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ABSTRACT

The goal of radiotherapy is to maximize the dose to the target while minimizing the dose
to normal tissue. Treatment plans are optimized for this goal and dose delivery is im-
proved in accuracy and precision. The optimization is based on the delineations of the
volumes of interest on the medical images of the patient. The problem is that these
delineations contain uncertainties and the effect of these uncertainties become more
pronounced as the accuracy and precision of dose delivery improves. The delineation
uncertainties are caused by various factors such as knowledge and experience of the ob-
servers, guidelines, and image quality and modality.

The goal of this thesis is to research the effects of delineation uncertainties. Uncer-
tainties are characterized using a rolling ball algorithm (RBA) to modify the delineation.
The radius of the ball represents the uncertainty and ranges from -5 mm to 5 mm for the
clinical target volume (CTV) and -2 mm to 2 mm for the brain stem. The effect of these
uncertainties will be researched for both fixed and re-optimized dose distributions.

These are then used as input to create a model that will simulate the dose distributions
for different uncertainties using Polynomial Chaos Expansion (PCE). PCE will be used to
model dose volume histograms (DVH) of the CTV and the brain stem. The dosimetric
effect will be determined by setting confidence intervals in D98% of the CTV and D2% of
the brain stem. The widths of the confidence intervals in these two metrics represent the
dose uncertainty.

This thesis uses three sets of patient data. Each patient had a CTV close to the brain
stem. Dose uncertainty in the two metrics was found to increase as the uncertainty of
CTV and brain stem delineation increases.

For a fixed dose distribution, a delineation uncertainty of 0.75 mm to 1.25 mm in the
CTV would lead to a dose uncertainty of 2 Gy in the D98% of the CTV. A delineation uncer-
tainty of 0.25 mm to 0.5 mm in the brain stem would lead to the same dose uncertainty
in D2% of the brain stem.

For a re-optimized dose distribution, a combined delineation uncertainty of 1.25 mm
for two patients and 4.5 mm for one patient would lead to a dose uncertainty of 2 Gy
in D98% of the CTV. For the same dose uncertainty in the D2% of the brain stem, there
would be a combined delineation uncertainty between 1.0 mm and 4.5 mm. For all three
patients, the dose uncertainty in the D2% was more sensitive to delineation uncertainties
in the brain stem.

The effects of these uncertainties will depend on the nominal situation. For all pa-
tients a 2 Gy dose uncertainty corresponds to 2.85% of the prescribed dose to the CTV
and 3.33% of the maximum dose constraint of the brain stem. One patient was on the
boundary of underdosing the CTV in the nominal situation and a 2 Gy uncertainty would
be sufficient to underdose the CTV. The nominal D2% for all three patients was suffi-
ciently low that it is unlikely it would exceed the maximum dose constraint.
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1
INTRODUCTION

Head and neck cancer is a common cancer. It ranks seventh on a global level and ac-
counts for more than 660,000 new cases and is the cause of 325,000 deaths a year [1, 2].
There also appears to be an increase in cases with a predicted 30% increase by 2030 [1,
2].

Radiotherapy is one of the methods that can be used to treat cancer. There are different
variations of radiotherapy, such as brachytherapy and external beam radiotherapy. This
thesis will focus on external beam radiotherapy and specifically proton beams.

1.1. RADIOTHERAPY
The focus of radiotherapy is to deliver a high dose to tumors while minimizing the dose to
normal tissue [3, 4]. The dose can be delivered using different particles, such as photons
and protons. Figure 1.1 shows the depth dose profiles of different particles in tissue. The
figure shows how, for photons, there is a small build-up region until it reaches the peak,
and then the dose decreases as the distance increases. Protons show a different behavior
by depositing the dose mainly at a specific depth. This can be seen in the recognizable
Bragg peak, after which the dose very quickly falls to zero. The blue line shows a spread-
out Bragg peak by modifying the proton beam so that the Bragg peak can cover a larger
range. The thesis will focus on radiotherapy using protons.

1.2. RADIOTHERAPY TREATMENT PLANNING
General approach after diagnosis is to scan the patient to generate medical images. This
can be done with different modalities, such as magnetic resonance imaging, computed
tomography (CT), and positron emission tomography. After the scans are performed,
the volumes of interest should be delineated in these images. Figure 1.2 shows a visual
example of relevant volumes. There is a gross tumor volume (GTV), which is the tumor
that is actually visible on the images. Then there is the clinical target volume (CTV),
which includes the GTV and minor microscopic extensions that are not visible on the
images. If photons are used, then there is also a planning target volume (PTV). This is an
expanded CTV to take into account multiple uncertainties, such as the setup error, organ
motion, and delineation uncertainty. Lastly, there are organs at risk (OARs). These are

1
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Figure 1.1.: Relative dose delivered by different particles in tissue. The red beam repres-
ents proton beams and shows a clear example of the Bragg Peak. The blue
line shows a good example of a spread-out Bragg Peak. Figure reproduced
from [5]

specific volumes that must be taken into account during planning, since there is usually
a limit on how much dose these organs can tolerate before having adverse effects on
the patient. Manual delineation of these volumes by an observer is a time consuming
process [6–8]. However, there are options to do the delineations automatically using
auto-contouring software and this can reduce the time [7, 8].

An example of auto-contouring software is based on the use of an atlas [9]. An atlas
is a medical image of a different patient that has already been delineated. This medical
image and its delineations will be warped to fit the current patient. Then, depending on
the situation, some corrections might be necessary to finalize the delineations for the
current patient.

A structure set contains all the delineated volumes of a patient. A treatment plan will
be developed for this structure set. This plan will try to achieve the goal of delivering a
high dose to tumors (GTV, CTV, PTV) while minimizing the dose to normal tissue such as
the OARs. It starts by setting the treatment goals for each volume, and then the treatment
planning software will use these goals and structure sets to determine the dose delivery
and distribution within the patient. The dose distribution will be evaluated and, depend-
ing on the outcome, the plan will be accepted or the treatment goals will be adjusted and
a new plan will be created for the new input.

The treatment plan can also be adjusted during treatment. With adaptive radiation
therapy (ART), the plan can be modified based on possible variations in patient anatomy
that might occur during the treatment period and can be performed between treatments,
right before treatment or even during treatment [10]. This might require additional scans
and new delineations. Depending on time constraints, the delineations can be made
manually or automatically.

Based on this workflow, it becomes clear that delineations are one of the first steps
taken in radiotherapy to cure a patient. Therefore, any errors or uncertainties made in
this step will spread throughout patient treatment [4]. Furthermore, as dose delivery be-
comes more accurate and precise, the need for accurate volume delineations increases
even more [11, 12]. As shown by the Bragg peak of protons in Figure 1.1, a small inac-
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GTV CTV PTV OAR

Figure 1.2.: Examples of the different volumes of interest that will be delineated on med-
ical images. For this thesis the focus is on the clinical target volume (CTV)
and the organs at risk (OAR).

curacy can have a noticeable impact on dose delivery. Even during ART, repeated delin-
eations may still contain uncertainties depending on the situation.

1.3. UNCERTAINTIES IN RADIOTHERAPY
There are many different reasons for the uncertainty in the delineation. Most of them
can be categorized as inter- or intraobserver variability (IOV). This refers to the differ-
ence in delineations between different observers or the difference between the delin-
eations of the same observer at different times, respectively. These differences in turn
have different causes. There can be a difference in experience, knowledge, and/or train-
ing. It can also be influenced by the type of imaging and the quality of these images;
in addition, there can be different interpretations of these images. There is not always
a guideline available and there are sometimes multiple guidelines that lead to different
results. These guidelines can also be interpreted differently. The various factors will be
explained in more detail in Section 2.1.2.

There are multiple different steps being taken to reduce IOV. Some of the steps focus
on improving knowledge and experience through teaching to various degrees of success
[13]. Other steps focus on creating guidelines that can be followed [14, 15].

There is also the possibility of using automatic contouring instead of manual contour-
ing. This should lead to more consistent delineations and, therefore, limited IOV; how-
ever, these can have their own type of delineation uncertainties. The atlas is subject to
the same type of uncertainty as mentioned above. Therefore, these uncertainties can be
warped for the new patient.

1.4. RESEARCH QUESTION
The previous section has explained how uncertainties can be present and how they can
affect the general workflow and treatment of patients. Now the next step is to determ-
ine what the actual effects are of these uncertainties. Without knowing the effects, it is
difficult to estimate if the uncertainties give actual reason for concern. The effect will be
investigated for two different situations.
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In the first situation, the dose distribution of the nominal plan for the nominal struc-
ture set will be calculated and kept constant. The volumes of interest will then be mod-
ified to represent possible uncertainties and result in a new structure set. The dose
delivered to this new volume will be calculated. This gives insight into possible con-
sequences for the actual dose that is delivered to a volume. Therefore, the first research
question is: "What is the dosimetric effect of delineation uncertainties for a fixed dose
distribution?".

The second situation will use the same structure set of the first situation; however,
the plan will be re-optimized for this new structure set. This gives a re-optimized dose
distribution for this modified structure set. This gives insight into how uncertainties in
volume A can affect the dose delivered to volume A, but also how uncertainties in volume
B can affect the dose delivered to volume A. Therefore, the second research question is:
"What is the dosimetric effect of delineation uncertainties for a reoptimized dose distri-
bution?".

To find an answer to these questions, it is necessary to first characterize the uncer-
tainty of the delineation. The volumes of interest can then be modified to simulate a
possible uncertainty. This will result in the new structure sets that can be used in a fixed
dose distribution or as the input for a new re-optimized dose distribution. This will result
in a dose distribution that can be connected to a specific set of uncertainties in volumes
of interest. A relation between the dose distribution and uncertainties in volumes of
interest can then be found and used to answer the research questions.

1.5. THESIS STRUCTURE
After this general introduction, the theory will be discussed in Chapter 2. Chapter 3 will
cover the methods and material used in this thesis. Results will be presented in Chapter
4 and those results will be discussed in Chapter 5. Finally Chapter 6 will contain the
conclusion and recommendations for future research.



2
THEORY

2.1. DELINEATION UNCERTAINTY
This section will discuss the causes and factors that influence the uncertainty of the de-
lineation and how these uncertainties can be characterized.

2.1.1. CAUSES OF DELINEATION UNCERTAINTIES

Delineation uncertainties are found in the form of inter- and intraobserver variability
(IOV) [16]. Interobserver variability refers to the variability between the delineations of
the same patient, made by different observers at the same time. Intraobserver variability
refers to the variability between the delineation of the same patients, made by the same
observer but at different times. There are several factors that can influence IOV [4]:

• Ground truth;

• Guidelines;

• Experience and knowledge;

• Image quality and modality.

GROUND TRUTH

A lack of ground truth makes it difficult to investigate IOV and is also the reason there
is IOV. Therefore, a reference volume is necessary to estimate the IOV [17]. A delineated
volume is a collection of voxels. A voxel is a volume element in, for example, a CT scan.
The dimensions of the voxel depend on the machine settings. A reference volume can be
created by using different approaches of either selecting delineations or more specific-
ally selecting which voxels to include in a reference volume.

One approach relies on using a manual delineated contour; however, this contour
can also contain an IOV. The influence of IOV can be minimized by creating a reference
volume using multiple inputs from different observers. This can be a simple consensus
between different experienced observers, or all of their delineated contours are taken

5
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into account, and the reference volume is included based on probability. A voxel is in-
cluded in a volume if it is included in at least x% of all delineations, where x must be
greater than a predetermined threshold.

A different option uses the STAPLE algorithm [18]. The algorithm will take multiple dif-
ferent delineated contours as input and estimates an optimal combination to create this
reference volume. Initially it is similar to the probability approach; it takes all delineated
contours equally into account and creates a reference volume. Then each delineated
contour is rated for accuracy compared to the reference volume; this accuracy score is
used to give more weight to more accurate contours and less weight to less accurate con-
tours. Now a new reference volume will be created by using the weighted delineated
contours. This process is repeated until the reference volume is constant.

GUIDELINES

Guidelines can affect the magnitude of IOV. IOV can be reduced when the different ob-
servers use the same guidelines [19]. A variation that also decreases the IOV uses an auto-
matically delineated contour as a base that observers can manually edit [20]. The effect-
iveness of the guidelines also depends on the interpretation of the observer and which
guideline is used. Different guidelines can lead to different delineations [21]. Training
can also affect IOV, but the degree of effectiveness varies depending on the type of train-
ing intervention [13].

EXPERIENCE AND KNOWLEDGE

The experience and knowledge of the observer also affect IOV [22]. The delineation of a
target volume relies on the estimation of the observer on what tissue is a tumor. It is also
possible that more experienced observers delineate smaller volumes than less experi-
enced observers [23]. Furthermore, the agreements between contours can depend on
the level of experience, where more experienced observers can have higher agreements
with each other [24].

IMAGE QUALITY AND MODALITY

The last factor that can affect IOV is the quality of the image and the type of image [25].
IOV can differ depending on the imaging modality used [26]. This may be due to the
quality of the image, but also depends on the interpretation of the image by the observer
[27]. However, a lower IOV for a particular imaging modality does not necessarily mean
it is superior, because there may be a lack of training that influences the IOV [17].

2.1.2. CHARACTERIZING DELINEATION UNCERTAINTIES

The metrics used to characterize delineation uncertainties can be divided into different
groups [17].

• Comparisons of volume or center of mass;

• Measures of overlap;

• Distance-based.
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Volume comparisons consist of measurements or ratios between volumes of different
delineations. It is a relatively simple metric that can be used to characterize uncertainty;
however, it does not provide information on the location of volumes. A high agreement
in this metric can still have a high IOV. This is also true for comparisons of the center of
mass.

The overlap of measures usually consists of a ratio between unions, intersections, or
total volumes. An example is the Dice-Similarity Coefficient (DSC) defined as 2·(A∩B)

A+B
which is the ratio between the intersection of volumes A and B and the total volume of
A and B. A perfect overlap would give DSC = 1. As the value decreases to zero, the agree-
ment between the two volumes decreases. These types of metric give more information
regarding the location of the volumes and relative size of the volumes, but there are lim-
itations, since it is insensitive near the edges, especially for larger volumes. Furthermore,
these metrics may not be as useful in determining the difference in dose delivered [28,
29].

On the other hand, distance-based metrics are more sensitive to errors near the edges
[30]. A common example is the Hausdorff distance. The Hausdorff distance is defined
by finding the shortest distance between contour A and contour B for every point on
contour A. From this group, the largest distance is the Hausdorff distance. Alternatives
are to take a percentile such as 95% or the mean. A smaller Hausdorff distance indicates
a better agreement. Distance-based metrics do not necessarily correlate with overlap
measures and therefore might be complementary [28, 30].

2.2. MODELING DELINEATION UNCERTAINTY
This section will discuss several methods found in the literature to model uncertainty or
incorporate uncertainties in the planning process. First, several different (an)isotropic
margin recipes will be discussed, followed by models based on image contrast. Finally,
the rolling ball algorithm will be discussed, including the traditional approach and the
modifications that are used for the application within this thesis.

2.2.1. MARGIN RECIPES

A traditional approach to incorporate and model uncertainties involves the use of mar-
gin recipes to expand the CTV, to create the PTV. An example approach was to make this
expansion depend on the different errors that can occur, such as motion, setup, and de-
lineation errors. [31]. In this recipe, a combined standard deviation for each x-, y-, and
z-component is calculated according to Equation 2.1. Σ2

m represents the standard devi-
ation due to motion, Σ2

s represents the standard deviation due to setup errors, and lastly
Σ2

d represents the standard deviation due to delineation errors. In addition, the recipe
also includes a collective combined random error for the possible random errors due to
motion and setup.

Σ2 =Σ2
m +Σ2

s +Σ2
d (2.1)

As stated above, this recipe is used to expand the CTV into a PTV. This is limited to
tumors; however, there is an analogous expansion of the planning risk volume for some
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organs at risk [32]. However, this has limited use for modeling uncertainty insofar only
expansion is possible, where as delineation uncertainties can involve expansion and re-
duction at parts of the delineation. Furthermore, PTVs are not used in proton therapy.

In contrast to the previous margin recipe, which involves an expansion of the CTV
based on Cartesian coordinates, Bell et al. researched a delineation margin for whole
breast radiotherapy [33] using polar and spherical coordinate systems. The patients were
divided into different groups according to the size of the CTV volume. These groups were
labeled as small, medium, and large. A margin was created by calculating the standard
deviation. The standard deviation was the difference between the radius of the contour
of a specific patient for a specific angle and slice and the average value of the radius of
the contour at the same angle and slice. The average value was taken over the entire
data set, but also for each separate group labeled as small, medium, and large. There-
fore, four different standard deviations were used to create four different margins. Their
findings concluded that their approach was better than the conventional approach for
larger target volumes.

2.2.2. ALTERNATIVE MARGIN STRATEGY

Bernstein et al. propose an alternative margin strategy [34]. In their approach, the clini-
cian delineates two sets of GTV as shown in Figure 2.1.

GTV Inner

GTV Outer

Figure 2.1.: An illustration of the alternative margin recipe [34]. Each full circle repres-
ents a GTV. The dashed red circle represents the delineated GTV based on a
probability distribution.

These sets are called GTV Inner and GTV Outer. The GTV Inner is smaller than the
GTV Outer and is fully within the GTV Outer. The GTV Inner contains all voxels of which
the clinician is 100% certain that it is part of the target volume. Voxels outside of GTV
Outer are voxels for which the clinician is 100% sure that they are not part of the target
volume. The remaining voxels are between these two GTVs and include all voxels for
which the clinician is not 100% certain if it is a part of the target volume. The clinician
has to choose a probability density function (PDF) based on his expectations of where
the real boundary of the GTV is located. The chosen PDF can bias the real boundary to
be closer to either GTVs or could be uniform or Gaussian distributed.

Regardless of the chosen PDF, the PDF will depend on the voxel that is between the
two GTVs and on the total path length. The total path length is the sum of the shortest
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distance from that voxel to GTV Inner and the shortest distance from that voxel to GTV
Outer. The PDF is normalized so that along the path starting from GTV Inner to the voxel
to GTV Outer, there is exactly one voxel that is on the boundary of the real GTV. This is
represented by the dashed red contour in Figure 2.1. This approach benefits from only
needing a single clinician, but the downside is that it requires twice as many delineations
made by a single person. Furthermore, as the authors state themselves, the delineation
uncertainties are still influenced by the same general factors mentioned in Section 2.1.2.
Also, like the other margin recipe, this is focused on target volumes and does not include
OARs.

2.2.3. AVERAGE-SURFACE-OF-STANDARD-DEVIATION

Xu et al. model the delineation uncertainties using average-surface-of-standard-deviation
(ASSD) [35]. Their model assumes that the source of the delineation uncertainties lies in
the perception of image contrast. The uncertainty was modeled as a random perturba-
tion scaled by a factor dependent on the intensity gradient of the CT image for that spe-
cific voxel. A larger intensity gradient results in a smaller magnitude of the uncertainty,
and a lower intensity gradient results in a larger uncertainty in that voxel.

Aliotta et al. also used the ASSD model to simulate the uncertainty of delineation[36].
Their approach was similar insofar as the magnitude was dependent on the intensity
gradient of the CT image in that voxel. The difference was in the magnitude of the ran-
dom perturbation, which included three different values. The random perturbation was
2 mm, 5 mm, or 10 mm.

The delineation uncertainty was investigated in isolation and in combination with dif-
ferent setup errors. The generated delineation with an initial perturbation of 2 mm and
5 mm was considered realistic; however, the delineation that started with an initial per-
turbation of 10 mm was considered less realistic. Furthermore, their findings concluded
that a small uncertainty of the delineation in an OAR close to a target volume led to clin-
ically significant differences in the quality of the plan. However, if the OARs were not
close to a target volume, only 5mm and 10mm led to significant differences in plan qual-
ity. Furthermore, these findings were for situations in which the delineation uncertainty
was investigated in isolation. However, the impact decreased when the setup errors were
taken into account.

2.2.4. ROLLING BALL ALGORITHM

Traditionally, the rolling ball algorithm (RBA) is used to expand the CTV to PTV [37], as
shown in Figure 2.2. RBA would essentially be used as a margin recipe, where an iso-
tropic expansion would be applied to the CTV. The expansion would depend on the ra-
dius of the ball. The method is shown in Figure 2.2. A ball of chosen radius R would roll
around the CTV to apply an isotropic expansion of 2 ·R.

A variation would involve setting up the confidence ellipsoid for translations around
the center of the CTV and then moving the entire CTV while keeping the center within
the range of the ellipsoid [38]. The confidence ellipsoid can contain the possible transla-
tions for the x, y, and z components, as well as the possible rotation uncertainties. This
approach is equivalent to rolling the same ellipsoid around the CTV boundary.
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CTV

PTV

Figure 2.2.: Example of rolling ball algorithm applied to a CTV. The CTV is expanded by
the diameter of the ball to a PTV.

This thesis will also use RBA. The traditional approach creates a PTV large enough to
be x% sure that the CTV is contained within that volume. The modified approach of this
thesis uses the RBA to model uncertainties for a specific delineation. It features both
expansion and reduction of any delineation by allowing for positive and negative val-
ues of the radius R. The approach can be used for both target volumes and OARs. The
magnitude of the radius will always be in millimetres. The radius of the ball can have dif-
ferent values for different volumes for the same structure set. For each structure set the
dose distribution will be calculated. Then confidence intervals can be set to determine
the dosimetric effect of a specific uncertainty.

2.3. GENERAL TREATMENT PLANNING
This section will first discuss treatment planning in general. It is followed by an introduc-
tion to the treatment planning software iCycle.

2.3.1. TREATMENT PLANNING

The goal of radiation therapy is to maximize the dose to the target volume while minim-
izing the dose to normal tissue [39]. The process starts by making the necessary images,
usually CT images, to characterize the anatomy of the patient. The target volume and
the OARs will be delineated in these images. Then specific treatment goals will be set for
different volumes. Target volumes tend to have a minimal prescribed dose, while OARs
will have a maximum allowable dose.

Treatment planning software will use these delineations and treatment aims to de-
termine the correct dose delivery and dose distribution. The software will determine
the direction, number, intensity, and angle of the beams. This will also give a calculated
dose distribution. Depending on the outcome, the plan is accepted or adjustments must
be made to the treatment goals until an acceptable plan is formed.

2.3.2. ICYCLE

The previous section described a more manual approach to treatment planning based
on trial-and-error; however, iCycle generates treatment plans automatically based on a
user-chosen wish-list [40]. Each wish-list contains constraints and objectives for differ-
ent volumes. Every constraint has to be met, while the objectives are optimized accord-
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ing to their priority. For proton therapy, iCycle will choose the optimal locations and
intensities of the pencil beam [41].

Originally an iterative loop would be used to select optimal pencil beams [40, 41], how-
ever, this thesis used a more recently developed method of spot selection. 20,000 spot
candidates are uniformly distributed and the optimized spot weights are chosen based
on a weighted-sum cost function that is derived from the wish-list. 20% of the spots
with the highest monitor units are selected for optimization. Spots that fall below a min-
imum monitor unit threshold during optimization are removed and followed by a re-
optimization. The end result will be a Pareto optimal plan, which is a plan that cannot
improve performance in a criteria without sacrificing performance in a different criteria.

The optimization method consists of two phases [42]. At first, it starts to create a plan
that achieves the first objective within the limitations of the original constraints. After
each optimization of an objective, it will become a constraint that will be used to optim-
ize the next objective. Therefore, higher priority objectives are subject to less constraints
than lower priority objectives. In the second phase, the objectives that have met the goal,
but could be further optimized, will be optimized again. This process also occurs on the
basis of the priority order.

Furthermore, it is possible to use robust treatment planning with iCycle. As stated in
section 2.2.4 the concept of PTV is not used in proton therapy [43]. PTV is based on
the static dose cloud approximation, which is true for photons [44]. Small shifts have
a limited impact on the dose. This is not true for protons. Range or setup errors can
have a noticeable impact on the dose distribution [43]. This can be handled by using
robust treatment planning. Robust treatment planning creates plans for different error
scenarios. Each error scenario will usually contain a setup error in one direction and
may contain a range error.

An example of robust treatment planning could calculate the dose distribution for 19
scenarios. One scenario for the nominal situation without errors. 6 scenarios for the
maximum setup error in the positive/negative x, y, z directions with zero range error.
Those last 6 scenarios will then be repeated for a different range error. In this example
a maximum positive range error and a maximum negative range error. Then a minimax
optimization is used to minimize the penalty in the worst performing scenario [45].

2.4. THEORY OF POLYNOMIAL CHAOS EXPANSION

In this section, the theoretical basis of Polynomial Chaos Expansion (PCE) is introduced.
This will be used to quantify the dosimetric effects of the delineation uncertainties men-
tioned in Section 2.1.2. PCE is a spectral modeling approach to quantifying uncertainty.
Spectral methods (re)construct the dependence of the response on a set of random vari-
ables. Equation 2.2 shows the general expression of the dependence [46].

R (⃗ξ) =
∞∑

k=0
rkΨk (⃗ξ) (2.2)

In equation 2.2 R is the solution dependent on the random set of variables ξ⃗. Ψk are
basis vectors and rk are the corresponding coefficients.
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Although Equation 2.2 shows the general expansion of an infinite sum, the sum has
to be limited to a finite number for computational reasons [46]. Equation 2.3 shows the
expansion that will be used for this thesis. This limits the infinite sum to P +1. R refers
more specifically to the responses of interest, Ψk are the polynomial chaos(PC) basis
vectors, and rk are the polynomial chaos coefficients(PCC).

R (⃗ξ) =
P∑

k=0
rkΨk (⃗ξ) (2.3)

The variability of R as a function of the random variables ξ⃗ will be investigated. ξ⃗ =
(ξ1, · · · ,ξN ) ∈ RN are the input variables and the total N determines the number of di-
mensions. This vector has a joint probability density function p

ξ⃗
. The random variables

are assumed to be independent and therefore the joint probability density function will
be the product of each individual distribution. This leads to p

ξ⃗
(⃗ξ) =∏N

j=1 pξ j (ξ j ).

2.4.1. PC BASIS VECTORS

The P +1 PC basis vectors Ψk need to be defined and the corresponding PCC rk needs to
be calculated. A polynomial family will be chosen for each random variable ξ j . The poly-
nomial family will be chosen using the Wiener-Askey scheme [47]. This scheme states
that the polynomial family orthogonal to the probability distribution pξ j of ξ j is the op-
timal choice. Legendre polynomials are the optimal choice for random variables with a
uniform distribution.

Continuing with the example of Legendre polynomials, the PC basis vectors can be

written as Ψk

(⃗
ξ
)
= ∏N

j=1 Pγk, j (ξ j ). Here P is the Legendre polynomial for the random

variable ξ j and the order is determined by γk, j , where γ⃗k = (γk,1,γk,2, · · · ,γk,N ). Equation
2.4 shows the complete base set for a specific order O. A complete set contains P +1 =
(N+O)!
(N !O!) basis vectors.

Γ(O) =
{

N∏
j=1

Pγk, j (ξ j ) :
N∑

j=1
γk, j (ξ j ) ≤O

}
=

{
Ψk (⃗ξ) :

N∑
j=1

γk, j (ξ j ) ≤O

}
(2.4)

It is possible to reduce the full set to a sparse set by eliminating higher-order multidi-
mensional PC vectors. This is possible on the basis of the principle of sparsity of effects
[48]. The principle states that most responses are caused by the main parameters or low-
order interactions; therefore, it is possible to remove the higher-order interactions with
limited effect on the response.

∥∥γ⃗k
∥∥

q ≡
(

N∑
j=1

γ
q
k, j

)1/q

(2.5)

Equation 2.5 shows the quasi-norm, where only the orders for which
∥∥γ⃗k

∥∥
q ≤ O is

valid are kept. With q ∈ (0,1] dictates which orders are eliminated. For q = 1, none of the
orders are eliminated and the whole set is used. As q goes to zero, more higher orders
are eliminated.

Whether the full or reduced set of PC basis vectors is used, the set will be orthogonal
to each other with respect to the joint probability distribution p

ξ⃗
(⃗ξ). Equation 2.6 shows
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the value of the inner product of two PC basis vectors. hk is the norm of Ψk (⃗ξ) and δk,l

is the Kronecker delta.

〈
Ψk (⃗ξ),Ψl (⃗ξ)

〉
= h2

kδk,l (2.6)

2.4.2. EXPANSION COEFFICIENTS

The PCCs rk will be calculated using non-intrusive spectral projection. The method is
non-intrusive since it depends on the actual output R of specific realizations of ξ⃗ [46].
Therefore, the actual model used to calculate the output R can be treated as a black box,
and no adjustments to the model are necessary [49].

Equation 2.7 shows how the PCCs will be calculated. The denominator is simplified
using Equation 2.6. The integral will be approximated using a cubature formula. The
cubature formula will be built using quadratures.

rk =
〈

R (⃗ξ),Ψk (⃗ξ)
〉

〈
Ψk (⃗ξ),Ψk (⃗ξ)

〉 =
∫

D R (⃗ξ)Ψk (⃗ξ)p
ξ⃗
(⃗ξ)d (⃗ξ)

h2
k

(2.7)

Equation 2.8 shows how the integral for a function f (ξ j ) dependent on the random

variable ξ j can be approximated by a quadrature. The quadrature points are ξ(i )
j ,lev ∈

[a,b]. ω(i )
lev ∈ R are the weights. These depend on the probability density function pξ

and the quadrature rule. To distinguish between different levels of accuracy between
quadratures, the level index lev is used. The accuracy increases as lev increases. The
total number of function evaluations nlev also increases as lev increases.

I (1) f =
∫b

a
f (ξ j )p(ξ j )(ξ j )dξ j ≈Q(1)

lev f =
nlev∑
i=1

f
(
ξ(i )

j ,lev

)
ω(i )

lev (2.8)

For this thesis, the chosen quadrature rule is Gauss quadratures. Gauss quadratures
are accurate for polynomial orders up to 2 ·nlev −1 [50]. The relation between the level
index and the function evaluations is nlev = 2 · lev −1. Therefore, the Gauss quadratures
will be accurate up to a polynomial order of 4 · lev −3.

As stated before, the cubature formula is built from the quadratures. This is done by
tensorization. Equation 2.9 shows the different form of equation 2.8 but now for N dif-
ferent random variables. In this thesis, the same level index will be used for all variables,
therefore lev1 = lev2 = levN = lev . Then Equation 2.9 also shows a problem of how
the total number of points and the number of function evaluations scale. Function eval-
uation scales with nN

lev where N is the number of input variables. As the number of
variables increases, the number of function evaluations increases exponentially. This is
the curse of dimensionality [46]. This effect can be limited by using sparse grids, which
reduces the function evaluations by decreasing the number of quadrature points.
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I (N ) f ≈Q(N )
lev f =

(
Q(1)

lev1
⊗·· ·⊗Q(1)

levN

)
f

=
nlev1∑
i1=1

· · ·
nlevN∑
iN=1

f
(
ξ

(i1)
1,lev1

, · · · ,ξ(iN
N ,levN

)
ω

i1
lev1

· · ·ωiN
levN

=
n∑
i

f
(
ξ⃗(i )

)
ω(i )

(2.9)

2.4.3. SPARSE GRIDS

Sparse grids follow a logic similar to that of the set of reduced PC basis vectors. The
principle of sparsity of effects also applies in this situation [48]. Therefore, higher-order
grids can be left out with a similar method to that used in Equation 2.5.

First, the difference formula needs to be defined, and then the quadrature rules need
to be rewritten as the sum of these difference formulas. Equation 2.10 shows the defin-
ition of the difference formula and Equation 2.11 shows the rewritten form of the quad-
rature formulas for 1 variable and the complete tensorization for N variables.

∆(1)
lev f =Q(1)

lev f −Q(1)
lev−1 f

Q(1)
0 f = 0

(2.10)

Q(1)
lev f =

lev∑
l=1

∆(1)
l f

Q(N )
⃗lev

f =
lev1∑
l1=1

· · ·
levN∑
lN=1

(
∆(1)

l1
⊗·· ·⊗∆(1)

lN

)
f

(2.11)

⃗lev = (lev1, · · · , levN ) is the vector containing the different levels for each input vari-
able. Combining with the new multi-index l⃗ = (l1, · · · , lN ), equation 2.11 can be rewritten
in a more general form, as shown by equation 2.12. I (lev) refers to the collection of grid
points based on the level index lev .

Q(N )
lev f = ∑

l⃗∈I (lev)

(
∆(1)

l1
⊗·· ·⊗∆(1)

lN

)
f

= ∑
l⃗∈I (lev)

∆(N )

l⃗
f

(2.12)

Then the Smolyak sparse grid can be defined according to Equation 2.13. The inten-
tion of using Smolyak sparse grids is to reduce the number of points and as a result de-
crease the computation time. In addition to the Smolyak sparse grid, there is also the
extended Smolyak sparse grid.

I Smol y ak (lev) =
{⃗

l :
N∑

j=1
l j ≤ lev +N −1

}
(2.13)
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The extended Smolyak sparse grid slightly increases the number of points to increase
the accuracy of the response. This is done by replacing the highest 1D grid order with an
extended grid, as shown by Equation 2.14.

l j = lev +N −1

l j = lev +N −1+ levextr a
(2.14)

Figure 2.3 shows a comparison between a full grid for lev = 5 and a sparse grid for
the same lev . The full grid contains 441 points, while the sparse grid contains 97 points.
Extension has not been applied to the sparse grid; however, if the grid was extended by 1
level, the number of points would have increased to 101.

(a) Full grid. (b) Sparse grid.

Figure 2.3.: A comparison of a full grid and sparse grid for lev = 5 and two input variables.
The sparse grid is not extended. Full grid contains 441 points and the sparse
grid contains 97 points.

2.4.4. PROJECTION & REGRESSION

Now Equation 2.7 can be solved. The integral can be solved using equation 2.12 and
substituting the general function f with RΨk . This leads to equation 2.15. Choosing the
level index, also called grid order (GO), will determine the accuracy. The weights and
grid points depend on the choice of (extended) Smolyak sparse grid. The response R is
the real response for the random variable determined by the points on the grid. All of
this can be combined with the basis vectors chosen to calculate the PCC.

rk = 1

h2
k

∑
l⃗∈I Smol y ak (lev)

∆(N )

l⃗
(RΨk )

= 1

h2
k

n∑
i

R
(⃗
ξ(i )

)
Ψk

(⃗
ξ(i )

)
ω(i )

(2.15)
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In addition to projection, the coefficients can also be calculated using a regression
method [46]. This thesis will also calculate the PCCs using a least-squares minimization
problem.

The real model is replaced by an alternative model with an expansion similar to that
of Equation 2.3. The grid points used for projection will also be used for regression.

R̂ (⃗ξ) =
P∑

k=0
r̂kΨk (⃗ξ) (2.16)

The solution is found by minimizing Equation 2.17 where the sum is taken over all
points of the grid M .

M∑
i

(
R (⃗ξ(i ))− R̂ (⃗ξ(i ))

)2
(2.17)

The equation to be solved can be rewritten as shown by equation 2.18. Here Z is a
matrix and each element Zi j =Ψ j

(
ξ(i )

)
.

(
Z t Z

)
R̂ = Z t R

R̂ = (
Z t Z

)−1
Z t R (⃗ξ)

(2.18)



3
METHOD

This chapter will cover the methods and data used. First, the patient data will be dis-
cussed. This contains information on the data, volumes of interest, and the wish-list
and robustness parameters. The next section will explain how the rolling ball algorithm
is applied in modeling the delineation uncertainty. This is followed by an explanation of
the parameters that will be used to construct the PCE models, what the responses of in-
terest are, and how the models will be validated. The chapter ends with sections covering
the characterization of the dosimetric effects of the uncertainty of the delineation.

3.1. ICYCLE & PATIENTS

3.1.1. PATIENT DATA

There are three sets of patient files that are being used and are differentiated by referring
to their patient ID number. Figure 3.1 contains the three volumes of interest. For each
patient, that is, the high-dose clinical target volume (CTV), the brain stem, and the spinal
cord. The target volume is close to the brain stem and spinal cord. Other target volumes
and organ at risk (OAR) are delineated; however, these remain constant. CT scans have a
resolution of 0.9766 x 0.9766 x 2.0 mm. There are 192 slices, and each slice is 511 by 192
voxels.

(a) Patient 2 (b) Patient 69 (c) Patient 155

Figure 3.1.: The three structures of interest for all three patients. Green is the high-dose
clinical target volume, purple is the spinal cord and dark blue is the brain
stem.

17
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3.1.2. WISH-LIST

Table 3.1 shows the constraints and objectives for the CTV, brain stem, and spinal cord.
As stated in Section 2.3.2 constraints must be met, and the objectives are optimized in
priority order [40]. The same wish-list is used for all patients. There is a goal for the
objectives, however, with the new method only objectives for the target volume will be
optimized towards the specific goal. Other objectives will focus only on minimizing the
dose. This affects the objectives of the brain stem and spinal cord. The prescribed dose
for the high-dose CTV is 70 Gy and 54.25 Gy for the low-dose CTV. Serial_OARs refers to
the OARs and they are expanded by 15 mm. Therefore, there are two different CTV_7000
volumes, one that does not overlap with expanded OARs, and one that does. The CTV
that does not overlap with the expanded OARs has a minimum dose constraint, while
the CTV that does overlap with the expanded OARs has an objective.

iCycle will calculate the dose distribution for a total of 19 scenarios per structure set.
One nominal scenario and 18 error scenarios. Each error scenario contains the largest
setup error in either the x, y, or z direction and may contain a range error. The setup error
is 3 mm and the range error is 3%.

Priority Volume Min/Max Type Goal [Gy]

Constraint Brainstem_Surf Minimize (maximum) linear 60
Constraint Brainstem_Core Minimize (maximum) linear 54
Constraint SpinalCord_Surf Minimize (maximum) linear 60
Constraint SpinalCord_Core Minimize (maximum) linear 50
Constraint CTV_7000_substract_Serial_OARs_expanded Maximize (minimum) linear 67.9
Constraint CTV_7000 Minimize (maximum) linear 95
Objective CTV_7000_AND_Serial_OARs_expanded Maximize (minimum) linear 67.9
Objective CTV_7000 Minimize (maximum) linear 53.2
Objective Brainstem Minimize (maximum) linear 30
Objective SpinalCord Minimize (maximum) linear 30

Table 3.1.: Constraints and objectives on the high-dose clinical target volume, brain stem
volumes, and spinal cord volumes. Other constraints and objectives are not
shown.

3.2. ROLLING BALL ALGORITHM

The starting point for the algorithm is the structure set contained in the DICOM files. A
volume of interest is represented by a collection of N connected points. The coordinates
of every point are stored in the DICOM files as a vector of length 3N. The points are
connected on the basis of their order in the vector. The points will form a closed contour.
The goal of the algorithm is to expand or shrink the contour, which involves displacing
the points in the desired direction. A positive radius R expands the contour by R, and a
negative radius shrinks the contour by R.
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DIRECTION OF THE POINTS

First, the desired direction must be determined. This is done by finding the vectors that
points from a point Pn of the contour to a point Pn+1 for every point. Then this vector
will be rotated counterclockwise with a rotation matrix to get the normal to this vector
and then normalized to form the unit vector. The correct direction of the unit vector de-
pends on the sign of the radius R and if the points P are ordered in a (counter)clockwise
direction.

The direction of the points can be (counter)clockwise and, within the patient data sets,
there is no consistent direction between slices of the same volume. The direction of the
points is determined using a geometric solution by calculating the light blue area en-
closed by the contour shown in Figure 3.2. If the sign of the area is positive, the direction
of the points is clockwise. Otherwise, it is counterclockwise. For each point P on the con-
tour, the vector toward the point P +1 is calculated. If the vector points in the positive
x-direction, then that line segment will have a positive area under the curve, else it has
a negative area under the curve. With this approach, a positive enclosed area indicates
clockwise direction and a negative enclosed area indicates counterclockwise direction.

Figure 3.2.: Geometric method to determine the clockwise direction of the contour.
Thick dark blue represents the contour with points in a clockwise ordering.
The area under each line segment is calculated and the metric of interest is
the sign of the light blue area. If the sign of the blue area is positive, the dir-
ection is clockwise. If the sign is negative, the direction is counterclockwise.

CREATING AND INSERTING NEW POINTS

Now, every point will have two unit vectors pointing in the desired direction, one unit
vector per connected line segment. This is used to create two new collections of points.
A collection of points where the nominal points are translated by unit vectors that be-
long to the line segments of the point Pn−> Pn+1. The other collection where the nom-
inal points are translated by the unit vectors belonging to the line segments from point
Pn−1−> Pn . This translation then results in two different types of situation, as shown in
Figure 3.3. Each situation has a different problem that needs to be solved. The differen-
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tiation between the two situations depends on the angle between two connecting line
segments. Therefore, all angles are found to filter out the two different situations.

(a) (b)

Figure 3.3.: Two different situations after the initial expansion. The black line segments
represents the nominal contour. The red line segments represent the initial
translation by the radius R. In both cases new points need to be generated by
the two translated points. For angles smaller than 180°, the new points have
to be created by intersection. For the remaining angles, these points need to
be interpolated.

The problem in Figure 3.3a is that there are new points for which the distance between
the point and a nominal line segment is smaller than the radius |R|. In both cases, the
points need to be removed and replaced to maintain the correct shape. For every nom-
inal point that belongs to this situation, the intersection between the two red line seg-
ments is calculated and inserted between the two points to maintain the correct order of
the points. The removal of points will be done in a later step.

The problem in Figure 3.3b is that there is a gap between the red line segments. DICOM
will connect these directly, but then the distance between that line segment and a nom-
inal point is less than the radius |R|. The solution is to insert a collection of points along
an arc of radius R with the nominal point at its center. The computation time and ac-
curacy of the contour scale with an increase in points. For this thesis, an additional 15
evenly distributed points will be inserted.

REMOVING INVALID POINTS

The current approach will create invalid points that need to be removed. A new point is
invalid if the distance between the new point and the nominal contour is smaller than
|R|. The points are invalid since every point on the new contour need to be a distance
R away. These points will be removed in a two step process. First the distance between
every new point and every nominal point is calculated. If there is a distance smaller
than |R|, the corresponding new point is removed. Then for the remaining new points,
the distance between that point and a nominal line segment is calculated. If there is a
distance smaller than |R|, then that point is removed.
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3.3. POLYNOMIAL CHAOS EXPANSION

This section will cover how polynomial chaos expansion (PCE) will be used in this thesis.
PCE is used to model the Dose Volume Histogram (DVH) of the CTV and brain stem.
Additionally, it is also used to model the dose distribution when the dose distribution
is re-optimized. The subsections have been divided into the construction of the PCE
model in 3.3.1 and model validation in 3.3.2.

Instead of creating separate sections for fixed and reoptimized dose distributions, each
subsection will cover both due to the significant overlap in the methods.

3.3.1. BUILDING PCE MODEL

The PCE models are built with the OpenGPC package in Matlab [49, 51]. Each model
requires a specific grid order (GO), extra level (EL), polynomial order (PO), trimming,
and random distributions for every input variable. EL was fixed at 1 for all models and
trimming was not used. GO was in the interval of [3,6] for a fixed dose distribution and
[3,5] for re-optimized dose distributions. PO was always 1 larger and therefore ranged
from [4,7] and [4,6], respectively.

There were a total of two random distributions that were used for fixed and re-optimized
dose distributions. Both input variables had a uniform distribution. The first input vari-
able represented the uncertainty in the CTV delineation and was in the interval of [-5
mm, 5 mm]. The second input variable represented the uncertainty in the brain stem
and was in the interval of [-2 mm, 2 mm].

As stated above, each GO requires a different number of grid points, and the points
themselves might also be different. A sparse grid has been chosen for all models. For
each point on the grid, there are combinations of radii that are chosen from the two
random distributions. These radii are then used in the rolling ball algorithm to modify
the delineations, and this results in a new structure set. The remaining steps will depend
on whether the dose distribution is kept constant.

If the dose distribution is fixed, then the new DVH of the CTV and the three volumes of
the brain stem will be calculated and used to build the PCE model. Spinal cord volumes
are not included because these volumes are constant. Therefore, DVH cannot change
because the dose distribution is also kept constant. The dose distribution used to calcu-
late the new DVH is always the dose distribution that belongs to the nominal structure
set.

If the dose distribution is re-optimized for the new structure set, then the new DVH of
the CTV, the three volumes of the brain stem and the three volumes of the spinal cord
are included. The three volumes of the OARs refer to the whole OAR, the core, and the
surface of that OAR. The reason for adjusting all three volumes for the brain stem is that
there is a constraint on the core and surface of the brain stem but not on the entire brain
stem.

Additionally, the entire dose distribution is also included to build the PCE model.
The specific combination of radii, DVH, and dose distribution will be called a scenario.

Therefore, each grid point has a scenario, and building a PCE model for different GO will
require a different number of scenarios. Table 3.2 contains the total number of scenarios
needed to build the PCE model for a specific GO. As shown, the number of scenarios
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increases as the GO increases. This is also the reason why the GO has been limited to 5
for the re-optimized dose distributions. Each re-optimization takes 6-8 hours, and it was
not feasible to perform all re-optimizations for GO6 for each patient within the available
time frame.

# of Scenarios

GO3 21
GO4 49
GO5 101
GO6 125

Table 3.2.: The number of scenarios needed to build the PCE models for a specific GO

3.3.2. VALIDATING PCE MODEL

The PCE models will be validated using evaluation scenarios. As stated above, a scenario
contains a combination of radii, DVH of volumes of interest, and a dose distribution if it
has been re-optimized. To save time, the same scenarios that have been used to build the
PCE models will also be used as evaluation scenarios. Table 3.3 show the total number
of scenarios needed to build the PCE models for the selected GOs. The table also shows
the number of unique scenarios that were used since some scenarios were used to build
multiple GOs. All unique scenarios are used as evaluation scenarios.

Fixed Re-optimized

Total 296 171
Unique 225 121

Table 3.3.: The total sum of scenarios needed to build the PCE model for the selected
GOs. The unique row shows the number of unique scenarios needed to build
all the GOs for either a fixed or re-optimized dose distributions. Every unique
scenario is used as an evaluation scenario.

For each evaluation scenario, the response of a specific model will be created and com-
pared. The metrics of interest for each DVH are the mean error in the DVH and the mean
and the 90th percentile error in specific Dx%. This metric represents the minimal dose
that is delivered to x% of the volume. A D98% therefore means that 98% of the volume
receives at least this dose. The errors of interest are ∆D0%,mean , ∆D0%,90, ∆D100%,mean ,
∆D100%,90, ∆D2%,mean , ∆D2%,90, ∆D98%,mean and ∆D98%,90. For each unique scenario,
the error is the absolute difference of Dx% between the PCE response and the real value
is calculated as shown in Equation 3.1. Then from this group, the mean and the 90th
percentile is calculated.

∆Dx% = |Dx%,PC E −Dx%,r eal | (3.1)
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If the dose distribution has been re-optimized, then the mean error in the dose dis-
tribution will also be included. The error is calculated in a similar way to Equation 3.1
where the absolute difference between the PCE response and the real value is found.

Although all of these metrics are being calculated, they do not carry the same weight to
determine the validity of a model. For CTV, the mean error in DVH and the mean and the
90th percentile error in D98% are the most important. The errors in D98% are given more
weight, since it is important to know if there is a possibility of underdosing the CTV.

For all volumes of the brain stem and spinal cord, the mean error in the DVH and
the mean and the 90th percentile error in D2% are the most important. The errors in
D2% were chosen to keep track of the maximum dose delivered to an organ at risk (OAR).
Although there is no possibility of this value exceeding the planning constraint, it is in
the best interest of the patient to minimize the maximum dose to these OAR’s.

The extreme values of D0% and D100% do not carry the same weight, as PCE tends to
have higher errors for these metrics that depend on a singular voxel. They have been
included to confirm whether that is also the case for these patients.

In addition to these metrics, different DVH’s will be plotted and compared. Both the
fixed and re-optimized dose distributions will compare the PCE response to the real DVH.
A third DVH is also built for the re-optimized dose distribution. The PCE response to the
dose distribution will be used as a basis to reconstruct a DVH for a given volume. This
type of DVH is called PCE-based DVH. For each patient and each volume of interest,
the largest error scenarios are identified. These scenarios include the scenario with the
largest error between the real DVH and the PCE response, and, if applicable, the scenario
with the largest error between the PCE response and the PCE-based DVH. Largest error is
defined as the largest sum of all errors, where error is defined as the absolute difference
between the PCE response and either the real value or the PCE-based value.

Lastly there is also the voxel acceptance that will be used for the PCE responses to
the dose distribution. For each evaluation scenario, all the PCE responses are com-
pared against their real counterpart. If the absolute dose difference is below a specific
threshold, then the voxel is accepted. The threshold is 0.1 Gy.

3.4. DOSIMETRIC EFFECTS

After building and evaluating, the patient’s PCE model can be used to investigate the do-
simetric effects of delineation uncertainties. The general method that will be used is to
create data sets after simulating a large number of scenarios for limited random distri-
butions of the input. This will be done for each PCE model that has been built for each
patient. From this data set, the confidence intervals of the DVH will be calculated. Ad-
ditionally, the dependence of the PCE response on the delineation uncertainties will be
characterized. The PCE responses will correspond to the metrics of interest mentioned
in section 3.3.2. Lastly, the histogram in those metrics of interest will be created and
from those histograms the 95% and 98% confidence intervals will be found. This inform-
ation will then be used to determine the maximum delineation uncertainty that will not
exceed a specific width of the aforementioned confidence intervals.
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3.4.1. CREATING THE DATA SET

First, the general approach must be explained. Since the PCE models have already been
validated according to the steps of Section 3.3.2, it will not be necessary to use iCycle
for re-optimizations of new scenarios or to use the rolling ball algorithm to create new
structure sets. This gives the option of creating a large number of new scenarios with
random combinations of the radii used for the adjustments to the CTV and the volumes
of the brain stem.

As stated in Section 3.3.1 the uncertainty of delineation in the CTV and the brain stem
is modeled by drawing the radius of the rolling ball from a uniform distribution. Each
uniform distribution is of the form [−R,R], where R represents the largest possible radius
in millimetres of the rolling ball used to expand or reduce the delineation of a specific
volume. This R also represents the uncertainty in that particular volume. To investig-
ate the effects of different uncertainties, it is necessary to investigate by drawing from
different uniform distributions by altering R.

In addition, the combination of uniform distributions used will also influence the res-
ults. For the PCE models built using re-optimized dose distributions, the effect of an
uncertainty in volume A, can affect the DVH in volume B. This relation is not true for a
fixed dose distribution; in that situation, the uncertainty in volume A cannot affect DVH
in volume B.

Therefore, different cases have to be set up to investigate the dosimetric effects of dif-
ferent magnitudes of delineation uncertainty. These cases will be set up using differ-
ent (combinations of) uniform distributions for the volumes of interest. For each case,
100,000 random radii will be pulled from the available uniform distributions.

Table 3.4 shows all possible uniform distributions for CTV and brain stem volumes. It
shows the general form of the uniform distribution, the smallest value of R, the largest
value of R, and the increments Rstep used. Rmax is limited by the value of R used to build
the initial PCE model. This results in 21 different uniform distributions for the CTV and
9 different uniform distributions for the volumes of the brain stems.

VOI Uniform Distribution Rmi n Rmax Rstep

CTV [−R,R] 0 5 0.25
Brain stem [−R,R] 0 2 0.25

Table 3.4.: The possible uniform distribution for each volume. Radius R represents the
uncertainty in mm.

For a fixed dose distribution, the dosimetric effects of the two uniform distributions
will be investigated separately. This results in a total of 30 cases that will be investigated,
21 CTV cases, and 9 brain stem cases.

For a re-optimized dose distribution, the dosimetric effects of the two distributions
needs to be investigated simultaneously. Every combination of the uniform distribution
will be investigated, which results in a total of 189 cases.
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3.4.2. DVH, DEPENDENCIES, AND CONFIDENCE INTERVALS

From this data set, the confidence intervals for the DVH will be calculated. All PCE re-
sponses to a specific metric will be sorted, independently of which scenario it belongs
to. From this sorted array, the confidence intervals will be found. These confidence in-
tervals will be limited to 98%, 95%, 75%, 50% and 25%.

For dependencies, there is a slight variation depending on whether the data set is cre-
ated for a fixed or a re-optimized dose distribution. For a fixed dose distribution, only
the dependency of a volume of interest on its own uncertainty will be investigated. In
the case of a re-optimized dose distribution, the dependence on both uncertainties will
be investigated to see the general behavior.

The histogram and confidence intervals will be set only for the metrics of interest in
Section 3.3.2 that passed the validation. The confidence intervals are set with the same
method as the confidence intervals for the DVH. The confidence intervals are limited to
98% and 95%. The quantity of interest is the dependence of the width of the confidence
intervals on the delineation uncertainty.

Then, specific thresholds for the width of the confidence intervals are chosen. For
this thesis, these thresholds are set at 0.5 Gy, 1.0 Gy, 1.5 Gy, and 2.0 Gy. The next steps
depend on the dose distribution being kept constant. If the dose distribution is kept
constant, then for each threshold, the largest uncertainty is found for which the width of
the confidence interval does not exceed the threshold.

The situation for a re-optimized dose distribution will find three different sets of max-
imum uncertainties for each threshold. First all possible combinations of uncertainties
are found for which the width of the confidence interval does not exceed the threshold.
From this group, the largest sum of uncertainties will be calculated. That is the first set
of maximum uncertainty of interest. For the second set, a subgroup is formed by finding
the scenarios that contain the largest uncertainty in the CTV. Then from this subgroup,
the scenario with the largest uncertainty in the brain stem is selected. This gives the
second set of maximum uncertainties. For the third set, the order is reversed. Form the
subgroup by finding the largest uncertainty in the brain stem, then from that subgroup
find the scenario with the largest uncertainty in the CTV.
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RESULTS

4.1. CHARACTERIZATION OF DELINEATION UNCERTAINTIES

This section is intended to show some final results of applying the rolling ball algorithm
to the existing delineations. The rolling ball algorithm was applied only to the delin-
eations of the high-dose clinical target volume (CTV) and to the three different delin-
eations of the brain stem, which consist of the core, surface, and entire brain stem. The
radius of the rolling ball was in the interval of [-5 mm, 5 mm] for the CTV and in the in-
terval of [-2 mm, 2 mm] for the brain stem related delineations. For scenarios that adjust
the brain stem, the same radius of the rolling ball is used for the delineation of the core,
surface, and entire brain stem. This ensures that the original proportions between the
core and the surface of the brain stem are maintained.

Figure 4.1a shows the original delineation of the CTV and the core, surface and entire
brain stem. Figure 4.1b shows the maximum expansion and shrinkage of the CTV and
the brain stem. Adjustments to the surface and core of the brain stem are not shown.
The delineation of the surface of the brain stem would be similar to the delineation of
the entire brain stem and would therefore be poorly visible. The delineation of the core
of the brain stem is 2 mm smaller than that of the surface and the entire brain stem.
Therefore, a maximum expansion of 2 mm of the brain stem core would overlap and be
poorly visible.

Figure 4.2 shows the optimized dose distribution for two different structure sets. Both
images contain the same slice and include the brain stem and two different CTVs belong-
ing to two different structure sets. Although both CTVs are shown in figure 4.2, the dose
is optimized for the structure set that contains only one of the two CTVs.

Figure 4.2a shows the optimized dose distribution for the original delineations and
figure 4.2b shows the optimized dose distribution after a 5 mm expansion of the CTV
delineation, shown in red. The CTV expansion is the only difference between the two
structure sets. As expected, there is a different dose distribution. The total area within
the CTV that receives at least 70 Gy has increased as the CTV increases in size, and in
the brain stem you can see an increase in the minimal dose. In figure 4.2a the minimal
dose of the brain stem could be as low as 10 Gy, but in figure 4.2b the minimal dose has
increased to at least 20 Gy.

27



4

28 4. RESULTS

(a) Original delineations (b) Maximum expansion and reduction of
CTV and brain stem delineations.

Figure 4.1.: The original CTV delineation is shown in green. The 5 mm expan-
sion/reduction of the CTV delineation is shown in red. The original delin-
eation of the core, surface and the entire brain stem are shown in light and
dark blue. The 2 mm expansion/reduction of the delineation of the brain
stem is shown in yellow.

(a) The optimized dose distribution for the
structure set containing the green CTV.

(b) The optimized dose distribution for the
structure set containing the red CTV.

Figure 4.2.: A comparison of the difference in dose distribution as a result of changing
the CTV delineation. The green CTV is the original delineation. The red CTV
is the result of a 5 mm expansion.

4.2. PCE VALIDATION
In this section, the results of the validation of the PCE model are shown for a fixed dose
distribution in section 4.2.1 and for a reoptimized dose distribution in section 4.2.2.

4.2.1. PCE VALIDATION FOR A FIXED DOSE DISTRIBUTION

As mentioned in Section 3.3.1, the different PCE models are built by varying the GO at
the interval [3,6]. The corresponding PO is always 1 greater and therefore on the interval
[4,7]. For evaluation, the mean error will be taken into account on the DVH of the CTV
and the brain stem. Furthermore, the mean and the 90th percentile error in ∆D98% for
the CTV and ∆D2% for the brain stem will be taken into account.



4.2. PCE VALIDATION

4

29

Errors are calculated by comparing the PCE response of the different models with the
evaluation scenarios mentioned in Section 3.3.2. Table 3.3 have shown that there are 225
evaluation scenarios.

The error values in the PCE responses for the CTV DVH are shown in table 4.1. The
metrics of interest can be found in Table 4.1 under the columns of Emean , ∆D98%,mean ,
and ∆D98%,90.

For each patient, the general error in the CTV DVH is low, regardless of the GO and PO
used. The errors in ∆D98% are low except for the case of GO3PO4 for patient 2. In the case
of patient 2, the mean and 90th percentile error in ∆D98% is relatively large compared to
the other patients.

Given that the errors are so close in magnitude for most combinations of GO and PO,
a combination cannot be clearly chosen. GO3PO4 will be excluded from consideration
due to the relatively large error for patient 2 compared to the other combinations of GO
and PO.

CTV_7000

Patient 2 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.01 0.36 0.81 0.03 0.06 0.08 0.19 0.01 0.01
GO4PO5 0.01 0.72 1.77 0.03 0.07 0.03 0.08 0.00 0.00
GO5PO6 0.01 0.41 0.78 0.03 0.05 0.04 0.07 0.00 0.00
GO6PO7 0.01 0.38 1.10 0.03 0.06 0.04 0.08 0.00 0.00

Patient 69 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.01 0.34 0.84 0.08 0.21 0.03 0.08 0.00 0.01
GO4PO5 0.01 0.53 1.10 0.08 0.19 0.03 0.07 0.00 0.00
GO5PO6 0.01 0.55 1.33 0.12 0.22 0.03 0.07 0.00 0.01
GO6PO7 0.01 0.48 0.93 0.11 0.26 0.04 0.10 0.00 0.00

Patient 155 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.01 0.30 0.62 0.01 0.03 0.03 0.07 0.00 0.00
GO4PO5 0.01 0.25 0.57 0.01 0.03 0.03 0.07 0.00 0.01
GO5PO6 0.01 0.26 0.62 0.01 0.01 0.02 0.04 0.00 0.01
GO6PO7 0.01 0.31 0.66 0.01 0.03 0.02 0.05 0.00 0.01

Table 4.1.: Errors for different PCE responses of the CTV DVH for a fixed dose distribution.
The errors were calculated using all evaluation scenarios.

The error values in the PCE responses for the DVH of the brain stem are shown in Table
4.2. As stated previously, the PCE responses of interest for the brain stem are the mean
error of the entire DVH, and the mean and the 90th percentile error in ∆D2%. These
values can be found in Table 4.2 under the columns of Emean , ∆D2%,mean , and ∆D2%,90,
respectively.

For each patient, the general error in the DVH of the brain stem is very similar, regard-
less of the combination of GO and PO used. For all patients and all combinations of GO
and PO, the general error is greater for the brain stem than for the CTV. In all patients,
the errors in ∆D2% appear to be the smallest for GO3PO4 and GO6PO7.

Given the CTV errors in GO3PO4, which have been determined to be too inaccurate,
GO6PO7 appears to be the most accurate combination to build PCE models for the three
patients. The PCE responses of the model built with GO6PO7 will be used in Section 4.3.

For each patient, the scenario with the largest overall error between the real DVH and
the PCE response to the real DVH has been identified and plotted. Figure 4.3 shows the
most inaccurate graphs for one of the three patients for CTV and brain stem. No plots
have been made for the spinal cord related volumes. This is because those delineations
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Brain stem

Patient 2 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.03 0.03 0.07 0.24 0.45 0.02 0.06 0.04 0.11
GO4PO5 0.05 0.01 0.03 0.25 0.49 0.03 0.07 0.07 0.16
GO5PO6 0.05 0.02 0.06 0.25 0.53 0.03 0.07 0.09 0.17
GO6PO7 0.04 0.02 0.05 0.32 0.64 0.02 0.05 0.05 0.11

Patient 69 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.03 0.01 0.01 0.24 0.56 0.02 0.03 0.05 0.15
GO4PO5 0.04 0.01 0.02 0.47 1.01 0.02 0.06 0.11 0.26
GO5PO6 0.04 0.01 0.02 0.35 0.78 0.02 0.04 0.10 0.22
GO6PO7 0.04 0.01 0.01 0.46 0.98 0.02 0.04 0.07 0.15

Patient 155 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.03 0.01 0.02 0.28 0.69 0.01 0.02 0.08 0.28
GO4PO5 0.06 0.01 0.02 0.40 0.95 0.01 0.02 0.21 0.39
GO5PO6 0.05 0.01 0.02 0.40 0.99 0.01 0.02 0.20 0.39
GO6PO7 0.04 0.01 0.03 0.36 0.80 0.01 0.03 0.12 0.27

Table 4.2.: Errors for different PCE responses of the brain stem DVH for a fixed dose dis-
tribution. Errors were calculated using all evaluation scenarios.

have not been altered, and therefore the DVH would be constant for a fixed dose distri-
bution.

(a) Patient 2 CTV (b) Patient 155 brain stem

Figure 4.3.: Each plot shows the DVH for a volume for the scenario with the largest error
between the real DVH and the PCE response.

The plots show that the PCE responses are close to the real DVH, even for the most
inaccurate scenarios. The remaining plots of the most inaccurate scenarios are found in
Appendix A.

4.2.2. PCE VALIDATION FOR A RE-OPTIMIZED DOSE DISTRIBUTION

In a similar manner, the PCE model for a re-optimized dose distribution will be construc-
ted as described in Section 3.3.1. The adjusted parameters are GO and PO at the intervals
[3,5] and [4,6], respectively. For evaluation, the mean error in the DVH of the CTV and
the brain stem will be taken into account. Furthermore, the mean and the 90th percent-
ile error in ∆D98% for the CTV and ∆D2% of the brain stem will be taken into account.

Errors are also calculated by comparing the PCE response of the different models with
the evaluation scenarios. Table 3.3 have shown that there are 121 evaluation scenarios.
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Table 4.3 shows the mean error for the dose distribution of a patient for various GO
and PO. According to these results, the mean error for the entire dose distribution is
fairly high. However, the error decreases as the GO and PO increases.

Mean dose error Patient 2 (Gy) Patient 69 (Gy) Patient 155 (Gy)

GO3PO4 1.82 2.17 1.85
GO4PO5 0.85 1.07 0.69
GO5PO6 0.76 0.90 0.60

Table 4.3.: Mean error of the dose distribution of each patient for various combinations
of GO and PO.

Table 4.4 shows the error values in the PCE responses of the CTV DVH. As indicated
above, the mean error Emean and the mean and the 90th percentile error in D98% are the
most important values. For each patient, the three errors decrease with higher GO and
PO.

CTV_7000

Patient 2 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.10 0.33 0.89 0.25 0.57 0.20 0.63 0.11 0.24
GO4PO5 0.08 0.26 0.59 0.17 0.35 0.17 0.31 0.08 0.18
GO5PO6 0.07 0.23 0.50 0.15 0.33 0.10 0.26 0.07 0.14

Patient 69 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.14 0.52 1.18 0.40 0.85 0.19 0.42 0.22 0.44
GO4PO5 0.13 0.42 0.99 0.39 0.80 0.14 0.29 0.20 0.44
GO5PO6 0.11 0.34 0.71 0.33 0.63 0.12 0.27 0.17 0.36

Patient 155 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 0.11 0.58 1.43 0.29 0.72 0.18 0.43 0.14 0.34
GO4PO5 0.10 0.50 1.13 0.24 0.49 0.12 0.24 0.11 0.21
GO5PO6 0.08 0.42 0.88 0.18 0.40 0.11 0.22 0.10 0.20

Table 4.4.: Errors for different PCE responses of the CTV DVH for a re-optimized dose
distribution. Errors were calculated using all evaluation scenarios.

Table 4.5 shows the error values in the PCE responses of the brain stem DVH. As in-
dicated above, the mean error Emean and the mean and the 90th percentile error in D2%

are the most important values. For each patient, the three errors decrease with higher
GO and PO. However, the mean error is too large and, therefore, the PCE response is too
inaccurate for all models. The mean error and the 90th percentile error in D2% are of a
more acceptable magnitude.

Based on these results, GO5PO6 has been selected to build the PCE model for the re-
optimized dose distributions. The PCE responses of this model will be used in Section
4.4.

Similar to Section 4.2.1, for each patient, the scenario with the largest overall error
between the real DVH and the PCE response to the real DVH has been identified and
plotted. In addition to the scenario with the highest error between the real DVH and the
PCE response to the real DVH, this section will also include the scenario with the largest
error between the PCE response to the real DVH and the PCE-based DVH as explained in
Section 3.3.2. These two scenarios have been found for CTV, brain stem, and spinal cord.
For each volume, only the patient with the largest error is shown.
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Brain stem

Patient 2 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 1.07 0.37 0.82 0.48 0.98 0.81 1.87 0.20 0.48
GO4PO5 0.95 0.30 0.75 0.40 0.81 0.68 1.44 0.18 0.36
GO5PO6 0.77 0.28 0.62 0.34 0.70 0.60 1.49 0.16 0.34

Patient 69 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 1.18 0.27 0.54 0.65 1.62 0.48 1.00 0.21 0.49
GO4PO5 0.80 0.19 0.40 0.49 1.02 0.30 0.72 0.17 0.31
GO5PO6 0.72 0.16 0.37 0.36 0.79 0.29 0.70 0.15 0.30

Patient 155 Emean(Gy) ∆D100%,mean(Gy) ∆D100%,90(Gy) ∆D0%,mean(Gy) ∆D0%,90(Gy) ∆D98%,mean(Gy) ∆D98%,90(Gy) ∆D2%,mean(Gy) ∆D2%,90(Gy)

GO3PO4 1.45 0.58 1.86 0.59 1.33 1.31 3.63 0.53 1.28
GO4PO5 1.31 0.58 1.80 0.51 1.13 1.29 3.30 0.43 1.06
GO5PO6 1.18 0.51 1.54 0.43 0.99 1.15 2.94 0.39 0.80

Table 4.5.: Errors for different PCE responses of the brain stem DVH for a re-optimized
dose distribution. Errors were calculated using all evaluation scenarios.

These two largest error scenarios are shown in figure 4.4 for the CTV of patient 69.
Figure 4.4a shows the largest error between the real DVH and the PCE response to the
real DVH. The errors start to become noticeable from D80% and worsen with decreasing
volume fraction. However, the error in D98% is very small and that is an error of interest
for the CTV.

Figure 4.4b shows the largest error between the PCE response to the real DVH and the
PCE-based DVH. The graph shows a large overlap between the two different DVH’s, and
this is an indication that there is no significant difference between the two methods that
were used to build the DVH.

(a) (b)

Figure 4.4.: Comparison of the scenarios with the largest error between two DVHs. Left
image shows the scenario with the largest error between the real DVH and
the PCE response to the real DVH. Right image shows the scenario with the
largest error between the PCE response to the real DVH and the PCE-based
DVH. Blue line is the real DVH, red line is the PCE response to the real DVH
and the yellow line is the PCE-based DVH.

Figure 4.5 shows the two largest error scenarios for the brain stem of patient 155. The
scenario with the highest error between the real DVH and the PCE response to the real
DVH is shown in Figure 4.5a. Errors begin to appear from D5% and worsen with increas-
ing volume fraction. However, the error in D2% is very small, which is the error of interest
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for the brain stem.
The scenario with the largest error between the PCE response to the real DVH and

the PCE-based DVH is shown in Figure 4.5b. This graph does not show a large overlap
between the two different DVH’s over the entire range of volume fractions. This is an
indication that there is a difference between the two methods that were used. The PCE-
based DVH is built on the basis of the PCE response to the real dose distribution. As
shown in Table 4.6, there is a large overall error for the response to the entire dose distri-
bution. This error could explain the difference between the two DVH’s.

(a) (b)

Figure 4.5.: Comparison of the scenarios with the largest error between two DVHs. Left
image shows the scenario with the largest error between the real DVH and
the PCE response to the real DVH. Right image shows the scenario with the
largest error between the PCE response to the real DVH and the PCE-based
DVH. Blue line is the real DVH, red line is the PCE response to the real DVH
and the yellow line is the PCE-based DVH.

Lastly, the two largest error scenarios for the spinal cord of patient 2 are shown in figure
4.6. Figure 4.6a shows the scenario with the largest error between the real DVH and the
PCE response to the real DVH. Noticeable errors are present throughout the range of the
DVH. The model is not sufficiently accurate for the spinal cord.

Figure 4.6b shows the scenario with the largest error between the PCE response to
the real DVH and the PCE-based DVH. As with the brain stem of patient 155, there are
noticeable errors throughout the DVH range. However, in contrast to that situation, it is
possible that both DVHs are inaccurate. PCE-based DVH could be similarly affected by
the general error in the PCE response to the real distribution. However, the PCE response
to the real DVH was also shown to have a possible inaccuracy. Therefore, it is possible
that both DVH’s are wrong.

The remaining figures of the largest error scenarios for these volumes for each patient
can be found in Appendix A.

As can be seen in Figure 4.7 the voxel acceptance for the different combinations of
GO and PO for each patient is low. In the best case scenario, it still has around a voxel
acceptance of 40%, which is insufficient accuracy to use the PCE response to the real
dose distribution as a basis for conclusions.
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(a) (b)

Figure 4.6.: Comparison of the scenarios with the largest error between two DVHs. Left
image shows the scenario with the largest error between the real DVH and
the PCE response to the real DVH. Right image shows the scenario with the
largest error between the PCE response to the real DVH and the PCE-based
DVH. Blue line is the real DVH, red line is the PCE response to the real DVH
and the yellow line is the PCE-based DVH.

A possible cause might be due to re-optimization in iCycle. Re-optimization in iCycle
happens according to the wish-list. In the wish-list, there are only constraints and ob-
jectives on the minimum / maximum dose delivered to a voxel or the mean dose for an
entire volume. There is no constraint or objective on the actual dose distribution within
a volume.

The same wish-list, patient, and nominal structure set have been used for multiple re-
optimizations with iCycle. Originally, the random seed is reset between the plans, result-
ing in the exact same dose distribution after each run. To investigate possible variability,
this reset has been removed.

(a) Patient 2 (b) Patient 69 (c) Patient 155

Figure 4.7.: The voxel acceptance for the entire dose distribution for each patient for dif-
ferent combinations of GO and PO in each evaluation scenario.

Removing the reset resulted in four different distributions for the same patient, for
the same structure set and the same wish-list. The different dose distributions will be
referenced using the letters A,B,C, and D. Table 4.6 shows the results of comparing the
different dose distributions. ∆Dal l ,100 shows the 100th percentile, or maximum error,
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between the entire dose distribution. These errors are large, except for the comparison
between dose distribution C and dose distribution D.
∆D>0,90 contains the 90th percentile error of a smaller subset of voxels. The subset

contains the voxels that have an error larger than 0. This filter was used to eliminate the
influence of the large number of voxels that receive no dose in both dose distributions.
∆Dal l ,mean shows the mean error of all voxels. Except for the comparison between

distributions C and D, the mean error is already larger than the 0.1 Gy threshold that has
been set for voxel acceptance. The mean error becomes even greater when the subset
of voxels is restricted to the same voxels that are included in the construction of the PCE
model, as shown in column ∆Dmask,mean . ∆D>0,mean is the mean error of the subset of
voxels that contain an error greater than zero.

V oxel sM ask and V oxel s>0 show the total number of voxels that are included in the
masked subset and the subset with an error greater than zero.

Excluding voxels that contain no error means that it excludes voxels that are zero in
both distributions, but it also excludes voxels that happen to receive an identical dose.
Therefore, the number of voxels that have been wrongly excluded has been found and is
shown as V oxel sE qual . A voxel is wrongly excluded if the dose difference between the
two distributions in that voxel is zero, while the dose in that voxel is not zero.

As can be seen from the column, the maximum number of voxels that are wrongly
excluded is 172. This is the case in the comparison between distributions C and D. This
comparison already has the smallest dose difference, and even for this comparison, the
number of voxels is too small to have an impact on the dose differences found.

Dose Comparisons ∆Dal l ,100(G y) ∆D>0,90(G y) ∆Dal l ,mean(G y) ∆Dmask,mean(G y) ∆D>0,mean(G y) V oxel sM ask V oxel s>0 V oxel sE qual

Dose Comparisons A-B 11.98 2.02 0.12 0.76 0.72 3.77E+06 4.00E+06 1
Dose Comparisons A-C 21.60 2.02 0.13 0.83 0.78 3.77E+06 4.00E+06 5
Dose Comparisons A-D 22.09 2.02 0.13 0.83 0.78 3.77E+06 4.00E+06 7
Dose Comparisons B-C 15.77 1.69 0.11 0.69 0.65 3.77E+06 4.00E+06 3
Dose Comparisons B-D 16.25 1.70 0.11 0.69 0.65 3.77E+06 4.00E+06 2
Dose Comparisons C-D 0.56 0.02 0.00 0.01 0.01 3.77E+06 3.97E+06 172

Table 4.6.: The results of comparing the four different dose distributions A, B, C, and D
of the exact same situation but for a different random seed.

4.3. DOSIMETRIC EFFECT OF DELINEATION UNCERTAINTIES

FOR A FIXED DOSE DISTRIBUTION

This section describes the dosimetric effect of the uncertainty of the delineation in fixed
dose distributions. The dosimetric effects on CTV will be covered in Section 4.3.1, while
the dosimetric effects on the brain stem will be covered in Section 4.3.2. Other regions
are not discussed because the delineations are unchanged; therefore, there is no dosi-
metric effect due to the delineation uncertainties for a fixed dose distribution. As men-
tioned in section 3.4.1 a total of 30 cases, 21 CTV cases and 9 brain stem cases, will be
investigated and each case will contain 100,000 random scenarios. Only the figures of
one patient will be shown. The figures of the other patients can be found in Appendix B.
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4.3.1. CTV
100,000 different CTVs have been made by drawing the radius from the uniform distri-
bution [-5 mm, 5 mm] and resulted in the same number of different DVH’s. Figure 4.8
shows different confidence intervals for the DVH’s for patient 2. Additionally, the 98%
volume fraction and the planning constraint/objective have been highlighted. It is no-
ticeable that approximately 10% to 30% of the volume do not receive the planned dose.
This is not surprising since it is a planning constraint for parts of the CTV that are far
away from any OAR and it is an objective for parts that are close to the OAR. It seems that
for patient 2 the objective is not met due to the close proximity of the brain stem to the
CTV.

Figure 4.8.: Overview of the confidence intervals for the 100,000 DVH’s that have been
created for patient 2 for a fixed dose distribution.

Figure 4.9 shows the histogram of the dose delivered to 98% of the CTV volume. The fig-
ure also shows the planning constraint/objective. Unsurprisingly, there are no values at
the planning constraint, since at least 10% of the volume in all cases does not receive that
much dose. The width of the confidence intervals is quite wide, but this is not unexpec-
ted. The dose distribution was fixed for the original delineations. Generally, the larger
the distance between a voxel and the CTV, the lower the dose. Therefore, an expansion
of the CTV should generally lead to a decrease in the dose delivered to the same volume
fraction. As shown in Figure 4.1 a 5 mm expansion of the CTV can significantly decrease
the distance between the CTV and the brain stem. Therefore, a drastic reduction in D98%

is not surprising.
Figure 4.10 shows the behavior of the PCE response of D98% as the CTV delineation

changes in size. The correlation between D98% and the adjustment of the CTV is as ex-
pected. As the CTV expands, it will expand into lower dose regions and therefore D98%

should decrease. As the CTV decreases in volume, it will move its boundaries into higher-
dose regions and therefore D98% should increase. The figure also highlights the signific-
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Figure 4.9.: Histogram for D98% of patient 2 for a fixed dose distribution.

ant difference in dose that is possible due to the uncertainty of the delineation.

Figure 4.10.: PCE response of the D98% as a function of CTV expansion/reduction.

Figure 4.11 shows the width of the 95% and 98% confidence intervals of D98% as a
function of the uncertainty in the CTV for all patients. There is an expected correlation
between the increasing uncertainty in the CTV and the increasing width of the confid-
ence intervals. As the uncertainty in the CTV increases, as modeled by the larger uni-
form distribution from which the radius of the rolling ball can be drawn, the width of
any confidence interval increases.
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Figure 4.11.: Bandwidths of the 95% and 98% confidence intervals of the D98% for differ-
ent combinations of uniform distributions for all three patients

Table 4.7 shows how large the uncertainty in the CTV delineation can be without ex-
ceeding a specified width of the 95% or 98% confidence intervals.

95% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.5 0.25 0 0.25
1.0 0.25 0.25 0.5
1.5 0.50 0.5 1
2.0 0.75 0.75 1.25

98% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.5 0 0 0.25
1.0 0.25 0.25 0.5
1.5 0.5 0.5 1
2.0 0.75 0.75 1.25

Table 4.7.: Maximum delineation uncertainty of CTV that does not exceed a specific
width of the confidence interval in the D98% for each patient.
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4.3.2. BRAINSTEM

Similarly to the previous section, 100,000 different brain stems have been made by draw-
ing a radius from the uniform distribution [-2 mm, 2 mm] and resulted in an equivalent
amount of different DVH’s. Figure 4.12 shows different confidence intervals for the DVH’s
for patient 2. In addition, the 2% volume fraction and the planning constraint have been
highlighted. The figure shows that there are some situations in which a part of the brain
stem receives a higher dose than the planning constraint. Since this dose distribution
has been optimized for the original delineation, it is possible that a 2 mm expansion
of the brain stem expands the volume to a region where the dose exceeds the planning
constraint as shown in Figure 4.12.

Figure 4.12.: Overview of the different confidence intervals for the 100,000 DVH’s that
have been created for patient 2 for a fixed dose distribution.

Figure 4.13 shows the histogram of the dose delivered to 2% of the volume of the brain
stem. The figure also shows the planning constraint and there are no values at the plan-
ning constraint. Figure 4.12 already showed that there are no situations in which D2% is
equal to or greater than the planning constraint. Just as with the CTV the 95% and 98%
confidence interval covers a wide range.

Figure 4.14 shows the behavior of the PCE response of D2% as the size of the brain
stem delineation changes. The correlation between D2% and the adjustment of the brain
stem is as expected. As the brain stem expands, it will expand to higher-dose regions,
increasing D2%. The opposite is also true; as the brain stem shrinks in volume, it shrinks
into lower dose regions, resulting in a decrease in D2%.

Figure 4.15 shows the width of the 95% and 98% confidence intervals of D2% as a func-
tion of the uncertainty in the brain stem for all patients. There is an expected correlation
between the increasing uncertainty in the brain stem and the increasing width of the
confidence intervals. As the uncertainty in the brain stem increases, the width of any
confidence interval increases.
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Figure 4.13.: Histogram for D2% of patient 2 for a fixed dose distribution.

Figure 4.14.: PCE response of the D2% as a function of brain stem expansion/reduction.

Table 4.8 shows how large the uncertainty in the delineation of the brain stem can be
without exceeding a specified width of the 95% or 98% confidence intervals.
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Figure 4.15.: Bandwidths of the 95% and 98% confidence intervals of the D2% for differ-
ent uniform distributions for all patients

95% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.5 0 0 0
1.0 0.25 0.25 0
1.5 0.25 0.25 0.25
2.0 0.50 0.50 0.25

98% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.5 0 0 0
1.0 0 0.25 0
1.5 0.25 0.25 0.25
2.0 0.25 0.50 0.25

Table 4.8.: Maximum delineation uncertainty of the brain stem to obtain a specific width
of the confidence interval in the D2% for each patient.

4.4. DOSIMETRIC EFFECT OF DELINEATION UNCERTAINTIES

FOR A RE-OPTIMIZED DOSE DISTRIBUTION
This section describes the dosimetric effect of the uncertainty of the delineation for re-
optimized dose distributions. The dosimetric effects on CTV will be covered in Section
4.4.1, while dosimetric effects on the brain stem will be covered in Section 4.4.2. Other
regions are not discussed due to the inaccuracy of the PCE response, as shown in Section
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4.2.2.
As mentioned in section 3.4.1 a total of 189 cases will be investigated. This covers all

combinations of the 21 CTV cases and 9 brain stem cases. Each case will contain 100,000
random scenarios. The figures of the other patients can be found in Appendix B.

4.4.1. CTV
Figure 4.16 shows the confidence intervals for the PCE responses of the 100,000 random
scenarios. For each random scenario, the radius of the rolling ball was drawn from the
largest possible uniform distribution of the CTV and the brain stem, which are [-5 mm, 5
mm] and [-2 mm, 2 mm], respectively. When comparing the DVH’s for a re-optimized
dose distribution of figure 4.16 with the DVHs for a fixed dose distribution shown in
figure 4.8, it becomes noticeable that after re-optimization a larger volume fraction re-
ceives a dose equal to or greater than the planning constraint/objective. Furthermore,
the confidence intervals are slimmer after re-optimization compared to the fixed dose
distribution.

Figure 4.16.: The confidence intervals for the DVH’s that have been generated for a uni-
form distribution of [-5 mm, 5 mm] for the CTV and [-2 mm, 2 mm] for the
brain stem.

Figure 4.17 shows the histogram for D98% for a re-opimized dose distribution. This
is for the 100,000 scenarios generated using the largest possible uniform distribution of
the CTV and the brain stem. It also shows that the planning constraint/objective falls
outside the 95% and 98% confidence intervals but that is not surprising since Figure 4.16
has already shown that there is no scenario in which the D98% is equal to or greater than
the planning constraint/objective. This can be explained by the proximity of the brain
stem to the CTV, which increases the volume fraction of the CTV that is close to an OAR.
For this volume fraction, there is only a planning objective instead of a constraint, and
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an objective does not have to be met.

Figure 4.17.: Histogram for D98% of patient 2. Also shows the planning con-
straint/objective and the 95% and 98% confidence intervals.

Figure 4.18 shows the behavior of the PCE response of D98% as a function of CTV and
expansion or shrinkage of the brain stem. The general correlation between D98% and
the adjustment of the CTV is similar to the situation for a fixed dose distribution. As the
CTV expands, D98% decreases and as the CTV shrinks, D98% increases. There is a similar
correlation between D98% and brain stem adjustment.

Both correlations can be explained by the proximity of the brain stem to the CTV. The
planning constraint on the brain stem is 60 Gy, which is less than the planning con-
straint/objective on the CTV, which is set at 67.9 Gy. This puts pressure on the dose
delivered to voxels that are near the CTV boundary and close to the brain stem. Any
expansion of the CTV and the brain stem decreases the distance of the voxels near the
boundary of the CTV and the brain stem. Furthermore, as the distance between the two
regions decreases, the volume fraction of the CTV near an OAR increases. The planning
constraint becomes an objective for this volume fraction, and the objectives can fail, un-
like constraints.

Figure 4.19 shows the width of the 95% and 98% confidence intervals of D98% as a
function of uncertainty in the CTV and the brain stem. There is an expected correlation
between the increasing uncertainty in either of the two volumes and the increasing width
of the confidence intervals.

Table 4.9 shows the largest combined uncertainty in CTV and in the brain stem without
exceeding a specific width of the confidence interval for D98%. There is a clear difference
between the largest combined uncertainties in patient 155 compared to the other two
patients. Although the CTV of patient 155 is smaller than the CTVs of the other two
patients as shown in Figure 3.1, the additional volume of CTV should have a major effect
on the spinal cord and vice versa. It is unexpected that the sensitivity to uncertainty is so
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Figure 4.18.: PCE response of the D98% as a function of both CTV and brain stem expan-
sion/reduction

Figure 4.19.: Bandwidths of the 95% and 98% confidence intervals of the D98% for differ-
ent combinations of uniform distributions

low for the CTV of patient 155.

Although Table 4.9 shows the maximum combined uncertainty, that does not mean
that the uncertainty for a single volume is allowed to be that great. Table 4.10 shows
the highest uncertainty for a specific volume that does not exceed the specified width of
the confidence intervals. Then it shows how large the uncertainty in the other volume



4.4. DOSIMETRIC EFFECT OF DELINEATION UNCERTAINTIES FOR A RE-OPTIMIZED DOSE

DISTRIBUTION

4

45

95% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.5 0.25 0.25 2.25
1.0 0.5 0.5 3.25
1.5 1 1 4.25
2.0 1.5 1.25 4.75

98% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.5 0.25 0.25 2
1.0 0.5 0.5 3
1.5 1 1 3.75
2.0 1.25 1.25 4.5

Table 4.9.: Maximum combined delineation uncertainty of CTV and brain stem that does
not exceed a specific width of the confidence interval in the D98% for each
patient.

could be without exceeding the specified width of the confidence interval. The gray rows
show the greatest uncertainty allowed in the CTV. Then, given that uncertainty, what the
maximum allowed uncertainty in the brain stem could be. The white rows show the
largest uncertainty allowed in the brain stem. Then, given that uncertainty, what the
greatest allowed uncertainty in the CTV could be.

4.4.2. BRAINSTEM

Figure 4.20 shows the confidence intervals for the PCE responses of the 100,000 random
scenarios. For each random scenario, the radius of the rolling ball was drawn from the
largest possible uniform distribution of the CTV and the brain stem, which were [-5 mm,
5 mm] and [-2 mm, 2 mm], respectively. The figure also contains the planning constraint
of a maximum of 60 Gy. Due to re-optimization, every scenario complies with the dose
constraint, unlike the scenarios with the fixed dose distribution.

Figure 4.21 shows the histogram for D2% for a re-optimized dose distribution. This
is for the 100,000 scenarios generated using the largest possible uniform distribution of
the CTV and the brain stem. It also shows that the planning constraint falls outside the
95% and 98% confidence intervals but that is not surprising since figure 4.20 has already
shown that there is no scenario in which the D2% is equal to or greater than the planning
constraint.

Figure 4.22 shows the width of the 95% and 98% confidence intervals of D2% as a func-
tion of uncertainty in the CTV and brain stem. There is an expected correlation between
the increasing uncertainty in either of the two volumes and the increasing width of the
confidence intervals.

Table 4.11 shows the largest combined uncertainty in CTV and in the brain stem that
does not exceed a specific width of the confidence interval for D2%. There is a lot of
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Confidence Interval 95% Patient 2 Patient 69 Patient 155

Bandwidth (Gy)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)

0.5 0.00 0.25 0.25 0.00 1.50 0.75
0.5 0.00 0.25 0.00 0.25 0.25 1.50
1.0 0.25 0.25 0.50 0.00 2.75 0.25
1.0 0.00 0.50 0.00 0.50 1.00 2.00
1.5 0.50 0.25 1.00 0.00 3.50 0.50
1.5 0.00 1.00 0.00 0.75 2.00 2.00
2.0 0.75 0.25 1.25 0.00 4.25 0.25
2.0 0.00 1.50 0.25 1.00 2.75 2.00

Confidence Interval 98% Patient 2 Patient 69 Patient 155

Bandwidth (Gy)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)

0.5 0.00 0.25 0.25 0.00 1.50 0.50
0.5 0.00 0.25 0.25 0.00 0.50 1.25
1.0 0.25 0.25 0.50 0.00 2.50 0.50
1.0 0.00 0.50 0.25 0.25 0.75 2.00
1.5 0.50 0.25 0.75 0.25 3.25 0.50
1.5 0.00 1.00 0.00 0.75 1.75 2.00
2.0 0.75 0.25 1.25 0.00 4.00 0.25
2.0 0.00 1.25 0.00 1.00 2.25 2.00

Table 4.10.: Combinations of maximum uncertainties that will not exceed a specified
bandwidth of a confidence interval for D98%. The gray rows maximized the
uncertainty in the CTV and then in the brain stem. The white rows maxim-
ized the uncertainty in the brain stem and then in the CTV.

variability between the different patients.
Although Table 4.11 shows the maximum combined uncertainty, that does not mean

that the uncertainty for a single volume is allowed to be that great. Table 4.12 shows
the largest uncertainty for a specific volume that does not exceed the specified width of
the confidence intervals. Then it shows how large the uncertainty in the other volume
could be without exceeding the specified width of the confidence interval. The gray rows
show the greatest uncertainty allowed in the CTV. Then, given that uncertainty, what the
maximum allowed uncertainty in the brain stem could be. The white rows show the
largest uncertainty allowed in the brain stem. Then, given that uncertainty, what the
greatest allowed uncertainty in the CTV could be.
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Figure 4.20.: The confidence intervals for the DVH’s that have been generated for a uni-
form distribution of [-5 mm, 5 mm] for the CTV and [-2 mm, 2 mm] for the
brain stem.

Figure 4.21.: Histogram for D2% of patient 2. Also shows the planning constraint and the
95% and 98% confidence intervals.
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Figure 4.22.: Bandwidths of the 95% and 98% confidence intervals of the D2% for differ-
ent combinations of uniform distributions

95% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.50 0.50 1.00 0.25
1.00 1.25 2.00 0.50
1.50 2.00 3.00 0.75
2.00 2.75 4.75 1.25

98% Confidence Interval

Bandwidth (Gy) Patient 2 (mm) Patient 69 (mm) Patient 155 (mm)

0.50 0.50 0.75 0.25
1.00 1.00 1.75 0.50
1.50 1.75 2.75 0.75
2.00 2.75 4.50 1.00

Table 4.11.: Maximum combined delineation uncertainty of CTV and brain stem that
does not exceed a specific width of the confidence interval in the D2% for
each patient.
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Confidence Interval 95% Patient 2 Patient 69 Patient 155

Bandwidth (Gy)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)

0.5 0.50 0.00 0.75 0.25 0.25 0.00
0.5 0.25 0.25 0.00 0.75 0.25 0.00
1.0 1.25 0.00 1.75 0.00 0.50 0.00
1.0 0.50 0.50 0.75 1.00 0.25 0.25
1.5 1.75 0.25 2.75 0.25 0.75 0.00
1.5 0.25 1.00 0.50 1.50 0.25 0.50
2.0 2.75 0.00 4.75 0.00 1.00 0.25
2.0 0.75 1.25 0.75 1.75 0.25 0.75

Confidence Interval 98% Patient 2 Patient 69 Patient 155

Bandwidth (Gy)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)
RC T V

(mm)
Rbr ai nstem

(mm)

0.5 0.50 0.00 0.75 0.00 0.25 0.00
0.5 0.25 0.25 0.25 0.50 0.25 0.00
1.0 1.00 0.00 1.75 0.00 0.50 0.00
1.0 0.50 0.50 0.50 1.00 0.25 0.25
1.5 1.75 0.00 2.75 0.00 0.75 0.00
1.5 0.25 1.00 0.00 1.50 0.25 0.50
2.0 2.75 0.00 4.50 0.00 1.00 0.00
2.0 0.50 1.25 0.25 1.75 0.00 0.75

Table 4.12.: The combinations of maximum uncertainties that will not exceed a specified
bandwidth of a confidence interval for D2%. The gray rows maximized the
uncertainty in the CTV and then in the brain stem. The white rows maxim-
ized the uncertainty in the brain stem and then in the CTV.
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DISCUSSION

5.1. PCE VALIDATION
The discussion for the PCE validation will focus on the results of the validation for the
re-optimized dose distribution. As stated above, the model was found to contain too
large errors in selected ranges of the DVH and the dose distribution. The results will be
compared with the results of Perko et al. [49] and Rojo-Santiago et al. [52].

Both studies have used PCE to model dose distributions in head and neck patients.
There were 4 input variables, 3 for setup errors and 1 for range error. All input variables
had a Gaussian distribution with a mean of zero. The largest standard deviation used was
approximately 2.8 mm for setup errors and 2% for range error. The model used in this
thesis had two input variables and each input variable represented the uncertainty in
either the CTV delineation or the brain stem delineation. The variables were uniformly
distributed over a range of [-5 mm, 5 mm] for the CTV and [-2 mm, 2 mm] for the brain
stem.

One of the studies reported a voxel acceptance of at least 80% for all scenarios [49].
The voxel acceptance in this thesis was at most 40% for a single scenario.

DVHs for the brain stem [52] and for the spinal cord [49] showed a large overlap between
the PCE DVH and the real DVH or at the very least a similar behavior. For this thesis, this
was only true in a subset of the scenarios. Scenarios with the largest error were shown,
and possible inaccuracies were large.

The D98% for the CTV has been reported and showed that all robust plans delivered at
least 95% of the prescribed dose. For the non-robust plan, there was a small probability
that D98% was smaller than 95%. For two patients in this thesis, the probability was al-
most 100% that D98% would be less than 95% of the prescribed dose and approximately
75% chance for the remaining patient to receive less than 95% of the prescribed dose for
uncertainties up to 5 mm. The caveat is that a mistake was found that was made during
the re-optimizations. In the last step, spots that are below a MU threshold are thrown
away, and then the remaining spots are re-optimized for the wish-list. The spots were
thrown away, but re-optimization did not happen. This could be a reasonable explana-
tion for the almost guaranteed under dosing of the CTV.

Overall, the PCE model showed poor accuracy compared to the other two studies. The
main difference between this thesis and those two studies is the type of error sources
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that are being investigated. Setup errors and range errors do not change the delineation,
whereas the input variables used in this thesis actively change the delineations. Depend-
ing on the magnitude of the change, the resulting structure set could be considered a
completely different patient, which can result in a different set of beams. It could be
compared to building a single PCE model using the responses of multiple different pa-
tients.

The last factor to consider is of course the mistake of missing the last re-optimization
step. It is currently unclear how much of an impact this has on the final plan and, there-
fore, how optimal the plans are. It is possible that the last re-optimization step could
make a noticeable difference in the large error scenarios.

5.2. DOSIMETRIC EFFECTS
Aliotta et al. [36] have researched the dosimetric impact on organs at risk, which was
reported as the probability of achieving a plan metric such as Dmax . Their paper was
focused on both delineation uncertainty and setup uncertainty, but they have included
results for delineation uncertainty only. The plan quality metric for the brain stem was a
Dmax of 54 Gy, which is less than 60 Gy for this thesis. The delineation uncertainty was
modeled for three different initial magnitudes of random anisotropic adjustments of the
delineation, however, the largest magnitude was considered unrealistic by the authors
and therefore the results will be excluded. The remaining initial magnitudes were 2 mm
and 5 mm. Although these were the initial magnitudes, the actual median Hausdorff
distances were approximately 5 mm and 7.5 mm. For the smallest magnitudes, there was
no impact on achieving their plan metric, and for the medium magnitude there was a
14% chance of not achieving their plan metric. Furthermore, the initial Dmax was around
50 Gy for the nominal situation, increased to at most 52 Gy for the small magnitude and
up to 62 Gy for the medium magnitude.

Although this thesis evaluated D2% and used an isotropic adjustment to the contour,
there is still a noticeable difference. A 2 mm expansion of the brain stem for a fixed dose
distribution increased the D2% by approximately 3-5 Gy depending on the patient. In a
re-optimized dose distribution the difference was of a smaller magnitude depending on
the distance between the brain stem and the CTV. If the confidence interval is extended
to 2.0 Gy, the largest possible uncertainty on the brain stem would be 1.75 mm.

There can be several reasons as to why the sensitivty of the brain stem in their research
is lower than in this thesis. Main reason is that although the reported Hausdorff distance
is at least 5 mm, the corresponding DSC is 0.88 which indicates a large degree of simil-
arity between the nominal delineation and the distorted delineation. In addition their
tumor was not located near the brain stem as it is for the patients in this thesis. Their res-
ults also indicated that OARs next to tumors were more sensitive to uncertainties than
those that are not [36].
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This chapter will cover the conclusions of the research. After the conclusions are reached,
there will be a section that covers the recommendations for future research.

6.1. PCE VALIDATION

Different PCE models have been constructed and validated with evaluation scenarios.
Comparisons were made for DVH of the CTV, brain stem, and spinal cord. Additionally,
the dose distribution was included for re-optimized dose distributions.

For a fixed dose distribution, the model was constructed with GO6PO7 and for a re-
optimized dose distribution with GO5PO6. The model for a fixed dose distribution had
small errors for the CTV and the brain stem. The largest error was 0.27 Gy in D2% of the
brain stem. The DVHs of the CTV and brain stem showed great agreement even for the
scenarios with the largest error between the PCE DVH and the real DVH.

The model for a re-optimized dose distribution had limited validity due to the mag-
nitude of errors. In the end, only D98% from the CTV and D2% from the brain stem were
used to determine the dosimetric effects. The DVHs of the CTV and brain stem showed
limited agreement between PCE DVH and real DVH. The comparison of DVHs of the
spinal cord was inaccurate. The dose distribution had at most 40% voxel acceptance for
a threshold of 0.1 Gy for a small number of scenarios.

To check a possible reason for this inaccuracy, the same patient, structure set, and
wish-list has been re-optimized several times to see what potential noise the re-optimization
could have. This resulted in a comparison between four different dose distributions. Two
of those distributions were very similar and had a small mean dose difference of 0.01 Gy.
However, any other comparison resulted in large mean dose differences between 0.69 Gy
and 0.83 Gy. These mean dose differences are greater than most of the errors found in
the PCE responses of interest.

In addition, a mistake has been found in the re-optimizations during the last step. In
the last step, spots are thrown away if they are below a certain monitor unit threshold,
and then the remaining spots are re-optimized. The last re-optimization did not take
place and this could be the reason why for two of the three patients the CTV is under-
dosed regardless of the uncertainty in the delineation.
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6.2. DOSIMETRIC EFFECTS
Dosimetric effects have been investigated by calculating the width of the 98% and the
95% confidence intervals for D98% of the CTV and D2% of the brain stem for different
values of the radius R that have been drawn from uniform distributions ranging from [0
mm, 0 mm] to [-5 mm, 5mm] and [-2 mm, 2mm] for the CTV and the brain stem, respect-
ively. This resulted in 21 different distributions for the CTV and 9 different distributions
for the brain stem.

For fixed dose distributions, these distributions have been used in isolation for a total
of 30 different cases. For re-optimized dose distribution, all the different combinations
have been used for a total of 189 different cases. For each case 100,000 samples were
drawn. DVHs, histograms, and confidence intervals have been plotted.

For both situations, an increase in uncertainty resulted in a larger confidence interval
and therefore a larger uncertainty in the D98% in the CTV and the D2% in the brain stem.

For a fixed dose distribution, it was found that the width of the 98% confidence interval
in the D98% in the CTV would increase to approximately 2 Gy for a uncertainty in the
delineation of the CTV between 0.75 mm and 1.25 mm depending on the patient.

The width of the 98% confidence interval in the D2% in the brain stem would increase
to approximately 2 Gy for a delineation uncertainty in the brain stem between 0.25 mm
and 0.5 mm.

For a re-optimized distribution, it was found that the width of the 98% confidence
interval in the D98% in the CTV would increase to approximately 2 Gy for a combined
uncertainty of 1.25 mm for two patients and 4.5 mm for one patient. For two patients,
the dose uncertainty was more sensitive to delineation uncertainties in the brain stem,
and for one patient, it was more sensitive to delineation uncertainties in the CTV.

The width of the 98% confidence interval in the D2% in the brain stem would increase
to approximately 2 Gy for a combined delineation uncertainty between 1.0 mm and 4.5
mm depending on the patient. For all three patients, the dose uncertainty was more
sensitive to delineation uncertainty in the brain stem than the delineation uncertainty
in the CTV.

The effect of these uncertainties will depend on the nominal situation. For all patients,
a dose uncertainty of 2 Gy corresponds to approximately 2.85% of the prescribed dose for
the CTV and approximately 3.33% of the maximum dose constraint for the brain stem.
Two of the patients were already under dosed in the nominal situation, the remaining
patient was near the boundary of under dosing. A 2 Gy dose uncertainty would most
likely result in under dosing the CTV. The D2% in the brain stem for the three patients
was around 49 Gy to 52 Gy. A 2 Gy dose uncertainty is unlikely to result in exceeding the
maximum dose constraint on the brain stem in these patients.

6.3. LIMITATIONS & RECOMMENDATIONS
A clear limitation of these findings is that the range of uniform distributions increased in
steps of 0.25 mm. Smaller steps would increase the total number of cases that have to be
investigated but would allow for more accurate results. It is likely that the widths of the
confidence intervals could not be limited to 0.5 Gy due to the step size of 0.25 mm in the
uniform distributions.
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There are also several limitations to the method of modeling uncertainty. The rolling
ball algorithm that is used in this is only applied in 2D. Therefore, it is more of a rolling
circle. The results might be different for an actual rolling ball applied in 3D. However,
even with this change, there is an inherent limitation in modeling uncertainty with a
single radius applied to an entire volume. There can be different amounts of uncertainty
for different parts of a volume, as shown when comparing the delineation of different
observers [36] and the improved results of anisotropic margins [33]. A more realistic
variation of the rolling ball would require a variable radius that depends on the current
location of the ball. An obstacle that needs to be overcome would be for the algorithm to
recognize parts of the contour and the radius that needs to be applied at that location. An
additional obstacle would be that the adjustments to each point of the contour are likely
not independent of each other. The adjustment of a point will most likely be influenced
and dependent on the adjustment of neighboring points.

Another modification that might increase the range of uncertainties that could be
modeled would be to split the radius of the ball into components. An obvious split would
be into x-, y-, and z-components.

In addition to using the rolling ball, it might also be interesting to incorporate shifts
and rotations. Theoretically, this can be done with a variable rolling ball, but implement-
ation is probably easier with shifts and rotations.

Another problem found in this thesis was modeling the DVH of the spinal cord. Al-
though there were some problems in modeling the entire DVH of the CTV and brain
stem, there was still sufficient accuracy in two metrics of interest. However, there was
not enough accuracy for the spinal cord. one of the differences between the spinal cord
and the brain stem was that the spinal cord was not adjusted. Although the dose distribu-
tion within the spinal cord is not independent of changes in brain stem volume and CTV,
it is likely that the dependence on direct changes in the spinal cord is stronger. Finding
out whether the inclusion of a volume in the construction of a PCE model matters for
the accuracy of the PCE responses for metrics in that volume might be interesting.

An additional problem was the modeling of PCE for the entire dose distribution. Mod-
els were considered invalid due to poor accuracy. A possible cause might be that the
ranges of the uniform distributions were too large. Perhaps, smaller deviations might
lead to a more accurate model, since the structure sets will not deviate from each other
by such a large margin.

A different aspect to consider would be the acceptable dose range for a voxel. The
CTV was more accurate than the other volumes and had a relatively narrow dose range
for its voxels, as it had both a maximum and partial minimum dose constraint. This
could be investigated by lowering the maximum dose constraint on OARs to narrow the
acceptable dose range for a voxel in those volumes.

Last recommendation is related to auto-contouring. This study was limited to look-
ing at the dosimetric effects of contouring uncertainties. However an interesting recom-
mendation would be to look at the uncertainty propagation and the dosimetric effect of
that propagation. These uncertainties can also be present in the images that are used as
an atlas for auto-contouring. How does that uncertainty propagate, and what is the dosi-
metric effect of the initial uncertainty. The software itself might also have an uncertainty,
what is the interaction between the two uncertainties and what is the magnitude of the
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final uncertainty. What would happen if multiple different atlases are used, would that
lessen or worsen the final uncertainty. There are a lot of interactions and consequences
of uncertainties and auto-contouring that should be investigated.
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A
LARGEST ERROR SCENARIOS

A.1. PATIENT 2

This subsection contains all the figures that show the largest error scenarios for patient
2 for either a fixed dose distribution or a reoptimized dose distribution. Each figure will
specify if it shows the largest error scenario between the PCE response to the real DVH
and the real DVH or if it shows the largest error scenario between the PCE response to
the real DVH and the PCE-based DVH.

A.1.1. FIXED DOSE DISTRIBUTION

(a) Largest error between the real DVH and
the PCE DVH of the CTV

(b) Largest error between the real DVH and
the PCE DVH of the brain stem
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A.1.2. RE-OPTIMIZED DOSE DISTRIBUTION

(a) Largest error between the real DVH and
the PCE DVH of the CTV

(b) Largest error between the PCE DVH and
the PCE-based DVH of the CTV

(a) Largest error between the real DVH and
the PCE DVH of the brain stem

(b) Largest error between the PCE DVH and
the PCE-based DVH of the brain stem

(a) Largest error between the real DVH and
the PCE DVH of the spinal cord

(b) Largest error between the PCE DVH and
the PCE-based DVH of the spinal cord
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A.2. PATIENT 69

This subsection contains all the figures that show the largest error scenarios for patient
69 for either a fixed dose distribution or a reoptimized dose distribution. Each figure will
specify if it shows the largest error scenario between the PCE response to the real DVH
and the real DVH or if it shows the largest error scenario between the PCE response to
the real DVH and the PCE-based DVH.

A.2.1. FIXED DOSE DISTRIBUTION

(a) Largest error between the real DVH and
the PCE DVH of the CTV

(b) Largest error between the real DVH and
the PCE DVH of the brain stem

A.2.2. RE-OPTIMIZED DOSE DISTRIBUTION

(a) Largest error between the real DVH and
the PCE DVH of the CTV

(b) Largest error between the PCE DVH and
the PCE-based DVH of the CTV
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(a) Largest error between the real DVH and
the PCE DVH of the brain stem

(b) Largest error between the PCE DVH and
the PCE-based DVH of the brain stem

(a) Largest error between the real DVH and
the PCE DVH of the spinal cord

(b) Largest error between the PCE DVH and
the PCE-based DVH of the spinal cord

A.3. PATIENT 155

This subsection contains all the figures that show the largest error scenarios for patient
155 for either a fixed dose distribution or a reoptimized dose distribution. Each figure
will specify if it shows the largest error scenario between the PCE response to the real
DVH and the real DVH or if it shows the largest error scenario between the PCE response
to the real DVH and the PCE-based DVH.
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A.3.1. FIXED DOSE DISTRIBUTION

(a) Largest error between the real DVH and
the PCE DVH of the CTV

(b) Largest error between the real DVH and
the PCE DVH of the brain stem

A.3.2. RE-OPTIMIZED DOSE DISTRIBUTION

(a) Largest error between the real DVH and
the PCE DVH of the CTV

(b) Largest error between the PCE DVH and
the PCE-based DVH of the CTV

(a) Largest error between the real DVH and
the PCE DVH of the brain stem

(b) Largest error between the PCE DVH and
the PCE-based DVH of the brain stem
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(a) Largest error between the real DVH and
the PCE DVH of the spinal cord

(b) Largest error between the PCE DVH and
the PCE-based DVH of the spinal cord
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DOSIMETRIC EFFECTS

B.1. PATIENT 2

B.1.1. FIXED DOSE DISTRIBUTION

(a) Confidence intervals for the DVH of the
CTV

(b) Confidence intervals for the DVH of the
Brain stem

(a) Histogram for the D98% of the CTV (b) Histogram for the D2% of the Brain stem
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(a) Dependence of D98% of the CTV on the
delineation uncertainty

(b) Dependence of D2% of the Brain stem on
the delineation uncertainty

B.1.2. RE-OPTIMIZED DOSE DISTRIBUTION

(a) Confidence intervals for the DVH of the
CTV

(b) Confidence intervals for the DVH of the
Brain stem

(a) Histogram for the D98% of the CTV (b) Histogram for the D2% of the Brain stem

(a) Dependence of D98% of the CTV on the
delineation uncertainty

(b) Dependence of D2% of the Brain stem on
the delineation uncertainty
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(a) Dependence of the width of the confid-
ence intervals on the delineation uncer-
tainty for the CTV

(b) Dependence of the width of the confid-
ence intervals on the delineation uncer-
tainty for the brain stem

B.2. PATIENT 69

B.2.1. FIXED DOSE DISTRIBUTION

(a) Confidence intervals for the DVH of the
CTV

(b) Confidence intervals for the DVH of the
Brain stem

(a) Histogram for the D98% of the CTV (b) Histogram for the D2% of the Brain stem
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(a) Dependence of D98% of the CTV on the
delineation uncertainty

(b) Dependence of D2% of the Brain stem on
the delineation uncertainty

B.2.2. RE-OPTIMIZED DOSE DISTRIBUTION

(a) Confidence intervals for the DVH of the
CTV

(b) Confidence intervals for the DVH of the
Brain stem

(a) Histogram for the D98% of the CTV (b) Histogram for the D2% of the Brain stem

(a) Dependence of D98% of the CTV on the
delineation uncertainty

(b) Dependence of D2% of the Brain stem on
the delineation uncertainty
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(a) Dependence of the width of the confid-
ence intervals on the delineation uncer-
tainty for the CTV

(b) Dependence of the width of the confid-
ence intervals on the delineation uncer-
tainty for the brain stem

B.3. PATIENT 155

B.3.1. FIXED DOSE DISTRIBUTION

(a) Confidence intervals for the DVH of the
CTV

(b) Confidence intervals for the DVH of the
Brain stem

(a) Histogram for the D98% of the CTV (b) Histogram for the D2% of the Brain stem
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(a) Dependence of D98% of the CTV on the
delineation uncertainty

(b) Dependence of D2% of the Brain stem on
the delineation uncertainty

B.3.2. RE-OPTIMIZED DOSE DISTRIBUTION

(a) Confidence intervals for the DVH of the
CTV

(b) Confidence intervals for the DVH of the
Brain stem

(a) Histogram for the D98% of the CTV (b) Histogram for the D2% of the Brain stem

(a) Dependence of D98% of the CTV on the
delineation uncertainty

(b) Dependence of D2% of the Brain stem on
the delineation uncertainty
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(a) Dependence of the width of the confid-
ence intervals on the delineation uncer-
tainty for the CTV

(b) Dependence of the width of the confid-
ence intervals on the delineation uncer-
tainty for the brain stem
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