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ABSTRACT

Purpose: To clinically validate fully automated intensity-modulated proton therapy
(IMPT) planning for head and neck cancer (HNC) through blinded comparison with
manual plans by experienced radiation oncologists.

Methods: Thirty HNC patients treated with a manually created IMPT plan were
retrospectively included. Dose prescription was 7000 cGy(RBE) to the primary
tumor and 5425 cGy(RBE) to the bilateral elective nodal volumes. Fully automated
IMPT plans were generated using Erasmus-iCycle, applying the same clinical four-
beam configuration and dose constraints. Three experienced HNC radiation
oncologists (ROs) independently assessed the automated and corresponding
manual plans in a blinded manner. Each RO evaluated both plans, blinded to the
planning method, to determine clinical acceptability and indicate their preference,
if any. Interobserver differences in preference were evaluated using pairwise
McNemar tests. A generalized linear mixed model was used to assess overall
preference for automated plans.

Results: All 30 automated IMPT plans were considered clinically acceptable,
whereas 28 of the 30 manual plans were rated clinically acceptable by all three
ROs. In 28 out of 30 cases, the ROs unanimously (p=1.000 between each pair of
observers) preferred the automated plan. In the remaining 2 cases, one of the
three ROs had no preference. The manual plan was never preferred. The overall
preference for automated plans over no preference was statistically significant
(p<.001). Target coverage was considered equivalent, while target conformality
and sparing of both serial and parallel OARs were generally rated superior in the
automated plans.

Conclusions: All fully automated IMPT plans for HNC were considered clinically
acceptable by experienced HNC radiation oncologists. Automated plans were
unanimously preferred over manually created plans in nearly all cases, with
statistical significance, highlighting the clinical potential of automated IMPT
planning tools.



INTRODUCTION

Radiation therapy (RT) treatment planning aims to achieve adequate target
coverage while respecting dose constraints for organs at risk (OARs). Manual
treatment planning typically requires trade-offs between clinical objectives and
involves multiple optimization rounds, including manual adjustment of weights
and/or the addition of optimization objectives. Especially in head and neck cancer
(HNC), where multiple targets are located close to multiple OARs, manual treatment
planning is complex and requires a high level of planner intervention, which makes
it a workload and time-consuming process. In addition, the resulting plan quality
depends on the experience of the involved planner, and the amount of time
available for the planning process.[1,2] These limitations highlight the need for
more efficient and consistent methods of treatment plan optimization[3], leading
to the development of automated planning systems.

Both in-house developed and commercially available planning solutions have been
proposed within the last few years.[4-8] Previously performed validation studies
into automated planning have reported successful results for several cancer
types, including HNC.[8-11] Most of these studies have been conducted for photon
therapy, although several have recently become available for HNC proton therapy.
[12-17] The validation in these studies primarily focused on quantitative dosimetric
plan metrics, such as dose-volume histogram parameters and clinical objectives.
However, for successful integration into clinical practice, both quantitative and
qualitative analyses should be conducted.[18]

For automated photon therapy, a few qualitative investigations have been reported
in the literature. In a prospective study by Voet et al.[19], treating physicians
selected the automatically generated plan over the manual plan in 97% of the
HNC cases. Similarly, for prostate cancer, clinicians' preference for automated
plans was in line with the observed overall superior dosimetric plan parameters.
[20] However, in a multicenter study by Fiandra et al.[21], autoplanning provided
significant dosimetric advantages for breast cancer, yet clinicians preferred the
automated plans in only half of the cases. Similarly, in lung cancer patients, despite
significant OAR dose reductions, the automated plans were not always preferred
over their manual counterparts.[22] These observations highlight the importance
of qualitative clinical evaluations, even when quantitative dosimetric results
indicate superiority of automated plans over manual plans.

However, studies assessing the clinical evaluation of autoplanning for proton
therapy remain limited. To date, only one blinded clinical validation study has



investigated deep learning-based planning for intensity-modulated proton therapy
(IMPT) in HNC.[23] In contrast to our study, however, the automated plans were
not generated fully automatically, as manual adjustments were applied to the deep
learning-generated plans.

We previously reported on dosimetric comparisons demonstrating the quality
of fully automated IMPT plans for HNC patients.[17] In the present study,
we investigated their clinical acceptability and preference through a blinded
comparison with manual plans. Radiation oncologists independently assessed
and selected between the two, aiming to provide a qualitative evaluation of fully
automated IMPT plans and their potential for use in the clinic.

METHODS

Clinical Planning

Thirty-three patients (31 oropharynx, 2 hypopharynx), clinically treated with
curative intent in HollandPTC between March 2021 and August 2022, were
retrospectively included. All patients were irradiated on a Varian ProBeam unit
(Varian Medical Systems, Palo Alto, CA) using a manually created IMPT treatment
plans constructed in RayStation v10B (RaySearch Laboratories AB). Informed
consent was obtained from all patients for the retrospective use of their clinical
data. The prescribed dose was 7000 cGy(relative biologic effectiveness [RBE] =
1.1) to the primary clinical target volume (CTV7000) and 5425 cGy(RBE) to the
bilateral elective CTV (CTV5425) in 35 fractions. The plans were constructed by an
experienced planner with a 4-beam configuration; gantry angles B1:50°, B2:150°,
B3:210°, B4:310° and a 5cm range shifter. B1 and B4 could be adjusted by the
involved planner by 5° to 10° to avoid irradiation through dental fillings. Additionally,
avoidance volumes were created to prevent spots passing through dental fillings.
Spot traversal through the shoulders was prevented using avoidance structures
encompassing the caudal parts of CTV5425. Robust optimization was applied to
the CTVs for 21 scenarios with a 3mm isotropic setup uncertainty and +3% density
uncertainty.[24] The plans were optimized in accordance to the planning goals
outlined in Table 1, where the dose to OARs was minimized. The clinical IMPT plans
were optimized and calculated using the RayStation Monte Carlo dose engine with
1.0% statistical uncertainty.



Table 1 Clinical treatment planning goals

Target/OAR Dose volume goal Dmean
CTV7000 D98%=95%*
D2%<107%**
CTV5425 D98%=95%*
Parotids <2600 cGy
Submandibular glands <3500 cGy
Oral cavity <2800 cGy
PCMs <4000 cGy
Larynx <4000 cGy
Cochlea <4500 cGy
Brainstem Core D0.03cm3<5400 cGy**
Surface D0.03cm3<6000 cGy**
Spinal cord Core D0.03cm3<5000 cGy**
Surface D0.03cm3<6000 cGy**
Mandible D2%<7000 cGy**

PCMs: Pharyngeal constrictor muscles (delineated separately the superior, medius and inferior part)
* Also in the vw-min dose

** Also in the vw-max dose

Automated planning

The fully automated IMPT plans in this study were generated without human
intervention, using multi-criterial optimization as implemented in Erasmus-iCycle.
[5,25,26] The optimizer is driven by a treatment site-specific wish-list, which
contains hard planning constraints and prioritized objectives. These objectives
are sequentially optimized according to their assigned priorities, ensuring that
constraints are not violated. After each objective minimization, the achieved
result is converted into a constraint, such that its value is maintained during
the subsequent optimization of lower-priority objectives. If an objective cannot
be fully achieved, a relaxation is applied to enable room for improvement of
lower-priority objectives. After objectives were optimized to their goal values, a
secondary optimization round is performed to further reduce dose where feasible.
The resulting plans are Pareto optimal.[5,25]

The initial definition of the wish-list was based on the clinical target and OAR
goals (Table 1) and discussions with clinicians. Of the 33 included patients, three
oropharynx cases were randomly selected for iterative wish-list refinement (see
Table 1 in the paper of Huiskes et al.[17] for patient and tumor characteristics).



For these cases, automated IMPT plans were evaluated and the wish-list was
adjusted until no further improvements were considered achievable. A detailed
description of the tuning process can be found in the appendix of Heijmen et al.[20].
The finalized wish-list was subsequently applied to the remaining 30 patients, who
were not used in the wish-list development process. These 30 patients and the
wish-list were identical to those used in the previous validation study [17], which
focused on dosimetric plan comparison.

For all automated plans, the same avoidance structures and monitor unit constraints
as in the clinical plans were used, and robust optimization was performed with the
same uncertainty scenarios as clinically applied. Dose calculations were conducted
with the Astroid dose algorithm [27], configured for the Varian ProBeam beam
characteristics [28].

Blind clinician scoring

Three radiation oncologists with clinical experience in treating HNC patients with
proton therapy, were individually asked to review the blinded automated and
manual clinical treatment plans. All dose data were imported in DICOM RT format
into the research version of RayStation 2023B. For each patient, the automated
and manual plans were randomly assigned as "Plan A" and "Plan B" to ensure
blinding. Consistent with clinical practice, the clinicians assessed both the nominal
dose distributions and the robustness evaluations using the voxelwise minimum
(vw-min) and voxelwise maximum (vw-max) doses calculated from 28 scenarios
with 3mm setup error and +3% density uncertainty on the planning computed
tomography (CT).[29] In addition, the clinical goal template was available to
facilitate the evaluation.

Per patient, each RO filled in a digital questionnaire, see Appendix figure 1. In this
guestionnaire, the clinicians were asked whether each plan was clinically acceptable
or not, and whether they preferred Plan A, Plan B, or had no preference. In case
of a preference, they could indicate whether they had a low- or high preference
towards the preferred plan. Furthermore, they were asked to compare the plans
in terms of target coverage, OAR sparing, hotspots, and target conformity, and
to identify whether one plan performed better in any of these aspects. Clinicians
were also given the opportunity to provide additional free-text comments in the
questionnaire.



Statistics

Plan acceptability

Fisher-Exact test was performed to assess whether differences between observers
in clinical acceptability of the plans were statistically significant (p<.05).

Plan preference

A Generalized Linear Mixed Model was conducted with preference as the
dependent variable (0 = no preference, 1 = preference for automated plan), and
patient as a random effect to account for the non-independence of observations
within patients. The model included only an intercept to test whether there was a
statistically significant (p<.05) overall preference across all observers.

To investigate interobserver differences between the ROs in plan preference,
pairwise comparisons between the observers (RO1, RO2, RO3) were assessed
using McNemar test. Plan preferences were initially restructured into 3 categories:
‘Manual plan better’, ‘No preference’ and ‘Auto plan better’. Since no ratings were
given for ‘Manual plan better’, only the ‘No preference’ and ‘Auto plan better’
categories were included in the analysis. This test is appropriate for paired nominal
data and evaluates differences in the marginal proportions, taking the paired

observation into account.

RESULTS

The manual plans were considered clinically acceptable in 28/30 of the cases, with
no statistically significant difference between the observers (p=0.326), whereas all
30 automated plans were considered clinically acceptable by the three radiation
oncologists. One RO assessed a manual plan as clinically unacceptable due to the
presence of a dose bath caudal to the pharyngeal constrictor muscles and larynx,
see Figure A2. Another manual plan was considered clinically unacceptable by 1
RO due to an average CTV dose that was judged to be too high.

The 3 ROs had a statistically significant (p<.001) overall plan preference towards
the automated plan (28/30 patients), with either low- or high impact, while in the
remaining 2 patients 1 of the 3 ROs had no preference, see Figure 1 and Table A1.
In none of the cases the manual plan was preferred.
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Plan preference of each RO
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Figure 1 Plan preferences of each radiation oncologist (RO), along with the combined total
preferences across all 3 ROs.

The McNemar test revealed no statistically significant differences between any
pair of observers (p=1.000 for all comparisons) in plan preference. This result is
consistent with the high agreement observed, as nearly all cases were rated by
each RO as “Auto plan better” (which includes both ‘Auto plan better, low impact
+" and ‘Auto plan better, with impact ++' categories).

Figure 2 presents the cumulative preference of the 3 observers across subcategories,
including target coverage, OAR sparing, hotspots, and target conformity. Overall,
target coverage for both CTVs was rated with no preference between the manual
and automated plans. However, the automated plans clearly scored better for target
conformity and both serial and parallel OAR sparing. Regarding hotspots, most
plans were considered equivalent, with a subset demonstrating preference towards
the manual- or automated plans. Figure 3 shows an example of dose distributions
with blinded naming: ‘Plan A’ (clinical plan) and ‘Plan B’ (automated plan). In the case
shown, target coverage was rated equivalent, while the automated plan was rated
superior by all 3 ROs in terms of OAR sparing and target conformality.

70
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Figure 2 Cumulative preferences of radiation oncologists for automated plans, neither, or
manual plans, grouped by subcategory. Each subcategory comprises n =90 plan comparisons.
For target coverage and serial OARs, both nominal and vw-min/vw-max doses were evaluat-
ed. Abbreviations: CTV = clinical target volume; OARs = organs at risk; vw-max = voxel wise
maximum; vw-min = voxel wise minimum.

Figure 3 Transversal CT slices showing the nominal dose distribution of “Plan A” (clinical plan)
and “Plan B” (automated plan) for a representative case. Structures are labeled as follows:
green = CTV7000, dark blue = CTV5425, yellow = oral cavity, and light/dark brown=parotid
glands. Target coverage was rated equivalent, whereas Plan B was considered superior in terms
of OAR sparing and target conformity. Abbreviations: CT = computed tomography; CTV = clin-
ical target volume; OARs = organs at risk.



In the additional free-text fields, 2 ROs reported about higher mean dose in the
oral cavity or cricopharyngeal inlet in 4 of the automated plans, where the other
OARs were clearly spared. In 3 automated plans, 1 RO reported about dose through
sinuses or shoulders which was less emphasized in the manual plans, and for 1
automated plan, this was addressed by 2 ROs. One RO noted in 3 cases that the
average dose to the elective CTV in the automated plan was relatively high, but
still within clinical limits.

DISCUSSION

This study presents the first blinded comparison between fully automatically
generated and manually constructed IMPT plans for HNC, demonstrating that all
automated plans were clinically acceptable and in nearly all cases the automated
plans were preferred by the expert ROs. Target coverage was considered equivalent,
whereas target conformality and sparing of both serial and parallel OARs were
generally superior in the automated plans. These findings demonstrate that fully
automated IMPT planning with Erasmus-iCycle produces high-quality, clinically
acceptable plans that are consistently favored over manual plans, while also
reducing hands-on planning time. This supports the potential for clinical adoption
of fully automated IMPT planning as an efficient, high-quality alternative to manual
treatment planning.

The results of this study are consistent with our previous work focused on
dosimetric parameters, in which we observed comparable target coverage and
statistically significant reductions in OAR doses with the automatically generated
plans.[17] The superior results of automated planning are obtained through wish-
list driven systematic plan generation with automated MCO, which is difficult to
reproduce consistently with manual planning. With Erasmus-iCycle, generated
plans are guaranteed to be Pareto optimal [5], and all objectives are minimized
to the maximum extent while never violating constraints and while respecting
objective priorities. Consequently, the optimizer reduces OAR doses wherever
feasible without deteriorating higher-priority objectives. In this way, not only are
the objective goals met, but OAR doses are also maximally reduced.

Other validation studies of automated planning methods also primarily rely on
dosimetric comparisons.[12-16] While dosimetric analysis provides valuable
guantitative insights, it does not capture the full spectrum of clinical considerations
that treating physicians evaluate during plan review. A major strength of our study is
that it advances previous work by incorporating a retrospective, blinded evaluation



of the plans by treating physicians. This approach enables the assessment of
qualitative factors that may influence clinical decision-making.

Another strength of this study is the inclusion of a larger number of cases,
combined with evaluation by three independent radiation oncologists. In contrast,
previous HNC studies have typically assessed fewer cases or involved a smaller
number of observers. For example, Voet et al.[19] included 20 cases, while the
study by Van Bruggen et al.[23] assessed only 10 to 15 cases; both studies involved
a single treating physician, which may limit the generalizability of their findings.
Furthermore, our study included all clinical oro- and hypopharyngeal cancer
patients treated with IMPT during the study period, making them a representative
group of patients. Additionally, the study was conducted in a fully blinded manner,
minimizing the likelihood of bias influencing the results. The clear preference for
automated IMPT plans observed in our study provides further support for the
clinical adoption of automated planning tools for IMPT. A limitation, however, is
that the current workflow is not yet integrated with a clinical treatment planning
system, which hampers direct clinical implementation.

Interobserver variability is a well-recognized challenge in radiotherapy, particularly
due to subjective differences among ROs when assessing plan quality.[30] In this
study, additional qualitative feedback was gathered through optional free-text
comments. Despite individualized observations, all ROs preferred the automated
plans over their manually generated counterparts in nearly all cases. This
demonstrates that a single, standardized wish-list can produce clinically acceptable
and, in most instances, preferred automated IMPT plans for HNC. These findings
highlight the potential of automated planning not only to enhance planning
efficiency but also to improve consistency in clinical practice.

In a clinical setting, physicians may have limited capacity due to high workloads
and patient care demands. As a result, subtle details in treatment plans that
are not immediately apparent may be overlooked, potentially affecting clinical
acceptability or plan preference. In this retrospective study, however, there were no
time constraints during plan assessment, and the ROs in this study could complete
the questionnaires in between their tasks and at a time that suited them, ensuring
time limitations could not have influenced the outcomes.

The automatically IMPT plans were generated within a few hours, comparable to
the approximately 6-hour duration of manual clinical IMPT planning.[17] When
clinical plan adaptations are needed due to anatomical changes such as tumor
shrinkage or weight loss, our automated planning method is highly suitable for



generating high-quality, offline adapted plans, without requiring hands-on planning
time. However, as the process generally takes hours, for online adaptations such
as daily anatomical position changes or sinus filling, our method is currently not
fast enough. Improving the speed of this is therefore an area of future research.

In a recent blinded comparison study involving deep learning IMPT plans for
oropharyngeal cancer, additional manual refinements were required before
achieving clinically acceptable results, while still not preferred always over the
manual plans.[23] In contrast, the automatically generated IMPT plans in our study
were not subjected to any manual fine-tuning, yet were preferred over the manually
created plans. Our findings thus indicate not only an improvement in overall IMPT
plan quality for HNC, but also potential for substantial time savings.

CONCLUSION

All fully automated IMPT plans for HNC were considered clinically acceptable
by experienced HNC radiation oncologists. Automated plans were unanimously
preferred over manually created plans in nearly all cases, with statistical
significance, highlighting the clinical potential of automated IMPT planning tools.
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APPENDIX

Plan comparison

Name observer * [

Patient ID: AUTOPT-

Vul de 3 getallen van de patient ID in,

bijv. 050 *
Clinical acceptability Plan A () Acceptable
() Unacceptable
Clinical acceptability Plan B * O Acceptable
() Unacceptable
Plan Preference () Plan A better, with impact (++)

*

() Plan A better, low impact (+)
() No preference

O Plan B better, low impact (+)
() Plan B better, with impact (++)

Which plan is better in terms of: O Plan A better
« Target coverage CTV7000 © Equivalent

() Plan B better

O Plan A better
« Target coverage CTV5425 © Equivalent

() Plan B better

O Plan A better
+ OAR sparing: Parallel OARs © Equivalent

() Plan B better

() Plan A better
O Equivalent
() Plan B better

+ OAR sparing: Serial OARs

() Plan A better
O Equivalent
() Plan B better

* Hotspots

() Plan A better
O Equivalent
() Plan B better

« Target conformality

Other comments you would like to
share
(optional)

* = Invoer verplicht

Figure A1: The questionnaire used in this study
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Figure A2: Example of an axial slice with dose distribution of a clinical plan which was con-
sidered clinically unacceptable, due to relative high dose located between the left and right
parts of CTV5425 (delineated in blue).



Table A1: Preferences per patient and per RO

Patient RO1 RO2 RO3
1 Auto plan better, low impact Auto plan better, with Auto plan better, with
(+) impact (++) impact (++)
2 Auto plan better, low impact  Auto plan better, low impact  Auto plan better, low impact
(+) (+) (+)
3 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with
() () impact (++)
4 Auto plan better, low impact  Auto plan better, low impact  Auto plan better, low impact
(+) (+) (+)
5 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with
(+) (+) impact (++)
6 Auto plan better, with Auto plan better, with Auto plan better, with
impact (++) impact (++) impact (++)
7 Auto plan better, low impact Auto plan better, with Auto plan better, with
(+) impact (++) impact (++)
8 Auto plan better, low impact Auto plan better, with Auto plan better, low impact
(+) impact (++) (+)
9 Auto plan better, with Auto plan better, with Auto plan better, low impact
impact (++) impact (++) (+)
10 Auto plan better, low impact No preference Auto plan better, with
(+) impact (++)
11 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with
() () impact (++)
12 Auto plan better, low impact  Auto plan better, low impact  Auto plan better, low impact
(+) (+) (+)
13 Auto plan better, low impact  Auto plan better, low impact  Auto plan better, low impact
(+) ) )
14 Auto plan better, with Auto plan better, low impact Auto plan better, with
impact (++) (+) impact (++)
15 Auto plan better, low impact Auto plan better, with Auto plan better, with
(+) impact (++) impact (++)
16 Auto plan better, low impact Auto plan better, with Auto plan better, low impact
(+) impact (++) (+)
17 Auto plan better, low impact  Auto plan better, low impact  Auto plan better, low impact
() () ()
18 Auto plan better, low impact  Auto plan better, low impact  Auto plan better, low impact
(+) (+) (+)
19 Auto plan better, with Auto plan better, with Auto plan better, with
impact (++) impact (++) impact (++)
20 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with

)

(+)

impact (++)




21 Auto plan better, with Auto plan better, with Auto plan better, low impact
impact (++) impact (++) (+)
22 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with
(+) (+) impact (++)
23 No preference Auto plan better, with Auto plan better, low impact
impact (++) )
24 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with
(+) (+) impact (++)
25 Auto plan better, with Auto plan better, with Auto plan better, with
impact (++) impact (++) impact (++)
26 Auto plan better, with Auto plan better, low impact  Auto plan better, low impact
impact (++) (+) (+)
27 Auto plan better, with Auto plan better, low impact Auto plan better, with
impact (++) (+) impact (++)
28 Auto plan better, with Auto plan better, low impact  Auto plan better, low impact
impact (++) (+) (+)
29 Auto plan better, low impact  Auto plan better, low impact Auto plan better, with
(+) (+) impact (++)
30 Auto plan better, with Auto plan better, low impact  Auto plan better, low impact
impact (++) +) (+)






