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Abstract 

Radiation therapy is a widely used modality for treating malignancies in e.g. brain, breast, lung, 

prostate and the head and neck (H&N) region. The search for the optimal radiation treatment 

approach for a specific patient is a complex task, ultimately seeking to maximize the tumour 

control probability (TCP) while minimizing the normal tissue complication probabilities 

(NTCP). Conventionally, the radiation quality used to achieve this has been photons of various 

energies. In the modern treatment era, photon energy spectrums in the megavoltage region 

delivering 2 Gy per fraction in approximately 20 to 40 daily fractions has been the standard 

curative treatment regime. However, during the last decades, the interest in hypofractionated 

treatments and proton therapy has rapidly increased. This adds complexity to the plan selection 

process, as decision criteria are needed to determine which patients that are eligible for 

hypofractionated treatment and/or proton therapy. For the latter, the focus has been on the 

possibility of lowering the normal tissue toxicity compared with conventional photon therapy. 

Given the same TCP for a photon and a proton plan, the plan selection could then be made 

purely based on the reduction in NTCP. Since photon therapy is substantially cheaper than 

proton therapy and far more treatment units are being available, the proton plan must 

demonstrate a substantial NTCP reduction in order to be selected for treatment. Such a plan 

selection system between photon and proton plans is clean and elegant, but is not flawless. The 

nominal plans are typically optimized on a single CT scan of the patient and do not account for 

all the uncertainties during treatment delivery related to patient setup, breathing motion, proton 

range etc. It also relies on some modelling of the relative biological effectiveness (RBE) 

between photons and protons as their energy deposition characteristics differ. The clinical 

standard of using a constant proton RBE of 1.1 does not reflect the complex nature of the RBE, 

which varies with parameters such as fractionation dose, linear energy transfer, tissue type and 

biological endpoint. 

 These aspects of proton plan evaluation and selection have been investigated in this thesis 

through three individual studies, papers I, II and III. Paper I investigates the impact of including 

variable RBE models in the plan comparison between proton and photon prostate plans for 

various fractionation schedules. It also presents a pragmatic re-optimization method of proton 

plans, which accounts for the variability in the RBE. In paper II, a method of incorporating 

RBE model uncertainties into the plan robustness evaluation is proposed and subsequently 

applied on three treatment sites using two RBE models. Paper III evaluates the impact of 



 

 

variable RBE models and breathing motion for breast cancer treatments when comparing 

photon and proton plans.  

 The results from papers I, II and III indicate that the inclusion of variable RBE models 

and their uncertainties into the proton plan evaluation could lead to differences from the 

nominal plans made under the assumption of a constant RBE of 1.1 for both target and normal 

tissue doses. The dose for high α/β targets (e.g. H&N tumours) was predicted to be slightly 

lower, whereas the opposite was predicted for low α/β targets (e.g. breast and prostate) in 

comparison to the nominal dose. For most normal tissues, the predicted doses were often 

substantially higher, resulting in higher NTCP estimates. By combining uncertainties in patient 

setup, range and breathing motion with RBE uncertainties, comprehensive robustness 

evaluations could be performed and possibly be included in the plan selection process in the 

search for the optimal treatment approach.  
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Abbreviations 

CI   Confidence interval 

CSDA  Continuous slowing down approximation 

CT   Computed tomography 

CTV   Clinical target volume 

DRBE   RBE-weighted dose 

DVH   Dose-volume histogram 

H&N   Head and neck 

ICRU  International Commission on Radiation Units and Measurements 

IMPT  Intensity modulated proton therapy 

IMRT   Intensity modulated radiation therapy 

LET   Linear energy transfer (unrestricted) 

LETΔ  Linear energy transfer (restricted) 

LETd  Dose-averaged linear energy transfer 

LETt   Track-averaged linear energy transfer  

LQM  Linear-quadratic model 

MC   Monte Carlo 

NIST   National Institute of Standards and Technology 

NTCP  Normal tissue complication probability 

OAR   Organ at risk 

PET   Positron emission tomography 

PRV   Planning organ at risk volume 

PTV   Planning target volume 

RBE   Relative biological effectiveness 

Sel   Electronic stopping power 

Snuc   Nuclear stopping power 

Stot   Total stopping power 

SFUD  Single field uniform dose 

SOBP  Spread-out Bragg peak 

SPR   Stopping power ratio 

TCP   Tumour control probability 

TPS   Treatment planning system 
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1. Introduction 

Ionizing radiation has been used in oncology for more than a century. Photons of various energy 

spectrums have been the predominant radiation qualities used, but electrons, neutrons and 

various ion species have also been explored as therapeutic modalities for decades. In the 

aftermath of the pioneering exploration of the atom and its internal components, Robert R. 

Wilson suggested the use of fast protons as a new radiotherapy modality (Wilson 1946). The 

rationale for using protons was based on the finite range of charged particles, the small lateral 

beam deflection from collisions with atomic electrons and the characteristic depth dose curve 

with a low, and nearly constant, energy deposition until the very end of the range where a rapid 

increase of the energy deposition forms the so-called Bragg peak. Hence, protons have the 

capability of eliminating the exit dose and produce a geometrically advantageous dose 

distribution in comparison with conventional photon therapy (Paganetti et al. 2012, pp.9–12). 

 Ever since the proposal of using protons in radiotherapy, their oncology treatment 

capabilities have been explored. However, some important technological leaps combined with 

an increased clinical interest in proton therapy during the last decades have paved the way 

towards making proton therapy a standard radiotherapy modality (Paganetti et al. 2012, pp.1–

9). Because of this, the capacity of treating patients with protons has rapidly increased with new 

proton therapy centres emerging continuously worldwide. However, as photon therapy is 

substantially cheaper than proton therapy and the number of photon treatment facilities still far 

outnumbers the number of proton facilities, the complex task of selecting the patients that will 

benefit most from proton therapy has to be handled. 

 The selection of an optimal radiotherapy treatment for an individual patient is a multi-

dimensional optimization problem, which essentially seeks to maximize the therapeutic gain 

for the specific patient. This could be formulated as seeking the maximization of the tumour 

control probability (TCP) while minimizing the normal tissues complication probabilities 

(NTCP). This is achieved by exploring the dose distribution domain together with other key 

parameters such as radiation quality, fractionation schedule and individual biological features. 

Consequently, the search for an optimal treatment approach is a complex task, and due to 

geometrical, physical and biological reasons, there will always be a trade-off between the TCP 

and NTCP objectives for any given treatment plan.  

 As photon treatments have rapidly developed during the last decade, the focus for 

selecting patients eligible for proton therapy has mainly been on the reduction of NTCP, rather 
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than the potential increase of TCP compared with photon therapy. Hence, by setting the TCP 

to a fixed level, the patient selection could be made purely by evaluating the ability to reduce 

the NTCP (Langendijk et al. 2013). Such an approach relies heavily on the assumption that the 

TCP is actually similar between the different modalities even during the presence of 

uncertainties related to patient setup, particle range, breathing motion and anatomical changes. 

Moreover, the assumptions made when comparing different radiation qualities with respect to 

their biological effect are of utmost importance. As the energy deposition pattern is different 

between photons and particles, the physical dose should be weighted with a factor taking into 

account the difference in biological effect caused by this. This difference is normally handled 

with the help of the relative biological effectiveness (RBE), which is defined as the ratio of the 

dose for a reference radiation quality and the dose for a test radiation quality required for equal 

biological effect (Hall & Giaccia 2006, pp.108–109). 

 For proton therapy, the clinical standard is to use a constant RBE of 1.1 when comparing 

photon and protons plans, which reflects the assumption that the physical proton dose has a 

biological effect equivalent to a 10% higher photon dose (Paganetti et al. 2002). This is in line 

with the recommendation in Report 78 by the International Commission on Radiation Units and 

Measurements (ICRU 2007). On the other hand, the multifactorial nature of the RBE, basic 

radiobiological principles and in vitro data, strongly indicate that the proton RBE in fact is a 

complex function that varies with parameters such as fractionation dose, biological endpoint, 

linear energy transfer (LET) and tissue type (Jones 2016; Paganetti 2014). 

 Several studies have indicated that when excluding the variability of the proton RBE in a 

NTCP based plan selection between photons and protons, a bias might be introduced in favour 

of proton plans (Carabe et al. 2012; Tilly et al. 2005; Underwood et al. 2016; Wedenberg & 

Toma-Dasu 2014). This bias might be even further enhanced when excluding the effects of 

other uncertainties that potentially could affect the dose distributions and hence the TCP and 

NTCP calculations, as shown in papers I, II and III in this thesis. By incorporating the best 

knowledge of the variable RBE and assessing the effect of the known treatment uncertainties 

into the plan evaluation and selection procedure, the treatment decision can be made on more 

solid grounds. However, when including such potential effects, there should be a balance 

between the likelihood of the effect and the weight it is carrying in the final treatment selection, 

i.e. the level of conservativeness should be as realistic as possible in order to serve its purpose.  
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2. Aim of the study 

Proton therapy is inherently sensitive to uncertainties related to patient setup, range, breathing 

motion and anatomical changes. This is mainly due to the finite range of protons, which depends 

on the initial proton energy and its track path through matter. In contrast to photon therapy, 

where the assumption that the shape of the dose distribution is invariant for small misalignments 

between beam and patient anatomy most often is valid, even small misalignments or anatomical 

changes could potentially lead to substantial dose differences between planned and delivered 

doses for proton therapy (Paganetti et al. 2012, pp.453–454). On top of this, the RBE of protons 

is known to be complex and not fully reflected by the clinical assumption of a constant RBE of 

1.1 (Jones 2016; Paganetti 2014). To account for this, several variable RBE models have been 

suggested (e.g. Carabe et al. 2012; Elsässer et al. 2010; Friedrich et al. 2012; Jones 2015; 

McNamara et al. 2015; Tilly et al. 2005; Wedenberg et al. 2013; Wilkens & Oelfke 2004). They 

are commonly based on the linear-quadratic model (LQM) using clonogenic cell survival data 

from in vitro experiments and are typically functions of the physical proton dose per fraction, 

the dose-averaged LET (LETd) and the tissue characteristic parameter α/β from the LQM.  

 The aim of this thesis is to incorporate existing variable RBE models and other known 

treatment related uncertainties into the evaluation process of photon and proton plans. This was 

explored in paper I for various fractionation schedules for prostate treatments using three 

variable RBE models. It was demonstrated that the predictions of the variable RBE models 

varied substantially with the fractionation dose and that there might be a risk of underestimating 

severe rectal toxicity if using RBE=1.1. 

 The incorporation of variable RBE model uncertainties into the conventional proton plan 

robustness evaluation was investigated in paper II. This was done by splitting the robustness 

evaluation into two parts, one dedicated to the robustness of the physical proton dose against 

setup and range uncertainties and one dedicated to the variable RBE model uncertainties. The 

method was evaluated for several treatment sites and indicated that potential variation in the 

final RBE-weighted dose (DRBE) might be underestimated when excluding the variable RBE 

and its uncertainties. 

 In paper III, the extended robustness method proposed in paper II was combined with 

uncertainties due to breathing motion for photon and proton plans for a cohort of left-sided 

breast patients. The results implied that breathing motion, in combination with range and setup 

uncertainties, have a minor effect on the plan quality for breast cancer using intensity modulated 
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proton therapy (IMPT). In contrast, the variable RBE might have a potentially negative 

influence. However, this could probably be neglected in most cases, as the normal tissue doses 

are low. Nevertheless, inclusion of the variable RBE with its uncertainties was recommended 

to be able to identify patients with potentially increased normal tissue doses. 
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3. Relative biological effectiveness 

In radiotherapy, the physical quantity of the imparted energy per unit mass, the so-called 

absorbed dose, is used as surrogate for the biologic effect, which is the primary quantity of 

interest. As long as the radiation qualities are equal, plan comparisons based on the physical 

doses are adequate. However, as treatment plans of different radiation qualities are compared, 

the concept of physical dose comparison breaks down, as equal doses of different radiation 

qualities do not necessarily produce equal biologic effects. The main reason for this fact is that 

the absorbed dose is a macroscopic concept, whereas the microscopic energy deposition 

characteristics may vary substantially between different radiation qualities (Hall & Giaccia 

2006, p.108).  

 To overcome this issue, the concept of RBE is often utilized when comparing dose 

distributions produced by different radiation qualities. It is customary to use photons as the 

reference quality, mainly since it has been the standard treatment modality and hence provided 

tolerance doses for normal tissues and the doses required for adequate TCP. However, as the 

RBE varies with the photon energy spectrum, the specific photon quality should preferably be 

stated (Hall & Giaccia 2006, pp.108–109). The RBE for protons relative to an arbitrary photon 

quality Q is then defined by Eq. (1), 

 

                                                 RBE(Endpoint)  = 
Dosephotons, Q

Doseprotons    
.                                            (1) 

 

 Since the RBE is a ratio of macroscopic quantities, it is a macroscopic quantity itself. 

However, the radiobiological principles governing the biological dose response are acting on 

microscopic levels. This makes the RBE concept somewhat elusive and its meaning could be 

hard to interpret. By studying the RBE for clonogenic cell survival using the LQM for photons 

and particles, it becomes clear that the RBE depends on the particle type, since different 

particles produce different cell survival curves. The RBE is also dependent on the dose, mainly 

due to the initial shoulder of the photon survival curve. Moreover, as this shoulder is dependent 

on the cell type, the RBE is consequently dependent on the studied cell line. The RBE will also 

vary depending on the level of survival fraction of interest, and for more complex endpoints, 

such as NTCP, the RBE is also likely to differ from RBE values derived for clonogenic cell 

survival. Hence, the RBE is dependent on the biological endpoint of interest (Paganetti 2014). 

On top of this, as the energy deposition characteristics vary with ion energy, the RBE depends 
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on this as well. This is most often expressed as a RBE dependence on the LET, which is often 

used as a surrogate for the microscopic energy deposition characteristics (Hall & Giaccia 2006, 

pp.106–112; Paganetti 2014).  

 

3.1. Linear energy transfer 

In ICRU report number 85, Fundamental quantities and units for ionizing radiation, the LET 

is defined as (ICRU 2011): 

 

“The linear energy transfer or restricted linear electronic stopping power, LΔ, of a 

material, for charged particles of a given type and energy, is the quotient of dEΔ by 

dl, where dEΔ is the mean energy lost by the charged particles due to electronic 

interactions in traversing a distance dl, minus the mean sum of the kinetic energies 

in excess of Δ of all the electrons released by the charged particles.” 

 

Thus, the restricted LET (LETΔ) is the mean energy transferred due to electronic interactions 

per unit track length of a particle, minus the energy carried away by secondary electrons with 

an initial kinetic energy larger than Δ. Hence, the LETΔ could be expressed as the linear 

electronic stopping power (Sel) minus the mean sum of the energy transferred to such electrons 

(dEke, Δ) per unit track length (dl), according to Eq. (2) (ICRU 2011): 

 

                                                            LETΔ = 
dEΔ

dl
 =  Sel – 

dEke, Δ

dl
                                                     (2) 

 

 In this thesis, the unrestricted LET was considered as the contribution of all secondary 

electrons was included (Δ=∞), and is simply denoted as LET from here on. Thus, the LET 

considered here is equal to the Sel (as dEke, Δ/dl in Eq. (2) is equal to zero). This is consistent 

with the use of the LET in other studies related to proton therapy (Grassberger & Paganetti 

2011; Wilkens & Oelfke 2004).  Moreover, the Sel is almost equal to the total proton stopping 

power (Stot) for therapeutic proton energies in most tissues, as the nuclear stopping power (Snuc) 

is small and the radiative stopping power negligible (Grassberger & Paganetti 2011). This is 

illustrated by Figure 1, where the contributions of the Sel and Snuc to the Stot are shown for liquid 

water as a function of the proton energy together with the estimated range assuming the 

continuous slowing down approximation (CSDA). All values were collected from the PSTAR 
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tables provided by the National Institute of Standards and Technology (NIST) (Berger et al. 

2005). 

 

Figure 1. The contribution of the electronic stopping power (Sel) and the nuclear stopping 

power (Snuc) to the total mass stopping power (Stot) in liquid water as a function of the proton 

energy in the therapeutic energy range (left y-scale). The corresponding CSDA range is also 

plotted (right y-scale). All values were collected from NIST’s PSTAR tables (Berger et al. 

2005). The energy region for the dedicated track-end stepper used for the Monte Carlo 

calculated LETd in this thesis is also shown. 

 

 The statements above are valid for single protons, whereas for a clinical proton treatment 

beam, the transferred energy per unit track length might vary over a wide range in each volume 

element (voxel) in the matter. Thus, a LET distribution or a mean LET may be needed to 

characterise the LET in a voxel. For practical reasons, the mean value approach was utilized in 

this thesis, which is in accordance with previous studies (Grassberger & Paganetti 2011; 

Paganetti 2014). However, as there exist several averaging methods, the LET concept is 

complicated even further. The most common approaches to derive the mean value are the track-

averaged LET (LETt) and the dose-averaged LET (LETd). The LETt may be obtained by 

dividing the track into equal lengths, calculating the energy deposition for each particle in each 

length, and subsequently deriving the mean (Hall & Giaccia 2006, pp.106–107). However, even 
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though the LETt has an intuitive definition and is commonly used, most RBE models for proton 

therapy have used the LETd as energy deposition characteristic (Carabe et al. 2012; McNamara 

et al. 2015; Wedenberg et al. 2013). This is considered a valid approach for protons, as the 

number proton tracks crossing a subcellular structure is quite large. For heavier ions, the number 

of tracks are much fewer, resulting in inhomogeneous dose distributions, and therefore the LETt 

might become more meaningful (Grassberger & Paganetti 2011). 

 As the LET itself, the LETd may also be calculated in several ways, with various results 

depending on e.g. cut-off levels and voxel size (Cortés-Giraldo & Carabe 2015). In this thesis, 

the LETd for a certain voxel x is given by Eq. (3),  

 

                                                   LETd(x) = 
∫ Φe(x) Sel

2 (E) dE
∞

0

∫ Φe(x) Sel(E) dE
∞

0

,                                            (3) 

 

where e(x) is the spectral fluence of protons entering into the voxel with a kinetic energy value 

between energy E and E + dE, and Sel(E) is the energy dependent electronic stopping power of 

these protons for the voxel material. The LETd was calculated using an experimental Monte 

Carlo (MC) code specially developed for proton transport calculations in the therapeutic energy 

range in voxelized geometries. Both primary and later generations of protons were taken into 

account, but no heavier secondary particles were considered. The LET for a proton was 

calculated for each simulation step as the corresponding mean energy loss per unit path length 

using the Sel for the specific proton energy, and then weighted with the electronic energy loss 

obtained by the product of Sel and the step length. The proton energy used to derive the Sel was 

the mean energy between the pre- and post-step points. To obtain the final LETd in a specific 

voxel, a summation over all contributions from the protons traversing the voxel was made and 

divided by the summation of the electronic energy loss, as presented by Eq. (4), 

 

                                                  LETd(x) = 
∑ ωn ∑ tsSel

2
(Es)

Sn

s=1
N
n=1

∑ ωn ∑ tsSel(Es)
Sn

s=1
N
n=1

,                                           (4) 

 

where N is the total number of events in the voxel, Sn is the number of steps performed to 

transport the proton through the voxel for the event n, n is the statistical weight of the primary 

proton and ts is the step length. This calculation method is similar to the preferred LETd MC 
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calculation method ‘C’ presented in the comprehensive study by Cortés-Giraldo & Carabe 

(2015).  

 The scoring of the LETd could be prone to errors, originating from inappropriate cut-off 

energies for proton transport or poor sampling of the Sel, especially in the end of the proton 

range. To avoid this, a dedicated track-end stepper was used in the MC simulations that 

transported protons from about 16 MeV down to 20 keV (the cut-off energy for proton 

transport) in 90 logarithmic steps of the energy. The reason for this is the fact that Sel rapidly 

increases below approximately 16 MeV, whereas the increase is rather modest between 250 

MeV down to 16 MeV, as seen in Figure 1 (where the track-end stepper region is also shown). 

Thus, the track-end stepper is activated when the residual proton range is approximately 3 mm 

in liquid water (transported down to less than 0.001 mm range), which corresponds to the voxel 

sizes used in this thesis (2x2x2 mm3 or 3x3x3 mm3). The step length for proton transport of 

energies of 250 to 16 MeV was determined for each step as the track length through the specific 

voxel, with a maximum step length equivalent to 4 mm in water.  

 Figure 2 shows a MC calculated LETd as a function of depth in a water tank for a pristine 

Bragg peak (197 MeV protons) and for a 10 cm spread-out Bragg peak (SOBP). The SOBP was 

optimized to obtain a homogeneous DRBE of 2 Gy (RBE), assuming RBE=1.1, in a 10x10x10 

cm3 cube with its centre at 20 cm depth in the water tank. In total, 14 pristine Bragg peaks (138 

to 197 MeV protons) were used to create the SOBP. 

 

3.2. RBE dependencies for protons 

As previously stated, the RBE is a complex quantity that depends on a number of factors. For 

a given particle type, in this case protons, the most prominent parameters are LET, fractionation 

dose, tissue type and biological endpoint. Nevertheless, it should be emphasized that some of 

these parameters are somewhat interlinked and that the RBE may vary with additional 

parameters beyond these four, e.g. with the oxygen level and the dose rate (Hall & Giaccia 

2006, pp.112–114; Paganetti 2014). The RBE dependencies discussed below are focused on the 

clonogenic cell survival (often simply denoted as cell survival) as the biological endpoint if 

nothing else is stated. 
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Figure 2. Depth dose curve for a SOBP for a field with a range of 25 cm and a modulation 

width of 10 cm (solid black line) and the pristine Bragg peak depth dose curve for a 

monoenergetic beam of 197 MeV (dotted red line). The corresponding LETd distributions are 

also shown (right y-scale). RBE=1.1 was assumed for the depth dose distributions. 

 

3.2.1. RBE and linear energy transfer 

For a monoenergetic therapeutic proton beam, the LET is quite low before the protons reach 

the end of their range. Then, from the starting point of the Bragg peak, the LET increases 

dramatically to values of 10 keV/m and beyond at the distal fall-off (Figure 2). Biologically, 

this increase in LET can cause both more damages as well as increase their complexity. Thus, 

the increase in LET causes an increased RBE (Paganetti 2014).  

 However, for a given particle type, the RBE will only increase with the LET up to a 

certain maximum. Beyond this maximum, a saturation of the effect is reached in small regions, 

because fewer tracks are needed to deposit the same dose. Eventually this leads to a decrease 

in RBE with increasing LET. For protons, the maximum RBE for cell inactivation is reached at 

approximately 30 keV/m (Belli et al. 1998). However, such high LET values are generally not 

encountered in clinical proton therapy plans. Hence, the RBE could be assumed to increase 

monotonically with increasing LET for proton therapy (Grassberger & Paganetti 2011). On the 
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other hand, the rate of increase will depend of the dose, tissue type and the biological endpoint 

studied.  

 This increased RBE towards the end of the proton range results in an increased biological 

effective range of a few millimetres (Paganetti et al. 2002). This is an undesired effect as healthy 

tissue is situated beyond the target, but not explicitly accounted for in proton planning when 

using a constant RBE of 1.1. On the other hand, it is often indirectly taken into account by 

avoiding beam arrangements where a beam is pointing directly towards a serial risk organ. Such 

beam directions are also avoided due the physical range uncertainties.  

  

3.2.2. RBE and fractionation dose 

The RBE is dependent on the fractionation dose (Dasu & Toma-Dasu 2013). As previously 

stated, this is mainly due to the more pronounced shoulder of the photon survival curve 

compared with the corresponding proton survival curve. Hence, the RBE is higher for low doses 

per fraction. This has been confirmed in both in vitro and in vivo experiments, particularly for 

low α/β and/or high LET values (Paganetti 2014). However, few of the experimental data points 

are below 2 Gy, which combined with the potential limitations of the LQM in the low dose 

region complicate the interpretation of the data (Paganetti 2014). 

 The magnitude of the increase in the RBE with decreasing fractionation dose is depending 

on the biological endpoint studied, the LET and the characteristics of the tissue. Most 

experimental data are on cell survival, where a general relationship of increasing RBE with 

decreasing dose per fraction has been established (Paganetti 2014). However, late responding 

tissues (low α/β) is predicted to have a more rapid increase of RBE with decreasing fractionation 

dose compared to early responding tissue (high α/β) (Carabe et al. 2012; Paganetti 2014). Again, 

this is generally not in advantage for proton therapy as many OARs are considered late 

responding tissues, whereas many tumours are handled as early responders. Moreover, as 

normal tissues will receive lower doses (and often higher LET) than the tumour, even further 

increased RBE values could be expected in the normal tissues compared to the tumour. 

However, as these trends are less pronounced for higher fractionation doses, hypofractionated 

schedules could potentially mitigate this, as indicated by papers I and II. Nevertheless, caution 

should always be taken before changing clinical fractionation patterns or when analysing results 

from clinical data (Dasu & Toma-Dasu 2013).  
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3.2.3. RBE and tissue type 

The biology of human cells and organs is complex, therefore, the RBE dependency on the cell 

and tissue type is expected. A cell line or organ is typically characterised by the parameters α 

and β from the LQM, where tissues with low α/β values (below about 6 Gy) are considered as 

late reacting and tissues with high α/β values (above about 7 Gy) as early reacting tissues (Joiner 

et al. 2009, p.117). As mentioned in Section 3.2.2, low α/β tissues demonstrate a more 

pronounced increase of RBE with decreasing fractionation dose compared to high α/β tissues. 

This relation is also valid for the increased RBE with increasing LET, which could be an issue 

in proton therapy. If a serial organ (small volume effect, sensitive to maximum dose) with a 

low α/β (e.g. spinal cord, brainstem or optical nerve) is positioned at the distal fall-off of a 

proton beam, the increased RBE might cause unexpected damage (Wedenberg & Toma-Dasu 

2014; Peeler et al. 2016). On the other hand, there are some discrepancies in the available data, 

which do not fully support a significantly increased RBE with decreasing α/β values over the 

whole interval of possible values (Paganetti 2014). 

 Furthermore, differences in cell repopulation and repair mechanisms between malignant 

and normal cells, as well as between various normal cells, might affect the RBE dependency of 

a specific tissue or tumour type. As some tumours are more prone to hypoxia, which is a known 

resistance factor to radiation damage due to the preventing of production of free radicals, the 

RBE will vary for the same tumour type depending on the hypoxia level. 

 

3.2.4. RBE and biological endpoint 

The RBE for many different biological endpoints may be studied to quantify the radiation 

damage. As the primary objective of radiotherapy is to eradicate the tumour cells, it is logical 

that the RBE for cell survival is of primary interest, but chromosomal aberrations, mutations, 

or even direct assessment of complex endpoints such as specific NTCPs may be studied to 

understand the RBE for normal tissues (Paganetti 2014). 

 In compliance with the RBE dependence on the fractionation dose due to the initial 

shoulder of the photon survival curve, the RBE for cell survival is dependent on the cell survival 

fraction studied. Hence, the RBE is higher for e.g. 80% cell survival compared to 10%. Even 

though there is a direct link between cell death and TCP, little is known about the mechanistic 

of tumour response in vivo. However, it is known that cell death after radiation-induced 

damages could be caused through various pathways, including apoptosis, senescence, 
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autophagy, necrosis and mitotic catastrophe. Thus, the RBE for TCP might be more 

complicated than simply the RBE for clonogenic cell survival studied in vitro. Nevertheless, 

loss of reproductive capacity is probably the biological endpoint mostly correlated with TCP 

and is likely to be a good surrogate when estimating the tumour response. The constant RBE of 

1.1 is most likely a conservative general TCP-predictor as higher values are expected for an 

average tumour (Paganetti 2014). 

 In contrast to this, other endpoints besides cell survival might be more relevant for the 

RBE for organ specific NTCPs. It is unlikely that the magnitude of cell loss could fully explain 

the complexity of early reactions such as skin erythema and acute rectal bleeding, or late 

reactions such as brain necrosis, myelopathy and lung fibrosis. Nevertheless, due to the scarcity 

of clinical data, the use of variable RBE models for cell survival might still be utilized in plan 

evaluations to estimate potentially increased adverse risks (Wedenberg & Toma-Dasu 2014). 

For further development, direct assessment of NTCP endpoints might be studied, or endpoints 

that are likely to be good surrogates such as the induction of inflammatory molecules like 

cytokines (Paganetti 2014) or image intensity changes (Peeler et al. 2016).  

 

3.3. RBE models for protons  

In order to utilize the knowledge regarding the RBE in proton treatment planning, a variable 

RBE model is needed. Such a model should preferably be simple to interpret and implement, 

and at the same time be complex enough to reflect the RBE dependencies discussed in Section 

3.2. The clinical standard today is to use a generic RBE model where the physical proton dose 

is multiplied with a constant factor of 1.1 (ICRU 2007). This model is the simplest possible and 

has been used clinically for decades, but lacks any RBE dependence on LET, fractionation dose, 

tissue type or biological endpoint.  

 In order to account for the variable nature of the RBE, a number of models have been 

proposed for proton therapy. Most of them are based on the cell survival fraction from in vitro 

data of proton and photon irradiations using the LQM (Carabe et al. 2012; Jones 2015; Mairani 

et al. 2017; McNamara et al. 2015; Tilly et al. 2005; Wedenberg et al. 2013; Wilkens & Oelfke 

2004). However, other approaches exist as well, such as the local effect model (Elsässer et al. 

2010; Friedrich et al. 2012) and a model where α and β are functions of the double strand break 

yield, within the framework of the repair-misrepair-fixation model (Frese et al. 2012). The 

LQM based models utilize the LQM for cell survival to derive an analytical expression of the 
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RBE. This is done by equating the biological effect (i.e. the cell survival fraction) for a proton 

and a photon irradiation according to Eq. (5), 

                                            Sx = Sp  ⟺  αxDx+β
x
Dx

2 = αpDp+β
p
Dp

2,                                         (5)  

where Sx and Sp are the fraction of surviving cells following a photon dose of Dx and proton 

dose of Dp, respectively, αx and βx are the tissue-specific LQM-parameters for photons, αp and 

βp are the tissue-specific LQM-parameters for protons. Eq. (5) might then be rewritten as Eq. 

(6), where the RBE is expressed as function of the Dp, αp/αx, βp/βx and (α/β)x,    
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By using literature values of the (α/β)x (referred to as α/β in this thesis for the tissue of interest, 

one only has to model the behaviour of αp/αx and βp/βx in order to construct a LQM based 

variable RBE model for proton therapy. This has been done by several research groups using 

cell survival data from in vitro experiments and various assumptions in the fitting of αp/αx and 

βp/βx. Three of these models are considered in this thesis; Carabe et al. (2012), Wedenberg et 

al. (2013) and McNamara et al. (2015), with the corresponding fitting functions presented in 

Table 1.  

 

Table 1. The fitted functions for αp/αx (RBEmax) and βp/βx (RBE2
min) to be used in Eq. (6) 

for the three RBE models considered in this thesis. 

RBE model αp/αx (RBEmax) βp/βx (RBE2
min) 

Carabe 

RBE model 
0.843 + 0.154 

2.686

α β⁄
 LETd (1.09 + 0.006 

2.686

α β⁄
 LETd)

2

 

Wedenberg 

RBE model 
1.0 + 

0.434

α β⁄
 LETd 1.0 

McNamara 

RBE model 
0.999064 + 

0.35605

α β⁄
 LETd (1.1012 – 0.0038703 √α β⁄   LETd)

2
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3.3.1. The generic RBE model 

The generic RBE model of 1.1 expresses no RBE dependency on LET, fractionation dose, tissue 

type, biological endpoint or any other parameter. The physical proton dose is simply multiplied 

with the factor of 1.1 to generate the DRBE. As previously stated, this is the recommended RBE 

model for clinical use by the ICRU (ICRU 2007) and is mainly based on the findings in 

publication by Paganetti et al. (2002). This study concluded that the uncertainty in the RBE 

predictions for human tissues are too large to use any variable RBE model. The generic value 

of 1.1 is a mean value from the available in vivo data in the middle of various SOBPs, and was 

considered as the most appropriate value to use clinically. However, the study also 

acknowledged the extended biological range due to an enhanced RBE at the end of the proton 

range and suggested that it should indirectly be accounted for in the treatment planning by 

avoiding beams pointing directly towards critical organs. The updated review by Paganetti 

(2014) established the variable RBE and its dependence on LET, dose per fraction, α/β and 

biological endpoint. The study also recommended LET calculations and α/β considerations in 

order to mitigate the enhanced RBE, but did not recommend any other RBE model than the 

generic RBE of 1.1. 

 

3.3.2. Carabe RBE model 

The Carabe RBE model (Carabe-Fernandez et al. 2007; Carabe et al. 2012) utilizes Eq. (6) with 

the denotations; RBEmax = αp/αx and RBEmin = √βp/βx. The RBEmax corresponds to the maximum 

value of the RBE when the dose per fraction approaches zero, and the RBEmin corresponds to 

the minimum RBE value as the dose per fraction approaches very large values. Both the RBEmax 

and the RBEmin were assumed to increase linearly with the LETd and with an inverse 

dependence on the α/β, as seen in Table 1. The constant parameters in the linear equations were 

considered as free fitting parameters, resulting in four free model parameters reflecting no 

assumption on the RBEmax or RBEmin when LETd approaches zero and/or α/β tends to infinity. 

Experimental in vitro data with LET < 20 keV/µm for Chinese hamster V-79 cells from seven 

published studies were included in the fitting process.  

 

3.3.3. Wedenberg RBE model 

The Wedenberg RBE model (Wedenberg et al. 2013) uses the denotations in Eq. (6) as they are 

stated. As indicated by Table 1, the model consists of one model parameter (equal to 0.434 and 
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denoted q in the original paper) for the fitting of the αp/αx (RBEmax), which was assumed to 

depend linearly on the LETd and inversely on the α/β with the constant term fixed at 1.0. For 

the βp/βx (RBE2
min), no variation with LETd or α/β was assumed. Instead, a constant value of 

1.0 was assigned. The βp/βx relation to LETd was tested by constructing a 95% confidence 

interval (CI) for the slope of the regression line, showing no significant correlation. Twenty-

four data points from ten different cell lines were included in the fitting process, all with LET 

< 30 keV/µm.  

 

3.3.4. McNamara RBE model 

In accordance with both previously described models, the McNamara RBE model (McNamara 

et al. 2015) assumed that RBEmax depended linearly on the LETd with an inverse relationship 

between the slope and the α/β. As in the Carabe RBE model, the constant parameters in the 

linear equations were considered free in the fitting process. Hence, the model uses four 

parameter (denoted p0, p1, p2 and p3 in the original paper) with no assumption on the RBEmax or 

RBEmin when LETd approaches zero and/or α/β infinity. In contrast to both the other models, 

the RBEmin was assumed to have a √α β⁄  dependency together with a linear dependency of the 

LETd. A vast amount of in vitro experimental data sets with LETd < 20 keV/µm and α/β < 30 

Gy from Paganetti (2014) were included in the fitting process.  

 

3.3.5. RBE model comparison 

All three variable RBE models considered in this thesis are functions of the Dp, LETd and α/β. 

It is noticeable that the functions for αp/αx are similar between the three models, whereas the 

functions for βp/βx are slightly different. For the αp/αx, all models have an inverse relationship 

between the slope and the α/β and a linear dependence of the LETd. Noticeable, the latter one 

was recently verified statistically as the most likely one out of ten various LETd relationships 

(Mairani et al. 2017). As the LETd approaches zero and/or α/β infinity, both the Wedenberg and 

McNamara RBE models approach the value 1.0 for the αp/αx, whereas the Carabe RBE model 

returns a value of 0.843. For the √βp/βx, the Wedenberg RBE model uses a constant value of 

1.0, whereas the two other models have linear functions of LETd with a constant value close to 

1.1 but with various signs for the LETd and α/β dependency, as seen in Table 1. The differences 

originate partly from different function assumptions and partly from different data sets used for 

the fits, and are discussed in paper I for the special case of prostate tumours. 
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 Moreover, the CI of the fitting parameters are stated for the Wedenberg and McNamara 

RBE models, whereas they are not for the Carabe RBE model. This is reflected in the model 

choice in paper II, where the Carabe RBE was excluded from the robustness evaluation. This 

was partly due to the lack of the CI of the model parameters and partly because of the potential 

model artefact highlighted in paper I. This potential model artefact predicts a larger RBEmin 

than RBEmax for high α/β and low LETd values, resulting in an increase in RBE with increasing 

dose per fraction under certain conditions. One plausible reason for this is the fact that only one 

cell line was used in the fitting process (V-79 cells with an α/β of approximately 3 Gy). This 

fact has also been highlighted and discussed in previous publications (Giovannini et al. 2016; 

McNamara et al. 2015), although it has also been speculated that the RBE might in fact increase 

with increasing dose per fraction for low-LET radiation (Karger et al. 2013). 

 The fundamental behaviours of the three variable RBE models in terms of fractionation 

dose, LETd and α/β dependencies are shown in Figures 3, 4 and 5 for a sample of clinical 

relevant parameter values. The generic RBE=1.1 is shown as reference in all the figures. As 

seen in the figures, the RBE predictions by the three models are almost exclusively 

monotonously increasing with decreasing dose per fraction (Figure 3), with decreasing α/β 

(Figure 4) and with increasing LETd (Figure 5). The exceptions are the predictions by the 

Carabe RBE model in Figures 3c and 3d where the derivative of the RBE (with respect to the 

dose) is monotonous positive. This is caused by the potential artefact of the Carabe RBE model 

previously mentioned where the RBEmin is predicted to be larger than the RBEmax. Moreover, 

the Carabe RBE model predicts RBE values lower than 1.0 in several of the examples (Figures 

3c, 4a, 4b, 4c, 5c and 5d), whereas the McNamara and Wedenberg RBE models predict values 

equal or higher than 1.0 in all the studied scenarios. As the α/β approaches zero (Figure 4), the 

Carabe RBE model predictions approach infinity, which is not the case for the two other 

models. This is due to the inverse dependence of α/β of the RBEmin, which is not shared with 

the McNamara or the Wedenberg RBE models (Table 1). The RBE dependency on LETd is 

almost linear and similar between the three models, even though the absolute magnitude and 

slope differ slightly between the models (Figure 5). 

 As discussed in paper I, the findings described above make a quite compelling case to 

recommend the Wedenberg and McNamara RBE models over the Carabe RBE model for 

treatment planning of proton therapy. Nonetheless, a clinical implementation of any model 

should always be made with caution. 
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Figure 3. The model predicted RBE as a function of fractionation dose for α/β of 3 and 10 Gy, 

LETd of 2.5 and 5 keV/m. Three different variable models are shown together with the generic 

RBE model: RBE=1.1 (grey solid line), the Carabe RBE model (black dotted line), the 

McNamara RBE model (red dashed line) and the Wedenberg RBE model (blue solid line). 
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Figure 4. The model predicted RBE as a function of α/β for fractionation doses of 2 and 5 Gy, 

LETd of 2.5 and 5 keV/m. Three different variable models are shown together with the generic 

RBE model: RBE=1.1 (grey solid line), the Carabe RBE model (black dotted line), the 

McNamara RBE model (red dashed line) and the Wedenberg RBE model (blue solid line). 
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Figure 5. The model predicted RBE as a function of LETd for fractionation doses of 2 and 5 

Gy, α/β of 3 and 10 Gy. Three different variable models are shown together with the generic 

RBE model: RBE=1.1 (grey solid line), the Carabe RBE model (black dotted line), the 

McNamara RBE model (red dashed line) and the Wedenberg RBE model (blue solid line). 

 

3.4. Implementation of variable proton RBE models 

In order to implement a forward calculation of the DRBE into a treatment planning system (TPS) 

for proton therapy, using the variable RBE model described in Section 3.3, one needs to be able 

to assign α/β values on voxel level and calculate the physical proton dose as well as the LETd 

distribution. Moreover, one should preferably be able to visualize the DRBE on the dose grid in 

order to perform a plan evaluation. In this thesis, this was performed using a research version 

of the commercial TPS RayStation v4.6 (RaySearch Laboratories, Stockholm, Sweden) with 

IronPython scripting capabilities. Other studies have used e.g. in-house developments or 

extension of MC codes applicable for proton therapy (Giovannini et al. 2016; Tilly et al. 2005; 

Underwood et al. 2016). Figure 6 shows the calculated DRBE for a SOBP using the 

implementations of the Carabe, McNamara and Wedenberg RBE models made in this thesis. 

The α/β was assumed to be 3 Gy for all voxels.  
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Figure 6. Depth dose curves for the SOBP from Figure 2 assuming RBE=1.1, the Carabe, the 

McNamara and the Wedenberg RBE models (left y-scale). The α/β was assumed to be 3 Gy for 

all voxels. The corresponding LETd distribution is also shown (right y-scale).  

 

 As shown in Figure 6, the increase in LET at the end of the proton range leads to 

substantially higher predicted RBE values by the variable RBE models. This causes the 

extended biological range of a few millimetres, which potentially could increase adverse 

effects. Hence, the implementation of the LET calculation is a critical point for any variable 

RBE model. This calculation can be made both analytically (Sanchez-Parcerisa et al. 2016; 

Wilkens & Oelfke 2004) and by using MC simulations (Tilly et al. 2005; Wedenberg & Toma-

Dasu 2014; Underwood et al. 2016). As pointed out in Section 3.1 of this thesis, there are also 

various ways to calculate and average the LET, with slightly different results depending on the 

implementation (Cortés-Giraldo & Carabe 2015). However, it should also be pointed out that 

realistic uncertainties in the LETd generally translates to only minor uncertainties in the 

calculated RBE (Sanchez-Parcerisa et al. 2016). This was also indicated by the results in paper 

II of this thesis, where the LETd uncertainty only contributed minor to the total uncertainty in 

the robustness analysis of the DRBE.  

 Several studies have implemented variable proton RBE models, including LETd 

calculations, and subsequently evaluated the potential effects (Carabe et al. 2012; Dasu & 
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Toma-Dasu 2013; Giovannini et al. 2016; Underwood et al. 2016; Wedenberg & Toma-Dasu 

2014). The main conclusions drawn in these publications are in line with the main findings of 

this thesis. Mainly that, compared to the generic RBE=1.1, variable RBE models indicate that 

the target dose might be slightly compromised for high α/β targets (e.g. brain and head and neck 

(H&N) tumours), whereas the target dose is generally predicted to be higher for low α/β targets, 

as indicated by Figure 6 (e.g. breast and prostate tumours). Furthermore, most normal tissue 

doses are predicted to increase compared to RBE=1.1, resulting in higher NTCP estimates. 

Moreover, as stressed in papers I, II and III, the inclusion of variable RBE models predicts both 

a shift and an increased uncertainty of the DRBE distribution, as the dependencies on 

fractionation dose, LETd and α/β are accounted for.  

 As papers I, II and III in this thesis, most studies have been focused on implementing 

variable RBE models in the evaluation phase, but various efforts of including it in the 

optimization has also been made (Giantsoudi et al. 2013; Frese et al. 2011; Resch et al. 2017; 

Unkelbach et al. 2016; Wilkens & Oelfke 2005). In paper I of this thesis, a simple re-

optimization method of the physical dose based on the underlying LETd distribution was 

proposed in order to account for the variable RBE effects. In accordance with several other 

studies, such an approach is not a full biological optimization, but rather a pragmatic 

implementation of a method allowing users to account for potential RBE effects with already 

available tools in commercial TPS. This pragmatism is in line with publications proposing LET 

optimization as a tool to mitigate RBE effects in critical structures (Giantsoudi et al. 2013; 

Unkelbach et al. 2016), or to increase the LET in the target to overcome hypoxia or as a tool to 

reduce the physical target dose (Bassler et al. 2014; Fager et al. 2015). Such pragmatic 

approaches might be utilized as a first step towards the implementation of biological 

optimization methods, which has been proved feasible (Wilkens & Oelfke 2005; Frese et al. 

2011; Resch et al. 2017). However, in order to include variable RBE models in the clinical 

optimization process, more patient data is needed together with in vitro and in vivo experiments 

on clinically relevant cell lines, doses and LET ranges. With such data, RBE models may be 

evaluated and potentially revised over time. 
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4. Robustness of treatment plans 

A key objective in radiation treatment planning is the robustness. A treatment plan is considered 

robust if the perturbation of the nominal dose distribution is within acceptable limits under the 

influence of the uncertainties during treatment delivery (e.g. patient setup and density 

uncertainties). In the clinic, the acceptable limits for the agreement between the calculated and 

the delivered dose is often expressed in terms of fulfilment of the clinical goals for various 

plausible error scenarios. As a normal plan comparison procedure is based on a comparison 

between the unperturbed dose distributions, it is vital that all included plans have similar 

robustness to the treatment uncertainties. If they do not, a plan selection based on the nominal 

dose distribution might be suboptimal as there is always a trade-off between nominal plan 

quality and robustness. Thus, proper accounting for robustness is vital in any plan comparison, 

especially in the comparison between different radiation qualities, as they might have very 

different sensitivities to errors.  

 

4.1. Robustness of photon plans 

In order to accomplish a robust photon treatment plan, the clinical practice is to use safety 

margins. The clinical target volume (CTV) is typically expanded to a planning target volume 

(PTV), to which the prescribed target dose is planned to be delivered (ICRU 1993). To ensure 

robustness for critical organs of serial structure, an expanded planning organ at risk volume 

(PRV) of a few millimetres is commonly used (ICRU 1999). The clinical goals for the risk 

organ are then ensured to be fulfilled for the PRV during the treatment planning, thus, they are 

assumed to be fulfilled for the critical organ even under treatment delivery errors. The 

underlying assumption justifying the use of the PTV and PRV is that the shape of the dose 

distribution can be considered invariant under e.g. setup and density errors. In photon therapy, 

this is often a valid assumption due to the relatively insensitive photon depth-dose curve and 

the use of multiple beam angles associated with modern photon therapy, which tends to smear 

out the effects. Consequently, rather than recalculating the dose distribution for every possible 

error scenario, a shift of the entire dose distribution according to the error magnitude is a good 

approximation. Thus, the safety margin concept is considered as a valid approach in photon 

therapy (Paganetti et al. 2012, pp.453–454; van Herk et al. 2000).  

 The magnitude of the CTV to PTV margin needed to ensure proper target coverage for a 

large majority of the patients is often calculated as a linear combination of the systematic and 
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random components of the treatment delivery uncertainties. The systematic component has the 

potential to deteriorate the dose distribution for all fractions; hence, it is carrying the largest 

weight. In the commonly used simplified formula derived by van Herk et al. (2000), the 

systematic component carries a weight of 2.5 compared to 0.7 for the random component in the 

calculation of the safety margin needed to ensure a minimum dose to the CTV of 95% of the 

prescribed dose for 90% of the patients. On the other hand, with a proper treatment preparation 

and image guidance during the treatment delivery, the systematic setup component may often 

be reduced to negligible order. This leaves potential systematic components such as target 

definition and image registration together with random uncertainties to account for, which 

typically results in CTV to PTV margins in the order of approximately 3-20 millimetres, 

depending on the treatment site, treatment protocol, breathing amplitude, fixation, software and 

hardware capabilities (Boda-Heggemann et al. 2011; Gill et al. 2015). 

 

4.2. Robustness of proton plans 

In contrast to photon therapy, the assumption of an invariant dose distribution under setup and 

density errors is generally not valid for proton therapy. As protons have a finite range, which is 

determined by their initial energy and the matter through which they will pass, even small 

changes in density or setup could introduce severe differences in dose. Hence, only shifting the 

dose distribution is not a proper approach in proton therapy and consequently the safety margin 

concept breaks down (Paganetti et al. 2012, pp.365–368).  

 This is particularly true when utilizing IMPT as it consists of inhomogeneous field doses 

that are combined to satisfy the required objectives of the dose distribution (Lomax 2008). If 

instead single field uniform dose (SFUD) plans are considered, each field delivers a 

homogeneous target dose in order to reach the required total dose level. Such plans are often 

inherently more robust than straightforwardly optimized IMPT plans, but could still be sensitive 

to setup and range errors as the fundamental physics of proton interactions is the same 

regardless of the planning technique. Historically, most proton plans have been delivered using 

passively scattered SFUD techniques. However, in the new era of proton therapy, actively 

scanned proton beams utilizing IMPT are soon to become the new standard. To ensure the 

robustness of such plans, comprehensive analysis methods are often needed. Despite of this, 

most centres use a safety margin around the CTV for planning purposes, based on a fraction of 

the range required for the protons to reach the distal end of the CTV combined with a fixed 

absolute margin. Typically margins used are 2.5 to 3.5% of the range plus additionally 1 to 3 
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mm (Paganetti 2012). In contrast to the setup uncertainty, which is dominated by a random 

component when using proper image guidance, the range uncertainty is predominantly a 

systematic uncertainty since errors in the range prediction introduced at the planning stage are 

likely to be present throughout the whole treatment course. Nevertheless, as e.g. patient 

anatomy and setup could change during treatment, it also has a random component.  

 The main sources for the range uncertainty are the conversion of CT-numbers to proton 

stopping power ratios (SPR), the mean excitation energy (I-value) of the tissues, patient 

inhomogeneities, the extended biological range due to the enhanced RBE and geometry changes 

due to patient setup uncertainty and organ motion (Paganetti 2012; Yang et al. 2012; Ödén et 

al. 2015). The magnitude of the margins required to assure a satisfying target coverage are in 

the order of 2.5 to 6.5% of the range depending on e.g. treatment site, tissue heterogeneities and 

dose calculations algorithm (Paganetti 2012; Schuemann et al. 2014; Yang et al. 2012). In order 

to reduce the required range margins, one could e.g. utilize sophisticated CT-calibration 

methods, introduce MC dose calculations, use breathing control management, include variable 

RBE models to predict the effective biological range and utilize in vivo measurement of the 

range using prompt gamma detection, PET or proton radiographs.  

 The standard CT-calibration method for proton therapy is the stoichiometric calibration 

introduced by Schneider et al. (1996), but recent research has been focused on the use of dual-

energy CT methods in order to extract more information for e.g. the conversion of CT-numbers 

to SPRs (van Elmpt et al. 2016). Even the potential use of a direct proton CT is under 

investigation by several research groups. By using MC dose algorithms one could dramatically 

reduce the uncertainty for some treatment sites due to patient inhomogeneities (Paganetti 2012). 

Furthermore, if simple Bragg additivity is used together with SPRs relative to water, the I-value 

uncertainty could be reduced if the I-value for water is calculated in a consistent manner to that 

of the tissue of interest, rather than using an experimentally derived value (Ödén et al. 2015). 

 As a consequent of these complex behaviours, the use of a safety margin concept is often 

not enough to ensure robustness for proton plans. Instead, recalculations of the dose distribution 

for multiple setup and range error scenarios is a common approach to ensure the robustness 

(Lomax 2008). This could be implemented already in the optimization process by utilizing a 

robust optimization algorithm and/or in the plan evaluation phase through a robust evaluation 

method (Paganetti et al. 2012, pp.368–372). 
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4.2.1. Robust evaluation of proton plans 

By recalculating the dose distribution for a large set of error scenarios, the robustness of a 

treatment plan may be quantified. The most common errors considered are the setup and range 

uncertainties, but error scenarios of any quantifiable uncertainty could be created. In paper II, 

the robustness against RBE model uncertainties was included in the robustness concept and in 

paper III the robustness against organ motion due to breathing. Other studies have also 

evaluated the robustness against breathing motion (Depauw et al. 2015; Inoue et al. 2016), but 

few studies have fully included the RBE uncertainties. Some publications have made 

recalculations for several α/β values (Carabe et al. 2013; Underwood et al. 2016), but did not 

include it in a more comprehensive robustness analysis as made in paper II.  

 The magnitude of the errors considered for robustness analyses are typically the 85% CI 

for the setup uncertainty and ±3% for the range uncertainty. The 85% CI (1.44 for normal 

distributions) was originally proposed by Goitein (1983) and has been adopted as a reasonable 

parameter to use for clinical purposes (Albertini et al. 2011; Lowe et al. 2016; Paganetti 2012). 

The use of ±3% range uncertainty is motivated by the same studies that have laid the basis for 

the range uncertainty margin of about 3% (Paganetti 2012; Yang et al. 2012). However, the 

treatment delivery of specific cases can be subject to additional range uncertainties due to e.g. 

the beam arrangements, inhomogeneities, organ motion and inter-fractional anatomical changes 

(Paganetti 2012; Schuemann et al. 2014).  

 The error calculations of the treatment plan are then commonly made for a finite number 

of error scenarios of rigid setup and fixed range errors (approximately ±3%), resulting in a set 

of potential dose distributions. The setup errors are typically sampled on the surface of a sphere 

with a radius equal to the 85% CI of the setup error (Albertini et al. 2011). The resulting dose 

distributions could then be evaluated in a number of ways, but are commonly presented as error 

bands of the dose-volume histograms (DVH) to indicate the worst-case scenarios. Figure 7 

shows an example of such DVHs with error bands for the CTV and the parotid glands for a 

H&N treatment.  
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Figure 7. Nominal DVHs of the CTV and the parotid glands (OAR) for a H&N treatment with 

the corresponding error band that indicates the worst-case scenarios under the presence of setup 

and range uncertainties for a proton treatment plan. RBE=1.1 without any uncertainty was 

assumed. 

  

 A conservative approach is then to evaluate all the obtained DVHs separately with the 

objective that e.g. the target coverage and OAR constraints should be fulfilled in all scenarios, 

or in a certain fraction. Such a robustness evaluation was utilized in paper I for three prostate 

cases. This kind of robustness evaluation is conservative mainly since it assumes equal weight 

on all error scenarios, even though this is not the case, and since it ignores that the treatment is 

delivered in a fractionated manner by assuming that the accumulated worst-case dose 

distribution consists of repeated fractions of the worst-case dose distribution for a single 

fraction. To account for the limited error sample and the fractionated treatment, one could 

perform comprehensive sampling of error scenarios within the error-space and create a large 

set of possible accumulated dose distribution for evaluation. However, even though such 

methods may be realistic, they are both time and resource consuming. Hence, not always 

suitable in a clinical environment. On the other hand, they could be used to validate the accuracy 

of using a smaller subset of the error-space to derive worst-case estimations of the dose 

distribution. This was done in the study by Casiraghi et al. (2013), which concluded that even 
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though worst-case scenario approaches using a small error sample may underestimate the 

maximum dose error in small regions close to density heterogeneities, they are generally good 

enough to detect dose error regions. Furthermore, the effect of fractionation could be included 

into the small subset sample evaluation by assuming that the dose distribution obtained for a 

voxel is normally distributed over the course of treatment (Lowe et al. 2016). Due to the 

convergence of the random setup error, the  decreases inversely with the square root of the 

number of fractions, as shown and validated against a more comprehensive sampling of error 

scenarios in the original study by Lowe et al. (2016). This method was utilized in the robustness 

analysis in papers II and III together with the RBE model uncertainties. Such method results in 

an independent lower and upper dose boundary for each voxel, which could be used to form 

lower and upper estimates of the DVHs. These worst-case DVHs do not correspond to 

realizable dose distributions, but have been validated as realistic estimates of the DVH 

boundaries (Lowe et al. 2016). 

 In principle, a robustness evaluation similar to the ones described above for proton plans 

could also be performed for photon plans. However, due to the reliance on the dose invariance 

and the minor effect of density changes, this is seldom done. On the other hand, such a 

robustness evaluation could ensure that the assumption of similar TCP between photon and 

proton plans is valid, which is a criterion to be able to select patients suitable for proton therapy 

based on the potential NTCP reduction. Furthermore, the uncertainties in the OAR doses and 

NTCPs could be derived by such an analysis. Hence, in papers I and III, the robustness 

evaluation was performed both for proton and photon plans. 

 

4.2.2. Robust optimization of proton plans 

Instead of evaluating the robustness of a proton plan after its initial optimization, the robustness 

could be incorporated already in the plan optimization by utilizing a robust optimization 

algorithm. As for the evaluation, all quantifiable errors could potentially be included, but the 

focus has been on setup and range uncertainties so far. By using a robust optimization algorithm 

for proton therapy, the concept of the safety margins of about 3% plus 1 mm for the CTV 

becomes obsolete. Instead, the optimizer seeks for a robust solution where the CTV coverage 

and/or OAR objectives are fulfilled even for the worst-case scenarios. 

 Several robust optimization approaches including setup and range uncertainties have been 

proposed, such as composite (Fredriksson et al. 2011), objective-wise (Chen et al. 2012) and 

voxel-wise worst-case optimization (Pflugfelder et al. 2008; Unkelbach et al. 2007). The 
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composite worst-case optimization is often referred to as minimax optimization as it minimizes 

the composite objective function of the worst scenario, which has the maximum objective value. 

Thus, the correlation between the voxels are maintained as all voxel doses come from the same 

error realization. In the objective-wise optimization, each constituent dose objective is 

considered independently affected by the uncertainties. Hence, for a given objective, all voxel 

doses are from the same error scenario, but different objectives could be affected by different 

error scenarios. The voxel-wise worst-case optimization assumes that each voxel is 

independently affected by the uncertainties. Thus, the penalty for each voxel is based on the 

worst-case dose that each voxel could receive and hence the voxel dose correlation is not 

maintained. A comprehensive evaluation of these different methods is out of the scope of this 

thesis, but has been made elsewhere (Fredriksson & Bokrantz 2014). It was concluded that the 

objective-wise optimization was outperformed by either the composite or the voxel-wise 

optimization for all scenarios studied. The composite optimization was considered suitable for 

DVH constraints and gave sharp dose gradients, whereas the voxel-wise optimization was 

suitable for severe conflicting objectives as it does not disregard easy scenarios, but was 

regarded ill-suited for DVH constraints due to its conservatism. 

 The composite minimax robustness optimization by Fredriksson et al. (2011) was used in 

paper III for the IMPT breast plans. Even though only setup and range uncertainties were 

included in the optimization (5 mm and 3% for the CTV), the plans proved to be robust against 

breathing motion for both CTV and the OARs assuming a RBE=1.1. This was mainly due to 

the correlation between beam directions and breathing motion and the small anatomical changes 

caused by the motion of a few millimetres as discussed in the paper.  
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5. Summary and outlook 

The selection of an optimal treatment plan for a patient is a complex task. Even if e.g. the 

number of fractions are fixed and the radiation qualities are restricted to photons and protons, 

there still exists a vast variety of possible treatment plans. The general trend for selecting 

eligible patients for proton therapy appears to be focused on the possibility of NTCP reduction 

compared with photon therapy by calculating NTCP differences (ΔNTCP) (Langendijk et al. 

2013). This selection process postulates that the TCP should be equal between the two 

modalities. Under this assumption, the therapeutic gain for a specific patient could be quantified 

by simply evaluating the ΔNTCP. Such a methodology is elegant and constitutes a systematic 

patient selection system, given that the TCPs are equal, the ΔNTCP calculations are accurate 

and that adequate threshold selection values are used. This could be further ensured by using a 

feedback loop in the system where the accuracy of the TCP and NTCP models are continuously 

monitored and revised if needed. 

 However, such a system also has drawbacks. As the ΔNTCP is calculated as a single 

value, the uncertainties in the RBE, dose distributions and NTCP models are ignored to some 

extent. By including these uncertainties in the resulting CI of the NTCP for photon and proton 

plans, it is likely that the two intervals will overlap to some degree, as shown in the results of 

papers I, II and III. With NTCP intervals as input to a patient selection system, a single ΔNTCP 

threshold value to determine if a patient is eligible for proton therapy is not enough. Instead, a 

more complex threshold function that account for the probability distribution function of the 

NTCP would be required. Furthermore, if variable RBE models are used for evaluating the 

tumour dose, the calculated TCP will no longer necessarily be equivalent to the photon plan, as 

indicated by the results of papers I, II and III. Instead, it will be a function of tumour 

characteristics, fractionation dose and the LET distribution. This might affect the selection 

system, which relies on the assumption that the therapeutic gain might be quantified using 

simply the ΔNTCP values.  

 On top of this, the methodology may potentially cause an underuse of the capability of 

the experimental modality, which in this case is proton therapy, because the potential of 

increasing the TCP is not fully explored as the system relies on the equality between the 

modalities. Thus, the precondition of an equal TCP might restrict the domain of possible 

treatment plans and result in a suboptimal plan selection. Instead, one could think of 

maximizing the TCP given fixed NTCPs, or simultaneously maximizing TCP and minimizing 
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NTCPs. The latter approach seems more tempting since it is seeking a maximization of the 

therapeutic gain and becomes especially appealing if additional information about the tumour 

is added in terms of e.g. functional imaging and biomarkers.  

 The continuation of the work presented in this thesis will be focused on the exploration 

of methods to improve the likelihood of an optimal treatment selection between photon and 

proton therapy. By adding PET images with tracers for hypoxia and metabolism, dose-painting 

strategies could also be explored in the search for increasing the TCP. As in the studies 

presented in this thesis, the plan robustness and the variable RBE models will be considered in 

all evaluations. Strategies for mitigating potential RBE effects will also be explored in terms of 

including RBE uncertainties in the plan selection and potentially in the plan optimization. Thus, 

this work seeks to contribute to a clinical implementation of variable RBE models in the 

planning process of proton therapy in order to mitigate potential RBE effects and maximize the 

potential of proton therapy.   
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