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Introduction

1.1 Radiotherapy

It is estimated that worldwide, 50% - 60% of cancer patients require radiotherapy as part
of the whole treatment course [6, 9, 10]. A general principle of radiotherapy is to deliver
ionizing radiation (e.g., high-energy electrons, photons, protons) to cancer cells, so that
their DNA is damaged, and consequently they will lose their reproductive ability. However,
by irradiating the tumor, it is inevitable that the surrounding healthy tissues are exposed
to radiation as well. Therefore, one of the major aims of radiotherapy research is to limit
the radiation doses to the normal tissues as much as possible while ensuring adequate doses
to the tumors for each individual patient.

1.2 The radiotherapy treatment planning process

To ensure adequate dose delivery to the tumor without overexposing normal tissues, an
individualized treatment plan is designed and optimized based on a CT scan of the pa-
tient. Usually the CT scan is acquired several days prior to the start of treatment. On the
CT scan, the treatment targets are delineated, including the gross tumor volume (GTV),
the clinical target volume (CTV) which includes the GTV plus a margin that accounts
for microscopic spread, and the planning target volume (PTV). The PTV consists of the
CTV with a margin that accounts for geometric uncertainties related to the variations in
the daily set-up of the tumor relative to the treatment beams and potential intra-fraction
motion (e.g., caused by respiration). In addition, the organs at risk (OARs) with limited
tolerance for radiation exposure are also delineated.

After the delineation of the targets and OARs, treatment planning can start. During treat-
ment planning, the settings of the treatment unit (linear accelerator, or linac) are optimized
for each patient individually. The goal is to generate a plan with sufficient dose to the entire
PTV, and meanwhile to reduce the doses delivered to the healthy OARs as much as possi-
ble. The optimized linac settings include thousands of variables, such as the positions over
time of multiple (20-160) independent movable tungsten leaves of the multi-leaf collimator
(MLC) system, which controls the apertures of the treatment beams. Therefore, treatment
planning is a complex optimization process which cannot be easily solved.

Commercial solutions for treatment planning, referred to as Treatment Planning Systems
(TPSs), use inverse treatment planning strategies [84] to achieve the optimal settings of
the MLCs. With inverse treatment planning, the optimization variables are indirectly opti-
mized, by using cost functions that describe the optimization problem as a set of objectives
and constraints for the dose to the OARs and PTV (e.g., the maximum dose to the spinal

2

CHAPTER 1

2

CHAPTER 1



1.3. KNOWLEDGE-BASED DOSE PREDICTION MODELS FOR PLAN QA

cord should be lower than 50 Gy). In conventional ‘manual’ planning, these cost functions
with their parameters and relative weights need to be defined by the user for each indi-
vidual patient separately. The treatment planning process then involves a loop where in
each iteration the user changes cost functions and/or weights and parameters, then the
TPS solves the optimization problem, followed by the user’s evaluation of the resulting
treatment plan. New iteration loops continue to be used until a satisfactory treatment plan
is reached, which can take a couple of minutes, up to a couple of days, depending on the
complexity of the case. Once the treatment plan is generated, the patient will be treated,
typically in 3-40 consecutive days.

1.3 Knowledge-based dose prediction models for plan QA

With high quality treatment plans, normal tissues are well spared, and the probability of
normal tissue complications is kept to a reasonably low level. Clinical treatment planning
protocols specify hard constraints on the maximum allowed doses to multiple organs at risk
(OARs). In addition to the hard constraints, planners also aim to further lower the doses
to the normal tissues, since in general, less dose is better for OARs. The lowest achievable
doses to the OARs are highly patient-specific, depending on the anatomy of the individual
patient.

In the manual, trial-and-error inverse planning procedure as described in the previous sec-
tion, it is challenging to judge after each iteration loop whether the current plan can be
further improved and how it can be improved. It is well-known that plans can be generated
with unnecessarily high OAR doses, although below the hard constraints. Final plan qual-
ity may depend on the skills and experience of the planner, time pressure for generating the
plan, and complexity of the patient anatomy. [52] [61]. The process is not guaranteed to
lead to a Pareto optimal treatment plan, i.e., a treatment plan for which no dose objective
can be improved without deteriorating another.

To increase the quality and consistency of treatment planning, two different but comple-
mentary approaches have been introduced in previous years. The first is knowledge-based
(KB) treatment plan quality assurance (QA) that aims to independently assess the quality
of (generally manually generated) treatment plans for individual patients. General idea
is that patients with similar anatomies should have similar optimal dose distributions. In
the literature, most of the KB plan QA models were designed to predict achievable OAR
doses by comparing the anatomy of the current patient with the anatomies of a group of
previously treated patients (training dataset). Achievable OAR doses for the new patient
are then estimated from previously delivered dose distributions to patients with similar
anatomies. [90, 96, 94, 4, 31, 63, 73, 72]. Advantages of KB treatment plan QA are: 1) it is
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Introduction

an independent check of the plan quality. 2) In principle KB plan QA can be implemented
for any treatment planning systems (TPS). 3) Usually it only takes a few seconds to pre-
dict the doses for a new patient. However, there are also some challenges & limitations:
1) predicted OAR doses do highly depend on plans in the training dataset: if the training
dataset does not contain plans of high-quality and consistency in planning strategy, the
predicted doses will deviate from the best achievable doses. 2) It is hard to assess the
intrinsic accuracy of the KB plan QA model. As a result, it may be unclear whether the
predicted doses are actually achievable. 3) Most of models are sensitive to the planning
priorities, and highly prioritized OARs would be more accurately predicted than the lower
prioritized OARs.

The second approach to increase quality and consistency of treatment planning is automated
treatment planning, that aims to generate high-quality, or even Pareto-optimal treatment
plans without human interaction. The advantage of this approach is that it directly provides
a high-quality, and deliverable treatment plan. Approaches for automated treatment plan-
ning have been divided into three groups: 1. KB automated planning, 2. protocol-based
automatic iterative optimization, 3. multicriteria optimization (MCO) based automated
planning [38]. With approach 1, the quality of automatically generated plans is largely
similar to the quality of the plans in the database. With proper configuration, approaches
2 and 3 can be used to generate plans that are of higher quality than previously delivered
plans generated with conventional manual planning. [38]. However, the absence of human
interaction when automatically generating the plans could be potentially a disadvantage as
well, since mistakes that would have been detected by a user, may not be detected by the
automated system, and could potentially lead to sub-optimal plans. Therefore, also for au-
tomated treatment planning, an independent QA tool may be used to optimally guarantee
generation of high-quality plans for all patients.

1.4 Objectives of the performed research

The current thesis focuses on KB dose prediction models, primarily for treatment plan QA
for both manual and automated treatment planning. The objectives of the thesis are to
determine the clinical potential of KB treatment plan QA, to develop and characterize KB
treatment plan QA models, and to address the usefulness of KB treatment plan QA in the
era of automated treatment planning.

4

CHAPTER 1

4

CHAPTER 1



1.5. OUTLINE OF THE THESIS

1.5 Outline of the thesis

The content of the thesis has been divided into two parts: The first part of the thesis is
about KB treatment plan QA in general, addressing the need for KB treatment plan QA
and describing applied QA models. The second part of the thesis deals with treatment plan
QA in the context of automated treatment planning.

Part 1: Knowledge-based treatment Plan QA

In Chapter 2, the clinical potential of KB treatment plan QA was investigated by de-
veloping a treatment plan QA model and retrospectively applying it to clinical prostate
treatment plans. Possibilities to critically assess the intrinsic quality of the applied KB
prediction model were limited, as evaluation was performed with plans that did not have
guaranteed high quality (including Pareto optimality).

Therefore, in Chapter 3, fully automatically generated Pareto-optimal treatment plans
with consistent tradeoffs among the planning objectives were used to validate the dose pre-
diction accuracy of the treatment plan QA model. By using fully automatically generated
treatment plans, the intrinsic predictability of the model could be assessed, without the
influence of the varying plan quality in the validation data related to manual planning.
The database was also published and can be used for evaluating and comparing any plan
QA models.

In Chapter 4, the treatment plan QA model was further investigated for head and neck
cancer patients with more complex anatomies than prostate patients. The model was tested
with a large dataset that was specifically established for testing the impact of inter-organ
dependency and database consistency on KB treatment plan QA models.

Part 2: Knowledge-based treatment plan QA for automated treatment planning

In Chapter 5, the need of KB treatment plan QA for an automated treatment planning
strategy of the second category (above), implemented in a commercial treatment planning
system (Pinnacle), was investigated with a multi-institutional dataset.

In the previous chapters, KB treatment plan QA was studied retrospectively, where the
data might not fully represent the current clinical practice. Therefore, in Chapter 6 the
clinical usefulness of the treatment plan QA model was prospectively investigated for a fully
automated treatment planning process of the third category.

5
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In Chapter 7, the commercial Rapidplan dose prediction model for automated planning
(first category above) was evaluated with the same training dataset with automatically gen-
erated Pareto optimal plans as used in Chapter 3. The study also investigated the influence
of the size of the training dataset on the quality and consistency of OAR dose predictions.

In Chapter 8 the content of the thesis was discussed, followed by a conclusion.
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A Plan QA Model for Prostate Cancer

Abstract

Background and purpose
To predict the lowest achievable rectum D35 for quality assurance of IMRT plans of prostate
cancer patients.

Materials and methods
For each of 24 patients from a database of 47 previously treated patients, the anatomy was
compared to the anatomies of the other 46 to predict the minimal achievable rectum D35.
The 24 patients were then replanned to obtain maximally reduced rectum D35. Next, the
newly derived plans were added to the database to replace the original clinical plans, and
new predictions of the lowest achievable rectum D35 were made.

Results
After replanning, the rectum D35 reduced by 9.3 ± 6.1 Gy (average ± 1SD; p < 0.001)
compared to the original plan. The first predictions of the rectum D35 were 4.8 ± 4.2 Gy
(average± 1SD; p < 0.001) too high when evaluated with the new plans. After updating
the database, the replanned and newly predicted rectum D35 agreed within 0.1Gy ± 2.8

(average ± 1SD; p = 0.89). The doses to the bladder, anus and femoral heads did not
increase compared to the original plans.

Conclusions
For individual prostate patients, the lowest achievable rectum D35 in IMRT planning can
be accurately predicted from dose distributions of previously treated patients by quanti-
tative comparison of patient anatomies. These predictions can be used to quantitatively
assess the quality of IMRT plans.

10

10

CHAPTER 2



2.1. INTRODUCTION

2.1 Introduction

The majority of prostate cancer patients that are treated with radiotherapy are alive five
years after treatment. Late rectal toxicity is the dominant dose limiting toxicity. It has
been shown that with Intensity Modulated Radiation Therapy (IMRT), late rectal toxicity
can be decreased compared to 3D-conformal radiotherapy (3D-CRT) without a decrease in
target coverage [75, 78, 95].

With the current commercial treatment planning systems, IMRT optimization is a semi-
automated process. For each iteration of the optimization, the treatment planner manually
sets and adapts dose objectives and constraints for the targets and organs at risk (OAR)
in order to meet the plan criteria. Running more iterations may often improve the treat-
ment plan, but using unachievable constraints can be counterproductive and may lead to
suboptimal plans and to excessive treatment planning times [52]. Therefore the quality of
an IMRT treatment plan is highly dependent on the skills and experience of the planner
and the available planning time.

In general, no quantitative judgments are used to evaluate treatment plans other than a
set of population based dose-volume guidelines (e.g. from the Radiation Therapy Oncol-
ogy Group (RTOG)) for the Planning Target Volume (PTV) and organs at risk (OARs).
These guidelines are not necessarily achievable for each individual patient, while for other
patients, the dose to OARs can be considerably lower than governed by the guidelines. As
a result treatment plan evaluation is a subjective process that depends on the experience
and intuition of the professionals involved. To improve treatment plan evaluation, but also
the evaluation of clinical trials, an objective plan quality assurance (QA) tool is needed
[1, 58].

Different methods have been proposed to estimate the lowest achievable dose to an OAR
using data of previously treated patients [37, 42, 57, 67, 91, 90, 96]. The Johns Hopkins
group [41, 67, 91, 90], used the overlap volume histogram (OVH) to quantify the orientation
and distance of an OAR with respect to the PTV and used it to predict achievable doses
at fractional volumes of OARs for head and neck and pancreatic cancer patients [67, 90].

For prostate cancer patients, Zhu et al. [96] proposed a method based on a similar distance
measure as the OVH, the distance-to-target histogram (DTH), to predict dose volume
histograms (DVHs) of OARs for adaptive radiotherapy plans. The prediction model was
derived using a machine learning approach and data of 198 IMRT plans. For 11 out of
14 patients, the predicted DVHs corresponded well with the DVHs of the original, clinical
plans (that were made without the help of a QA tool).

11
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A Plan QA Model for Prostate Cancer

The goal of the current study is to evaluate the method proposed by the Johns Hopkins
group as an IMRT treatment planning QA tool for rectum sparing of prostate cancer pa-
tients. We demonstrate that the method is effective, easy to implement, requires only a
few dozen IMRT treatment plans of previously treated patients and is also applicable for
non-adaptive radiotherapy treatment plans, i.e. also for a single IMRT plan per patient.

2.2 Materials and methods

2.2.1 Patient population and treatment

The patient population consisted of 48 patients that were enrolled in arm A (group 2) of
the HYPRO study (ISRCTN85138529) and that were treated at the Erasmus MC-Daniel
den Hoed Cancer Center, Rotterdam, The Netherlands, between May 2008 and December
2010. For 47 patients the original plans fulfilled all trial constraints, with respect to the
dose to the organs at risk and PTV. These patients were used in the analysis.

For all patients, two PTVs were used. The prescribed dose for PTV1 was 78 Gy in 39× 2

Gy fractions. The margin of PTV1 was 7 mm in the caudal direction and 5 mm in all
other directions. The median planned dose was slightly higher than the prescribed dose (on
average 79.9, range 78.6–80.4). The prescribed dose for PTV2, whose margin was 5 mm
for prostate and 8 mm for the semi vesicles, was 72.2 Gy in 39 fractions. At least 99% of
both PTVs had to receive a dose higher than 95% of the prescribed dose. The maximum
allowed dose to PTV1 was 107% of the prescribed dose. In this study we focused on PTV2
and unless stated otherwise, from hereon we refer to the PTV2 simply as PTV.

Initially, four organs at risk were delineated according to the HYPRO protocol: the rec-
tum, the anus, the left and right femoral heads. The contours of the rectum, which was
considered as a filled organ, were outlined from the ischial tuberosities to the bottom of the
sacro-ilias joints. The maximum allowed mean dose to the anus was 61 Gy, the maximum
dose to the femoral heads was 55 Gy and the rectum D35 had to be lower than 65 Gy. With
the trial and error IMRT planning strategy of manually changing cost function parameters,
a rectum D35 < 65 Gy could be ensured. However, this strategy did not ensure optimal
sparing of the rectum, i.e. that the minimal achievable D35 was achieved.

All step-and-shoot IMRT treatment plans were generated with the Monaco treatment plan-
ning system Version 2.04 (Elekta, Stockholm, Sweden). Seven co-planar beams were used.
The beam angles were set to 0◦, 50◦, 105◦, 155◦, 205◦, 255◦and 305◦. For some patients,
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2.2. MATERIALS AND METHODS

beam angles varied by maximum 15◦.

2.2.2 The dose–distance relationship

The starting point of the QA method is the assumption that the dose in a voxel depends
on the distance of the voxel to the PTV: the larger the distance the lower the dose. This
assumption holds in case of a perfectly conformal dose distribution, but may not be fully
valid for realistic dose distributions. It implies that the x% of an organ that receives the
highest dose is also the x% that is located closest to the PTV. If for patient A the closest
x% of the voxels lies closer to the PTV than for patient B, the minimal dose to these
x% should be lower for patient B than for patient A. This concept allows an objective
comparison between treatment plans of different patients.
To investigate the existence of a dose–distance relationship, for all patients the overlap was
calculated between the x% voxels of the rectum that are located closest to the PTV and
the x% voxels with the highest dose in the original, clinical plans.

2.2.3 Using the dose–distance relationship to evaluate treatment plans

This study focused on the D35 as a measure of rectal dose in correspondence with the
constraint of the HYPRO study that D35 < 65 Gy. The rectum D35 of a new patient
was predicted based on prior patients. First the distance of each rectum voxel to the PTV
surface was calculated. Next the threshold distance, r35, that separates the closest 35% of
the voxels from the most distal 65% was determined. The r35 calculation corresponds to
an overlap volume histogram calculation for a single point on the OVH [42]. The minimum
of the rectum D35 among all prior patients with less favorable rectum positions, i.e. with
smaller r35s, was used as prediction of the minimal achievable D35 of the new patients.
In other words, the prediction corresponded to the rectum D35 of the best plan among
representative prior patients. This is shown schematically in Fig. 2.1. The prediction can
be used as a goal for treatment planning or to assess the quality of an IMRT plan with
respect to rectum sparing.

All calculations were performed using Python 2.6 (Python Software Foundation, Wolfeboro
Falls, NH, USA) and the Erasmus MatterhornRT platform, an in house developed platform
for radiotherapy applications and image analyses.

2.2.4 Replanning and validation of the predictions

For a subset of 24 randomly selected patients of the 47, the minimal D35, was predicted
retrospectively based on the original plans of the other 46 patients. These first predictions
were not expected to be very accurate, because the goal of the original planning was to
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Figure 2.1: Overview of the method. For four patients the rectum (gray) and PTV (black) are shown. The
black line represents schematically the boundary between the 35% rectum voxels that are located closest
to the PTV and the remaining 65%. The distance between this boundary and the PTV is indicated (r35).
The larger the r35, the lower the minimal achievable rectum D35 (minimum dose to the 35% of the rectum
that receives the highest dose). The r35 of patient D is larger than the r35 of patient A and B. So the
rectum D35 should be at least as low as the minimum rectum D35 of patient A and B.

have a rectum D35 < 65 Gy instead of to achieve the lowest achievable D35.

Therefore new IMRT treatment plans were made for the selected 24 patients, that aimed
specifically to lower the rectum D35 as much as possible, without considering the first pre-
diction. Compared to the original plans, the dose to other parts of the rectum DVH, the
maximum dose to the femoral heads and the mean dose to the anus and bladder was not
allowed to increase compared to the original plans nor was the PTV coverage allowed to
decrease. For all patients the same set of beam angles was used (see above). These plans
were referred to as the new plans.

The new plans were added to the database. Then a second prediction was made for each of
the selected 24 patients based on the plans of the other 46 patients in the database. In this
study the rectum D35s of the new plans were considered to be the lowest values achievable.
Therefore the predictions were considered accurate if they approached the achieved rectum
D35 of the new plans.

The trial design governed no constraints on the penile bulb and the penis. To study the
effect of decreasing the rectum dose on the dose to other structures than the four OARs,
the penis and penile bulb were delineated and the doses of the new plans were compared
with the original plans.
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Because our treatment planning system was recently updated, Monaco version 3.0 was used
(Elekta, Stockholm, Sweden) for replanning instead of version 2.04 that was used for the
original plans. In the Discussion section we comment on the potential influence of the dif-
ferent Monaco versions.

2.2.5 Statistics

The differences between the predicted and achieved doses were tested for statistical signif-
icance using paired t-tests (IBM SPSS Statistics 20, Armonk, NY, USA). A p-value <0.05
was considered statistically significant.

2.3 Results

Fig. 2.2 shows that the x% of the rectum voxels that are closest to the PTV corresponded
well with the x% of the rectum voxels that received the highest dose. For x > 20% the
overlap was around 90%. This confirmed the assumed correlation between the dose to a
rectum voxel and its distance to the PTV.

Figure 2.2: The overlap between the x% voxels of the rectum that are closest to the PTV and the x%
that received the highest dose (i.e. doses >D(x%) in a cumulative DVH) with the original plans. The
dots represent the average over all patients and the error bars represent 2 standard deviations. Also the
minimum and maximum values are indicated. For x > 20%, the average overlap is around 90%, indicating
that the voxels closest to the PTV are also the voxels that receive the highest dose.

For 24 randomly selected patients the first predictions of the lowest achievable rectum D35,
that were based on the original plans, are shown in Fig. 2.3a. Also the rectum D35 that
was achieved with the original plans is shown. According to the predictions, the rectum
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D35 could have been decreased by 4.9 ± 3.9 Gy (average ± 1SD; range: -1.1, 13.5; p <
0.001) compared to the original plans.

Figure 2.3: Rectum D35 as function of the r35. (a) Shows the original plans, the first prediction that
was based on the original plans, and the new plans. The predictions are significantly lower than the
original plans. The new plans show that the minimal achievable dose was considerable lower than the
first predictions. The large difference between the rectum D35 of the new and original plans emphasizes
the challenge of generating good IMRT plans. For the patient with the smallest r35 no prediction was
found, because the predictions were based on more difficult patients i.e. patients with a smaller r35. (b)
Compares the new plans with the second predictions, that were based on the new plans of the other patients.
The second predictions do not differ significantly from the new plans. This indicates that the model can
accurately predict the lowest achievable dose, based on a set of good treatment plans of prior patients.

Indeed, the rectum D35 of the new plans was lower than that of the original plans (9.3±6.1

Gy (range: -1.5, 21.1, p < 0.001), on average 47.1 Gy vs. 56.4 Gy). For the new plans, a
linear relation was observed between the r35 and the rectum D35 with a Pearson’s correla-
tion coefficient of -0.96 (p < 0.001).

The rectum D35 of the new plans was 4.8 ± 4.1 Gy (average ± 1 SD; range: -14.4, 0.6;
p < 0.001) lower than the first predictions, which indicates that the first predictions were
too conservative. This was expected because the planning strategy of the original plans did
not ensure that the minimal achievable D35 was reached.

After the new plans were added to the database, the minimal achievable rectum D35 was
predicted again (second predictions) (see Fig. 2.3b). The difference between the second
predictions and rectum D35 of the new plans, which was considered as the lowest D35
achievable, was only 0.1 ± 2.8 Gy (average ± 1 SD; range: -5.8, 6.0; p = 0.89). These
differences were not statistically significant. For 92% of the patients the estimated dose
could be achieved within 2.5 Gy. This indicated that the model could accurately predict
the lowest achievable rectum D35 based on a set treatment plans of high quality with re-
spect to rectum sparing.
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Decreasing the rectum D35 also led to a decrease in the mean rectum dose of on average
5.8 ± 3.4 Gy (range: 0.7, 13.2; p < 0.001) and a small decrease in rectum D10 of 1.0
± 2.1 Gy (average ± 1 SD; range: -3.1, 6.8; p = 0.03). For each new plan, 99% of the
PTV received at least 95% of the prescribed dose. There were no statistically significant
differences between the new and original plans in terms of the maximum dose to the PTV
(average ± 1 SD: 0.3 ± 1.4 Gy; range: -2.3, 3.1; p = 0.27). The mean and maximum doses
to the femoral heads, bladder and anus were on average lower or equal in the new plans
compared to the original plans (Table 2.1). However, the average doses to the penis and
penile bulb in the new plans were increased significantly (on average 2.5 Gy and 6.9 Gy,
respectively) compared to the original plans.

Table 2.1: Differences in dose between the original and the new plans. Positive values indicate that the
dose in the original plans was larger than in the new plans. Statistically significant differences are indicated
by the bold p-values.

Organ Mean±1 SD [Gy] Range [Gy] p-Value

Left femoral head Mean dose -0.1±2.1 -3.3, 3.4 0.84
Maximum dose 2.8±2.5 -1.0, 9.4 <0.001

Right femoral head Mean dose 0.7±2.7 -3.8, 9.3 0.24
Maximum dose 2.8±2.7 -2.1, 9.8 <0.001

Bladder Mean dose 1.0±1.0 -1.0, 3.0 <0.001
Maximum dose -0.4±1.6 -2.2, 4.0 0.27

Anus Mean dose 3.0±3.7 -4.0, 12.4 <0.001
Maximum dose 0.4±4.3 -7.1, 11.2 0.66

Penile bulb Mean dose -6.9±6.5 -22.0, 0.7 <0.001
Maximum dose -2.8±5.2 -22.1, 3.5 0.014

Penis Mean dose -2.5±2.6 -8.4, 1.6 <0.001
Maximum dose -2.2±4.8 -17.8, 3.6 0.032

Fig 2.4 shows an example of the DVH that compares the original plan with the new plan
for one of the patients. It shows clearly that lowering the rectum D35 had a positive effect
on the entire rectum and anus DVH, without more dose to the other organs or sacrificing
PTV coverage.

2.4 Discussion

In this study, a treatment planning QA method is proposed to evaluate rectum sparing for
IMRT plans of prostate cancer patients. The method is based on the assumption that the
further a rectum voxel is located from the PTV, the lower the dose to the voxel should
be. It has been demonstrated that this assumption is valid for the most distal 80% of the
rectum. This suggests that the method can also be used for Dx values ranging from D20
to D100.
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Figure 2.4: An example of a dose volume histogram for one the patients. The PTV, rectum, bladder and
left femoral head are shown in (a). The penile bulb, anus, penis and right femoral head in (b). The dashed
lines represents the original plan and the solid lines the new plan. The dose to the rectum and anus were
considerably lower in the new plan, without more dose to the other OARs or less PTV coverage. The small
dot represents the first prediction and the larger dot the second prediction of the rectum D35.

The difference between the second set of predictions and the lowest rectum D35 was only
0.1 ± 2.8 Gy (average ± SD; p = 0.89). This indicates that for a good set of prior treatment
plans the predictions of the model are sufficiently accurate for quantitative IMRT treatment
planning QA.

Decreasing the rectum D35 did not lead to less PTV coverage or more those to the other
OARs, except for the penile bulb and penis. This was not unexpected, because excess dose
has to be deposited somewhere in the patient to ensure sufficient PTV coverage. For the
original plans, sparing the penile bulb and the penis had a low priority, indicated by the
large range in mean doses among the different patients (range mean dose penile bulb: 10.1
- 78.1 Gy; range mean dose penis: 3.6 to 32.3 Gy). Therefore the increase in dose to these
organs was considered less relevant compared to the large decrease in rectum dose. We em-
phasize though that sparing of the penis might be important to prevent erectile dysfunction
in patients with prostate cancer.

This study focused on rectum sparing alone, but previous work for pancreatic patients and
head and neck patients suggest that the model could also successfully predict the doses to
more than one OAR at the same time [67, 90].

The observed decrease in rectum dose between the original and new plans could also have
been achieved using the original treatment planning strategy without guidance of a QA tool,
by using different constraints and objectives during optimization. However, the fact that
the planners of the original plans did not achieve lower rectum D35s and that the original
plans were approved by the physicians, indicates the difficulty of finding the right set of
constraints and objectives for planning and judging the quality of a treatment plan based

18

18

CHAPTER 2



2.4. DISCUSSION

on experience and intuition alone. If the physicians had known that the rectum dose could
have been decreased considerably without sacrificing the other OARs, it would have been
unlikely that they would have approved the original plans. This underlines the usefulness
of a model for treatment planning QA.

A limitation of this study is that the lowest achievable rectum D35s, as achieved in the
new plans, were established with the same trial-and-error planning approach that is used
clinically, although with special focus on lowering the rectum D35 as much as possible.
In principle the lowest achievable rectum D35 could also be found by minimizing the rec-
tum D35 as optimization objective. However, this is only possible when the optimization
problem is convex (no local minima); when the TPS can make a strict distinction between
objectives and constraints; and when no additional objectives are required (in addition to
a set of constraints). For most clinical cases and TPSs these three criteria are not met
simultaneously.

For two patients, the predicted dose was not achievable by 2.5 and 6.0 Gy. This raised
questions about the confidence interval (CI) of the prediction and the effect of outliers in
the database with extremely low rectum D35. As an alternative the prediction could also
be based on the linear regression line of Fig. 2.5 with the CI of individual patients as
tolerance window. This strategy is more robust to outliers in the database. For the two
patients mentioned above the differences between the achieved and predicted dose would
have been within the CI.

The original treatment plans were planned with Monaco version 2.04 and the new plans
with version 3.0. In version 3.0 the optimization and segmentation were improved com-
pared to version 2.04. This may explain partly the difference in rectum D35 between the
original and new plans. However, it does not affect the accuracy of the second predictions
and statements about the accuracy of the model, because the vast majority of the second
predictions (87%) was based on (new) Monaco 3.0 plans.

The implementation of the QA tool in a clinic is straightforward. Start with a database of
e.g. 10 patients treated according to the same protocol. Based on these patients, predict
the achievable dose for a new patient and with treatment planning try to achieve a dose
of a few gray lower than the prediction. Add the new plan to the database. Aiming lower
than the prediction ensures that the database improves over time even if the plans of the
initial patients were suboptimal, as was the case for this study. The model only requires
the D35 and the r35 of each patient as input. D35 can be calculated using any TPS. For
the calculation of r35 we used in-house software, which took about 30 s per patient. r35 can
also be calculated using a TPS by expanding the PTV isotropically by different distances,
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Figure 2.5: Rectum D35 as function of r35. The dots represent the new plans. The black solid line is a
linear regression fit through the data points. The gray solid lines show the 95% confidence interval (CI) of
the regression line. The dashed lines represent the 95% CI for individual patients and could be used as a
tolerance window to judge differences between the predicted and achieved dose, when the model is used in
a clinical setting.

calculating the overlap of the expanded PTVs with the rectum and selecting the expansion
distance that corresponds to an overlap of 35%. It should be noted that this has to be done
only once for each patient in the database.

An alternative approach to increase plan quality and planning efficiency is to use fully
automated treatment planning systems e.g. based on multi criteria optimization [14, 20,
35, 49, 80]. The main advantage compared to the current approach is that a treatment plan
is automatically generated and optimized, while the current model only estimates how good
a treatment plan should be and helps the planner to achieve it by providing the prediction
of the lowest achievable dose. The strength of the current model is that it can be easily
developed by and implemented in any clinic in combination with any planning system.
Another advantage is that the estimations of the dose based on previously treated patients
reflect the clinical trade-offs that were made in the past.

2.5 Conclusion

A QA method was proposed to evaluate the rectum dose of IMRT treatment plans of
individual prostate cancer patients. The need for quantitative QA was demonstrated. The
predictions of the lowest achievable rectum D35 were accurate within 0.1 ± 2.8 Gy (average
± 1 SD). The method is easy to implement, requires input data of only a few dozen patients
and is likely to perform well also for other fractional volumes of the rectum than the 35%.
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Evaluating Plan QA Models Using Pareto-optimal Plans

Abstract

IMRT planning with commercial Treatment Planning Systems (TPSs) is a trial-and-error
process. Consequently, the quality of treatment plans may not be consistent among pa-
tients, planners and institutions. Recently, different plan quality assurance (QA) models
have been proposed, that could flag and guide improvement of suboptimal treatment plans.
However, the performance of these models was validated using plans that were created using
the conventional trial-and-error treatment planning process. Consequently, it is challeng-
ing to assess and compare quantitatively the accuracy of different treatment planning QA
models. Therefore, we created a golden standard dataset of consistently planned Pareto-
optimal IMRT plans for 115 prostate patients. Next, the dataset was used to assess the
performance of a treatment planning QA model that uses the overlap volume histogram
(OVH).

115 prostate IMRT plans were fully automatically planned using our in-house developed
TPS Erasmus-iCycle. An existing OVH model was trained on the plans of 58 of the patients.
Next it was applied to predict DVHs of the rectum, bladder and anus of the remaining 57
patients. The predictions were compared with the achieved values of the golden standard
plans for the rectum Dmean, V65, and V75, and Dmean of the anus and the bladder.

For the rectum, the prediction errors (predicted–achieved) were only -0.2 ± 0.9 Gy (mean
± 1 SD) for Dmean, -1.0 ± 1.6% for V65, and -0.4 ± 1.1% for V75. For Dmean of the
anus and the bladder, the prediction error was 0.1 ± 1.6 Gy and 4.8 ± 4.1 Gy, respectively.
Increasing the training cohort to 114 patients only led to minor improvements.

A dataset of consistently planned Pareto-optimal prostate IMRT plans was generated. This
dataset can be used to train new, and validate and compare existing treatment planning
QA models, and has been made publicly available. The OVH model was highly accurate in
predicting rectum and anus DVHs. For the bladder, larger prediction errors were observed.

3.1 Introduction

Intensity modulated radiotherapy (IMRT) and volumetric modulated arc therapy (VMAT)
have increased the organ sparing potential for prostate cancer patients compared to 3D
conformal radiotherapy (3D-CRT) [64]. Because IMRT/VMAT planning with the current
commercial treatment planning systems (TPSs) is a trial-and-error process, based on a se-
ries of subjective human decisions, the quality of the IMRT/VMAT treatment plans may
not be consistent among patients, planners or institutions with different experience [61].
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To ensure consistent high quality treatment plans, several groups have developed treatment
plan quality assurance (QA) models, which predict the feasible dose levels for the organs at
risk (OARs). The achieved dose of a treatment plan can be compared with the predicted
dose by such a planning QA model to determine if the OARs can be spared further. Wu et
al and Kazhdan et al have proposed a method using the Overlap Volume Histogram (OVH),
to predict achievable OAR doses [91, 42]. The OVH describes the orientation and position
of an organ at risk (OAR) with respect to the planning target volume (PTV). This method
has been successfully applied for prostate [83, 92, 89], head-and-neck [91, 90], pancreas [67]
and lung cancer patients [66]. Appenzoller et al and Shiraishi et al predicted dose volume
histogram (DVH) by predicting and summing up the doses of multiple subvolumes of the
OAR, located at different distances from the planning target volume (PTV) surface. The
prediction of the doses to the OAR subvolumes was based on a skew-normal distribution
model [4, 73]. Good et al investigated a mutual information method to select the most
similar case in a database of prior treated patients to predict doses for prostate patients
[31]. For head-and-neck patients, Moore et al predicted mean parotid gland doses from the
overlap with the target [57]. Zhu et al and Yuan et al developed a principle component anal-
ysis (PCA) based model to investigate the major factors that affect OAR doses in prostate
and head-and-neck patients [96, 94]. For prostate patients, Nwankwo et al predicted the
dose in each OAR voxel, based on the geometric position relative to the target [63].

In most studies, the prediction accuracy of the planning QA models was assessed by com-
paring the predictions with the achieved plans. However these plans were generated with
the same trial-and-error planning process as used in clinical practice. Therefore, the plans
that are used to validate the models may be suboptimal (not Pareto-optimal) and with in-
consistent tradeoffs among sparing different OARs while ensuring sufficient PTV coverage.
Consequently, it is unclear if an observed prediction error is due to the inherent limitation
of the model, or due to the non-optimality of the treatment plans used for validation, or
due to different tradeoffs of sparing multiple OARs. As a result, accurate establishment
of the inherent prediction accuracy of most planning QA models is lacking. This hampers
the comparison of the performance of different treatment planning QA models and may
hamper the clinical introduction of any of such models.

In recent years we have developed Erasmus-iCycle, an algorithm for fully automated genera-
tion of Pareto-optimal treatment plans with consistent priorities [14]. With Erasmus-iCycle,
a protocol specific wish list is used. The wish list reflects the goals of the radiation oncol-
ogists with respect to PTV coverage and OAR sparing for a certain protocol and employs
both hard constraints and objectives in a predefined order of priority. Each treatment plan
that was generated using the same wish list, is Pareto optimal and reflects the same bal-
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ance between the different treatment planning tradeoffs. Therefore Erasmus-iCycle is able
to generate a dataset that can be considered as the ground truth to evaluate the perfor-
mance of different treatment planning QA models.

The purpose of the current study was threefold: (i) to create a dataset of Pareto optimal
treatment plans for prostate cancer patients that can be considered as the ground truth
for the evaluation of the performance of treatment planning QA models; (ii) to make this
dataset publicly available to the radiotherapy community; (iii) to validate the performance
of one of the published models, namely the OVH model, for prostate cancer patients treated
with IMRT/VMAT.

3.2 Materials and methods

3.2.1 Patients and treatment plans

This study included all prostate cancer patients treated in 2014 at our institute that had an
estimated 10%–25% risk of tumor cells in the seminal vesicles. For 115 patients all relevant
data could be retrieved and these patients were included in the analyses. The prostate was
considered as the high risk clinical target volume (CTV). The PTV1 was equal to the CTV
expanded with a margin of 5 mm (7 mm in caudal direction). The PTV2 consisted of PTV1
including the seminal vesicles that were expanded by an isotropic margin of 8 mm [59].The
prescribed dose was 78 Gy to PTV1 and 72.2 Gy to PTV2 in 39 fractions. For all patients
VMAT treatment plans were generated using a simultaneously integrated boost technique.

At our institute all VMAT plans for prostate cancer patients are fully automatically gen-
erated in a 2-step process [79]. In the first step, Erasmus-iCycle was used for automated
generation of a 23-equiangular-beam IMRT treatment plan, using hard constraints and pri-
oritized objectives for consistent steering of the multi-criterial plan optimization (see next
section). In the next step, the resulting DVH parameters for target and OARs were used
to generate for each patient an individualized Monaco template, that was used to produce
the final treatment plan using our clinical TPS (Monaco, version 3.3–5.0, Elekta AB, Swe-
den). Generation of the Erasmus-iCycle plan, the Monaco template and the final Monaco
plan were fully automated. This procedure allows plans generated by in-house developed
software to be delivered clinically. Previously we demonstrated that the automated process
resulted in equal or better plan quality compared to conventional manual planning with
the clinical TPS by an expert planner in absence of limitations in planning time [79]. And
deviations between the Erasmus-iCycle plan and the final plan generated with the clinical
TPS are generally small [79]. However, to get a maximally consistent dataset, this study
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was performed using the original Erasmus-iCycle plans.

3.2.2 Multi-criterial plan generation with Erasmus-iCycle

The treatment planning goals were: 99% of both PTVs needed to receive at least 95% of
the prescribed dose (78 Gy for PTV1 and 72.2. Gy for PTV2); the rectum volumes that
received more than 65 Gy (V65) and 75 Gy (V75) needed to be lower than 30% and 10%,
respectively; the mean dose to the anus had to be lower than 45 Gy; and the maximum
dose to the femoral heads could not exceed 55 Gy.

Table 3.1: The wish list, consisting of hard constraints and prioritized objectives.

Hard constraints

Volume Type Limit
PTV1 Maximum 104%×Dp1

PTV2-PTV1 Maximum 104%×Dp2

PTV2 shell 50 mm Maximum 50%×Dp1

Rectum Maximum Dp1

Bladder Maximum Dp1

Femoral heads Maximum 40 Gy
Unspecified tissue Maximum 104%×Dp1

Objectives

Priority Volume Type Goal
1 PTV1 ↓LTCP (α = 0.8) 0.5
2 PTV2 ↓LTCP (α = 0.8) 0.5
3 Rectum ↓gEUD (a = 12) 30 Gy
4 Rectum ↓gEUD (a = 8) 20 Gy
5 Rectum ↓Mean 10 Gy
6 External ring ↓Maximum 40%×Dp1

7 PTV shell 5 mm ↓Maximum 93%×Dp1

8 Anus ↓Mean 10 Gy
9 PTV shell 15 mm ↓Maximum 70%×Dp1

10 PTV shell 25 mm ↓Maximum 50%×Dp1

11 Bladder ↓Mean 40 Gy
12 Femoral heads ↓Maximum 20 Gy

Note: LTCP = logarithmic tumor control probability, gEUD = generalized equivalent uniform dose, Dp1
= 78 Gy, Dp2 = 72.2 Gy. Shell x mm is the surface of the PTV after being expanded by x mm. Arrows
pointing downwards indicate minimization of that objective.

Table 3.1 shows how these goals and their order of priority were translated into a wish list
using hard constraints and objectives with assigned priorities. This wish list was generated
in close collaboration between physicists and radiation oncologists and is used as well in
clinical practise. All the cost functions that are used are convex and therefore the global
optimum is guaranteed to be found [13]. So the resulting plans are not just of high qual-
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ity but are the best plans achievable given the priorities in the wish list of ensuring PTV
coverage and sparing the different OARs. Details on multi-criterial plan generation with
such a list, based on lexicographic optimization, can be found in [13, 14, 80, 79]. Apart
from the common mean and maximum dose cost functions, Erasmus-iCycle also uses the
Logarithmic Tumor Control Probability (LTCP) [2] and the generalized equivalent uniform
dose (gEUD) [62] cost functions. The LTCP cost function is defined as:

LTCP = 1
n

∑N
i e−α(Di−Dp)

Where N is the number of voxels in the volume, Di is the dose to the ith voxel, Dp is the
prescribed dose and α is a predefined cell sensitivity parameter. The LTCP cost function
controls PTV coverage. If the dose in each PTV voxel is equal to the prescribed dose, the
LTCP equals to 1. Voxels with a dose lower than the prescribed dose add to the penalty ex-
ponentially. If the dose is higher than the prescribed dose, then the LTCP value will slowly
drop to 0. In our experience, the cell sensitivity parameter α = 0.8 results in acceptable
coverage for the PTV for the far majority of patients.

For the rectum, two gEUD cost functions were applied, described by

gEUD =
(

1
N

∑N
i Dα

i

) 1
α

where α is a user-defined parameter, Di is the dose to the ith voxel in the OAR, and N
is the number of total voxels in the OAR. The applied α = 12 and α = 8 were used to
minimize delivery of high and intermediate-to-high doses to the rectum.

For the bladder and anus, only the mean dose was minimized. To yield conformal dose
distributions without hotspots in unspecified tissue, additional cost functions were applied
to shells around the PTV and the patient contour after shrinking.

3.2.3 Treatment planning QA model

In this study we used overlap volume histograms (OVHs) to predict the DVHs of the OARs.
A detailed description of the OVH method was given previously [42, 91]. In brief, the OVH
model assumes that dose to points (voxels) of an OAR decreases with increasing distance
from the PTV. To predict the DVH dose Dv at fractional volume v for a given patient, the
method uses the distance from the PTV, rv, within which the closest fraction v of the OAR
is located.
So:
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rv,PTV = max(d(pm, PTV surface)|pm ∈ V )

Where pm is an OAR point, belonging to the OAR fraction V ; V is the closest fraction of
the OAR to the PTV surface, with the volume of v; and d(pm, PTV surface) represents
the Euclidean distance of the point pm to the PTV surface.

Then the prediction of Dv is the minimal dose among all prior patients for which rv,i,PTV

is smaller than rv,PTV or mathematically:

Dv = min(Dv,i|rv,i,PTV < rv,PTV , i ∈ N)

Where v is the volume of interest; Dv is the dose to the OAR at volume v; i is the index of
a prior patient and N is the total number of prior patients.

The assumption that the dose decreases with distance from the PTV is valid when the
mean dose to an OAR (or the dose to a large subvolume of an OAR) is planned (optimized)
to be as low as possible, as is the case for the rectum, bladder and anus, but e.g. not for
the spinal cord [66]. Since points further away from the PTV can be spared more easily
than points closer to the PTV, lowering the mean dose to the OAR will in general lead to
a strong decreasing dose-distance relation.

However to ensure sufficient PTV coverage, for points of an OAR that are inside the PTV
(i.e. r < 0), the primary goal is to ensure sufficient dose, instead of as little as possible.
From this point of view, it is more difficult to deliver high dose to a point (within the PTV)
closer to the PTV boundary than to a point more centrally located in the PTV. So for a
certain v that rv < 0 (i.e. within the PTV), more difficult patients have larger (i.e. less
negative) r. Therefore for points within the PTV, the predicted dose is given by:

Dv = max(Dv,i|rv,i,PTV > rv,PTV , i ∈ N)

For simultaneous integrated boost (SIB) plans, the doses to points of the OAR are related
to the distances to the surfaces of both the low dose PTV (PTV2) and the boost PTV
(PTV1). A special case is points located inside PTV2 but outside PTV1. For a point in
such subvolume, it becomes more difficult to deliver sufficient dose as the distance to the
PTV2 boundary decreases and the distance from the PTV1 boundary increases (see Fig
3.1). For the subvolumes that are outside the PTV, we only consider the doses to PTV2
surface.
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Figure 3.1: For simultaneous integrated boosts (SIB) plans, if a point is inside PTV2 (low dose PTV), it
is more difficult to deliver sufficient dose if it is closer to the PTV2 boundary and further from the PTV1
(boost PTV) boundary. So as shown in the sketch, it is more difficult to deliver sufficient dose to point P
than point P ′, for r′v,PTV 1 < rv,PTV 1 and r′v,PTV 2 < rv,PTV 2. Note that r is negative if it is inside the
PTV.

Therefore, the dose prediction model can be described as:

Dv = min(Dv,i|rv,i,PTV 2 < rv,PTV 2, i ∈ N)

if rv,i,PTV 2 > 0 and rv,PTV 2 > 0

Dv = max(Dv,i|rv,i,PTV 1 > rv,PTV 1 and rv,i,PTV 2 > rv,PTV 2, i ∈ N)

if rv,i,PTV 2 < 0 and rv,PTV 2 < 0

This more detailed specification of the OVH was not described previously, because in prior
studies the volumes of interests (e.g. the volume receiving more than 15 Gy) were not
completely located within the PTV [91, 90], i.e. rv > 0. In the current study we aimed
to predict the entire DVH. Because the rectum and bladder (can) partly overlap with the
PTV, the specification was necessary to predict the dose to the high dose volumes of the
DVH.

Entire DVHs were predicted by repeating the procedure described above for relative volumes
ranging from 0 to 100% in steps of 0.5%. For the data points that could not be predicted
(no candidates for prediction found in training cohort), the predicted doses were linearly in-
terpolated by the surrounding predictable DVH points. Because the predicted DVH points
of the current patient may be derived from data points of different prior patients, the pre-
dicted DVHs might be noisy and not always monotonically decreasing. Therefore, finally
the predicted DVHs were smoothed three times by average filters with window widths of
8%, 5% and 2% of the relative volumes, respectively. With the larger windows large peaks
could be reduced while the smaller windows reduced smaller peaks. The windows widths
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were selected based on empirical observations.

3.2.4 Model evaluation

The 115 patients were randomly divided into a training group (N = 58) and a validation
group (N = 57). For each patient in the validation group, the DVHs of the rectum, anus,
and bladder were predicted by the QA model, based on the patients in the training group.
The performance of the prediction model was assessed by comparing predictions of rectum
Dmean, V65, and V75, and the Dmean of the anus and bladder with the corresponding
values in the Erasmus-iCycle plans.

To investigate whether the size of the training dataset affects the performance of the model,
the DVHs of each patient in the validation group were also predicted by a leave-one-out
method, i.e. for each of these 57 patients, the training group consisted of all other 114
patients.

3.2.5 Influence of inconsistent treatment planning priorities

The balance between different treatment plan tradeoffs affects the final plan. If this balance
varies among patients in the training set, the model may be over optimistic. For instance,
consider the example where for one patient in the training cohort the rectum is sacrificed
to optimally spare the bladder, and for another vice versa. The OVH model may select the
first patient to predict the bladder dose and the second to predict the rectum dose, while in
reality it is impossible to optimally spare both simultaneously. This effect is likely to occur
when the prioritization of the different planning goals is not consistent among patients,
which is often the case in clinical practice.

To investigate this effect, another set of Erasmus-iCycle plans were generated. In this
dataset, half of the plans in both training and validation cohort were generated with the
clinical wish list (table 3.1), and the other half was generated with enhanced bladder sparing
at the expense of rectum sparing, achieved by increasing the priority of the bladder mean
dose objective to 3, and lowering the priority of all remaining cost functions by one. As a
result, both training and validation cohort consisted of plans created with two different wish
lists. Next the new training plans were used to train the OVH model, and the predicted
rectum Dmean, V65 and V75 were validated on the new validation plans.
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3.2.6 Statistics

Pearson’s correlation coefficients (r) were calculated to investigate the correlation between
the predicted and achieved DVH metrics. Results are expressed as mean ± 1 standard
deviation (SD). All analyses with performed with Erasmus-RTStudio in combination with
python 2.7.

3.3 Results

The median volumes of PTV1 and PTV2 were 115.6 cc (range: 62.4 cc–263.3 cc) and 173.4
cc (range: 105.0 cc–295.5 cc), respectively.

3.3.1 Erasmus-iCycle plans

The dataset of Pareto optimal treatment plans for 115 patients with consistent treatment
planning priorities was created and made publicly available.

Figure 3.2: DVHs of all patients in the training and validation groups, demonstrating the large variety of
DVHs

Figure 3.2 shows DVHs for the Erasmus-iCycle plans of all 115 study patients. The mean
doses varied considerably amongst all patients (rectum: 10.3–43.4 Gy; bladder 15.9 Gy-
67.1 Gy; anus: 1.7 Gy-44.2 Gy). This large spread indicated a large heterogeneity in organ
sparing potential among the different patients, depending on their anatomy. For 98.2% (N
= 113) of the patients, all clinical goals for all OARs were satisfied. For the remaining two
(1.7%), the clinical objective for rectum V75 was not achieved. This could be explained by
the overlap between the rectum and PTV2 that was as large as 14.8% and 15.1%, prohibit-
ing adherence to the rectum V75 goal without a severe reduction of PTV coverage (which
had the highest priority in plan generation).
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3.3.2 Planning QA model validation

Figure 3.3 shows the predicted and achieved DVHs for one randomly selected patient of the
validation group. The predicted and achieved DVH of all the patients and OARs are pre-
sented in figure S2 of the supplementary material. For the far majority of the patients, the
entire DVHs could be predicted well for rectum and anus, but larger prediction errors were
observed for the bladder. Figure 3.4 compares specific DVH parameters for all patients.
For rectum, the mean differences (predicted-achieved) were small (Dmean: -0.2 ± 0.9 Gy
(r = 0.99); V65: -1.0 ± 1.6% (r = 0.97); V75: -0.4 ± 1.1% (r = 0.93)). For Dmean, the
difference was within 1 Gy and 2 Gy for 72% and 96% of patients in the validation cohort,
respectively. The predictions were clearly less accurate for patients with high V65 and V75
(V65 > 25%, V75 > 14%).

For anus, the difference in Dmean was small (predicted–achieved), as 0.1 ± 1.6 Gy (r =

0.99), but the predicted bladder Dmean systematically underestimated the achievable dose
by 4.8 ± 4.1 Gy (r = 0.94).

Figure 3.3: For an example patient, the predicted rectum, anus and bladder DVHs compared with the
achieved DVHs.

3.3.3 Influence of the size of the training set

Increasing the training data set from 58 to 114 patients did not lead to a considerable
reduction in prediction errors, expect in V65 for patients with large achieved V65 values
(above 20%), as is shown in Figure 3.5.
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Figure 3.4: Comparison of the predicted and achieved DVH values (uneven rows) and difference plots (even
rows) for the 57 patients in the validation cohort. The upper half shows the rectum Dmean, V65, and V75
and the lower half shows the anus Dmean and the bladder Dmean.
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Figure 3.5: For the 57 validation patients, comparison of predicted V65 with achieved values. The results
with two different training data sizes are shown, i.e. using the original training dataset (N = 58) and using
leave-one-out method (N = 114).

3.3.4 Influence of the consistency of the treatment plans in the training
dataset

Figure 3.6 shows the prediction accuracy for the rectum when the priority of the bladder
is increased compared to the rectum for half of the plans in the training and validation
dataset. The difference between prediction and validation increased by 2 Gy (on average),
to -2.2 ± 3.1 Gy for Dmean, -2.1 ± 2.6% for V65 and 0.4 ± 1.5% for V75. This suggests that
the expected, apparent accuracy of the OVH model decreases when the treatment plans
in the training and validation database have not been generated with consistent planning
priorities.
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Figure 3.6: Predicted versus achieved DVH metrics (Dmean, V65, and V75) for the rectum when half of the
training and validation database consisted of plans with a higher bladder sparing priority than the priority
of the rectum, and another half with the clinical prioritizations.

3.4 Discussion

The quality and consistency of IMRT/VMAT plans may vary among patients and dosimetrists.
Planning QA models can help to ensure a high consistency and high quality for treatment
plans. Different models have been proposed [91, 57, 96, 4, 94, 31, 63, 73], but the validation
data that were used to evaluate the performance of the QA methods, were generated by
the same trial-and-error treatment planning process that may lead to suboptimal plans, as
for which treatment planning QA is intended in the first place. It is therefore difficult to
assess the accuracy of these models. Therefore, in the current study, treatment plans for
115 prostate cancer patients were fully automatically generated with lexicographic multi-
criteria optimization, resulting in Pareto optimal treatment plans with a consistent balance
between the various treatment planning tradeoffs. This dataset can be used as golden
standard to validate, compare and develop new treatment planning QA methods and is
made publicly available. In the current study we used it to evaluate the performance of
the overlap volume histogram based planning QA model [42, 91] for prostate cancer patients.

The performance of the OVH model to predict the rectum and anus DVHs was excellent, as
clearly indicated by the low systematic errors, standard deviations (SD) and visual agree-
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ment (supplementary materials). The bladder Dmean on the other hand was systematically
underestimated by the OVH model by 4.8 Gy with a larger standard deviation. A system-
atic error can be corrected simply by increasing/decreasing all predictions by the size of
that error. The size of the SD has more impact on the clinical suitability of a model, be-
cause it determines the width of the confidence interval to distinct sub-optimal plans from
prediction errors. E.g. with a confidence of 95%, only differences larger than a threshold of
1.96 times the SD can be attributed to sub-optimality of the plans, given that systematic
errors are predicted for. These thresholds were 1.7 Gy (rectum), 3.1 (anus) and 8.0 Gy
(bladder) in the current study, which makes the model very suitable for the rectum and
anus but less for the bladder.

The large prediction errors of the bladder compared to the rectum and anus can partly be
explained by their priorities (high for rectum, low for bladder) in the planning process. Be-
cause of the prioritized optimization the organ sparing potential depends on PTV coverage
and on all other organs that have a higher priority in the wish list. The OVH model, on the
other hand, does not consider inter-organ dependencies other than the PTV. However, in-
creasing the bladder priority in both the validation and training cohort led only to a modest
gain in prediction accuracy for the bladder of 2.4 ± 3.3 Gy (not shown in result section).
Another explanation could be the differences in dose fall off in the superior–inferior direc-
tion compared to the in the axial direction. This could have an impact on the accuracy
of the OVH model for organs with various orientations with respect to the edges of the
treatment fields [67].

When the training and validation groups consist of a mix of plans generated with two differ-
ent wish lists (high-prioritized and low-prioritized bladder sparing), the apparent accuracy
of the OVH model substantially decreased. This finding indicates the dependence of the
accuracy of the model on the consistency of the training dataset. In addition, it shows that
by using inconsistent planning priorities among the plans in the validation set, the apparent
accuracy of the model is lower than the real accuracy, which confirms the need for Pareto
optimal, highly consistent validation data to assess the performance of planning QA models.
Our previous study [83]. also showed that if the training dataset were not consistent, the
performance of the planning QA model could be misinterpreted. These findings indicate
that in clinical practice, the performance of the OVH model, when is used with conven-
tionally optimized treatment plans, is likely less good than what we have found in this study.

Several studies have investigated and used the overlap volume histogram model for prostate
dose prediction [83, 92, 89]. However, none of these studies have predicted the entire DVH,
but only a few specific dose volume values. Accurately predicting the dose to the part of the
prostate that overlaps with PTV2 but not with PTV1 required some modifications to the

37

3

37

Evaluating Plan QA Models Using Pareto-optimal Plans



Evaluating Plan QA Models Using Pareto-optimal Plans

original OVH model. Wu et al used the OVH model to successfully predict the OAR doses
for head and neck patients with an integrated boost technique with 3 risk levels [91, 90], by
considering the OVHs of all PTVs. However, the predicted doses were mostly lower than
the lowest prescribed doses, which means it focused on volumes outside the PTVs. In this
study we have shown that it is also possible to accurately predict doses within the overlap
region of an OAR and the PTVs for SIB treatments.

In principle, Erasmus-iCycle, as an automated plan generation tool, could also be applied
as a planning QA tool for commercial planning systems. It overcomes the limitations of
some of the ’simplistic’ assumptions of the OVH model and therefore provides more so-
phisticated estimates on the achievable dose to the OARs. However, Erasmus-iCycle can
be considered a full TPS, requiring similar costs in setup and maintenance, and computing
power as a commercial TPSs. An investment in Erasmus-iCycle just for treatment planning
QA may be too large. Therefore here we made Erasmus-iCycle plans available to improve
and validated more ’light weight’ treatment planning QA models.

In the era of automated treatment planning one could expect that the need for treatment
planning QA reduces. However, we see a clear role for QA for automated treatment plan-
ning. If something in the fully automated treatment planning chain goes awry (mismatched
structures, software bugs etc), this could potentially result in a plan that is of significantly
lower quality than necessary, but not low enough for the physician to detect during the plan
approval phase. Especially if the quality of automatically generated plans is of consistent
high and unrivaled quality (i.e. cannot be improved by an experienced planner), criticism
could start to impair. The OVH method is totally independent of the Erasmus-iCycle and
therefore we are currently evaluating it as a sanity check for routine QA of automatically
generated treatment plans.

3.5 Conclusion

For 115 prostate cancer patients, a Pareto-optimal treatment plan was generated with lex-
icographic multi-criterial optimization. This plan data set is highly suited for assessing the
performance of models for treatment planning QA and has been made publicly available
for development and validation of treatment planning QA model. We tested the overlap
volume histogram (OVH) based QA model, using the generated dataset. It was shown that
the OVH model had a very high prediction accuracy for rectum and anus, while for bladder
the accuracy was lower.
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KB Dose Prediction and Interorgan Dependency

Abstract

Purpose
The goal of this study was to generate a large treatment plan database for head and neck
(H&N) cancer patients that can be considered as the gold standard to train and validate
models for knowledge-based (KB) treatment planning and QA. With this dataset, the intrin-
sic prediction performance, the effect of interorgan dependency, and the impact of dataset
inconsistency was investigated for an existing treatment planning QA model.

Methods
The CT scans of 108 previously treated oropharyngeal patients were used to establish the
plan database. For each patient, 15 Pareto optimal treatment plans with different planning
priorities for the parotid glands were generated with fully automatic multicriterial treat-
ment planning (1620 plans in total). For each of the 15 sets of plans in the database, a
KB model was trained with 54 patients and validated on the other 54 by comparing the
predictions with the achieved doses. The dose prediction accuracy (predicted—achieved)
of the KB models was assessed and compared among the different models to characterize
the intrinsic performance and effect of interorgan dependency. In addition, the effect of
dataset inconsistency with respect to planning prioritizations was investigated by mixing
plans with different prioritizations, for the training, the validation dataset, and for both
combined.

Results
In the case of a high planning priority, the mean ± SD of the prediction error for the mean
dose of the parotid glands was only 0.2 ± 2.2 Gy, but this increased to 1.0 ± 5.0 Gy in
the case that the parotid glands had a low planning priority. Dataset inconsistency (in
planning priority) led to a large increase in prediction error for the parotid glands (mean
± SD) from 0.2 ± 2.2 Gy to 2.8 ± 3.3 Gy, -3.2 ± 5.0 Gy or -0.6 ± 5.4 Gy, depending on
the way the datasets were mixed.

Conclusions
The generated plan database can be used to validate and characterize KB prediction mod-
els for H&N cancer and will be made available upon request. The investigated KB model
performed well in case the parotid glands had a high planning priority (little dependence on
lower priority OARs), but poorly for organs for which the dose strongly depends on other
higher priority OARs. To improve the performance of KB prediction models for H&N can-
cer, interorgan dependency should be modeled and accounted for. Dataset inconsistency
has a large negative impact on the prediction errors of KB models and should be avoided
as much as possible.
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4.1 Introduction

Radiotherapy plan optimization is a trial-and-error process, and the lowest achievable doses
to organs at risk (OARs) are patient specific. Therefore, achieved OAR doses can be highly
institution-, planner- and patient dependent. Proposed solutions are knowledge-based (KB)
treatment plan QA [57, 31, 63, 73, 83, 91, 96] or KB (semi-)automated treatment planning
[89, 53, 54, 88, 94, 5]. With KB treatment plan QA, treatment plans of prior patients are
used to predict the achievable doses for a new patient. The predictions are then compared
to the achieved treatment plans, to detect suboptimal sparing of OARs. KB automated
treatment planning applies similar models but using the predictions directly to set patient-
specific treatment planning objectives to automate the treatment planning process.

In literature, several KB models have been proposed for prediction of achievable OAR doses,
using the features derived from patient anatomies, such as distances of the OARs to the
planning target volume (PTV), volumes of the PTVs, etc. Some are commercially available.
The models aim to predict either achievable dose metrics of interest[57, 83, 91, 90, 67, 66],
entire DVHs [73, 96, 94, 4] or doses to individual voxels [63, 53, 72, 51].

Prediction inaccuracy of KB models should be minimized to avoid generation of suboptimal
treatment plans. However, it is not straightforward to determine the accuracy of KB mod-
els. Most published KB models were trained and validated on clinical treatment plans, that
were generated with the conventional trial-and-error treatment planning process that often
leads to suboptimal sparing of OARs and inconsistent trade-offs between sparing different
OARs among different patients. As a result, deviations of predicted doses from achievable
or optimal doses can not only be caused by intrinsic limitations of the model but also by
the use of suboptimal training or validation plans.

Isolating the intrinsic limitations from dataset-related limitations is relevant, since a quanti-
tative assessment of the intrinsic accuracy is required to provide insight in the performance
of models, to compare different models, and to evaluate potential model improvements.
Therefore, in a previous study we quantified the intrinsic performance of a KB model for
prostate cancer, by creating a database of fully automatically generated Pareto optimal
treatment plans with consistent prioritization of planning objectives, that was used for
training and model validation [81]. However, a limitation of excluding dataset inconsis-
tency errors is that these errors do influence the performance of the model in a clinical
setting and ignoring them may lead to an overoptimistic assessment of the practical KB
model performance. Ideally the inaccuracies caused by both intrinsic limitations and the
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dataset-related limitations should be separately quantified for a KB model.

Our previous study on the intrinsic accuracy of a KB model for prostate cancer showed a
high accuracy for the predicted dose to the rectum and anus but a lower accuracy for the
bladder[81]. This discrepancy can likely be explained by the assumption of most KB models
that the achievable dose in an OAR is only dependent on its orientation and distance to
the PTV, independent of its planning priority relative to other OARs. This assumption
may hold to a large degree for high-priority organs (e.g., the rectum), but to a lesser degree
for lower priority organs (e.g., the bladder) for which the dose also depends on the dose
to the higher priority organs. For more complex treatment sites with more OARs, such as
head and neck (H&N), the effect of this interorgan dependency on KB model prediction
accuracy is likely to be larger than for prostate, and it might hamper accurate predictions,
but this has never been thoroughly investigated.

The goal of this study was to generate a large treatment plan database for head and neck
(H&N) cancer patients that can be considered as the gold standard to train and validate
models for KB treatment planning and QA. Per patient the dataset contains 15 Pareto
optimal treatment plans with mutual, on-purpose generated differences in trade-offs for the
various OARs. With this dataset the intrinsic prediction performance, the effect of interor-
gan dependency and the impact of dataset inconsistency can be investigated for any KB
model. It was applied here to an existing KB QA model that was based on overlap volume
histograms (OVH) [42] and principal component analysis (PCA) [96, 88]. The database
will be made available upon request. For more info see at
https://www.erasmusmc.nl/RadiotherapyTreatmentPlanningQA.

4.2 Materials and methods

4.2.1 Generation of the treatment plan database

At our institute H&N patients are treated with VMAT plans that are generated fully au-
tomatically. A two-step approach is used: first an IMRT fluence optimization is performed
with Erasmus-iCycle. Erasmus-iCycle is an in-house developed TPS for automated multicri-
terial treatment plan generation that uses a ‘wishlist’ containing hard planning constraints
and prioritized objectives [13, 14]. Hard constraints are met by design, and the planning
objectives are optimized as far as possible, in the order of their predefined priorities. Re-
sulting plans are Pareto optimal and have consistent trade-offs among multiple planning
objectives. The same wishlist is used for all patients treated according to the same protocol.
In the second step the resulting Pareto optimal dose distribution is automatically converted
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into patient-specific Monaco templates (Elekta, Sweden). Monaco is then run automati-
cally to create our clinical VMAT treatment plans. This procedure allows to use plans
generated with an in-house software to be delivered clinically. Any deviations between the
final clinical treatment plans and the Pareto optimal Erasmus-iCycle dose distributions are
small [79]. To ensure Pareto optimality and a maximally consistent dataset, for this study
Erasmus-iCycle was used to generate treatment plans, without applying the Monaco step.

In total, 108 oropharyngeal cancer patients were included in this study. Patients were
treated with a simultaneous integrated boost technique with a prescribed dose of 70 Gy
to the high-dose PTV and 54.25 Gy to the low-dose PTV. For each patient, 15 treatment
plans were generated using 15 different wishlists (W0–W14), that varied in priority between
sparing the different OARs. As a result, the database consisted in total of 1620 plans.
Table 4.1 describes the 15 different wishlists. Each wishlist was a variation in the wishlist
that is applied in clinical practice. Hard constraints were applied to avoid hot spots in the
targets and OARs. Next to the hard constraints, a set of prioritized objectives were used.
The high- and low-dose PTVs had the highest priorities, to ensure adequate PTV coverage,
followed by objectives to lower the doses to OARs. For the wishlist W1, the parotid glands
had the highest priority among all OARs. The following wishlists (W2–W14) were gener-
ated from W1, by consecutively lowering (only) the priority of both parotid glands in 13
steps. The priorities of parotid glands are presented in Table 1. Finally, W0 was generated,
which was identical to W1, except for the priority of the left parotid gland that was set
higher than the right parotid gland.

4.2.2 Using the treatment plan database to train and evaluate a KB
model

The KB model used in this study was based on OVH21 and PCA, as proposed previously7,
12 (see below). The KB model was trained and validated 15 times separately for each set
of plans generated with each of the 15 wishlists. The patients were randomly assigned to
the training cohort (N = 54) or the validation cohort (N = 54). Unless stated otherwise
the plans used to validate each KB model, were generated with the same wishlist as the
plans that were used to train each KB model.

4.2.3 The KB model and model training

The OVH is a geometric descriptor which quantifies the Euclidean distance of the OAR to
the PTV. The OVH at a distance r for an OAR is defined as the overlap volume of the
OAR with the PTV, extended or contracted with a margin, r. Inversely, r represents the
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Table 4.1: Setup of wishlists W0–W14. Columns 1–4 represent W1. The fifth column denotes the changes
in priority of both parotid glands for wishlists W2–W14. For example, for W2 the priority of sparing the
parotid gland Dmean became lower than reducing the spinal cord Dmax to 38 Gy. At W3, the priority of
the parotid glands became lower than the SMG etc.

Constraint/priority Volume Cost function Objective Wishlist reference

Hard constraint PTV High ↓ Dmax 70 Gy × 1.05
Hard constraint PTV Low ↓ Dmax 50.25 Gy × 1.04
Hard constraint PTV ring 0 cm ↓ Dmax 70 Gy
Hard constraint All OARs ↓ Dmax 70 Gy × 1.05
1 PTV Low LTCP 0.4
2 PTV High LTCP 0.4
3 Parotid glands ↓ Dmean 10 Gy
4 Spinal cord ↓ Dmax 38 Gy W2
5 Brainstem ↓ Dmax 38 Gy W3
6 Cochlea ↓ Dmax 30 Gy W4
7 SMG ↓ Dmean 39 Gy W5
8 PTV ring 0.5 cm ↓ Dmax 70 Gy × 0.95 W6
9 PTV ring 1.5 cm ↓ Dmax 70 Gy × 0.8 W7
10 PTV ring 3 cm ↓ EUD(α = 11) 25 Gy W8
10 PTV ring 4 cm ↓ EUD(α = 11) 20 Gy
10 PTV ring 5 cm ↓ EUD(α = 11) 15 Gy
11 Oral cavity ↓ Dmean 39 Gy W9
12 Spinal cord ↓ Dmax 30 Gy W10
13 Brainstem ↓ Dmax 30 Gy W11
14 Larynx ↓ Dmean 52.5 Gy W12
15 External ring ↓ Dmax 63 Gy W13
16 MCS ↓ Dmean 52.5 Gy W14
17 MCM ↓ Dmean 52.5 Gy
18 MCI ↓ Dmean 52.5 Gy
19 MCP ↓ Dmean 52.5 Gy
20 Esophagus ↓ Dmean 52.5 Gy
21 Cochlea ↓ Dmax 23 Gy
22 SMG ↓ Dmean 10 Gy

SMG, submandibular gland; MCS, musculus constrictor superior; MCM, musculus constrictor medius;
MCI, musculus constrictor inferior; MCP, musculus constrictor cricopharyngeus; LTCP, logarithmic tumor
control probability; EUD, equivalent uniform dose. PTV ring X cm was defined as the shell of the PTV at
X cm from the PTV.

distance of the fractional volume of the OAR to the PTV.

For patients with two PTVs with different prescribed dose levels, the differential OVH is
introduced here. Differential OVH distances, rdiff , are defined as subtractions of the dis-
tances to the high-dose PTV (rhigh) and the distances to the low-dose PTV (rlow) for fixed
overlap volumes, V ; rdiff = rhigh − rlow = OVH−1

high(V ) − OVH−1
low(V ). Both rdiff and

rhigh are used for modeling training and DVH prediction. The differential OVH describes
if the OAR is closer to high-dose PTV or low-dose PTV, could to some extend be related
to the dose to the OAR.
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For model training, half of the patients (N = 54) were selected at random as training cohort.
OVH features were correlated with DVH features for each OAR separately. First, for each
training patient, 200 rdiff and rhigh were sampled with equally spaced volumes V , resulting
in a 400-dimensional OVH feature vector. Then similarly, the 200 dose values (d) from the
corresponding DVHs were sampled with the same V s, resulting in a 200-dimensional DVH
feature vector. Next, the first four principal components (PCs) of the OVH vector and
the first two principal components of the DVH vector were derived by PCA. The numbers
of PCs were selected such that they could explain more than 90% of the variations of the
feature vectors in the training dataset. Next, support vector regression was applied to
correlate the OVH PCs with the DVH PCs. The DVH of each new patient was predicted
based on the generated model and the patient-specific OVH information.

In this study, we focused on the mean dose (Dmean) to the following OARs: left and right
parotid glands; left and right submandibular glands (SMG); oral cavity; larynx; musculus
constrictor superior (MCS); musculus constrictor medius; musculus constrictor inferior and
musculus constrictor cricopharyngeus. These OARs and dose metrics were chosen for their
relevance to normal tissue complications probabilities) [22, 19, 85], since they are important
for plan evaluation in our daily clinical practice and since the Dmean to these OARs was
explicitly optimized with the wishlists.

4.2.4 Evaluation of the KB model

The intrinsic prediction accuracy of the KB model

To evaluate the intrinsic performance of the KB model, the model was trained and validated
using the treatment plans that were created with the wishlist W1. The dose prediction error
was quantified by the mean and standard deviation of the prediction errors for the OARs
mean dose (predicted Dmean – achieved Dmean) among all 54 validation patients. Since all
plans were Pareto optimal and had a consistent prioritization between sparing the different
OARs, the achieved dose of the validation plans can be considered as ground truth to
evaluate KB model dose prediction performance.

Influence of interorgan dependency on KB model performance

Interorgan dependency on the prediction accuracy for the parotid glands was studied by
creating 15 KB models that were trained and validated each time using the plans from one
of the wishlists W0–W14. Since the only difference between the wishlists was the planning
priority of the parotid glands, differences between the performance of the 15 resulting KB
models for the prediction of the dose to the parotid glands, can be attributed to interorgan
dependency.
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Impact dataset inconsistency for KB model training and validation

In the analyses described so far for validation of KB models, the plans of the validation
patients were generated with the same wishlist as the plans for the training patients. There-
fore, only the intrinsic accuracy of KB models was evaluated and not the effect of dataset
inconsistency. In clinical practice, typically a KB model is not trained nor validated on sets
of consistent treatment plans with respect to OAR sparing, but on sets of clinical treatment
plans that are typically less consistent than the plans generated here with a fixed wishlist.
Therefore, to investigate how the performance of the KB models depends on the consistency
of the plans used for training, and how the conclusion on their performance depends on the
plans used for validation, three additional experiments were performed.

For the first experiment, only inconsistency in the training dataset was considered to
study the effect of training dataset inconsistency on model performance. Twenty train-
ing databases were generated by randomly selecting for each of the 54 training patients 1
out of the 15 plans, generated with different wishlists. Next the KB model was trained 20
times using each training database separately and validated each time with the W1 plans
of the validation patients (i.e., the plans used for validation were consistent).

In the second experiment, inconsistency of the database used for validation was considered
to investigate how inconsistency in the plans used for validation could affect the conclusions
of the model performance The KB model was trained using the W1 plans and validated 20
times using different validation databases that were generated by selecting at random for
each validation patient 1 of the 15 plans.

In the third experiment, inconsistency in both the training and validation cohort was con-
sidered. This corresponds to a situation where both model training and validation are
performed using clinical treatment plans (that are often inconsistent in OAR trade-offs), as
has been often done before to validate KB approaches. The KB model was trained 20 times
using the training databases of the first experiment and validated 20 times at random by
selecting 1 of the 20 validation databases from the second experiment.

4.2.5 Statistics

The Wilcoxon signed-rank test was used to compare the differences in planned and predicted
doses. Kolmogorov–Smirnov tests were applied to compare the probability distribution of
the dose prediction errors, between the model trained and validated with the consistent
database, and the model with the mixed database. For both tests, a P − value < 0.05 was
considered statistically significant. Linear least-squares regression correlation coefficient
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(r) was used to investigate the differences between the changes in achieved doses and the
changes in prediction errors.

4.3 Results

4.3.1 The intrinsic prediction accuracy of the KB model

For the KB model that was trained on plans generated wishlist W1, the dose prediction
errors (predicted-achieved) were smallest for the parotid glands, which had the highest
sparing priority (0.2 ± 2.2 Gy), and increased to 0.2 ± 2.6 Gy for the SMG (priority 7);
0.1 ± 4.9 Gy for the oral cavity (priority 11); -1.2 ± 2.9 Gy for the larynx (priority 14);
and -0.2 ± 4.0 Gy for the swallowing muscles (priority 16-19). For all OARs and patients
combined, the prediction error was -0.1 ± 3.6 Gy (see Figure 4.1) and less than 4 Gy for
83.8% of the cases (Figure 4.2). In general, there was a trend toward lower dose prediction
accuracy for lower prioritized organs. This was further investigated by using the treatment
plans generated with different wishlists for model training and validation.

4.3.2 Influence of interorgan dependency on KB model performance

Figure 4.3 shows for one patient the dose distributions corresponding to different wishlists,
W1, W3, W7, W10, and W14. With W1, the parotid glands had the highest priority and
the corresponding dose distribution was best achievable for parotid sparing. With W3,
the priority of sparing the parotid glands reduced compared to lowering the Dmax to the
spinal cord and brainstem to 38 Gy. But this did not affect the dose distribution, since
the desired brainstem and spinal cord doses were achieved already for W1. For wishlist
W7, reducing the mean dose to the SMG to 39 Gy and lowering the Dmax to the PTV
rings at 0.5 and 1.5 cm to 95% and 80% became more important than parotid sparing.
As a result, the SMG mean dose decreased and the conformity increased at the expense of
more parotid glands dose. From W7 to W14, reducing the dose to the larger PTV rings,
oral cavity, the brain stem, spinal cord, larynx, MCS and external ring becomes more im-
portant than sparing the parotid glands, leading to a further increase in parotid gland dose.

For the entire population, the effects of lowering the priority of the parotid glands on the
achieved parotids Dmean are shown in Figure 4.4(a). As the planning priority decreased,
the Dmean increased from 29.5 (W1) to 38.9 Gy (W14). Figure 4.4(b) shows the difference
between the achieved dose to the parotid glands between two consecutive wishlists. This
reflects how strongly the dose to the parotid glands depends on each organ and dose ob-
jective, that increased in priority between the two wishlists. The dependence on the spinal
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Figure 4.1: Comparison of the predicted and achieved mean doses for the KB model trained and validated
with plans generated with wishlist W1. Abbreviations: SMG, submandibular gland; MCS, musculus con-
strictor superior; MCM, musculus constrictor medius; MCI, musculus constrictor inferior; MCP, musculus
constrictor cricopharyngeus
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Figure 4.2: The percentage of plans in the validation set as function of their dose prediction errors for
different OARs. The plans for both training and validation of the KB models were generated with the
wishlist W1.

cord, brainstem cochlea, and SMG at the desired dose levels is limited, but there is strong
dependence on the conformality of PTV rings at 1.5 cm (W7), 3 and 4 cm (W8), and on
the oral cavity (W9).

The dose prediction accuracy of the KB model is strongly affected by interorgan depen-
dency. This is illustrated in Figure 4.4(c) and 4.4(d). Figure 4.4(c) shows the SD of the
prediction error for the KB models that were trained on plans generated with the different
wishlists. As the priority of the parotid glands for planning decreased, the KB prediction
error (standard deviation) increased from 2.2 to 5.0 Gy. Qualitatively a similar pattern
is observed for the SD of the prediction error as for the mean achieved dose as function
of wishlist [Figure 4.4(a)]. This was quantified in Figure 4.4(d), that shows a moderate
correlation (r = 0.55, p = 0.04) between the increase in prediction error and interorgan de-
pendence. Where, interorgan dependence was defined as the difference between the Dmean
of the parotid glands between two wishlists.

Also, between the two parotid glands interorgan dependence affects KB model performance.
When the priority of the left parotid gland was higher than the right parotid gland (W0),
the prediction error of the left parotid gland slightly decreased (Dmean from 0.3 ± 1.8
Gy (W1) to 0.3 ± 1.6 Gy (W0)), while the prediction error of the right parotid slightly
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Figure 4.3: The dose distributions of one example patient for with five plans generated with wishlists W1,
W3, W7, W10, and W14 (rows). For each plan, three CT planes are presented (columns). A decrease in
planning priority (W1–W14) of the parotid glands leads to an increase in dose, in favor of the oral cavity,
the larynx submandibular glands (SMG) and conformality.
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Figure 4.4: (a) The achieved mean dose for 15 wishlists (W0–W14) for the parotid glands, averaged over
the population. For clarity, the error bars represent standard error instead of standard deviation. (b) The
change in the achieved Dmean of the current wishlist compared to the next wishlist, which is a measure
of interorgan dependence. (c) The SD of the prediction errors for the parotid glands Dmean of the KB
models that where trained and validated using the different wishlists. On top of (a–c), the ROI’s priority
is indicated that became higher than the parotid glands compared to the previous wishlist. (d) The SD of
prediction errors for the Dmean of the parotid gland as a function of interorgan dependence. Abbreviations:
SC, spinal cord; BS, brainstem; CH, cochlea; SM, submandibular glands; R1, PTV ring 0.5 cm; R2, PTV
ring 1.5 cm; R3, PTV ring 3 cm/4 cm/5 cm; OC, oral cavity; LX, larynx; ER, External ring; MC, MCS.
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Figure 4.5: Histograms (dashed lines) of the dose prediction error for the left and right parotid glands, with
a mixed training dataset (left), mixed validation dataset (middle), and mixed both training and validation
dataset (right). For each bar of the histogram, the error bar was presented (pm1 SD of the 20 repeated
experiments). For each panel as reference, the histogram is shown in gray that corresponds to training and
validation based on W1 only, that is, with consistent datasets.

increased (Dmean from 0.1 ± 2.5 Gy to 0.0 ± 2.9 Gy).

4.3.3 Impact of database inconsistency for KB model training and vali-
dation

The effect of dataset inconsistency was investigated using three experiments, using (a) a
mixed training dataset with a consistent validation dataset (Figure 4.5 left); (b) a consis-
tent training dataset with a mixed validation dataset (Figure 4.5 middle); (c) both a mixed
training and validation dataset (Figure 4.5 right). The dose prediction errors of the corre-
sponding KB models averaged over all validation patients and over all 20 experiments with
randomly selected training/validation sets were 2.8 ± 3.3 Gy, -3.2 ± 5.0 Gy, and -0.6 ± 5.4
Gy, respectively, for the parotid glands. While for the model that was consistently trained
and validated with plans generated from wishlist W1, the dose prediction error was only
0.2 ± 2.2 Gy. Thus, with an inconsistent training set, predictions were systematically too
high. While with a mixed validation set it would have been concluded, erroneously, that the
predictions were systematically too low. For all the three experiments, the dose prediction
accuracy was significantly worse (p < 0.001), if an inconsistent (mixed) training/validation
dataset was used instead of a consistently generated dataset.

4.3.4 Discussion

In this study, a large treatment plan database was generated for the validation of KB dose
prediction models for the H&N region. All plans were Pareto optimal and the differences
in OAR trade-offs were obtained from variations in planning priorities, leading to 15 plans
per patient (1620 plans in total). The performance of an existing KB model was evaluated
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using the database, with a special focus on interorgan dependency and database consis-
tency. The database will be made available upon request to be used as the gold standard
to develop and validate other KB models.

The observed prediction errors were larger for the H&N region (prediction errors <4 Gy for
83% of the cases) compared to a similar model applied to the prostate region (prediction
errors of rectum <2 Gy for 96% of the cases) [81]. We demonstrated that the reduced
performance for the H&N region compared to prostate is due to interorgan dependency.
First, it was observed that organs with low priorities had higher prediction errors. Second,
in the absence of interorgan dependency (wishlist W0) the SD of the prediction error for
the parotid glands was only 1.6 Gy, which came close to the 0.9 Gy observed for rectum
in our previous study [81].While depending on the number of organs with higher priority,
the SD of the prediction error for the parotid glands increased from 1.6 Gy (no interorgan
dependency) to 5.0 Gy (large interorgan dependency). Third, a significant increase in pre-
diction error (r = 0.55, p = 0.04) is observed as function of the difference in dose between
two consecutive wishlists, which is a quantitative measure of interorgan dependency. This
should be interpreted as that for high-prioritized organs, the dose was mainly dependent
on the position and orientation of the organ to the PTV, which can be described well with
current KB models, while for lower prioritized organs, the dose also depends on specific
higher prioritized organs and their dose objectives, that is, interorgan dependency. Most
current KB models ignore this interorgan dependency.

The KB models could likely be improved if interorgan dependency relations could be mod-
eled. The challenge is that interorgan dependency relations depend not only on the distance
to different OARs but also to the doses that are planned to the other OARs. For instance,
for the patient shown in Figure 4.3, reducing the maximum dose to the spinal cord to 38 Gy
did not affect parotid sparing. However, if the objective had been to reduce the maximum
dose to the spinal cord to 10 Gy, likely the parotid would have been affected. If interor-
gan dependency is to be modeled using a feature-based KB approach, per patient a large
number of different plans with different OAR sparing priorities are required, to capture all
relevant trade-offs. The current dataset, with 15 plans per patient, could be a good starting
point to start modeling interorgan dependency relations.

More sophisticated KB approaches that consider multiple OARs at the same time may
be able to better deal with interorgan dependency. Recently, McIntosh and Purdie et al.
[53, 54] developed an atlas-based dose prediction approach. In this approach, a conditional
random field model was used to select the most likely dose value for each voxel, based on a
joint probability function derived from the dose values of the target and other OARs. One
merit of this approach is that, the dose was predicted with the information of other ROIs,
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as a result, the dose prediction was more accurate for the OARs with strong interorgan
dependency compared to feature-based methods such as OVH. Besides, Mahmood et al.
proposed a generative adversarial network (GAN)-based dose prediction method, in which
the CT images, instead of a series of predefined anatomical features, were used to predict
3D dose distributions [51]. The results of this study show that, the GAN method is more
accurate than the OVH method, especially in predicting the doses of the OAR with strong
interorgan dependency, for example, for head and neck patients, the average dose prediction
error was within 5% for all OARs.10 For both approaches, the models were trained and
evaluated with data that had similar trade-offs in OAR sparing (clinical plans). We think
the current dataset, with a large variety in the priorities of OAR sparing, would be a good
test dataset to evaluate the performance of the other published methods.

An alternative to overcome interorgan dependency is to use multicriteria optimization
(MCO), instead of the KB dose prediction models [12]. MCO could shape a dose dis-
tribution that meets a series of planning criteria. The dose distribution itself represents
the result of interorgan dependency. In this study, we used MCO-based Erasmus-iCycle to
generate the ground truth of interorgan dependency.

Apart from the intrinsic accuracy of KB models, we have shown that dataset inconsistency
strongly contributes to prediction errors leading to an increase in SD of the prediction error
from 2 to 5 Gy and a systematic error of 3 Gy. Whether the degree of variability in the
random selected datasets used here is representative for datasets of clinical manual treat-
ment plans, may depend on the institute, planning guidelines, physicians, and treatment
planners. For instance, Babier et al. found for a PCA-based KB model, that for 50% of the
cases, the difference between the predicted and clinically achieved Dmean of the parotid
glands was within roughly ±5 Gy [5]. In general, more consistency will lead to smaller
prediction errors and vice versa, regardless of the KB prediction model, although the de-
pendency may vary based on the type of KB model used. One way to increase consistency
of a training dataset could be to update the dataset with treatment plans that were gener-
ated using KB planning or for which KB QA was applied. Another solution is to enhance
the robustness of the KB prediction method against outliers, one example is in McIntosh
and Purdie et al., [53, 54] that applied a maximum a posteriori estimation to avoid the
influence of extreme outliers.

To investigate interorgan dependency, multiple plans per patient are required, while patients
are only treated with one plan. Therefore, not all plans in the database were used in clinical
practice. However, the plans in the database can be considered representative for clinically
acceptable plans. First, all plans in the database fulfilled PTV coverage requirements (PTV
coverage >98%) and all the hard constraints of our clinical planning protocol (i.e., Dmax of
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spinal cord <50 Gy, Dmax of brainstem <70 Gy, and D10 cc of brainstem <59 Gy). Second,
all plans were generated based on wishlists that were variations of the wishlist used in clini-
cal practice. Wishlist W4 was even an exact copy, with the only difference that high priority
objectives were used for the spinal cord, brainstem, and cochlea instead of hard constraints.

The PCA is a suitable technique to achieve low average prediction errors. Indeed, for most
experiments, the mean of the prediction error over all patients was below 0.5 Gy. The SD of
the prediction error describes the variation in prediction error over different patients and is
more relevant in practice. It is straightforward to correct for a systematic error in the pre-
dicted dose, while patient-specific variation in prediction accuracy is much more difficult to
account for. Thus, the SD of the prediction error better describes the clinical performance
of a KB model, and therefore our analysis was focused mainly on the SD. Alternatively,
dose prediction error could also be evaluated by calculating the absolute prediction errors.
In the supplementary materials in Table S1, we provide the results of both the signed and
the absolute dose prediction errors.

4.3.5 Conlcusion

A dataset was generated consisting of 1620 Pareto optimal treatment plans for 108 oropha-
ryngeal cancer patients that can be used to validate and characterize KB models for H&N
cancer. The dataset will be made available upon request. The KB model that was evalu-
ated here, performed less well overall than a similar model for prostate. This was mainly
due to interorgan dependency that was not accounted for by the KB model, like most pub-
lished KB models. Based on these results it is recommended to explicitly model interorgan
dependency to improve KB models for H&N. Dataset inconsistency has a large negative
effect on the prediction errors of KB models and should be avoided as much as possible.
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KB Plan QA for Pinnacle Autoplanning

Abstract

Background and purpose
With the advent of automatic treatment planning options like Pinnacle’s Autoplanning
(PAP), the challenge arises how to assess the quality of a plan that no dosimetrist did work
on. The aim of this study was to assess plan quality consistency of PAP prostate cancer
patients in clinical practice.

Materials and methods
100 prostate cancer patients were included from NKI and 129 from RadboudUMC (RUMC).
Per institute a previously developed [82] treatment planning QA model, based on overlap
volume histograms, was trained on PAP plans to predict achievable dose metrics which
were then compared to the clinical PAP plans. A threshold of 3 Gy (DVH dose parame-
ters)/3% (DVH volume parameters) was used to detect outliers. For the outlier plans, the
PAP technique was adjusted with the aim of meeting the threshold.

Results The average difference between the prediction and the clinically achieved value was
<0.5 Gy (mean dose parameters) and <1.2% (volume parameters), with standard deviation
of 1.9 Gy/1.5% respectively. We found 8% (NKI)/25% (RUMC) of patients to exceed the
3 Gy/3% threshold, with deviations up to 6.7 Gy (mean dose rectum) and 6% (rectal wall
V64Gy). In all cases the plans could be improved to fall within the thresholds, without
compromising the other dose metrics.

Conclusion Independent treatment planning QA was used successfully to assess the qual-
ity of clinical PAP in a multi-institutional setting. Respectively 8% and 25% suboptimal
clinical PAP plans were detected that all could be improved with replanning. Therefore
we recommend the use of independent treatment plan QA in combination with PAP for
prostate cancer patients.
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5.1 Introduction

Conventional inverse treatment planning is a manual trial and error process [36]. This
makes the treatment planning process in practice time consuming and subject to a sub-
stantial amount of variation between dosimetrists [7, 86]. To increase treatment planning
efficiency and plan consistency several different ‘auto-planning’ approaches have emerged
in the past years [79, 68, 34, 67, 4]. The basic aim of all these approaches is that a sin-
gle auto-planning protocol results in good plans for all patients for a given treatment site,
without further adjustments; in contrast to conventional planning where a treatment site
class solution needs to be manually adjusted on a per patient basis.

Pinnacle autoplanning (PAP) [34] is one of the commercially available solutions for auto-
planning using a template-based optimization tool that mimics the iterative optimization
steps a skilled dosimetrist would undertake during manual planning. PAP has been shown
to yield good quality plans with respect to manual planning for several treatment sites
[32, 30, 87, 45]. However in daily practice PAP is a ‘black box’ solution that produces a
plan and for a dosimetrist it is very hard, if not impossible, to judge whether the resulting
plan could potentially be further improved.

Indeed, since it is hard to objectively judge an autoplan, the question arises, if PAP, or any
other available autoplanning solution, consistently generates high quality treatment plans
for all patients. If one in several patients receives a suboptimal plan, this may be unnoticed,
because of the issue mentioned above. Assessing the consistency of PAP is therefore cru-
cial for a widespread clinical deployment, but to our knowledge the use of PAP in clinical
practice has never been properly addressed for a large number of patients.

Therefore the aim of this study was to assess and quantify the performance of PAP in daily
clinical practice for a large group of prostate cancer patients. Performance was expressed
by the number of PAP plans that were detected as suboptimal by an independent tool for
treatment planning QA and that indeed could be improved with replanning.

5.2 Materials and methods

A previously developed independent plan QA tool, based upon overlap volume histograms
(OVH) [82], was used to detect PAP plans that were outliers in terms of achieved DVH
parameters. The outliers’ plans were then replanned to confirm that indeed the PAP
plans could have been improved. In order to make the results more generally applicable, we
performed the analysis independently at two different hospitals in the Netherlands (Nether-
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lands Cancer Institute, Amsterdam: NKI; Radboud University Medical Center, Nijmegen:
RUMC), using two different treatment protocols, with a total of 229 patients.

5.2.1 Patient data from NKI

The data for this study from the NKI consisted of 100 clinical PAP treatment plans from
patients treated consecutively in 2016–2017 for prostate cancer CTVs consisted of the entire
prostate (N = 29) or the prostate including the seminal vesicles (N = 71). CTVs were
delineated on the planning CT (3 mm slice thickness), matched to T2 weighted MRI. Dose
was prescribed using a simultaneous boost technique of 35 × 2.2 Gy to the CTV + 4 mm
and 35 × 2.0 Gy to the CTV + 7 mm. Organs at risk were the delineated rectum (from
anus to ascending colon), rectal wall (2 mm thickness), anal sphincter (the most caudal 3
cm of the rectum) and femoral heads. The bladder was, according to local protocol, not
taken into account as OAR.

5.2.2 PAP treatment planning at NKI

All plans were dual arc VMAT plans of a partial rotation over 280 degrees, excluding the
dorsal part of the arc, using 10MV photons. All treatment plans were created using the
same PAP protocol (Pinnacle version 9.10, Philips Health Care, Best, The Netherlands),
followed by an in-house Pinnacle script for final adjustments. This script adds several cost
functions to the final PAP and runs one more round of optimization. The aim of this
script is to ensure target coverage, improve conformity, remove hotspots near the rectum,
and meet the DVH constraint for the femoral heads. The specific details of this script are
provided in the Supplementary table.

All plans were manually checked by a dosimetrist and physician before clinical delivery and
if judged necessary, manual adjustments could have been made. In clinical practice this
happens in around 10% of cases, only to suppress hotspots in the PTV or to improve lateral
conformality.

A summary of the autoplanning technique is given in Table 5.1a. Plan evaluation param-
eters are summarized in Table 5.2a. For this study we examined the rectal wall V64Gy,
the mean dose on the anal sphincter and the ‘soft constraint’ on the mean dose on the
rectum. The rectal wall V75Gy was not taken into account, because its value is primarily
determined by the overlap between the rectum and the PTV and thus not prone to large
variations in treatment plan quality (this was verified explicitly; data not shown).
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5.2.3 Patient data from RUMC

The data for this study from RUMC consisted of 129 clinical PAP treatment plans from
2015 to 2017, treated according to local protocol which is based on national guidelines.
CTVs were delineated on the planning CT (3 mm slice thickness) and consisted of the en-
tire prostate (N = 15), prostate plus part of the seminal vesicles (N = 63) or prostate with
complete seminal vesicles (N = 51). CTV to PTV margin is 5 mm for dorsal direction and
7 mm for other directions. A dose of 28 × 2.5 Gy was prescribed to the PTV. All patients
were treated using an endorectal balloon (ERB), filled with 100 ml of air, in order to spare
the posterior rectal and anal wall and reduce toxicity for these organs [74]. Organs at risk
were the anal wall (Awall), rectal wall (Rwall) and the bladder.

5.2.4 PAP treatment planning RUMC

All plans were single arc VMAT plans using a partial rotation over 190 degrees, excluding
the dorsal part of the arc using 10 MV photons. All treatment plans were created using the
same PAP protocol (Pinnacle version 9.10, Philips Health Care, Best, The Netherlands).
All plans were manually checked by a dosimetrist and physician before clinical delivery but
not manually tweaked afterwards.

A summary of the autoplanning technique is given in Table 5.1b. Plan evaluation parame-
ters are summarized in Table 5.2b. For this study we examined the rectal wall V64Gy, the
mean dose on the rectal wall and the mean dose on the anal wall.

5.2.5 DVH prediction

Per institute, patients were randomly divided 50–50 in a training and validation group.
The training patients were used to train a recently published KB treatment planning QA
model [82]. The KB model uses the principal components of the Overlap Volume His-
togram (OVH), as the OAR’s geometrical features to predict the principal components of
the achievable DVH, using a support vector regression model. The KB model was used to
predict the achievable DVH metrics for the validation patients. Because of the differences
in the planning protocol and the use of an endorectal balloon in the RUMC, the model
was trained independently for both institutes. We focused on the DVH parameters of the
rectum (rectum, anal wall, anal sphincter and rectal wall), being the most critical structure
for plan evaluation. The bladder was not considered an OAR in clinical practise at NKI and
the femoral head constraints were always met. Therefore the bladder and femoral heads
were not added to the analysis. Plans were defined as outliers when the achieved dose was
more than 3 Gy (mean rectum and anus dose) or 3% (dose volume parameters) higher than
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Table 5.1: Pinnacle autoplanning technique

ROI Type Goal Priority

PTV Low dose - PTV high dose Target 7000 cGy NA
PTV high dose Target 7700 cGy NA
Rectal wall Mean dose 0 cGy High
PTVring Max Dose 6650 cGy High
Anal sphincter Mean dose 0 cGy High
Rectal wall Max DVH 7500 cGy; 7% High
Rectum – (PTV + 5 mm) Max Dose 0 cGy Medium

(a) Pinnacle autoplanning technique at the NKI.

ROI Type Goal Priority

PTV Target 7500 cGy NA
Rectal wall Max DVH 6000 cGy; 30% High
Rectal wall Max DVH 3000 cGy; 80% Low
Rectal wall Mean Dose 4500 cGy High
Bladder Max DVH 6000 cGy; 30% High
Anal wall Mean dose 3000 cGy; 7%. High
Rectal + Anal wall Max DVH 6000 cGy; 40% High
Rectal + Anal wall Max DVH 3000 cGy; 80% High
ex-ROI Max Dose 4500 cGy; 15% Low

(b) Pinnacle autoplanning technique at the RUMC.

the dose predicted by the KB QA model. The 3 Gy and 3% thresholds correspond roughly
to the accuracy of the KB model (2 SD) as determined previously [81].

Using the model, plans were identified that could potentially be improved. For these pa-
tients, the PAP technique would be manually adjusted by changing the OAR goals, to aim
for a plan that would fall within the expected predicted threshold.

5.3 Results

5.3.1 Results NKI

Figure 5.1 shows the results of the DVH prediction in the evaluation cohort for the dif-
ferent metrics. The average mismatch (predicted - achieved) ± standard deviation for the
evaluated parameters was rectum Dmean: -0.1 Gy ± 1.9 Gy; anal sphincter Dmean: +0.2
Gy ± 1.3 Gy and rectal wall V64Gy -0.7% ± 1.4%.

Of the 50 validation patients, plans of 5 patients (7 DVH metrics) exceeded the action level
of 3 Gy/3%. Of these 5 patients one had a double sided hip prosthesis and an alternative,
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Figure 5.1: Achieved versus predicted dose metrics for the NKI dataset. The red dashed line indicates the
3 Gy/3vol% threshold. The black dotted line indicates unity. Outliers are indicated in red.

65

5

65

KB Plan QA for Pinnacle Autoplanning



KB Plan QA for Pinnacle Autoplanning

Figure 5.2: Achieved versus predicted dose metrics for the RUMC dataset. The red dashed line indicates
the 3 Gy/3vol% threshold. The black dotted line indicates unity. Outliers are indicated in red.
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Table 5.2: Plan evaluation criteria

ROI Metric Criterion

PTVs V95% >99%
V107% <99%

Rectal wall V75Gy <10%
V64Gy <35%

Anal sphincter Dmean <45 Gy
Femur Head Dmax <50 Gy

Soft constraints

Rectum Dmean ‘ALARA’
External conformality 90% isodose ‘Conformal’

(a) Plan evaluation criteria at the NKI.

ROI Metric Criterion

PTVs V95% >99%
V105% <99%

Rectal wall V75Gy <10%
V64Gy <35%

Anal sphincter Dmean <45 Gy
Femur Head Dmax <50 Gy

Soft constraints

Rectum Dmean ‘ALARA’
External conformality 90% isodose ‘Conformal’

(b) Plan evaluation criteria at the RUMC.

non-AP, planning strategy was used clinically. No other such cases were present in the
dataset and this case was excluded from further analyses. The metrics exceeded were the
rectum Dmean (3x) and rectal wall V64Gy (1x), with deviations up to 6.7 Gy (mean dose
rectum) and 3.1% (rectal wall V64Gy) (Table 5.3a).

The remaining 4 cases (8%) could be improved such that all dose metrics became within
the 3 Gy/3% interval, without compromising the other metrics such that they would have
exceeded the threshold (see Table 3a). The dose distributions of an example case are shown
in Figure 5.3.

5.3.2 Results RUMC

Figure 5.2 shows the results of the DVH prediction in the evaluation cohort for the dif-
ferent metrics. The average mismatch (predicted - achieved) ± standard deviation for the
evaluated parameters was rectal wall Dmean: -0.1 Gy ± 2 Gy; anal wall Dmean: -0.5 Gy
± 2.1 Gy; and rectal wall V64Gy -1.2% ± 1.6%.
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Table 5.3: Outliers. All dose metrics that were detected as outliers are presented.

Pat Metric Pred. Achieved
Clinically

Achieved
replan

Pred.-
clinical

Pred.-
replan

1 Rectal wall V64Gy [%] 16.3 19.3 18.1 -3 -1.8
2 Rectum Dmean [Gy] 22.5 29.2 21.8 -6.7 0.7
3 Rectum Dmean [Gy] 22.8 27.8 24.4 -5 -1.6
4 Rectum Dmean [Gy] 18.8 22.5 20.5 -3.7 -1.7

(a) Outliers NKI. All dose metrics that were detected as outliers are presented.

Pat Metric Pred. Achieved
Clinically

Achieved
replan

Pred.-
clinical

Pred.-
replan

1 Rectal wall Dmean [Gy] 30.8 34.9 27.8 -4.1 3
1 Rectal wall V64Gy [%] 19.8 25 22.4 -5.2 -2.6
2 Rectal wall Dmean [Gy] 28.3 31.5 27.5 -3.2 0.8
2 Rectal wall V64Gy [%] 16.7 19.1 17.2 -2.4 -0.5
3 Rectal wall Dmean [Gy] 24.4 27 25.4 -2.6 -1
3 Rectal wall V64Gy [%] 14.6 17.8 17.2 -3.2 -2.6
4 Rectal wall Dmean [Gy] 34.1 36.9 31 -2.8 3.1
4 Rectal wall V64Gy [%] 22.8 25.2 22.8 -2.4 0
5 Anal wall Dmean [Gy] 14.7 20.6 15.9 -5.9 -1.2
6 Anal wall Dmean [Gy] 22.9 25.6 22.5 -2.7 0.4
7 Anal wall Dmean [Gy] 21.1 24.4 20.7 -3.3 0.4
8 Anal wall Dmean [Gy] 20 24.9 22.8 -4.9 -2.8
9 Anal wall Dmean [Gy] 24.1 27.1 23.2 -3 0.9
10 Anal wall Dmean [Gy] 20.9 25.4 21.5 -4.5 -0.6
11 Anal wall Dmean [Gy] 21.5 25.3 21.9 -3.8 -0.4
12 Anal wall Dmean [Gy] 18.2 24.3 21.1 -6.1 -2.9
13 Rectal wall V64Gy [%] 19.1 21.7 21 -2.6 -1.9
14 Rectal wall V64Gy [%] 12.4 14.6 14.2 -2.2 -1.8
15 Rectal wall V64Gy [%] 13.5 15.9 14.2 -2.4 -0.7
16 Rectal wall V64Gy [%] 14.1 17.2 16.4 -3.1 -2.3

(b) Outliers RUMC. All dose metrics that were detected as outliers are presented.

Of the 65 validation patients, plans of 16 (25%) patients (20 DVH metrics) exceeded the
action level of 3 Gy/3%. The metrics exceeded were the rectum Dmean (4x), rectal wall
V64Gy (8x) and anal wall Dmean (8x), with deviations up to 6.3 Gy (mean dose anal wall)
and 6.0% (rectal wall V64Gy). All cases could be improved such that all dose metrics
became within the 3 Gy/3% interval, without compromising the other metrics such that
they would have exceeded the threshold (see Table 5.3b).
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Figure 5.3: Clinical plan (left) versus replan after the plan was flagged by the QA tool (right), for one of
the NKI patients. The plan was flagged based on the mean rectum dose (clinical: 27.8 Gy; prediction 22.8
Gy; after replan: 24.4 Gy). The high dose PTV is shown in purple, low dose PTV in pink, and rectum in
brown.

5.4 Discussion

In this study we assessed and quantified the performance of PAP using an independent
KB treatment planning QA model. In total 229 (split equally in training and evaluation
sets) clinical prostate treatment plans generated with PAP at two different institutes were
analysed. We found that, depending on the institute, 8% to 25% of PAP plans were iden-
tified by the planning QA model as suboptimal an all these plans could indeed be approved.

Plan quality of plans generated using PAP has been assessed in the literature. For example
Hansen et al [32] found for 29 out of 30 head and neck patients that PAP, with a ‘mi-
nor manual fine-tuning’ after autoplanning, resulted in superior plans compared to manual
planning, expressed by a more homogeneous target dose and a decrease in OAR doses of
up to 6.5 Gy. Similar results have been obtained for oesophageal cancer [33]. Using PAP
for Prostate cancer was studied in [60], where it was found for 23 patients that PAP was
equivalent or better compared to manual planning. Moreover it was shown explicitly that
PAP reduces inter-observer dependency. However for a safe, large scale, clinical deploy-
ment of PAP, the stability of the algorithm also needs to be assessed over a large range
of patients from daily clinical practice. The need for such a stability analysis arises from
the observation that PAP (like other autoplanning solutions) basically is a black box that
produces a plan, without any explicit quality metrics. Of course a dosimetrist or physician
can then check whether the plan is clinically acceptable (e.g. whether all constraints are
met), but checking if this is indeed the best plan for this patient turns out to be very hard
[7]. In practice one way to assess whether or not a plan can be further improved is by
manual trial and error, however this was precisely the time-consuming and user dependent
process autoplanning tried to avoid.

Knowledge based planning [67, 4, 91, 17, 58] has been suggested as a tool both for treatment
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plan quality QA and as input for autoplanning (commercialized by Varian as Rapidplan
[25]). These approaches all work on the same premise: based on geometric characteristics
of the patient the dose distribution of a new patient can be predicted, by comparing the
geometry with a database of previously treated patients. Using a previously developed
prediction model based on overlap volume histograms [82], we found an average deviation
between the prediction and the clinically achieved value of the PAP plans of <0.5 Gy (mean
dose parameters) and <1.2% (volume parameters). The standard deviation of the difference
between the predictions was, averaged over the mean dose parameters, 1.6 Gy (NKI)/2.1
Gy (RUMC) and, averaged over the volume parameters, 1.4% (NKI)/1.6% (RUMC). We
can compare this with the equivalent numbers from [81] (1.3 Gy and 1.4% respectively),
where the same KB model was used on a set of uniformly generated, Pareto optimal plans.
These results can therefore be interpreted as the upper bound of the predictive power of
the model. Since we found that the results of the PAP are in a similar range, we conclude
that PAP produces very stable results.

There are several key differences between the NKI and RUMC PAP. First of all, as can be
seen in Table 5.1a, Table 5.1b, the input for PAP differs between the institutions. The NKI
approach here is to ask for as little dose as possible in the OAR (e.g. rectum Dmean: 0
cGy), where RUMC uses more realistic criteria (e.g. rectum Dmean: 4500 cGy). Asking
for an (unrealistic) 0 cGy in the OAR might force PAP to always push similar on the OAR,
where if an explicit target goal of 4500 cGy is asked, PAP won’t push as hard as soon as
this dose level is reached, leading to a different trade-off.

Another difference in the PAP technique is the number of auto-planning goals. Apart from
the targets, NKI uses 5 where RUMC uses 8. This is however in accordance with the some-
what longer list of explicit evaluation criteria. It is not unreasonable to argue that these
differences could lead to a more stable solution in the NKI approach: less objectives make
a simpler and more robust optimization problem. How this works out for PAP, where over
six iterations multiple optimization objectives were added for each auto-planning goal is
at the moment not clear. A second key difference is that RUMC uses just PAP, with no
adjustments after the plan is ready, where NKI first employs a Pinnacle script to fine-tune
the plan and then allows for a manual adjustment by the dosimetrist. One could argue
that either this script, or some manual fine-tuning could remove some of the outliers and
make the plans more homogeneous, though this is probably not the case for the manual
fine tuning. First of all, inter-dosimetrist variation is known to occur and in fact is often
hauled as one of the arguments for autoplanning and second of all, one of the outliers found
in the NKI dataset was actually a manually tweaked plan. It should also be noted that
manually tweaking only occurred in about 10% of cases and focusses mostly on fine tuning
target homogeneity. We do not expect this to have a large influence on our conclusions.
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The script to fine-tune the plan however could very well be a cause of a more homogeneous,
predictable dataset. It is worth mentioning that [32] also required some fine-tuning after
PAP to obtain the best results in head and neck cancer patients.

From the results and Figure 5.1, Figure 5.2 it is clear that there are more outlier plans in
the RUMC set compared to the NKI set. Moreover we see that most of the outliers in the
RUMC set are in the higher dose region. Potentially these outliers could have been avoided
by reoptimzing the PAP protocol (i.e. for all patients). Indeed based on these findings
the clinical RUMC PAP model has been updated since. This finding demonstrates that
(i) finding the best PAP protocol is not straightforward and (ii) that plan QA is not only
useful for PAP on an individual patient basis, but could also provide valuable insight for
evaluating/reoptimizing PAP protocols.

In all cases, the autoplanning technique could be adjusted such that plans did meet the
expected values, without compromising the other metrics. Of course, as in all treatment
planning studies, everything comes at a price, so some changes in the other evaluation pa-
rameters was seen, but these changes were such that the metrics would still be within the
predicted thresholds. Nonetheless it is important to realize that outliers found using this
method (that predicts all DVHs independently), does not necessarily mean that the plan
was necessarily ‘bad’, but it does imply that a trade-off between objectives was made that
was different from what was expected on the training data.

The fact that all plans that were outside of the pre-set action level could be improved to
meet the expected values, implies that in these cases, the single PAP technique used in
clinical practice did not reach the expected trade-off, compared to what you would expect
based on similar patients. An outlier plan is however not by definition a poor plan: the
differences found might not always be clinically relevant and a different trade-off might not
be a worse trade-off. However, compared to clinical practice these plans are outliers, and
based on the premise that the typical trade-off is expected to be the optimal trade-off, the
outliers are sub-optimal. Moreover, since these plans were all checked manually in clinical
practice, this shows that this sub-optimality was not detected by the dosimetrist or physi-
cian. Therefore, the need for an independent QA tool in clinical practice is evident in order
to ensure that the best possible plan is generated for each patient. While this work focusses
on prostate planning, it should be noted that both the PAP technique, as the treatment
protocol (with or without endorectal balloon, one or two dose levels, one or two VMAT
arcs, ...) is considerably different between the two institutions and therefore we expect the
results in this paper to be representative for PAP in general. Also, since the literature on
PAP is quite consistent over different treatment sites [32, 33, 60], we do not see any reason
why PAP for more complex treatment sites would result in a more stable solution. As a
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matter of fact, due to a larger anatomical variation in tumour location in sites like lung
and head and neck, the opposite might be more likely.

In clinical practice protocols and techniques might change over time. In theory the QA
model as we described should then be adjusted accordingly, to deal with different trade-offs
or dose gradients. To ensure the independence of the QA model however a continuously
adapting model is not recommended. The reason being that potentially induced errors due
to a new protocol will not be found if the same errors are present in the model.

Since we showed that by adjusting the planning protocol, the predicted values could be met,
it is tempting to think that the predicted dose metrics could be directly used to seed the
Pinnacle autoplanning technique. In this way one could expect that a possible improvement
of all plans is possible, including the non-outlier plans. The current work cannot be used
to fully answer that question, since we only replanned plans that were detected as outliers
and not non-outlier plans. In this way we did study the specificity of the QA tool, but
not the sensitivity. This approach, of seeding PAP with KB predictions, is currently under
further investigation.

In this work we showed that planning QA can be used to detect flaws in the automated
treatment planning process. Since automation may reduce user awareness which may in-
crease the likelihood of human mistakes, we believe that independent treatment planning
QA can be useful for any other autoplanning solution, including Rapidplan that uses a
KPB based approach to set its initial objectives [25, 24, 77] or Erasmus-iCycle [79, 74] that
produces mathematically Pareto optimal fluence plans as automated input for Monaco.

Finally, in the larger context of workflow and treatment planning automation, one can
envision a workflow where treatment planning is performed automatically, but also the in-
dependent QA on the plan is performed automatically and a human, manual check is only
required for outlier cases. This could increase throughput, and reduce workload on the
planning department. Again this highlights the need for an independent QA of autoplan-
ning. This work is a first step in that direction.
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Prospective Validation for Plan QA Model

Abstract

Background and purpose
To prospectively investigate the use of an independent DVH prediction tool to detect out-
liers in the quality of fully automatically generated treatment plans for prostate cancer
patients.

Materials and methods
A plan QA tool was developed to predict rectum, anus and bladder DVHs, based on overlap
volume histograms and principal component analysis (PCA). The tool was trained with 22
automatically generated, clinical plans, and independently validated with 21 plans. Its use
was prospectively investigated for 50 new plans by replanning in case of detected outliers.

Results
For rectum Dmean, V65Gy, V75Gy, anus Dmean, and bladder Dmean, the difference be-
tween predicted and achieved was within 0.4 Gy or 0.3% (SD within 1.8 Gy or 1.3%).
Thirteen detected outliers were re-planned, leading to moderate but statistically significant
improvements (mean, max): rectum Dmean (1.3 Gy, 3.4 Gy), V65Gy (2.7%, 4.2%), anus
Dmean (1.6 Gy, 6.9 Gy), and bladder Dmean (1.5 Gy, 5.1 Gy). The rectum V75Gy of the
new plans slightly increased (0.2%, p = 0.087).

Conclusions
A high accuracy DVH prediction tool was developed and used for independent QA of auto-
matically generated plans. In 28% of plans, minor dosimetric deviations were observed that
could be improved by plan adjustments. Larger gains are expected for manually generated
plans.
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6.1 Introduction

Conventional treatment planning is a trial-and-error process that can lead to subopti-
mal treatment plans [61]. One of the solutions is to apply treatment planning quality
assurance (QA) models to detect suboptimal plans. Different treatment plan QA meth-
ods have been proposed that can predict the lowest achievable doses for each organ at
risk (OAR) on an individual patient basis, using geometric information of the OARs
and planning target volumes (PTVs) [67, 91, 90, 89, 92, 94, 96, 83, 81]. By compar-
ing the achieved doses with the dose-volume histograms (DVHs) predicted by the QA
model, suboptimal treatment plans can be detected. All proposed treatment plan QA
models have been validated either retrospectively or with non-clinical treatment plans
[67, 91, 90, 89, 92, 94, 96, 83, 81, 66, 4, 73, 63, 31, 77, 76]. To the best of our knowl-
edge, no prospective study has been performed yet, and therefore it is still unclear how
much the actual clinical benefit of the treatment plan QA model is in clinical practice.

Fully automated treatment planning, i.e. free from human interaction, is a strategy to in-
crease treatment plan quality and consistency compared to trial-and-error planning [77, 13,
14, 44, 54, 53, 34, 15]. In our institute, Erasmus-iCycle is used for automated, multi-criteria
plan generation [13, 14]. For the vast majority of cases, the fully automatic approach results
in equal or better plan quality than expert manual planning in absence of time pressure
[80, 79, 70]. However, for technical reasons, also with automated planning, sub-optimal
plans may occasionally occur, and it may not always be feasible to detect these cases by
only a plan review by a physicist or radiation oncologist. Therefore, also automated plan-
ning could then benefit from the use of an independent plan QA tool.

The purpose of this study was to prospectively evaluate the use of an in-house developed,
independent plan QA tool to predict achievable DVHs for VMAT or IMRT plans that were
fully automatically generated in our institute. To this end, the DVH prediction tool was
first trained and independently validated using clinical, automatically generated treatment
plans of patients treated in 2015. Next, the tool was applied prospectively for plan QA for
50 prostate cancer patients, consecutively treated in 2016.

6.2 Materials and methods

6.2.1 Patient data and treatment planning

All prostate cancer patients treated in our institute from January 2015 to half September
2016 with the prescribed dose delivered to the prostate or to the prostate + seminal vesicles
(N = 93) were included in the study. The prescribed dose was 39 × 2 Gy for the majority
of patients (N = 82), or 36 × 2 Gy (N = 11) for low-risk patients (stage T1b-T2a, Gleason
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score ≤ 6 and prostate-specific-antigen (PSA) concentration ≤ 10 ng/mL) [65]. All patients
were treated with either VMAT or 7-beam dMLC (IMRT). The planning objectives were
as follows: PTV coverage higher than 99% for 95% of the prescribed dose; rectum V65Gy
and V75Gy lower than 30% and 10%, respectively; anus Dmean lower than 46 Gy; femoral
head Dmax lower than 55 Gy. All plans were generated with automated, multi-criterial op-
timization using Erasmus-iCycle. For legal reasons, Erasmus-iCycle plans were not directly
used in clinical treatment. Instead, Erasmus-iCycle was used as a pre-optimizer for our
commercial TPS (Monaco, version 5.0, Elekta AB, Sweden), that automatically generated
final clinical plans based on Erasmus-iCycle input, mimicking the initial Erasmus-iCycle
plan as closely as possible [80, 79, 70].

6.2.2 Applied DVH prediction tool

The DVH prediction tool is based on overlap volume histograms (OVH) [42], (or equiva-
lently distance-target histogram (DTH) in [96]) and principal component analysis (PCA),
which was first proposed in [96]. The OVH describes the fractional volume of the OAR
that is within a certain distance to the surface of the PTV [42].

First, both OVH and DVH are sampled with 200 equally spaced points, resulting in 200-
dimensional feature vectors. Next the first 2 principal components (PCs) of both OVH and
DVH are obtained and support vector regression was used to find the relation between the
PCs of the DVHs and the PCs of the OVHs. With this correlation, the PCs of the DVH
of a new patient can be predicted with the PCs of the corresponding OVH, that depends
only on patient anatomy. In the final step, the predicted PCs of the DVH are inversely
transformed to a complete DVH curve.

6.2.3 Use of OAR sub-volumes for DVH prediction

The lowest achievable dose in an OAR is highly dependent on its orientation and distance
to the PTV, as well as on the local dose gradients. In other words, for constant dose gradi-
ents, the OAR doses can be predicted by the OAR-PTV distances. However, for prostate
cancer patients the dose gradient in the OARs changes with the orientation relative to the
PTV. As is shown in Figure 6.1, inside the PTV, the dose gradient is almost flat because
of the high homogeneity, and outside the PTV, the dose gradient is steeper to the cranial
or caudal side of the PTV compared to the other directions. Therefore, for accurate dose
prediction, OARs were divided into 4 sub-volumes (Figure 6.1):
Sub-volume 1: The volume of the OAR within a bounding box encompassing the PTV;
Sub-volume 2: The volume of the OAR outside the PTV bounding box but within the
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Figure 6.1: The sagittal (left) and coronal (right) views of the dose distribution for two example patients,
one with PTV and bladder contours, the other with PTV and rectum contours. Note that dose gradients
are steeper for cranial and caudal regions to the PTV, and shallower for the anterior, posterior, left and
right regions to the PTV. Therefore, four different areas were defined according to their positions to the
bounding box of the PTV, and the sub-volumes of the OARs were defined depending on their relative
positions to the PTV.

same axial planes; Sub-volume 3: The volume of the OAR located cranial to the PTV
bounding box; Sub-volume 4: The volume of the OAR located caudal to the PTV bound-
ing box

The sub-volumes were created using in house developed DICOM tools, but could also have
been generated using binary operations with rectangular structures, available in most TPSs.
For some TPSs or delineation packages these operations could be performed automatically
using workflows.

For each sub-volume, a PCA and OVH based dose prediction model was built to predict
the achievable DVHs. Next the DVH of the entire OAR was derived by combining the
predicted DVHs of the sub-volumes.
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6.2.4 Training and validation of the DVH prediction tool

The DVH prediction tool was trained and validated retrospectively with patients treated
in 2015 (N = 43). These patients were randomly assigned to a training cohort (N = 22)
and validation cohort (N = 21). Before training and validation, all treatment plans were
normalized such that 99% of the PTV received 95% of the prescribed dose to exclude the
influence of PTV coverage variations on OAR doses. The 99% PTV coverage at 95% of
prescribed dose was desired in clinical protocol.

For each OAR of interest in the validation cohort, an achievable DVH was predicted for
the patient-specific anatomy. The accuracy of the model was then evaluated by compar-
ing predicted DVH parameters with the achieved DVH parameters in the automated plan
generation. In this study, we focused on rectum Dmean, V65Gy and V75Gy, anus Dmean
and bladder Dmean, which are the most important parameters in plan evaluation in our
clinical practice. In the Supplementary Materials, we show the example of a patient with
the predicted and the achieved DVH for all the three OARs.

6.2.5 Action levels for plan QA

To use the plan QA tool in clinical practice, action levels were defined to classify plans as
outliers or not. For each dose metric the upper bound of the 90% confidence interval (CI)
of the prediction was used as action level. The CI was determined using linear regression
between the achieved vs. predicted dose metrics of the patients used for validation. With
a 90% CI, there is a 5% chance that the achieved dose is higher than the upper bound of
the CI. Given the 5 dose metrics of interests, and assuming independence, per patient there
is a 22.6% chance (1-0.955) that any of the dose metrics is classified as outlier. We chose
this large fraction of patients as outliers to ensure enough samples for statistical analysis.
In addition, the number of outliers was also evaluated for 95% and 99% CIs.

6.2.6 Prospective evaluation of the DVH prediction tool for plan QA

The clinical usefulness of the DVH prediction tool for plan QA was prospectively inves-
tigated with the first 50 consecutively treated patients in 2016. After a treatment plan
was generated, the DVH prediction tool was used to assess whether the dose metrics fell
within the 90% CI. If at least one of the achieved dose metrics was higher than the upper
bound of the CI, the plan was defined as an outlier, and a new plan was made (‘replan-
ning’), trying to achieve lower doses. The outlier patients were manually replanned with
our clinical TPS Monaco, using the clinical Monaco plan (automatically generated with
Erasmus-iCycle input, see above) as a starting point. For replanning, the original treat-
ment modality and beam configuration were kept fixed. Only the cost functions in Monaco

80

80

CHAPTER 6



6.3. RESULTS

and the planning mode (Pareto mode/Constraint mode) were possibly adapted. Replan-
ning aimed to get all dose metrics below the upper bounds of the CIs, while sticking to the
following requirements:

1. All clinical constraints should be met.

2. None of the dose metrics of interest should be deteriorated by more than 1 Gy or 1%
compared to the clinical plans.

In the end, the 5 dose metrics of interest, as well as the conformity index and the Dmax to
the femoral heads of the new plans were compared with the original plans. Wilcoxon’s signed
rank tests were applied to test for statistically significant differences between the original
plans and the new plans. A p− value < 0.05 was considered statistically significant.

6.3 Results

6.3.1 Training and validation of the DVH prediction tool

The range of the rectum, anus and bladder volumes of the patients in the training cohort
were 53.6 cc - 110.4 cc (rectum), 4.2 cc - 22.3 cc (anus) and 80.1 cc - 414.9 cc (bladder)
and in the validation cohort 51.6 cc - 152.5 cc (rectum), 6.8 cc - 20.7 cc (anus) and 56.3 cc
- 312.0 cc (bladder).

Figure 6.2 shows the accuracy of the DVH prediction model. The prediction accuracy in
the validation group (predicted - achieved) was 0.4 ± 1.8 Gy for rectum Dmean, -0.2 ±
1.3% for rectum V65Gy, and 0.3 ± 1.2% for the rectum V75Gy. For anus and bladder
Dmean, prediction accuracies were 0.0 ± 1.3 Gy and -0.2 ± 1.7 Gy, respectively. Based on
the results of the prediction accuracy, a 90% CI was drawn for each of the dose metrics.
On average, the half widths (distances from the mean) of the CIs, i.e. the action levels
of the dose metrics were 3.2 Gy, 2.4% and 2.6% for rectum Dmean, V65Gy and V75Gy
respectively, 3.8 Gy for anus Dmean, and 3.7 Gy for bladder Dmean.

6.3.2 Prospective evaluation of the DVH prediction tool for plan QA

Of the prospective cohort, in total 17 patients (out of 50) were outliers, i.e., for each of the
17 patients at least one clinical dose metric of interest was above the upper bound of the
90% CI. The 17 outliers included 4 patients with a metal hip prosthesis. It turned out that
they were planned manually, instead of automatically, with different planning strategies to
avoid high dose in the metal hips. Therefore, in the remainder of the analyses, these pa-
tients were excluded. Table 6.1 shows for each of the 13 outlier patients which dose metrics
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Figure 6.2: Comparisons of predicted and achieved rectum Dmean, V65Gy, V75Gy, anus Dmean and
bladder Dmean (markers) with 90% confidence intervals (dashed lines), for the 21 patients that were used
to validate the DVH prediction tool.

were above the upper bound of the 90% CI. On average, the outlier dose metrics exceeded
this upper bound by 0.62 Gy (range: 0.04-1.25 Gy) for rectum Dmean; 0.5% (0.3-0.7%)
for rectum V65Gy; 1.3% for rectum V75Gy (one case); 1.59 Gy (0.72-2.87 Gy) for anus
Dmean; and 0.7 Gy (0.09-1.79 Gy) for bladder Dmean.

Table 6.1: Patients with at least one clinical dose metric exceeding the 90% prediction CI. Crosses indicate
the outlier dose metrics.

Dosimetric outlier patient number

1 2 3 4 5 6 7 8 9 10 11 12 13 Total

Rectum Dmean x x x x x x 6/46 (13%)
Rectum V65Gy x x x 3/46 (6.5%)
Rectum V75Gy x 1/46 (2%)
Anus Dmean Dmean x x x x x 5/46 (10.8%)
Bladder Dmean Dmean x x x 3/46 (6.5%)
Total 18/230 (7.8%)

A new plan was made for each of the 13 detected outlier patients, including 5 dMLC plans
and 8 VMAT plans. After replanning, the predefined replanning requirements were met
for all 13 patients, i.e. all dose metrics in the new plans were lower than the upper bound
of the 90% CIs. Also, all clinical constraints were met and none of the dose metrics was
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Figure 6.3: Comparisons of predicted and achieved rectum Dmean, V65Gy, V75Gy, anus Dmean and bladder
Dmean (markers) with 90% confidence intervals (dashed lines), for the 46 patients in the prospective cohort
without metal hip prostheses. The dosimetric outliers (above 90% CI for any of the 5 dose metrics) are
highlighted. Also, their doses after replanning are shown. “Non-outliers-clinical” means the clinical plans
that were not outliers; “outliers-clinical” means the clinical plans that were detected as outliers; “outliers-
replanned” were the plans after replanning.

deteriorated by more than 1 Gy or 1% compared to the original plans. Figure 6.3 shows the
predicted and achieved plan parameters for the prospective cohort, as well as the parame-
ters after replanning for the outliers. Note that the plans that were below the lower bound
of the CI were not considered as an outlier. As is shown in Figure 6.4, the new plans were
moderately, yet statistically significantly superior to the original plans for rectum Dmean
(average improvement 1.3 Gy, max. improvement 3.4 Gy, p = 0.028), V65Gy (2.7%, max
4.2%, p = 0.002), anus Dmean (1.6 Gy, max 6.9 Gy, p = 0.007), and bladder Dmean (1.5
Gy, max 5.1 Gy, p = 0.001). Rectum V75Gy of the new plans was slightly, but not sta-
tistically significantly higher than for the original plans (average deterioration: 0.2%; max
deterioration: 1.0%; max improvement: 1.7%, p = 0.087). No significant differences were
found in PTV conformity (p = 0.173), the Dmax to the left femoral head (p = 0.087) and
the right femoral head (p = 0.463).

If a 95% (instead of a 90%) CI was used as action level to define the dosimetric outliers,
the number of detected outliers was reduced from 13 to 8. If a 99% CI was used, only one
outlier was detected. Table 6.2 shows the average improvements for the outliers, for the
different action levels. For 4 of the 5 dose metrics, the average improvement was larger if a
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Figure 6.4: Comparison of the original and replanned plans for the 13 patients with one or more dosimetric
parameters outside the 90% confidence interval. The y-axes represent differences in the dose metrics. If the
difference is positive (above the solid line), the replanned plan is better than the original plan. Replanning
should not deteriorate other dose metrics by more than 1 Gy or 1%, indicated by the dashed line.
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95% CI was used compared to the 90% CI.

Table 6.2: Patients with at least one clinical dose metric exceeding the 90% prediction CI. Crosses indicate
the outlier dose metrics.

Dosimetric improvements

90% CI 95% CI 99% CI

Rectum Dmean [Gy] 1.3 1.0 -
Rectum V65Gy [%] 2.7 3.1 -
Rectum V75Gy [%] -0.3 -0.2 1.7
Anus Dmean [Gy] 1.6 1.8 -
Bladder Dmean [Gy] 1.5 1.7 -
Number of outlier plans 13 8 1
Nr. of outlier dose metrics 18 11 1

6.4 Discussion

In this study, an independent DVH prediction tool for treatment plan QA was developed,
trained and independently validated. In addition, in a prospective setting the clinical use-
fulness of the tool was evaluated for 50 patients with automatically generated treatment
plans. Results show that the QA tool was able to predict achievable dose parameters with
high accuracy and can detect outliers in plan quality. The average prediction accuracy
of the tool was within 0.4 Gy or 0.3% for the dose metrics of interest, with a standard
deviation below 1.8 Gy or 1.3%.

For thirteen patients that were detected as outliers in our prospective study, replanning led
indeed to improvements in plan quality: after replanning all dose metrics were below the
action levels. Though compared to the original plans the improvement was moderate (1.3
Gy, 1.6 Gy and 1.5 Gy for Dmean of rectum, anus and bladder respectively; 2.7% and -0.2%
for rectum V65Gy and V75Gy, respectively). This suggests that the plan QA tool was able
to provide realistic dose predictions. Larger improvements were not expected because the
Pareto-optimal Erasmus-iCycle plans are in general well mimicked by the corresponding
clinical Monaco plans. With manual treatment planning, plan quality in general is less
consistent between planners and institutes and often plans are not Pareto optimal. There-
fore gains of a plan QA tool in terms of dosimetric improvement are expected to be larger
for manual planning than for automated treatment planning with Erasmus-iCycle. Note
that with the 90% CI, the action levels were around 3–4 Gy for the dose and 2–3% for the
volume metrics. Therefore, also larger, clinically relevant errors, though not observed here,
would have been detected.
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The clinical plans were fully automatically generated with high consistency and quality.
However, the QA tool detected some outliers for which plan quality could be (slightly) im-
proved. This is probably related to the applied 2-step strategy in automated plan generation
(Materials and methods section). Due to difference between Erasmus-iCycle and Monaco
(e.g. score functions are partially different), an almost perfect reproduction of the Erasmus-
iCycle plan by the commercial TPS may not always be possible. On the other hand, we
also found that there were 14/50 clinical plans that were (slightly) manually adapted after
the automation process. This was probably because according the planners’ judgements the
plan quality could have been further improved. However, despite or because of the manual
adjustments, 5 of these plans ended up as outliers. By applying quantitative treatment
plan QA tools as proposed in this study, manual adjustment of plans can be more efficient
and effective, by selection of plans that have potential for improvement. Currently, in a
collaboration with Elekta AB, Erasmus-iCycle is being fully integrated in the commercial
Monaco TPS, reducing the negative impact of the 2-step approach.

By specifying action levels based on the confidence intervals of the predictions, the actual
workload of replanning is predictable. This is confirmed by the number of detected outlier
patients of 13/46 (28%) and dose metrics 18/230 (8%) compared to the expected 23% and
5%, respectively. As expected, defining action levels based on larger CIs (95% or 99%) led
to less detected outliers but on average larger improvements in plan quality. In practice, it
is also possible to use other definitions of action level for plan QA, e.g., a fixed dose value,
or a value that is derived from NTCP models. If the thresholds of 2, 3, 4, or 5 Gy/% were
chosen as the action levels, there would be 21, 13, 8 and 3 detected outliers, respectively.
Therefore, for the current model choosing a threshold of 3 Gy would yield similar outlier
detection results as choosing the 90% CI.

In this study, we used a dataset of only 22 patients to train the model, which turned out to
be sufficient to achieve the high prediction accuracy as observed in our validation set (SD
< 2 Gy for the mean OAR doses). The performance of a treatment planning QA model
does not only depend on the size of the training dataset, but also on whether the variation
in patient anatomy and in the quality and prioritization of the plans are representative for
the patients treated in daily practice. More consistent plan quality and prioritization leads
to higher prediction accuracy. Note that in the current study the plan quality and prioriti-
zation were high for all patients due to our automated treatment planning implementation.
With less consistent, or less representative data likely a larger number of patients would
have been required so achieve the same level of accuracy as observed here.

A limitation of the current work is that only outlier plans were replanned, while possibly
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also plans that were not classified as outliers could have been improved. However, based on
the observation that higher action levels lead to higher average gains, it is expected that for
the non-outliers, the dosimetric gain would have been less than for the patients that were
detected as outliers. The method was developed for prostate cancer patients, but could be
used also for other treatment sites. However, for treatment sites with multiple OARs that
compete in terms of sparing, the prediction accuracy might be reduced, because the model
predicts the dose levels for each OAR individually without considering the dose to other
OARs. The impact of this inter-organ dependency on the performance of the model is the
subject of further research.

6.5 Conclusion

A high accuracy DVH prediction tool was developed and prospectively validated for inde-
pendent QA of automatically generated plans. 13 of 46 plans were classified as sub-optimal,
all with minor differences between predicted and achieved dosimetric parameters. However,
re-planning for these patients did result in plan improvements. For manual treatment plan-
ning, when larger variation in plan quality among patients and planners may occur, larger
gains of independent plan QA are expected.
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Evaluating RapidPlan Using Pareto-optimal Plans

Abstract

Purpose Treatment plans manually generated in clinical routine may suffer from variations
and inconsistencies in quality. Using such plans for validating a DVH prediction algorithm
might obscure its intrinsic prediction accuracy. In this study we used a recently published
large database of Pareto-optimal prostate cancer plans to assess the prediction accuracy of
a commercial knowledge-based DVH prediction algorithm, RapidPlan. The database plans
were consistently generated with automated planning using an independent optimizer, and
can be considered as aground truth of plan quality.

Methods Prediction models were generated using training sets with 20, 30, 45, 55 and
114 Pareto-optimal plans. Model-20 and Model-30 were built using 5 groups of randomly
selected training patients. For 60 independent Pareto-optimal validation plans, predicted
and database DVHs were compared.

Results For model-114, differences between predicted and database mean doses of more
than ± 10% in rectum, anus and bladder, occurred for 23.3%, 55.0%, and 6.7% of the val-
idation plans, respectively. For rectum V65Gy and V75Gy, differences outside the ±10%
range were observed in 21.7% and 70.0% of validation plans, respectively. For 61.7% of val-
idation plans, inaccuracies in predicted rectum DVHs resulted in a deviation in predicted
NTCP for rectal bleeding outside ±10%. With smaller training sets the DVH prediction
performance deteriorated, showing dependence on the selected training patients.

Conclusion Even when analysed with Pareto-optimal plans with highly consistent quality,
clinically relevant deviations in DVH predictions were observed. Such deviations could po-
tentially result in suboptimal plans for new patients. Further research on DVH prediction
models is warranted.
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7.1 Introduction

Treatment plans are generally generated by planners in a trial-and-error process. Plan
quality may then depend on the planner’s skills and experience, and on the available plan-
ning time. Recently, several systems have been proposed for automated tasks [71], such as
auto-segmentation [55, 40] and treatment planning [25, 39, 16, 77, 76, 8, 26, 32, 34, 44, 14,
70, 28, 79, 29], the latter aiming at a consistent high plan quality. One of the commercial
systems is RapidPlan (Varian Medical Systems, Palo Alto, USA) which is integrated in the
Eclipse treatment planning system (TPS). For each new patient, RapidPlan predicts likely
dose-volume histograms (DVH) based on the patient’s anatomy in term of structure set
geometries. These predicted DVHs are then used to establish dose-volume objectives and
weights for automated plan optimization in Eclipse. DVH prediction in RapidPlan is based
on a statistical model that is generated from treatment plans of previously treated patients,
using principal component analysis to correlate anatomic features with dosimetric features.
Therefore, quality of RapidPlan DVH prediction depends on the quality of the input plans
used to train the prediction model.

So far, validation of RapidPlan DVH prediction for automated planning has been performed
using manually generated treatment plans [25, 26, 77, 76, 16, 39], generally suffering from
plan quality variations and inconsistencies due to reasons mentioned above. The goal of this
study was to investigate the intrinsic accuracy of RapidPlan DVH prediction by avoiding
bias related to the use of manually generated plans. Instead, a large database of auto-
matically generated, Pareto-optimal treatment plans was used to investigate the prediction
accuracy. Generation of these plans was performed with fully automated prioritized multi-
criterial optimization, as implemented in the Erasmus-iCycle optimizer [32]. Several studies
have demonstrated the consistent, high quality of Erasmus-iCycle plans, superior to conven-
tional trial-and-error planning [79, 70]. For prediction accuracy assessment, DVHs predicted
by RapidPlan were compared with actually realized DVHs obtained with Erasmus-iCycle
plan optimizations.

7.2 Material and Methods

7.2.1 Patients and automatically generated database plans

For this study, we used a recently published database of 115 23-beam IMRT plans for
prostate cancer patients, generated at Erasmus MC with Erasmus-iCycle [81] using 10 MV
beams. In the clinical practice in Rotterdam, such plans serve as input for generation
of clinically deliverable VMAT plans. To this purpose, the Pareto-optimal 23-beam IMRT
plan, generated with Erasmus-iCycle, is automatically converted into a patient-specific tem-
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plate for automated VMAT plan generation in Monaco (Elekta AB, Stockholm, Sweden).
For each patient, the template ensures generation of a clinically deliverable VMAT plan
that mimics the 23-beam Erasmus-iCycle plan. For the most straightforward interpretation
of results, we used in this study the exactly Pareto-optimal 23-beam plans instead of the
VMAT plans, the latter close to the iCycle plans, but not per definition Pareto optimal.
Plan details can be found in [20]. Here a brief summary is provided. For each plan, the goal
was to deliver total doses of 78 Gy to PTV1 (prostate) and 72.2.Gy to PTV2 (prostate +
seminal vesicles) in 39 fractions, using a simultaneously integrated boost technique. Plan
optimization in Erasmus-iCycle is based on a so-called wish-list, describing hard planning
constraints and planning objectives. Each objective in the wish-list has an assigned priority.
In essence, the wish-list with prioritized objectives defines a protocol for fully automated
multi-criterial generation of a Pareto-optimal plan with clinically favourable balances be-
tween all, often competing objectives. For each patient in the database the same wish-list
was used for plan generation (no tweaking by planners). Due to the use of exactly the same
optimization scheme for all patients, plan generation is highly consistent. The wish-list
used for automated plan generation can be found in [81]. In line with clinical practice, at-
taining adequate PTV coverage (at least 99% receiving 95% of the prescribed dose) had the
highest priority, followed by reduction of high rectal dose. Reduction of anus and bladder
doses had lower priority. Among the 115 patients in the database, 113 fulfilled all clinical
constraints. There were two patients for whom the clinical goal of rectum V75Gy was not
met. It was because there was a large overlap between the rectum and PTV2 for these
two patients (14.8% and 15.1%) Therefore it was not possible to spare the rectum while
keeping adequate PTV coverage. In clinical practice, PTV coverage had higher priority
than rectum dose, so the plans were accepted.

7.2.2 Configuration of DVH prediction models in RapidPlan

In this study, we investigated DVH prediction for rectum, anus, and bladder. The guidelines
for prediction model configuration as provided in the Varian reference manual [23] were
followed. Each of the 115 database plans was linked to a virtual treatment plan in Eclipse
(v.13.5, Varian Medical System, Palo Alto). For a sample of database plans we checked
that imported DVHs were indeed correct in Eclipse. The 115 database plans were first
randomly divided into two groups: 55 plans (training group) for model configurations with
N = 20, 30, 45, or 55 input plans (‘Model-N’), and the remaining 60 plans for open-loop
validation, comparing database DVHs with predicted DVHs. The training and validation
groups are exactly the same as used in [81], with the DVHs presented in Figure 7.2 of
that paper. In both groups there is a large variation in DVHs, related to differences in
patient anatomies and planning with Erasmus-iCycle which minimizes all OAR doses as
much as possible, also below requested goal values. The Kolmogorov–Smirnov test showed
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not significant differences between the median DVHs of the two groups for rectum, anus
and bladder. Both for N = 20 and for N = 30, five different models were built with five
training sets, randomly selected from the training group. Model-55 was trained using all 55
training group plans. Model-45 was generated by removing the 10 plans from the training
group that were marked outlier in the generation of Model-55, as identified by RapidPlan
guidelines [23] and using the Model Analytic (MA) tool, developed by Varian. For none
of the other models identified ‘outliers’ were removed (Discussion section). To also study
models with larger training databases with an open-loop procedure, sixty models were
built with 114 of the in total 115 database plans (referred to as Model-114), each time
leaving out one of the sixty evaluation patients from model configuration, and then use
it for model evaluation (leave-one-out technique). Closed-loop studies should in principle
show the highest prediction accuracy, as the same anatomies are used for training and
validation. The verification of the DVH estimation for all models was performed using
both the RapidPlan Model Configuration and the MA tool.

7.2.3 DVH prediction validation

For each patient organ, RapidPlan presents two predicted DVHs, representing the ± 1
standard deviation DVH confidence intervals. For validation patients, the mean of these
two predicted DVH curves was compared with the corresponding achieved database DVH
[76]. Specific DVH endpoints for validation were: V75Gy, V65Gy and Dmean for rectum,
Dmean for anus and bladder. Validations also included comparisons of Normal Tissue Con-
trol Probabilities (NTCP) for late, grade ≥ 2, rectal bleeding [50]. NTCPs were calculated
with the LKB model, using as input TD50 = 76.9 Gy, n = 0.09, m = 0.13 [46, 56]. An
α/β-ratio of 3 Gy was used for conversion to 2 Gy fraction doses [93]. The calculated
rectum NTCPs were included in the analyses to estimate the potential clinical impact of
observed deviations in the more abstract dosimetric parameters like V75Gy, V65Gy and
Dmean, while acknowledging the well-known uncertainties in NTCP models. Presented
relative differences in plan parameters were calculated for each patient using

relativedifference =
predictedparameter − databaseparameter

median(databaseparametersinvalidationgroup)
× 100% (7.1)

By using the validation group median value in the denominator in Eq. (7.1), individual
absolute patient differences (numerator) were put in the context of the observed median
parameter value of the population. Absolute plan parameter values could be very low (close
to 0) for individual patients. By using the validation group median value in the denom-
inator instead of database values for individual plans, we avoided reporting huge relative
differences for very small absolute parameter values.
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Prediction accuracies of models were also assessed by combining for each OAR, j, absolute
differences in predicted and database cumulative DVHs for all evaluation patients, i, i.e.
|predDV Hij(D)− dbDV Hij(D)| in an absolute sum of residuals (ASR) given by

ASRj = (
∞∑

D=0

|predDV Hij(D)− dbDV Hij(D)| ∗ �D) (7.2)

This approach is similar as proposed by Appenzoller et al. [4]. However, in their work
only positive differences between and were considered for detection of suboptimal plans.
However, in their work only positive differences between predDV Hij(D) and dbDV Hij(D)

were considered for detection of suboptimal plans.

7.2.4 Statistical analysis

Wilcoxon two-sided signed rank tests were used to assess statistical significance of observed
differences between predictions and database plans. The differences were considered signif-
icant when p < 0.05.

7.3 Results

7.3.1 Quality of the RapidPlan model training

The quality of the generated models was evaluated by checking the model goodness of fit
statistics for each structure, with the coefficient of determination R2 (between 0 and 1: the
larger, the better) and the average Pearson’s chi square χ2 (the closer to 1, the better).
These parameters, together with the number of potential outliers or influential points, are
reported in Table 7.1 for all models. The average Pearson’s chi square χ2 shows a general
tendency towards better predictions for larger training sets for all organs, with a closest to
1 value for model-114 of 1.056, 1.065, and 1.055 for rectum, anus and bladder respectively.
No particular trends were observed instead for R2.

The potential outliers identified by the MA tool were evaluated case by case. They were
judged as not real outliers, being in the majority of the cases related to some anatomical
differences with respect to the rest of the population in the model, all plausible and not
anomalous anatomies.

94

94

CHAPTER 7



7.3. RESULTS

7.3.2 Prediction performance of Model-114

The upper panels of Figure 7.1 show for the 60 validation patients, median DVHs for
rectum, anus and bladder, based on Model-114 predictions, together with corresponding
median DVHs of the Pareto-optimal database plans. To construct median DVHs, for each
dose bin, the median of the corresponding volumes for the 60 validation plans was es-
tablished. The presented 5-95 and 25-75 percentile curves demonstrate large inter-patient
spreads in DVHs, mainly reflecting variations in patient anatomies. Differences between
predicted and database median DVHs are generally small, i.e. volume differences within
3%, see also lower panels in Figure 7.1. However, the percentile curves in the lower panels
reveal substantial inter-patient variations in the agreement between predicted and achieved
database DVHs, especially for lower doses. For all three OARs, the inter-patient variation
reduces with increasing dose. As volumes in the DVH curves also reduce with increasing
dose, relative differences between predicted and achieved volumes can be substantial. E.g.
the median rectum V75Gy = 4.6% (upper left panel), while the 25-75 and 5–95 percentile
difference ranges are [-1.5, 0.9]% and [-3.4, 4.0]% (lower left panel), resulting in relative
difference ranges of [-31.9, 19.5]% and [-75.4, 87.6]%, respectively.
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Table 7.1: Goodness of the prediction models in term of coefficient of determination R2 (upper value),
average Pearson’s chi square χ2 (middle value) and number of potential outliers (Model Analytics suggested
plans to be removed/ Model Analytic suggested plans to be checked) (lower values).

Model Rectum Anus Bladder

Model-20_1 0.871 0.923 0.950
1.188 1.404 1.188
0/1 0/1 0/4

Model-20_2 0.943 0.926 0.941
1.558 1.272 1.347
0/10 0/8 0/9

Model-20_3 0.926 0.982 0.884
1.267 1.709 1.126
0/8 0/13 0/4

Model-20_4 0.868 0.963 0.917
1.195 1.331 1.197
0/4 0/2 0/8

Model-20_5 0.938 0.975 0.964
1.462 1.727 1.454
0/10 0/17 0/14

Model-30_1 0.805 0.856 0.901
1.115 1.286 1.205
1/2 1/1 2/4

Model-30_2 0.845 0.906 0.903
1.256 1.209 1.365
1/11 0/3 0/6

Model-30_3 0.864 0.877 0.913
1.115 1.192 1.205
1/4 1/6 0/4

Model-30_4 0.792 0.921 0.884
1.163 1.264 1.158
0/4 0/10 0/8

Model-30_5 0.829 0.937 0.921
1.208 1.261 1.253
0/4 0/5 4/4

Model-45 0.775 0.903 0.839
1.049 1.133 1.073
0/1 0/2 0/3

Model-55 0.764 0.858 0.888
1.079 1.107 1.149
0/2 2/4 0/4

Model-114* 0.779 0.784 0.900
1.056 1.065 1.055
0/4 1/3 0/8

(*) mean values of the 60 Models-114.
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Correlations between Model-114 mid-DVH predictions and achieved database values for
specific treatment plan parameters are provided in Figure 7.2. The error bars in the figure
relate to Rapidplan predicted upper- and lower bound DVHs (±1SD). For rectum, anus
and bladder Dmean, relative differences between mid-DVH prediction and database ex-
ceeding ±10% occurred for 23.0%, 55.0%, and 6.7% of the validation patients, respectively.
For rectum V65Gy, V75Gy, and NTCP, such differences were observed in 21.7%, 70.0%,
and 61.7% of the validation plans. The median relative difference in rectum NTCP was -
2.7% with 25-75 and 5-95 percentile ranges of [-16.0, 10.8]% and [-42.2, 33.2]%, respectively.

Endpoint differences between Model-114 predictions and corresponding database values for
individual patients are presented in Figure 7.3, demonstrating large inter-patient variations.
For 40% of the validation patients, predictions for both rectum V65Gy and V75Gy are
lower than achieved values in the database plans. At a first glance this looks promising,
as reduction of high rectum dose had the highest priority after achieving adequate PTV
coverage. However, as mentioned above, the database plans are Pareto-optimal. Therefore,
high rectum dose can only go down if something else deteriorates, which could be the PTV
coverage. In 60% of patients, rectum V65Gy and V75Gy predictions were both higher than
feasible according to the database plan. In case used for automated plan generations, such
predictions have an inherent risk to end up with suboptimal plans regarding high rectum
dose. For patients 46, and 52, all predictions are higher than the realized values, again
implying a risk for suboptimal plan generation. In RapidPlan, DVH predictions for the
various OARs are independent; there is no internal mechanism to provide consistent sets
of DVHs, belonging to a Pareto-optimal plan. This explains observations made above.
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Figure 7.2: Mid-DVH plan parameters predicted with Model-114 vs. achieved database values, for the 60
validation plans. Error bars relate to patient-specific upper and lower bound DVHs (±1SD) as predicted
by Rapidplan.
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7.3.3 DVH prediction and size of the training set

In Table 7.2, all generated models are mutually compared regarding their ability to predict
achieved database plan parameter values for the 60 validation patients. For each cell in
Table 7.2, the presented results are based on scores, calculated for each endpoint j and the
row and column models, and belonging to the cell, using:

SModelRModelC
j =

1

N
(
∑
i

(
∣∣∣EModelR

ij − EAchieved
ij

∣∣∣)−
∑
i

(
∣∣∣EModelC

ij − EAchieved
ij

∣∣∣)) (7.3)

with EModelR
ij and EModelC

ij predictions of endpoint j for validation patient i, EModelR
ij the

value of endpoint j for the database plan of patient i, N the number of validation patients
(60).

If SModelRModelC
j resulted positive, i.e. on average smaller deviations for ModelC , there was

a ‘C’ (p < 0.05) or ‘c’ (p > 0.05) for endpoint j in the cell defined by ModelR and ModelC .
See Table 7.2, for more details. The color scheme in Table 7.2 shows a general tendency
towards better predictions for larger training sets (more green cells in columns toward the
right). For Model-114 (last column), 88% of all comparisons with the other models were
favorable (cell in the lower right corner of Table 7.2), while for Models-20 this was on av-
erage only 40% (last row of Table 7.2). Excluding outliers in model building had little
impact on plan quality: the direct comparison between Model-45 (with outliers removed)
and Model-55 (without removing the outliers) reported in Table 7.2 shows a slightly better
performance of Model-45, but for none of the endpoints, the difference was statistically sig-
nificant. Clear performance differences occurred between the 5 models based on 20 training
patients, as for the Models-30 (Table 7.2). Clearly, Model-20_1 performs better than the
other Models-20, and even better than all Models-30 except Model-30_3. The latter model
is clearly the best Model-30.
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7.4. DISCUSSION

Figure 7.4: For all investigated prediction models, median differences between predicted plan parameters
and database values with percentile ranges for the 60 validation plans. A: absolute differences, B: relative
differences (using Eq.7.1). Symbols ‘*’ in A point at statistical significance (p < 0.05).

Figure 7.4 presents for all investigated prediction models, prediction accuracies for the
studied treatment plan parameters. The corresponded numerical data (mean ± 1SD) are
presented in Supplementary Material-Table S1.

Figure 7.5 shows for rectum, anus, and bladder ASR-values calculated with Eq. 7.2 for all
prediction models investigated in this paper. Numerical values are reported in Supplemen-
tary Material-Table S3. The results confirm the trends reported in Table 7.2 using clinical
endpoints, showing a general tendency towards better predictions for larger training sets.
Figure 7.5 also confirms performance differences between the 5 models based on 20 training
patients, as for the Models-30.

7.4 Discussion

So far, three published studies have investigated the use of RapidPlan for automated
prostate IMRT planning [25, 39, 16]. The focus of these studies was on comparison of plans
that were manually generated with Eclipse, with plans that were automatically generated
with the system, largely based on RapidPlan predictions of OAR DVHs with suggested
objective functions and their weights. The investigators did sometimes modify or add ob-
jective functions or modify suggested weights. In all three studies, both the RapidPlan
models used for DVH predictions, and the validation of automatically generated plans,
were based on manually generated treatment plans.
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Figure 7.5: Average differences on evaluation set between predicted and database cumulative DVH in term
of absolute sum of residuals (ASR), for the 60 validation patients along different RapidPlan models for
rectum, anus and bladder.

As mentioned above, predicted DVHs are the core of automated planning in Eclipse. In this
study, we fully focussed on assessment of the intrinsic DVH prediction accuracy of Rapid-
Plan. To assess this intrinsic accuracy, we avoided the use of manually generated plans in
the analyses, as they generally suffer from quality variations and inconsistencies. Instead, all
analyses were performed using a published database with Pareto-optimal treatment plans
that were all automatically generated with prioritized multi-objective optimization, result-
ing in consistent balances between all treatment objectives. To assess the inherent accuracy
of RapidPlan predictions, for a group of 60 independent patients in the database (i.e. not
used for generating prediction models in RapidPlan), predicted DVHs were compared with
the achieved database DVHs.

The use of predicted DVHs for automated plan generation by Eclipse was not only impos-
sible due to legal problems (HU post-processed patient CT-scans were transferred Erasmus
MC to AUSL-IRCCS: the RapidPlan models are fully based on the provided contours, and
are therefore independent of the HU in the scans), but was out of the scope of this paper.

To the best of our knowledge, this is the first study investigating the intrinsic prediction
accuracy of RapidPlan.

Rectal bleeding is a serious symptom and reducing the fraction of patients with this com-
plication is of major importance. For a conventional fractionation schedule of 39×2 Gy,
Aluwini et al. [3] reported an incidence of grade 2 or worse genitourinary toxicity at 3 years
of 39.0%. The incidence of grade 2 or worse gastrointestinal toxicity at 3 years was 17.7%.

104

104

CHAPTER 7



7.4. DISCUSSION

The published NTCP model used in this study resulted for the 60 evaluation patients in
a median risk of rectal bleeding of 5.9% for the applied highly conformal, automatically
generated treatment plans. Even if a risk of 5.9% may seem low, reducing this risk on
average by only 1% would result in an important relative reduction in the number of pa-
tients presenting with this complication of 17.7%. This observation has led us to report
in this study relative differences as calculated by Eq.7.1. For consistency, this has been
done not only for reported NTCPs but also for the other plan quality endpoints. Figure 7.4
clearly demonstrates that seemingly minor absolute deviations may indeed result in large
relative differences. Throughout the text, percentages of evaluation patients with relative
plan parameter differences (as calculated with Eq. 7.1) beyond ±10% are presented. We
presumed that frequent observations of such deviations pointed at a need for prediction
improvement.

For the 60 evaluation patients in this study, the median relative deviations of predicted
Model-114 rectum Dmean, V65Gy and V75Gy, from achieved database values were 2.7%, -
1.9%, and -4.2%, respectively. The 5–95% percentile ranges were [-9.7, 14.8]%, [-18.2, 9.1]%
and [-75.4, 87.6]%. To estimate the potential clinical impact of the observed prediction in-
accuracies for these rather abstract dosimetric plan parameters, we also used the DVHs to
calculate NTCPs for rectal bleeding. The median relative deviation for predicted NTCPs
was -2.7% with a 5–95 percentile range of [-42.2, 33.2] %. As automated planning in Eclipse
is largely driven by predicted DVHs, this wide NTCP range points at a potential serious
impact of observed uncertainties in DVHs predicted by RapidPlan. What will actually
happen during automated planning, does also depend on the applied objective functions,
weights, etc. (see above). The clinical burden of complications is still high and maximum
efforts are needed to further reduce the incidences. In this context there is clearly room
for improvement of the RapidPlan prediction models, especially for high rectum doses, in
order to optimally avoid for each individual patient complications, without loss in tumor
control.

In prediction model building, outliers are training plans that could result in undesired bias
in the models. In the absence of general rules, some criteria to better identify and manage
these possible outliers were previously published [21, 24]. Since in this study, all plans used
to build the models were Pareto-optimal with consistent trade-offs between all treatment
objectives, our hypothesis was that there were no dosimetric outliers. This suggests that
the potential outliers identified by the MA tool were due to a loss of statistics in geometry
(outside the normal range in the anatomy) and/or limits of the models. To support this
hypothesis, Model-45 was generated by removing 10 plans from the training group that
were marked outliers by the MA tool in the generation of Model-55. As is shown in Table
7.2 we didn’t find significant difference in the performance of Model-45 and Model-55. This
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result confirms our hypothesis. For that reason we decided to not remove for the other
models plans that were identified as outliers by the MA tool.

The error bars in the Figure 7.2 relate to Rapidplan predicted upper- and lower bound DVHs
(±1SD). Clearly, for many instances upper or lower bound DVHs (or more extreme) would
have resulted in a better prediction than the mid-DVH. However, mid-prediction DVH-line
was identified as a model prediction surrogate to evaluate the quality of RapidPlan pre-
dictions and for the 60 patients in the evaluation group. However, as this is statistics it is
upfront not known for which instances it is better not to use the mid-DVH. In this study
we used Pareto plans to build the model, however a significant statistical deviation range
of predicted values were still present, as was reported in both in Figure 7.2, as predicted
endpoints error bars.

Our studies on the impact of the size of the training set on prediction accuracy have
demonstrated that even for the investigated highly consistent treatment plans, there is
clear evidence that training sets with ≤ 30 plans need to be avoided. This is in contrast
with the RapidPlan user manual, stating that training can be performed with 20 plans
or more. With the available set of 115 published database plans, including 60 evaluation
patients, we were not able to systematically compare 5 different Models-N with N ≥ 45, as
performed for N = 20 and N = 30 (Results section). A recent study on an algorithm for
DVH prediction, similar to RapidPlan, also recommended the use of ≥ 30 training plans [31].

7.5 Conclusion

In the literature, manually generated treatment plans have always been used for assessment
of the accuracy of Rapidplan DVH prediction. Such manually generated plans may suffer
from variations and inconsistencies in quality. In this study we have validated Rapidplan
using a large database of fully automatically generated Pareto-optimal plans with highly
consistent balances between all treatment objectives, allowing assessment of Rapidplan’s
intrinsic prediction accuracy. Based on the analyses, training sets with ≥45 plans resulted
in more accurate DVH predictions than those containing only 20 or 30 plans. However,
even with a training set of 114 patients, clinically relevant inaccuracies in predicted DVHs
were observed. Therefore, further research on improvement of DVH prediction algorithms
is warranted.
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Discussion

Introduction

This thesis focuses on knowledge-based (KB) dose prediction models and their applications
in individualized, high-accuracy quantitative treatment plan QA. In general, KB dose pre-
diction models use geometrical information of the organs at risk (OARs) relative to the
PTV to predict feasible doses. KB dose prediction models can be used for two purposes.
The first is treatment plan QA, i.e., to objectively assess the quality of a treatment plan
and help the planner or physician to improve the plan. In this way, delivery of plans with
low quality may be avoided. The second application is to automate the treatment planning
process. In this thesis, we have retrospectively and prospectively studied the benefits of
using KB dose prediction models for treatment plan QA, for both manual and automated
treatment planning. In addition, we have discussed how to evaluate the intrinsic accuracy
of the dose prediction models, and which factors influence the performance of KB dose pre-
diction models, including inter-OAR dependency and training dataset inconsistency. Below
we discuss our findings in relation to findings from other groups.

Clinical relevance of high-accuracy quantitative treatment plan
QA

Quantitative treatment plan QA aims at predicting the lowest achievable OAR doses, and
assesses the plan quality by comparing the planned with the predicted doses. Plan QA is
the most straightforward clinical application of dose prediction methods, because it can be
implemented independently of the TPS, and run directly after plan generation.

Many studies showed that the quality of treatment plans created with the conventional trial
and error planning approach could have been considerably improved, in case of replanning
with the guidance of KB dose prediction models [91, 57, 67, 83, 4, 77]. We showed that an
Overlap Volume Histogram (OVH) based plan QA tool could potentially reduce the rectum
D35Gy by 9.3 Gy on average for prostate cancer patients, simply by replanning with the
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predicted dose parameters (Chapter 2). Similarly, replanning based on guidance by OVH-
based prediction models has shown to reduce the mean dose to the kidney on average by
1.7 Gy and to the liver by 1.4 Gy for patients with pancreatic adenocarcinoma [67]. For
head-and-neck patients, the dose to the parotid glands could have been reduced by 6.6 Gy
[91]. Similar conclusions were found by studies with other dose prediction methods [57, 4].
As shown inChapters 5 and 6, also for automated treatment planning, plan QA can be
useful to detect outliers, i.e., treatment plans that have lower plan quality than the treat-
ment plans of the majority of patients. Similar findings were also presented for commercial
plan QA tools [77].

The accuracy of knowledge-based dose prediction models

Before using treatment plan QA tools in clinical practice, it is important to first assess
the accuracy of the underlying dose prediction models. The accuracy is usually defined as
the deviation of the predicted dose from the best achievable dose in the relevant OARs.
There are several challenges in assessing the prediction accuracy of the model. First, in case
clinical plans are used for validation, the plans may not have been of overall high quality
since current manual treatment planning does not guarantee generation of high-quality,
Pareto-optimal treatment plans. As a result, a small deviation between predicted dose and
the achieved dose in the clinical plans used for validation does not guarantee a high accu-
racy. Second, the training plans may not have been generated with a consistent planning
strategy (e.g., consistent prioritization in sparing different OARs, or consistent tradeoffs
between PTV coverage, conformality, OAR sparing, etc.). When the training plans are
of overall low quality, or are inconsistent, it is not clear whether observed deviations be-
tween predicted and realized dose parameters are due to the intrinsic model limitations of
the prediction model, or due to the suboptimal plans used for training. Therefore, it is
challenging to directly compare the performance of different published KB dose prediction
models based on the reported accuracies.

For these reasons, we used automatically and consistently generated, Pareto-optimal treat-
ment plans to evaluate dose prediction models (Chapters 3 and 7). Since the treatment
plans were guaranteed Pareto-optimal, and with consistent trade-offs among the different
planning objectives, the measured dose prediction accuracy represents the models’ intrinsic
accuracy. In Chapter 4, multiple plans were used per patient, all with intentionally different
planning priorities. By mixing these plans, it was confirmed that different planning pri-
orities in the training dataset indeed led to higher apparent (i.e. non-intrinsic) prediction
errors compared to when a consistent plan dataset was used for training. For example, with
consistently prioritized training and test datasets, the mean dose prediction error for the
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parotid glands was 0.2 ± 2.2 Gy (Mean error ± 1 SD), while for a database with mixed
planning priorities, the prediction error was -0.6 ± 5.4 Gy. The results show that even with
the same dose prediction method, the apparent prediction errors could vary substantially
simply because the plan database was not consistent in planning priorities. This finding
also shows that when comparing the accuracy of the published models, we should pay at-
tention to the potential influence of database quality and consistency on the reported results.

Therefore, it is highly recommended to use consistently generated, Pareto-optimal treat-
ment plans to evaluate the intrinsic accuracy of dose prediction models. In practice, gen-
erating such a dataset with enough samples for training and validation is a challenging
task. One solution is sharing Pareto-optimal plans in the radiotherapy community, where
all developers can test their models with the same dataset. Currently we have published
one head-and-neck and one prostate dataset for this purpose (Chapters 3 and 4).

In the literature on dose prediction accuracy, the deviations between predicted and achieved
DVH parameters are often reported in absolute dose (Gy) or in volume (%-point). Often
differences of the order of 1-2 Gy or 1-2 %-point in volumes are considered clinically ac-
ceptable. It is however questionable whether this should hold in all circumstances. For
example, in clinical prostate planning, the rectum V75Gy is often considered an important
parameter, as it predicts for severe toxicity that should be avoided. In %-point, the value
of this quantity could be low as it corresponds to high doses. In that case, differences in
the range of 1-2 %-point could in relative sense result in substantial percentage deviations
in V75Gy. For a patient population, this could result in substantial relative increases in
the rates of severe toxicity. Further research on development of prediction models that do
accurately predict for higher doses is warranted. Required prediction accuracy should be
dependent on the severity of the associated toxicity. Even with small absolute prediction
deviations, large relative increases in severe toxicity may be missed.

Therefore, it makes sense to not only focus on errors in predicted doses, but also on dif-
ferences in more clinically relevant parameters such as NTCP, as resulting from erroneous
dose prediction. Due to the sigmoid shape of the NTCP curve, relatively small dose predic-
tion errors may both result in large and small NTCP prediction errors. Therefore, in some
circumstances, large dose prediction errors could be acceptable, while in others, smaller
errors are unacceptable.
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Inter-OAR dependency and dose prediction accuracy

As is discussed in the previous section, inconsistent planning prioritization can affect the
apparent (non-intrinsic) dose prediction accuracy. This suggests that the dose prediction
accuracy for an OAR is related to its priority relative to the priorities of other OARs.

Most of the published dose prediction models predict achievable OAR doses using the geo-
metrical features for each single OAR separately, ignoring the influence of other OARs on
achieved doses (i.e., inter-OAR dependency). Such models can accurately predict the OAR
doses for treatment sites with minor inter-OAR dependency such as for prostate cancer, but
not as well for more complex treatment sites, such as the head-and-neck. The study pre-
sented in Chapter 4 systemically quantified the influence of inter-OAR dependency on dose
prediction accuracy for head-and-neck treatment plans. For the mean dose of the parotid
glands, the presence of inter-OAR dependency could increase the dose prediction error from
0.2 ± 2.2 Gy to 1.0 ± 5.0 Gy (mean ± 1 SD). It means that if the parotid glands have a high
priority in the treatment planning process, the dose prediction errors are much smaller, and
are then more useful in clinical practice. Therefore, we highly recommend investigations on
development of prediction models that explicitly handle inter-OAR dependency.

There are two major challenges that need to be overcome to build models that considers
inter-OAR dependency. The first is that with more features (e.g., geometrical features from
other OARs, planning priority in the planning strategy, etc.) included in the prediction
model, the number of patients that are needed for training the model will grow rapidly
(curse of dimensionality). In the current clinical environment, it is almost infeasible to
acquire such a dataset within one institute. Possible solutions are: 1), build shared clinical
databases across multiple institutes [69] 2) use automated treatment planning to generate
a large amount of training datasets for different treatment protocols/strategies (e.g., the
method discussed in Chapter 5).

The second challenge is that the current dose prediction models, e.g. using support vector
regression [96], skew-normal distribution fitting [4], or the “selection of more difficult cases
with lower dose” strategy with OVH [90], do not support high dimension of features very
well. Therefore, more advanced machine learning methods, like deep learning or evolution-
ary algorithms, could play a role in the future.
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Treatment plan QA for automated treatment planning

In the context of automated planning, KB dose prediction models can be used for two
purposes: for plan QA of automated treatment planning, and to automate the treatment
planning process itself.

QA for automated treatment planning

In recent years, automated treatment planning has been developed, aiming to generate
treatment plans with equal or higher plan quality than manual plans, but without the
human interaction or manual trial-and-error loops in the planning process. Despite the
merits of auto-planning such as less workload and more consistent and high quality, risks
still remain that if something goes wrong in the automated treatment planning chain (e.g.,
RTStructure mismatch, wrong treatment protocol selected, or unforeseen bugs in the soft-
ware), the plan could then possibly be of sub-optimal quality, but still fulfill the clinical
constraints, and thus may go unnoticed. Generally, for any automated treatment planning
system it is impossible to upfront guarantee the highest clinical plan quality for each indi-
vidual patient in all cases. Without high-accuracy quantitative plan QA, an erroneous or
sub-optimal plan could be delivered to a patient without any awareness from the planners,
physicists or physicians.

Automated treatment planning can be classified into three categories based on the method-
ology and algorithm [38]: KB automated planning, protocol-based automatic iterative op-
timization, and multi-criteria optimization (MCO) based automated planning.

KB automated planning uses a similar concept as KB plan QA. The general idea is to use
the prior knowledge (e.g., historical dose maps, delineations, beam setups, etc.) to auto-
matically predict the planning parameters (e.g., planning objectives, beam configurations)
for new patients. In Chapter 7, a commercial KB dose prediction system for automated
planning, RapidPlan (Varian Medical systems, Palo Alto, CI), was evaluated with Pareto-
optimal plans. The results showed that the dose prediction accuracy of RapidPlan could
vary with different training plan sets and sizes. With smaller training sets, outliers were
likely not predicted accurately because no similar cases were present in the training set.
It is a common limitation for a KB system that the variation in patient anatomy and the
quality of the plans within the training database strongly affects the performance of dose
prediction models. For this reason, it is recommended to introduce independent plan QA
for KB automated planning, so that the outliers can be detected and corrected, and the
training database can be improved afterwards.
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Protocol-based automatic iterative optimization mimics the manual work of progressively
updating the planning objectives or their weights after each planning iteration. One com-
mercial example is AutoPlanning in the Philips Pinnacle3 TPS (Philips Radiation Oncology
Systems, Fitchburg, WI). In Chapter 5, we investigated the potential benefit of QA of plans
generated with AutoPlanning. The results showed that plan QA could detect 8% and 25%
of the plans as outliers (with 3Gy/3% threshold) from two different institutes . All the
detected outliers could be improved to the predicted dose levels without compromising the
other planning objectives. The largest gain after replanning could be 6.7 Gy for rectum
Dmean and 6% for rectum V64Gy. This study showed the necessity of independent plan
QA for protocol-based automatic iterative optimization.

MCO-based automated planning simultaneously deals with multiple planning objectives
(e.g., PTV coverage, doses of multiple OARs), and aims to find the clinically most fa-
vorable Pareto-optimal solution. In Chapter 6, plan QA was applied to a MCO-based
automated planning system, Erasmus-iCycle. The study showed that for some individual
cases, it was possible to gain significant improvements (e.g., up to 6.9 Gy for anus Dmean)
for one OAR, while allowing only small deteriorations (up to 1Gy or 1%) for other OARs.
This study shows that even MCO generated Pareto-optimal plans may not for all patients
be the clinically desired point on the Pareto front. Independent plan QA could act as an
extra check and suggest different trade-offs among the planning objectives.

Our studies showed that for the three kinds of automated treatment planning, plan QA was
useful in detecting sub-optimal plans. The detected outliers could be improved with little
or no degradation for the other planning objectives. Automated planning is trendy, but still
new to most clinics. It takes time and experience to figure out the optimal implementation
and configuration of automated planning for each clinic. Plan QA can help measure the
overall plan quality, and show the frequency that sub-optimal plans occur.

Requirements for clinical KB plan QA systems

Currently, there are still no complete commercial solutions that fully cover KB plan QA,
from training to final outlier detection. Based on this thesis a number of requirements were
formulated for such a QA system. First it should be independent of the treatment planning
system algorithms.

Second, it should be fast in calculation and fully connected to the planning system to avoid
undesirable delays in the whole planning procedure by unacceptable amounts of processing
time. Fast calculation is easy to achieve, since most of the published KB dose prediction
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methods are able to predict doses within seconds. Connecting a plan QA package to a TPS,
however, may be more challenging, as it could require substantial investments in software
development. One solution is that the TPS vendor also provides an independent plan QA
tool that is compatible to the TPS. Another way is to allow the users (or an independent
party) to attach their own plan QA models to the TPS, with customized scripts developed
by the users. One example is RayStation (RaySearch Laboratories AB, Stockholm, Sweden).

Apart from the dose prediction algorithm used for plan QA, the selection of training datasets
is also crucial for plan QA. As discussed by [11] and in Chapter 7, if the training dataset
is not large enough to cover all relevant patient geometric variations, the plan QA model
would be less accurate. Therefore, the third recommendation is that KB plan QA tools
should be able to check if the training dataset can represent the (majority of) patients, and
meanwhile provide confidence intervals based on the prediction accuracy. One example is
the study in Chapter 6, where the accuracy of the dose prediction model was first evaluated
with the training dataset, and the confidence interval was determined based on the linear
regression of achieved vs. predicted dose metrics. The upper bound of the confidence in-
terval was used as the action level for plan QA. In Chapter 2, we demonstrated that if the
training dataset is updated with new plans, the KB plan QA can become more accurate
as well. Therefore, the fourth recommendation is that a KB plan QA should be able to
update itself with new training plans (and probably reduce low quality training plans as
well). Fifth, since KB dose prediction requires high quality training plans, it would be
valuable if the vendors/experienced institutes would be able to share the training data with
the radiotherapy community.

KB dose prediction for proton therapy

So far we have discussed application of KB dose prediction models for photon plans. Yet, a
similar concept can potentially be applied to proton therapy, though there are some chal-
lenges to overcome. First, most dose prediction models implicitly or explicitly assume that
the dose to a point is mainly dependent on its distance to the PTV and independent on the
direction, which is reasonable for most IMRT and VMAT plans. The direction indepen-
dence allows to reduce all spatial information of a point to a simple distance. However, for
proton therapy, the assumption of direction independence of the dose fall off is no longer
valid, even in plane, primarily due to the Bragg peak that marks an extremely steep dose
fall off at the distal side of the PTV compared to the proximal side. Moreover the variation
in beam directions of IMPT plans is generally much large than for VMAT plans which
introduces another direction dependent dose fall off component for plan QA models. The
direction dependence adds considerable complexity to the requirements of plan QA models
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for proton therapy.

Moreover, dose prediction could be challenging for proton plans due to robust optimization.
In proton planning, the concept of PTV margin is not generally adopted because it does
not guarantee adequate CTV dose coverage nor does it avoid undesired hot spots caused
by errors from setup uncertainty, organ motions, and proton range uncertainty. Instead,
robust plan optimization is used, which takes into account the doses on different error sce-
narios during the optimization process [27, 18, 48]. Therefore, in addition to the direction
dependence, the dose prediction model should be able to consider the tissue homogeneity
along the beam path, so that the predicted dose level/distribution represents the same ro-
bustness as the clinical plan.

Although it seems complicated to achieve, a dose prediction model can be valuable not only
in QA and automated planning (as for photon therapy), but also in new applications such
as patient selection. Since proton therapy is more scarce, more complicated, and much more
expensive than photon therapy, model-based patient selection has been adopted, aiming at
selection of patients that could benefit most from proton therapy [47, 8]. Comparisons of
dose distributions have been done using calculated normal tissue complication probabilities
(NTCP) [47, 8]. Such plan comparisons can be time-consuming and workload intensive. [43]
investigated using automatically generated treatment plans and machine learning methods
to predict NTCP for patient selection purpose. The results showed good agreement with the
clinical results, and with 0 false negative rate. However, currently it still takes hours before
a proton plan was generated. With fast dose prediction tools, potentially such process could
be accelerated from hours to seconds.
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Summary

In radiotherapy, high radiation doses need to be delivered to the target (tumor) while the
surrounding healthy tissues are spared as much as possible. This requires high quality treat-
ment plans. To ensure high quality of a treatment plan, knowledge-based (KB) treatment
plan QA has been proposed to evaluate treatment plan quality after plan generation. The
focus of this thesis is on: 1) The use and evaluation of KB treatment plan QA. 2) The
application of KB treatment plan QA for automated treatment planning.

The use and evaluation of KB treatment plan QA models

In Chapter 2, we retrospectively investigated the potential benefit of an in-house KB treat-
ment planning QA model, based on overlap volume histogram (OVH), for manually gener-
ated prostate cancer treatment plans. In total 47 patient plans were included in the study.
The model was validated using 24 of the 47 plans (validation cohort). For each plan in the
validation cohort, the achievable dose was predicted with a model trained with the remain-
ing 46 plans. The predicted rectum D35 were on average 4.9 Gy lower than the achieved
doses. To find out whether this 4.9 Gy deviation was caused by sub-optimal treatment
plan quality in the training cohort or low model accuracy, the 24 patients in the validation
cohort were replanned aiming to reach the predicted doses without sacrificing the other dose
metrics. With the new plans, the rectum D35 was reduced by 9.3±6.1 Gy (average±1SD;
p < 0.001) compared to the original treatment plans. Next, the plans database was up-
dated by replacing the 24 original plans with the new plans, and the dose prediction was
repeated afterwards for the patients in the validation cohort. In other words, for each plan
in the validation cohort, the dose prediction model was trained with the remaining 46 plans,
including the 23 new plans. After the database was updated with higher quality plans, the
prediction accuracy was improved to 0.1 ± 2.8 Gy (average ± 1SD; p = 0.89) for rectum
D35. In conclusion, we showed that KB dose prediction had a high accuracy (predicted
dose –achieved dose) when the treatment plans in the training database are of good quality.
Therefore, KB dose prediction was able to quantitatively assess the IMRT treatment plan
quality for patients with prostate cancer.
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Although Chapter 2 showed the potential of dose prediction models for plan QA, it was also
found that training data with low/inconsistent plan quality could hamper the assessment of
the dose prediction model’s accuracy. Therefore, in Chapter 3 we used 115 fully automat-
ically generated treatment plans to evaluate the intrinsic accuracy of the dose prediction
models. The plans were generated with Erasmus-iCycle, a fully automated, multi-criteria
treatment planning system. The virtue of Erasmus-iCycle is that it generates high quality
(Pareto-optimal) plans with consistent prioritization of objectives. Therefore, the perfor-
mance of the dose prediction model could be evaluated objectively with this “golden stan-
dard database”. It was observed that the OVH prediction model had low prediction errors
(predicted-achieved) for rectum Dmean (−0.2±0.9 Gy), rectum V65 (−1.0±1.6%), rectum
V75 (−0.4±1.1%) and anus Dmean (0.1±1.6 Gy). For bladder Dmean, the prediction error
was larger, 4.8± 4.1 Gy. The low prediction accuracy for bladder can be explained by two
causes: 1) Sparing the bladder dose had a lower priority in Erasmus-iCycle compared with
rectum and anus, therefore the bladder dose reduces less with the distance to the target (as
the starting point of the OVH methods), than rectum and anus. 2) In addition, the OVH
method appears to be less accurate for organs that are partially cranial or caudal of the
treatment field, because the dose change in cranial-caudal direction is different from the
dose change in the axial plane. The study demonstrated the effective use of high-quality,
consistently generated Pareto-optimal treatment plans for evaluation of the intrinsic per-
formance of treatment plan QA models.

In Chapter 4, we investigated the use of Erasmus-iCycle plans to evaluate a KB treatment
plan QA model for a more challenging treatment site: head and neck cancer. Head and neck
plans are complex because the dose to the OARs is not only dependent on their geometric
relationship to the PTVs, but also on inter-organ dependency, which means that achievable
OAR doses can be influenced by other OARs with higher planning priorities. In this study,
the CT images and clinical contours of 108 treated patients were included. For each patient,
15 Erasmus-iCycle plans with various planning priorities for the parotid glands were gen-
erated, resulting in in total 1620 plans. For each set of 108 plans with identical planning
prioritization, a KB model was trained with half (N=54) of the plans, and validated on
the other 54 plans. The dose prediction accuracy was assessed by comparing the differ-
ence between the predicted and achieved mean doses in the parotid glands. The results
showed that the dose prediction accuracy was the highest when the parotid glands were
granted the highest planning priority after the targets (dose prediction error: 0.2± 2.2 Gy,
mean±SD). When the parotid glands’ priority was decreased, the model’s dose prediction
accuracy was deteriorated. For the plan set with the lowest parotid gland planning priority,
the dose prediction error was 1.0±5.0 Gy. The results showed that when there was a strong
inter-organ dependency (i.e., OARs with low planning priority), the investigated KB model
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performed poorly in predicting the achievable doses. In another experiment, training plans
with different prioritizations were mixed in order to assess the impact of an inconsistent
training dataset. The results showed that the dose prediction error increased largely (from
0.2±2.2 Gy to 2.8±3.3 Gy, −3.2±5.0 Gy or −0.6±5.4 Gy, depending on the way of mixing).

In conclusion, the accuracy of KB models, is strongly dependent on the planning prioriti-
zation of the organ in the training dataset. For organs with lower planning priority, the
accuracy is limited due to that the KB model ignores the inter-organ dependency. With the
dataset of 15 sets of 108 plans, we can evaluate the model’s ability to handle inter-organ
dependency.

The application of KB treatment plan QA for automated treat-
ment planning

In Chapters 5 and 6, we investigated application of KB treatment plan QA for automated
treatment planning.

In Chapter 5, we evaluated the quality of clinical prostate cancer plans that were generated
by two different institutes (including 100 and 129 plans) using the Pinnacle Auto-planning
(PAP) commercial automated treatment planning system. For each institute, an overlap
volume histogram-based plan QA model was built with 50% of the plans, and the model
was used to predict doses for the other 50% of patients. The predicted doses were compared
with the doses from the clinical plans. A threshold of 3 Gy or 3% in dose parameters was
set to determine outliers. For each outlier, a replanning was done, aiming at improving the
dose parameters within threshold levels. The results showed that in general the predicted
doses were close to the clinically achieved doses (<0.5±1.9 Gy (meanerror±SD) in mean
dose parameters and <1.2 ± 1.5% in volume parameters). 8% and 25% of the plans were
identified as outliers for the two institutes. The largest deviations between predicted plan
parameters and clinically achieved parameter values were 6.7 Gy for rectum Dmean, and
6% for the rectal wall V64Gy. After replanning, all the outlier plans could be improved
such that the dose parameters fell within the predicted dose thresholds, while no other dose
metrics were compromised. Therefore, it was concluded that treatment plan QA was able
to assess quality of the PAP plans. The detected outliers could be effectively improved with
the guidance of the plan QA model. Therefore, it was recommended to apply independent
plan QA for PAP planning for prostate cancer patients.

In Chapter 6, a prospective study was performed to investigate whether plan QA could be
of benefit for the fully automated treatment planning process in our institute. We used
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an OVH and PCA based plan QA model to detect dosimetric outliers for prostate cancer
plans that were generated with Erasmus-iCycle in combination with Monaco. The plan QA
model was built with 22 plans and validated with 21 automatically generated clinical plans.
Based on the results of model training and validation, a confidence interval was determined
for each dose metric to determine whether 50 new plans were dosimetric outliers or not.
In total five dose metrics were included: rectum Dmean, V65Gy, V75Gy, anus Dmean and
bladder Dmean. The results showed that the plan QA model was able to accurately predict
the achieved doses. The prediction error was within 0.4 Gy (dose parameters) or 0.3% (vol-
ume parameters), with SD within 1.8 Gy or 1.3%. Thirteen plans were detected as outliers,
due to at least one dose parameter exceeding the prediction interval. After replanning,
the dose parameters of the outliers were improved by 1.3 Gy to 6.9 Gy for the different
dose metrics. From this study, we found that plan QA could be used to detect dosimetric
outliers in automatically generated plans in our center. For the detected outliers, moderate
improvements could be achieved after replanning.

In Chapter 7, the intrinsic accuracy of a commercial KB dose prediction algorithm, Rapid-
Plan, was validated with the same “golden standard” database as introduced in Chapter 3.
Training datasets with five different numbers of plans (20, 30, 45, 55 and 114) were used
for model training, resulting in Model-20, Model-30, Model-45, Model-55 and Model-114.
For Model-20 and Model-30, the model training was repeated five times with different ran-
domly selected training plans. For Model-114, for each validation plan, a model was trained
on the other 114 patients (Leave-one-out). Next, the trained models were used to predict
achievable plan parameters for 60 validation plans in the database, and the predicted doses
were compared to the achieved doses to assess the dose prediction error for the RapidPlan
algorithm. For Model-114, prediction errors with more than 10% in mid-DVH was found in
23.3% of the validation plans, 55.0% of the plans for bladder and 6.7% of the plans for anus.
For rectum V65Gy and V75Gy, the prediction error was larger than 10% for 21.7% and 70%
of the validation plans, respectively. The dose prediction errors were considered clinically
relevant since they could result in more than 10% deviation of predicted NTCPs for rectal
bleeding. When the models with smaller training datasets were applied, dose prediction
performance was deteriorated. The study demonstrated large deviations between predicted
and achievable doses for the RapidPlan dose prediction algorithm, even when using a set of
high-quality, consistently planned Pareto-optimal plans for the analyses. Such deviations
could potentially lead to clinically relevant consequences. Further research on how to use
RapidPlan for automated planning was considered warranted.

In Chapter 8, all the original work in Chapters 2-7 was discussed in the context of available
literature.
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In summary, in this thesis we showed that knowledge-based plan QA can effectively detect
suboptimal treatment plans, both in the context of manual and automated treatment plan-
ning. The performance of KB plan QA models is strongly dependent on the quality and
consistency of the treatment plans used to train the model. The datasets created in this
work consisting of Pareto optimal treatment plans for prostate and head-and-neck cancer,
can be used to objectively assess the performance of plan QA model.
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Samenvatting

Bij radiotherapie worden hoge stralingsdoses toegediend aan het doelwit (de tumor) terwijl
de omliggende gezonde weefsels zoveel mogelijk worden ontzien. Dit vereist bestralings-
plannen van hoge kwaliteit. Kennisgebaseerde (KB) bestralingsplan QA is voorgesteld om
suboptimale bestralingsplannen te detecteren. De focus van dit proefschrift ligt op: 1) Het
gebruik en de evaluatie van KB bestralingsplan QA 2) De toepassing van KB bestralings-
plan QA voor geautomatiseerde bestralingsplanning.

Het gebruik en de evaluatie van KB-bestralingsplan QA mod-
ellen

In Hoofdstuk 2 hebben wij retrospectief de potentie onderzocht van een zelf ontwikkeld
KB bestralingsplanning QA model, gebaseerd op overlap volume histogrammen (OVH).
In totaal werden de bestralingsplannen van 47 patiënten in de studie opgenomen. Het
KB model werd gevalideerd met behulp van 24 van de 47 bestralingsplannen (validatieco-
hort). Voor elk bestralingsplan in het validatiecohort werd de haalbare dosis aan sensitieve
organen voorspeld met een model dat getraind was met de resterende 46 plannen. De
voorspelde rectum D35 was gemiddeld 4,9 Gy lager dan de doses bijhorend bij het bestral-
ingsplan. Om uit te zoeken of deze 4,9 Gy afwijking werd veroorzaakt door suboptimale
kwaliteit van de bestralingsplannen in het trainingscohort of door een lage nauwkeurigheid
van het KB model, werden de 24 patiënten in het validatiecohort opnieuw gepland. Het
doel was om de voorspelde doses te bereiken zonder een verhoging van de dosis aan de
andere organen. Met de nieuwe plannen werd de rectum D35 verlaagd met 9, 3 ± 6, 1 Gy
(gemiddeld± 1SD; p < 0,001) in vergelijking met de oorspronkelijke behandelingsplannen.
Vervolgens werd de database van plannen bijgewerkt door de 24 oorspronkelijke plannen
te vervangen door de nieuwe plannen, en de dosisvoorspelling werd daarna herhaald voor
de patiënten in het validatiecohort. Met andere woorden, voor elk plan in het validatieco-
hort werd het dosisvoorspellingsmodel getraind met de resterende 46 plannen, inclusief de
23 nieuwe plannen. Nadat de database was bijgewerkt met de nieuwe plannen van hogere
kwaliteit, was de voorspellingsnauwkeurigheid verbeterd tot 0, 1±2, 8 Gy (gemiddeld±1SD;
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p = 0,89) voor rectum D35. Concluderend toonden wij aan dat KB dosisvoorspelling een
hoge nauwkeurigheid heeft (voorspelde dosis - bereikte dosis) mits de behandelingsplannen
in de trainingsdatabase van goede kwaliteit zijn. Kortom met KB-dosisvoorspelling kan
de kwaliteit objectief beoordeeld worden van IMRT-bestralingsplannen voor patiënten met
prostaatkanker.

Hoofdstuk 2 toonde het potentieel van dosisvoorspellingsmodellen voor plan QA aan. Echter
het liet ook zien dat trainingsdata met lage/inconsistente plankwaliteit een verkeerde in-
druk kan geven van de nauwkeurigheid van dosisvoorspellingsmodellen. Daarom hebben
we in Hoofdstuk 3 115 volledig automatisch gegenereerde bestralingsplannen gebruikt om
de intrinsieke nauwkeurigheid van KB dosisvoorspellingsmodellen te evalueren. De plan-
nen werden gegenereerd met Erasmus-iCycle, een volledig geautomatiseerd, multi-criteria
bestralingsplanningsysteem. Het voordeel van Erasmus-iCycle t.o.v. handmatige bestral-
ingsplanning is dat Erasmus-ICycle plannen per definitief van hoge kwaliteit zijn (Pareto-
optimaal) met consistente prioritering van plannings doelen. Daarom zijn Erasmus-ICycle
plannen uitermate geschikt om de nauwkeurigheid van dosisvoorspellingsmodellen objec-
tief te evalueren. Er werd vastgesteld dat het OVH-voorspellingsmodel lage voorspelfouten
(voorspeld-prestatie) had voor rectum Dmean (−0, 2±0, 9 Gy), rectum V65 (-1, 0±1, 6%),
rectum V75 (-0, 4 ± 1, 1%) en anus Dmean (0, 1 ± 1, 6 Gy). De nauwkeurigheid van de
voorspelling van Dmean aan de blaas was lager, 4.8± 4.1 Gy. De lage nauwkeurigheid voor
blaas had twee oorzaken. 1) Het sparen van de blaas had een lagere prioriteit in Erasmus-
ICycle dan rectum en anus, waardoor de blaasdosis minder sterk afhing van de afstand van
het doelvolume (het uitgangspunt van OVH methodes) dan voor rectum en anus. 2) Daar-
naast blijkt de OVH methode minder nauwkeurig voor organen die gedeeltelijk craniaal
of caudaal van het behandelingsveldenveld liggen (b.v. de blaas), omdat de dosisafval in
de craniaal-caudale richting afwijkt van de dosisafval in het axiale vlak. De studie toonde
het effectieve gebruik aan van consistent gegenereerde Pareto-optimale bestralingsplannen
van hoge kwaliteit om de intrinsieke nauwkeurigheid van KB-dosisvoorspellingsmodellen te
evalueren.

In Hoofdstuk 4 hebben we het gebruik van Erasmus-iCycle plannen onderzocht om een
KB bestralingsplan QA model te evalueren voor een meer uitdagend behandelingsgebied:
hoofd-hals kanker. Hoofd-hals bestralingsplannen zijn complex omdat de dosis aan de or-
ganen niet alleen afhankelijk is van hun geometrische relatie tot de PTVs, maar ook van
inter-orgaan afhankelijkheid. Dat betekent dat haalbare doses aan organen beïnvloed kun-
nen worden door andere organen met hogere planningsprioriteiten. In deze studie werden
de CT-beelden en klinische contouren van 108 behandelde patiënten opgenomen. Voor elke
patiënt werden 15 Erasmus-iCycle plannen met verschillende planningsprioriteiten voor de
parotiden gegenereerd, wat resulteerde in 1620 plannen in totaal. Voor elke set van 108 plan-
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nen met identieke planningsprioritering werd een KB-model getraind met de helft (N=54)
van de plannen, en gevalideerd op de overige 54 plannen. De nauwkeurigheid van de do-
sisvoorspelling werd beoordeeld door vergelijking van het verschil tussen de voorspelde en de
bereikte gemiddelde doses in de parotiden. Uit de resultaten bleek dat de nauwkeurigheid
van de dosisvoorspelling het hoogst was wanneer de parotiden de hoogste planningsprioriteit
kregen na de targets (dosisvoorspellingsfout: 0, 2± 2, 2 Gy, gemiddelde ± SD). Wanneer de
prioriteit van de parotiden werd verlaagd, werd de dosisvoorspellingsnauwkeurigheid van het
model slechter. Voor de set met de laagste prioriteit voor de parotiden was de voorspellings-
fout 1, 0± 5, 0 Gy. De resultaten toonden aan dat wanneer er een sterke afhankelijkheid is
tussen de organen (d.w.z. organen met lage planningsprioriteit), het onderzochte KB-model
slecht presteerde bij het voorspellen van de haalbare doses. In een ander experiment werden
trainingsplannen met verschillende prioritering gemixt om de impact van een inconsistente
trainingsdataset te beoordelen. Uit de resultaten bleek dat de fout bij de dosisvoorspelling
sterk toenam (van 0, 2±2, 2 Gy tot 2, 8±3, 3 Gy, −3, 2±5, 0 Gy of −0, 6±5, 4 Gy, afhanke-
lijk van de manier van mixen).

In conclusie, de nauwkeurigheid van KB modellen voor het voorspellen van de dosis aan
een orgaan, hangt sterk af van de van de prioritering van het sparen van dat orgaan bij de
plannen in de training set. Voor organen met lager plannings prioriteit is de nauwkeurigheid
beperkt van KB modellen die inter-orgaan afhankelijkheid negeren. M.b.v. de beschikbare
dataset van 15 sets van 108 plannen kunnen KB model geëvalueerd worden m.b.t. tot het
vermogen om te gaan met inter-orgaan afhankelijkheid.

De toepassing van KB-bestralingsplan QA voor geautomatiseerde
bestralingsplanning

Hoofdstukken 5 en 6 beschrijven de toepassing van KB bestralingsplan QA voor geautoma-
tiseerde bestralingsplanning.

In Hoofdstuk 5 evalueerden wij m.b.v. een KB model de kwaliteit van klinische bestral-
ingsplannen voor prostaatkanker, die waren gegenereerd met behulp van het commerciële
Pinnacle Auto-planning (PAP) in twee verschillende instituten. De dataset bestond uit
plannen voor 100 (instituut A) en 129 patiënten (instituut B). Voor elk instituut werd een
overlap volume histogram-gebaseerd plan QA model gebouwd met 50% van de plannen, en
het model werd gebruikt om doses te voorspellen voor de andere 50% van de patiënten.
De voorspelde doses werden vergeleken met de doses uit de klinische plannen. Er werd een
drempel van 3 Gy of 3% in dosisparameters gehanteerd om uitschieters te detecteren. Voor
elke plan met uitschieters werd de planning opnieuw uitgevoerd, met als doel een bestral-
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ingsplan met alle dosisparameters onder de drempelwaarden. Uit de resultaten bleek dat
de voorspelde doses in het algemeen dicht bij de klinisch bereikte doses lagen (<0, 5± 1, 9

Gy (gemiddelde fout ± SD) in gemiddelde dosisparameters en <1, 2 ± 1, 5% in volumepa-
rameters). 8% en 25% van de plannen werden geïdentificeerd als uitschieters voor de twee
instituten. De grootste afwijkingen tussen de voorspelde dosisparameters en de klinisch
bereikte dosisparameter waren 6,7 Gy voor rectum Dmean, en 6% voor de rectumwand
V64Gy. Na het opnieuw plannen konden alle bestralingsplannen met uitschieters zodanig
worden verbeterd dat de dosisparameters binnen de voorspelde dosisdrempels vielen, zonder
dat dat ten koste ging van andere dosisparameters. Kortom het KB model bleek in staat
de kwaliteit van de PAP-plannen te beoordelen. De ontdekte uitschieters konden effectief
worden verbeterd met behulp van het plan QA-model. Gezien het percentage uitschieters
(8% en 25%) werd aanbevolen onafhankelijke plan QA toe te passen voor PAP planning
voor prostaatkankerpatiënten.

Hoofdstuk 6 beschrijft een prospectieve studie uitgevoerd om te onderzoeken of plan QA
van nut zou kunnen zijn voor het volledig geautomatiseerde behandelingsplanningsproces in
ons instituut. We gebruikten een OVH en PCA gebaseerd plan QA model om dosimetrische
uitschieters te detecteren voor prostaatkanker plannen die waren gegenereerd met Erasmus-
iCycle in combinatie met Monaco. Het plan QA model werd gebouwd met 22 plannen en
gevalideerd met 21 automatisch gegenereerde klinische plannen. Op basis van de resul-
taten van training en validatie werd een betrouwbaarheidsinterval bepaald voor elke dosis-
parameter. Het betrouwbaarheidsinterval werd gehanteerd als drempel om dosimetrische
uitschieters te detecteren in een set van 50 prospectieve bestralingsplannen. De volgende
vijf dosisparameters werden geanalyseerd: rectum Dmean, V65Gy, V75Gy, anus Dmean en
blaas Dmean. De resultaten toonden aan dat het plan QA-model in staat was de bereikte
doses nauwkeurig te voorspellen. De voorspellingsfout lag binnen 0,4 Gy (dosisparameters)
of 0,3% (volumeparameters), met een SD binnen 1,8 Gy of 1,3%. Dertien plannen werden
gedetecteerd als uitschieters, omdat ten minste één dosisparameter het betrouwbaarheidsin-
terval overschreed. Na het opnieuw plannen werden de dosisparameters van de uitschieters
verbeterd met 1,3 Gy tot 6,9 Gy voor de verschillende dosismetrieken. Uit deze prospec-
tieve studie is gebleken dat plan QA kan worden gebruikt om dosimetrische uitschieters
te detecteren in automatisch gegenereerde plannen in ons centrum. Voor de gedetecteerde
uitschieters konden beperkte verbeteringen worden bereikt na opnieuw plannen.

In Hoofdstuk 7 werd de intrinsieke nauwkeurigheid van een commercieel KB dosisvoorspel-
lend algoritme, RapidPlan, gevalideerd met dezelfde "gouden standaard" database als geïn-
troduceerd in Hoofdstuk 3. Trainingsdatasets met vijf verschillende aantallen plannen (20,
30, 45, 55 en 114) werden gebruikt voor modeltraining, resulterend in Model-20, Model-30,
Model-45, Model-55 en Model-114. Voor Model-20 en Model-30 werd de modeltraining vijf
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keer herhaald met verschillende willekeurig geselecteerde trainingsplannen. Voor Model-114
werd voor elk validatieplan een model getraind op de overige 114 patiënten (leave-one-out).
Vervolgens werden de getrainde modellen gebruikt om haalbare planparameters te voor-
spellen voor 60 validatieplannen in de database. De voorspelde doses werden vergeleken
met de bereikte doses om de dosisvoorspellingsfout voor het RapidPlan-algoritme te beo-
ordelen. Voor Model-114 werd voorspelfout met meer dan 10% in midden-DVH gevonden
in 23,3% van de validatieplannen, 55,0% van de plannen voor blaas en 6,7% van de plannen
voor anus. Voor rectum V65Gy en V75Gy was de relatieve voorspellingsfout groter dan 10%
in respectievelijk 21,7% en 70% van de validatieplannen. Voor een aantal plannen werden
de dosisvoorspellingsfouten als klinisch relevant beschouwd omdat ze zouden kunnen leiden
tot een afwijking van meer dan 10% van de voorspelde NTCP’s voor rectale bloedingen.
Wanneer de modellen met kleinere trainingsdatasets werden toegepast, werd de dosisvoor-
spellingsprestatie slechter. De studie toonde aanzienlijke, potentieel klinisch relevante, afwi-
jkingen aan tussen voorspelde en haalbare doses voor het RapidPlan dosisvoorspellingsal-
goritme, zelfs bij gebruik van een reeks consistent geplande Pareto-optimale plannen van
hoge kwaliteit voor de analyses. Verder onderzoek naar het gebruik van RapidPlan voor
geautomatiseerde planning werd gerechtvaardigd geacht.

In hoofdstuk 8 werd al het originele werk uit de hoofdstukken 2-7 besproken in de context
van de beschikbare literatuur.

Samenvattend hebben we in dit proefschrift laten zien dat kennisgebaseerde plan QA effec-
tief suboptimale bestralingsplannen kan detecteren, zowel in de context van handmatige als
geautomatiseerde bestralingsplanning. De prestaties van KB plan QA modellen zijn sterk
afhankelijk van de kwaliteit en consistentie van de bestralingsplannen die gebruikt worden
om het model te trainen. De datasets die in dit werk zijn gemaakt, en publiek beschikbaar
zijn, bestaan uit Pareto optimale bestralingsplannen voor prostaat- en hoofd-halskanker, en
kunnen worden gebruikt om de prestaties van KB plan QA-modellen objectief te beoordelen.
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