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Abstract 
Almhagen, E. 2022. Techniques for the increased utilization of dose response variability in 
proton therapy. Digital Comprehensive Summaries of Uppsala Dissertations from the Faculty 
of Medicine 1842. 50 pp. Uppsala: Acta Universitatis Upsaliensis. ISBN 978-91-513-1500-3. 

Particle therapy is a form of radiation therapy in which protons and heavier ions are used, as 
opposed to photons in conventional radiation therapy. The biological effectiveness of particles 
compared to photons is often quantified as relative biological effectiveness (RBE). In clinical 
practice, protons are assumed to be 10% more efficient than photons, despite the fact that RBE 
is known to vary. On the other hand, variable RBE models can be used to describe the RBE at a 
given position as a function of a few parameters, such as the linear energy transfer (LET) of the 
beam. Questions of accuracy and validation have prevented the clinical introduction of variable 
RBE models. In this thesis, we tried to develop a variable RBE model for protons and carbon 
ions, and then apply it in a proton planning study. 

We started with developing a beam model for protons. It was based on measured data at the 
Skandion Clinic in Uppsala, Sweden. It is capable of describing the spatial, angular and energy 
distributions of a proton beam at a certain position in a treatment room. This, coupled with a 
particle transport engine, allows for accurate study of the physical properties of a clinical beam. 

Prior to developing our RBE model, we studied a number of publications containing proton 
in vitro cell survival data. It was found that the particle beams used included heavy secondary 
particle contamination and thus this need not be accounted for separately in a proton RBE 
model based on this data. Taking this into account, the subsequent RBE model did not provided 
increased accuracy compared to the considered proton RBE models. For carbon ions, accuracy 
was increased. Coupled with a treatment planning system, treatment plans taking into account 
RBE variability can thus be made with this RBE model. 

Finally, we applied the nanoCluE RBE model in a proton dose painting planning study, where 
the tumor target is given a heterogeneous dose based on an estimated radio sensitivity map of the 
tumor such that more resistant areas are given higher doses. Variable RBE was not beneficial 
in increasing the control probability of the tumor, but it did help in decreasing doses to nearby, 
healthy tissue. 
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1 Introduction 

This thesis is about radiation therapy, an important treatment method for can-

cer. More specifically it deals with proton therapy and some aspects of radio-

biological modelling. This introduction hopefully serves as a sort of viaticum 

for the journey that lies ahead, with an overview of radiation therapy, followed 

by the physics and radiobiology of proton therapy, and finally, the aims of the 

thesis. 

1.1 Radiation therapy 

Cancer is characterised by an abnormal proliferation of cells with a capacity to 

spread and invade other tissues. Treatment options include surgery, chemother-

apy, immunotherapy and radiation therapy (RT), all aiming to selectively re-

move or sterilize cancer cells. In RT, ionizing radiation is used to sterilize cells 

through its destructive effect on biomolecules, in particular the DNA. The 

amount of absorbed radiation is quantified as absorbed dose, describing the 

locally deposited energy per mass. Both tumor and normal cells are affected, 

imposing that a basic objective of RT is to ensure a high dose to the tumor 

whilst keeping the dose to all other tissues as low as possible. The response of 

a tumor as a function of absorbed dose is normally expressed as the tumor con-

trol probability (TCP), while for normal tissue the analog is the normal tissue 

complication probability (NTCP). An important direction of research in radia-

tion therapy is to find methods to maximize the TCP whilst limiting the NTCP.  

Examples of dose response curves are illustrated in Figure 1.  

The most common form of RT is photon external beam RT, henceforth 

referred to as conventional radiation therapy (CRT). In CRT, a linear acceler-

ator is used to accelerate electrons towards a target to generate a beam of 

bremsstrahlung photons. Another form of external beam radiation therapy that 

has become more widespread in the recent decades is particle therapy (PT), 

using beams of protons or heavier ions.  With such beams, the delivered dose 

can be made more conformal to the shape of the tumor than with CRT due to 

the physics of ion interaction with matter, such that a larger proportion of en-

ergy is deposited in a smaller volume (Wilson, 1946, Lomax et al., 1999, Mitin 

and Zietman, 2014). Some of the physics aspects of protons will be considered 

in paper I. Ions are also more biologically efficient  (Ando and Kase, 2009, 
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Sørensen et al., 2011, Paganetti, 2014, Paganetti et al., 2019), which will be 

explored in papers II and III. 

Figure 1: TCP (blue curve) and NTCP (red curve) both increase with dose to the tumor 
due to unavoidable correlated dose to surrounding tissues from beams directed to the 
tumor. In radiation therapy it is important to maximize the TCP whilst keeping the 
NTCP low. The distance between the two curves can be described as the therapeutic 
window. 

Before treatment careful planning must be performed. Patient imaging with 

computed tomography (CT) and/or magnetic resonance imaging (MRI) is 

done to provide a voxelized 3D model of the patient anatomy. Voxel dimen-

sions are typically on the order of a few mm. The images are used to localize 

the tumor, and to find suitable beam channels through the normal tissues sur-

rounding it. A complementary form of patient imaging is functional imaging 

that reflects patient physiology rather than morphology. An example is posi-

tron emission tomography (PET), which uses positron emitting radiotracers 

that concentrates in tissues of interest, such as where cells have increased met-

abolic activity (PET-FDG) or are hypoxic (PET-FMISO). 

The planning process is virtual, carried out by computer simulations in a 

treatment planning system (TPS). To serve this process, the delineated tumor 

volumes are standardized (ICRU, 1993,  1999) in a Russian doll manner to 

consider different uncertainties of the RT process. The innermost volume is 

the gross target volume (GTV) that encompasses the visible parts of the tumor. 

Around the GTV, a margin is drawn to account for the microscopic spread of 

tumor cells not visible on the images to form the clinical target volume (CTV). 

A second margin is added to allow for target motion, creating the internal tar-

get volume (ITV). To also allow for uncertainties in patient positioning on the 

imaging and treatment couches a final margin is added to form the planning 

target volume (PTV), which in the CRT process is in most cases used as the 
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target for dose prescription. In CRT, a homogenous dose is most often pre-

scribed to the tumor, but indications exists that could motivate spatial differ-

entiation of the dose based on functional imaging, in a technique known as 

dose painting by numbers (DPBN) (Bentzen, 2005, Tanderup et al., 2006). In 

dose painting, a PTV is not useful, and other techniques to ensure target cov-

erage with respect to positioning uncertainties must be used. In paper IV we 

describe a proton DPBN planning study. 

Following the target definitions, beam directions and shapes to effectively 

irradiate the target needs to be optimized in the TPS.  It is common practice 

that multiple beam directions are used in a crossfire approach to concentrate 

the radiation to the target and thus reduce damage to nearby healthy tissues. 

An example of a photon dose distribution and the volumetric arc therapy 

(VMAT) delivery technique in which the beam is incident on the target from 

all sides, is shown in Figure 2.  

 

Figure 2: A CT image of a prostate cancer case illustrating the application of the GTV 
(black), CTV (red), ITV(green) and PTV(blue). The dose is concentrated in the target 
areas, with a lower dose given to the surrounding tissue, through a crossfire technique 
known as volumetric arc therapy (VMAT) using photon beams.  

1.2 Particle therapy with proton beams 

The most commonly used charged particles in PT are protons. To reach the 

intended targets, the protons need to be accelerated to sufficiently high ener-

gies (e.g. 230 MeV protons have a range of around 32 cm in water). The beam 

is transported from the accelerator to the treatment room through a beamline 
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system, ending with a nozzle, which can be mounted on a gantry that can rotate 

around the patient. 

Compared to the target size, the width of the proton beam emerging from 

the nozzle is small. Proton therapy facilities use different delivery techniques 

to ensure full target coverage. The oldest technique is called passive scatter-

ing, in which the narrow beam from the beamline pass through a set of mate-

rials to scatter and thus widen the beam to cover the target. 

Pencil beam scanning, illustrated in Figure 3, is the more common tech-

nique at newer sites. Scanning magnets are used to steer the beam laterally, 

effectively painting the target with protons. In depth, the accelerator and 

beamline deliver protons of energies such that the protons stop at appropriate 

ranges. To accurately model a clinical beam in the TPS, the characteristics of 

the beam must be adequately described, which is the subject of paper I. 

 

Figure 3: Illustrating the pencil beam scanning technique. The scanning magnets de-
flects the narrow beam laterally, covering only a part of the target at any given time 
during irradiation. Adapted from (Wang, 2015). 

1.3 Radiobiological aspects  

1.3.1 RBE and proton therapy 

The biological effect, in terms of tumor response per dose, differs for different 

types of radiation which complicate comparisons between treatment plans and 

dose distributions. Given the large amount of clinical data gathered in CRT it 

would be beneficial to apply these also for PT to allow direct comparisons of 

PT and CRT treatment plans as well as efficient patient selection between 
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CRT and PT. The concept of relative biological effectiveness (RBE) has been 

introduced to quantify the difference in dose needed to achieve the same level 

of specified biological effect between two radiation qualities.  

For clinical proton therapy the standard is to assume, as recommended by 

the ICRU (ICRU, 2007), that RBE 1.1  (see e.g. review in Paganetti et al., 

2002), i.e. that protons are 10% more efficient in cell sterilization than the 

photons used in CRT, regardless of tumor or tissues type and given dose. 

However, the RBE is known to vary, depending on several factors such as 

stopping power of the incident particle, type of particle, tumor type, and dose 

(see e.g. review in Paganetti, 2014). Accurate modelling of the RBE is im-

portant, which is the topic of paper II and paper III. 

1.3.2 Tumor response variability 

Spatial variation in tumor dose response may explain the poor response to ho-

mogeneous dose radiation therapy observed for some patients (Toma-Dasu et 

al., 2012). The tumor cell density can vary as result of various proliferation 

rates, and with higher cell density, a larger dose is required to achieve tumor 

control in that area (Ebert and Hoban, 1996). In some areas of the tumor, hy-

poxia may occur due to insufficient and blocked vasculature (Lindblom et al., 

2014). Hypoxia is associated with reduced radio sensitivity, since oxygen may 

fixate free radical induced DNA damage. The lack of effective tools to map 

the spatial variation of dose response has resulted in a practice of prescribing 

a homogeneous dose to targets, since if all parts of a tumor have equal dose 

response, it has been proven that the most effective dose distribution is also 

homogenous (Webb et al., 1994). 

However, functional imaging might indirectly be used to assess spatial dose 

response variations. PET tracers exist that can map physiological processes 

such as cell glucose metabolism (PET-FDG) (Reske and Kotzerke, 2001)  or 

cell hypoxia (PET-FMISO) (Padhani et al., 2007). Paper IV describes a proton 

DPBN planning study where we use such a 3D map to optimize the dose dis-

tribution, based on previous work on the correlation between the functional 

image signal and tumor recurrence (Grönlund et al., 2017, Grönlund et al., 

2019).  

1.4 Aim of the thesis 

In this thesis we have investigated a couple of techniques to optimally exploit 

the varying dose response of cells and tissue due to both the physical proper-

ties of the beam as well as from the biological properties of cells. A tool for 

the study of the physical properties in the form of a beam model is described 

in paper I. The varying biological effectiveness of particles is addressed with 

a RBE model, and is described in papers II and III. More specifically, we asked 
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whether it is possible to develop a more accurate phenomenological RBE 

model, using physical variables from both nano- and microdosimetry and al-

lowing for a more complex parametrization. The resulting model is then com-

bined with a DPBN dose prescription model (Grönlund et al., 2017, Grönlund 

et al., 2019) in a proton DPBN planning study where we investigated whether 

it might lead to better outcomes in terms of elevated TCP values and reduced 

doses to OARs. 
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2 Proton therapy 

In this chapter the physics of proton interactions with matter are described. 

The shape of the proton depth dose curve, discussed in section 2.1, is an im-

portant reason why protons are an attractive alternative to photons in RT.   A 

short description of Monte Carlo (MC) particle transport is also included, as 

this is used as a basic tool in papers I, II and III. 

2.1 The proton depth dose curve 

The shape of the proton depth dose curve is primarily determined by two quan-

tities: stopping power and particle fluence. The stopping power of a particle is 

defined as the average energy loss of the particle per distance traversed in a 

medium. The main mechanism behind this energy loss is momentum transfers 

to atomic electrons through Coulomb field interactions. Stopping power in-

creases as the particle slows down; the slower it moves, the more time it 

spends in the vicinity of an atomic electron, allowing for greater momentum 

transfers.  

The particle fluence is a measure of the number of particles per beam area. 

In contrast to photons, the proton fluence remains relatively constant until the 

average range pf the protons is reached. Figure 4 illustrates the distributions 

with depth of stopping power, dose and fluence for a beam of protons of mean 

kinetic energy 150 MeV in water. Hadronic interactions are ignored; had they 

been included, there would be a continuous decrease in fluence with depth, 

resulting in a reduced dose peak height. At 250 MeV the magnitude of this 

reduction is 35% (Medin and Andreo, 1997). In Figure 4, the relative fluence 

is constant until a depth of about 15 cm. At this depth, the relative fluence de-

creases rapidly as the protons run out of kinetic energy. The slope of the fluence 

at the end is due to range straggling. At the same time, the stopping power 

increases, causing an increase in the dose. The shape of the peak, known as the 

Bragg peak, derives from both the rapid increase in stopping power and the 

fluence decrease. Since typical targets have a longitudinal extent larger than a 

single Bragg peak can cover, a superposition of several Bragg peaks from 

beams of different energies is needed to create a so called spread out Bragg 

peak (SOBP) to cover the tumor. This is demonstrated in Figure 5, showing a 

homogenous dose for a SOBP with a longitudinal extent of 4 cm. 
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Figure 4: The stopping power, relative fluence and depth dose distributions of an ini-
tially monoenergetic 150 MeV proton beam in water. Hadronic interactions are ig-
nored; if they were included, the peak height of the depth dose distribution would be 
reduced. 

Figure 5: (blue) A proton SOBP built up of 14 -monoenergetic beams suiting a target 
from 8 to 12 cm from the beam entrance.  
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2.2 The physics of proton therapy 

As protons traverse media, they will interact with the media through a number 

of ways, the most important being: 

1. Inelastic interactions with the Coulomb field of atomic electrons 

2. Elastic interactions with the Coulomb field of atomic nuclei  

3. Hadronic interactions 

The average distance traversed in between interactions is known as the mean 

free path (MFP). Low energy light ion particles can have MFPs on the order 

of a few nm, increasing the likelihood of nearby interactions with both strands 

of the DNA double helix (which has a width of around 2 nm), yielding high 

biological effect per dose. 

2.2.1 Inelastic interactions with the Coulomb field of atomic 

electrons 

The by far most common process at clinically relevant energies (up to 250 

MeV) is inelastic interactions with the Coulomb field of atomic electrons. 

These occur with a MFP on the order of 100 nm for the most energetic protons, 

decreasing to just a few nm as the protons come to rest. The collisional stop-

ping power is defined as the energy lost by the proton per distance traversed 

though interactions with atomic electrons. Due to the frequency of this type of 

interaction, it is to good approximation the total stopping power. It is im-

portant to stress that the collisional stopping power describes the average en-

ergy loss. Two protons traversing the same distance in a medium will not lose 

the same amount of energy because the energy loss events are stochastic, caus-

ing what is known as energy straggling. Energy straggling gives rise to range 

straggling, such that the protons in an initially mono-energetic beam will have 

different ranges in the media.  

The orbital electrons involved in the interactions can be excited to a new 

orbital level, or ejected from its orbit altogether, leading to the ionization of 

the atom. Due to the large mass difference between protons and electrons, the 

maximum transferrable energy to an electron is a small fraction of the kinetic 

energy of the proton (Newhauser and Zhang, 2015). The energy distribution 

of the secondary electrons is heavily skewed towards low kinetic energies 

(Vera et al., 2018). The CT images used for treatment planning have a resolu-

tion on the order of a few mm, which is longer than the vast majority of sec-

ondary electron ranges. Therefore, electron transport is normally neglected in 

proton therapy treatment planning. 

The energy carried away by secondary particles does not necessarily equal 

the energy transferred locally to the medium in form of excitations and ioni-

zations. To handle this, a related quantity, linear energy transfer (LET) is used 
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to emphasize the energy transferred to the medium. Along with LET, a thresh-

old energy   may be introduced such that LET equals all energy lost by the 

stopping particle in collisions resulting in secondary particles with kinetic en-

ergy less than .  If    then elLET S , also known as the unrestricted 

LET. 

2.2.2 Elastic interactions with the Coulomb field of atomic 

nuclei 

Elastic interactions with the Coulomb field of atomic nuclei generally lead to 

negligible energy loss for incident protons.  On the other hand, it can yield 

significant angular deflection. This is described by Rutherford scattering, for 

which the probability that the incident particle scatters in an angle   relative 

its incident direction of travel is proportional to 4sin ( / 2)  (Newhauser and 

Zhang, 2015). Thus the scattering is heavily skewed toward small angles. 

However, the effects of these scattering events accumulate. For a beam of in-

itially monodirectional particles propagated through a medium, the longer the 

distance traversed, the greater the variance in the angle of travel relative the 

initial direction of the particles. The variance of the spatial distribution of the 

particles also increases as a result.  

2.2.3 Hadronic interactions 

The proton mean free path between hadronic interactions in water is around 

60-100 cm in the [0,200] MeV interval (Vera et al., 2018); most protons in 

clinical applications therefore never undergo hadronic interactions. Neverthe-

less, the large impact of hadronic interactions on the incident particle necessi-

tates considering them for dose calculations. The interactions occur when an 

energetic proton penetrates a nucleus. This requires the penetration of the Cou-

lomb barrier. For oxygen, this is around 8 MeV (Newhauser and Zhang, 2015).  

The effect of hadronic interactions is the removal of primary protons from 

the beam, replacing them with secondary protons or heavier particles such as 

neutrons, deuterium, tritium or alpha particles with very short track lengths. 

The secondary protons and neutrons give rise to  a low dose halo surrounding 

the primary beam (Gottschalk et al., 2015). The heavier particles have so short 

ranges that for dose calculation purposes their energy can be considered lo-

cally deposited (Fippel and Soukup, 2004). Given the very short MFP of these 

heavy secondary particles, they are densely ionizing with high RBE and can 

therefore be important in RBE modelling. The extent of which particles 

emerging from hadronic interactions impact parameters derived from cell sur-

vival experiments is discussed in paper II. 
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2.3 Particle transport and Monte Carlo 

Dose calculation algorithms can be divided into deterministic and stochastic 

algorithms. Deterministic algorithms are normally formulated analytically and 

hence relatively fast. They can provide sufficient accuracy for many therapeu-

tic applications (Petti, 1992, Hong et al., 1996, Gottschalk, 2018). However,  

in heterogeneous media, stochastic Monte Carlo (MC) simulations of the par-

ticle transport performs better (Tourovsky et al., 2005). These algorithms use 

random numbers to sample the interaction cross sections to get the probability 

for a given interaction to take place as a function of particle, energy and me-

dium.  

Event-by-event MC, also known as track structure MC, sample all interac-

tions individually (Nikjoo et al., 1998). This can be very time consuming; 

transporting a single 10 MeV proton one mm in water entails hundreds of 

thousands of interactions by the proton alone, not considering all the interac-

tions of the secondary electrons. Track structure MC is important in nano-

dosimetry and microdosimetry, which we will further describe in chapter 3. 

Implementations of track structure MC for particle transport include Geant4-

DNA (Incerti et al., 2010a, Incerti et al., 2010b, Bernal et al., 2015, Incerti et 

al., 2018) and KURBUC (Nikjoo et al., 2016). 

Even with recent gains in computing power, the track structure MC de-

scribed above is still too slow for clinical applications. Instead of considering 

each and every single interaction, many interactions can be grouped into 

transport steps; utilizing this approach for particle transport simulations is 

known as condensed history Monte Carlo (Berger, 1963, Matthes, 1981). Im-

plementations of the condensed history MC include FLUKA (Battistoni et al., 

2016), MCNPX(Waters et al., 2007) and Geant4 (Agostinelli et al., 2003). An 

integral part of condensed history MC are MCS (Multiple Coulomb Scatter-

ing) theories pioneered by Moliere (Bethe, 1953) Lewis (Lewis, 1950) and 

Fermi-Eyges (Eyges, 1948). Fermi-Eyges theory derive Gaussian distribu-

tions for the angular and spatial distributions of the particles in a particle beam, 

and is able to predict the variances of these. The Fermi-Eyges theory is used 

for the development of the beam model presented in paper I. 

2.4 The Skandion beam model (paper I) 

If particle beam properties can be described at a given point, a particle 

transport engine could then simulate the beam propagation from that point 

through a given geometry. Such a description of the beam properties is known 

as a beam model. The degrees of freedom for a particle is five-dimensional, 

describing the lateral position, the polar and azimuthal angles and the energy.  
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The emergent narrow beam from the beam line will have a certain variance 

in its kinetic energy (hence quasi-monoenergetic), spatial and angular distri-

butions. These effect the resulting dose distributions and must be modelled 

accurately. The success of an earlier study (Grevillot et al., 2011) for a similar 

IBA (Ion Beam Applications, Louvain-la-Neuve, Belgium) Proteus® Plus 

pencil beam scanning system to the one at the Skandion Clinic (Uppsala, Swe-

den) motivated our strategy for designing a beam model for the latter, follow-

ing the Fermi-Eyges approach for implementation in the MC code GATE (Jan 

et al., 2004). In this approach the Fermi-Eyges parameters effectively function 

as an approximation of the beam phase space at the exit of the nozzle.  The 

input consists of measured depth dose curves in water and beam profiles meas-

ured in air, both for a range of energies. As a metric of the size of the beam 

we used the spot size, defined as the standard deviation of the lateral distribu-

tion of protons.  

Due to Rutherford scattering as well as hadronic interactions, there will be 

a larger number of particles at greater distances from the central beam axis 

than predicted by a single Gaussian distribution. However, the beam scanning 

nozzles at the Skandion Clinic has a water equivalent thickness (WET) of 

around 2 mm which enabled us to neglect the halo generated upstream of the 

nozzle exit. 

Beam profile measurements near the nozzle exit was difficult to carry out. 

Therefore these were supplemented with spot sizes from the irradiation system 

log files that contain readings from a stripped ion chamber at the nozzle exit. 

Using the spot size as calculated from the beam profile air measurements and 

these log file data, the spot size variation with air depth can be found by a least 

square fit of the Fermi-Eyges model for each energy as visualized in Figure 6.  

The energy variance of the beams was determined by varying it at the noz-

zle exit in GATE until the shape of the GATE simulated depth dose curves 

matched the shape of the measured ones. The matching was performed by 

comparing the depth of the proximal 50, 60 and 70% dose, as well as the distal 

80%, along with the dose deviation in the plateau region.  A comparison be-

tween measured and simulated depth dose curves are shown in Figure 7. 
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Figure 6: The spot size variation along the cardinal axes x (red) and y (blue) for a 
proton beam of mean energy 70 MeV vs air depth. The dots with error bars marks 
measured data points, while curves indicate the Fermi-Eyges approximation of spot 
size variation in air. Adapted from Paper I. 

Figure 7: Depth dose curves for protons of mean kinetic energies 80, 140 and 180 
MeV respectively. (blue) Measured at the Skandion clinic. (red) Simulated in GATE. 
Adapted from Paper I. 
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3 Microdosimetry and nanodosimetry  

Absorbed dose is a deterministic quantity that describes the average energy 

imparted per mass. This is a useful quantity on macroscopic scales correspond-

ing to the human anatomy. However, the sterilization of cells and causing dam-

age to DNA involves objects that are much smaller with large variance in the 

distribution of energy imparted. At these scales microdosimetric and nanodosi-

metric quantities are more useful. Earlier work (Villegas et al., 2016, Villegas 

et al., 2018) showed promise in utilizing such quantities for RBE modeling. 

Due to the importance of these in the nanoCluE RBE model (Paper III, de-

scribed in section 4.5), a brief introduction will be provided in this chapter. 

3.1 Microdosimetry 

The goal of curative radiotherapy is to sterilize all tumor cells but the voxels 

used for dose calculation is millimeter sized, each containing on the order of 

billions cells. Unlike absorbed dose, the corresponding microdosimetric quan-

tity, specific energy, is a stochastic quantity. If a volume V of mass Vm  is 

irradiated by a beam of quality Q such that the beam imparts a certain amount 

of energy Q,V  in V, the specific energy z  is defined as (ICRU, 1983) 

Q,V

V

z
m


     (1) 

Each time V is exposed to a beam of quality Q, a slightly different amount of 

energy Q,V will be imparted. The absorbed dose D is defined as the mean spe-

cific energy z   

0
lim .
Vm

D z


     (2) 

The average specific energy 
Fz  deposited in the volume per event can be used 

as a measure of the beam quality Q. An event is defined as the energy deposi-

tions in the volume caused by a primary particle and all its secondaries.  We 

define 
Fz  as 

 1

0

( )dFz zf z z



             (3) 
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in which 1( )f z  is the probability that exactly one event will deposit z  spe-

cific energy.  The probability that  events will impart specific energy z , can 

be determined if each event is assumed to be independent using a recursive 

convolution formula  

  

1 1

0

( ) ( ') ( ')d '.f z f z f z z z 



     (4) 

   

If the size and shape of the sensitive target of cell is known, 1( )f z can be found 

by e.g. simulation or through experiment. It can then be used to derive the 

spread in specific energy deposited in a target’s volume using the dose de-

pendent frequency distribution (Kellerer and Chmelevsky, 1975)  

     
0

( ; ) e ( )
!

n n
f z D f z

v











                                                    (5) 

which is a Poisson distribution weighted sum of the number of events  that 

deposits energy in a the volume with average number n  and specific energy 

frequency distributions ( )f z . The average event number is derived from the 

dose as / Fn D z . At higher doses D, n  becomes large and Eq. (5) resembles 

a normal distribution.  

An example is shown in Figure 8 for a spherical water volume and proton 

beams of 90 and 10 MeV. A much larger spread is apparent for the lower 

energy proton beam, due to the lower value of n  and the larger variance of

1( )f z .  For the higher energy beam, almost all volumes would receive a spe-

cific energy of 2 0.4 Gy ,  which is not true for the lower energy beam. 
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Figure 8: The dose dependent frequency distribution for 90 MeV and 10 MeV protons, 
respectively, with a mean dose of 2 Gy, for a water sphere with a diameter of 4 μm. 
Based on data generated with Geant4-DNA. 

For LET and stopping power, the corresponding microdosimetric quantity is 

the lineal energy y. It is defined as the energy deposited Q,V in a volume V, 

divided by the mean chord length of that volume 
Vl  

Q,
.

V

V

y
l


     (6) 

A variant of the lineal energy, ,MIDfy , was introduced by Villegas et al. (2018). 

The  is defined as the mean lineal energy for a sphere of a diameter Qd

, such that the single event specific energy of a beam of quality Q is equal to 

the mean inactivation dose (MID) for that sphere. The mean inactivation dose 

is cell specific. This provides some basis for defining a volume of interest , 

since all microdosimetric quantities depend on a volume. We will make use 

 and related quantities in paper III. 

Microdosimetry proved to be successful in its ability to predict the number 

of chromosomal aberrations due to irradiation by beams of various radiation 

qualities. Microdosimetric quantities are also used in the nanoCluE RBE 

model (paper III). An important theoretical work in microdosimetry was the 

theory of dual radiation action (Kellerer and Rossi, 1972), which can be used 

to derive the linear quadratic survival formula (described in chapter 4).  How-

ever, with further work it was found that knowledge of energy deposition in 

terms of specific energy in cells might be insufficient to predict the cellular 

response to ionizing radiation. This gave an impetus to the development of 

nanodosimetry. 

 

,MIDfy

,MIDfy
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3.2 Nanodosimetry 

Kellerer et al. (1980) performed an experiment in which cells were exposed 

to either a single helium ion, or two deuterium ions. The mean specific energy 

deposited in the cells was the same. Quantifying the cellular responses in 

terms of the LQ  parameter, the latter was found to be twice as high for the 

single helium ion compared to the two deuterium ions. This was consistent 

with the generalized theory of dual radiation action (Kellerer and Rossi, 1978). 

This updated theory made use of proximity functions, which effectively ne-

cessitated knowledge of the energy deposition patterns on yet smaller scales 

than the typical cell size of a few μm diameter.  

It is now generally assumed that damage to the DNA molecule is a domi-

nant mechanism behind ionizing radiation cell sterilization (Goodhead, 1994, 

Goodhead, 2006). The DNA helix has a diameter of approximately 2 nm. 

Damage to both strands of the DNA helix within a few base pairs is known to 

cause double strand brakes (DSB), which are still relatively easy for cells to 

repair. Clustering of energy depositions may lead to several DSBs within a 

small volume, and these more complicated DSBs are more likely to lead to 

cell sterilization (Khanna and Jackson, 2001) due to failed repair.  

Cluster of EDs is a central concept in nanodosimetry. One definition that 

has been proposed (Villegas et al., 2016) defines a cluster of cluster order 

(CO) v  as v  EDs such that the largest distance between each ED to its nearest 

neighbor is less than a characteristic distance cd . This definition is used for 

RBE modeling in paper III. An advantage to this definition is that it has no 

dependence on a predefined volume. The frequency of cluster order distribu-

tion, CO,Qf provides the frequency of the number of clusters of order CO 

caused by a beam of beam quality Q, per energy deposited. If cd is chosen to 

be similar to the length of the diameter of the DNA helix, it is hypothesized 

that beam qualities that cause many large clusters also cause more complicated 

DSBs, and hence more cell sterilization. 

Another definition of  a cluster is as the number of EDs in a pre-defined 

volume (Grosswendt, 2006). This definition of cluster makes the latter a more 

readily measurable quantity, although it introduces a dependence on the vol-

ume. 

Figure 9 shows the distribution of EDs from a single carbon ion and proton 

track, with energies of 20 MeV/amu and 10 Mev/amu, respectively. It is ob-

vious that the carbon ion track generates a more large clusters of EDs, increas-

ing the probability of generating complicated DSBs that are difficult for cells 

to repair. Given that each ED represents roughly the same amount of energy 

deposited, the single carbon ion track also deposits a larger amount of energy 

per distance traversed. To ensure constant dose in a region, such as a target, 

the carbon ion fluence would thus be smaller than the proton fluence.  
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Figure 9: A proton (red) and a carbon ion (blue) track, propagated through water. Each 
sphere marks an ED.  Data generated with Geant4-DNA.  
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4 Radiobiology and RBE modelling 

In radiation therapy, we prescribe a dose because we want a certain biological 

effect. Dose is in this sense a surrogate for a biological effect. Unfortunately, 

biological effect is not only determined by dose, as this chapter will hopefully 

make clear.  

4.1 The linear quadratic model 

A basic question in radiobiology is the following: what is the dose response 

of a biological system? This depends on the endpoint. Experimentally, for sev-

eral biological endpoints, such as the yield of chromosomal aberrations,  the 

fraction of surviving cells or induced toxicity, a linear quadratic (LQ) dose 

response has been observed (Kellerer and Rossi, 1971, Chadwick and 

Leenhouts, 1973). For instance, the number of surviving of cells surviving 

after irradiation with a dose D is parametrized as 
2

SF e D D       (7) 

where   and   are parameters that depend on the type of cell. The  pa-

rameter also depends on the radiation quality, whilst the evidence for variation 

with radiation quality of the  parameter is weaker. Examples of survival 

curves for the V79 cell line, with   and   taken from the literature, are 

shown in Figure 10. 
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Figure 10: LQ parametrizations of survival curves for three different beam qualities 
for the V79 cell line. 

It is evident from the form of Eq. (7) that at higher doses, the 
2D  term dom-

inates. The dose D  for which the D  and 
2D  terms contribute equally to 

the survival fraction is the /   ratio. A high /  -value indicates a simple 

exponential cellular dose response. A low /  -value indicates an increasing 

radiosensitivity with dose. 

4.2 Experimental determination of LQ parameters 

In order to be able to parametrize the dose response, it is important to obtain 

values of the LQ-parameters for a wide range of cell lines and radiation qual-

ities. They can be determined through clinical studies of tissue response to 

various doses or through in vitro studies. 

Data provided by the latter technique is often used for RBE modeling. Cell 

survival assays are performed through plating a number of cells in a growth 

medium, allowing the cells to multiply after irradiation. To ascertain sufficient 

statistics a number of platings is required per dose level. For charged particles, 

to obtain the necessary energy at the upstream face of the cells, a slab of de-

grading material can be used, which for higher energies will lead to heavy 

secondary contamination of the beam (as discussed in paper II). An alternative 

technique to achieve low energies for heavy charged particles is the use of a 

van der Graaf generator (Herb et al., 1935). By fitting Eq. (7) to the obtained 

survival fractions, the   and   parameters can be determined per beam qual-

ity and cell line. 
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The cell survival assay is complicated. Accurate and precise dosimetry is 

important (Desrosiers et al., 2013). Especially for protons, significant atten-

tion has been given to experiments with very low (<10 MeV) energies. The 

range of protons in water for such energies is <1 mm and small setup errors 

may have a large impact on dosimetry and the actual energy of the protons at 

the upstream surface of the cells.  

There is no established consensus on what metrics should be used to specify 

the beam quality for cell survival studies. Most studies report a LET value, 

although the method with which it has been determined is not always speci-

fied. Whether heavy secondary particles, generated through hadronic interac-

tions in the beam delivery system or in the target cell assembly, were taken 

into account is rarely reported,  even though the inclusion of such particles 

may have a significant impact on the resulting LET value (Grzanka et al., 

2018).  

The inconsistencies in beam quality specification is a problem for LQ-pa-

rameter modelling in which a beam quality metric is used as an independent 

variable. This, along with the heavy secondary particle contamination issue 

mentioned above, is the subject of paper II. 

4.3 Radiobiological impact of heavy secondary 

contamination on proton LQ parameters (Paper II) 

Before the final implementation of the nanoCluE model (see section 4.5), we 

undertook a study analyzing the possible impact of the uncertain conditions of 

heavy secondary particles in the published experimental data we intended to 

base the model on. First we investigated the expected increase in RBE due to 

heavy secondary particle buildup. Furthermore, the literature was reviewed to 

understand what kind of LET values that were reported and to what extent 

effects of heavy secondary particles might have been included. Finally, the 

expected difference in RBE whether secondary protons were included in the 

LET calculations or not was estimated with the nanoCluE RBE model. 

A parametrization of RBE vs LET was obtained by fitting the published 

data (Sørensen et al., 2011) to a simple formula.  The parametrization was 

implemented in Geant4 as a tool for simple RBE estimates as a function of 

LET, independent of particle type. In Geant4, a proton mono-directional point 

source of mono-energetic protons was used to radiate a water phantom in 

which the RBE was scored based on LET. Four kinetic energies (100, 150, 

200 and 250 MeV) of the incident protons were considered.   

The increase in RBE reached a plateau within 2 mm for all four considered 

energies. This suggests that very little degrading material is necessary for a 

full buildup of the radiobiologically important secondary particles, and there-

fore, measurements making use of a degrader of more than a few mm buildup 
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will fully include the effects. The literature review revealed that most of the 

studies employing higher (> 20 MeV) proton energies made use of degrader 

thicknesses larger than necessary for a full RBE buildup. For lower energies, 

interactions yielding heavy secondaries are negligible. The conclusion is thus 

that the presence of heavy secondary particles is included and should note ex-

plicitly added in the modelling to avoid being considered twice. Consequently, 

the reported LET values are somewhat lower than the actual ones.  

Furthermore, while some publications did not provide any details on how 

LET was calculated, most who did considered only primaries, or at most, sec-

ondary protons. To investigate the effects of secondary protons, the nanoCluE 

RBE model was implemented in Geant4, and the RBE was calculated for an 

SOBP twice; once without taking secondary protons into account for LET cal-

culations, and once with taking them into account. The difference in RBE was 

at most 2%, occurring in the plateau region; in the SOBP the difference was 

on the order of 1%.  

In conclusion, published    and  already take into account heavy sec-

ondary particles. Ignoring secondary protons in LET calculations has a small 

impact on RBE. This means that considering only primary protons for LET 

calculations for RBE is sufficient.  

4.4 RBE modelling 

Since    and, and possibly  , differ not only between cell or tissue types but 

also between radiation qualities, comparing treatment plans using different ra-

diation qualities is complicated. Furthermore, extensive clinical studies in 

CRT has provided us with extensive knowledge on the dose needed to achieve 

control for various tumor types, as well as the dose tolerance of surrounding 

organs at risk (OAR). Thus, to fully use the vast knowledge of tumor and nor-

mal tissue dose response from CRT also for particle therapy, accurate predic-

tion of RBE is necessary.  

Given a reference radiation R and a radiation quality of interest Q, the RBE 

is defined as 

R

Q

RBE
D

D
   (8) 

where RD  and QD  are the doses from radiation R and Q respectively that 

yield the same level of a specified biological effect. For cell studies, this bio-

logical effect is typically cell survival. In radiation therapy, functional end-

points of normal tissue, such as organ failure, are also important biological 

effects. 

For protons, RBE is known to be close to unity for higher kinetic energies, 

but could reach as high as 3 for lower energies (Folkard et al., 1989). Despite 
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this, a fixed value of RBE=1.1 is the current standard (ICRU, 2007, Paganetti 

et al., 2019). Several studies have suggested the importance of taking into ac-

count RBE variation during treatment planning (Tilly et al., 2005, Wedenberg 

and Toma-Dasu, 2014, Jones, 2016, Ödén et al., 2017a,  b). For carbon ions 

the RBE variation is larger than for protons, requiring its modeling in clinical 

treatment planning. 

One of the arguments for not yet adopting variable RBE models for protons 

is the uncertainties in the experimental data, and hence in any model based on 

such. Extensive clinical experience with RBE=1.1 suggests using a constant 

RBE is not a gross simplification. Nevertheless, with growing numbers of pa-

tients receiving proton therapy, even small improvements may prove im-

portant. In some cases, such as for tissues/tumors with low /  -ratios or 

low doses (Tilly et al., 2005, Paganetti et al., 2019), which both generally lead 

to elevated RBE values, a varying RBE is more important to consider. Close 

to the end of the particle range where LET is high, RBE is also higher than in 

the entrance channel. Knowing this may actively influence decisions in treat-

ment planning since optimization is performed assuming RBE is a constant.  

Based on the LQ formalism, the RBE for a tissue T, beam quality Q, and 

reference beam quality R can be expressed as a function of QD ,  
R,T

/   

max,T Q,T R,TRBE /  (Dale and Jones, 1999)  and 

min,T Q,T R,TRBE /   (Carabe-Fernandez et al., 2007) as 

 

2
2

Q max,T Q min,T
R,T R,T R,T

T
Q

- 4 RBE 4 RBE

RBE = .
2

D D

D

  

  

     
           

     
 

 (9) 

With QD  and  
R,T

/    given, a variable RBE model thus needs to com-

pute max,TRBE   and min,TRBE  . Modelling max,TRBE   may be sufficient 

since it is questionable to which extent min,TRBE depends on Q (Karger and 

Peschke, 2018, Rørvik et al., 2019). Assuming min,TRBE 1  is thus reason-

able (Tilly et al., 2005, Wedenberg et al., 2013). A common choice as beam 

quality descriptor is LET (Rørvik et al., 2018).   

During treatment planning we would want to know the RBE for each voxel, 

the smallest region for which dose calculations are performed in a TPS. With 

an RBE dependence on LET assumed, we face the problem of multiple LET 

values within each voxel due to the superposition of Bragg peaks in the form-

ing of an SOBP, and energy straggling. Two methods are most commonly 
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used to assign an average LET value to the voxel. These are the fluence 

weighted  

 0

0

( )LET( )d
LET

( )d

E E E

E E



 









  (10) 

and the dose weighted 

 0

0

( )LET( )d
LET .

( )d
D

D E E E

D E E








  (11) 

where ( )D E , ( )E and LET( )E  is the dose, fluence and LET of  particles 

of  energy E , respectively.   If one assumes, as does several RBE models for 

protons (Rørvik et al., 2018), a linear relation between LET and Q,T , i.e. 

Q,T LETa b     and that   is independent of LET, the survival fraction 

of the voxel is
2

Q,T,vox

voxSF
d d

e
  

  where Q,T,vox LETDa b   . For non-

linear relations between Q,T and LET, this does not hold.  

The advantage of using LET as beam quality descriptor is that it is a phys-

ical quantity which any TPS, in theory, should be able to compute. Some mi-

crodosimetric and nanodosimetric quantities of interest, which might more ac-

curately map onto mechanisms causing cell death, do not however vary line-

arly with LET, as explored in paper III. This suggests a possible framework 

for RBE-modelling in which quantities from microdosimetry and nanodosim-

etry are used in a multiscale approach to model RBE, which will be the scope 

of the next section.      

4.5 The nanoCluE model and its implementation 

(Paper III) 

The aim for the development of the nanoCluE RBE model was to investigate 

whether there is a potential to increase RBE modelling accuracy by using a 

more extensive multiscale approach. An earlier study (Villegas et al., 2016) 

shows that the nanodosimetric frequency distribution of cluster order CO,Qf  

(see section 3.2) could be used as a base to predict the RBE for at least a dis-

crete number of beam qualities and a particular cell line (V79). In a more re-

cent work by Villegas et al. (Villegas et al., 2018), a variant of a microdosi-

metric quantity, the mean lineal energy, ,MIDfy  was introduced. It shows 

particle-independent properties suggesting its suitability for use as a beam de-

scriptor in RBE modelling. We thus considered an RBE model combining 

nanodosimetric and microdosimetric quantities from the initial ansatz  
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where the ratio Q,T R,T/   is modelled by a function  ( , , )q n b , with n  be-

ing a variable based on the nanodosimetric CO,Qf ,  a variable based on mi-

crodosimetry and  
R,T

/b   . Both n  and  were expressed as functions 

of stopping power to ease implementation in a TPS. The function ( , , )q n b

was fitted to a learning set of Q,T R,T/  -values for various tissues and beam 

qualities. Different variants of  was tested in order to find one that yields the 

best quality of fit. In line with some earlier studies (Tilly et al., 2005, 

Wedenberg et al., 2013) we assumed that RBEscales with the inverse of the 

LQ parameter ratio  
R,T

/  . 

The nanodosimetric quantity was with small modifications the same as in 

(Villegas et al., 2016). For the microdosimetric quantity  , a number of dif-

ferent quantities based on (Villegas et al., 2018) were considered, also includ-

ing LET. Basic track structure data consisting of the coordinates for simulated 

EDs were therefore generated for a set of proton and carbon ion beam qualities 

using Geant4-DNA to generate the necessary parameters 

We tested several algebraic forms of ( , , )q n b from simple linear forms to 

a full multiparameter quadratic function to find the best goodness of fit. Good-

ness of fit was evaluated in terms of an adjusted R2, which will penalize the 

addition of additional parameters, biasing the result in favor of as few param-

eters as possible. The final form of ( , , )q n b  yielding the best fit was the full 

quadratic equation, except for the squared  -term. The microdosimetric 

quantity yielding the best fit was Qd , defined as the size of a diameter of a 

water sphere for which MIDFz   where MID is the mean inactivation dose 

for a beam of quality Q. 

The resultant model was evaluated against the learning set using a leave 

one out procedure. For each data point in the learning set, the model was re-

fitted without that particular data point. The model was then evaluated for that 

data point. Model values for max,TRBE  and 2GyRBE  were subsequently cal-

culated. By comparing to the experimental values for these quantities, residu-

als and the RMSE (Root Mean Square Error) were calculated. For protons, the 

results were compared with the McNamara (McNamara et al., 2015) and 

Tilly-Wedenberg (Wedenberg et al., 2013) models. For carbon ions, the re-

sults were compared with the RMF (Carlson et al., 2008) and mMKM 

(Inaniwa et al., 2010) models. An RMSE for these models were also calcu-

lated in turn, but the leave one out procedure was not performed. 
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Figure 11: Residuals after evaluating the nanoCluE and compared models against the 
learning set for RBEmax,T. (left) Protons. (right) Carbon ions .The nanoCluE model 
was evaluated using the leave one out procedure. Figure adapted from Paper III. 

For protons, the nanoCluE model yielded a slightly higher RMSE than the 

other considered phenomenological RBE models for protons for max,TRBE  

(shown in Figure 11) and 2GyRBE . All three proton models yielded lower 

RMSE than the  RBE=1.1 model for 2GyRBE . The inability of nanoCluE to 

improve upon the other models may be due to uncertainties in the experi-

mental data, suggesting that there may be little merit in attempting more com-

plicated functions for protons, and which may pose a limit to further develop-

ment of phenomenological proton RBE models. 

For carbon ions, nanoCluE gave lower RMSE scores than either RMF or 

mMKM, both for max,TRBE and 2GyRBE .  For carbon ions, thus, there seems 

to be some potential gain in the nanoCluE multiscale approach, which war-

rants further study. 

The nanoCluE model was implemented in the RayStation TPS for protons, 

and a SOBP calculated as shown in Figure 12. RBE varies as expected, i.e. 

relatively constant throughout the plateau region of the SOBP, but increasing 

toward the distal edge of the SOBP. The same RBE variation with depth, but 

slightly different magnitudes, is also seen for the McNamara and Tilly-

Wedenborg models.  
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Figure 12: A proton SOBP. The physical dose, along with RBE and RBE weighted 
doses for nanoCluE, Tilly-Wedenberg and McNamara models are shown. α/β=3. 
Adapted from Paper III. 
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5 Dose painting 

Dose painting is based on the idea to use a mapping of the tumor’s dose-re-

sponse variation to optimize a heterogeneous dose distribution that increases 

the TCP per delivered amount of radiation. A natural option for dose response 

mapping is with PET-FDG, which measures the metabolic activity and has 

been shown to correlate with dose responses (Aerts et al., 2010, Bhatnagar et 

al., 2013, Vogelius et al., 2013, Grönlund et al., 2017). There are other func-

tional imaging modalities that could potentially be used for dose painting, e.g.  

MRI ADC (Grönlund et al., 2018), or PET-PSMA (Thorwarth et al., 2017).  

Dose painting is not a widely used clinical technique, albeit a similar ap-

proach with local dose boosting is not uncommon. In dose painting by con-

tours (DPBC), a number of regions is defined which are prescribed unique 

doses. In DPBN, each voxel is prescribed a unique dose. 

Several planning studies have shown the feasibility and possible TCP gains 

with dose painting (Vanderstraeten et al., 2006, Søvik et al., 2007, Rickhey et 

al., 2008, Thorwarth et al., 2008, Toma-Dasu et al., 2012, Differding et al., 

2015). Clinical studies have been fewer (Berwouts et al., 2017, Håkansson et 

al., 2020, Michaelidou et al., 2021), and with mixed results; statistically sig-

nificant increases in toxicity levels have been observed. We are not aware of 

any DPBN studies for protons making use of a variable RBE model, which is 

the subject of paper IV. 

5.1 Tumor control probability  

Several mathematical formulations exist linking TCP to the dose (Bentzen and 

Tucker, 1997). The most common ones include the Poisson, probit and logistic 

models. All of these models yield TCP curves with the same sigmoid shape 

shown for the TCP and NTCP curves in Figure 1. TCP models are often par-

ametrized in terms of xD , which is the dose needed to achieve a control prob-

ability of x%, and x  , which is a measure of the slope of the TCP curve of 

the at dose xD . 

xD and x -parameters for TCP models in the literature are generally de-

rived from clinical patient studies, and as such model the response of the entire 

target, typically assumed to have received a homogeneous dose. For DPBN, 



 39 

we would ideally want to know xD and x  for each voxel of the target. If these 

are known, and assuming them to be independent for each voxel, the total TCP 

of the target can be computed as the product of the TCPs of all voxels.  

5.2 Dose painting prescription techniques 

The issue of how to prescribe dose based on functional imaging maps need 

consideration. Several planning studies (Vanderstraeten et al., 2006, Rickhey 

et al., 2008, Differding et al., 2015) employ a linear function of the standard 

uptake values (SUV) as dose prescription.  

An alternative method is based on the Lagrange multiplier method, given a 

mean dose constraint (Ebert and Hoban, 1996, Grönlund et al., 2017). It pre-

supposes that the TCP can be calculated for each region or voxel as a function 

of dose. The resultant dose distribution is optimal under the mean dose con-

straint in terms of maximizing TCP. However, such a dose distribution may 

not be deliverable, since the optimization does not necessarily consider dose 

deposition physics and geometrical limitations given by the accelerator ma-

chinery.  

To derive voxel-specific TCP-functions, some DPBN studies have sug-

gested a failure driven approach (Vogelius et al., 2013, Grönlund et al., 2017, 

Grönlund et al., 2019). In this, a correlation between local tumor recurrence 

and the pre-treatment SUV values are used to derive TCP as a function of 

SUV. This approach is to some extent evidence driven, as has been advocated 

by e.g. Bentzen and Gregoire (2011).  In this approach, the TCP for a voxel is 

expressed as 

50

2Gy
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vox
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 where 
2GyEQDD is 

the equivalent dose for 2 Gy fractions, and 50 ( )D SUV  and 50  were derived 

using the tumor recurrence data. The total TCP of the tumor is then 
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D


  , the maximization of which can be per-

formed with an optimization method, such as the Lagrange multiplier method. 

Any heterogeneous dose prescription method needs methods to establish 

robustness of the dose with respect to geometrical uncertainties such as target 

motion and setup uncertainties.  Sterpin et al. (2015)  proposed that an initial 

ideal dose distribution should be dilated to expand its high dose parts to mimic 

the target expansion used for homogenous dose treatments. To account for the 

blurring incurred by random positioning errors, the dilated distribution should 

then be deconvolved with a position uncertainty distribution to yield a dose 

distribution that a TPS could mimic during plan optimization. A more feasible 

approach in PT would be to use robust optimization in the form of the minimax 
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method (Fredriksson et al., 2011).  This method simulates several treatment 

scenarios in which the anatomy is changed in a prescribed way, for instance 

in density or by translation to simulate movements. The objective is then to 

make the worst-case scenario as good as possible, given an objective function, 

such as a calculated TCP value. The minimax method for robust optimization 

was used in paper IV. 

5.3 Proton DPBN with varying RBE (Paper IV) 

In Paper IV, we sought to answer two questions. First, whether DPBN for 

proton therapy with robust optimized plans was feasible for head and neck 

cancer (HNC) patients, in the sense of being able to increase TCP compared 

to homogeneous plans. Second, whether using a variable RBE model was ben-

eficial, again with TCP as a metric, compared to assuming a fixed RBE. To 

answer these questions, a planning study on a set of HNC patients were carried 

out. The patient set has been described elsewhere (Grönlund et al., 2017, 

Grönlund et al., 2019).  

The TCP objective function was implemented in the RayStation TPS (ver-

sion 8.99.30.141), in which all treatment plans were created. The used TCP 

objective function to be minimized was  

  vox,

vox EQD2Gy
target

1 TCP ( RBE ),SUV
f i

i i i
i

C D D



     (13) 

where vox,f i is the fraction of the i:th voxel that is inside the target, and RBEi  

is the RBE at the voxel.  

The study included data for 19 HNC patients. For these patients, two sets 

of dose distributions were generated, in which each set consisted of three dose 

distributions. In the first set, the planning objective was to deliver a homoge-

neous dose to the CTV. In the other set, the CTV was dose painted. The first 

dose distribution in each plan set was optimized and evaluated assuming 

RBE=1.1. The second was optimized assuming RBE=1.1, but evaluated with 

the nanoCluE RBE model. The third was both optimized and evaluated with 

the nanoCluE RBE model.  

To minimize interpatient planning approach differences, the ARTSCAN V 

study protocol (ARTSCAN, 2019) was adapted as far as possible. The same 

four gantry angles were used for all plans. A lower dose limit of 60 Gy to the 

CTV was imposed. To evaluate the plan robustness, the variation of TCP be-

tween treatment scenarios was used as a metric. Evaluation of the dose to 

OARs was done by comparison to the ARTSCAN V criteria.  

A Wilcox signed rank test was performed, in which the nominal dose dis-

tribution for each patient and dose distribution in the homogeneous plan set 

was compared to its equivalent DPBN plan. For all three variations of RBE 
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optimization and evaluation, a significant gain in TCP (p<0.001) could be 

found, indicative of the potential gains which DPBN can accomplish in proton 

therapy of these HNC patients. The magnitude of the gains was smaller when 

optimizing and evaluating using nanoCluE than for the other cases. In return, 

optimizing with nanoCluE led to greater OAR sparing. This could be observed 

when examining the plans optimized with RBE=1.1 but evaluated using 

nanoCluE; the RBE-weighted doses to the organs were higher than if optimi-

zation was also carried out with nanoCluE.  

The plans were found to be robust, with small variations in TCP for the 

various simulated treatment scenarios. We concluded that proton therapy 

DPBN for HNC should be feasible. Optimization using variable RBE was not 

found beneficial in the sense of allowing higher TCP values; it does, however, 

constitute a more conservative approach in lowering RBE weighted doses to 

OARs.  

.  
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6  Conclusions and outlook 

A beam model, combined with a versatile MC transport engine like Geant4, 

facilitates the study of a wide range of physical beam properties under realistic 

conditions. Using the commissioning data from the Skandion Clinic allowed 

for the construction of a beam model (paper I), which, implemented in the MC 

package GATE/Geant4 could be used as a calculation tool for the RBE-related 

studies carried out in papers II and III. In paper II we investigated whether 

heavy secondary contamination would need special consideration due to its 

large impact on the average LET value, and how reported LET values should 

be interpreted. These issues are rarely described in sufficient detail in the lit-

erature but are important to have control of while using published LQ-data as 

learning data for RBE modelling. Ideally, in constructing a model that seeks 

to estimate LQ-parameters one should use an identical method for specifica-

tion of the LET values. However, the difference in the resultant RBE value is 

small between including and neglecting secondary protons in LET calcula-

tions.  

The nanoCluE RBE model was designed to maximize model accuracy 

through the testing of a number of different variables and parametrizations in 

order to find the one that best fits the experimental data. For carbon ions the 

nanoCluE approach turned out to improve the result compared to previous 

results. For protons, compared to two previously published models, no further 

gain compared to previous models was found. Possibly, the uncertainty in the 

experimental in vitro data does not at this point allow for significant increases 

in accuracy in phenomenological proton RBE models. 

Clinical studies with variable RBE models are currently lacking.  An intro-

duction of variable RBE models clinically for protons would necessitate vali-

dation of the postulated differences through clinical studies. Retrospective 

studies based on observed toxicity may be used as a first step. Gentle intro-

ductions might be used, where variable RBE is assumed only for healthy tissue 

(Sánchez-Parcerisa et al., 2019), or for a limited number of fractions. An al-

ternative to optimization with a variable RBE model is LET optimization, such 

that high LET regions are concentrated to the target and removed from OARs.  

Paper IV concluded that dose painting for HNC with protons should be 

feasible. It was found that optimization with the nanoCluE model yielded a 

more conservative approach with respect to OAR dosage. This, however, also 
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resulted in lower TCPs when dose painting, but still significantly higher than 

compared to the homogeneous dose case.  

In Paper IV we constrained the dose painting by setting a mean dose con-

straint, as well as a lower dose limit to the CTV. For a clinical trial, this limit 

may be set more or less conservatively. The closer to the mean target dose it 

is set, however, the less room for painting dose variations, and the number of 

patients needing enrollment in a study to allow for power enough to detect a 

statistically significant TCP increase also increases.  

Further, the dose painting method as presented in paper IV is based on a 

single functional imaging modality. An interesting approach is to use image 

data from several functional imaging modalities to develop more certain re-

sponse modelling to improve dose prescriptions. Optimal methods for differ-

ent diagnoses by which this can be done remains to be investigated. 
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