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ARTICLE INFO ABSTRACT

Keywords: Purpose: In inverse radiotherapy treatment planning, the Pareto front is the set of optimal solutions to the multi-

O_Pﬁmisaﬁof‘ criteria problem of adequately irradiating the planning target volume (PTV) while reducing dose to organs at risk

Elreﬁly deliverable Pareto front (OAR). The Pareto front depends on the chosen optimisation parameters whose influence (clinically relevant
rostate

versus not clinically relevant) is investigated in this paper.

Methods: Thirty-one prostate cancer patients treated at our clinic were randomly selected. We developed an in-
house Python script that controlled the commercial treatment planning system RayStation to calculate directly
deliverable Pareto fronts. We calculated reference Pareto fronts for a given set of objective functions, varying the
PTV coverage and the mean dose of the primary OAR (rectum) and fixing the mean doses of the secondary OARs
(bladder and femoral heads). We calculated the fronts for different sets of objective functions and different mean
doses to secondary OARs. We compared all fronts using a specific metric (clinical distance measure).

Results: The in-house script was validated for directly deliverable Pareto front calculations in two and three
dimensions. The Pareto fronts depended on the choice of objective functions and fixed mean doses to secondary
OARs, whereas the parameters most influencing the front and leading to clinically relevant differences were the
dose gradient around the PTV, the weight of the PTV objective function, and the bladder mean dose.
Conclusions: Our study suggests that for multi-criteria optimisation of prostate treatments using external therapy,

dose gradient around the PTV and bladder mean dose are the most influencial parameters.

1. Introduction

In radiotherapy, the dose distribution is usually optimised using in-
verse treatment planning algorithms in order to deliver a treatment plan
that is as close as possible to the desired dose distribution [1-4]. The
latter is specified by using objective functions and weights that represent
the importance of achieving the corresponding objectives. Because there
are multiple objectives (e.g. uniform dose to the planned target volume
(PTV), dose as low as possible to the various organs at risk (OAR)),
radiotherapy treatment planning is a multi-objective problem, also
known as multi-criteria optimisation (MCO). The related continuum of
optimal solutions is called the Pareto front, where a solution is called
Pareto optimal if there is no other solution that improves at least one
criterion without worsening another [5-7]. In order to reduce
complexity and visualise a radiotherapy Pareto front on a two-
dimensional graph, one can sample the front by varying only two
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objectives and keeping all other parameters constant [8]. Keeping all
other parameters constant ensures to maintain control over parameters
that are not involved in the trade-off under consideration.

Previous studies have investigated how to efficiently approximate
and navigate on the Pareto front for a given set of objective functions
[9-14], built fully or partially automated treatment planning systems
[15-20], and predicted the Pareto front solely on the anatomical fea-
tures of the patient [21]. When using multi-criteria Pareto optimisation
either for online navigation on the Pareto front or for automated plan-
ning, it is important to know which optimisation parameters induce
clinically relevant changes in the Pareto front and which ones do not.
However, there is little literature investigating the influence of optimi-
sation parameters related to the dose gradient around the PTV, the use of
different objective functions and, in particular, different sets of objective
functions on the PTV. To investigate this, we wrote and validated an in-
house script that controlled the TPS RayStation and calculated directly
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Table 1

Set of objective functions and built-in constraints used for calculating a Pareto
front of a prostate cancer patient with a prescription of 78 Gy in 39 fractions
using HT. The technical structure’’ring’’ was a uniform expansion of the PTV of
2 cm. The gradient in the dose fall-off function was defined by the distance (1.5
cm) at which the dose should have been half of the prescribed dose (39 Gy). The
Pareto generation script systematically changed the goal value of the max EUD
objective function of the rectum. The script did not change any other parameter.

region of interest objective function weight
PTV uniform dose: 78 Gy 200
ring dose fall-off: 78 Gy, 39 Gy, 1.5 cm 15
rectum max EUD: 18 Gy, parameter A = 1 5
region of interest built-in constraint
bladder max EUD: 21 Gy, parameter A = 1
right femoral head max EUD: 7 Gy, parameter A = 1
left femoral head max EUD: 7 Gy, parameter A =1
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Fig. 1. Varying the goal mean dose of the rectum objective function (adapted
scalarisation — blue circles) lead to the same Pareto front as varying the
weighting factor (scalarisation — red squares) shown on a patient representative
of the series. The red squares had a mean clinical distance of 0.027 and a
maximum clinical distance of 0.071 from the blue squares. (For interpretation
of the references to colour in this figure legend, the reader is referred to the web
version of this article.)

deliverable Pareto fronts. We decided to write a script instead of using
the MCO module of RayStation because it was shown that in certain
cases the navigated Pareto front may not be representative of the real
deliverable Pareto front [12,22]. Some of the reasons why they may not
be representative may also change parameters that are not involved in
the trade-off being studied. In addition, the script may be useful to other
RayStation users because it densely samples the Pareto front, calculates
each treatment plan from the ground up, and all plans are deliverable.
We applied the script to thirty-one prostate cancer patients and
investigated the influence of the chosen objective functions and weights,
as well as the mean doses to secondary OARs (bladder and femoral
heads) on the variability of the Pareto front. The results of this investi-
gation gave insights into the working principle of the used TPS opti-
miser, showing which objective functions have a major or minor impact
on the Pareto front. Furthermore, varying doses for secondary OARs
allowed us to better understand the interplay between trade-offs.

2. Materials and methods
We generated directly deliverable Pareto fronts for several sets of

optimisation parameters using an in-house made Python script that
controlled the TPS RayStation (RaySearch Laboratories, Sweden)
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Fig. 2. Consistency test for one prostate cancer patient (three-dimensional
rotatable image in supplementary material). The Pareto surface obtained with
the unmodified Pareto generation script is shown with blue circles while the
Pareto surface obtained with the modified script (role of rectum and bladder
exchanged) is shown with orange squares. The two surfaces had a mean clinical
distance of 0.061 (maximum clinical distance 0.196). (For interpretation of the
references to colour in this figure legend, the reader is referred to the web
version of this article.)
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Fig. 3. Built-in constraint test for a patient representative of the series. In our
script, we put built-in constraints on both, the bladder and the femoral heads
(blue circles). The manual plans were generated by manually adapting the goal
mean doses and weights of the objective function for the bladder (strategy 1,
purple triangles) or the femoral heads (strategy 2, black triangles) or both of
them (strategy 3, green squares). Although some manual plans were better
(lower rectum mean dose for the same PTV coverage) than the plans obtained
using our script by a mean clinical distance of 0.021 (maximum clinical dis-
tance 0.096), this difference was not clinically relevant. (For interpretation of
the references to colour in this figure legend, the reader is referred to the web
version of this article.)

[23,24]. In order to evaluate whether the differences between the ob-
tained fronts were clinically relevant, we used the clinical distance
measure [25].

2.1. Script and Pareto fronts generation

The in-house script was written in Python 2.7 and controlled the TPS
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Fig. 4. Example of Pareto fronts for patient number 7 of group A with different sets of objective functions plotted on the same graph as the reference Pareto front. The

sets of objective functions that led to these Pareto fronts are listed in Appendix C.

RayStation version 9B Research [23,24]. The script also worked on other
versions of RayStation (8A, 9A, 10A, 11A, 12A) and Python interpreters
(3.6, 3.8) and it is freely available upon request to the corresponding
author. In RayStation, different objective functions and corresponding
weights could be assigned for different regions of interest according to
their category of PTV or OAR. Once the user had defined a set of
objective functions and weights, the RayStation optimiser searched for a
treatment plan that was as close as possible to this set by minimising a
quadratic cost function. Hereby, the optimiser tried to fulfil the objective
functions as best as possible.

To control dose homogeneity in the PTV, the minimum dose (min
dose), maximum dose (max dose), and uniform dose objective functions
were chosen. We used the dose fall-off objective function in a 2 cm
uniform expansion outside of the PTV to steepen the dose gradient in the
vicinity of the PTV. We used the maximum equivalent uniform dose
(max EUD) objective function (based on the one-parameter model
equivalent uniform dose) in order to further reduce dose specifically in
certain OARs [24,26]. The EUD was defined as follows:

N 1/A
EUD = (Ev,Dj‘) €Y}

i=1

where v; was the partial volume absorbing the dose D;, N the number
of voxels and A a parameter. Hereby, we chose the parameter A =1 such
that the EUD equalled the mean dose. All objective functions used in this
work were convex which was a criterium for having a convex optimi-
sation problem meaning a problem with one single optimal solution
[27,28]. In addition to the objective functions, we could also define
built-in constraints that would control the dose to secondary OARs. In
contrast to objective functions, built-in hard constraints had to be ful-
filled anyhow.

The script was executable in RayStation for any tumour site and
treatment technique. In this work, we applied it to prostate cancer using

the helical tomotherapy (HT) treatment technique. HT is a convex
optimisation problem that was solved in RayStation using direct aper-
ture optimisation, i.e. all treatment plans in this study were deliverable
[24,29]. The script was based on a scalarisation algorithm and sampled
the Pareto front for a given set of objective functions. Scalarisation al-
gorithms solve the problem of quadratic cost function minimisation by
varying the weighting factors [9]. In RayStation, the treatment plan
optimisations diverged for some of the patients when using this standard
scalarisation algorithm. We therefore developed an adapted version of
the scalarisation algorithm where we varied the goal mean dose of the
OAR objective function instead of the weighting factors. Like this, the
treatment plan optimisations converged for all patients of the cohort.

The script generated Pareto optimal plans in two dimensions for a
given set of objective functions (Table 1). It started with a treatment
plan with high PTV coverage and gradually decreased the goal mean
dose of a selected OAR which compromised PTV coverage. At the same
time, the mean doses to the other OARs were kept constant by applying
built-in constraints that were fulfilled with an accuracy of +£0.01 Gy.
The script reset the optimisation before calculating each new Pareto
optimal plan. By applying the script that calculated the Pareto front in
two dimensions several times using different fixed mean doses on a
second OAR, we were able to obtain a Pareto surface in three dimensions
with the PTV under-coverage and the mean doses to the first and second
OARs as axes parameters. In this study, the term’’fixed mean dose’
refers to the principle of keeping the mean dose constant. This can be
achieved using different methods, one of which is the use of built-in
constraints of RayStation.

In RayStation, we used a uniform dose grid with a resolution of 0.3
cm per voxel. The optimiser performed at least two times forty iterations
and calculated the dose with the “Collapsed Cone v5.2” algorithm at the
end of each fortieth iteration. The iterations were stopped at conver-
gence using a RayStation optimisation tolerance of 10°. We ran the
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Table 2
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Colour code for the maximal clinical distances (max cd) of the Pareto fronts for different sets of objective functions with respect to the reference Pareto front for all
patients. Grey-scale: max cd not clinically relevant, yellow: max cd > 0.28 which may be clinically relevant (lower limit of confidence interval), orange-red-purple-
scale: max cd > 0.32 which is clinically relevant. The sets of objective functions that led to these Pareto fronts are listed in Appendix C. (For interpretation of the
references to colour in this table, the reader is referred to the web version of this article.)
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script on a laptop with an NVIDIA Quadro RTX 5000 GPU processor and
32 GB RAM memory. These settings led to a script execution time of
about one and a half hour per case, where about 30 treatment plans were
generated.

2.2. Validation of the script

2.2.1. Equivalence of adapted scalarisation and classical scalarisation
algorithm

While classical scalarisation algorithms solve the quadratic cost
function minimisation problem by varying the weighting factors, our
adapted version varied the goal mean dose of the rectum objective
function. A priori, we did not know whether the two approaches would
lead to the same result because we did not know the exact mathematic
formulation of the cost function in RayStation. We tested the equiva-
lence of the two approaches by running them on one prostate cancer
patient, in which the optimisations converged using the classical sca-
larisation algorithm, and evaluated if any potential differences between

the two approaches were clinically relevant.

2.2.2. Consistency test

In order to obtain a Pareto surface in three dimensions, we applied
the script that calculated the Pareto front in two dimensions (PTV
coverage versus rectum mean dose) several times using different fixed
mean doses on the bladder. For testing the consistency, we then
exchanged the role of the rectum and the bladder and calculated the
Pareto surface again. Finally, we evaluated whether the clinical dis-
tances of the two surfaces were clinically relevant. This consistency test
was performed on three prostate cancer patients (one for each Group A,
B and C).

2.2.3. Built-in constraint test

The script for generating Pareto fronts in two dimensions (PTV
coverage versus rectum mean dose) fixed the mean doses to the bladder
and femoral heads using built-in constraints from RayStation. A priori,
we did not know how these built-in constraints were implemented in the
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Fig. 5. Pareto fronts for different fixed bladder mean doses (17 Gy purple to 36 Gy red) for patient number 10 of group B (left). Maximal clinical distances of these
Pareto fronts to the reference Pareto front for the same patient (right). Positive values mean that the corresponding front was above the reference front meaning
higher rectum mean dose and lower PTV coverage. Clinically relevant ranges on the plot are marked with a background colour (absolute values > 0.28 yellow lower
limit of confidence interval, > 0.32 red). In both plots, the same colours are assigned to each value of the bladder mean dose. The reference Pareto front (28 Gy
bladder mean dose) is shown using black squares. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of

this article.)

RayStation optimiser and whether it would have been possible to get
better treatment plans (lower rectum mean dose for the same PTV
coverage and mean doses to the bladder and femoral heads) if opti-
mising manually by iteratively changing the goal mean doses and
weights of the rectum, bladder, and femoral heads objective functions.
We tested this on one prostate cancer patient where we optimised
treatment plans by manually adapting the goal mean doses and weights
of the objective function for the bladder (strategy 1) or the femoral
heads (strategy 2) or both of them (strategy 3). All manual treatment
plans had the same mean doses to the bladder and the femoral heads as
the treatment plans calculated with our script. The uncertainty on those
mean doses was + 0.01 Gy for plans calculated with the script and + 0.1
Gy for manual treatment plans. Each treatment plan was calculated
independently of other plans, meaning that we reset the optimisation
before calculating a new plan. In the case that there were some manual
plans that were better than the ones obtained with our script, we had to
evaluate if this advantage was clinically relevant.

2.3. Clinical distance measure

The clinical distance is a special case of the efficiency score used in
data envelopment analysis, which is a standard metric in economy [30]
and has also been applied to radiotherapy in recent years [31-35]. A
detailed description can be found elsewhere [25]. In summary, the
clinical distance between a treatment plan o with a set of evaluation
parameters a = (aj, ay, ..., a,) and a Pareto front B consisting of the
Pareto optimal plans f1, B, ..., fm with the sets of evaluation parameters
bi,1, bi2, ..., bjm for i = 1 to n was defined as follows:

were clinically considered to be of lower quality. In this work, the
term’’clinically relevant’ therefore refers to a clinical distance>0.32
(0.28 - 0.35). For this study, we wanted to investigate whether changing
a certain optimisation parameter p could lead to clinically relevant
different treatment plans. Therefore, we calculated the clinical distances
of all treatment plans oy, o, ... ay obtained with this changed optimi-
sation parameter and the reference Pareto front B obtained with the
unchanged optimisation parameter. If the maximum of all those clinical
distances exceeded 0.32 (0.28 -0.35), the optimisation parameter p
might affect the Pareto front in a clinically relevant way. In addition, for
comparing the positions of the reference Pareto fronts of several pa-
tients, we calculated the clinical distances of these fronts to the origin of
the coordinate system.

2.4. Influence of optimisation parameters

We randomly selected thirty-one prostate cancer patients treated at
our clinic and applied a prescription of 78 Gy in 39 fractions using HT.
For each patient, we first calculated a two-dimensional reference Pareto
front for a given set of objective functions (Table 1), varying the trade-
off PTV under-coverage (100% - Vgse,) and mean dose to the primary
OAR (rectum), where the latter was related to the risk of faecal incon-
tinence [39-46]. In our clinic, a treatment plan is acceptable if the PTV
under-coverage does not exceed 5%. For the Pareto front calculations,
we fixed the mean doses to secondary OARs (bladder and femoral heads)
at given values (Table Al in Appendix A). Those values have been
chosen in the following way: Among others, we wanted to compare the
Pareto fronts of several patients. Since the fixed mean doses to the
bladder and femoral heads influence the position of the Pareto front,

cdy(a) = min<\/i (@ - bu)k). \/Z (@ — b)) \/Z (s — bu)ks)? ) @

The clinical scaling factor k = (ky, ko, ..., ky) determined the clinical
importance of the evaluation parameters [25,36-38]. The study pro-
posed to take 0.5 for the PTV under-coverage and 0.05 Gy ! for the
rectum and bladder mean doses [25]. Note that equation (2) describes
the distance between a point (one single treatment plan) and a line
(Pareto front). The study showed that non-Pareto optimal plans located
at a clinical distance value>0.32 (0.28 — 0.35) from the Pareto front

such a comparison is only meaningful if these fixed mean doses are the
same in all patients. However, for each patient anatomy, there is only a
certain range of possible fixed mean doses that allow the calculation of
clinically acceptable Pareto optimal plans. In other words, if the mean
dose to the bladder is chosen too high, the obtained plans are not Pareto
optimal meaning that it is possible to find other plans with the same PTV
under-coverages and rectum mean doses using a lower fixed mean dose
to the bladder; if the fixed mean dose to the bladder is chosen too low,
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Table 3
Colour code for the maximal clinical distances (max cd) of the Pareto fronts for different fixed bladder mean doses with respect to the reference Pareto front for all
patients. Grey-scale: max cd not clinically relevant (max cd = 0 for reference Pareto front), yellow: max cd > 0.28 which may be clinically relevant (lower limit of
confidence interval), orange-red-purple-scale: max cd > 0.32 which is clinically relevant. Empty white fields mean that the corresponding bladder mean dose did not
enable calculating Pareto optimal plans for this patient. (For interpretation of the references to colour in this table, the reader is referred to the web version of this
article.)
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Colour code for the maximal clinical distance being bigger or equal to the following values.

the obtained Pareto optimal treatment plans will have a PTV under- procedure. Once, this range was known for each patient, we divided the
coverage smaller than 5%, which is inacceptable in our clinic. The patient cohort into three groups (A, B and C) with the same fixed mean
same applies to the fixed mean doses to the femoral heads. We deter- doses for all patients of one group (bladder 21 Gy (A), 28 Gy (B) and 38
mined the range of possible fixed mean doses that allow the calculation Gy (C); femoral heads 7 Gy). Hereby, we wanted the Pareto fronts to
of clinically acceptable Pareto optimal plans using a trial and error cover almost the whole range of clinically acceptable PTV under-
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Fig. 6. Reference Pareto fronts for Group A (left). Clinical distances of these fronts to the origin of the coordinate system calculated using equation (2) plotted against
the PTV-rectum-overlap volume relative to the rectum volume for the same patients (right). Each colour and symbol represents one patient. (For interpretation of the
references to colour in this figure, the reader is referred to the web version of this article.)

Table Al

Patient groups, patient numbers, fixed mean doses to the bladder and femoral
heads for the reference Pareto fronts as well as the PTV-bladder-overlap volume
relative to the bladder volume and the PTV-rectum-overlap volume relative to
the rectum volume.

group  patient fixed fixed PTV- PTV-
number bladder femoral bladder- rectum-
mean dose heads mean overlap overlap
[Gy] doses [Gy] [%] [%]
A 1 21 7 5.9 2.5
2 3.9 3.2
3 3.4 1.5
4 4.4 6.5
5 3.0 12.2
6 3.3 3.2
7 4.3 1.8
8 3.0 2.4
B 9 28 7 4.7 6.1
10 4.6 10.1
11 3.4 6.7
12 4.0 2.1
13 12.6 0.7
14 8.9 3.4
15 6.8 2.6
16 3.6 3.7
17 6.2 5.6
C 18 38 7 8.9 8.1
19 12.1 1.9
20 7.5 4.4
21 10.5 7.2
22 12.5 4.0
23 14.2 3.7
D 24 11 4 0.6 2.7
25 10 5 1.7 7.1
26 14 8 4.0 7.0
27 26 5 7.5 6.3
28 30 4 11.4 7.6
29 46 8 23.4 2.9
30 48 9 20.6 3.2
31 29 5 4.3 3.2

coverage (1.5% - 5%) in order to have enough points on the front for
doing meaningful data analysis. Some patients could not be assigned to
those three groups because the range of possible fixed mean doses to the
bladder or the femoral heads was too low or too high. Group D therefore
consists of those patients that could not be assigned to groups A, B and C.
85% of the so-obtained Pareto optimal treatment plans were acceptable
by the standards of our clinic (acceptance criteria in Table B1 in Ap-
pendix B).

Table B1
Criteria for clinical acceptability of prostate cancer
treatment plans at our clinic.

PTV Vs, > 95%
Day, < 107%

Rectum V7s56y < 10%
Vzoay < 20%
Vesay < 25%
Veocy < 40%

Vsogy < 50%

Bladder Vsogy < 15%
Vyogy < 25%

Vesay < 50%

Femoral heads Vsoy < 10%

Table C1

Sets of objective functions called “Weight PTV: 50, 100, 400 and 800" by
adapting the weight of the objective function of the PTV, “Dose fall-off: 1 cm and
2 cm’ by adapting the distance in the dose fall-off objective function and
“Weight rectum: 1, 25, 250 and 2500” by adapting the weight of the objective
function of the rectum.

region of interest objective function weight
PTV uniform dose: 78 Gy 200
ring dose fall-off: 78 Gy, 39 Gy, 1.5 cm 15
rectum max EUD: 18 Gy, parameter A = 1 5
Table C2
Set of objective functions called *’3 objective functions on PTV’’.
region of interest objective function weight
PTV min dose: 77 Gy 200
PTV uniform dose: 78 Gy 30
PTV max dose: 79 Gy 200
ring dose fall-off: 78 Gy, 39 Gy, 1.5 cm 15
rectum max EUD: 18 Gy, parameter A = 1 5

We calculated the fronts for different sets of objective functions
(Appendix C) and compared those fronts to the reference Pareto fronts
using the clinical distance. For the different sets of objective functions
we varied the weight on the PTV and rectum objective functions. We
also varied the gradient of the dose fall-off function around the PTV and
chose several combinations of objective functions on the PTV. In a next
step, we calculated the Pareto fronts using the same set of objective
functions as for the reference Pareto fronts but with different mean doses
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Table C3

Set of objective functions called *’5 objective functions on PTV’’.
region of interest objective function weight
PTV min dose: 77 Gy 200
PTV min EUD: 77.5 Gy, parameter A = 0.01 200
PTV uniform dose: 78 Gy 30
PTV max EUD: 78.5 Gy, parameter A = 100 200
PTV max dose: 79 Gy 200
ring dose fall-off: 78 Gy, 39 Gy, 1.5 cm 15
rectum max EUD: 18 Gy, parameter A = 1 5

to one of the secondary OARs (bladder or femoral heads). Again, we
compared the obtained fronts to the reference Pareto fronts using the
clinical distance measure. Finally, we tested if the PTV-rectum overlap
was correlated to the clinical distances of the reference Pareto fronts to
the origin using the Pearson correlation. Correlations with a two-tailed
p-value less than 0.05 were considered statistically significant.

3. Results
3.1. Validation of the script used for generating Pareto fronts

Our adapted version of the scalarisation algorithm lead to the same
result as the classical scalarisation algorithm (Fig. 1).

Fig. 2 shows that the script for generating Pareto surfaces in three
dimensions was consistent under the exchange of the role of the rectum
and the bladder (three-dimensional rotatable image in supplementary

Group B:
Bladder 28 Gy, Femoral heads 7 Gy
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material). The two surfaces had a mean clinical distance of 0.068, 0.048,
0.061 and a maximum clinical distance of 0.384, 0.181, 0.196 for the
chosen patients of groups A, B, and C, respectively.

Concerning the built-in constraints test, most of the manual plans
were worse (higher rectum mean dose for the same PTV coverage) than
the plans obtained using the script (Fig. 3). Some manual plans were
slightly better than the plans obtained with the script. However, this
difference was not clinically relevant.

3.2. Variation of objective functions

The Pareto front changed its shape and position when changing
certain objective functions (Fig. 4 and Table 2). The parameter most
influencing the position of the Pareto front was the dose fall-off objective
function (clinically relevant change for the vast majority of patients for
the 1 cm dose fall-off function). The second most influencing parameter
on the Pareto front was the weight of the PTV objective function.
Changing the weight of the rectum objective function or using several
objective functions on the PTV induced no clinically relevant changes in
the Pareto front. When interpreting Fig. 4 and Table 2, it is important to
note that the clinical distance measure in equation (2) does not simply
consider the mean rectal dose difference for a given PTV under-coverage
of two Pareto fronts (vertical direction in Fig. 4), but rather the shortest
distance between a treatment plan and the reference Pareto front (di-
agonal direction in Fig. 4). This is especially important when the Pareto
fronts are steep.

Group B:
25 Bladder 28 Gy, Femoral heads 7 Gy
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TR "
U e A
co
£B815 -
no .
°5
8& ! x
'EB 1.0 T
oyu
o
0.5
0.0

2 4 6 8 10 12 14
PTV-Rectum overlap [%)]

Fig. D1. Reference Pareto fronts for Group B (left). Clinical distances of the Pareto fronts to the origin of the coordinate system for the same patients (right). The
parameter on the x-axis is the PTV-rectum-overlap volume relative to the rectum volume. Each colour and symbol represents one patient. (For interpretation of the
references to colour in this figure, the reader is referred to the web version of this article.)
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Fig. D2. Reference Pareto fronts for Group C (left). Clinical distances of the Pareto fronts to the origin of the coordinate system for the same patients (right). The
parameter on the x-axis is the PTV-rectum-overlap volume relative to the rectum volume. Each colour and symbol represents one patient. (For interpretation of the
references to colour in this figure, the reader is referred to the web version of this article.)
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Group D:
Individual mean doses to secondary OARs
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Fig. D3. Reference Pareto fronts for Group D (left). Each colour and symbol
represents one patient.

3.3. Variation of the mean doses to secondary OARs

The Pareto front also changed its shape and position when changing
the fixed mean dose to the bladder (Fig. 5 and Table 3). A change of 1 Gy
sometimes lead to a clinically relevant change. Changing the fixed mean
dose to the femoral heads by up to +2 Gy induced no clinically relevant
changes (data not shown).

3.4. Positions of reference Pareto fronts and PTV-rectum overlap

The clinical distances of the reference Pareto fronts to the origin of
the coordinate system were positively correlated to the relative PTV-
rectum overlap volumes with the Pearson correlation coefficient r and
two-tailed p-value p of r = 0.78, p = 0.02 for Group A, r = 0.81, p=0.01
for Group B and r = 0.39, p = 0.45 for Group C (Fig. 6 and Appendix D).
The correlation was statistically significant for groups A and B.

4. Discussion

Our in-house script was validated and gave a good approximation of
the directly deliverable Pareto fronts. The resulting Pareto fronts
depended on the choice of objective functions and fixed mean doses to
secondary OARs (bladder and femoral heads). The parameters most
influencing the front were the dose gradient around the PTV, the weight
of the PTV objective function, the fixed bladder mean dose, as well as the
relative PTV-rectum-overlap volume. Concerning variations in objective
functions (Fig. 4 and Table 2), the parameter most influencing the po-
sition of the Pareto front was the dose fall-off objective function, because
a steep dose gradient around the PTV (dose fall-off: 1 cm) forced the TPS
optimisation algorithm to lower the dose close to the PTV and therefore
led to a worse PTV coverage. This was clinically relevant for eighteen
and might be clinically relevant for four out of 31 patients. The second
most influencing parameter on the Pareto front was the weight of the
PTV objective function. The higher the weight, the better the Pareto
front — meaning a better PTV coverage for the same rectum mean dose.
When choosing a weighting factor that is too low (weight PTV: 50), the
shift in the Pareto front was clinically relevant for two and might be
clinically relevant for four out of 31 patients. The Pareto front was in-
dependent of the choice of the weighting factor of the OAR objective
function, because a lowering of the goal mean dose of the OAR objective
function led to the same result as increasing its weighting factor (Fig. 1).
The fact that the weight of the PTV objective function changed the
Pareto front while the weight of the OAR objective function did not was
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likely because the weighting factors of PTV and OAR objective functions
were differently scaled in the RayStation optimiser. For most patients,
there was no advantage when using many different objective functions
on the PTV. Using the uniform dose objective function only gave the best
results which was probably linked to the architecture of the RayStation
optimisation algorithm. Concerning variations in the fixed bladder mean
dose (Fig. 5 and Table 3), a change of 1 Gy sometimes lead to a clinically
relevant change of the front whereas the front went up (higher rectum
mean dose for the same PTV coverage) if the bladder mean dose was
decreased. Some patients had a wider and some a narrower range of
possible bladder mean doses. The femoral heads mean doses, on the
other hand, did not influence the Pareto front in a clinically relevant
way. As the fixed mean doses to the bladder highly influenced the po-
sitions of the Pareto fronts, one could argue that it would have been
better to group the patients according to an anatomical trait related to
the bladder instead of doing a long trial and error procedure to find the
best values for the fixed bladder mean doses. Indeed, the PTV-bladder
overlap volume relative to the bladder volume was (3.9 + 0.9)% for
Group A, (6.1 + 2.8)% for Group B and (10.9 + 2.2)% for Group C,
which means that the bigger the chosen fixed bladder mean dose the
bigger this overlap volume was on average. However, simply grouping
the patients according to the relative PTV-bladder-overlap was not
possible. To give an example, patient number 16 of Group B had a
smaller overlap than patient number 7 of Group A (Table A1 in Appendix
A) but neither patient number 16 could have been assigned to Group A
nor patient number 7 to Group B (Table 3). Finally, the correlation of the
positions of the reference Pareto fronts with the relative PTV-rectum
overlap volumes could be explained by the fact that the bigger the
overlap, the more difficult it was to spare the rectum and the farther the
Pareto front was from the origin (Fig. 6, D1 and D2 in Appendix D).

In summary, the chosen optimisation parameters influenced the
Pareto front. Some parameters influenced the front more than others, for
example, the weight of the PTV objective function influenced the front
more than that of the rectum objective function, which was probably
related to the optimisation algorithm of the TPS. The results of this study
can therefore help RayStation users to better understand the architec-
ture of the optimisation algorithm, which will enable them to design
better treatment plans. More generally, the dependence of the Pareto
front on the chosen optimisation parameters means that we should be
cautious about considering the Pareto front as the ‘best’ plans, as there
could be better plans if we adjust the optimisation parameters. However,
in most cases the Pareto fronts were stable, which means that changing
the objective functions and weights changed the Pareto fronts, but those
changes were not clinically relevant. The addition of a third dimension,
on the other hand, namely the third trade-off bladder mean dose,
changed the front in a clinically relevant way. This was not the case for
the trade-off femoral heads mean dose. This means that the interplay
between trade-offs can play an important role for Pareto front
calculations.

There already exist other solutions to calculate Pareto optimal plans.
Nevertheless, we decided to write our own script for the following
reasons. Some solutions did calculate only one single Pareto optimal
plan on the Pareto front [15-20,47], which was not what we were
looking for. Instead we were looking for solutions that calculate a whole
representation of the Pareto front. Among others, the so called PGEN
algorithm is such a solution [9]: It approximates the Pareto front for one
set of objective functions. That algorithm is very similar to the
commercially available MCO module of RayStation [10-14]. We did not
use the MCO module of RayStation because the navigated Pareto front
may not be representative of the real deliverable Pareto front and
because we wanted to fix the mean doses to secondary OARs at given
values. That latter was important in order to reduce the multi-
dimensional Pareto hypersurface to two-dimensions without losing
control over the important parameters that were not involved in the
trade-off investigated. The commercially available MCO module of
Eclipse is very similar to the one of RayStation [48]. Another algorithm



D. Wiithrich et al.

predicts the whole Pareto front solely on the anatomical features of the
patient [21]. Also this approach is not designed for fixing the mean doses
to secondary OARs at certain values. Finally, another example of a so-
lution that calculates a whole representation of the Pareto front is a
script that controls the TPS Pinnacle and calculates a Pareto front for
several sets of objective functions [49]. Similar to our work, it is an in-
house Python script that controls a commercial TPS. Unlike our work, it
calculates the front for several sets of objective functions rather than just
one. This allows a better approximation of the’’real’’ Pareto front, but at
the cost of generating many unnecessary plans. In our work, by using
built-in constraints from RayStation, we could avoid generating many
unnecessary plans and were able to converge directly to the Pareto front.

In the literature, other studies investigated the influence of optimi-
sation parameters on Pareto fronts for prostate cancer [9,12]. We
confirmed the findings that enforcing the tumour dose worsened the
rectum mean dose and that femoral heads mean dose had a small impact
on the Pareto front. In contrast to other studies, we also evaluated the
trade-off bladder mean dose and dose gradient around the PTV. While
there are some studies that investigate the interplay between tumour
dose and mean doses to different OARs, to the authors’ knowledge, there
is no other study about the stability of the Pareto front with respect to
the choice of the set of objective functions. For Erasmus iCycle [15] as
well as for SALO [18], the stability of the generated Pareto optimal
treatment plan with respect to the chosen wish-list (called priority-list in
SALO) was studied. However, the results of these studies cannot be
directly compared to our study because of the following considerations.
While both, iCycle and SALO, applied a constraint optimisation method
with constraint relaxation, the commercial TPS that we used for this
work was based on a weighted-sum method. Even though the same
output treatment plan can be obtained with the two methods, the
translation of the input wish-list and information about the magnitude of
constraint relaxation into an input set of objective functions and weights
is patient dependent and cannot be made a priori [27]. Finally, we
confirmed the findings of a previous study on three patients suggesting
that the positions of the reference Pareto fronts were correlated to the
relative PTV-rectum overlap volumes [36].

Our in-house script is limited to two or three dimensions, due to
script execution time. A further limitation of the script is that it cannot
be directly used clinically, since navigation on the front seeing the dose
distribution of a selected plan in real-time is not possible. Nevertheless,
the script enabled us to extract information about Pareto front vari-
ability that can be transferred to existing clinical MCO online navigation
tools. The results on the variability of the Pareto front have been ob-
tained in a specific context and should be taken cautiously when
expanding them beyond the context of this study, i.e. to another treat-
ment site than prostate, another treatment technique than HT or another
TPS than RayStation. For example, the result that the weight of the PTV
objective function is more important than that of the rectum is probably
only related to the optimisation algorithm used by our TPS. On the other
hand, the results that the dose gradient around the PTV and the mean
bladder dose are the most influential parameters likely also apply to
other treatment techniques and TPSs.

Apart from the clinical distance measure used in this work [25],
there are numerous metrics that quantify the distance of a given Pareto
front to a reference Pareto front [49-59]. The two metrics most
commonly used in the literature are the efficiency score in data envel-
opment analysis [30-35] and the hypervolume indicator [60-65], also
referred to as S-metric or Lebesgue measure by some authors. These two
metrics have in common to be Pareto compliant meaning that for mul-
tiple non-overlapping fronts, the metrics assign higher values to the
fronts that are further away from the reference Pareto front and zero
value when the front is identical to the reference Pareto front. The
hypervolume indicator accounts for the clinical importance of the
evaluation parameters by normalising them to a clinically meaningful
range but it is limited by the fact that its value depends on the selection
of an arbitrary reference point. The efficiency score, on the other hand,
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has more freedom in accounting for the clinical importance of evalua-
tion parameters through the use of weights. These weights correspond to
the clinical scaling factors used in the clinical distance measure used in
this work. When accounting for the clinical importance of the evaluation
parameters, be it in any conceivable metric, one automatically in-
troduces a certain degree of subjectivity, as each person assigns a
different importance to each parameter. In a previous study, we there-
fore tried to eliminate this subjectivity by doing blinded comparisons of
treatment plans with twelve different clinicians and across five different
prostate cancer patients [25].

5. Conclusions

We developed a script that calculates a good approximation to the
directly deliverable Pareto front for a given set of objective functions
and fixed mean doses for secondary OARs (bladder and femoral heads).
The selected objective functions and weights influence the front whereas
the most influencial objective function is the dose gradient around the
PTV. However, apart from this specific objective function, the variability
of the front is not clinically relevant in most cases when chosing different
objective functions and weights. On the other hand, the introduction of a
third dimension, namely the mean dose of the bladder, changes the front
in a clinically relevant way. This is not the case for the mean dose of the
femoral heads.

Declaration of Competing Interest
The authors declare that they have no known competing financial

interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

This work was supported by the Swiss Cancer Research [Project KFS-
4399-02-2018].

Appendix A. Patient groups

Appendix B. Criteria for clinical acceptability of treatment plans

Appendix C. Different sets of objective functions

Appendix D. Positions of reference Pareto fronts and PTV-
rectum-overlap

Appendix E. Supplementary data

Supplementary data to this article can be found online at https://doi.
0rg/10.1016/j.ejmp.2023.103139.

References

[1] Hussein M, Heijmen B, Verellen D, Nisbet A. Automation in intensity modulated
radiotherapy treatment planning — a review of recent innovations. Br J Radiol
2018;91:20180270. https://doi.org/10.1259/bjr.20180270.

[2] Breedveld S, Craft D, van Haveren R, Heijmen B. Multi-criteria optimization and
decision-making in radiotherapy. Eur J Oper Res 2019;277:1-19. https://doi.org/
10.1016/j.ejor.2018.08.019.


https://doi.org/10.1016/j.ejmp.2023.103139
https://doi.org/10.1016/j.ejmp.2023.103139
https://doi.org/10.1259/bjr.20180270
https://doi.org/10.1016/j.ejor.2018.08.019
https://doi.org/10.1016/j.ejor.2018.08.019

D. Wiithrich et al.

[3

—

[4]
[5]
[6]

7]

[8

—

[9

—_

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]
[24]
[25]

[26]

[27]

[28]

[29]

Bortfeld T. IMRT: a review and preview. Phys Med Biol 2006;51:363-79. https://
doi.org/10.1088/0031-9155/51/13/R21.

Craft D. Multi-criteria optimization methods in radiation therapy planning: a
review of technologies and directions. arXiv 2013;1305.546. https://doi.org/10.48
550/arXiv.1305.1546.

Pareto V. Manuale di economia politica: Societa Editrice; 1906. Italian.

Yu Y. Multiobjective decision theory for computational optimization in radiation
therapy. Med Phys 1997;24:1445-54. https://doi.org/10.1118/1.598033.

Haas O, Burnham K, Mills J. Optimization of beam orientation in radiotherapy
using planar geometry. Phys Med Biol 1998;43:2179-93. https://doi.org/10.1088/
0031-9155/43/8/013.

Ottosson RO, Engstrom PE, Sjostrom D, Behrens CF, Karlsson A, Knoos T, et al. The
feasibility of using Pareto fronts for comparison of treatment planning systems and
delivery techniques. Acta Oncol 2009;48(2):233-7. https://doi.org/10.1080/
02841860802251559.

Craft D, Halabi T, Shih H, Bortfeld T. Approximating convex Pareto surfaces in
multiobjective radiotherapy planning. Med Phys 2006;33:3399-407. https://doi.
org/10.1118/1.2335486.

Craft DL, Hong TS, Shih HA, Bortfeld TR. Improved Planning Time and Plan
Quality Through Multicriteria Optimization for Intensity-Modulated Radiotherapy.
Int J Radiation Oncol Biol Phys 2012;82:e83-90. https://doi.org/10.1016/j.
ijrobp.2010.12.007.

Wala J, Craft D, Paly J, Zietman A, Efstathiou J. Maximizing dosimetric benefits of
IMRT in the treatment of localized prostate cancer through multicriteria
optimization planning. Med Dosim 2013;38:298-303. https://doi.org/10.1016/j.
meddos.2013.02.012.

McGarry CK, Bokrantz R, O’Sullivan JM, Hounsell AR. Advantages and limitations
of navigation-based multicriteria optimization (MCO) for localized prostate cancer
IMRT planning. Med Dosim 2014;39:205-11. https://doi.org/10.1016/j.
meddos.2014.02.002.

Ghandour S, Matzinger O, Pachoud M. Volumetric-modulated arc therapy planning
using multicriteria optimization for localized prostate cancer. J Appl Clin Med Phys
2015;16:258-69. https://doi.org/10.1120/jacmp.v16i3.5410.

Kamran SC, Mueller BS, Paetzold P, Dunlap J, Niemierko A, Bortfeld T, et al. Multi-
criteria optimization achieves superior normal tissue sparing in a planning study of
intensity-modulated radiation therapy for RTOG 1308-eligible non-small cell lung
cancer patients. Radiother Oncol 2016;118(3):515-20. https://doi.org/10.1016/j.
radonc.2015.12.028.

Breedveld S, Storchi PRM, Keijzer M, Heemink AW, Heijmen BJM. A novel
approach to multi-criteria inverse planning for IMRT. Phys Med Biol 2007;52:
6339-53. https://doi.org/10.1088/0031-9155/52/20/016.

Breedveld S, Storchi PRM, Voet PWJ, Heijmen BJM. iCycle: Integrated,
multicriterial beam angle, and profile optimization for generation of coplanar and
noncoplanar IMRT plans. Med Phys 2012;39:951-63. https://doi.org/10.1118/
1.3676689.

Bijman R, Sharfo AW, Rossi L, Breedveld S, Heijmen B. Pre-clinical validation of a
novel system for fully-automated treatment planning. Radiother Oncol 2021;158:
253-61. https://doi.org/10.1016/j.radonc.2021.03.003.

Long T, Matuszak M, Feng M, Fraass BA, Ten Haken RK, Romeijn HE. Sensitivity
analysis for lexicographic ordering in radiation therapy treatment planning. Med
Phys 2012;39:3445-55. https://doi.org/10.1118/1.4720218.

Wheeler PA, Chu M, Holmes R, Smyth M, Maggs R, Spezi E, et al. Utilisation of
Pareto navigation techniques to calibrate a fully automated radiotherapy treatment
planning solution. Phys Imaging Radiation Oncol 2019;10:41-8. https://doi.org/
10.1016/j.phro.2019.04.005.

Wheeler PA, Chu M, Holmes R, Woodley OW, Jones CS, Maggs R, et al. Evaluating
the application of Pareto navigation guided automated radiotherapy treatment
planning to prostate cancer. Radiother Oncol 2019;141:220-6. https://doi.org/
10.1016/j.radonc.2019.08.001.

van der Bijl E, Wang Y, Janssen T, Petit S. Predicting patient specific Pareto fronts
from patient anatomy only. Radiother Oncol 2020;150:46-50. https://doi.org/
10.1016/j.radonc.2020.05.050.

Kyroudi A, Petersson K, Ghandour S, Pachoud M, Matzinger O, Ozsahin M, et al.
Discrepancies between selected Pareto optimal plans and final deliverable plans in
radiotherapy multi-criteria optimization. Radiother Oncol 2016;120(2):346-8.
https://doi.org/10.1016/j.radonc.2016.05.018.

Python [software]. https://www.python.org.

RayStation [software]. RaySearch Laboratories AB, Stockholm, Sweden.
Petersson K, Kyroudi A, Bourhis J, Ceberg C, Knoos T, Bochud F, et al. A clinical
distance measure for evaluating treatment plan quality difference with Pareto
fronts in radiotherapy. Phys Imaging Radiation Oncol 2017;3:53-6. https://doi.
org/10.1016/j.phro.2017.09.003.

Kutcher G, Burman C. Calculation of complication probability factors for non-
uniform normal tissue irradiation: The effective volume method gerald. Int J
Radiation Oncol Biol Phys 1989;16:1623-30. https://doi.org/10.1016/0360-3016
(89)90972-3.

Breedveld S, Storchi PRM, Heijmen BJM. The equivalence of multi-criteria
methods for radiotherapy plan optimization. Phys Med Biol 2009;54:7199-209.
https://doi.org/10.1088/0031-9155/54/23/011.

Alber M, Niisslin F. An objective function for radiation treatment optimization
based on local biological measures. Phys Med Biol 1999;44:479-93. https://doi.
org/10.1088/0031-9155/44/2/014.

Bortfeld T, Webb S. Single-Arc IMRT? Phys Med Biol 2009;54:N9-20. https://doi.
org/10.1088/0031-9155/54/1/n02.

11

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

Physica Medica 114 (2023) 103139

Charnes A, Cooper WW, Rhodes E. Measuring the efficiency of decision making
units. Eur J Oper Res 1978;2:429-44. https://doi.org/10.1016/0377-2217(78)
90138-8.

Lin K-M, Simpson J, Sasso G, Raith A, Ehrgott M. Quality assessment for VMAT
prostate radiotherapy planning based on data envelopment analysis. Phys Med Biol
2013;58(16):5753-69. https://doi.org/10.1088/0031-9155/58/16/5753.
Simpson J, Raith A, Rouse P, Ehrgott M. Considerations for using data envelopment
analysis for the assessment of radiotherapy treatment plan quality. Int J Health
Care Qual Assur 2017;30:703-16. https://doi.org/10.1108/1JHCQA-08-2016-
0121.

Deufel CL, Epelman MA, Pasupathy KS, Sir MY, Wu VW, Herman MG. PNaV: A tool
for generating a high-dose-rate brachytherapy treatment plan by navigating the
Pareto surface guided by the visualization of multidimensional trade-offs.
Brachytherapy 2020;19:518-31. https://doi.org/10.1016/j.brachy.2020.02.013.
Wu VW, Epelman MA, Pasupathy KS, Sir MY, Deufel CL. A new optimization
algorithm for HDR brachytherapy that improves DVH-based planning: Truncated
Conditional Value-at-Risk (TCVaR). Biomed Phys Eng Express 2020;6(6). https://
doi.org/10.1088/2057-1976/abb4bc.

Raith A, Ehrgott M, Fauzi F, Lin K-M, Macann A, Rouse P, et al. Integrating Data
Envelopment Analysis into radiotherapy treatment planning for head and neck
cancer patients. Eur J Oper Res 2022;296(1):289-303. https://doi.org/10.1016/j.
€jor.2021.04.007.

Petersson K, Ceberg C, Engstrom P, Benedek H, Nilsson P, Knoos T. Conversion of
helical tomotherapy plans to step-and-shoot IMRT plans — Pareto front evaluation
of plans from a new treatment planning system. Med Phys 2011;38:3130-8.
https://doi.org/10.1118/1.3592934.

Petersson K, Engellau J, Nilsson P, Engstrom P, Kn66s T, Ceberg C. Treatment plan
comparison using grading analysis based on clinical judgment. Acta Oncol 2013;
52:645-51. https://doi.org/10.3109/0284186X.2012.734926.

Petersson K, Nilsson P, Engstrom P, Kn66s T, Ceberg C. Evaluation of dual-arc
VMAT radiotherapy treatment plans automatically generated via dose mimicking.
Acta Oncol 2016;55:523-5. https://doi.org/10.3109/0284186X.2015.1080855.
Smeenk RJ, Hoffmann AL, Hopman WPM, van Lin ENJT, Kaanders JHAM. Dose-
Effect Relationships for Individual Pelvic Floor Muscles and Anorectal Complaints
After Prostate Radiotherapy. Int J Radiation Oncol Biol Phys 2012;83:636-44.
https://doi.org/10.1016/j.ijrobp.2011.08.007.

Fiorino C, Rancati T, Fellin G, Vavassori V, Cagna E, Casanova Borca V, et al. Late
Fecal Incontinence After High-Dose Radiotherapy for Prostate Cancer: Better
Prediction Using Longitudinal Definitions. Int J Radiation Oncol Biol Phys 2012;83
(1):38-45. https://doi.org/10.1016/j.ijrobp.2011.06.1953.

Rancati T, Fiorino C, Fellin G, Vavassori V, Cagna E, Casanova Borca V, et al.
Inclusion of clinical risk factors into NTCP modelling of late rectal toxicity after
high dose radiotherapy for prostate cancer. Radiother Oncol 2011;100(1):124-30.
https://doi.org/10.1016/j.radonc.2011.06.032.

Defraene G, Van den Bergh L, Al-Mamgani A, Haustermans K, Heemsbergen W,
Van den Heuvel F, et al. The Benefits of Including Clinical Factors in Rectal Normal
Tissue Complication Probability Modeling After Radiotherapy for Prostate Cancer.
Int J Radiation Oncol Biol Phys 2012;82(3):1233-42. https://doi.org/10.1016/j.
ijrobp.2011.03.056.

Ebert MA, Foo K, Haworth A, Gulliford SL, Kennedy A, Joseph DJ, et al.
Gastrointestinal Dose-Histogram Effects in the Context of Dose-
Volume-Constrained Prostate Radiation Therapy: Analysis of Data From the
RADAR Prostate Radiation Therapy Trial. Int J Radiation Oncol Biol Phys 2015;91
(3):595-603. https://doi.org/10.1016/j.ijrobp.2014.11.015.

Landoni V, Fiorino C, Cozzarini C, Sanguineti G, Valdagni R, Rancati T. Predicting
toxicity in radiotherapy for prostate cancer. Phys Med 2016;32:521-32. https://
doi.org/10.1016/j.ejmp.2016.03.003.

Michalski JM, Gay H, Jackson A, Tucker SL, Deasy JO. Radiation Dose-Volume
Effects in Radiation-Induced Rectal Injury. Int J Radiation Oncol Biol Phys 2010;
76:123-9. https://doi.org/10.1016/j.ijrobp.2009.03.078.

Troeller A, Yan Di, Marina O, Schulze D, Alber M, Parodi K, et al. Comparison and
Limitations of DVH-Based NTCP Models Derived From 3D-CRT and IMRT Data for
Prediction of Gastrointestinal Toxicities in Prostate Cancer Patients by Using
Propensity Score Matched Pair Analysis. Int J Radiation Oncol Biol Phys 2015;91
(2):435-43. https://doi.org/10.1016/j.ijrobp.2014.09.046.

Monaco MCO module [software]. Elekta Instrument AB, Stockholm, Sweden.
Eclipse MCO module [software]. Varian Medical Systems, Palo Alto, California,
USA.

Janssen T, van Kesteren Z, Franssen G, Damen E, van Vliet C. Pareto Fronts in
Clinical Practice for Pinnacle. Int J Radiation Oncol Biol Phys 2013;85:873-80.
https://doi.org/10.1016/j.ijrobp.2012.05.045.

Zitzler E, Thiele L, Laumanns M, Fonseca CM, da Fonseca VG. Performance
assessment of multiobjective optimizers: an analysis and review. IEEE Trans Evol
Comput 2003;7:117-32. https://doi.org/10.1109/TEVC.2003.810758.

Grosan C, Oltean M, Dumitrescu D. Performance metrics for multiobjective
optimization evolutionary algorithms. Conference on applied and industrial
mathematics 2003. Oradea (Romania).

Lizarraga G, Hernandez-Aguirre A, Botello S. G-Metric: an M-ary quality indicator
for the evaluation of non-dominated sets. Genetic and Evolutionary Computation
Conference, GECCO 2008;665-72. Atlanta (USA). https://doi.org/10.1145/138909
5.1389227.

Lopez Jaimes A, Coello C. Study of preference relations in many-objective
optimization. Genetic and Evolutionary Computation Conference, GECCO 2009;
611-8. Montreal (Canada). https://doi.org/10.1145/1569901.1569986.


https://doi.org/10.1088/0031-9155/51/13/R21
https://doi.org/10.1088/0031-9155/51/13/R21
https://doi.org/10.48550/arXiv.1305.1546
https://doi.org/10.48550/arXiv.1305.1546
https://doi.org/10.1118/1.598033
https://doi.org/10.1088/0031-9155/43/8/013
https://doi.org/10.1088/0031-9155/43/8/013
https://doi.org/10.1080/02841860802251559
https://doi.org/10.1080/02841860802251559
https://doi.org/10.1118/1.2335486
https://doi.org/10.1118/1.2335486
https://doi.org/10.1016/j.ijrobp.2010.12.007
https://doi.org/10.1016/j.ijrobp.2010.12.007
https://doi.org/10.1016/j.meddos.2013.02.012
https://doi.org/10.1016/j.meddos.2013.02.012
https://doi.org/10.1016/j.meddos.2014.02.002
https://doi.org/10.1016/j.meddos.2014.02.002
https://doi.org/10.1120/jacmp.v16i3.5410
https://doi.org/10.1016/j.radonc.2015.12.028
https://doi.org/10.1016/j.radonc.2015.12.028
https://doi.org/10.1088/0031-9155/52/20/016
https://doi.org/10.1118/1.3676689
https://doi.org/10.1118/1.3676689
https://doi.org/10.1016/j.radonc.2021.03.003
https://doi.org/10.1118/1.4720218
https://doi.org/10.1016/j.phro.2019.04.005
https://doi.org/10.1016/j.phro.2019.04.005
https://doi.org/10.1016/j.radonc.2019.08.001
https://doi.org/10.1016/j.radonc.2019.08.001
https://doi.org/10.1016/j.radonc.2020.05.050
https://doi.org/10.1016/j.radonc.2020.05.050
https://doi.org/10.1016/j.radonc.2016.05.018
https://doi.org/10.1016/j.phro.2017.09.003
https://doi.org/10.1016/j.phro.2017.09.003
https://doi.org/10.1016/0360-3016(89)90972-3
https://doi.org/10.1016/0360-3016(89)90972-3
https://doi.org/10.1088/0031-9155/54/23/011
https://doi.org/10.1088/0031-9155/44/2/014
https://doi.org/10.1088/0031-9155/44/2/014
https://doi.org/10.1088/0031-9155/54/1/n02
https://doi.org/10.1088/0031-9155/54/1/n02
https://doi.org/10.1016/0377-2217(78)90138-8
https://doi.org/10.1016/0377-2217(78)90138-8
https://doi.org/10.1088/0031-9155/58/16/5753
https://doi.org/10.1108/IJHCQA-08-2016-0121
https://doi.org/10.1108/IJHCQA-08-2016-0121
https://doi.org/10.1016/j.brachy.2020.02.013
https://doi.org/10.1088/2057-1976/abb4bc
https://doi.org/10.1088/2057-1976/abb4bc
https://doi.org/10.1016/j.ejor.2021.04.007
https://doi.org/10.1016/j.ejor.2021.04.007
https://doi.org/10.1118/1.3592934
https://doi.org/10.3109/0284186X.2012.734926
https://doi.org/10.3109/0284186X.2015.1080855
https://doi.org/10.1016/j.ijrobp.2011.08.007
https://doi.org/10.1016/j.ijrobp.2011.06.1953
https://doi.org/10.1016/j.radonc.2011.06.032
https://doi.org/10.1016/j.ijrobp.2011.03.056
https://doi.org/10.1016/j.ijrobp.2011.03.056
https://doi.org/10.1016/j.ijrobp.2014.11.015
https://doi.org/10.1016/j.ejmp.2016.03.003
https://doi.org/10.1016/j.ejmp.2016.03.003
https://doi.org/10.1016/j.ijrobp.2009.03.078
https://doi.org/10.1016/j.ijrobp.2014.09.046
https://doi.org/10.1016/j.ijrobp.2012.05.045
https://doi.org/10.1109/TEVC.2003.810758
https://doi.org/10.1145/1389095.1389227
https://doi.org/10.1145/1389095.1389227
https://doi.org/10.1145/1569901.1569986

D. Wiithrich et al.

[54] Teichert K, Siiss P, Serna JI, Monz M, Kiifer KH, Thieke C. Comparative analysis of

[55]

[56]

[57]

[58]

[59]

Pareto surfaces in multi-criteria IMRT planning. Phys Med Biol 2011;56(12):
3669-84. https://doi.org/10.1088/0031-9155/56,/12/014.

Berezkin VE, Lotov AV. Comparison of two Pareto frontier approximations.
Comput Math Math Phys 2014;54:1402-10. https://doi.org/10.1134/
S0965542514090048.

Li M, Yang S, Liu X. Diversity Comparison of Pareto Front Approximations in Many-
Objective Optimization. IEEE Trans Cybern 2014;44(12):2568-84.

Li M, Yang S, Liu X. A Performance Comparison Indicator for Pareto Front
Approximations in Many-Objective Optimization. Genetic and Evolutionary
Computation Conference, GECCO 2015;703-10. Madrid (Spain). https://doi.org/1
0.1145/2739480.2754687.

Ishibuchi H, Masuda H, Tanigaki Y, Nojima Y. Modified Distance Calculation in
Generational Distance and Inverted Generational Distance. Conference on
Evolutionary Multi-Criterion Optimization 2015;110-25. Guimaraes (Portugal).
https://doi.org/10.1007/978-3-319-15892-1_8.

Jensen PJ, Zhang J, Wu QJ. Technical note: Interpolated Pareto surface similarity
metrics for multi-criteria optimization in radiation therapy. Med Phys 2020;47:
6450-7. https://doi.org/10.1002/mp.14541.

12

[60]

[61]

[62]

[63]

[64]

[65]

Physica Medica 114 (2023) 103139

Zitzler E, Thiele L. Multiobjective evolutionary algorithms: a comparative case
study and the strength Pareto approach. IEEE Trans Evol Comput 1999;3:257-71.
https://doi.org/10.1109/4235.797969.

Knowles J, Corne D. Properties of an adaptive archiving algorithm for storing
nondominated vectors. IEEE Trans Evol Comput 2003;7:100-16. https://doi.org/
10.1109/TEVC.2003.810755.

Beume N, Naujoks B, Emmerich M. SMS-EMOA: Multiobjective selection based on
dominated hypervolume. Eur J Oper Res 2007;181:1653-69. https://doi.org/
10.1016/j.ejor.2006.08.008.

Lu L, Anderson-Cook CM. Adapting the Hypervolume Quality Indicator to Quantify
Trade-offs and Search Efficiency for Multiple Criteria Decision Making Using
Pareto Fronts. Qual Reliab Eng Int 2013;29:1117-33. https://doi.org/10.1002/
qre.1464.

Cao Y, Smucker BJ, Robinson TJ. On using the hypervolume indicator to compare
Pareto fronts: Applications to multi-criteria optimal experimental design. J Statist
Plann Inference 2015;160:60-74. https://doi.org/10.1016/].jspi.2014.12.004.
Zapotecas-Martinez S, Lopez-Jaimes A, Garcia-Ndjera A. LIBEA: A Lebesgue
Indicator-Based Evolutionary Algorithm for multi-objective optimization. Swarm
Evol Comput 2019;44:404-19. https://doi.org/10.1016/j.swevo0.2018.05.004.


https://doi.org/10.1088/0031-9155/56/12/014
https://doi.org/10.1134/S0965542514090048
https://doi.org/10.1134/S0965542514090048
http://refhub.elsevier.com/S1120-1797(23)00166-7/h0280
http://refhub.elsevier.com/S1120-1797(23)00166-7/h0280
https://doi.org/10.1145/2739480.2754687
https://doi.org/10.1145/2739480.2754687
https://doi.org/10.1007/978-3-319-15892-1_8
https://doi.org/10.1002/mp.14541
https://doi.org/10.1109/4235.797969
https://doi.org/10.1109/TEVC.2003.810755
https://doi.org/10.1109/TEVC.2003.810755
https://doi.org/10.1016/j.ejor.2006.08.008
https://doi.org/10.1016/j.ejor.2006.08.008
https://doi.org/10.1002/qre.1464
https://doi.org/10.1002/qre.1464
https://doi.org/10.1016/j.jspi.2014.12.004
https://doi.org/10.1016/j.swevo.2018.05.004

	Influence of optimisation parameters on directly deliverable Pareto fronts explored for prostate cancer
	1 Introduction
	2 Materials and methods
	2.1 Script and Pareto fronts generation
	2.2 Validation of the script
	2.2.1 Equivalence of adapted scalarisation and classical scalarisation algorithm
	2.2.2 Consistency test
	2.2.3 Built-in constraint test

	2.3 Clinical distance measure
	2.4 Influence of optimisation parameters

	3 Results
	3.1 Validation of the script used for generating Pareto fronts
	3.2 Variation of objective functions
	3.3 Variation of the mean doses to secondary OARs
	3.4 Positions of reference Pareto fronts and PTV-rectum overlap

	4 Discussion
	5 Conclusions
	Declaration of Competing Interest
	Acknowledgements
	Appendix A Patient groups
	Appendix B Criteria for clinical acceptability of treatment plans
	Appendix C Different sets of objective functions
	Appendix D Positions of reference Pareto fronts and PTV-rectum-overlap
	Appendix E Supplementary data
	References


