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General Discussion



RATIONALE FOR AUTOMATION IN PROTON THERAPY

The proton therapy workflow typically involves several sequential steps, from
patient consultation and image acquisition to delineation of targets and OARs,
treatment planning, quality assurance, and finally treatment delivery. Among these
steps, manual treatment planning, including contouring, dose optimization and
plan verification, is often the most time-consuming and resource-intensive phase,
representing a major bottleneck in clinical practice. This becomes increasingly
relevant given the growing number of cancer patients requiring radiotherapy,
coupled with ongoing staff shortages in radiotherapy departments. Automated
IMPT planning can substantially reduce the workload currently required for manual
treatment plan generation.

Moreover, the increasing clinical interest in adaptive proton therapy highlights
the urgency for rapid, consistent, and reliable planning solutions, as frequent
plan adaptations are necessary to maintain target coverage while minimizing
toxicity, and manual replanning can not meet these time constraints. In this
context, automation is not only an important means to improve efficiency but
also a prerequisite for implementations of technological advancements, such as
adaptive workflows. However, before such solutions can be adopted in clinical
practice, the performance of automated IMPT planning must be validated to ensure
it meets clinical requirements. Additionally, automated planning methods must be
time-efficient, ideally minimizing or eliminating the need for hands-on planning.
This thesis therefore aimed to develop and clinically validate fully automated IMPT
planning for different treatment sites.

CLINICAL NEED FOR ADAPTIVE PROTON THERAPY

Plan adaptations during IMPT for HNC are regularly required, often at least once
during the treatment. Since the optimal timing for adaptive proton therapy remains
uncertain, frequent imaging and reassessment of the original plan quality on the
patient’s current anatomy are necessary. Previous studies, summarized in Chapter 2,
showed that proton plan adaptations were primarily triggered by deteriorating
target coverage, and adaptation typically restored or improved this coverage,
often with additional OAR dose reductions and thus potential toxicity reductions.
Compared to photon therapy, this need arises less frequently from OAR constraint
violations in IMPT, which can be explained due to its inherently lower normal tissue
doses. However, re-imaging, re-contouring, and re-optimization and re-assessment
make IMPT plan adaptations both workload- and resource-intensive, requiring
several hours to days before an adapted plan is clinically available.



Automated IMPT planning tools are therefore essential to significantly reduce
the ongoing workload associated with plan adaptations and support efficient
timely treatment delivery, particularly in the context of rising patient numbers.
As adaptive workflows evolve toward daily online adaptation, automation will
become indispensable to ensure that replanning occurs within clinically acceptable
timescales, maintain high plan quality, and allow the potential for reduced
treatment margins. Automation for IMPT thus should be seen not only as a means
to increase efficiency, but as an integral component for maintaining high treatment
standards in a resource constrained clinical environment.

DEVELOPMENT AND CONFIGURATION OF AUTOMATED
IMPT PLANNING

Automated treatment planning systems typically require input from experienced
planners for initial configuration to ensure clinically acceptable plan quality.
In Erasmus-iCycle, fully automated IMPT plan generation is enabled through the
development of a treatment site specific wish-list. The wish-list includes a list of
objectives and constraints, each assigned a specific priority order for sequential
optimization. Its development relies on close collaboration between radiation
oncologists and planners to identify treatment site specific clinical requirements.
Through iterative tuning on a subset of representative patients, the wish-list is
refined until the resulting automated IMPT plans reproduce or improve upon
clinical IMPT plans (Chapters 3, 5 and 6).

A suboptimal configuration can systematically compromise plan quality across
all patients within a treatment site, emphasizing the importance of careful tuning
and inclusion of anatomically diverse patient cohorts. Therefore, it is important to
include patients with diverse anatomical characteristics during this tuning phase,
such as patients with small and large tumor volumes or with and without metal
implants. The tuning process is the most time-consuming yet critical component
of the automated IMPT planning workflow, and its duration should be considered
when preparing implementation timelines.

Ideally, one wish-list is developed per treatment site. Although initial development
may be time-intensive, particularly for complex sites such as HNC with numerous
OARs, once robust and validated, the wish-list can be applied consistently across
larger patient cohorts, reducing hands-on planning time, and enabling rapid
adaptation to new dose prescriptions or anatomical sub-sites. This facilitates
efficient extension across treatment sites while keeping plan quality updated with
clinical insights and protocol improvements.



For clinically complex treatment sites that require specific planning strategies,
tailored automated planning approaches are necessary. An example is NPC,
where the close proximity of serial OARs to the target volumes makes achieving
adequate target coverage while respecting dose constraints for critical structures
(e.g., brainstem, spinal cord) particularly complex. A modified optimization strategy
was integrated in the automated planning method, which treated target coverage,
unlike in the standard Erasmus-iCycle approach, not as a hard constraint but as a
heavily weighted objective. This approach enables a better balance in situations
where strict constraint-based optimization could not yield a feasible solution
due to conflicting requirements between targets and serial OARs (Chapter 5).
Such adjustments illustrate that for anatomically complex sites, customization of
treatment (sub)site-specific optimization strategies is sometimes required.

Once developed, these strategies can also be applied to less complex cases. For the
clinical validation of automated IMPT planning, however, it is advisable to begin
with less complex cases. In these cases, the effect of parameter adjustments
during the tuning process can be more easily assessed, providing clearer insight
into the behavior of the algorithm. Starting directly with highly complex cases
risks generating suboptimal plans, without the ability to determine whether this
results from limitations of the automated planning optimization method itself or
from insufficient tuning. Demonstrating feasibility in less complex cases therefore
provides a solid basis before extending automated planning to more challenging
scenarios, as performed in this thesis.

CLINICAL VALIDATION ACROSS TREATMENT SITES

Automated IMPT planning was clinically validated across various treatment sites
(Chapters 3, 4, 5, and 6), each with different levels of planning complexity:

1. Cases where the clinical desired goals are achieved;

2. More complex cases with clinically trade offs in target coverage while
respecting toxicity constraints;

3. Challenging cases, where both target coverage and toxicity constraints are
compromised in clinical practice.

In cases where clinically the desired target coverage could always be obtained,
the automated IMPT approach was able to achieve similar target coverage, while
consistently reducing the dose to OARs, and thereby lowering the probability of
toxicity (Chapter 3). Especially in more complex cases were clinically target coverage
concessions were made to respect constrains to serial OARs, the automated plans



improved the target coverage, while still adhering to all critical dose constraints
(Chapter 5). These results demonstrate that automated IMPT planning is highly
suitable for generating high-quality treatment plans for the first two sort of cases,
while requiring no hands-on planning time.

Importantly, all the automatically generated IMPT plans for HNC from Chapter 3 were
clinically approved and preferred over their manual counterparts by experienced
radiation oncologists (Chapter 4). These outcomes are highly important, as clinical
implementation of automated planning relies on the confidence and approval of
the treating radiation oncologists, since they are end-responsible for the patient
its treatment. Their acceptance is thus crucial and confirm that automated IMPT
plans can meet or exceed clinical standards and are suitable for integration
into routine clinical workflows. Moreover, with the improvement in plan quality
using automated planning, patients may benefit from lower expected treatment
related toxicities. Furthermore, successful clinical implementation requires the
involvement of both manual treatment planners and radiation oncologists as end
users, enabling them to build trust in automated planning systems, contribute
to their ongoing refinement, and adapt to the evolving role of automation within
radiotherapy workflows.

In challenging cases, where both target coverage and toxicity constraints are
clinically compromised, automated IMPT planning was able to achieve mostly
similar or improved target coverage while respecting these constraints (Chapter
6). However, for a subset of patients, strict adherence to OAR constraints reduced
target coverage, whereas clinicians occasionally exceed constraints intentionally to
improve outcomes. This highlights that a single, site-specific wish-list can not fully
capture the nuanced decision-making of clinicians, indicating a need for alternative
automated strategies in particularly complex cases.

MANAGING CHALLENGING CASES

To address this limitation, an alternative wish-list that permitted selective
exceedance of specific dose constraints is proposed (Chapter 6). This enables the
automated generation of IMPT plans with target coverage similar to the clinical
plans, while achieving similar to reduced toxicity. In clinical practice, itis not known
in advance which patients require exploration of this ‘grey area’. Therefore, for
particularly complex cases, the development of an alternative automated planning
strategy capable of identifying and exploring this region of trade-offs between
TCP and risk of toxicity is necessary, where limited constraint exceedance may be
clinically justifiable.



Integration of automated methods to quantify and navigate these trade-offs along
a Pareto front is feasible using MCO frameworks, allowing clinicians to interactively
select the most appropriate plan where conventional constraint-based planning
is insufficient, as demonstrated in brachytherapy applications.[1,2] For the
development of a similar approach in proton therapy, it is important that the plans
are robustly optimized, as in clinical practice.

Although an a posteriori MCO approach could, in principle, also be applied to non-
complex cases, its use as a standard is not advised. Generating a set of Pareto
optimal plans is more resource intensive, and subsequent manual navigation and
evaluation of trade-offs introduces additional workload and time demands. Thus, in
situations where compromising both target coverage and serial OAR constraints is
unnecessary, as is the case for most patients presented in this thesis, an automated
IMPT planning approach based on a single, predefined treatment site specific wish-
list remains the most efficient and appropriate solution.

IMPLICATIONS FOR CLINICAL IMPLEMENTATION OF
AUTOMATED IMPT PLANNING

For clinical adoption of automated IMPT planning systems, regulatory consider-
ations are essential. In the European Union, clinical implementation of medical
software is governed by the Medical Device Regulation (MDR), which aims to ensure
the safety and performance of medical devices, including software-based tools
such as automated treatment planning systems. These regulations apply to both
commercially developed products and in-house software used within healthcare
institutions. The MDR allows healthcare institutions to use self-developed software
without a CE certification, providing that specific conditions are met. These include
adherence to the general safety and performance requirements, maintaining ap-
propriate internal technical documentation and justifying the absence of equivalent
commercial alternatives.[3]

The clinical validation presented in this thesis demonstrates the feasibility of
automated IMPT planning in a clinical setting. While not yet available for external
deployment, this thesis provides essential evidence for future regulatory approval,
by generating clinical evidence and identifying cases where clinical performance
requirements are met. Future collaboration with commercial vendors could
facilitate broader deployment and interoperability with existing treatment planning
systems.



Once automated planning tools are clinically implemented, it remains important to
regularly perform quality control checks, and see whether improvements in plan
quality are possible, i.e. by investigating new strategies or techniques. Continuous
improvement, such as updating the wish-list according to new insights and clinical
protocols or integrating novel optimization methods, will ensure that automated
planning evolves alongside clinical protocols and technological advances.

The introduction of automated IMPT planning will also reshape the role of
treatment planners, shifting their responsibilities from primarily manual plan
generation to evaluating automatically generated plans and participating in clinical
decision making at the treatment machine, including performing plan adaptations
when required. Maintaining the skills, motivation, confidence, and clinical insight
of clinical treatment planners and radiation oncologists remains essential, as their
expertise is crucial for the continued development and refinement of automated
tools. In particular, their experience will be invaluable in the innovation of new
treatment strategies and the exploration of emerging techniques using automated
planning, thereby supporting the delivery of the best possible treatment for
patients.

FUTURE DIRECTIONS: DEEP LEARNING AND ADVANCED
TREATMENT TECHNIQUES

To further streamline the clinical workflow, automation must extend beyond
plan generation. One major component that remains time-consuming and prone
to inter- and intra observer variability is contouring, where targets and OARs
are manually delineated. Automated segmentation solutions for OARs in HNC
based on deep learning models are already available, with several commercially
implemented in clinical practice.[4,5] In contrast, although automated lymph node
delineation has recently become commercially available, no clinically implemented
automated tumor delineation solutions currently exist for HNC. Nevertheless,
several investigations into deep learning-based auto-segmentation using MRI,
PET/CT [6,7] or multimodality imaging [8] are ongoing. Automating these steps is
essential to support rapid adaptive replanning and to fully exploit the potential of
automated IMPT planning.

Erasmus-iCycle enables automated IMPT optimization over several hours without
user intervention, making it well-suited for offline adaptation to address gradual
anatomical changes. Whereas manual replanning may take several days, automated
overnight optimization enables treatment the next day after radiation oncologist
approval, substantially reducing manual planner workload. However, for online



adaptation strategies, fast replanning must be performed during the treatment
fraction while the patient remains in the same position on the treatment couch.

For photon therapy, rapid re-planning workflows are already clinical applicable
via commercially available systems, enabling adaptation to day-to-day variations,
and thereby facilitating personalized patient care.[9-11] Currently, such strategies
are not clinically feasible in proton therapy due to the absence of fast, high-quality
on-board imaging, as well as sufficiently rapid replanning algorithms and quality
assurance tools which needs to be automated too. To address this, Oud et al.[12]
proposed a fast re-optimization method integrated in Erasmus-iCycle, in which spot
addition and re-optimization were completed in an average of 3.4 minutes. This
approach prevented target coverage deterioration while allowing the use of small
setup robustness settings, thereby reducing NTCPs compared to standard offline
replanning. Furthermore, fast Monte Carlo dose calculation algorithms have been
developed, but still needs to be integrated into Erasmus-iCycle.[13]

An additional motivation for daily online adaptive strategies, compared to trigger-
based offline replanning, is the potential to reduce treatment margins, offering
further reductions in patient toxicity. Moreover, patient toxicity could be reduced
by changing the optimization strategy toward NTCP-based objectives rather than
OAR dose objectives, as OAR dose reductions does not always yield clinically
relevant benefits when the dose reduction occurs in the shallow region of the
NTCP curve. To this end, Erasmus-iCycle could be extended to incorporate NTCP-
gain-based optimization, thereby potentially further improving and individualizing
patient care. Continued development of TCP and NTCP models remains essential,
using updated patient outcome data obtained with the most recent treatment
techniques.

Deep learning approaches

In recent years, knowledge-based and deep learning approaches for automated
proton therapy planning have also been investigated and validated for HNC.
Delaney et al.[14,15] evaluated a commercially available knowledge-based planning
(KBP) method and reported comparable target coverage with reduced OAR doses
compared to clinical IMPT plans. Plan generation with this method required less
than 10 minutes. Van Bruggen et al.[16,17] assessed a commercially available deep
learning-based method, where the generated plans required subsequent fine-
tuning to meet clinical requirements, resulting in an average total planning time
of 2.5 hours. Such approaches are therefore highly valuable for generating plans



automatically, with substantial reductions in time and workload. In addition, their
commercial availability facilitates broad clinical accessibility.

However, general limitations of such deep-learning or KBP approaches include the
requirement for large amounts of training data, typically hundreds of cases, and the
quality of the resulting plans is inherently dependent on the historical plans used
for training, which may limit further plan improvements. In addition, such models
are often perceived as black boxes, raisings concerns regarding transparency,
interpretability, and the ability to control or easily adjust the underlying model
parameters. Nonetheless, deep learning approaches offer important advantages,
including very fast execution times and the potential to develop a single model
applicable across multiple treatment sites, thereby substantially increasing
versatility and clinical efficiency.

Building on existing studies of deep learning and knowledge-based planning,
combining deep learning prediction with Erasmus-iCycle MCO presents a realistic
strategy to achieve rapid, but individualized automated IMPT planning. A deep
learning model could be trained using high-quality MCO plans as input, ensuring
that the generated plans are of clinically acceptable quality, even if not always
optimal for an individual patient. When clinical protocols are updated, new high-
quality Erasmus-iCycle plans could be batch-generated to retrain the model,
thereby addressing data availability challenges and ensuring continued plan
quality improvement. The validated Erasmus-iCycle wish-lists developed in this
thesis, would remain essential as a reference framework, guiding the model toward
improved planning performance based on evolving clinical insights.

Furthermore, deep learning models could assist in the quality assurance, by
predicting the reliability of delineations or automatically generated plans, and by
comparing their quality to clinical reference plans. Such tools could also support
the development and refinement of wish-lists, for which time investment remains
substantial. In the future, wish-lists themselves might be generated or optimized
through deep learning approaches, enabling the model to learn how input wish-
list parameters influence plan quality. While all resulting plans must continue
to be reviewed and approved by physicians, predictions of plan reliability or
uncertainty could help clinicians focus on cases or regions where plan quality
may be suboptimal.

Advanced treatment techniques

Our automated planning approach is also highly suitable for investigating new
treatment strategies or techniques. Using a single wish-list, Erasmus-iCycle enables



fully automated treatment planning with consistent plan quality, facilitating
unbiased comparisons between techniques by applying the same optimization
functions and dose computation algorithms. For example, as in Chapter 5, the
dosimetric added value of incorporating transmission beams (TBs) to IMPT was
evaluated. TBs have smaller lateral penumbras compared to conventional IMPT
beams, thereby potentially reducing dose to adjacent healthy tissues. It was
hypothesized that in complex cases, where targets are located in close proximity
to serial OARs, TBs could improve target coverage while further sparing critical
structures. Our results demonstrated reduced serial OAR doses, however, these
reductions were generally of limited clinical relevance, and target coverage was
not improved beyond what was already achieved with automated IMPT planning.
Such unbiased investigations of alternative strategies or techniques are generally
not feasible with manual planning due to inter- and intraplanner variability and the
high workload involved, underscoring the practical and methodological advantages
of automated planning, especially in the context of personnel shortages.

Another technique that particularly will benefit from automated planning is proton
arc therapy, in which dose is delivered from a large number of gantry angles,
thereby increasing the degrees of freedom during plan optimization. Determining
the optimal distribution of energy layers and spots across these gantry angles while
adhering to clinical goals makes optimization of a proton arc plans challenging
and time consuming, underscoring the necessity of automation. Recent planning
studies on proton arc in HNC showed reduction of predicted toxicities as compared
to IMPT [18-20], a finding that was also recently confirmed using Erasmus-iCycle.
[21]

Proton arc can be delivered in either a dynamic or static arc. In dynamic arc
proton therapy, protons are delivered during continuous gantry rotation around
the patient. Currently, no clinical treatment machine is capable of dynamic arc
proton therapy delivery with a rotating gantry, although several development
efforts are ongoing. The main advantage of dynamic arc delivery is the potential to
substantially reduce treatment times, thereby increasing patient throughput. This
becomes particularly relevant given the increasing number of patients requiring
RT and the need for efficient use of treatment resources.

In static arc proton therapy, a step-and-shoot delivery technique is applied over a
large number of gantry angles, with multiple energy layers per direction. A major
advantage of this method is that it can be delivered on all treatment machines
capable of conventional IMPT. However, delivery times may be prolonged due to
the switching times between energy layers. Recent clinical experience in four HNC



patients demonstrated that static arc proton therapy can achieve comparable or
reduced treatment times relative to conventional multi-field IMPT through careful
selection of planning parameters, such as employing 20 static beam directions.
[20] Dosimetric analyses by Kong et al.[22] further indicate that a 36-field proton
arc provides comparable target coverage and OAR sparing to a 10-beam IMPT
plan, suggesting that reduced-field static arc configurations may be a practical
compromise when delivery time is a limiting factor.

While proton arc therapy can improve dose conformality and thereby potentially
reduce treatment-related toxicity, there are indications that proton arc has a higher
sensitivity to inter-fraction anatomical changes compared to conventional IMPT.
This increased sensitivity is due to interlaced spot maps coming from a multiple of
directions, in contrast to the set of stacked energy layers from a limited number of
directions in IMPT.[19,23] Consequently, the benefits of reaching such high levels
dose conformality could come at the cost of an increased need for plan adaptations
during the treatment course. This emphasizes the importance of streamlining, and
ideally automating, the adaptive proton therapy workflow. While automation is
already beneficial for conventional multi-field IMPT, it becomes even more critical
for proton arc therapy, where the higher conformality may necessitate more
frequent replanning.

FUTURE OUTLOOK

The future clinical landscape of proton therapy will be shaped by the further
expansion of automated planning to new treatment strategies, such as proton arc
therapy, and by the integration of automation across all stages of the workflow,
from segmentation and planning to (online) adaptation and quality assurance.
Over the next 5-10 years, we see the field evolve towards daily online adaptive
planning, real-time dose recalculation, and deep learning-assisted decision support
are seamlessly embedded into routine clinical practice. This transformation will
increase efficiency and consistency, enable smaller treatment margins, improve
target coverage, and reduce normal tissue toxicity, ultimately enhancing patient
outcomes.

While photon-based radiotherapy is already advancing in online adaptive
workflows, the potential benefits of proton therapy, i.e. higher conformality
and reduced normal tissue dose, remain relevant, particularly for anatomically
complex cases. Nevertheless, as adaptive photon techniques continue to evolve,
the relative clinical benefit of protons must be reassessed in the context of new
photon standards, including margin-free online adaptive delivery.



Deep learning-based approaches offer further opportunities to accelerate planning
while maintaining high-quality plans. Erasmus-iCycle generated plans can serve as
high-quality training data, enabling a two-step workflow in which deep learning
predicts initial optimization objectives for targets and OARs, followed by multi-
criteria optimization to achieve individualized trade-offs. Such an approach
combines the speed of deep learning with the individualized trade-offs achievable
through MCO, maintaining clinical quality while dramatically reducing planning
time. Clinically applied plans could then be incorporated into a continuous feedback
loop, ensuring that the deep learning model remains updated with the most recent
and highest-quality plans. In addition, deep learning-based decision support
tools may complement automated planning by assisting in plan evaluation, plan
adaptation, and predictive modeling of patient-specific toxicity (i.e., by NTCP),
thereby extending the impact of automation beyond plan generation alone.

The studies presented in this thesis demonstrate that automated proton therapy
planning has been clinically validated across various treatment sites, each with
different levels of planning complexity, providing a solid foundation for future
integration of automation throughout the workflow. Successful implementation
drastically reduces planning time and workload, thereby enabling higher patient
throughput and shorter waiting times. The time and workload reductions achieved
through automation can be reinvested in the evaluation and clinical translation
of new techniques, ultimately contributing to consistent, high-quality treatment
plans and efficient, evidence-based use of clinical resources.

In the coming years, integration of automation with advanced modalities, such as
dynamic proton arc therapy, daily online adaptive planning with reduced margins,
or NTCP-gain-based optimization, will further reduce toxicity, shorten treatment
times, and enhance both efficiency and consistency in proton therapy. At the same
time, future work should focus on developing real-time quality assurance tools
and validating automated planning and new techniques across institutions. While
clinical expertise remains essential, automation will not only enhance consistency
and efficiency, but also enable innovations and adaptive strategies that would be
unfeasible through manual planning alone.
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