
https://doi.org/10.1002/acm2.12475
https://doi.org/10.1016/j.radonc.2016.03.006
https://doi.org/10.1016/j.radonc.2016.03.006
https://doi.org/10.1016/j.radonc.2016.03.006

10P Publishing

Phys. Med. Biol. 68 (2023) 10TR01 Z Qiuetal

Court LE, Dong L, Lee AK, Cheung R, Bonnen M D, O’Daniel J, Wang H, Mohan R and Kuban D 2005 An automatic CT-guided adaptive
radiation therapy technique by online modification of multileaf collimator leaf positions for prostate cancer Int. J. Radiat. Oncol. Biol.
Phys. 62 154-63

Court LE, Tishler R B, Petit ], Cormack R and Chin L 2006 Automatic online adaptive radiation therapy techniques for targets with
significant shape change: a feasibility study Phys. Med. Biol. 51 2493-501

Craft D 2013 Multi-criteria optimization methods in radiation therapy planning: a review of technologies and directions arXiv:1305.1546

Craft D and Richter C 2013 Deliverable navigation for multicriteria step and shoot IMRT treatment planning Phys. Med. Biol. 58 87-103

Craft DL, Halabi T F, Shih H A and Bortfeld T R 2006 Approximating convex pareto surfaces in multiobjective radiotherapy planning Med.
Phys. 33 3399-407

Craft DL, Hong T S, Shih H A and Bortfeld T R 2012 Improved planning time and plan quality through multicriteria optimization for
intensity-modulated radiotherapy Int. J. Radiat Oncol. Biol. Phys. 82 8390

Crijns W, Defraene G, Van Herck H, Depuydt T, Haustermans K, Maes F and Van den Heuvel F 2015 Online adaptation and verification of
VMAT Med. Phys. 42 3877-91

Da Silva Mendes V, Nierer L, Li M, Corradini S, Reiner M, Kamp F, Niyazi M, Kurz C, Landry G and Belka C 2021 Dosimetric comparison of
MR-linac-based IMRT and conventional VMAT treatment plans for prostate cancer Radiat. Oncol. 16 133

Dawson L A and Sharpe M B 2006 Image-guided radiotherapy: rationale, benefits, and limitations Lancet Oncol. 7 848—58

de Boer H C and Heijmen B ] 2007 eNAL: an extension of the NAL setup correction protocol for effective use of weekly follow-up
measurements Int. J. Radiat Oncol. Biol. Phys. 67 158695

Den R B, Doemer A, Kubicek G, Bednarz G, Galvin ] M, Keane W M, Xiao Y and Machtay M 2010 Daily image guidance with cone-beam
computed tomography for head-and-neck cancer intensity-modulated radiotherapy: a prospective study Int. J. Radiat. Oncol. Biol.
Phys. 76 1353-9

DhontJ, Harden SV, Chee LY S, Aitken K, Hanna G G and Bertholet ] 2020 Image-guided radiotherapy to manage respiratory motion: lung
and liver Clin. Oncol. (R. Coll. Radiol.) 32 792—-804

Elmahdy M S et al 2019 Robust contour propagation using deep learning and image registration for online adaptive proton therapy of
prostate cancer Med. Phys. 46 3329-43

FanJ, WangJ, Chen Z, Hu C, Zhang Z and Hu W 2019 Automatic treatment planning based on three-dimensional dose distribution
predicted from deep learning technique Med. Phys. 46 370-81

Fast M, van de Schoot A, van de Lindt T, Carbaat C, van der Heide U and Sonke J-J 2019 Tumor trailing for liver SBRT on the MR-linac Int. J.
Radiat. Oncol. Biol. Phys. 103 468—78

FengY, Castro-Pareja C, Shekhar R and Yu C 2006 Direct aperture deformation: an interfraction image guidance strategy Med. Phys. 33
4490-8

Fogliata A, Cozzi L, Reggiori G, Stravato A, Lobefalo F, Franzese C, Franceschini D, Tomatis S and Scorsetti M 2019 RapidPlan knowledge
based planning: iterative learning process and model ability to steer planning strategies Radiat Oncol. 14 187

Fonti R, Conson M and Del Vecchio $ 2019 PET/CT in radiation oncology Semin. Oncol. 46 202—9

Foroudi F, WongJ, Haworth A, Baille A, McAlpine J, Rolfo A, Kron T, Roxby P, Paneghel A, Williams S, Duchesne G and Tai K H 2009
Offline adaptive radiotherapy for bladder cancer using cone beam computed tomography J. Med. Imaging Radiat. Oncol. 53 22633

Fox C, Romeijn H, Lynch B, Men C, Aleman D and Dempsey ] 2008 Comparative analysis of 60Co intensity-modulated radiation therapy
Phys. Med. Biol. 53 3175-88

Fredriksson A, Engwall E and Andersson B 2021 Robust radiation therapy optimization using simulated treatment courses for handling
deformable organ motion Phys. Med. Biol. 66 045010

Fritscher KD, Peroni M, Zaffino P, Spadea M F, Schubert R and Sharp G 2014 Automatic segmentation of head and neck CT images for
radiotherapy treatment planning using multiple atlases, statistical appearance models, and geodesic active contours Med. Phys. 41
051910

FuW, YangY, Yue N J, Heron D E and Huq M S 2009 A cone beam CT-guided online plan modification technique to correct interfractional
anatomic changes for prostate cancer IMRT treatment Phys. Med. Biol. 54 1691-703

Goli A 2015 Sensitivity and stability analysis for inverse optimization with applications in intensity-modulated radiation therapy PhD Thesis
University of Toronto (Canada)

Gronberg M P, Gay S S, Netherton T J, Rhee D J, Court L E and Cardenas C E 2021 Technical note: dose prediction for head and neck
radiotherapy using a three-dimensional dense dilated U-net architecture Med. Phys. 48 5567—73

Gui M, Feng, YiB, Dhople A A and Yu C 2010 Four-dimensional intensity-modulated radiation therapy planning for dynamic tracking
using a direct aperture deformation (DAD) method Med. Phys. 37 196675

Giingor G eral 2021 Time analysis of online adaptive magnetic resonance-guided radiation therapy workflow according to anatomical sites
Pract. Radiat. Oncol. 11 e11-21

Haimes Y, Lasdon L and Wismer D 1971 On a bicriterion formulation of the problems of integrated system identification and system
optimization IEEE Trans. Syst. Man Cybernetics SMC 1 2967

Han C, Chen Y], Liu A, Schultheiss T E and WongJ Y 2008 Actual dose variation of parotid glands and spinal cord for nasopharyngeal cancer
patients during radiotherapy Int. J. Radiat Oncol. Biol. Phys. 70 125662

Hardcastle N, Cook O, Ray X, Moore A, Moore KL, Pryor D, Rossi A, Foroudi F, Kron T and Siva S 2021 Personalising treatment plan
quality review with knowledge-based planning in the TROG 15.03 trial for stereotactic ablative body radiotherapy in primary kidney
cancer Radiat. Oncol. 16 142

Heijkoop S T, Langerak T R, Quint S, Bondar L, Mens ] W, Heijmen B ] and Hoogeman M S 2014 Clinical implementation of an online
adaptive plan-of-the-day protocol for nonrigid motion management in locally advanced cervical cancer IMRT Int. J. Radiat. Oncol.
Biol. Phys. 90 673-9

Heimann T and Meinzer H P 2009 Statistical shape models for 3D medical image segmentation: a review Med. Image Anal. 13 543-63

Henke LE et al 2019 Stereotactic MR-guided online adaptive radiation therapy (SMART) for ultracentral thorax malignancies: results of a
phase 1 trial Adv. Radiat Oncol. 4201-9

Hiraoka M, Mizowaki T, Matsuo Y, Nakamura M and Verellen D 2020 The gimbaled-head radiotherapy system: rise and downfall of a
dedicated system for dynamic tumor tracking with real-time monitoring and dynamic WaveArc Radiother Oncol. 153 311-8

Hong TS, Craft D L, Carlsson F and Bortfeld T R 2008 Multicriteria optimization in intensity-modulated radiation therapy treatment
planning for locally advanced cancer of the pancreatic head Int. J. Radiat. Oncol. Biol. Phys. 72 120814

Hoogeman M, vost ] B, Nuyttens J, 1], Levendag P and Heijmen B 2009 Clinical accuracy of the respiratory tumor tracking system of the
cyberknife: assessment by analysis of log files Int. J. Radiat Oncol. Biol. Phys. 74 297-303

20


https://doi.org/10.1016/j.ijrobp.2004.09.045
https://doi.org/10.1016/j.ijrobp.2004.09.045
https://doi.org/10.1016/j.ijrobp.2004.09.045
https://doi.org/10.1088/0031-9155/51/10/009
https://doi.org/10.1088/0031-9155/51/10/009
https://doi.org/10.1088/0031-9155/51/10/009
http://arxiv.org/abs/1305.1546
https://doi.org/10.1088/0031-9155/58/1/87
https://doi.org/10.1088/0031-9155/58/1/87
https://doi.org/10.1088/0031-9155/58/1/87
https://doi.org/10.1118/1.2335486
https://doi.org/10.1118/1.2335486
https://doi.org/10.1118/1.2335486
https://doi.org/10.1016/j.ijrobp.2010.12.007
https://doi.org/10.1016/j.ijrobp.2010.12.007
https://doi.org/10.1016/j.ijrobp.2010.12.007
https://doi.org/10.1118/1.4921615
https://doi.org/10.1118/1.4921615
https://doi.org/10.1118/1.4921615
https://doi.org/10.1186/s13014-021-01858-7
https://doi.org/10.1016/S1470-2045(06)70904-4
https://doi.org/10.1016/S1470-2045(06)70904-4
https://doi.org/10.1016/S1470-2045(06)70904-4
https://doi.org/10.1016/j.ijrobp.2006.11.050
https://doi.org/10.1016/j.ijrobp.2006.11.050
https://doi.org/10.1016/j.ijrobp.2006.11.050
https://doi.org/10.1016/j.ijrobp.2009.03.059
https://doi.org/10.1016/j.ijrobp.2009.03.059
https://doi.org/10.1016/j.ijrobp.2009.03.059
https://doi.org/10.1016/j.clon.2020.09.008
https://doi.org/10.1016/j.clon.2020.09.008
https://doi.org/10.1016/j.clon.2020.09.008
https://doi.org/10.1002/mp.13620
https://doi.org/10.1002/mp.13620
https://doi.org/10.1002/mp.13620
https://doi.org/10.1002/mp.13271
https://doi.org/10.1002/mp.13271
https://doi.org/10.1002/mp.13271
https://doi.org/10.1016/j.ijrobp.2018.09.011
https://doi.org/10.1016/j.ijrobp.2018.09.011
https://doi.org/10.1016/j.ijrobp.2018.09.011
https://doi.org/10.1118/1.2374675
https://doi.org/10.1118/1.2374675
https://doi.org/10.1118/1.2374675
https://doi.org/10.1118/1.2374675
https://doi.org/10.1186/s13014-019-1403-0
https://doi.org/10.1053/j.seminoncol.2019.07.001
https://doi.org/10.1053/j.seminoncol.2019.07.001
https://doi.org/10.1053/j.seminoncol.2019.07.001
https://doi.org/10.1111/j.1754-9485.2009.02066.x
https://doi.org/10.1111/j.1754-9485.2009.02066.x
https://doi.org/10.1111/j.1754-9485.2009.02066.x
https://doi.org/10.1088/0031-9155/53/12/007
https://doi.org/10.1088/0031-9155/53/12/007
https://doi.org/10.1088/0031-9155/53/12/007
https://doi.org/10.1088/1361-6560/abd591
https://doi.org/10.1118/1.4871623
https://doi.org/10.1118/1.4871623
https://doi.org/10.1088/0031-9155/54/6/019
https://doi.org/10.1088/0031-9155/54/6/019
https://doi.org/10.1088/0031-9155/54/6/019
https://doi.org/10.1002/mp.14827
https://doi.org/10.1002/mp.14827
https://doi.org/10.1002/mp.14827
https://doi.org/10.1118/1.3319498
https://doi.org/10.1118/1.3319498
https://doi.org/10.1118/1.3319498
https://doi.org/10.1016/j.prro.2020.07.003
https://doi.org/10.1016/j.prro.2020.07.003
https://doi.org/10.1016/j.prro.2020.07.003
https://doi.org/10.1109/TSMC.1971.4308298
https://doi.org/10.1109/TSMC.1971.4308298
https://doi.org/10.1109/TSMC.1971.4308298
https://doi.org/10.1016/j.ijrobp.2007.10.067
https://doi.org/10.1016/j.ijrobp.2007.10.067
https://doi.org/10.1016/j.ijrobp.2007.10.067
https://doi.org/10.1186/s13014-021-01820-7
https://doi.org/10.1016/j.ijrobp.2014.06.046
https://doi.org/10.1016/j.ijrobp.2014.06.046
https://doi.org/10.1016/j.ijrobp.2014.06.046
https://doi.org/10.1016/j.media.2009.05.004
https://doi.org/10.1016/j.media.2009.05.004
https://doi.org/10.1016/j.media.2009.05.004
https://doi.org/10.1016/j.adro.2018.10.003
https://doi.org/10.1016/j.adro.2018.10.003
https://doi.org/10.1016/j.adro.2018.10.003
https://doi.org/10.1016/j.radonc.2020.07.002
https://doi.org/10.1016/j.radonc.2020.07.002
https://doi.org/10.1016/j.radonc.2020.07.002
https://doi.org/10.1016/j.ijrobp.2008.07.015
https://doi.org/10.1016/j.ijrobp.2008.07.015
https://doi.org/10.1016/j.ijrobp.2008.07.015
https://doi.org/10.1016/j.ijrobp.2008.12.041
https://doi.org/10.1016/j.ijrobp.2008.12.041
https://doi.org/10.1016/j.ijrobp.2008.12.041

10P Publishing

Phys. Med. Biol. 68 (2023) 10TR01 Z Qiuetal

Hua C, Yao W, Kidani T, Tomida K, Ozawa S, Nishimura T, Fujisawa T, Shinagawa R and Merchant T E 2017 A robotic C-arm cone beam
CT system for image-guided proton therapy: design and performance Br. J. Radiol. 90 20170266

Huddart R et al 2021 Clinical outcomes of a randomized trial of adaptive plan-of-the-day treatment in patients receiving ultra-
hypofractionated weekly radiation therapy for bladder cancer Int. J. Radiat. Oncol. Biol. Phys. 110 41224

Ibragimov B, Likar B, Pernu$ F and Vrtovec T 2014 Shape representation for efficient landmark-based segmentation in 3-d IEEE Trans. Med.
Imaging 33 861-74

Jagt T, Breedveld S, van de Water S, Heijmen B and Hoogeman M 2017 Near real-time automated dose restoration in IMPT to compensate
for daily tissue density variations in prostate cancer Phys. Med. Biol. 62 425472

Jagt T, Breedveld S, van Haveren R, Heijmen B and Hoogeman M 2018 An automated planning strategy for near real-time adaptive proton
therapy in prostate cancer Phys. Med. Biol. 63 135017

Jagt T Z, Breedveld S, van Haveren R, Heijmen B J and Hoogeman M S 2020 Online-adaptive versus robust impt for prostate cancer: How
much can we gain? Radiother. Oncol. 151 228-33

Jagt T Z, Breedveld S, van Haveren R, Nout R A, Astreinidou E, Heijmen B JM and Hoogeman M S 2019 Plan-library supported automated
replanning for online-adaptive intensity-modulated proton therapy of cervical cancer Acta Oncol. 58 1440-5

Jihong C, Penggang B, Xiuchun Z, Kaiqiang C, Wenjuan C, Yitao D, Jiewei Q, Kerun Q, Jing Z and Tianming W 2020 Automated intensity
modulated radiation therapy treatment planning for cervical cancer based on convolution neural network Technol. Cancer Res. Treat
191533033820957002

JinR, Min Z, Song E, Liu H and Ye Y 2010 A novel fluence map optimization model incorporating leaf sequencing constraints Phys. Med.
Biol. 55 1243-64

Johnson ] E, Beltran C, Wan Chan Tseung H, Mundy D W, Kruse J J, Whitaker T J, Herman M G and Furutani K M 2019 Highly efficient and
sensitive patient-specific quality assurance for spot-scanned proton therapy PLoS One 14 €0212412

Kajikawa T, Kadoya N, Ito K, Takayama Y, Chiba T, Tomori S, Nemoto H, Dobashi S, Takeda K and Jingu K 2019 A convolutional neural
network approach for IMRT dose distribution prediction in prostate cancer patients J. Radiat Res. 60 685-93

Keall P, Poulsen P and Booth J T 2019 See, think, and act: real-time adaptive radiotherapy Semin. Radiat. Oncol. 29 228-35

Keall PJ et al 2016 Real-time 3D image guidance using a standard LINAC: Measured motion, accuracy, and precision of the first prospective
clinical trial of kilovoltage intrafraction monitoring-guided gating for prostate cancer radiation therapy Int. J. Radiat. Oncol. Biol.
Phys. 941015-21

Keall PJ et al 2018 The first clinical implementation of real-time image-guided adaptive radiotherapy using a standard linear accelerator
Radiother Oncol. 127 6-11

Khan F M 2003 Chapter 10 The Physics of Radiation Therapy (Philadelphia, Pennsylvania, USA: Lippincott Williams & Wilkins) Third
Edition

Knight K, Touma N, Zhu L, Duchesne G M and Cox ] 2009 Implementation of daily image-guided radiation therapy using an in-room CT
scanner for prostate cancer isocentre localization J. Med. Imaging Radiat Oncol. 53 132-8

Koivula L, Wee L and Korhonen ] 2016 Feasibility of MRI-only treatment planning for proton therapy in brain and prostate cancers: dose
calculation accuracy in substitute CT images Med. Phys. 43 4634—42

KongV C, Taylor A, Chung P, Craig T and Rosewall T 2019 Comparison of 3 image-guided adaptive strategies for bladder locoregional
radiotherapy Med. Dosim 44 111-6

Kontaxis C, Bol G H, Lagendijk J ] and Raaymakers B W 2015 Towards adaptive IMRT sequencing for the MR-linac Phys. Med. Biol. 60
2493-509

Kontaxis C, Bol G H, Stemkens B, Glitzner M, Prins F M, Kerkmeijer L G W, Lagendijk J ] W and Raaymakers B W 2017 Towards fast online
intrafraction replanning for free-breathing stereotactic body radiation therapy with the MR-linac Phys. Med. Biol. 62 7233—48

Korhonen J, Kapanen M, Keyrildinen J, Seppild T and Tenhunen M 2014 A dual model HU conversion from MRI intensity values within
and outside of bone segment for MRI-based radiotherapy treatment planning of prostate cancer Med. Phys. 41 011704

Kurz C, Nijhuis R, Reiner M, Ganswindt U, Thieke C, Belka C, Parodi K and Landry G 2016 Feasibility of automated proton therapy plan
adaptation for head and neck tumors using cone beam CT images Radiat. Oncol. 11 64

Kusters ] M A M, Bzdusek K, Kumar P, van Kollenburg P G M, Kunze-Busch M C, Wendling M, Dijkema T and Kaanders ] H AM 2017
Automated IMRT planning in pinnacle : a study in head-and-neck cancer Strahlenther. Onkol. 193 1031-8

Lalonde A, Bobi¢ M, Winey B, VerburgJ, Sharp G C and Paganetti H 2021 Anatomic changes in head and neck intensity-modulated proton
therapy: comparison between robust optimization and online adaptation Radiother. Oncol. 159 39—-47

Lee H, Kim H, Kwak J, Kim Y S, Lee S W, Cho S and Cho B 2019 Fluence-map generation for prostate intensity-modulated radiotherapy
planning using a deep-neural-network Sci. Rep. 9 15671

Lee T, Hammad M, Chan T C, Craig T and Sharpe M B 2013 Predicting objective function weights from patient anatomy in prostate IMRT
treatment planning Med. Phys. 40 121706

Lempart M, Benedek H, Jamtheim Gustafsson C, Nilsson M, Eliasson N, ck S, 1d P and Olsson L E 2021 Volumetric modulated arc therapy
dose prediction and deliverable treatment plan generation for prostate cancer patients using a densely connected deep learning model
Phys. Imaging Radiat Oncol. 19 112-9

LiH et al 2015 Robust optimization in intensity-modulated proton therapy to account for anatomy changes in lung cancer patients
Radiother. Oncol. 114 367-72

LiN, Carmona R, Sirak I, Kasaova L, Followill D, Michalski J, Bosch W, Straube W, Mell LK and Moore K L 2017 Highly efficient training,
refinement, and validation of a knowledge-based planning quality-control system for radiation therapy clinical trials Int. J. Radiat.
Oncol. Biol. Phys. 97 164-72

LiN et al 2013 Automatic treatment plan re-optimization for adaptive radiotherapy guided with the initial plan DVHs Phys. Med. Biol. 58
8725-38

Li T, Thongphiew D, Zhu X, Lee W R, Vujaskovic Z, Yin F Fand Wu Q] 2011 Adaptive prostate IGRT combining online re-optimization
and re-positioning: a feasibility study Phys. Med. Biol. 56 124358

Li T, Zhu X, Thongphiew D, Lee W R, Vujaskovic Z, Wu Q, Yin F F and Wu QJ 2010 On-line adaptive radiation therapy: feasibility and
clinical study J. Oncol. 2010 407236

Li X, Wang C, Sheng Y, Zhang J, Wang W, Yin FF, Wu Q, Wu QJ and Ge Y 2021 An artificial intelligence-driven agent for real-time head-
and-neck IMRT plan generation using conditional generative adversarial network (cGAN) Med. Phys. 48 271423

LiX, ZhangJ, Sheng Y, ChangY, Yin FF, Ge Y, Wu QJ and Wang C 2020 Automatic IMRT planning via static field fluence prediction (AIP-
SFFP): a deep learning algorithm for real-time prostate treatment planning Phys. Med. Biol. 65 175014

Lim K et al 2014 Dosimetrically triggered adaptive intensity modulated radiation therapy for cervical cancer Int. J. Radiat. Oncol. Biol. Phys.
90 147-54

21


https://doi.org/10.1259/bjr.20170266
https://doi.org/10.1016/j.ijrobp.2020.11.068
https://doi.org/10.1016/j.ijrobp.2020.11.068
https://doi.org/10.1016/j.ijrobp.2020.11.068
https://doi.org/10.1109/TMI.2013.2296976
https://doi.org/10.1109/TMI.2013.2296976
https://doi.org/10.1109/TMI.2013.2296976
https://doi.org/10.1088/1361-6560/aa5c12
https://doi.org/10.1088/1361-6560/aa5c12
https://doi.org/10.1088/1361-6560/aa5c12
https://doi.org/10.1088/1361-6560/aacaa7
https://doi.org/10.1016/j.radonc.2020.07.054
https://doi.org/10.1016/j.radonc.2020.07.054
https://doi.org/10.1016/j.radonc.2020.07.054
https://doi.org/10.1080/0284186X.2019.1627414
https://doi.org/10.1080/0284186X.2019.1627414
https://doi.org/10.1080/0284186X.2019.1627414
https://doi.org/10.1088/0031-9155/55/4/023
https://doi.org/10.1088/0031-9155/55/4/023
https://doi.org/10.1088/0031-9155/55/4/023
https://doi.org/10.1371/journal.pone.0212412
https://doi.org/10.1093/jrr/rrz051
https://doi.org/10.1093/jrr/rrz051
https://doi.org/10.1093/jrr/rrz051
https://doi.org/10.1016/j.semradonc.2019.02.005
https://doi.org/10.1016/j.semradonc.2019.02.005
https://doi.org/10.1016/j.semradonc.2019.02.005
https://doi.org/10.1016/j.ijrobp.2015.10.009
https://doi.org/10.1016/j.ijrobp.2015.10.009
https://doi.org/10.1016/j.ijrobp.2015.10.009
https://doi.org/10.1016/j.radonc.2018.01.001
https://doi.org/10.1016/j.radonc.2018.01.001
https://doi.org/10.1016/j.radonc.2018.01.001
https://doi.org/10.1111/j.1754-9485.2009.02048.x
https://doi.org/10.1111/j.1754-9485.2009.02048.x
https://doi.org/10.1111/j.1754-9485.2009.02048.x
https://doi.org/10.1118/1.4958677
https://doi.org/10.1118/1.4958677
https://doi.org/10.1118/1.4958677
https://doi.org/10.1016/j.meddos.2018.03.004
https://doi.org/10.1016/j.meddos.2018.03.004
https://doi.org/10.1016/j.meddos.2018.03.004
https://doi.org/10.1088/0031-9155/60/6/2493
https://doi.org/10.1088/0031-9155/60/6/2493
https://doi.org/10.1088/0031-9155/60/6/2493
https://doi.org/10.1088/0031-9155/60/6/2493
https://doi.org/10.1088/1361-6560/aa82ae
https://doi.org/10.1088/1361-6560/aa82ae
https://doi.org/10.1088/1361-6560/aa82ae
https://doi.org/10.1118/1.4842575
https://doi.org/10.1186/s13014-016-0641-7
https://doi.org/10.1007/s00066-017-1187-9
https://doi.org/10.1007/s00066-017-1187-9
https://doi.org/10.1007/s00066-017-1187-9
https://doi.org/10.1016/j.radonc.2021.03.008
https://doi.org/10.1016/j.radonc.2021.03.008
https://doi.org/10.1016/j.radonc.2021.03.008
https://doi.org/10.1038/s41598-019-52262-x
https://doi.org/10.1118/1.4828841
https://doi.org/10.1016/j.phro.2021.07.008
https://doi.org/10.1016/j.phro.2021.07.008
https://doi.org/10.1016/j.phro.2021.07.008
https://doi.org/10.1016/j.radonc.2015.01.017
https://doi.org/10.1016/j.radonc.2015.01.017
https://doi.org/10.1016/j.radonc.2015.01.017
https://doi.org/10.1016/j.ijrobp.2016.10.005
https://doi.org/10.1016/j.ijrobp.2016.10.005
https://doi.org/10.1016/j.ijrobp.2016.10.005
https://doi.org/10.1088/0031-9155/58/24/8725
https://doi.org/10.1088/0031-9155/58/24/8725
https://doi.org/10.1088/0031-9155/58/24/8725
https://doi.org/10.1088/0031-9155/58/24/8725
https://doi.org/10.1088/0031-9155/56/5/002
https://doi.org/10.1088/0031-9155/56/5/002
https://doi.org/10.1088/0031-9155/56/5/002
https://doi.org/10.1002/mp.14770
https://doi.org/10.1002/mp.14770
https://doi.org/10.1002/mp.14770
https://doi.org/10.1088/1361-6560/aba5eb
https://doi.org/10.1016/j.ijrobp.2014.05.039
https://doi.org/10.1016/j.ijrobp.2014.05.039
https://doi.org/10.1016/j.ijrobp.2014.05.039

10P Publishing

Phys. Med. Biol. 68 (2023) 10TR01 Z Qiuetal

LinTC,LinCY,LiKC,JiJ H, LiangJ A, Shiau A C, Liu L Cand Wang T H 2020 Automated Hypofractionated IMRT treatment planning for
early-stage breast Cancer Radiat. Oncol. 15 67

LiuW, Frank SJ,Li X, Li Y, Park P C, Dong L, Ronald Zhu X and Mohan R 2013 Effectiveness of robust optimization in intensity-modulated
proton therapy planning for head and neck cancers Med. Phys. 40 051711

LiuX, Liang Y, ZhuJ, YuG, YuY, Cao Q, Li X A and Li B 2020 A fast online replanning algorithm based on intensity field projection for
adaptive radiotherapy Front. Oncol. 10 287

Lomax A J 2008 Intensity modulated proton therapy and its sensitivity to treatment uncertainties 2: the potential effects of inter-fraction and
inter-field motions Phys. Med. Biol. 53 1043-56

LuH et al 2012 Interfractional and intrafractional errors assessed by daily cone-beam computed tomography in nasopharyngeal carcinoma
treated with intensity-modulated radiation therapy: a prospective study J. Radiat Res. 53 954—60

Lustberg T, van Soest ], Gooding M, Peressutti D, Aljabar P, van der Stoep J, van Elmpt W and Dekker A 2018 Clinical evaluation of atlas and
deep learning based automatic contouring for lung cancer Radiother. Oncol. 126 312—7

Ma CM and Paskalev K 2006 In-room CT techniques for image-guided radiation therapy Med. Dosim. 31 30-9

MalL, Chen M, GuXand Lu W 2020 Deep learning-based inverse mapping for fluence map prediction Phys. Med. Biol. 65 235035

Mahmood R, Babier A, McNiven A, Diamant A and Chan T CY 2018 Automated treatment planning in radiation therapy using generative
adversarial networks arXiv:1807.06489

Mahmoudzadeh H, Lee J, Chan T C and Purdie T G 2015 Robust optimization methods for cardiac sparing in tangential breast IMRT Med.
Phys. 422212-22

Maspero M, van den Berg C A T, Landry G, Belka C, Parodi K, Seevinck P R, Raaymakers B W and Kurz C 2017 Feasibility of MR-only
proton dose calculations for prostate cancer radiotherapy using a commercial pseudo-CT generation method Phys. Med. Biol. 62
9159-76

Matter M, Nenoff L, Meier G, Weber D C, Lomax A J and Albertini F 2018 Alternatives to patient specific verification measurements in
proton therapy: a comparative experimental study with intentional errors Phys. Med. Biol. 63 205014

McIntosh Cand Purdie T G 2017 Voxel-based dose prediction with multi-patient atlas selection for automated radiotherapy treatment
planning Phys. Med. Biol. 62 415-31

McIntosh C, Welch M, McNiven A, Jaffray D A and Purdie T G 2017 Fully automated treatment planning for head and neck radiotherapy
using a voxel-based dose prediction and dose mimicking method Phys. Med. Biol. 62 5926—44

Moazzezi M, Rose B, Kisling K, Moore K L and Ray X 2021 Prospects for daily online adaptive radiotherapy via ethos for prostate cancer
patients without nodal involvement using unedited CBCT auto-segmentation J. Appl. Clin. Med. Phys. 22 82-93

Mohan R, Zhang X, Wang H, Kang Y, Wang X, Liu H, Ang KK, Kuban D and Dong L 2005 Use of deformed intensity distributions for on-
line modification of image-guided IMRT to account for interfractional anatomic changes Int. . Radiat. Oncol. Biol. Phys. 61 1258—66

Monz M, Kiifer KH, Bortfeld T R and Thieke C 2008 Pareto navigation: algorithmic foundation of interactive multi-criteria IMRT planning
Phys. Med. Biol. 53 985-98

Miiller B S, Duma M N, Kampfer S, Nill S, Oelfke U, Geinitz H and Wilkens J ] 2015 Impact of interfractional changes in head and neck
cancer patients on the delivered dose in intensity modulated radiotherapy with protons and photons Phys. Med. 31 266-72

Miiller B S, Shih H A, Efstathiou J A, Bortfeld T and Craft D 2017 Multicriteria plan optimization in the hands of physicians: a pilot study in
prostate cancer and brain tumors Radiat. Oncol. 12 168

Muurholm C G, Ravkilde T, Skouboe S, Worm E, Hansen R, yer M, Keall P J and Poulsen P R 2021 Real-time dose-guidance in radiotherapy:
Proof of principle Radiother. Oncol. 164 175-82

Nenoff L, Matter M, Charmillot M, Krier S, Uher K, Weber D C, Lomax A J and Albertini F 2021 Experimental validation of daily adaptive
proton therapy Phys. Med. Biol. 66 205010

Nenoff L, Matter M, Hedlund Lindmar J, Weber D C, Lomax A J and Albertini F 2019 Daily adaptive proton therapy—the key to innovative
planning approaches for paranasal cancer treatments Acta Oncol. 58 1423-8

Nenoff L et al 2021 Dosimetric influence of deformable image registration uncertainties on propagated structures for online daily adaptive
proton therapy of lung cancer patients Radiother. Oncol. 159 136—43

Nesteruk K P, Bobi¢ M, Lalonde A, Winey B A, Lomax A ] and Paganetti H 2021 CT-on-Rails versus in-room CBCT for online daily adaptive
proton therapy of head-and-neck cancers Cancers 13 5991

Netherton T etal 2019 Experience in commissioning the Halcyon linac Med. Phys. 46 4304—13

Nguyen D, Long T, Jia X, Lu W, Gu X, Igbal Z and Jiang S 2019 A feasibility study for predicting optimal radiation therapy dose distributions
of prostate cancer patients from patient anatomy using deep learning Sci. Rep. 9 1076

Novakova E, Heijkoop S T, Quint S, Zolnay A G, Mens ] W M, Godart J, Heijmen B ] M and Hoogeman M S 2017 What is the optimal
number of library plans in ART for locally advanced cervical cancer? Radiother. Oncol. 125 4707

Nuver TT, Hoogeman M S, Remeijer P, van Herk M and Lebesque J V 2007 An adaptive off-line procedure for radiotherapy of prostate
cancer Int. J. Radiat. Oncol. Biol. Phys. 67 1559—67

Oelfke U and Bortfeld T 2003 Optimization of physical dose distributions with hadron beams: comparing photon IMRT with IMPT Technol.
Cancer Res. Treat. 2401-12

Olberg S, Green O, Cai B, Yang D, Rodriguez V, Zhang H, Kim J S, Parikh P J, Mutic S and Park ] C 2018 Optimization of treatment planning
workflow and tumor coverage during daily adaptive magnetic resonance image guided radiation therapy (MR-IGRT) of pancreatic
cancer Radiat. Oncol. 13 51

Osman A FI and Tamam N M 2022 Attention-aware 3D U-Net convolutional neural network for knowledge-based planning 3D dose
distribution prediction of head-and-neck cancer J. Appl. Clin. Med. Phys. 23 13630

Oud M, Breedveld S, ska M, Kroesen M, Hutschemaekers S, Habraken S, Petit S, 6 Z, Heijmen B and Hoogeman M 2022 An online adaptive
plan library approach for intensity modulated proton therapy for head and neck cancer Radiother. Oncol. 176 68-75

Padgett KR, Simpson G, Asher D, Portelance L, Bossart E and Dogan N 2020 Assessment of online adaptive MR-guided stereotactic body
radiotherapy of liver cancers Phys. Med. 77 54—63

Paganetti H, Botas P, Sharp G C and Winey B 2021 Adaptive proton therapy Phys. Med. Biol. 66 22TR01

Pathak P, Vashisht S, Baby S, Jithin P, Jain Y, Mahawar R and Sharan V 2021 Commissioning and quality assurance of Halcyon 2.0 linear
accelerator Rep. Pract Oncol. Radiother 26 433—44

Pokharel S, Pacheco A and Tanner S 2022 Assessment of efficacy in automated plan generation for varian ethos intelligent optimization
engine J. Appl. Clin. Med. Phys. 23 €13539

Poulsen P R, Cho B, Sawant A, Ruan D and Keall P ] 2010 Dynamic MLC tracking of moving targets with a single kV imager for 3D
conformal and IMRT treatments Acta Oncol. 49 1092—-100

22


https://doi.org/10.1186/s13014-020-1468-9
https://doi.org/10.1118/1.4801899
https://doi.org/10.3389/fonc.2020.00287
https://doi.org/10.1088/0031-9155/53/4/015
https://doi.org/10.1088/0031-9155/53/4/015
https://doi.org/10.1088/0031-9155/53/4/015
https://doi.org/10.1093/jrr/rrs041
https://doi.org/10.1093/jrr/rrs041
https://doi.org/10.1093/jrr/rrs041
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1016/j.meddos.2005.12.010
https://doi.org/10.1016/j.meddos.2005.12.010
https://doi.org/10.1016/j.meddos.2005.12.010
https://doi.org/10.1088/1361-6560/abc12c
http://arxiv.org/abs/1807.06489
https://doi.org/10.1118/1.4916092
https://doi.org/10.1118/1.4916092
https://doi.org/10.1118/1.4916092
https://doi.org/10.1088/1361-6560/aa9677
https://doi.org/10.1088/1361-6560/aa9677
https://doi.org/10.1088/1361-6560/aa9677
https://doi.org/10.1088/1361-6560/aa9677
https://doi.org/10.1088/1361-6560/aae2f4
https://doi.org/10.1088/1361-6560/62/2/415
https://doi.org/10.1088/1361-6560/62/2/415
https://doi.org/10.1088/1361-6560/62/2/415
https://doi.org/10.1088/1361-6560/aa71f8
https://doi.org/10.1088/1361-6560/aa71f8
https://doi.org/10.1088/1361-6560/aa71f8
https://doi.org/10.1002/acm2.13399
https://doi.org/10.1002/acm2.13399
https://doi.org/10.1002/acm2.13399
https://doi.org/10.1016/j.ijrobp.2004.11.033
https://doi.org/10.1016/j.ijrobp.2004.11.033
https://doi.org/10.1016/j.ijrobp.2004.11.033
https://doi.org/10.1088/0031-9155/53/4/011
https://doi.org/10.1088/0031-9155/53/4/011
https://doi.org/10.1088/0031-9155/53/4/011
https://doi.org/10.1016/j.ejmp.2015.02.007
https://doi.org/10.1016/j.ejmp.2015.02.007
https://doi.org/10.1016/j.ejmp.2015.02.007
https://doi.org/10.1186/s13014-017-0903-z
https://doi.org/10.1016/j.radonc.2021.09.024
https://doi.org/10.1016/j.radonc.2021.09.024
https://doi.org/10.1016/j.radonc.2021.09.024
https://doi.org/10.1088/1361-6560/ac2b84
https://doi.org/10.1080/0284186X.2019.1641217
https://doi.org/10.1080/0284186X.2019.1641217
https://doi.org/10.1080/0284186X.2019.1641217
https://doi.org/10.1016/j.radonc.2021.03.021
https://doi.org/10.1016/j.radonc.2021.03.021
https://doi.org/10.1016/j.radonc.2021.03.021
https://doi.org/10.3390/cancers13235991
https://doi.org/10.1002/mp.13723
https://doi.org/10.1002/mp.13723
https://doi.org/10.1002/mp.13723
https://doi.org/10.1038/s41598-018-37741-x
https://doi.org/10.1016/j.radonc.2017.08.033
https://doi.org/10.1016/j.radonc.2017.08.033
https://doi.org/10.1016/j.radonc.2017.08.033
https://doi.org/10.1016/j.ijrobp.2006.12.010
https://doi.org/10.1016/j.ijrobp.2006.12.010
https://doi.org/10.1016/j.ijrobp.2006.12.010
https://doi.org/10.1177/153303460300200505
https://doi.org/10.1177/153303460300200505
https://doi.org/10.1177/153303460300200505
https://doi.org/10.1186/s13014-018-1000-7
https://doi.org/10.1016/j.radonc.2022.09.011
https://doi.org/10.1016/j.radonc.2022.09.011
https://doi.org/10.1016/j.radonc.2022.09.011
https://doi.org/10.1016/j.ejmp.2020.07.027
https://doi.org/10.1016/j.ejmp.2020.07.027
https://doi.org/10.1016/j.ejmp.2020.07.027
https://doi.org/10.1088/1361-6560/ac344f
https://doi.org/10.5603/RPOR.a2021.0065
https://doi.org/10.5603/RPOR.a2021.0065
https://doi.org/10.5603/RPOR.a2021.0065
https://doi.org/10.1002/acm2.13539
https://doi.org/10.3109/0284186X.2010.498438
https://doi.org/10.3109/0284186X.2010.498438
https://doi.org/10.3109/0284186X.2010.498438

10P Publishing

Phys. Med. Biol. 68 (2023) 10TR01 Z Qiuetal

Prior P, Chen X, Botros M, Paulson E S, Lawton C, Erickson B and Li X A 2016 MRI-based IMRT planning for MR-linac: comparison
between CT- and MRI-based plans for pancreatic and prostate cancers Phys. Med. Biol. 61 381942

Ramella S etal 2017 Local control and toxicity of adaptive radiotherapy using weekly CT imaging: results from the LARTIA trial in stage ITI
NSCLCJ. Thorac. Oncol. 12 1122-30

Romeijn H, Dempsey ] and Li ] 2004 A unifying framework for multi-criteria fluence map optimization models Phys. Med. Biol. 49
1991-2013

Salari E and Unkelbach J 2013 A column-generation-based method for multi-criteria direct aperture optimization Phys. Med. Biol. 58
621-39

Schmidt M L, Hoffmann L, Kandi M, Mgller D S and Poulsen P R 2013 Dosimetric impact of respiratory motion, interfraction baseline
shifts, and anatomical changes in radiotherapy of non-small cell lung cancer Acta Oncol. 52 14906

Semenenko V, Reitz B, Day E, Qi X, Miften M and Li X 2008 Evaluation of a commercial biologically based IMRT treatment planning system
Med. Phys. 35 5851-60

Seppenwoolde Y, Berbeco R1, Nishioka S, Shirato H and Heijmen B 2007 Accuracy of tumor motion compensation algorithm from a
robotic respiratory tracking system: a simulation study Med. Phys. 34 2774—84

ShaoY, Zhang X, Wu G, Gu Q, Wang]J, Ying Y, Feng A, Xie G, Kong Q and Xu Z 2021 Prediction of three-dimensional radiotherapy optimal
dose distributions for lung cancer patients with asymmetric network IEEE J. Biomed. Health Inform. 25 11207

Shen C, Chen L, Gonzalez Y and Jia X 2021 Improving efficiency of training a virtual treatment planner network via knowledge-guided deep
reinforcement learning for intelligent automatic treatment planning of radiotherapy Med. Phys. 48 1909-20

Shen C, Chen L and Jia X 2021 A hierarchical deep reinforcement learning framework for intelligent automatic treatment planning of
prostate cancer intensity modulated radiation therapy Phys. Med. Biol. 66 134002

Shen C, Nguyen D, Chen L, Gonzalez Y, McBeth R, Qin N, Jiang S B and Jia X 2020 Operating a treatment planning system using a deep-
reinforcement learning-based virtual treatment planner for prostate cancer intensity-modulated radiation therapy treatment
planning Med. Phys. 47 2329-36

Shepard D M, Earl M A, Li X A, Naqvi S and Yu C 2002 Direct aperture optimization: a turnkey solution for step-and-shoot IMRT Med. Phys.
291007-18

Silva C, Mateus D, Eiras M and Vieira S 2014 Calypso® 4d localization system: a review J. Radiother. Pract. 13 473-83

Sonke ] J, Aznar M and Rasch C 2019 Adaptive radiotherapy for anatomical changes Semin. Radiat. Oncol. 29 245-57

Sonke JJ and Belderbos ] 2010 Adaptive radiotherapy for lung cancer Semin. Radiat. Oncol. 20 94-106

Sothmann T, Blanck O, Poels K, Werner R and Gauer T 2016 Real time tracking in liver SBRT: comparison of CyberKnife and Vero by
planning structure-based gamma-evaluation and dose-area-histograms Phys. Med. Biol. 61 1677-91

Spirou S and Chui C 1994 Generation of arbitrary intensity profiles by dynamic jaws or multileaf collimators Med. Phys. 21 103141

Srinivasan K, Mohammadi M and Shepherd ] 2014 Applications of linac-mounted kilovoltage Cone-beam Computed Tomography in
modern radiation therapy: a review Pol. J. Radiol 79 181-93

Strand S, Boczkowski A, Smith B, Snyder ] E, Hyer D E, Yaddanapudi S, Dunkerley D A P and St-Aubin J 2021 Analysis of patient-specific
quality assurance for Elekta Unity adaptive plans using statistical process control methodology J. Appl. Clin. Med. Phys. 22 99-107

SunZ, Xia X, FanJ, Zhao J, Zhang K, Wang ] and Hu W 2022 A hybrid optimization strategy for deliverable intensity-modulated
radiotherapy plan generation using deep learning-based dose prediction Med. Phys. 49 134456

Teichert K, Siiss P, Serna J I, Monz M, Kiifer K H and Thieke C 2011 Comparative analysis of Pareto surfaces in multi-criteria IMRT
planning Phys. Med. Biol. 56 3669—84

Ten Eikelder S CM, ¢ P, Ajdari A, Bortfeld T, den Hertog D and Jeraj R 2020 Optimal treatment plan adaptation using mid-treatment
imaging biomarkers Phys. Med. Biol. 65245011

Thongphiew D, Wu Q]J, Lee W R, Chankong V, Yoo S, McMahon R and Yin F F 2009 Comparison of online IGRT techniques for prostate
IMRT treatment: adaptive vs repositioning correction Med. Phys. 36 165162

Tol] P, Dahele M, Delaney A R, Slotman B J and Verbakel W F 2015 Can knowledge-based DVH predictions be used for automated,
individualized quality assurance of radiotherapy treatment plans? Radiat. Oncol. 10 234

TongN, Gou S, Yang S, Ruan D and Sheng K 2018 Fully automatic multi-organ segmentation for head and neck cancer radiotherapy using
shape representation model constrained fully convolutional neural networks Med. Phys. 45 455867

Troost E G C, Menkel S, Tschiche M, Thiele ], Jaster M, Haak D and Kunath D 2022 Towards online adaptive proton therapy: first report of
plan-library-based plan-of-the-day approach Acta Oncol. 61 231-4

Tyran M, Jiang N, Cao M, Raldow A, Lamb ] M, Low D, Luterstein E, Steinberg M L and Lee P 2018 Retrospective evaluation of decision-
making for pancreatic stereotactic MR-guided adaptive radiotherapy Radiother. Oncol. 129 319-25

Uchinami Y, Suzuki R, Katoh N, Taguchi H, Yasuda K, Miyamoto N, Ito Y M, Shimizu S and Shirato H 2019 Impact of organ motion on
volumetric and dosimetric parameters in stomach lymphomas treated with intensity-modulated radiotherapy J. Appl. Clin. Med.
Phys. 20 78-86

Unkelbach J, Bortfeld T, Martin B C and Soukup M 2009 Reducing the sensitivity of IMPT treatment plans to setup errors and range
uncertainties via probabilistic treatment planning Med. Phys. 36 149-63

Unkelbach J et al 2018 Robust radiotherapy planning Phys. Med. Biol. 63 22TR02

van Beek S, Jonker M, Hamming-Vrieze O, Al-Mamgani A, Navran A, Remeijer P and van de Kamer ] B 2019 Neck cancer during the course
of radiotherapy Tech. Innov. Patient Support Radiat. Oncol. 12 34—40

van de Water S, Albertini F, Weber D C, Heijmen B ] M, Hoogeman M S and Lomax A ] 2018 Anatomical robust optimization to account for
nasal cavity filling variation during intensity-modulated proton therapy: a comparison with conventional and adaptive planning
strategies Phys. Med. Biol. 63 025020

van de Water S, Belosi M F, Albertini F, Winterhalter C, Weber D C and Lomax A J 2020 Shortening delivery times for intensity-modulated
proton therapy by reducing the number of proton spots: an experimental verification Phys. Med. Biol. 65 095008

van de Water S, van Dam I, Schaart D R, Al-Mamgani A, Heijmen B J and Hoogeman M S 2016 The price of robustness; impact of worst-case
optimization on organ-at-risk dose and complication probability in intensity-modulated proton therapy for oropharyngeal cancer
patients Radiother. Oncol. 120 5662

van Herk M, Remeijer P, Rasch C and Lebesque ] V 2000 The probability of correct target dosage: dose-population histograms for deriving
treatment margins in radiotherapy Int. J. Radiat Oncol. Biol. Phys. 47 1121-35

van Kranen S, Hamming-Vrieze O, Wolf A, Damen E, van Herk M and Sonke ] ] 2016 Head and neck margin reduction with adaptive
radiation therapy: Robustness of treatment plans against anatomy changes Int. J. Radiat Oncol. Biol. Phys. 96 653—60

Varian 2021 Ethos Algorithms Reference Guide

23


https://doi.org/10.1088/0031-9155/61/10/3819
https://doi.org/10.1088/0031-9155/61/10/3819
https://doi.org/10.1088/0031-9155/61/10/3819
https://doi.org/10.1016/j.jtho.2017.03.025
https://doi.org/10.1016/j.jtho.2017.03.025
https://doi.org/10.1016/j.jtho.2017.03.025
https://doi.org/10.1088/0031-9155/49/10/011
https://doi.org/10.1088/0031-9155/49/10/011
https://doi.org/10.1088/0031-9155/49/10/011
https://doi.org/10.1088/0031-9155/49/10/011
https://doi.org/10.1088/0031-9155/58/3/621
https://doi.org/10.1088/0031-9155/58/3/621
https://doi.org/10.1088/0031-9155/58/3/621
https://doi.org/10.1088/0031-9155/58/3/621
https://doi.org/10.3109/0284186X.2013.815798
https://doi.org/10.3109/0284186X.2013.815798
https://doi.org/10.3109/0284186X.2013.815798
https://doi.org/10.1118/1.3013556
https://doi.org/10.1118/1.3013556
https://doi.org/10.1118/1.3013556
https://doi.org/10.1118/1.2739811
https://doi.org/10.1118/1.2739811
https://doi.org/10.1118/1.2739811
https://doi.org/10.1109/JBHI.2020.3025712
https://doi.org/10.1109/JBHI.2020.3025712
https://doi.org/10.1109/JBHI.2020.3025712
https://doi.org/10.1002/mp.14712
https://doi.org/10.1002/mp.14712
https://doi.org/10.1002/mp.14712
https://doi.org/10.1088/1361-6560/ac09a2
https://doi.org/10.1002/mp.14114
https://doi.org/10.1002/mp.14114
https://doi.org/10.1002/mp.14114
https://doi.org/10.1118/1.1477415
https://doi.org/10.1118/1.1477415
https://doi.org/10.1118/1.1477415
https://doi.org/10.1017/S1460396914000223
https://doi.org/10.1017/S1460396914000223
https://doi.org/10.1017/S1460396914000223
https://doi.org/10.1016/j.semradonc.2019.02.007
https://doi.org/10.1016/j.semradonc.2019.02.007
https://doi.org/10.1016/j.semradonc.2019.02.007
https://doi.org/10.1016/j.semradonc.2009.11.003
https://doi.org/10.1016/j.semradonc.2009.11.003
https://doi.org/10.1016/j.semradonc.2009.11.003
https://doi.org/10.1088/0031-9155/61/4/1677
https://doi.org/10.1088/0031-9155/61/4/1677
https://doi.org/10.1088/0031-9155/61/4/1677
https://doi.org/10.1118/1.597345
https://doi.org/10.1118/1.597345
https://doi.org/10.1118/1.597345
https://doi.org/10.1002/acm2.13219
https://doi.org/10.1002/acm2.13219
https://doi.org/10.1002/acm2.13219
https://doi.org/10.1002/mp.15462
https://doi.org/10.1002/mp.15462
https://doi.org/10.1002/mp.15462
https://doi.org/10.1088/0031-9155/56/12/014
https://doi.org/10.1088/0031-9155/56/12/014
https://doi.org/10.1088/0031-9155/56/12/014
https://doi.org/10.1118/1.3095767
https://doi.org/10.1118/1.3095767
https://doi.org/10.1118/1.3095767
https://doi.org/10.1186/s13014-015-0542-1
https://doi.org/10.1002/mp.13147
https://doi.org/10.1002/mp.13147
https://doi.org/10.1002/mp.13147
https://doi.org/10.1080/0284186X.2021.1994154
https://doi.org/10.1080/0284186X.2021.1994154
https://doi.org/10.1080/0284186X.2021.1994154
https://doi.org/10.1016/j.radonc.2018.08.009
https://doi.org/10.1016/j.radonc.2018.08.009
https://doi.org/10.1016/j.radonc.2018.08.009
https://doi.org/10.1002/acm2.12681
https://doi.org/10.1002/acm2.12681
https://doi.org/10.1002/acm2.12681
https://doi.org/10.1118/1.3021139
https://doi.org/10.1118/1.3021139
https://doi.org/10.1118/1.3021139
https://doi.org/10.1088/1361-6560/aae659
https://doi.org/10.1016/j.tipsro.2019.11.001
https://doi.org/10.1016/j.tipsro.2019.11.001
https://doi.org/10.1016/j.tipsro.2019.11.001
https://doi.org/10.1088/1361-6560/aa9c1c
https://doi.org/10.1088/1361-6560/ab7e7c
https://doi.org/10.1016/j.radonc.2016.04.038
https://doi.org/10.1016/j.radonc.2016.04.038
https://doi.org/10.1016/j.radonc.2016.04.038
https://doi.org/10.1016/S0360-3016(00)00518-6
https://doi.org/10.1016/S0360-3016(00)00518-6
https://doi.org/10.1016/S0360-3016(00)00518-6
https://doi.org/10.1016/j.ijrobp.2016.07.011
https://doi.org/10.1016/j.ijrobp.2016.07.011
https://doi.org/10.1016/j.ijrobp.2016.07.011

10P Publishing

Phys. Med. Biol. 68 (2023) 10TR01 Z Qiuetal

Vestergaard A, Muren L P, ndergaard J, m UV, yer M and Petersen J B 2013 Adaptive plan selection vs. re-optimisation in radiotherapy for
bladder cancer: a dose accumulation comparison Radiother. Oncol. 109 45762

ViewRay 2019 MRIdian Linac System Version 5 L-0086

Voglis C and Lagaris I 2004 Boxcqp: an algorithm for bound constrained convex quadratic problems Ist IC-SCCE Conf., Athen

Wang] et al 2009 The clinical feasibility and effect of online cone beam computer tomography-guided intensity-modulated radiotherapy for
nasopharyngeal cancer Radiother. Oncol. 90 221-7

Wang W, Sheng Y, Palta M, Czito B, Willett C, Hito M, Yin FF, Wu Q, Ge Y and Wu Q] 2021 Deep learning-based fluence map prediction
for pancreas stereotactic body radiation therapy with simultaneous integrated boost Adv. Radiat. Oncol. 6 100672

Wang W, Sheng Y, Palta M, Czito B, Willett C, Yin FF, Wu Q, Ge Y and Wu Q ] 2021 Transfer learning for fluence map prediction in adrenal
stereotactic body radiation therapy Phys. Med. Biol. 66 245002

Wang W et al 2020 Fluence map prediction using deep learning models—direct plan generation for pancreas stereotactic body radiation
therapy, Front Artif. Intell. 3 68

Webb S 2003 The physical basis of IMRT and inverse planning Br. J. Radiol. 76 678—89

Willoughby T R et al 2006 Target localization and real-time tracking using the Calypso 4D localization system in patients with localized
prostate cancer Int. J. Radiat. Oncol. Biol. Phys. 65 528-34

Winkel D et al 2019 Adaptive radiotherapy: the Elekta Unity MR-linac concept Clin. Transl. Radiat. Oncol. 18 54-9

Wu C, Jeraj R, Olivera G H and Mackie T R 2002 Re-optimization in adaptive radiotherapy Phys. Med. Biol 47 3181

WuQ,ChiY, ChenPY, Krauss D J, Yan D and Martinez A 2009 Adaptive replanning strategies accounting for shrinkage in head and neck
IMRT Int. J. Radiat. Oncol. Biol. Phys. 75 924-32

Wu QJ, Thongphiew D, Wang Z, Mathayomchan B, Chankong V, Yoo S, Lee W Rand Yin F F 2008 On-line re-optimization of prostate
IMRT plans for adaptive radiation therapy Phys. Med. Biol. 53 673-91

Xhaferllari I, Wong E, Bzdusek K, Lock M and Chen J 2013 Automated IMRT planning with regional optimization using planning scripts
J. Appl. Clin. Med. Phys. 14176-91

XingL,LiJ G, Donaldson S, Le Q T and Boyer A L 1999 Optimization of importance factors in inverse planning Phys. Med. Biol. 44 2525-36

Yan D and Liang ] 2013 Expected treatment dose construction and adaptive inverse planning optimization: implementation for offline head
and neck cancer adaptive radiotherapy Med. Phys. 40 021719

Yan D, Vicini F, Wong ] and Martinez A 1997 Adaptive radiation therapy Phys. Med. Biol. 42 123-32

YangY, Schreibmann E, Li T, Wang C and Xing L 2007 Evaluation of on-board kV cone beam CT (CBCT)-based dose calculation Phys. Med.
Biol. 52 685-705

Yuan Z, Wang Y, Hu P, Zhang D, Yan B, LuHM, Zhang H and Yang Y 2022 Accelerate treatment planning process using deep learning
generated fluence maps for cervical cancer radiation therapy Med. Phys. 49 263141

Zarepisheh M, Long T, Li N, Tian Z, Romeijn HE, Jia X and Jiang S B 2014 A DVH-guided IMRT optimization algorithm for automatic
treatment planning and adaptive radiotherapy replanning Med. Phys. 41061711

Zhang M, Westerly D C and Mackie T R 2011 Introducing an on-line adaptive procedure for prostate image guided intensity modulate
proton therapy Phys. Med. Biol. 56 494765

Zhang X, Rong Y, Morrill S, Fang J, Narayanasamy G, Galhardo E, Maraboyina S, Croft C, Xia F and Penagaricano ] 2018 Robust
optimization in lung treatment plans accounting for geometric uncertainty J. Appl. Clin. Med. Phys. 19 19-26

ZhaoJ, Chen Z, Wu X, Xing Y and Li Y 2021 Study of an online plan verification method and the sensitivity of plan delivery accuracy to
different beam parameter errors in proton and carbon ion radiotherapy Front. Oncol. 11 666141

Zhou X 2020 Automatic segmentation of multiple organs on 3D CT images by using deep learning approaches Adv. Exp. Med. Biol. 1213
13547

ZhuJ, ChenX, Yang B, BiN, Zhang T, Men K and Dai ] 2020 Evaluation of automatic segmentation model with dosimetric metrics for
radiotherapy of esophageal cancer Front. Oncol. 10 564737

ZhuX, GeY, Li T, Thongphiew D, Yin F Fand Wu Q] 2011 A planning quality evaluation tool for prostate adaptive IMRT based on machine
learning Med. Phys. 38 719-26

24


https://doi.org/10.1016/j.radonc.2013.08.045
https://doi.org/10.1016/j.radonc.2013.08.045
https://doi.org/10.1016/j.radonc.2013.08.045
https://doi.org/10.1016/j.radonc.2008.08.017
https://doi.org/10.1016/j.radonc.2008.08.017
https://doi.org/10.1016/j.radonc.2008.08.017
https://doi.org/10.1016/j.adro.2021.100672
https://doi.org/10.1088/1361-6560/ac3c14
https://doi.org/10.3389/frai.2020.00068
https://doi.org/10.1259/bjr/65676879
https://doi.org/10.1259/bjr/65676879
https://doi.org/10.1259/bjr/65676879
https://doi.org/10.1016/j.ijrobp.2006.01.050
https://doi.org/10.1016/j.ijrobp.2006.01.050
https://doi.org/10.1016/j.ijrobp.2006.01.050
https://doi.org/10.1016/j.ctro.2019.04.001
https://doi.org/10.1016/j.ctro.2019.04.001
https://doi.org/10.1016/j.ctro.2019.04.001
https://doi.org/10.1088/0031-9155/47/17/309
https://doi.org/10.1016/j.ijrobp.2009.04.047
https://doi.org/10.1016/j.ijrobp.2009.04.047
https://doi.org/10.1016/j.ijrobp.2009.04.047
https://doi.org/10.1088/0031-9155/53/3/011
https://doi.org/10.1088/0031-9155/53/3/011
https://doi.org/10.1088/0031-9155/53/3/011
https://doi.org/10.1088/0031-9155/44/10/311
https://doi.org/10.1088/0031-9155/44/10/311
https://doi.org/10.1088/0031-9155/44/10/311
https://doi.org/10.1118/1.4788659
https://doi.org/10.1088/0031-9155/42/1/008
https://doi.org/10.1088/0031-9155/42/1/008
https://doi.org/10.1088/0031-9155/42/1/008
https://doi.org/10.1088/0031-9155/52/3/011
https://doi.org/10.1088/0031-9155/52/3/011
https://doi.org/10.1088/0031-9155/52/3/011
https://doi.org/10.1002/mp.15530
https://doi.org/10.1002/mp.15530
https://doi.org/10.1002/mp.15530
https://doi.org/10.1118/1.4875700
https://doi.org/10.1088/0031-9155/56/15/019
https://doi.org/10.1088/0031-9155/56/15/019
https://doi.org/10.1088/0031-9155/56/15/019
https://doi.org/10.1002/acm2.12291
https://doi.org/10.1002/acm2.12291
https://doi.org/10.1002/acm2.12291
https://doi.org/10.3389/fonc.2021.666141
https://doi.org/10.1007/978-3-030-33128-3_9
https://doi.org/10.1007/978-3-030-33128-3_9
https://doi.org/10.1007/978-3-030-33128-3_9
https://doi.org/10.1007/978-3-030-33128-3_9
https://doi.org/10.3389/fonc.2020.564737
https://doi.org/10.1118/1.3539749
https://doi.org/10.1118/1.3539749
https://doi.org/10.1118/1.3539749

	1. Introduction
	2. Online adaptive radiotherapy and its challenges
	3. Treatment planning as an optimization problem
	4. Current commercial OnART systems
	4.1. Varian Ethos
	4.2. Elekta Unity
	4.3. ViewRay MRIdian

	5. Research on online adaptive planning
	5.1. Plan deformation methods
	5.2. Re-optimization methods

	6. Proton online adaptive planning
	7. AI as a potential solution to online adaptive planning
	7.1. Direct fluence map prediction
	7.2. Optimal dose prediction and dose-to-plan conversion
	7.3. Planning parameter prediction

	8. Future outlook
	Acknowledgments
	Data availability statement
	References



