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Dual-energy computed tomography for predicting range in
particle therapy

Radiotherapy with protons or light ions is a highly precise form of cancer treatment. In treatment
planning for particle therapy, ion stopping power ratio (SPR) maps of patient tissues are used to
predict particle ranges and calculate dose distributions. To more accurately calculate dose distri-
butions and minimize irradiating healthy tissue, it is crucial to improve SPR prediction. To this
end, this thesis investigated dual-layer spectral computed tomography, a dual-energy CT (DECT)
technique, as an alternative to conventional single-energy CT (SECT). The SECT-based method
relies on converting CT numbers to SPR, yet CT numbers acquired from photon attenuation
cannot be used to accurately predict energy loss by ions, which makes the approach indirect and
heuristic. The DECT-based method, however, uses measurements of relative electron density
and effective atomic number to directly and patient-specifically predict SPR. SPR prediction
using DECT was evaluated in tissue-equivalent materials, anthropomorphic phantoms, and
non-tissue materials; clinically analyzed in a retrospective patient study; and experimentally
investigated for patients with dental materials. DECT-based SPR prediction improved dose
calculation accuracy in particle therapy compared to SECT with a remaining range uncertainty
of about 1% in controlled experimental scenarios. DECT may thus substantially improve range
prediction for highly accurate particle therapy.

This thesis is presented in a cumulative format and includes three peer-reviewed publications.



Zwei-Spektren-Computertomographie für die
Reichweitevorhersage in der Partikeltherapie

Die Strahlentherapie mit Protonen oder leichten Ionen stellt eine sehr präzise Therapieform in
der Krebsbehandlung dar. Bei der Bestrahlungsplanung für die Partikeltherapie werden Karten
des Ionenbremsvermögens (SPR) des Patientengewebes zur Vorhersage der Partikelreichweiten
und zur Berechnung der Dosisverteilungen verwendet. Die Verbesserung der SPR-Vorhersage
ist für eine genauere Berechnung der Dosisverteilungen und die Minimierung der Bestrahlung
von gesundem Gewebe entscheidend. Zu diesem Zweck wurde in dieser Arbeit die Dual-Layer
Spektral-Computertomographie, eine Zwei-Spektren-CT (DECT)-Technik, als Alternative zur
konventionellen Ein-Spektren-CT (SECT) untersucht. Die SECT-basierte Methode beruht auf
der Umwandlung von CT-Zahlen in SPR. Die aus der Photonen-Abschwächung gewonnenen CT-
Zahlen können jedoch nicht zur genauen Vorhersage von Energieverlusten von Ionen verwendet
werden, wodurch der Ansatz indirekt und heuristisch ist. Die DECT-basierte Methode hingegen
nutzt Messungen der relativen Elektronendichte und der effektiven Ordnungszahl, um das SPR
direkt und patientenspezifisch vorherzusagen. Die SPR-Vorhersage mittels DECT wurde in
gewebeäquivalenten Materialien, anthropomorphen Phantomen und nicht-gewebeäquivalenten
Materialien evaluiert, in einer retrospektiven Patientenstudie klinisch analysiert und für Patienten
mit Dentalmaterialien experimentell untersucht. Die DECT-basierte SPR-Vorhersage verbesserte
die Genauigkeit der Dosisberechnung in der Partikeltherapie im Vergleich zu SECT mit einer
verbleibenden Reichweiteunsicherheit von etwa 1% in kontrollierten experimentellen Szenarien.
DECT könnte somit die Reichweitevorhersage für eine hochgenaue Partikeltherapie erheblich
verbessern.

Die vorliegende kumulative Dissertation umfasst drei von Experten begutachtete Veröffentli-
chungen.
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1
Introduction

1.1 Radiotherapy as a treatment modality for cancer

Cancer is the second leading cause of death worldwide [1], accounting for nearly one in six
deaths today [2]. With the rapid growth and aging of the global population, cancer incidence
and mortality are expected to continue to increase [2, 3]. The generic term cancer refers to a
large group of diseases that can affect any part of the body [4]. A defining characteristic of
cancer is the rapid formation of abnormal cells that grow beyond their normal boundaries and
then may invade adjacent parts of the body and spread to other organs, a process that is also
known as metastasis [4]. For more than 150 years, researchers have been investigating the causes
of cancer, identifying risk factors, developing prevention strategies, searching for diagnostic
tools, and exploring treatment options [5]. Today, many types of cancer can be cured if they
are detected early and treated effectively [6]. Treatment usually includes surgery, radiotherapy,
and/or systemic therapy (e.g., chemotherapy, targeted biological therapy, hormonal therapy,
immunotherapy) [4, 7].

Radiotherapy is currently used in more than half of all tumor patients, whether as the sole
primary therapy, in multimodal therapy, or in the later course of the disease to treat tumor
recurrence or metastases [8]. In radiotherapy, ionizing radiation is used to exploit its properties
therapeutically as it passes through tissue, inducing deoxyribonucleic acid (DNA) damage in
proliferating tumor cells [8]. Radiation therapy has demonstrated the potential to cure tumors
by eliminating cancer stem cells and has considerable potential to advance the effectiveness of
precision medicine in oncology [9].

The fundamental goal of modern radiotherapy consists in delivering a prescribed radiation
dose to maximize the tumor control probability while minimizing the dose to healthy surrounding
tissues or organs [8]. Particle therapy, which utilizes beams of protons or light ions for irradiation,
is widely regarded as one of the most precise and advanced forms of radiotherapy, thanks to the
favorable energy deposition of charged particles [10, 11]. Compared to conventional photon-based
radiotherapy, particle therapy is biologically more effective; it also has the potential to reduce
adverse side effects in normal tissues, because it can deliver highly conformal dose distributions to
solid tumors [9, 10]. These advantages are particularly important for tumors close to vital tissues
(e.g., the brain stem, optic nerve, or intestine), for deep-seated tumors, and for re-irradiation of
tumors; they are also important for sensitive patients, such as children [12].
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1. INTRODUCTION

Over the past six decades, the availability of and demand for particle therapy has grown
exponentially [11]. The increasing number of particle therapy facilities made it possible for
approximately 360,000 patients worldwide to be treated with particle therapy by the end of 2022
[13]. There are currently over 110 particle therapy centers in operation in 22 countries [14]. Yet
the long-term projected availability of such therapy is still very limited [15]. Less than 1% of all
radiation therapy patients receive particle therapy [16], even though it is believed that between
15% and 50% would benefit from it [11, 15]. For certain disease sites, this number may be even
higher [11].

1.2 The need for accurate range prediction in particle therapy

One of the major advantages of particle therapy is its capacity to considerably decrease the
radiation dose delivered to the tissue around the target volume [11]. Specifically, it can achieve a
50–70% dose reduction to normal tissue without lessening the dose to the tumor target volume
that would be delivered by photon radiotherapy [11, 17]. This benefit of proton and light ion
therapy derives from the favorable energy deposition properties of charged particles and their
finite range [18, 19]. To properly exploit these physical characteristics, accurate prediction of the
particle range within the body, derived from the stopping power ratio relative to water (SPR),
is crucial for treatment planning [20, 21].

Pretreatment computed tomography (CT) imaging, which provides quantitative and anatomical
information for treatment planning, is a necessary part of, and affects, the entire radiotherapy
chain. In order to predict the finite beam range of charged particles, the treatment planning
system (TPS) requires a CT scan of each patient. In current clinical practice, image data is
acquired by using single-energy CT (SECT) systems. Yet clinical treatment planning that utilizes
SECT-based systems can result in considerable range prediction uncertainties due to the heuristic
conversion of CT numbers (CTN) from X-ray attenuation to ion SPR [22, 23]. CTN-to-SPR
conversion has limited material differentiation because there is no one-to-one relationship (i.e.,
bijection) between CTN and SPR [19, 22]. Distinct materials with different SPR may have
identical CTN in SECT-based images and vice versa [21]. Furthermore, the translation from
CTN to SPR is not patient-specific; that is, the possible intra- and inter-patient variability is
not covered by a CTN-to-SPR conversion [22]. Inter-patient variability arises from differences in
density and elemental composition [24] (e.g., the calcium content of bone differs between children
and adults [25]). There are also large deviations in the case of non-tissue materials (e.g., metals
or implants), since the latter are generally not tissue-equivalent. Therefore, in such cases, the
heuristic CTN-to-SPR conversion is of limited use [22]. The influence of the currently clinically
used CTN-to-SPR conversion has been estimated to be the dominant factor contributing up
to 2% to the overall particle range estimation uncertainty of 3.5% [20]. Thus, converting CTN
to SPR may result in a range uncertainty of up to 3 mm in a typical treatment situation [26].
Because of the steep dose gradient at the distal edge of each beam, treatment planning and
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1. INTRODUCTION

delivery uncertainties can profoundly impact the delivered dose [27]. Small errors may lead to
underdosing the tumor volume and overdosing surrounding critical structures [23]. Uncertainties
in particle range prediction are accounted for by incorporating safety margins (i.e., extending
the treatment volume) into treatment planning, which results in higher doses being delivered
to healthy tissues; consequently, the physical advantages of particle therapy in comparison to
photon radiotherapy in cancer treatment are not fully exploited. Therefore, reducing the range
uncertainties in patient tissues resulting from conventional CTN-to-SPR conversion based on
SECT imaging is crucial to improve clinical practice [22].

The use of dual-energy CT (DECT) was first proposed in the 1970s [28] to reduce the
uncertainties in particle range prediction of the SECT-based approach [29]. However, for many
years, there was no suitable way to implement the technique to acquire quantitative patient
image data, and it was not until 2006 that DECT was clinically introduced for diagnostic imaging
[30], providing material- and energy-selective image data [31]. Since then, a large number of
studies have suggested several promising ways that DECT might be applied within the whole
radiotherapy chain. These potential benefits include tumor staging and delineation, tumor and
normal tissue characterization, metal artifact reduction (MAR), and dose calculation [22, 32,
33]. DECT imaging, which acquires CT data over two different X-ray spectra, may improve
SPR prediction in clinical practice by using DECT-based material characterization [19].

To date, five technical approaches have been developed to acquire DECT image data, each
possessing unique features and limitations that need to be considered when they are applied:
dual-source CT (DSCT), sequential acquisition CT (SACT), fast kVp-switching CT (KVSCT),
split-filter CT (SFCT), and dual-layer spectral CT (DLCT) [34, 35]. Both theoretical and
experimental studies have already shown that DECT methods can improve the accuracy of SPR
prediction over the conventional methods based on SECT [22, 32, 33, 36–39]. To date, most
studies on DECT-based SPR prediction have been performed using DSCT or SACT [33]. DLCT
imaging is a more recent technique that uses a single-source, dual-layer detector-based approach
[40]. One advantage that DLCT offers in comparison to other DECT imaging techniques is
that it simultaneously acquires energy-selective data by means of two detector layers with
different spectral sensitivities, thus enabling projection domain-based material decomposition.
Preliminary studies on DLCT imaging, which were conducted mainly on a theoretical basis, have
shown promising results, particularly in the ability of DLCT to provide SPR prediction [41, 42].

There are continuing efforts using other methods to deal with range uncertainties in particle
therapy. These efforts include, for example, pretreatment SPR estimation with particle CT, as
well as range verification with a prompt gamma camera, positron emission tomography (PET),
or ultrasound imaging [33, 36, 43–49]. Every one of these technologies has its own potential and
challenges [33]. Of all these currently available technologies, DECT and particle CT are the sole
methods that offer more accurate tissue characterization than SECT for particle therapy [33].
Up until now, DECT is the only technique that has made it into routine clinical practice [50].
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1. INTRODUCTION

1.3 Aim of the thesis

The main motivation of this thesis has been to investigate what improvements in particle range
prediction are possible with DECT imaging, which may allow a reduction in safety margins and
therefore less healthy tissue to be irradiated, while maintaining a conformal target dose.

The aim of this thesis has been to investigate the physical and clinical potential of DLCT
imaging for dose calculation in particle therapy. This thesis has investigated whether DLCT
may improve particle range prediction, what its potential advantages and challenges are, and
how it could be clinically implemented for particle therapy treatment planning to address the
limitations of the conventional SECT-based approach in SPR prediction. The following aspects
have been included:

• An evaluation of the potential of DLCT for dose calculation in particle therapy treatment
planning using tissue-equivalent materials, anthropomorphic phantoms, and non-tissue
materials

• A retrospective patient study of the use of DLCT in proton, helium, and carbon ion beam
therapy treatment planning for brain tumors

• An investigation of DECT-based particle therapy treatment planning for patients with
dental implant and restoration materials

1.4 Structure of the thesis

In this thesis, chapter 2 reviews the principles of particle therapy and gives an overview of
CT imaging for use in particle therapy. Chapter 3 gives a thematic overview of the three
publications from the thesis and contains the published papers. A discussion of the results is
presented in chapter 4. The conclusions are summarized in chapter 5. The appendix contains
the supplementary material of the three publications.
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2
Fundamentals and Background

This chapter provides an overview of the fundamentals underlying the research in this thesis.
Section 2.1 covers the physical principles of particle therapy, followed by an overview of the
basics of X-ray CT imaging and its use for treatment planning in particle therapy in section 2.2.

2.1 Principles of particle therapy

The goal of radiotherapy is to accurately deliver a dose distribution to the target volume while
sparing as much as possible surrounding healthy tissue and critical structures [8]. In 1946, Robert
R. Wilson first pointed out the dosimetric advantages of ion beams over photon radiotherapy
[51]. Treatment of patients began with protons in 1954 [52], with helium ions in 1957, and with
heavier ions in 1975 at the Lawrence Berkeley National Lab (LBL, USA) [53].

Charged particle beams, such as proton, helium ion, and carbon ion beams, have physical and
biological advantages in cancer treatment over conventional photon irradiation [54, 55]. Unlike
X-rays, charged particles are characterized by an inverse depth-dose profile, that is, the energy
deposition is lower in the entrance channel, then steeply increases and precipitously falls off
towards the end of the particle range in the so-called Bragg peak (Figure 2.1a) [43, 56]. The Bragg
peak for monoenergetic ion beams, accelerated with a cyclotron or synchrotron, is very narrow.
To cover the entire target volume longitudinally, however, what is required is a spread-out Bragg
peak (SOBP), which can be achieved by superimposing beams of different energies (Figure 2.1b)
[55]. Yet, in clinical application, the beams must be spread not only longitudinally to create
a SOBP but also laterally and then shaped so that the high-dose regions are conformed to
the target volume [16]. The beams can be spread and shaped by electro-mechanical means,
specifically with either a passive scattering technique or an active spot scanning technique, which
uses magnetic scanning of pencil beams of a set of initial energies to provide intensity-modulated
particle therapy (IMPT) [16, 57].

The depth-dose characteristics of charged particles can be exploited to substantially reduce
doses to normal tissue that is proximal or distal to the target volume, an advantage over
treatment with photons (Figure 2.2) [17]. Achieving these reductions may make it possible to
escalate tumor doses while substantially sparing normal tissue, which may improve local control
and survival while reducing toxicity and improving quality of life [16].

� 5 �



2. FUNDAMENTALS AND BACKGROUND

(a) Bragg peak for different ion beams (b) Spread-out Bragg peak for ion beams

Figure 2.1: Depth-dose distribution of charged particles compared to photons. (a) Depth-dose
profiles of photons and high-energy charged particles. The depth-dose curve for photons is calculated
for a 21 MeV linear accelerator. The energies of the ion beams (1H at 148 MeV, 3He at 170 MeV/u,
12C at 270 MeV/u) correspond to approximately the same range. (b) For clinical target volumes,
a spread‑out Bragg peak (SOBP) is used to apply a constant biologically effective dose within the
tumor. Figure (a) adapted from [58] and (b) adapted from [55].

Figure 2.2: Comparison of dose distributions in an 11-year-old male patient with medulloblastoma
from cranio-spinal irradiation using photon radiotherapy and particle therapy. Due to the compara-
tively low energy deposition before the dose maximum and the steep distal fall-off, proton therapy
leads to a dose reduction in heart, lung, mediastinum, and intestine. Figure adapted from [59].
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2. FUNDAMENTALS AND BACKGROUND

In addition to the physical characteristics of charged particles that allow for a higher degree
of conformity, charged particles also have biological advantages that may allow for better tumor
control [60, 61]. Ion beams are characterized by an increased relative biological effectiveness
(RBE, defined as the ratio of photon to ion dose that produces the same biological effect [55])
that increases with linear energy transfer (LET, defined as the amount of energy loss per unit
length of the particle’s track, usually expressed in keV/𝜇m [56]). The increased RBE results
in 1 Gy delivered by ions being more biologically effective than 1 Gy delivered by photons [54,
62]. In current clinical practice, protons are assumed to have a constant RBE of 1.1 and thus a
10% higher biological effectiveness than photons [16, 53]. The RBE of carbon ions, by contrast,
ranges from 3 to 5, depending on physical and biological parameters [60–62]. The variability in
RBE must therefore be taken into consideration in treatment planning [62]. Given the increased
RBE of high LET ion beams in the SOBP, together with other radiobiological advantages of
charged particles, particle therapy can be more effective than photon irradiation in radioresistant
tumors such as chordomas or chondrosarcomas of the skull base [8, 56, 62]. Compared to photon
radiation, high LET radiation is also expected to have a reduced oxygen enhancement ratio
(OER, defined as the ratio of radiation doses that produce the same cell survival under hypoxic
and oxic conditions, respectively [55]), because radioresistance to photons is often induced by
hypoxia. In addition, carbon ions may be able to induce stronger immune responses, though
this is still under investigation in preclinical research [63, 64].

2.1.1 Interactions of charged particles with matter

At the energies used clinically in particle therapy (50–250 MeV/u for protons and helium ions,
90–430 MeV/u for carbon ions [53]), charged particles interact with matter predominantly via
(1) Coulomb interactions with atomic electrons, (2) Coulomb interactions with nuclei, and
(3) nuclear interactions (Figure 2.3) [16, 65]. The following describes each of these mechanisms.

(a) Inelastic scattering (b) Elastic scattering (c) Nuclear interactions

Figure 2.3: Schematic depiction of proton interaction mechanisms in matter: (a) energy loss
through inelastic Coulomb interactions with electrons, (b) deflection of the proton trajectory via
repulsive elastic Coulomb scattering with nucleus, (c) removal of primary proton and creation of
secondary particles through non-elastic nuclear interaction (p: proton, e: electron, n: neutron, 𝛾:
gamma rays). Figure adapted from [66].
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2. FUNDAMENTALS AND BACKGROUND

Energy loss

As they propagate through matter, charged particles interact mainly with atomic electrons
through inelastic Coulomb interactions, by which they continuously lose energy (Figure 2.3a)
[43]. In such interactions, incident particles collide with atomic electrons, causing excitation and
ionization of the target atoms. The rate of particle energy loss increases with decreasing velocity.
Monoenergetic charged particles will thus travel a well-defined distance in a uniform medium,
losing energy at an increasing rate as they slow down before coming to rest [16]. Because protons
and heavier ions are much heavier than electrons, they will not deviate appreciably from their
original direction as a result of their interactions with electrons [16]. The stopping power 𝑆(𝐸)
(expressed in MeV/cm) of charged particle beams describes the energy loss d𝐸 per unit path
length d𝑥 in a medium. For incident charged particles with masses significantly greater than
that of electrons, 𝑆(𝐸) is described analytically by the Bethe-Bloch equation [67–70]:

𝑆 = − ⟨d𝐸
d𝑥

⟩ = 4𝜋𝑁A𝑟2
e 𝑚e𝑐2𝜌 𝑍

𝐴
𝑧2

𝛽2 [ln (2𝑚e𝑐2𝛾2𝛽2

𝐼
) − 𝛽2 − 𝛿

2
− 𝐶

𝑍
] (2.1)

where 𝑁A is the Avogadro constant (≈ 6.022 ⋅ 1023 mol−1), 𝑟e is the classical electron radius
(≈ 2.812 ⋅ 10−13 cm), 𝑚e is the electron mass (≈ 0.511 MeV/𝑐2), 𝜌 is the mass density of the
medium, 𝑍 is the atomic number of the medium, 𝐴 is the mass number of the medium (in
g/mol), 𝑧 is the charge of the projectile (𝑧 = 1 for protons, 𝑧 = 2 for helium ions, and 𝑧 = 6 for
carbon ions), 𝛽 is the velocity of the projectile 𝑣 relative to the speed of light 𝑐, 𝛾 = (1 − 𝛽2)− 1

2

is the Lorentz factor, 𝐼 is the mean excitation energy of the medium (in MeV), 𝛿/2 is a density
correction term, and 𝐶/𝑍 is a shell correction term. The last two correction terms in the
Bethe-Bloch equation take into consideration relativistic theory and quantum mechanics and
must be included in calculations that involve very high or very low particle energies [66].

The relation 𝑆(𝐸) ∝ 𝑣−2 makes it evident that the increase of energy loss for charged particles
in matter is a function of decreasing particle velocity [43]. The Bethe-Bloch equation, together
with the statistical nature of the Coulomb interactions for an ensemble of charged particles, gives
the characteristic depth-dose curve for a monoenergetic beam of charged particles (Figure 2.1a)
[18]. This means that charged particle beams lead to relatively low doses in the entrance channel
in front of the tumor. The maximum dose is reached at the Bragg peak, which is then followed
by a precipitous dose fall-off at the distal end near the finite penetration depth [71].

In radiation oncology, the absorbed dose 𝐷 (expressed in units of Gray: 1 Gy = 1 J/kg) is
defined as the mean energy d𝜖 deposited by the ionizing radiation either directly by the primary
ions or by secondary particles in a mass element d𝑚 [53]:

𝐷 = d𝜖
d𝑚

(2.2)

In most situations, secondary electron equilibrium prevails, which means that the energy carried
in and out of a volume of interest by secondary electrons is, on average, equal. Assuming this,
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2. FUNDAMENTALS AND BACKGROUND

and disregarding nuclear interactions, the dose deposited in a thin slice of absorber material of
mass density 𝜌 by a fluence 𝛷 of monoenergetic charged particles is proportional to the mean
energy loss of the particle beam per unit path length [53]:

𝐷 = 𝛷
𝜌

⟨d𝐸
d𝑥

⟩ (2.3)

Multiple Coulomb scattering

As ions slow down and pass close to target nuclei, and if the distance of approach is not too
small, they may be deflected due to elastic Coulomb repulsion (Figure 2.3b) [16]. Although
each deflection may be small, the deflections accumulate, a process known as multiple Coulomb
scattering, which in turn can result in substantial lateral spreading of protons [16]. Yet lateral
spreading is relatively small for heavier ions in particle therapy [72]. For example, protons scatter
laterally about three times as much as carbon ions at a depth of 15 cm [58]. This relatively
small lateral deflection of light ions when they penetrate a medium is clinically relevant for
treatments near an organ-at-risk (OAR) [53]. The statistical distribution of the scattering angles
of a pencil beam of particles behind a thick absorber is described by Molière’s theory [73–75]
and approximated by Highland with reasonable accuracy [76, 77].

Nuclear interactions

While primary charged particles can lose energy via Coulomb interactions with electrons or
undergo track deflections due to Coulomb interactions with nuclei, there is also a small but
finite probability that they will directly interact with atomic nuclei through elastic, inelastic,
or non-elastic nuclear interactions (Figure 2.3c) [43]. The probability of nuclear interactions
occurring increases with the energy of the ions and with the atomic number of the target nucleus
[16]. It is estimated that up to 20% of protons of the highest energies in the therapeutic range
are subject to nuclear interactions along their path [16].

In elastic collisions, the incident projectile scatters off the target nucleus and the total kinetic
energy is conserved [16]. In the case of inelastic nuclear interactions, the collision of the projectile
and the target results in excitation of the target nucleus and nuclear de-excitation with emission
of secondary radiation (e.g., by emission of a prompt gamma ray).

In non-elastic collisions, the projectile particle enters the nucleus, and the characteristics of
the nuclei are changed [43]. The target nucleus absorbs some of the energy, and the collision
results in fragmentation of the target and/or, in the case of projectiles heavier than protons,
fragmentation of the projectile into lighter projectile fragments [58, 66]. In proton therapy, only
target fragmentation occurs, which results predominantly in secondary protons or neutrons [65].
Recoil nuclei and the heavier fragments are essentially absorbed at the point of interaction [72].
Nevertheless, scattered protons and especially secondary neutrons can travel comparatively long
distances and create a low dose envelope [16]. In light ion therapy, fragmentation substantially
reduces the fluence of the primary ions; for example, in a typical carbon ion therapy treatment,
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only 50% of the ions actually reach a deep tumor, while the others undergo fragmentation [58,
65]. The projectile fragments have a velocity and direction similar to the primary ions, yet a
lower charge and consequently a longer range [65]. They produce a dose tail after the Bragg
peak, unlike protons [58].

Ongoing research is investigating the feasibility of using the distribution of prompt gamma
rays or the short-lived radioisotopes 11C and 15O for in vivo range verification during particle
therapy treatment delivery [78, 79].

2.1.2 Range of particles

The range of a particle beam is defined as the depth in a medium where half of the particles of a
beam have stopped [66, 80]. For a monoenergetic particle beam of initial energy 𝐸, the range 𝑅
of ions under the assumption of a continuous slowing down approach (CSDA) can be calculated
by integrating the inverse of the stopping power over energy [72, 81]:

𝑅(𝐸) = ∫
𝐸

0
𝑆(𝐸′)−1d𝐸′ (2.4)

In the case of a monoenergetic proton beam, the depth where 50% of the protons have come to
rest coincides with the 80% fall-off position [20].

Statistical fluctuations in the interactions of ions with the electrons of the target atoms
lead to small variations in the energy loss rates of individual ions, which is also called energy
straggling [82]. This energy straggling further results in a variation in the range, which is called
range straggling, which leads to the measured Bragg peak being broadened [66, 72]. The range
straggling is inversely proportional to the square root of the particle mass [53]. In comparison
to proton beams, the Bragg peak is narrower in the beam direction for carbon ion beams
(Figure 2.1a) [72]. Additionally, range straggling increases with the penetration depth in a given
material, leading to Bragg peaks of larger width and smaller height for higher initial energy [53].
Thus, the range is an average quantity that characterizes a beam, not individual particles [66].

2.1.3 Stopping power ratio

Treatment planning in particle therapy requires the stopping power ratio of a medium relative to
water (water is denoted by the subscript w), which is approximated by the Bethe-Bloch equation
(equation 2.1) without correction terms [83]:

SPR =
⟨d𝐸

d𝑥 ⟩
⟨d𝐸

d𝑥 ⟩
w

= 𝜌e
𝜌e,w

⋅
ln (2𝑚e𝑐2𝛽2

𝐼(1−𝛽2) ) − 𝛽2

ln ( 2𝑚e𝑐2𝛽2

𝐼w(1−𝛽2)) − 𝛽2
(2.5)

Here, 𝜌e refers to the electron density of the medium while 𝜌e,w denotes the electron density of
water. Similarly, 𝐼 and 𝐼w stand respectively for the mean excitation energies of the medium
and water.
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Within the typical energy range of therapeutic beams, SPR prediction is minimally dependent
on energy [84]. Consequently, it is standard to neglect the energy dependence and to calculate
the SPR of each tissue at a fixed particle kinetic energy [85]. Thus, the SPR for a given tissue
depends only on two material-dependent parameters: the electron density relative to water
(RED, 𝜌e/𝜌e,w) and the 𝐼-value. The RED of a composite material can be calculated from the
mass density 𝜌 as follows [83]:

𝜌e
𝜌e,w

=
𝜌 ∑

𝑖
𝑤𝑖

𝑍𝑖
𝐴𝑖

𝜌w ∑
𝑗∈w

𝑤𝑗
𝑍𝑗
𝐴𝑗

(2.6)

In the sums, for element 𝑖 in the object, 𝑤𝑖 is the elemental weight fraction, 𝑍𝑖 is the atomic
number, and 𝐴𝑖 is the mass number. The sum in the numerator runs over the chemical elements
in the object (note that tissues typically consist of elements of a low atomic number, e.g., H,
C, O, and Ca), whereas 𝑗 ∈ w in the sum in the denominator denotes the elements present in
water (i.e., H and O). The 𝐼-value for a compound material can be calculated using the Bragg
additivity rule [70]:

ln(𝐼) =
∑
𝑖

𝑤𝑖
𝑍𝑖
𝐴𝑖

ln(𝐼𝑖)

∑
𝑖

𝑤𝑖
𝑍𝑖
𝐴𝑖

(2.7)

Here, 𝐼𝑖 is the mean excitation energy of element 𝑖 in the material. The values for 𝐼𝑖 are given
in tables 2.8 and 2.11 of the International Commission on Radiation Units and Measurements
(ICRU) Report No. 49 [86]. The 𝐼-value of the tissue can be calculated from the effective atomic
number (EAN) [37].

2.1.4 Treatment planning

Treatment planning in radiotherapy aims to calculate the optimal dose distribution by account-
ing for dose conformity, healthy tissue sparing, and robustness against uncertainties [43, 87].
Treatment planning relies on planning CT images of the patient that allow delineation of the
target volume as well as OARs. Since CT image data lack soft tissue contrast [88], additional
imaging modalities such as magnetic resonance imaging (MRI) or PET are often used to provide
additional anatomical or functional information. The ICRU Reports No. 50 and 62 define
the target volumes for which the dose is to be prescribed [89, 90]. The gross tumor volume
(GTV) refers to the macroscopic tumor visible on the planning CT. The clinical target volume
(CTV), an extension of the GTV, comprises infiltrating tumor cells which may not be visible
on conventional image datasets that are employed in treatment planning. The planning target
volume (PTV) is a geometric concept that is introduced into treatment planning in order to
account for uncertainties in both treatment planning and delivery and thus ensure the delivery
of the prescribed dose to the CTV. The size of these margins is determined on the basis of
international recommendations and site-specific experience and may vary for different treatment
techniques.
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Different analytical models have been developed to determine the effect that systematic
and random errors in treatment planning and delivery have on the coverage of the CTV. The
most widely used model is the van Herk formula for margin determination [91]. The van Herk
formula suggests setting the size of the PTV margin equal to 2.5 times the standard deviation
of systematic errors plus 0.7 times the standard deviation of random errors [91]. This procedure,
originally developed for photon radiotherapy, can also be used for particle therapy, provided that
the uncertainty in the particle range specific to each beam is included in the calculation [43].

2.1.5 Sources and consequences of range uncertainties

The well-defined range is the main physical advantage of charged particles in radiotherapy
(Figure 2.4a) [43]. Yet, as a consequence of the precipitous dose fall-off at the distal edge
of the Bragg peak, uncertainties in range prediction can profoundly affect the actual dose
distribution applied (Figure 2.4b) [43]. Thus, dose deposition in particle therapy is more
sensitive to uncertainties than photon radiotherapy [16]. Range uncertainties can lead to
systematic underestimation or overestimation of the ion range, resulting in beam undershoot
or overshoot effects [23]. The uncertainties can affect several facets of a treatment, including
target coverage, dose homogeneity, dose conformation, and OAR doses [23]. Range uncertainty
is probably the primary challenge that inhibits particle therapy from being able to maximize
healthy tissue sparing [43]. Ideally, the range of the beam in human tissue could be accurately
predicted. However, as a result of uncertainties in treatment planning and delivery, the delivered
beam range often differs from the predicted beam range. In photon therapy, density heterogeneity
in the beam path leads to a dose reduction of a few percent. Yet for a SOBP field in particle
therapy, the same calculation uncertainty might lead to dose changes of up to 100% in extreme
cases as a consequence of the precipitous dose fall-off at the distal edge of the SOBP [43].

The various sources of range uncertainty in particle therapy and their contribution to the margin
can be summarized [20] as those that are independent of dose calculation: uncertainties related
to beam delivery (measurement uncertainty in water for commissioning, beam reproducibility
[23]) and to patient setup and anatomical changes (setup errors [92], inter-fractional anatomical
and physiological changes, intra-fractional organ motion [93]); and those that are dependent
on dose calculation: uncertainties related to physics (image-based range prediction, namely the
underlying CT imaging and conversion of CTN to SPR [26]) and to biological effects (RBE
approximations [94, 95]). Treatment planning errors systematically affect all fractions of a
treatment, in contrast to statistical deviations. Statistical deviations include, for example,
patient positioning errors, which, under normal fractionation conditions, fluctuate around zero
between fractions [43]. The largest uncertainty in range prediction comes from current image-
based range prediction [21], which contributes up to 2% to the overall range uncertainty of 3.5%
[20].

Several strategies have been established at each step in the radiotherapy chain to account for
and minimize the impact of uncertainties on treatment outcomes. Ongoing investigations aim
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(a) Nominal situation

(b) Situation with range uncertainty

Figure 2.4: Schematic illustration of the influence of range uncertainties in photon and proton
therapy. (a) Nominal situation for which the treatment plan was created (dotted line: photon depth-
dose curve; dashed line: monoenergetic proton depth-dose curve (Bragg peak); straight line: proton
spread out Bragg peak (SOBP) for coverage of the entire tumor). (b) Effect of range uncertainty
on the depth-dose curves. Tissue variations in the beam direction affect the particle range, either
increasing it in the case of a lower density medium (e.g., air) or decreasing it in the case of a higher
density medium (e.g., bone), potentially resulting in underdosing the tumor and overdosing healthy
tissue. The photon depth-dose distribution is only slightly affected by tissue variations. Range
uncertainty does not apply to photon radiotherapy. Figure adapted from [43].

to better understand the consequences of the various uncertainties in particle therapy and to
reduce these uncertainties [16], by means of, for example: adaptive radiotherapy [96], image
guidance [97], further study of the biological properties of ion beams, and development of novel
methods to improve the accuracy of image-based range prediction [33].

Range uncertainties are accounted for by adding safety margins to the treatment volume to
ensure full coverage of the treatment volume. Thus, particle range uncertainty directly impacts
the size of the PTV and, consequently, the ability of particle therapy to spare an OAR located
near the CTV. Currently there is no consensus concerning the size of the margins, though clinics
often employ a margin that amounts to 3.5% of the predicted range, plus an absolute value,
typically of about 1 mm [20]. This leads to a considerable amount of healthy tissue receiving the
full treatment dose, which increases the risk of side effects and reduces the therapeutic window.
For example, a range margin of 3.5% + 1 mm causes a substantial overshoot of 8 mm for a 20 cm
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(a) Safety margins currently applied (b) 2 mm margin reduction, 27% volume reduction

Figure 2.5: Schematic depiction of the influence of margins on volume for a spherical gross tumor
volume (GTV) (dark gray) with an isotropic margin resulting in an extended planning target volume
(PTV) (lighter gray). The clinical target volume (CTV) is not shown. Reducing the margin by 2 mm
(10%) results in a 27% reduction in irradiated volume and substantial sparing of healthy tissue.

range field in soft tissue [20]. Therefore, in order to obtain optimal safety margins in particle
therapy, it is necessary to minimize, but also to quantify as accurately as possible, particle range
uncertainty. For IMPT, in addition to employing margins, robust optimization methods can be
used that incorporate uncertainties directly into the IMPT optimization problem [98].

Improved range prediction, however, could lead to a reduction in safety margins, thus decreasing
the volume of irradiated normal tissue. Reducing the irradiated volume of normal tissue increases
its tolerance and allows higher doses to be delivered to the target tissue [99]. Increasing the dose
to the target tissue will result in a higher tumor control probability (TCP) [99]. Reducing the
treatment volume correspondingly makes it possible to irradiate less normal tissue and therefore
leads to a lower normal tissue complication probability (NTCP) [99]. For example, a 2 mm
reduction in the safety margin for a spherical tumor brings about a 27% reduction in the volume
of irradiated surrounding tissue (Figure 2.5).

Improved range prediction could also enhance confidence in the application of beam directions
that take greater advantage of the steep gradient at the distal edge to spare critical structures
and that also require shorter path lengths through normal tissue [43]. Thus improving dose
conformity to the target volume and reducing normal tissue irradiation could consequently enable
more dose escalation while adequately sparing healthy tissue [43]. These potential improvements
underscore the desirability of accurate range prediction.

2.2 Use of computed tomography in particle therapy

A necessary element of treatment planning for particle therapy is a 3D representation of the
internal anatomy of the patient. X-ray CT is the primary imaging modality for radiotherapy
treatment planning, especially for dose calculation [36]. This is mainly due to the achievable
submillimeter resolution with high geometric accuracy of the object to be treated, the quantitative
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nature of the CT measurements, and the short acquisition times, in the order of seconds.
Conventional CT imaging acquires data with a single X-ray energy spectrum and produces a
cross-sectional map of the X-ray attenuation of a patient’s tissues [100]. This method was first
proposed and technically implemented by Godfrey Hounsfield [28]. Later, Godfrey Hounsfield
and Allan Cormack were jointly awarded the 1979 Nobel Prize in Physiology or Medicine for the
development of CT [101].

While the dose exposure of a CT scan varies widely depending on the image acquisition
protocols and the organ site being imaged, the effective dose of, for example, a CT brain
examination is nowadays typically in the range of 1–2 mSv in adults [102].

2.2.1 Principles of CT imaging

According to Lambert-Beer’s law, the intensity 𝐼 of a polychromatic X-ray spectrum with initial
intensity 𝐼0 after a running length 𝑑 through a heterogeneous object with energy-dependent,
spatially varying attenuation coefficients 𝜇(𝐸, 𝜆) is described by the following equation [103]:

𝐼(𝑑) = ∫
𝐸max

0
𝐼0(𝐸) ⋅ 𝑒− ∫𝑑

0
𝜇(𝐸,𝜆)d𝜆d𝐸 (2.8)

The attenuation coefficient 𝜇 at an energy 𝐸 and a spatial position 𝜆 along the beam path
describes the probability of photon interactions with matter per unit path length. Based on this
information, analytical or iterative image reconstruction algorithms determine the individual
attenuation coefficient of each volume element (voxel) within the field-of-view (FOV).

Interactions of photons with matter

The attenuation coefficient varies with the mass density and the stoichiometric composition of
the material being scanned, along with the energy of the interacting photon. Generally, 𝜇 can
be described as the product of the electron density (𝜌𝑒) (expressed in electrons/cm3) and the
photon attenuation cross section per electron (𝜎𝑒) (expressed in cm2/electron) [104]:

𝜇(𝐸, 𝑍) = 𝜌𝑒 ⋅ 𝜎𝑒(𝐸, 𝑍) = 𝜌𝑒 ⋅ (𝜎𝑒,photo(𝐸, 𝑍) + 𝜎𝑒,Rayleigh(𝐸, 𝑍) + 𝜎𝑒,Compton(𝐸)) (2.9)

For the energy range typically used in diagnostic radiology (30–150 keV), human tissue cross
sections depend on three photon interaction processes [103]: photoelectric effect with 𝜎𝑒,photo ∝
𝑍4/𝐸3, Rayleigh or coherent scattering with 𝜎𝑒,Rayleigh ∝ 𝑍2/𝐸2, Compton effect or incoherent
scattering with 𝜎𝑒,Compton described by the Klein-Nishina formula [105]. One further interaction
with matter, namely pair production, arises only for 𝐸 > 1.022 MeV. The probability of each
interaction process varies with energy 𝐸 and atomic number 𝑍. In the case of tissues, body
fluids, and other materials in the human body, the Compton effect is the dominant process
within the diagnostic energy window for CT [103].
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(a) Full CTN range (b) Zoom in on soft tissue region

Figure 2.6: CT number (CTN) to stopping power ratio (SPR) conversion curve based on single-
energy CT (SECT) using the stoichiometric calibration procedure. (a) Full CTN range and (b) zoom
in on soft tissue region showing that the calibration is not unique.

Hounsfield scale

Since the linear attenuation coefficient is proportional to electron density (equation 2.9), the
contrast in CT mainly results from the density differences between organs. CTN, displayed as
gray values on a CT image, represent the relative difference in the linear attenuation coefficient of
a tissue compared to water at a given energy, multiplied by 1000 and are expressed in Hounsfield
units (HU) [106]:

CTN = 𝜇tissue − 𝜇water
𝜇water

⋅ 1000 (2.10)

Here, 𝜇tissue is the attenuation coefficient of the tissue and 𝜇water is the attenuation coefficient of
water. By convention, CT systems are calibrated so that the CTN of water is 0 HU and the CTN
of air is −1000 HU [106]. Fatty tissues have lower densities than water and CTN in the range
of −100 to −70 HU, whereas most soft tissues are slightly denser than water, having values
in the range of 20 to 70 HU [107]. Cortical bone reaches CTN of up to 2000 HU [107]. Due
to the 12-bit encoding, the CTN scale ranges from −1024 to +3071 HU, adequately covering
all human tissues. Artificially introduced materials of very high density, such as dental fillings,
metal prostheses, or undiluted contrast media (e.g., in the area of the access vein), may not
always be represented accurately in terms of their geometry and density, because CTN above
3071 HU are cut off and entered in the image as 3071 HU [107].

2.2.2 Stopping power ratio prediction from single-energy CT

Range prediction in clinical practice is based on a SECT scan of the patient. The CTN
acquired are converted either voxel-wise into SPR for analytical dose calculation [83] or into mass
densities and elemental compositions of tabulated human tissues for Monte Carlo-based dose
calculation [108]. Both types of dose calculation require a bilinear heuristic conversion known
as the Hounsfield look-up table (HLUT) (Figure 2.6a), which can be generated by empirical
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calibration [109] or stoichiometric calibration [83]. These conversion procedures depend on a
fit of data that are either experimentally acquired from tissue-equivalent materials or derived
from tabulated human tissues. The basic methodology of CTN-to-SPR conversion has remained
unchanged since the pioneering years of clinical particle therapy [36]. Yet the conversion process
introduces errors because SECT does not offer sufficient information to accurately estimate tissue-
specific quantities necessary for particle therapy treatment planning. The heuristic CTN-to-SPR
conversion curve is inherently ambiguous due to the different physical interaction mechanisms
involved: X-rays for imaging and ions for treatment. The values of both SPR and mass density
depend on the RED and EAN of the tissue and thus are not fully proportional to the X-ray
attenuation measured in the CT acquisition. Therefore, the CTN-to-SPR conversion curve has
certain limitations [22]:

• The calibration is not unique, as two materials may have the same CTN but different SPR,
and vice versa (Figure 2.6b). Therefore, there is no consistent one-to-one relationship (i.e.,
bijection) between CTN and SPR for different tissues and materials [19].

• A HLUT is static and not patient-specific, disregarding intra- and inter-patient variability
in tissue composition [110]. Such variability includes, for example, differences in age, sex,
and pathology, which cannot be adequately covered by a generic HLUT.

• Non-tissue materials, such as tooth fillings or surgical implants, often deviate greatly from
the HLUT and may therefore introduce errors in the dose distribution [111].

• Scanner- and protocol-specific calibration curves are defined somewhat arbitrarily. CT
imaging and CTN-to-SPR conversion protocols vary widely between centers, which leads
to inter-center variations in dose calculation and potentially confounds the results of
multi-center studies [36]. A consensus guideline for the specification of the HLUT has only
recently been established [112].

It remains a major challenge to reduce uncertainty in CT-based prediction of SPR and range [36].
The main reason for range uncertainty in treatment planning—which has remained at about 3.5%
of the absolute range, practically unchanged for decades—is the heuristic and indirect character
of CTN-to-SPR conversion [36]. One potentially promising solution to better characterize tissue
quantities from CT image acquisitions is to replace SECT imaging with DECT imaging [22].

2.2.3 Dual-energy CT

First introduced in the 1970s [113–117], DECT is an imaging technique that became clinically
applicable in 2006 with the introduction of a first-generation DSCT system [30, 118] and
provides both anatomical and tissue composition information in the form of energy-selective or
material-selective images [32, 34].

In SECT imaging using a single X-ray energy spectrum, materials with different elemental
compositions can exhibit the same CTN value [31]. Consequently, it can be challenging to
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differentiate and classify different tissue types and contrast agents. By using two different X-ray
spectra, DECT provides an additional attenuation measurement over a different energy spectrum
[31]. As a result, the two different tissues will in all likelihood not have the same CTN for both
energy spectra and the tissues can thus be differentiated. Using the two attenuation coefficient
maps from two different effective energy spectra, it is possible to express the image in terms of
fractions of two basis materials [119], such as water and bone, or in terms of different pairs of
physical parameters, such as RED and EAN.

Clinical applications

DECT can be used to improve material differentiation. For example, it is able to differentiate
kidney stones into uric acid and non-uric acid (i.e., calcium-containing) stones [120]; to distinguish
gout from pseudo-gout; to differentiate silicone breast implants from dense soft tissue; and
to remove bone from images, which improves visualization of contrast-enhanced vessels and
organs [31]. DECT can also be used to enhance material characterization by creating the
following: quantitative iodine and virtual non-contrast-enhanced maps for contrast-enhanced
images; quantitative calcium and virtual non-calcium maps; virtual monoenergetic images to
enhance tissue contrast and reduce metal artifacts; quantitative perfused blood volume images to
improve pulmonary embolism detection; and RED and EAN maps for radiotherapy applications
[31].

Dual-energy CT techniques

As of 2023, in clinical practice, there are multiple ways to acquire DECT data, including dual-
source CT, dual-spiral or sequential acquisition CT, fast kVp-switching CT, split-filter CT, and
dual-layer spectral CT (Figure 2.7) [35]. DSCT uses two X-ray tubes producing different voltages
with an angular offset of approximately 90∘ and two detectors to achieve dual-energy acquisition
and data processing [30]. SACT scans the entire volume sequentially at two different tube
potentials [121]. KVSCT uses a single X-ray tube that alternates rapidly between high and low
tube potentials multiple times within the same rotation [122]. SFCT uses a two-material filter at
the output of the tube, which results in the separation of the beam along the longitudinal axis
into low- and high-energy spectra, which are detected by their respective halves of the detector
[123]. DLCT employs a single X-ray tube paired with a dual-layer detector that detects two
energy levels simultaneously, with each layer having maximum sensitivity at different energies
[124–128].

The different technical implementations share a similar basic physical principle. For DECT
data acquisition, there are two main requirements: a sufficient difference in photon energies
between the two CT image acquisitions, and a minimal time interval between the two CT
acquisitions, which ideally occur at the same time [129]. The requirement concerning sufficient
energy difference controls noise levels in the post-processed images to ensure acceptable image
quality for diagnosis, and the requirement pertaining to the time interval ensures minimal
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(a) Dual-source CT (b) Sequential acquisition CT (c) Fast kVp-switching CT

(d) Split-filter CT (e) Dual-layer spectral CT

Figure 2.7: Schematic illustration of different dual-energy CT (DECT) techniques. Yellow represents
the low-energy spectrum and blue represents the high-energy spectrum. Figure adapted from [35].

registration errors between the images from the two CT acquisitions [129]. All DECT platforms
perform the same basic physical task of material decomposition during post-processing [129].

The strengths and limitations of the various currently available DECT acquisition techniques
have been expounded on in previous work [22, 31, 34, 35, 39] and are summarized in Table 2.1
with a focus on particle therapy treatment planning applications. The choice of the most suitable
DECT technique depends on the purpose of the application (e.g., presence of motion, body site)
and the relative effect of various parameters (e.g., tube current modulation, impact of scattering,
spectral separation) [22], and so it is difficult to give a general recommendation [126].

Stopping power ratio prediction from dual-energy CT

The use of DECT for treatment planning in particle therapy was first proposed in 1977 [29] and
rediscovered in 2009 [130, 131]. In 2010, it was demonstrated that DECT could estimate SPR
more accurately than SECT [37]. Since then, several mathematical models have been proposed
[37, 111, 132–149] to convert DECT image data into SPR maps that can be used as input for a
TPS. This thesis has aimed to investigate the potential of DECT, specifically DLCT, to reduce
the uncertainties related to ion beam range prediction.
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Table 2.1: Comparison of different dual-energy CT (DECT) acquisition techniques with a focus on
particle therapy treatment planning. Table adapted from publication I [126].

Technical
features

Dual-source
CT

Sequential
acquisition
CT

Fast
kVp-switching
CT

Split-filter CT Dual-layer
spectral CT

Spectral
mode

spectral mode
preselection,
prospective
results
generation

spectral mode
preselection,
prospective
results
generation

spectral mode
preselection,
prospective
results
generation

spectral mode
preselection,
prospective
results
generation

no special mode,
pro- and
retrospective
results
generation

Acquisition
mode

dedicated
dual-energy

dedicated
dual-energy

dedicated
dual-energy

dedicated
dual-energy

implicit
dual-energy

Temporal
coherence

high (quarter
rotation angular
offset)

low (large
offset)

high (nearly
perfect
alignment)

medium (half
collimation
offset)

perfect
alignment

Spatio-
temporal
resolution

full capabilities full capabilities limited
capabilities
(impaired
spatial
resolution)

full capabilities full capabilities

Availability
of dose
modulation

yes (individual
tube current
modulation)

yes (individual
tube current
modulation)

no (no tube
current
modulation)

yes (tube
current
modulation)

yes (tube
current
modulation)

Spectral
separation

very high (with
additional tin
filtration)

very high medium
(“smearing of
spectra” due to
finite
kV-switching
times)

low medium

Cross-
scatter
occurrence

between
source–detector
systems

no no between
detector rows
(halves)
separated by
the system’s
central vertical
plane

between
detector layers

Field-of-
view

limited (up to
350 mm)

full full full full

Time-
resolved
respiratory
imaging

practicable with
post-processing
phase matching

practicable with
post-processing
phase matching

practicable with
post-processing
phase matching

practicable with
post-processing
phase matching

no technical
limitations

Contrast-
enhanced
imaging

multi-phase
(arterial and
venous phases)

restricted to
late or delayed
phase

multi-phase
(arterial and
venous phases)

restricted to
late or delayed
phase

multi-phase
(arterial and
venous phases)

Spectral
decomposi-
tion

image-based
material
decomposition

image-based
material
decomposition

projection-based
material
decomposition

image-based
material
decomposition

projection-based
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3
Publications

The thesis is presented in a cumulative format in accordance with the guidelines of the Depart-
ment of Physics and Astronomy of Heidelberg University. The thesis includes three manuscripts
published in internationally recognized, peer-reviewed journals. The publications are referenced
by Roman numerals. I am the first author of publications I, II, and III. None of the publications
has been used in other dissertations.

List of publications:

• Publication I
Friderike K. Longarino, Antonia Kowalewski, Thomas Tessonnier, Stewart Mein, Benjamin
Ackermann, Jürgen Debus, Andrea Mairani, Wolfram Stiller. Potential of a Second-
Generation Dual-Layer Spectral CT for Dose Calculation in Particle Therapy Treatment
Planning. Frontiers in Oncology (2022) 12:853495. DOI: 10.3389/fonc.2022.853495

• Publication II
Friderike K. Longarino, Thomas Tessonnier, Stewart Mein, Semi B. Harrabi, Jürgen Debus,
Wolfram Stiller, Andrea Mairani. Dual-layer spectral CT for proton, helium, and carbon
ion beam therapy planning of brain tumors. Journal of Applied Clinical Medical Physics
(2022) 23(1):e13465. DOI: 10.1002/acm2.13465

• Publication III
Friderike K. Longarino, Christopher Herpel, Thomas Tessonnier, Stewart Mein, Benjamin
Ackermann, Jürgen Debus, Franz Sebastian Schwindling, Wolfram Stiller, Andrea Mairani.
Dual-energy CT-based stopping power prediction for dental materials in particle therapy.
Journal of Applied Clinical Medical Physics (2023) 24(8):e13977. DOI: 10.1002/acm2.13977

3.1 Thematic overview

Clinical treatment planning requires accurate beam range prediction in order to optimize targeted
dose delivery in particle therapy. In this thesis, DLCT was investigated experimentally and
clinically as a potential technique for obtaining patient-specific SPR estimates and for improving
particle range prediction, an improvement that would minimize the uncertainty in the beam
range and allow for reduced safety margins in the patient. To this end, the potential of DLCT
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Figure 3.1: Thematic overview of the three publications.

as an alternative to SECT for improved SPR prediction was investigated in three different
experimental settings and clinical scenarios. First, the potential of DLCT versus SECT for
dose calculation in particle therapy treatment planning was investigated using tissue-equivalent
material inserts, anthropomorphic phantoms, and non-tissue materials. Second, the clinical
impact of using DLCT versus SECT for particle therapy treatment planning of brain tumors
was analyzed in a retrospective patient study. Third, DECT-based SPR prediction for patients
with dental materials, a specific case in particle therapy, was investigated. A thematic overview
of the publications is shown in Figure 3.1. The main findings of the publications are briefly
stated below. The original manuscripts can be found in sections 3.2 to 3.4, and supplementary
material for each publication is included in the appendix.

Publication I investigated the use of a second-generation DLCT system (Spectral CT 7500,
Philips Healthcare) as an alternative to conventional SECT for SPR prediction. To evaluate
DLCT-based SPR prediction, a comprehensive workflow for particle therapy treatment planning
was established based on quantitative measurements of RED and EAN using the Bethe equation
(Figure 3.2). DLCT-based SPR prediction accuracy was evaluated in the case of tissue-equivalent
materials and common non-tissue implant materials. In each instance, it was found that, in
comparison to SECT, DLCT reduced the uncertainty in SPR predictions. The relative mean
deviation from measured SPR values for tissue-equivalent materials was 1.6% in the case of SECT
and 0.7% in the case of DLCT. The accuracy in SPR remained unaffected by the CT acquisition
settings, reconstruction parameters, or the size and type of the phantom. For DLCT-based proton,
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Figure 3.2: Principle of predicting stopping power ratio (SPR) for particle therapy treatment
planning based on dual-layer spectral CT (DLCT). A dual-layer detector that detects two energy
spectra enables the simultaneous acquisition of low- and high-energy data, which then allows for
material decomposition in the projection-space domain. The data are reconstructed and processed to
obtain spectral images, such as relative electron density (RED) and effective atomic number (EAN),
to predict SPR and plan particle therapy treatments.

helium, and carbon ion beam therapy treatment planning, end-to-end tests were performed with
anthropomorphic, geometrically complex head and pelvic phantoms in clinical-like settings. In
these end-to-end tests, where ionization chamber array measurements were used as a reference,
3D gamma passing rates were observed to be higher for the DLCT-predicted dose distributions
than for the SECT-predicted dose distributions, which indicated that SPR prediction with
DLCT outperformed the conventional SECT standard. Additionally, the DLCT-based range
prediction was demonstrated to be highly accurate in that the measured evaluation layers at
the distal edge and their predicted positions were within 1 mm of each other. The investigation
showed that, compared to SECT systems currently used in clinics, DLCT systems can result in
a closer agreement between the planned and delivered dose in particle therapy.

Publication II evaluated DLCT-based SPR prediction for treatment planning with proton,
helium, and carbon ion beams for brain tumors. A clinical comparison between DLCT- and
SECT-based SPR prediction was conducted in anatomical regions of homogeneous as well as
heterogeneous tissues. The study assessed the feasibility and clinical viability of using DLCT-
based SPR prediction for particle therapy treatment planning. The study included eight patients
who were scanned by using DLCT for diagnostic purposes. Four different treatment plans for
simulated target volumes in various regions of the brain were devised for each patient. The
DLCT- and SECT- based approaches showed mean SPR differences of approximately 1% for
homogeneous anatomical regions. In treatment plans optimized for heterogeneous anatomy,
investigations at the distal fall-off revealed relative (absolute) proton range shifts of 0.6% (0.4 mm)
in the mean and up to 4.4% (2.1 mm). Additionally, 12% of the OARs evaluated in the studied
cohort demonstrated differences in mean or maximum dose of over 0.5 Gy(RBE) and up to
6.8 Gy(RBE) over the entire treatment. The range shifts and dose differences in OARs that were
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observed between DLCT- and SECT-based treatment plans were similar in the case of proton,
helium, and carbon ion beams. In most cases studied (75th percentile), range estimates based
on DLCT and SECT were within 0.6 mm. Nevertheless, clinically relevant deviations in range
prediction between DLCT and SECT were observed in heterogeneous anatomical sites, inviting
continued investigation in larger and more diverse cohorts. The findings of this study suggest
that the use of DLCT in treatment planning may be beneficial for patients with brain tumors.

Publication III investigated DECT-based SPR prediction for head and neck particle therapy
for patients with dental implant and restoration materials, a not infrequent, yet challenging
scenario. Dental materials of uncertain stoichiometric composition can substantially impair
particle therapy planning because of the associated uncertainties in SPR prediction. This
study investigated the use of two DECT techniques, namely DLCT and SACT, to profile the
characteristics of and offset the potential problems caused by commonly used dental materials
during particle therapy treatment planning. The radiological material parameters of ten dental
materials were determined. DECT- and SECT-based SPR predictions of dental materials were
compared. The following abbreviations were used in this study: SECT-based SPR prediction
with SACT at 140 kVp (SE-140-SACT), DECT-based SPR prediction with SACT using a
DirectSPR implementation (DE-DirectSPR-SACT), DECT-based SPR prediction with SACT
using the RhoZ-method (DE-RhoZ-SACT), SECT-based SPR prediction with DLCT at 120 kVp

(SE-120-DLCT), and DECT-based SPR prediction with DLCT using the RhoZ-method (DE-
RhoZ-DLCT). Overall, in comparison to SECT, DECT was found to reduce the SPR prediction
uncertainty in dental materials, though the usefulness of DECT methods was impaired when
applied to materials containing elements of a high atomic number. DECT-based treatment
planning for helium ion therapy in an anthropomorphic head phantom with a removable tooth
containing lithium disilicate showed that DECT-based techniques predicted similar ranges for
beams unobstructed by dental material. In the case of ion beams that passed through the lithium
disilicate restoration, SPR prediction based on DE-DLCT, which employs a projection-based
method, most closely agreed with the measured reference data, with a range deviation of 0.2 mm.
Thus, the management of certain dental implant and restoration materials may be improved by
DECT-based SPR prediction, leading to increased accuracy in dose prediction.

In sum, the studies have demonstrated the ability of DLCT to directly predict patient-
specific SPR and the feasibility of its use in treatment planning with proton, helium, and
carbon ion beams. DLCT was more accurate than SECT in predicting SPR in tissue-equivalent
materials, anthropomorphic phantoms, and non-tissue materials. A retrospective patient study
demonstrated the potential benefit of using DLCT in treatment planning for brain tumors. In
the case of patients with dental implant and restoration materials, predicting SPR based on
DECT may improve dental management for patients undergoing head and neck particle therapy.
Further clinical studies in larger patient cohorts and other treatment regions will further quantify
the potential benefits of DLCT and estimate the potential reduction in range uncertainty, which
could lead to smaller safety margins for high-precision particle therapy.
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Potential of a Second-Generation
Dual-Layer Spectral CT for Dose
Calculation in Particle Therapy
Treatment Planning
Friderike K. Longarino1,2,3†, Antonia Kowalewski2,4,5†, Thomas Tessonnier6,
Stewart Mein2,4,6,7,8, Benjamin Ackermann6, Jürgen Debus1,2,6,7,8,9,
Andrea Mairani2,6,8,10*‡ and Wolfram Stiller11*‡

1 Clinical Cooperation Unit Radiation Oncology, German Cancer Research Center (DKFZ), Heidelberg, Germany,
2 Department of Radiation Oncology, Heidelberg University Hospital, Heidelberg, Germany, 3 Department of Physics and
Astronomy, Heidelberg University, Heidelberg, Germany, 4 Translational Radiation Oncology, German Cancer Research
Center (DKFZ), Heidelberg, Germany, 5 Department of Physics, Simon Fraser University, Burnaby, BC, Canada, 6 Heidelberg
Ion Beam Therapy Center (HIT), Heidelberg, Germany, 7 Heidelberg Institute of Radiation Oncology (HIRO), National Center
for Radiation Research in Oncology (NCRO), Heidelberg, Germany, 8 National Center for Tumor Diseases (NCT),
Heidelberg, Germany, 9 German Cancer Consortium (DKTK), Core Center Heidelberg, Heidelberg, Germany, 10 Medical
Physics, National Center of Oncological Hadrontherapy (CNAO), Pavia, Italy, 11 Diagnostic and Interventional Radiology (DIR),
Heidelberg University Hospital, Heidelberg, Germany

In particle therapy treatment planning, dose calculation is conducted using patient-
specific maps of tissue ion stopping power ratio (SPR) to predict beam ranges.
Improving patient-specific SPR prediction is therefore essential for accurate dose
calculation. In this study, we investigated the use of the Spectral CT 7500, a second-
generation dual-layer spectral computed tomography (DLCT) system, as an alternative to
conventional single-energy CT (SECT) for patient-specific SPR prediction. This dual-
energy CT (DECT)-based method allows for the direct prediction of SPR from quantitative
measurements of relative electron density and effective atomic number using the Bethe
equation, whereas the conventional SECT-based method consists of indirect image data-
based prediction through the conversion of calibrated CT numbers to SPR. The
performance of the Spectral CT 7500 in particle therapy treatment planning was
characterized by conducting a thorough analysis of its SPR prediction accuracy for
both tissue-equivalent materials and common non-tissue implant materials. In both
instances, DLCT was found to reduce uncertainty in SPR predictions compared to
SECT. Mean deviations of 0.7% and 1.6% from measured SPR values were found for
DLCT- and SECT-based predictions, respectively, in tissue-equivalent materials.
Furthermore, end-to-end analyses of DLCT-based treatment planning were performed
for proton, helium, and carbon ion therapies with anthropomorphic head and pelvic
phantoms. 3D gamma analysis was performed with ionization chamber array
measurements as the reference. DLCT-predicted dose distributions revealed higher
passing rates compared to SECT-predicted dose distributions. In the DLCT-based
treatment plans, measured distal-edge evaluation layers were within 1 mm of their
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predicted positions, demonstrating the accuracy of DLCT-based particle range
prediction. This study demonstrated that the use of the Spectral CT 7500 in particle
therapy treatment planning may lead to better agreement between planned and delivered
dose compared to current clinical SECT systems.

Keywords: dual-layer spectral CT, particle therapy, Spectral CT 7500, stopping power ratio, range uncertainty,
treatment planning

1 INTRODUCTION

The central goal of modern radiotherapy is the delivery of
maximum radiation dose to tumors while minimizing
radiation dose to healthy surrounding tissue. Particle therapy
offers promising advancements in this regard (1), thanks to the
favourable depth-dose curve of charged particles compared to
conventional photon beams (X-rays) (2). However, to take full
advantage of the benefits of particle therapy, it is essential to have
precise, accurate, and patient-specific predictions of particle
ranges within the body (3). For clinical treatment planning,
predicted particle ranges are calculated from ion stopping
power ratio (SPR) maps, which are in turn derived from
patient computed tomography (CT) data. At present, CT
numbers (CTNs) from single-energy CT (SECT) images are
converted to SPR values using a generic, empirically validated
conversion function called a Hounsfield look-up table (HLUT)
(Supplementary Figure 1). This approach to SPR prediction is a
main source of beam range uncertainty, as HLUTs do not
account for degeneracies between CTN and SPR values, nor
for variability in tissue composition between patients (4–8).

Recently, dual-energy CT (DECT), clinically introduced for
diagnostic imaging in 2006 (9), has been investigated as an
alternative to SECT. In DECT, two CT data sets are acquired
using different X-ray spectra, enabling the generation of relative
electron density (ED) and effective atomic number (EAN) maps
(10). From ED and EAN data, SPR values can be calculated through
the Bethe equation without the need for a pre-defined HLUT
(10, 11). Both theoretical (5, 10) and experimental (5, 12–22)
studies have shown DECT to improve SPR prediction accuracy
over SECT. Several imaging techniques and modalities exist to
achieve DECT results, including dual-spiral, dual-source, rapid kV
switching, twin-beam, and dual-layer technologies (7)
(Supplementary Tables 1, 2). Of these, dual-layer spectral CT
(DLCT) employs a double-layer detector to simultaneously acquire
high- and low-energy X-ray data (23). This avoids exposing the
patient to additional radiation (21), and achieves synchronicity
between the low- and high-energy data acquisitions over the full
scan field-of-view, facilitating the imaging of moving organs (24).

At present, the SPR prediction accuracy of DLCT has only
been investigated using the Philips IQon Spectral CT (Philips
Healthcare, Best, The Netherlands) (21, 22, 24–27). Here, we
investigate the SPR prediction accuracy of the new Philips
Spectral CT 7500 (Philips Healthcare, Best, The Netherlands),
commissioned at the Heidelberg University Hospital (Germany)
for diagnostic use in February 2021 and officially released in May

2021. This scanner offers advantages over the Philips IQon
Spectral CT, including a new high-performance patient table, a
larger (anatomical) detector coverage enabling a greater number
of simultaneously acquired slices per rotation (up to 256 versus
128), and a larger bore size (Supplementary Table 3). The large
bore size of 800 mm allows for easier access to patients, and
better accommodation of patient accessories and obese patients.
Furthermore, the Philips Spectral CT 7500 allows the generation
of spectral results at 100, 120, and 140 kVp.

We seek to validate the Philips Spectral CT 7500 for particle
therapy treatment planning by conducting a thorough analysis of
its SPR prediction accuracy for both tissue-equivalent materials and
common non-tissue implants. To our knowledge, this is the first
study conducted on second-generation DLCT systems (i.e.,
Spectral CT 7500) and here we focus specifically on applications
to particle therapy. We employed the same methodology as in the
relevant publications on the first-generation system (22, 25, 27) in
order to allow for direct comparability to results from prior studies.
Furthermore, we perform end-to-end analyses for proton, helium
ion, and carbon ion therapies with anthropomorphic head and
pelvic phantoms.

2 MATERIALS AND METHODS

2.1 CT Image Acquisition and
Reconstruction
All images were acquired using the Philips Spectral CT 7500
scanner (Philips Healthcare, Best, The Netherlands) at the
Heidelberg University Hospital with a standardized head or body
protocol at 120 kVp. The image acquisition settings and
reconstruction parameters for head and body protocols are
specified in Supplementary Table 4, and are based on current
state-of-the-art clinical protocols used for particle therapy planning
at the Heidelberg Ion BeamTherapy Center (HIT, Germany). Both
SECT and DLCT image data are automatically generated from the
same raw data set for each acquisition on the Spectral CT 7500
scanner, enabling a direct comparison of the two techniques.

Image reconstruction was performed using the iDose4

algorithm at levels 0, 3, and 6 (Philips Healthcare, Best, The
Netherlands). The iDose4 algorithm uses a hybrid iterative
reconstruction technique to reduce image noise, and has levels
ranging from 0 to 6, where higher levels correspond to greater
noise reduction. In this context, an iDose4 level of 0 corresponds
to conventional filtered back-projection image reconstruction.
For imaging of metallic materials, the Philips orthopedic metal
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artifact reduction algorithm (O-MAR) (Philips Healthcare, Best,
The Netherlands) was also applied.

2.2 SPR Prediction and Validation in
Geometric Phantoms
The SPR prediction accuracy of the Philips Spectral CT 7500
scanner was first investigated using a number of custom
cylindrical polymethyl methacrylate (PMMA) phantoms with
tissue-equivalent inserts spanning the range of clinically relevant
CTNs (Figure 1). Five PMMA phantoms were used to simulate
different patient sizes: two one-bore cylinders of height 46.0 cm
and radius 5.0 cm (“LCT”, “long cylinder thin”) and 8.0 cm
(“LC”, “long cylinder”), two nine-bore cylinders of height
10.0 cm and radius 8.0 cm (“SC”, “short cylinder”) and
16.0 cm (“SCB”, “short cylinder big”), and a roughly human-
shaped pelvis. Thirteen tissue-equivalent cylindrical inserts
(Gammex Electron Density CT Phantom 467, Gammex-RMI,
Middleton, WI, USA) of height 7.0 cm and radius 1.4 cm were
used as bore inserts: cortical bone, CB2 50%, CB2 30%, inner
bone, muscle, brain, adipose, true water, liver, solid water, breast,
bone mineral, and lung. Reference SPR values of these inserts
were determined experimentally at HIT by measuring the range
shift of a carbon ion beam in a water absorber (Peakfinder Water
Column, PTW-Freiburg, Freiburg, Germany). Carbon ions were
used for the measurement due to their sharper Bragg peak,
reduced lateral scattering, and reduced range straggling
compared to protons (22). The inserts were placed in the
phantoms in specific configurations to minimize artifacts
caused by the high-density bone-equivalent inserts (14).

Furthermore, a selection of materials commonly found in
non-tissue implants were scanned for SPR prediction. The metals
aluminum and titanium and a carbon/PEEK-titanium composite
(icotec ag, Altstätten, Switzerland) were imaged in the LC
phantom, along with the special materials PMMA,
TECAFORM® and TECAPEEK® (Ensinger GmbH, Nufringen,
Germany), and Teflon™ (The Chemours Company,
Wilmington, DE, USA). In addition, PALACOS® R + G bone
cement (Heraeus, Hanau, Germany) was imaged in a water bath.

2.2.1 Calculation of Predicted SPR Values Based on
Quantitative DLCT Data
Predicted SPR values were calculated from DLCT-generated ED
and EAN maps using the Bethe equation neglecting higher order
correction terms (11), as described in Faller et al. (22). The mean
excitation energy (I-value) of the tissue was calculated from EAN
data using the method outlined in Yang et al. (10). The I-value of
water was set to 78.73 eV, consistent with the values proposed by
Bär et al. (28) and the International Commission on Radiation
Units and Measurements (29). A fixed particle kinetic energy of
100 MeV per nucleon was assumed, as recommended by Inaniwa
& Kanematsu (30), since the energy dependence of SPR
prediction is minimal in the therapeutic range (31).

2.2.2 Calculation of Predicted SPR Values Based on
Conventional SECT Image Data
For each of the two imaging protocols (head and body), an
HLUT was generated from 120 kVp SECT image data acquired

FIGURE 1 | Custom polymethyl methacrylate (PMMA) phantoms with tissue-equivalent inserts in axial view. (A) LCT (“long cylinder thin”) phantom, (B) LC (“long
cylinder”) phantom, (C) SC (“short cylinder”) phantom, (D) SCB (“short cylinder big”) phantom, (E) LC (“long cylinder”) phantom (in coronal view), (F) pelvis phantom.
Window level/window width = 40/400 HU.
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using the given protocol. A two-parameter stoichiometric
parametrization (11, 32) was applied to generate the HLUT,
following the current clinical protocol at HIT (33). The generated
HLUT was then used to convert CTNs to SPR values
(Supplementary Figure 1).

2.2.3 Assessment of DLCT- and SECT-Based
SPR Predictions
Predicted SPR values of cylindrical phantom inserts were
extracted for analysis using circular regions-of-interest (ROIs)
with a size of ~70% of the inserts’ cross-sectional diameters. This
strategy avoided possible artifacts caused by gradient effects to
the surrounding PMMA near the insert–phantom boundary.
ROI slices towards both ends of the inserts were also excluded for
similar reasons. Predicted SPR values of the PALACOS® R + G
bone cement, imaged in a water bath, were extracted for analysis
using a similar method, where ROIs were evaluated at cross-
sectional locations along the longest axis of the bone
cement sample.

The agreement of predicted SPR values (SPRpre) with
reference values (SPRref) was quantified using relative residuals,
defined as

relative residual =
SPRpre − SPRref

SPRref
· 100%

For each phantom–protocol combination, the mean overall
relative residual was computed using the formula

mean overall relative residual =
1
No

N
i=1 relative residualj j

Additionally, for each phantom–protocol combination, the
root-mean-square error (RMSE) and Pearson’s correlation
coefficient (r) between predicted and reference SPR values were
determined, using the formulas

RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
No

N

i=1
SPRpre,i − SPRref ,i

� �2s

and

r =
SN
i=1(SPRref ,i − SPRref )(SPRpre,i − SPRpre)ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

SN
i=1(SPRref ,i − SPRref )

2
q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

SN
i=1(SPRpre,i − SPRpre)

2
q

respectively. In both cases, N is the number of cylindrical inserts
in a given phantom. In the Pearson’s correlation coefficient
formula, the bars represent arithmetic means.

Finally, predicted SPR values were fitted to reference values
using linear regression, with parameters a and d:

SPRpre = a · SPRref + d

Pearson’s correlation coefficient (r) and linear regression
fitting parameters (a and d) were used to quantify the
agreement of DLCT- and SECT-based SPR predictions with
measured reference values.

2.2.4 Evaluation of DLCT-Based Mass
Density Calculation
We implemented and evaluated the DEEDZ-MD method
proposed by Saito (34) to derive mass density (r) from DLCT
data. r was calculated from DLCT-based ED (re) and EAN (Zeff)
values, with the EAN of water being Zeff,w:

r = re + reo2
n=0en

Zeff

Zeff ,w

 !m

−1

( )n

The value of m was set to 3.3, as determined in Saito & Sagara
(35), and the same human tissue-specific parameters (en) as
obtained in Saito (34) were employed.

2.3 Treatment Planning and Dosimetric
Validation With Anthropomorphic Head
and Pelvic Phantoms
The clinical benefits of SPR prediction based on DLCT data were
investigated and comparedwith the currently applied SECT approach
by using tissue-equivalent anthropomorphic head (Proton Therapy
Dosimetry Head, Model 731-HN) and pelvic (Virtual Human Male
Pelvis Phantom, Model 801-P) phantoms (Computerized Imaging
Reference Systems, Inc. (CIRS), Norfolk, VA, USA).

Treatment planning optimizations with a dose grid of 1 mm
were performed with RayStation Treatment Planning System v10
(RaySearch Laboratories AB, Stockholm, Sweden), using the
Monte-Carlo dose engine for proton beams and the pencil beam
dose engine for heliumand carbon ion beams (Figure 2). The target
position for each anthropomorphic phantomwas selected such that
it was located underneath multiple different tissue-equivalent
layers, in order to test the various range prediction methods in
heterogenous conditions. For the head phantom, an 8 x 8 x 3 cm3

target volume located at the mid-head was optimized for a physical
dose of 1 Gy (Figure 2A). For the pelvic phantom, two target types
were optimized for a physical dose of 1Gy: a prostate-like geometry
of52 cm3 (Figure2B) anda6x6x6 cm3 target volume (Figure2C).

Treatment planning was initially performed with a
conventional clinically-employed SECT scanner (SOMATOM
Confidence, Siemens Healthcare GmbH, Erlangen, Germany)
with a CT resolution of 0.977 x 0.977 x 1 mm3 (head)/0.977 x
0.977 x 2 mm3 (pelvis). Following plan optimization, forward
dose calculations were performed on two additional (image)
datasets from the Philips Spectral CT 7500: one using the SECT
approach and one using the DLCT approach for SPR prediction.

Dosimetric measurements were acquired at HIT with the
OCTAVIUS® 1000SRS P (PTW, Freiburg, Germany) prototype
2D ionization chamber array detector for proton, helium ion, and
carbon ion beam treatment plans, as described in previous works
(36). For both phantoms, measurements were performed in the
high-dose area and at different positions along the distal edge. For
the head phantom, irradiation was performed using the gantry at an
angle of 0° with the half-head phantom placed on top of the
OCTAVIUS® detector (Supplementary Figure 2A). For the
pelvic phantom, irradiation was performed using the horizontal
beam line with the half-pelvic phantom placed in front of the
OCTAVIUS® detector (Supplementary Figure 2B).
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Dose distributions were compared using a 3D gamma
analysis (37) for local calculation with a passing criterion of
3%/1.5 mm using a low dose cut-off of 5% of the maximum dose.

3 RESULTS

3.1 CT Image Acquisition
and Reconstruction
CT (image) data acquired using the head and body protocols
produced similarly accurate SPR predictions (Supplementary
Tables 5, 6). As such, all reports of SPR prediction accuracy for
the remainder of the study are based on CT images acquired using
the body protocol, unless otherwise specified.

Similarly, the iDose4 level used in image reconstruction was
found to have no significant effect on the accuracy and standard
deviation of predicted SPR values (Supplementary Tables 5, 6).
Therefore, all results reported for the remainder of the study are
based on CT (image) data reconstructed using iDose4 level 0 (that is,
with minimum additional iterative post-processing), unless
otherwise specified.

3.2 SPR Prediction and Assessment in
Geometric Phantoms
For tissue surrogates, SPR values predicted using DLCT were
consistently closer to reference values than SPR values predicted
using SECT in all five phantoms (Figure 3; Tables 1, 2).
Pearson’s correlation coefficient (r) and linear regression fitting
parameters (a and d) confirmed higher agreement between
measured and DLCT-predicted SPR values compared to SECT-
predicted SPR values (Tables 1, 2). For consistency over all
tissue-equivalent inserts, we focus solely on the LCT, LC, SC, and
SCB phantoms for the remainder of the study, as not all inserts
were imaged in the pelvis phantom.

For the LCT phantom, DLCT-based SPR prediction had a
mean overall relative residual of 0.7% (range: [-0.3, 1.4]%) while
SECT-based SPR prediction had a mean overall relative residual
of 1.8% (range: [-5.7, 5.3]%) (Figure 3A). For the LC phantom,
DLCT-based SPR prediction had a mean overall relative
residual of 0.7% (range: [-1.4, 1.6]%) while SECT-based SPR
prediction had a mean overall relative residual of 1.5% (range:
[-5.3, 4.7]%) (Figure 3B). For the SC phantom, DLCT-based

SPR prediction had a mean overall relative residual of 0.6%
(range: [-1.1, 1.5]%) while SECT-based SPR prediction had a
mean overall relative residual of 1.5% (range: [-5.2, 4.3]%)
(Figure 3C). Finally, for the SCB phantom, DLCT-based SPR
prediction had a mean overall relative residual of 0.7% (range:
[-1.2, 1.8]%) while SECT-based SPR prediction had a mean
overall relative residual of 1.7% (range: [-4.3, 3.5]%)
(Figure 3D). Across all four phantoms, the average mean
overall relative residual was 0.7% for DLCT-based SPR
prediction and 1.6% for SECT-based SPR prediction.

Accuracies of DLCT- and SECT-based SPR predictions across
different non-tissue implant materials are listed in Table 3. DLCT
substantially outperformed SECT in predicting SPR values for all
non-tissue materials. For the metals aluminium and titanium, SPR
prediction accuracy was similar with and without the metal artifact
reduction algorithm O-MAR. The HLUT derived in the SECT-
based approach is shown together with the eight non-tissue
implant materials in Supplementary Figure 1.

Experimental validation of the DEEDZ-MD method for
determining mass density was performed using the tissue-
equivalent inserts in the SC phantom, yielding a relative mean
deviation of -1.4% compared to the vendor’s provided mass
density data (Gammex Electron Density CT Phantom 467,
Gammex-RMI, Middleton, WI, USA).

For the SC phantom, the effect of lowering the tube current-time
product on SPR prediction accuracy was also investigated. The tube
current-time product was lowered from 300 mAs to 250 mAs and
200 mAs with no adverse effect on the SPR prediction accuracy and
its standard deviation. Increasing the tube voltage from 120 kVp to
140 kVp while using a tube current-time product of 200 mAs
resulted in approximately the same volume CT dose index
(CTDIvol) as for the standard clinical protocol. DLCT-based SPR
prediction using these CT acquisition settings (140 kVp/200 mAs)
had amean overall relative residual of 0.6%, which is equal to that of
the 120 kVp/300 mAs protocol.

3.3 Treatment Planning and Dosimetric
Validation With Anthropomorphic Head
and Pelvic Phantoms
3D gamma analysis (3%/1.5 mm) using local calculation
between SECT- and DLCT-based dose distributions and
dosimetric measurements acquired with the OCTAVIUS®

FIGURE 2 | Proton therapy treatment plans designed with the RayStation Treatment Planning System. (A) Head phantom with an 8 x 8 x 3 cm3 target volume,
(B) pelvic phantom with a prostate-like target volume of 52 cm3, (C) pelvic phantom with a 6 x 6 x 6 cm3 target volume.
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ionization chamber array using the anthropomorphic head
phantom revealed substantial agreement between measured
and calculated dose distributions (Tables 4, 5). For all
three ion types, DLCT-based dose distributions showed
higher 3D gamma passing rates compared to SECT-based
dose distributions.

For the head phantom, the 3D gamma passing rates
(3%/1.5 mm) were 98.8% (1H), 97.9% (4He), and 97.0% (12C)
using DLCT for the high-dose area of the target volume. For
DLCT, the measured distal position of the 72% (1H)/55% (4He)/
53% (12C) dose level of the target volume was within 1 mm of the
predicted distal position of the respective dose level with 3D
gamma passing rates (3%/1.5 mm) of 97.4% (1H), 84.6% (4He),
and 86.5% (12C) (Table 4).

For the pelvic phantom, the 3D gamma passing rates
(3%/1.5 mm) were 99.3% (1H), 99.4% (4He), and 99.5% (12C)

using DLCT for the high-dose area of the prostate-like
geometry and 98.1% (1H), 99.4% (4He), and 93.7% (12C) for
the high-dose area of the cubic target volume. For DLCT, the
measured distal position of the 64% (1H)/63% (4He)/80% (12C)
dose level of the cubic target volume was within 1 mm of the
predicted distal position of the respective dose level with 3D
gamma passing rates (3%/1.5 mm) of 99.9% (1H), 91.1% (4He),
and 97.6% (12C) (Table 5).

4 DISCUSSION

4.1 Key Findings
In this study, we performed a thorough analysis of the use of the
Philips Spectral CT 7500 DLCT system for SPR prediction in
particle therapy treatment planning. For this purpose, we

A B

C D

FIGURE 3 | Relative residuals for DLCT- and SECT-based SPR predictions compared to reference values. (A) LCT (“long cylinder thin”) phantom, (B) LC (“long
cylinder”) phantom, (C) SC (“short cylinder”) phantom, and (D) SCB (“short cylinder big”) phantom. The measurement of the LCT phantom was performed without
the lung insert, as the lung insert did not fit into the LCT phantom due to its slightly larger diameter. Note the different scaling of the y-axis in (A).
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experimentally verified DLCT-based SPR prediction accuracy
and its impact on dose calculation in particle therapy planning
with a Spectral CT 7500 scanner using tissue surrogates and non-
tissue implant materials as well as anthropomorphic head and
pelvic phantoms. To our knowledge, this is the first study to
investigate this second-generation DLCT system for application
in particle therapy. Moreover, this study presents the first
dosimetric validation of DECT-based dose prediction using
anthropomorphic phantoms for helium and carbon ion
treatment plans. It is important to investigate DECT-based
SPR prediction for helium and carbon ions since the impact of
range uncertainty for these ion beams may lead to sizeable
biological dose deviation, given the sharp gradients of linear
energy transfer (LET) and relative biological effectiveness (RBE)
end-of-range (38).

For tissue-equivalent materials, DLCT exhibited greater SPR
prediction power, in general, compared to SECT with mean
overall relative residuals of 0.6–0.7% for DLCT-based
predictions and 1.5–1.8% for SECT-based predictions
(Figure 3; Tables 1, 2). Ranges represent the variability
introduced by four di fferent phantom geometr ies .

Furthermore, there are individual differences in the tissue-
equivalent inserts, as discussed in Faller et al. (22). The larger
residuals of SECT-based SPR predictions for certain tissue-
equivalent inserts (i.e., bone mineral, brain, and inner bone
substitutes) (Figure 3) may in part result from differences
between the elemental composition of the tissue surrogate
inserts and their real tissue counterparts (39).

In clinical practice, many complicating factors to straight-
forward SPR prediction exist, such as the presence of artifact-
inducing implants in patients. Therefore, we also validated the
use of DLCT for SPR prediction in eight common non-tissue
implant materials. DLCT again outperformed SECT, although
relative residuals for both approaches were significantly greater
than those for tissue-equivalent materials: 1.0–18.4% for
DLCT-based predictions, and -6.7%–45.0% for SECT-based
predictions (Table 3). To illustrate the importance of SPR
prediction for non-tissue implant materials, we consider the
example of PALACOS® R + G bone cement. This common
component of artificial joints is made mostly of PMMA and
zirconium dioxide. Despite the presence of zirconium dioxide,
a high-atomic-number material, the SPR of PALACOS® R + G

TABLE 3 | Accuracy of SECT- and DLCT-based SPR predictions across different non-tissue materials.

Material Relative residual SECT Relative residual DLCT

Aluminium -7.5 6.9
Carbon/PEEK-titanium composite -16.8 1.0
Palacos bone cement 45.0 8.1
PMMA -6.7 1.3
Tecaform -13.7 2.2
Tecapeek -11.0 1.7
Teflon -19.8 4.4
Titanium -28.0 18.4

TABLE 2 | Accuracy of SECT-based SPR predictions across five different PMMA phantoms: LCT (“long cylinder thin”) phantom, LC (“long cylinder”) phantom, SC
(“short cylinder”) phantom, SCB (“short cylinder big”) phantom, and a roughly human-shaped pelvis.

Phantom LCT LC SC SCB Pelvis

Mean overall relative residual 1.833 1.538 1.514 1.685 0.859
RMSE 0.0307 0.0255 0.0243 0.0245 0.0101
r 0.9908 0.9956 0.9958 0.9962 0.9996
a 1.046 1.012 1.007 0.965 1.003
d -0.044 -0.009 -0.008 0.033 -0.005

The table shows the mean overall relative residual, root-mean-square error (RMSE), Pearson's correlation coefficient (r), and linear regression fitting parameters (a and d).

TABLE 1 | Accuracy of DLCT-based SPR predictions across five different PMMA phantoms: LCT (“long cylinder thin”) phantom, LC (“long cylinder”) phantom, SC
(“short cylinder”) phantom, SCB (“short cylinder big”) phantom, and a roughly human-shaped pelvis.

Phantom LCT LC SC SCB Pelvis

Mean overall relative residual 0.688 0.725 0.613 0.675 0.816
RMSE 0.0093 0.0084 0.0056 0.0067 0.0116
r 0.9996 0.9998 0.9998 0.9997 0.9998
a 1.018 1.011 1.005 1.004 0.984
d -0.014 -0.006 -0.002 0.000 0.010

The table shows the mean overall relative residual, root-mean-square error (RMSE), Pearson's correlation coefficient (r), and linear regression fitting parameters (a and d).
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is relatively low. The resulting uncertainty in SPR prediction
can lead to a particle range deviation of several millimeters
when using SECT-based treatment planning. Even if DECT
is not implemented for quantitative SPR prediction in
clinical practice, spectral image data could still be used to
better differentiate between normal tissues and non-
tissue implant materials and to help identify properties
relating to the stopping power of non-tissue implant
materials for contouring and SPR override. For example,
using known ED and EAN data sets of commonly used
implant materials, comparisons can be performed to quantify
relevant physical properties to predict stopping power for
unknown materials.

Furthermore, we used the Philips Spectral CT 7500 to
experimentally validate the DEEDZ-MD method for
determining mass density proposed by Saito (34). Our results
showed a mean deviation of -1.4% from the reference value,
which is similar to the -1.34% deviation reported by Saito (34).
Future work may be dedicated to exploring treatment planning
possibilities using mass density data.

We also found a result which suggests that tube current-
time product can be lowered by 100 mAs in a simple geometric
PMMA phantom without adverse effects on SPR prediction
accuracy. Minimizing CT acquisition dose is an important
component of CT research, particularly in fields with large
pediatric contingents, such as particle therapy.

Finally, we demonstrated the feasibility of using the Philips
Spectral CT 7500 to improve particle range prediction by
irradiating anthropomorphic head and pelvic phantoms. We
showed that dose distributions of DLCT-based treatment
plans showed greater agreement with ionization chamber-
measured dose distributions than dose distributions of SECT-
based treatment plans for proton, helium ion, and carbon ion
beams (Tables 4, 5).

4.2 Comparison to Previous Work
DLCT-based SPR prediction accuracy was previously
investigated at HIT using many of the same phantoms and
tissue-equivalent inserts as in this study, but with the Philips
IQon Spectral CT (22) (Supplementary Table 2). DLCT-based
SPR prediction in that study yielded mean overall relative
residuals of 0.6–0.9%, compared to the 0.6–0.7% reported here.
These results indicate that the SPR prediction accuracy of the
Philips Spectral CT 7500 is on par with that of the Philips IQon
Spectral CT. However, the Philips Spectral CT 7500 provides
numerous other advantages over the Philips IQon Spectral CT
(Supplementary Table 3).

A related study using the Philips IQon Spectral CT reported
similar SPR prediction accuracy results using mono-energetic
images and the same inserts for calibration and evaluation
(RMSE=0.6%) (25). Moreover, DLCT-based SPR prediction in
this study showed similar accuracy compared to other DECT

TABLE 4 | 3D gamma passing rates (3%/1.5 mm) using local calculation between SECT- and DLCT-based dose distributions and dosimetric measurements acquired
with the OCTAVIUS® ionization chamber array using the anthropomorphic head phantom.

3D gamma passing rate in %

1H 4He 12C

Measurement position SECT DLCT Measurement position SECT DLCT Measurement position SECT DLCT

High-dose area, position A 98.6 98.8 High-dose area, position A 97.8 97.9 High-dose area, position A 96.9 97.0
High-dose area, position B 95.8 97.7 High-dose area, position B 95.7 99.4 92% dose fall-off 88.9 97.0
87% dose fall-off 92.3 99.6 72% dose fall-off 87.7 94.8 70% dose fall-off 75.7 78.3
72% dose fall-off 93.5 97.4 55% dose fall-off 81.5 84.6 53% dose fall-off 80.4 86.5

Four different depths were investigated, with two of the depths for 1H and 4He being in the high-dose area (positions A and B), while the second depth for 12C was already in the dose fall-off.

TABLE 5 | 3D gamma passing rates (3%/1.5 mm) using local calculation between SECT- and DLCT-based dose distributions and dosimetric measurements acquired
with the OCTAVIUS® ionization chamber array using the anthropomorphic pelvic phantom.

3D gamma passing rate in %

1H 4He 12C

Measurement position SECT DLCT Measurement position SECT DLCT Measurement position SECT DLCT

High-dose area (prostate-like
geometry)

97.2 99.3 High-dose area (prostate-like
geometry)

99.4 99.4 High-dose area (prostate-like
geometry)

99.3 99.5

High-dose area, position A (cubic
target volume)

95.7 98.1 High-dose area, position A (cubic
target volume)

99.4 99.4 High-dose area, position A (cubic
target volume)

93.3 93.7

95% dose fall-off (cubic target volume) 81.8 100.0 95% dose fall-off (cubic target volume) 83.2 94.3 High-dose area, position B (cubic
target volume)

92.6 98.1

83% dose fall-off (cubic target volume) 85.9 100.0 81% dose fall-off (cubic target volume) 83.0 92.0 94% dose fall-off (cubic target volume) 94.8 97.9
64% dose fall-off (cubic target volume) 86.9 99.9 63% dose fall-off (cubic target volume) 82.0 91.1 80% dose fall-off (cubic target volume) 96.7 97.6

For the cubic target volume, four different depths were investigated, with two of the depths for 12C being in the high-dose area (positions A and B), while the second depth for 1H and 4He
was already in the dose fall-off.
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systems for SPR prediction (12–14, 40). The SPR values of
certain non-tissue implant materials used in this work have
been previously investigated using dual-source CT (14). The
DLCT functionality of the Philips Spectral CT 7500 yielded a
similar SPR prediction accuracy as the dual-source CT in this
previous study.

4.3 Clinical Relevance
As CT technology continues to improve, scanners with DECT
capabilities are becoming increasingly available—they are
already used for diagnostic purposes at many healthcare
facilities. The application of DECT to particle therapy
treatment planning could potentially improve patient
outcomes. For example, inaccuracies in SPR prediction for
pediatric proton therapy planning arising from SECT
calibration curves based on adult male tissues may be avoided
with DECT (41). Furthermore, SECT-based SPR prediction has
been shown to introduce large inter-center variations in SPR,
reaching up to 9% between different European institutions (42).
Thus, DECT-based SPR prediction might offer more consistent
SPR predictions between treatment centers or allow new
particle therapy centers to begin treatment with greater
confidence in SPR prediction. Moreover, recent work has
demonstrated the benefits of even small reductions in range
uncertainty to normal tissue complication probability (43),
supporting that even small improvements in SPR prediction
may be clinically beneficial.

4.4 Study Limitations and Future Work
This study demonstrated the feasibility of direct, patient-specific
SPR prediction using existing clinical equipment and
frameworks. However, in order to use DLCT for SPR
prediction beyond a defined research environment, it will be
necessary to devise and implement a complete workflow of
certified medical products which does not currently exist. To
start, SPR DICOM files could be provided as an on-demand
spectral result directly from the Philips Spectral CT 7500 scanner
instead of needing additional calculation steps using ED and
EAN data.

The strengths and limitations of the different DECT or
spectral CT acquisition techniques currently available have
been described in previous works (7, 44–46) and are
summarized in Supplementary Table 1, with a focus on
applications to particle therapy treatment planning.
Additionally, Supplementary Table 2 lists selected publications
on the different DECT or spectral CT acquisition techniques to
provide an overview of the current state of research. The optimal
DECT acquisition technique and hardware choice depends on
the purpose of the application (e.g., body site, presence of
motion) and the relative effect of various parameters (e.g.,
spectral separation, impact of scattering, tube current
modulation) (7), which makes it difficult to give a general
recommendation. Imaging with a dual-layer detector enables
perfectly temporally and spatially aligned data sets. Moreover,
DLCT imaging allows for tube current modulation, a full scan
field-of-view coverage, and requires no special mode for DECT

acquisition. The dual-layer detector design also enables
acquisition of dual-energy data at exactly the same phase of
contrast enhancement. Furthermore, the DLCT technique
facilitates projection-based material decomposition, allowing
for better noise reduction and therefore potentially better
material decomposition as compared to image-based methods
(47). Nevertheless, spectral separation of DLCT systems is lower
than that of source-based DECT systems (44), and spectral
signal-to-noise ratio is comparable to that of other commercial
DECT systems (48). In addition, DLCT systems carry the risk of
cross-scatter occurring between detector layers (45).

In the future, particle CT might have the potential to further
improve SPR prediction accuracies and serve as a ground-truth
when comparing DECT-based SPR predictions (49). Thus far,
precise SPR measurements using proton CT or helium CT are
challenging to achieve, and provide a slightly lower SPR
prediction accuracy compared to DECT (50).

While the tissue-equivalent materials used in this study are
considered valid surrogates for biological tissues, they cannot
fully represent the heterogeneity and variable composition of
real tissues. Before DLCT-based SPR prediction can be
implemented in clinical practice, more studies on biological
tissue samples and in vivo systems need to be performed. In
addition, measurements in this study were only performed with
a male pelvic phantom, introducing a gender data gap. It would
be desirable to perform similar measurements with a female
pelvic phantom, but at the present time such a phantom does
not exist. Furthermore, 4D treatment planning is important for
radiotherapy treatments which require motion mitigation and/
or consideration during treatment, such as the thorax and the
abdominal region. Future work could implement 4D DLCT-
based SPR prediction and treatment planning. The large
coverage of the Philips Spectral CT 7500 compared to the
Phil ips IQon Spectral CT (80 mm versus 40 mm)
(Supplementary Table 3) means that a larger portion of the
patient anatomy is covered per gantry rotation of the CT system,
leading to potential reduction in motion artifacts. Combining
this feature with DLCT-based SPR prediction may enhance 4D
CT planning in particle therapy for moving targets.

Finally, other beneficial characteristics of DECT should be
investigated for all technical implementations available,
including DLCT, to understand the full advantages of the
technology. Beyond the computational aspects of DECT-based
treatment planning discussed in this work, DECT imaging is
expected to provide various opportunities to improve the
accuracy of multiple parts of the radiotherapy chain. DECT
has been suggested to improve image quality and reduce metal
artifacts (51), to improve tumor staging, delineation, and
characterization (52, 53), and to contribute to improved
normal tissue characterization and personalized treatment
through physiological quantification (46). Furthermore, DECT
also shows potential for improved dose calculations for
treatment modalities other than particle therapy, such as
brachytherapy and conventional photon-based teletherapy
(51). Finally, as briefly explored in this study and proposed by
Albrecht et al. (54), DECT has the potential to reduce total
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imaging dose. Future work might investigate these varied
applications of DECT to radiotherapy.
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Abstract
Pretreatment computed tomography (CT) imaging is an essential component
of the particle therapy treatment planning chain. Treatment planning and opti-
mization with charged particles require accurate and precise estimations of ion
beam range in tissues,characterized by the stopping power ratio (SPR).Reduc-
tion of range uncertainties arising from conventional CT-number-to-SPR con-
version based on single-energy CT (SECT) imaging is of importance for improv-
ing clinical practice. Here, the application of a novel imaging and computational
methodology using dual-layer spectral CT (DLCT) was performed toward refin-
ing patient-specific SPR estimates.
A workflow for DLCT-based treatment planning was devised to evaluate SPR
prediction for proton,helium,and carbon ion beam therapy planning in the brain.
DLCT- and SECT-based SPR predictions were compared in homogeneous and
heterogeneous anatomical regions. This study included eight patients scanned
for diagnostic purposes with a DLCT scanner. For each patient, four different
treatment plans were created, simulating tumors in different parts of the brain.
For homogeneous anatomical regions, mean SPR differences of about 1%
between the DLCT- and SECT-based approaches were found. In plans of het-
erogeneous anatomies, relative (absolute) proton range shifts of 0.6% (0.4 mm)
in the mean and up to 4.4% (2.1 mm) at the distal fall-off were observed. In
the investigated cohort, 12% of the evaluated organs-at-risk (OARs) presented
differences in mean or maximum dose of more than 0.5 Gy (RBE) and up to
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6.8 Gy (RBE) over the entire treatment. Range shifts and dose differences in
OARs between DLCT and SECT in helium and carbon ion treatment plans were
similar to protons.
In the majority of investigated cases (75th percentile), SECT- and DLCT-based
range estimations were within 0.6 mm. Nonetheless, the magnitude of patient-
specific range deviations between SECT and DLCT was clinically relevant in
heterogeneous anatomical sites,suggesting further study in larger,more diverse
cohorts.Results indicate that patients with brain tumors may benefit from DLCT-
based treatment planning.

KEYWORDS
brain tumors,dual-layer spectral CT, ion beam therapy planning,range uncertainties,stopping power

1 INTRODUCTION

Radiotherapy using proton and light ion beams enables
accurate and precise delivery of highly conformal dose
distributions to the target volume while sparing nor-
mal tissues compared with conventional photon-based
radiotherapy.1,2 To properly exploit these physical char-
acteristics, clinical application imposes high accuracy
requirements in treatment planning and delivery.3

Successful treatment planning and optimization
require precise estimations of the energy deposited
along the penetration path and the finite beam range
of charged particles, characterized by the stopping
power ratio relative to water (SPR), to model radiation
transport and interactions within a patient.3 Pretreat-
ment computed tomography (CT) imaging, providing
anatomical and quantitative information for treatment
planning, is an essential component of the radiotherapy
treatment chain, and a topic of growing importance in
ion beam therapy with relation to uncertainties in range
prediction.4,5 Compared with conventional photon-
based therapy, the conversion of CT numbers to the
relevant physical quantities for dose calculation within a
treatment planning system (TPS) (i.e., relative electron
density (ED) or SPR) is more critical in particle therapy
due to the high precision required to predict the Bragg
peak position.5,6 Today, standard clinical protocols
involve image data acquisition with single-energy CT
(SECT) systems.7 However, clinical treatment planning
with SECT-based systems may be vulnerable to range
prediction uncertainties due to generalized CT-number-
to-SPR conversion, lacking patient-specificity,6,8,9 with
uncertainties reaching up to 3.5% between planned
and delivered beam range.6,9,10

Uncertainties in particle range prediction are con-
sidered via incorporation of safety margins during
treatment planning,e.g., via the robust optimization con-
cept. For clinical CT-number-to-SPR calibration curves,
also denoted Hounsfield look-up tables (HLUTs), there
is no one-to-one correlation (i.e., bijection) between CT
numbers and SPRs.8 More specifically, two different
materials with different compositions and physical prop-

erties (i.e., SPR) can exhibit identical CT numbers in
SECT-based images and vice versa.9 This nonbijectivity
may be a source of systematic error between treatment
planning and delivery5 leading to enlarged margins and
compromising the advantages of particle therapy over
photon radiotherapy.

To mitigate the highlighted uncertainties arising dur-
ing particle therapy treatment planning, dual-energy CT
(DECT) systems, for acquisitions of two CT scans with
different X-ray spectra, are becoming increasingly avail-
able and potentially offer an improved SPR prediction
in the clinic7,11–14 by making use of material-specific
and/or material density images.7,15 Since the clinical
introduction of a first-generation dual-source CT system
for diagnostic imaging,16 a multitude of research stud-
ies identified various promising applications of DECT
within the entire radiotherapy chain from tumor staging
to delineation, tumor and normal tissue characterization,
and dose calculations.7

Among the DECT acquisition methods available
today, dual-layer spectral CT (DLCT), an approach com-
bining a single X-ray source with a dual-layer detector,
has been recently introduced into clinical practice.17

Using two scintillator layers with different spectral sen-
sitivities, DLCT enables simultaneous detection of two
different energy levels for spectral imaging purposes,
without the need to preselect specific CT protocols
(e.g., different tube voltages).18 In turn, more com-
prehensive image data acquisition and quantification
regarding material compositions in the human body is
feasible compared with SECT-based methods. Appli-
cation of DLCT imaging and mathematical formalisms
can yield direct patient-specific determination of SPR
maps, which, in turn, may lead to improved agreement
between planned and delivered ion beam treatments
as opposed to indirect SECT-based SPR prediction.
Moreover, unlike other published DECT-based methods,
SPR prediction using DLCT imaging enables projection-
based reconstruction5 and directly makes use of the
physical quantities ED and effective atomic number
(EAN) provided by the DLCT scanner as spectral out-
put data (without any need for further calibrations or
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parametrizations) as input data for SPR prediction via
the Bethe equation.

Substantial efforts have outlined and established
treatment planning with other DECT acquisition
methods19; however, to date, no study has presented
investigations on the clinical feasibility of DLCT-based
treatment planning from the perspective of patient deliv-
ery. Notably, the impact and comparison of using DLCT
for treatment planning with different ions,such as helium
(4He) and carbon (12C) ions, in addition to protons (1H)
have not yet been investigated in the literature. Prior to
the clinical translation, an established clinical workflow
and reliable benchmarks by means of quantitative
DLCT imaging are needed for proper assessment. Pre-
vious works available in the literature present preclinical
studies, illustrating the methodological development of
SPR prediction with DLCT and experimental verification
of the developed approach using tissue surrogates and
anthropomorphic phantoms.18,20–23 The data suggest
a mean DLCT-based SPR prediction accuracy of 0.6%
compared with measured SPR and 1 mm proton range
prediction improvement in an anthropomorphic head
phantom compared with SECT.20 Nevertheless, thor-
ough investigations on how these improvements affect
the dose distribution in patients, as well as identification
of which patient subgroups would benefit the most from
DLCT, have yet to be performed.

This study aims to investigate DLCT imaging for pro-
ton, helium, and carbon ion beam range prediction in
brain tumors. A clinical workflow for DLCT-based treat-
ment planning is devised at the Heidelberg Ion Beam
Therapy Center (HIT,Germany).Quantitative differences
between SECT- and DLCT-based SPR prediction (inter-
patient and intrapatient) are assessed in various clinical
scenarios. Furthermore, SPR prediction performance is
evaluated to identify clinical cases that benefit from
DLCT-based treatment planning in proton, helium, and
carbon ion beam therapy.

2 METHODS

2.1 Patient cohort

The feasibility and accuracy of DLCT-based particle
therapy planning were investigated in a group of eight
randomly selected diagnostic radiological patients (age,
28–85 years) by analyzing previously acquired (i.e., for
diagnostic purposes) DLCT image data of the head.
Head cases were chosen for the investigation for two
reasons: (i) They contain both a variety of homoge-
neous and heterogeneous anatomical treatment sites
important for testing different clinical conditions, and the
majority of patients at the HIT facility are treated for
brain cancers and head and neck cancers. (ii) Image
data acquired with a CT image acquisition and recon-
struction protocol similar to that used for ion beam ther-

apy planning at HIT were available only for head cases.
More specifically, all other data sets were acquired with
either contrast agent or exposure modulation,which pre-
vents their use in this treatment planning study.

DLCT is not yet implemented in the clinical routine
for ion beam therapy treatment planning at our institu-
tion.Therefore, to explore the DLCT modality, image data
for patients who have undergone diagnostic procedures
using the DLCT scanner were analyzed. Subsequently,
DLCT image data were retrospectively derived on the
IQon Spectral CT IntelliSpace Portal workstation. All
imaging with the DLCT scanner was performed for clin-
ical indications; hence, no scan was conducted explic-
itly for the purpose of this study. Anonymized patient
records were obtained with informed consent following
the Declaration of Helsinki. Clearance from the ethical
review committee was not required for the retrospective
nature of the study.

2.2 Dual-layer spectral CT imaging
technique

The DLCT imaging technique (IQon Spectral CT, Philips
Healthcare, Best, The Netherlands) is based on two
detector layers with different spectral sensitivities that
detect high- and low-energy data simultaneously in time
and space.17 Low-energy photons from the X-ray spec-
trum are selectively absorbed by the top layer yttrium-
based garnet scintillator, whereas high-energy photons
pass through the top layer and are absorbed by the
bottom layer gadolinium oxysulfide scintillator.17 As a
result,direct generation of quantitative spectral informa-
tion (i.e.,ED and EAN) is made possible on the full stan-
dard field-of -view of 500 mm for all performed scans,
without the need of additional acquisitions or specific CT
imaging protocols.21 Such methods using spectral data
allow determining volumetric SPR maps that are patient-
specific and do not depend on generic CT-number-to-
SPR conversions.20

2.3 Image acquisition settings and
reconstruction parameters

Image acquisitions were performed using the clinical
protocol for adult head CT scans for diagnostics at
our facility. The following acquisition settings were used:
tube voltage of 120 kVp, tube current-time product of
281 mAs (tube current modulation was deactivated),col-
limation of 64 × 0.625 mm, rotation time of 0.75 s, pitch
of 0.39, CTDIvol of 48.1 mGy, slice thickness of 2 mm,
and slice spacing of 1.5 mm. The reconstruction filter
UB, a spectral level, and the hybrid-iterative reconstruc-
tion algorithm at iDose4 level (scale:0–6) of 3 were used.
For each patient scan, on the IQon Spectral CT scanner,
both a SECT and DLCT data set were derived.
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F IGURE 1 Principle of dual-layer spectral CT (DLCT)-based stopping power ratio relative to water (SPR) prediction for particle therapy
treatment planning. Simultaneous acquisition of low- and high-energy data, with a detector made of two layers that simultaneously detect two
energy levels, allows for projection-space spectral decomposition. After decomposition, the data are reconstructed and processed to obtain
spectral images, i.e., relative electron density (ED) and effective atomic number (EAN), in order to predict SPR and to perform particle therapy
treatment planning

2.4 Methodology for performing DLCT
data-based SPR prediction and treatment
planning

To survey the feasibility of performing DLCT-based
treatment planning, this study established a workflow
for DLCT-based particle therapy treatment planning for
potential clinical translation. For this purpose, DLCT-
based treatment planning was designed and validated
by first deriving 3D maps of SPR, followed by devising a
methodology to perform DLCT-based dose calculation
for particle therapy. The entire principle of DLCT data-
based SPR prediction for treatment planning is shown
in Figure 1.

For DLCT-based SPR prediction, the SPR was
approximated with the Bethe formula, neglecting higher
order correction terms.10 Because SPR exhibits a min-
imal energy dependence in the therapeutic range,24 a
fixed kinetic energy of 100 MeV for all particle beams
was assumed for SPR prediction. The approximation of
a fixed value was based on previous work recommend-
ing an “effective energy” in SPR estimation of 100 MeV,
whereby the uncertainties in energy dependence could
be best compensated for clinical applications.25 A mean
excitation energy (I-value) for water of 78.73 eV was
assigned,26 consistent with previously reported results
((78 ± 2) eV).27 The I-value of the tissue was approx-
imated using a widely referenced parametric method
converting EAN in I-value maps.28 The exponent to
derive EAN from the material-specific elemental com-
position weighted by the fraction of electrons associated
with each element was 2.94, Philips’ choice which is in
correspondence to the Mayneord formula29 and other
publications.21 For each DLCT image acquisition, pro-
cessing of the raw spectral base image output yields 3D
maps of ED and EAN, which in turn are used for SPR
computation.20 3D maps of SPR were generated via an

in-house software that takes ED and EAN images and
produces a corresponding SPR map that can be read by
our clinically employed TPS. Up to now, the commercial
TPS at our facility does not allow treatment planning
based on SPR maps. However, this study established a
workaround for implementing treatment planning based
on DLCT-based SPR images with protons, helium,
and carbon ions. For this purpose, we implemented an
one-to-one conversion curve in the current CT number-
to-SPR conversion definition required by the TPS and,
subsequently, directly imported SPR images based on
DLCT in the TPS.

For SECT-based SPR prediction, the clinical
approach of our facility30 based on a two-parameter
stoichiometric method10,31 was used to generate a CT
protocol-specific HLUT (depicted in Supplementary
Material (SM) S1), which was calibrated based on
CT image data of body tissue surrogates (Gammex
Electron Density CT Phantom 467, Gammex-RMI, Mid-
dleton, WI, USA) from the adult head scan protocol (cf.
section 2.3).

2.5 Assessment of DLCT data-based
SPR prediction in head patients

In the first investigation, SPR predictions in homoge-
neous tissue regions were compared between SECT
and DLCT image data sets. For each patient, circular
regions-of -interest (ROIs) of equal size were placed in
five reasonably homogeneous tissue regions, similar to
Taasti et al.13 (depicted in SM S2).The ROIs were placed
at exactly the same position in the SECT and DLCT data
sets. The brain was segmented by placing circular ROIs
(covering an area of ∼100 mm2, ∼640 voxels) in ten
image slices in the homogeneous brain region above
the level of the lateral ventricles. For the cranial bone
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in the calvaria, ROIs (of ∼50 mm2, ∼320 voxels) in ten
slices in the upper part of the head were included in
the analysis, from the top of the eyes upward. A circular
ROI was placed in each eye (of ∼100 mm2, ∼640 vox-
els) and in each lateral ventricle (of ∼50 mm2,∼320 vox-
els) in five consecutive slices, respectively. For the skull
base bone, ROIs (of ∼25 mm2, ∼160 voxels) in ten
slices in the inferior part of the skull were included. Alto-
gether, ∼20 800 voxels were analyzed per patient in the
SECT and DLCT data sets.Subsequently, the ROIs were
evaluated quantitatively in terms of mean SPR using
an image analysis software (syngo.via, version VB40A,
Siemens Healthcare GmbH, Erlangen, Germany). Sta-
tistical analysis of SPR comparison between DLCT- and
SECT-based methods is described in detail in SM S3.

2.6 Assessment of DLCT data-based
treatment planning in head patients

Following investigations of SECT- versus DLCT-based
SPR predictions in homogeneous tissue regions (cf.sec-
tion 2.5), a comparative patient planning study was per-
formed to assess the performance of DLCT and identify
which tumor sites would benefit the most from DLCT-
based treatment planning.The treatment planning study
was,wherever possible, conducted according to the rec-
ommendations of the Radiotherapy Treatment plannINg
study Guidelines (RATING).32 Proton treatment plan-
ning in six head patients from the patient cohort was
evaluated. Two patients were excluded, because one
patient wore earrings during image acquisition (evok-
ing streak artifacts) and one patient had a hemicraniec-
tomy that would have complicated treatment planning.
For each patient, four different realistic treatment plans
were created based on patient cases treated with pro-
ton therapy at HIT. Therefore, the number of simulated
treatment plans was 24. Helium and carbon ion ther-
apy planning was investigated in one patient (patient
#1) to compare the impact of DLCT-based SPR predic-
tions among different ions. Tumor characteristics (i.e.,
size, depth, location, etc.) were chosen to cover vari-
ous clinical cases (astrocytoma, meningioma, oligoden-
droglioma, and pineal region tumor) with the details
given in SM S4.For each investigated indication,a physi-
cian selected a clinically representative plan from our
institution treated with proton beams to be referenced
as a “template” for designing the simulated patients
using the diagnostic DLCT-based images. Plan A was
selected to evaluate a hypothetical planning target vol-
ume (PTV), with most of its volume situated in the brain,
that would be treated with three beams. Plan B was cre-
ated to cover a smaller hypothetical skull-based tumor
with two nearly opposing beams. Compared with plan
A, plan C covered a quite similar treatment volume, but
would only be treated with two beams separated by 60◦.
Plan D was chosen for a centrally located tumor in the

brain with two nearly opposing fields. The PTV for each
treatment plan was defined, and organs-at-risk (OARs)
were contoured in the CT images using atlas-based
segmentation.33

Treatment planning and optimization using multifield
optimization with a dose grid of 0.2 cm were performed
with RayStation TPS v10 (RaySearch Laboratories AB,
Stockholm, Sweden) with the proton Monte-Carlo dose
engine or with the pencil beam dose engine for helium
and carbon ions. A fixed relative biological effective-
ness (RBE) of 1.1 for protons was assumed. For helium
ion therapy, the modified microdosimetric kinetic model
(mMKM) was used.34 In carbon ion therapy, the radio-
biological local effect model (LEM) was employed.35

Although the robust optimization concept is under inves-
tigation at HIT, it is not yet the clinical standard. Thus,
we decided to use the PTV margin concept for opti-
mization, consistent with our current clinical practice.
Treatment planning was performed on the PTV with
one extra energy layer in the distal margin, laterally with
half a spot spacing. Intracranial OARs were delineated
based on guidelines by Scoccianti et al.36: right and left
eyes, optic chiasma, right and left cochlea, right and
left hippocampus, brain, brainstem, pituitary gland, right
and left inner ears, right and left mandibular condyles,
right and left lens, right and left optic nerves, right and
left lacrimal glands. The atlas-based segmentation was
used for all OARs, but for several patients manual edit-
ing of some structures was still needed. For optimiza-
tion, dose-volume parameters were defined as objec-
tives. In a first step, objectives for the PTV and external
contour were chosen: minimum dose to PTV of 95% of
the prescribed dose, maximum dose to PTV of 103%
of the prescribed dose, uniform dose to PTV of 100%
of the prescribed dose, minimum dose of 98% of the
prescribed dose to 98% of the volume, and dose fall-off
at the external contour. In a second step, objectives for
OARs were added according to the “template” treatment
plans, whereby for each treatment plan different OARs
were considered using the following optimization func-
tions: dose-volume histogram (DVH) functions for OARs
and Max EUD (equivalent uniform dose) functions,a= 1,
corresponding to a mean dose constraint.PTV coverage
was similar for proton, helium, and carbon ion treatment
plans for comparisons between the different ions.

For each patient, treatment planning was performed
on the SECT-based approach, as depicted in Figure 2.
Plan acceptability was decided based on the clinical
patient cases that were used as “template” treatment
plans. Subsequently, the dose distributions were recal-
culated on DLCT-based SPR images using the same
beam parameters without reoptimization.

Patient plans calculated with SECT and DLCT were
then compared in terms of their range prediction and
additional dose calculation features including PTV cov-
erage and evaluation of dose differences to OARs.
Differences in range prediction were analyzed with
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F IGURE 2 Proton treatment plan design for a study patient (patient #1) with RayStation treatment planning system (TPS) showing (a) plan
A (astrocytoma), (b) plan B (meningioma), (c) plan C (oligodendroglioma), and (d) plan D (pineal region tumor)

line-dose profiles in beam direction (using RaySta-
tion TPS) and quantified by absolute range shifts at
the distal range at 90% (R90) and 80% (R80) of pre-
scribed dose (∆R90 = | R90,SECT − R90,DLCT | and
∆R80 = | R80,SECT − R80,DLCT |). For all patients and
plans, five equidistant line-dose profiles (ten equidis-
tant line-dose profiles for proton, helium, and carbon
ion treatment plans in patient #1) per beam were eval-
uated inside each PTV (cf. Figure 5a). Relative range
differences were calculated by dividing ∆R90 (∆R80) by
R90,DLCT (R80,DLCT):

ΔR90

R90,DLCT
=

|
|R90,SECT−R90,DLCT

|
|

R90,DLCT
(1)

ΔR80

R80,DLCT
=

|
|R80,SECT−R80,DLCT

|
|

R80,DLCT
(2)

To determine whether DLCT imaging had a significant
effect on range prediction, a t test for two paired sam-
ples with a significance level of 5% was applied. In addi-
tion, the intrapatient (within a patient) and interpatient
(between patients) variabilities of range shifts were cal-
culated, which were defined in previous work as mean
of the standard deviation and as standard deviation of
the mean of patient-specific range shifts, respectively.14

Dose distributions were compared using a 3D gamma
analysis37 for local calculation with a passing criterion
of 1%/1 mm using a low dose cutoff of 5% of the max-
imum dose. Additionally, DVHs were compared in terms
of absolute dose differences in the mean or maximum
dose over the entire treatment (total dose) for each OAR,
respectively. The target coverage was assessed by the
PTV D99% dose. The PTV is more sensitive to range
shifts compared with the CTV,because changes in range
directly impact the PTV coverage, but not necessarily
the CTV.

3 RESULTS

3.1 Evaluation of DLCT data-based
SPR prediction in head patients

Feasibility and accuracy of the DLCT-based SPR pre-
diction were first investigated in homogeneous anatom-
ical regions in a patient cohort. In Figure 3, the SPR
prediction and relative differences between SPR maps
derived using DLCT and SECT are plotted for patient #1.
The largest SPR differences between DLCT and SECT
were found in air-filled cavities and bone tissue,whereby
the SPR differences were negative for air-filled cavities
and positive for bones.

Quantitative analysis in specific tissue regions was
performed per ROI for DLCT- and SECT-based SPR
measurement. Figure 4 shows the median SPR value
distributions for DLCT and SECT over all patients for
the five ROIs. For all patients, mean SPR differences
over five defined ROIs were positive, showing higher
SPR estimates based on DLCT than on SECT (Table 1).
The mean SPR difference was (1.10 ± 0.07)% in
brain, (1.13 ± 0.17)% in cranial bone in the calvaria,
(0.69 ± 0.06)% in eyes, (0.48 ± 0.05)% in lateral ven-
tricles, and (1.22 ± 0.14)% in skull base bone. The per-
centage difference ranged from 0.32% to 1.87% over
all ROIs and was 0.87% in the median (cf. Table 1).
The standard error of the mean in bony structures was
higher than in brain, eyes, and lateral ventricles.

The performed t test rejected the null hypothesis at the
5% significance level, i.e., difference of mean SPR val-
ues for SECT and DLCT was nonzero. The SPR predic-
tion based on DLCT was significantly different (p < 0.05)
from the SPR prediction based on SECT. The mean rel-
ative difference in SPR prediction (δSPR) over the ROIs
was 0.92%, with a standard error of the mean of 0.45%.
The 95% confidence interval for SPR shifts was [0.88,
0.97]%.
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F IGURE 5 For a representative patient case, proton therapy dose distribution of plan C for patient #1 in two different axial slices (a, b), dose
difference map superimposed on the dose distribution shown in (a) for protons (c), for helium ions (d), for carbon ions (e), and five representative
line-dose profiles calculated on dual-layer spectral CT (DLCT) (solid line) and single-energy CT (SECT) (dotted line) for protons, helium, and
carbon ions to quantify deviations in range prediction (f). The placement of the five line-dose profiles in (f) are illustrated in (a, b). The illustrated
depth-dose curves indicate absolute range (R) differences between DLCT and SECT at R90 (marked with circles) and R80 (marked with
squares)

3.2 Evaluation of DLCT data-based
treatment planning in head patients

Figure 5 shows exemplary proton therapy dose distribu-
tions and dose difference maps of patient #1 for protons,
helium, and carbon ions as well as the corresponding
line-dose profiles for DLCT- and SECT-based calcula-
tion of the depicted slices. Absolute and relative range
shifts at 90% and 80% dose fall-off in proton treatment
plans between the two SPR predictions are summarized
in Figure 6. The plots in Figure 6 depict the results for (i)

each of the four plans combining the data for the six
patients and (ii) each patient combining the data for the
four plans using box plots to visualize the beam’s eye
view (BEV) range differences. For all patients, there was
a statistically significant (p < 0.05) difference between
the range predicted by SECT and DLCT. The shift of
absolute (relative) range differences between SECT and
DLCT lay in the interval [0.42, 0.47] mm ([0.54, 0.62]%)
with a probability of 95%. Mean absolute range shift
over 270 evaluated line-dose profiles in the virtual brain
tumors between DLCT and SECT was (0.46 ± 0.32)
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F IGURE 3 Axial plane of patient #1 showing predicted stopping power ratio (SPR) with dual-layer spectral CT (DLCT) images (a) and
relative difference between SPR derived using DLCT and single-energy CT (SECT) (b)

F IGURE 4 Median stopping power ratio (SPR) values predicted with dual-layer spectral CT (DLCT) (marked with circles) and single-energy
CT (SECT) (marked with diamonds) over all investigated slices for all investigated regions-of -interest (ROIs) in each patient showing brain, eyes,
lateral ventricles, cranial bone, and skull base bone. The subplot zooms in on the relevant SPR value region for brain, eyes, and lateral ventricles

mm at R90 and (0.42 ± 0.26) mm at R80, with a maxi-
mum absolute range difference of 2.06 mm at R90 and
of 1.47 mm at R80. The range shift over both evalu-
ated dose fall-off points was (0.44 ± 0.29) mm in the
mean and with a median of 0.39 mm. The 25th per-
centile of the distribution was calculated to be 0.20 mm,
and the 75th percentile of the distribution to be 0.59 mm.
The relative differences are summarized in Table 2.
The median relative range difference was 0.6% over all
investigated treatment plans. Moreover, the intrapatient
variability (cf. Figure 6d) of relative range shifts with a
value of 0.44% was larger than the interpatient variabil-
ity (cf. Figure 6c) of 0.07%. The differences between

intrapatient and interpatient variability are in part caused
by considerably large differences between the chosen
hypothetical treatment plans and, thus,differences in the
traversed tissues in terms of tissue type and amount.

Figure 7 shows the absolute and relative range shifts
for the four plans observed in patient #1 for the three
ions (1H, 4He, and 12C). The absolute range shift over
both evaluated dose fall-off points was (0.58 ± 0.16)
mm (1H), (0.49 ± 0.19) mm (4He),and (0.41 ± 0.17) mm
(12C) in the mean, and with a median of 0.60 mm (1H),
0.40 mm (4He), and 0.31 mm (12C). The helium and car-
bon ion range shifts between SECT and DLCT were in
line with those of protons, even though there are R90 or
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TABLE 1 Stopping power ratio (SPR) difference for regions-of -interest (ROIs) in brain, cranial bone, eyes, lateral ventricles, and skull base
bone

SPR difference𝜹SPR ± (𝜹SPR)(%)
Patient # Brain Cranial bone Eyes Lateral ventricles Skull base bone

1 1.14 ± 0.09 1.28 ± 0.47 0.70 ± 0.13 0.47 ± 0.12 1.46 ± 0.54

2 0.68 ± 0.17 1.39 ± 0.16 0.38 ± 0.08 0.33 ± 0.08 1.14 ± 0.51

3 1.28 ± 0.13 1.87 ± 0.67 0.92 ± 0.05 0.64 ± 0.05 1.10 ± 0.47

4 1.02 ± 0.28 0.65 ± 0.24 0.50 ± 0.16 0.32 ± 0.14 1.24 ± 0.38

5 1.08 ± 0.06 0.96 ± 0.27 0.72 ± 0.11 0.57 ± 0.17 1.35 ± 0.37

6 1.21 ± 0.08 0.76 ± 0.30 0.64 ± 0.10 0.42 ± 0.17 1.08 ± 0.28

7 1.14 ± 0.16 1.49 ± 0.21 0.75 ± 0.16 0.50 ± 0.10 1.46 ± 0.32

8 1.22 ± 0.11 0.66 ± 0.09 0.89 ± 0.08 0.60 ± 0.12 0.92 ± 0.41

Median 1.16 1.07 0.69 0.50 1.25

Mean ± SEM 1.10 ± 0.07 1.13 ± 0.17 0.69 ± 0.06 0.48 ± 0.05 1.22 ± 0.14

Note: The arithmetic mean of the relative SPR difference (�̄�SPR) is given along with the standard deviation (s(δSPR)) for each patient. Median and mean along with the
standard error of the mean (SEM) over each ROI are indicated.

TABLE 2 Relative proton range differences given in percent ( ΔR

RDLCT
) (cf. Equations 1 and 2)

Relative range differences (%)

Mean
25th
Percentile

50th
Percentile
(median)

75th
Percentile

100th
Percentile

Plan A R90 0.66 0.25 0.48 0.83 3.35

R80 0.52 0.26 0.41 0.65 2.41

Plan B R90 0.50 0.27 0.47 0.60 2.75

R80 0.54 0.23 0.48 0.64 4.43

Plan C R90 0.58 0.27 0.48 0.83 1.76

R80 0.57 0.25 0.45 0.80 1.51

Plan D R90 0.70 0.33 0.56 1.11 2.08

R80 0.57 0.31 0.49 0.69 1.98

All plans R90 0.61 0.27 0.49 0.78 3.35

R80 0.55 0.26 0.46 0.68 4.43

R80 variations among the three particles in the individual
plans.

The general agreement between DLCT- and SECT-
based dose calculations was confirmed in the evalua-
tion of the clinical patient treatment plans. 3D gamma
analysis of the dose distributions revealed good agree-
ment between DLCT- and SECT-based treatment plan-
ning with a mean 3D gamma local pass rate (1%/1 mm)
of 97.3% over all patients and treatment plans, ranging
from 96.4% (plan A) to 96.7% (plan D) to 97.7% (plan
C) and 98.3% (plan B). Despite good agreement in 3D
gamma analysis, there were differences between DLCT
and SECT with regard to PTV coverage and dose to
OARs.

In Figure 8,relevant dose differences are shown for all
evaluated OARs in each patient and plan,respectively. In
12% of all evaluated OARs, the results indicated differ-

ences in the mean or maximum (D0.03cc) dose of more
than 0.5 Gy (RBE) and differences up to 6.8 Gy (RBE) in
the total plan.The average (and maximum) criterion was
reached 46 (and 68) times over all patients and proton
plans.DLCT-based recalculation of the SECT-optimized
treatment plans showed a decrease in PTV coverage,
as evaluated with the difference in PTV D99%, of 1.0%
or 0.5 Gy (RBE) in the mean over all evaluated plans
and patients (Table 3). With regard to the three ions,
Table 3 indicates quite similar differences for 4He and
12C in PTV coverage between SECT and DLCT com-
pared with 1H. Figure 9 shows the DVH of plan C for
an example patient (patient #1). In the optic chiasma
(located close to the target dose fall-off), the maximum
dose (D0.03cc) was 49.71 Gy (RBE) for SECT-based and
47.06 Gy (RBE) for DLCT-based treatment planning, a
decrease of 6%. A higher SPR value (as seen in bony
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F IGURE 6 (a, b) Box plots showing deviations in beam’s eye view (BEV) range (R) prediction between single-energy CT (SECT)- and
dual-layer spectral CT (DLCT)-based proton treatment planning (∆R = | RSECT − RDLCT |). (c, d) Box plots showing relative differences in range

prediction ( ΔR

RDLCT
) (cf. equations 1 and 2). On each box, the central mark (red) indicates the median, and the bottom and top edges of the box

indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data points (i.e., smallest observation ≥ lower
quartile − 1.5 × interquartile range/largest observation ≤ upper quartile + 1.5 × interquartile range), and the outliers are plotted individually
using the + symbol. In gray are the results depicted for R90, and in blue are the results shown for R80. (a, c) Analysis for each plan and (b, d)
analysis for each patient (Pat)

structures and brain in Figure 4) leads to a shorter range,
which resulted in a dose decrease in the optic chiasma
in the given situation.The optic chiasma is a serial struc-
ture in which disabling any subunit causes the entire
organ to fail.38 In patient #1, differences in the mean
or maximum dose of more than 0.5 Gy (RBE) over all
evaluated OARs were observed in 13% for 1H, in 9%
for 4He, and in 6% for 12C. In the DVHs, the dose to
distal OARs decreased using 4He or 12C, due to the
sharper gradients of helium and carbon ions compared
with protons (cf. Figure 5f). Therefore, the absolute dose
differences to OARs between SECT and DLCT were
also smaller compared with protons. Nevertheless, with
a longer range using DLCT and sharper gradients, the
dose there could be more than in the SECT plan; there-
fore, it is very patient-specific.

4 DISCUSSION

This study evaluated the clinical relevance of DLCT-
based SPR prediction for proton,helium,and carbon ion
beam therapy treatment planning in the brain. A com-
prehensive workflow for DLCT-based ion beam ther-
apy treatment planning was established (cf. section 2.4).
Through a patient cohort study in homogeneous tissue
regions and heterogeneous patient scenarios, DLCT-
and SECT-based SPR differences and their dosimetric
impact were investigated and compared.The clinical via-
bility of DLCT-based SPR prediction and its feasibility
for performing particle therapy treatment planning were
assessed to justify its clinical use. Depending on the
anatomical regions, SECT- and DLCT-based methods
produced variant degrees of SPR prediction differences
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F IGURE 7 (a) Box plot showing deviations in beam’s eye view (BEV) range (R) prediction for the three ions (1H, 4He, 12C) between
single-energy CT (SECT)- and dual-layer spectral CT (DLCT)-based treatment planning (∆R = | RSECT − RDLCT |). (b) Box plots showing

relative differences in range prediction ( ΔR

RDLCT
) (cf. equations 1 and 2). On each box, the central mark (red) indicates the median, and the bottom

and top edges of the box indicate the 25th and 75th percentiles, respectively. The whiskers extend to the most extreme data points (i.e., smallest
observation ≥ lower quartile − 1.5 × interquartile range/largest observation ≤ upper quartile + 1.5 × interquartile range), and the outliers are
plotted individually using the + symbol. The plots show the analysis for each plan in patient #1. For each individual plan, the plots depict the
results for 1H (left), 4He (middle), and 12C (right). In gray shades are the results depicted for R90, and in blue shades are the results shown for R80

F IGURE 8 Dose differences in the mean or maximum dose of more than 0.5 Gy (RBE) in the total plan of all evaluated OARs (considering
only proton treatment planning). Each color represents one of the six evaluated patients

in the studied patient cohort. Owing to the results from
preclinical studies showing better SPR prediction with
DLCT compared with SECT18,20–23 and the observed
differences in SPR prediction in this study,DLCT may be
justifiably better for clinical practice in patient treatments
where the beams intercept and traverse heterogeneous
anatomical regions.

First,SPR differences in various homogeneous tissue
regions were analyzed on a per-patient basis, and the
determinants leading to the largest uncertainties were

identified and quantified. The relative SPR comparison
in the patient cohort showed statistically significant
SPR differences in all investigated anatomical regions
between DLCT- and SECT-based methods. Further-
more, Table 1 shows the interpatient variability of SPR
predictions. Bony tissues showed the largest deviation
between DLCT and SECT of the investigated ROIs,
potentially due to their high SPR values.The SPR differ-
ences of 1.1% to 1.2% seen in bone (cf. Table 1) could
potentially imply a benefit in DLCT-based treatment
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F IGURE 9 Representative DVH for patient #1, treatment plan C using protons, calculated on dual-layer spectral CT (DLCT) (solid line) and
single-energy CT (SECT) (dotted line) data sets displaying all structures used for optimization

TABLE 3 Differences in planning target volume (PTV) coverage
between single-energy CT (SECT) and dual-layer spectral CT (DLCT)

PTV coverage difference ∆D99% (Gy (RBE))
Patient # Plan A Plan B Plan C Plan D

1 (1H) 0.51 0.78 0.61 0.74

1 (4He) 0.17 0.36 0.38 0.35

1 (12C) 0.36 0.50 0.47 0.42

2 0.07 0.30 0.34 1.16

3 0.34 0.86 0.41 0.47

4 0.46 0.36 0.72 0.84

5 0.37 0.45 0.79 0.58

6 0.01 0.11 0.43 0.43

ΔD99% ±

s(∆D99%))
0.29 ± 0.21 0.48 ± 0.29 0.55 ± 0.18 0.70 ± 0.27

Note: Differences in PTV coverage between SECT- and DLCT-based dose
calculations (∆D99% = D99%,SECT − D99%,DLCT) for each treatment plan and

patient. The arithmetic mean (ΔD99%) in PTV coverage is indicated along with
the standard deviation (s(∆D99%)) for each plan (only proton treatment planning
is included in the calculation).

planning, assuming a more accurate DLCT-based SPR
prediction in patient anatomies. The SPR differences of
about 1.1% in the brain, which is often the main tissue
type in the beam, could also be of clinical relevance. For
instance, SPR differences of 1%, i.e., translating into
range differences of 1%, result in 1 mm range shift over
10 cm depth in the body. Beyond that, DLCT could be
advantageous for tumors nearby critical OARs like the
optical system or brainstem. Although the SPR differ-
ences were above 1% for ROIs uniformly composed of
bony tissue or brain, median relative range deviations
in the patient as a whole were 0.6%. The difference
can be attributed to the dependence on anatomical
target site and composition in treatment planning and

the compounding effects of SPR prediction power of
various heterogeneous tissues composed of bone and
soft tissue.

Second, absolute and relative range differences and
the dosimetric impact of DLCT-based SPR calculation
in comparison with the SECT-based approach were
carefully assessed. The influence of SPR uncertainty
on patient dose uncertainty is not trivial and substan-
tially case-dependent. Comparison of DLCT-based pro-
ton treatment plans of four brain tumor locations to
the corresponding SECT plans showed considerable
differences in SPR at voxel level and a mean relative
range difference of about 0.6% at the distal fall-off were
observed (cf. Table 2); in certain cases, the range shift
might be of clinical relevance. The DVHs showed a
decrease in the mean and maximum OAR dose using
DLCT owing to the SPR difference between DLCT and
SECT. The 25th and 75th percentiles varied from 0.23%
to 1.11% across the six patients. Range shifts and dose
differences in OARs between DLCT and SECT in helium
and carbon ion treatment plans were similar to those of
protons (cf. Figure 7). Despite the intrapatient and inter-
patient variability, the example cases showed clinically
relevant range differences between SECT- and DLCT-
based SPR predictions. Furthermore, the large intrapa-
tient variation of range shifts illustrates that variation in
range uncertainty depends on the anatomical structure
and the beam path. In turn, the magnitude of improve-
ment in range prediction with DLCT depends on the
treatment location and its heterogeneity.

Similar studies have previously been performed com-
paring DECT- and SECT-based SPR estimation for
patients with head tumors. The outcome in SPR pre-
diction differences in homogeneous tissue regions is
in line with a study of Taasti et al.,13 who investigated
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ROIs in the cranium, brain, and eyes. The results found
in this study are also of the same order as recent stud-
ies using other DECT acquisition methods (e.g.,consec-
utive scanning) or other DECT SPR prediction meth-
ods, showing that range differences of around 1 mm
(1%) may be expected for the brain region.13,14 The
results from this work are likewise comparable with
a study analyzing range shifts obtained in five head
trauma patients with simulated base of skull tumors,39

reporting median relative range differences of about
0.5%–1%.The median differences found in this study on
DLCT-based range differences are similar to or slightly
smaller than those observed in previous studies using
other DECT acquisition methods; however, there exist
rather high interpatient variabilities as well as larger dif-
ferences for some patients. One should also take into
consideration that the SECT-based prediction method
applied in this study, using an HLUT divided into ten line
segments,may be more methodologically demanding in
the context of HLUT generation than in previous stud-
ies, that used an HLUT divided into three parts repre-
senting different tissue types along with different slopes
of the respective line segments. A higher number of
HLUT line segments might be already better suited for
SPR prediction.A recent survey-based study revealed a
large intercenter variability in HLUT definition, showing
that the number of HLUT line segments varied widely
between 2 and 11.40 Hence, the applied HLUT in this
study is at the upper end of the line segment number
spectrum. In the context of range differences between
DLCT and SECT observed in this study specifically, one
must note that HIT implements highly refined treatment
planning protocols that have evolved since facility start-
up in 2009. Consequently, the facility has gained valu-
able experience in minimizing range uncertainty with the
applied HLUT approach and demonstrated that such
techniques can provide fairly accurate SPR estimation
in controlled treatment scenarios. Nonetheless, bench-
marking and comparison within the European Parti-
cle Therapy Network regarding CT calibrations using
a standardized phantom showed large differences and
intercenter variations in range reaching up to 2.9%.41

Thus, direct DLCT-based SPR prediction could lead to
reduced differences between centers or help new pro-
ton centers begin treatment with a greater confidence in
range prediction.

As shown in the hypothetical treatment planning
cases, even small discrepancies in the calculated SPR
can result in significant changes in range, because they
may accumulate over the entire beam path.6 Thus,DLCT
may lead to clinically relevant range shifts and subse-
quently dose differences, especially for tumors in chal-
lenging locations, e.g., tumors centrally located in the
head, deep-seated, or treated with ion beams traversing
a high amount of bony tissue. In turn, the range differ-
ences could enable reduced dose to normal tissue and
OARs with benefits in PTV coverage (i.e., D99% dose).

In particular, this study found differences in the mean or
maximum dose of more than 0.5 Gy (RBE) in the total
plan (cf. Figure 8) and mean differences in D99% target
dose of 0.5 Gy (RBE) (cf.Table 3).Variation in CTV cov-
erage, however, might be even smaller and not clinically
relevant. The current conservative safety margins and
plan robustness may be reduced if the SPR can be cal-
culated with greater confidence. Even if the observed
range differences are below 1 mm in the median, there
may be clinically significant differences for individual
patients, as reported in the large intra- and interpatient
variability (cf. Figure 6), which may be highly relevant
for increasing personalized medicine considerations.32

Recent work demonstrates the benefits in terms of nor-
mal tissue complication probability (NTCP) in mitigat-
ing range uncertainty even for smaller reductions.42 The
study showed that higher range differences might be
expected for beams traversing heterogeneous tissues
with SPR values that differ considerably compared with
the SPR of water (e.g., bone tissue, air-filled cavities)
(cf. Figure 4 and Table 1). Thereby, the accuracy of SPR
in each voxel in the patient determines the accuracy of
the range calculation. More different tissue types in the
beam path can lead to larger deviations in range predic-
tion (as already observed in previous studies14). There-
fore, a patient-specific DLCT-based SPR prediction with
high accuracy in each individual tissue type would be
advisable. In particular, DLCT may be beneficial in com-
plex cases; however, as of now it is difficult to identify in
advance which patients would most benefit from DLCT-
based treatment planning, and so the use of DLCT may
be advisable for all patients. DLCT-based SPR calcu-
lation may even raise the possibility of using contrast
agent during planning CT image acquisition43 and may
be beneficial in the presence of metal implants, surgi-
cal stabilizations, or other special materials (e.g., liquid
embolic agents), or in the presence of image artifacts
(e.g., produced by metal implants).4

To judge which of the two evaluated approaches
is closer to reality, the respective SPR accuracy must
be known.14 For instance, precise range verification
with prompt gamma imaging44–46 or proton transmis-
sion imaging47,48 could provide millimeter accuracy
in range verification, but in its current state is not
clinically widespread.49 Thus, the accuracy of DLCT-
based SPR prediction in patients has yet to be veri-
fied directly. Instead, SPR accuracy was demonstrated
indirectly by translating the results shown in previous
studies18,20,22,23 to patient treatment planning. In tis-
sue substitutes, predicted SPR values were within a
mean accuracy of 0.6% compared with measured SPR
and showed substantially better agreement with mea-
sured data compared with standard CT-number-to-SPR
calibration with a mean deviation of 1.5%.20 Beyond
that,SPR prediction with DLCT outperformed the clinical
SECT standard in a half -head anthropomorphic phan-
tom with a range prediction improvement of 1 mm,20
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when using a single beam directed through highly het-
erogeneous structures.A similar study acquired ground-
truth measurements in an anthropomorphic head phan-
tom showing better agreement between DECT and
measured SPR compared with SECT.50 The current
study used two or three beam directions, directed
through heterogeneous as well as relatively homoge-
neous tissue regions (e.g., brain). The order of magni-
tude of SPR prediction difference between DLCT and
SECT in phantoms was similar to the examined patient
cases in this study. Ideally, in this study, using a patient
cohort, a ground-truth measurement for SPR would
be referenced. However, this study aimed to evaluate
whether clinically relevant SPR and therefore range
deviations occurred between SECT and DLCT in a
patient cohort, justifying whether more sophisticated
image acquisition tools would be beneficial and may
be considered for potential clinical implementation. As
DLCT has been shown to be superior to SECT in tis-
sue surrogates and an anthropomorphic phantom, the
dissimilar results for DLCT and SECT observed in this
patient study could imply that DLCT would improve the
dose accuracy in ion beam therapy treatment planning.

In this study, the feasibility of direct patient-specific
SPR prediction based on DLCT could be demonstrated
using the existing clinical framework and equipment.
Compared with other DECT techniques, DLCT imag-
ing using a single X-ray source is not influenced by
patient motion occurring within the time span of acqui-
sition (e.g., breathing, swallowing, organ movements). At
the same acquisition dose as conventional CT imag-
ing, DLCT affords a comprehensive spectral data set
for each patient, without the need for additional scans
or deviations from the clinical protocols. Nevertheless,
DLCT imaging has a limited spectral separation between
the low- and high-energy data sets because the tech-
nique uses a single X-ray source.15 Moreover, cross-
scatter radiation between detector layers can occur.17

Additionally, as a result of using the same tube cur-
rent in both cases, noise level may differ between low-
and high-energy images.15 A discussion of uncertainties
within the study can be found in SM S5.

Further studies may evaluate other anatomical sites
(e.g., head and neck tumors) and beams traversing
several tissue types and thicker bony structures (e.g.,
tumors in the pelvic region) as well as beams passing
through the lungs (e.g., Hodgkin lymphoma). In brain
tumor cases, ion beams penetrate mainly soft tissue.
Within treatment fields of prostate cancer patients, we
would expect substantially larger differences,as already
observed by Wohlfahrt et al.14 Although CT uncertainty
can be incorporated into planning robustness optimiza-
tion, this study followed the current clinical practice at
HIT and applied the PTV margin concept. In additional
studies, robust optimization might be conducted and
compared with regard to dose differences in CTV and
OARs, in order to assess the influence of robustly opti-

mized treatment plans in combination with DLCT-based
SPR prediction.Moreover, investigations of patients with
real tumors in the brain and range measured in biolog-
ical tissue samples are essential to confirm the clini-
cal viability of DLCT-based range prediction. In partic-
ular, there exists a large intra- and interpatient variation
of SPR shifts seen in this radiological patient cohort,
which might also cause smaller or bigger range differ-
ences in other patient cases and should be further inves-
tigated in larger patient cohorts. Further studies with
radio-oncological patient data and “real” clinical indica-
tions are important to carry out in order to show that the
results may be generalizable and transferable to clin-
ical routine. In spite of this, potential CT artifacts can
also affect the accuracy of ion beam range prediction
based on CT images, which are particularly severe in
the presence of metallic implants.6 Hence, the benefit of
DLCT can be especially large in the case of nontissue
materials such as implants or contrast agent, which in
general are not appropriately covered by any conven-
tional CT-number-to-SPR conversion.19 Investigations
of SPR precision for nontissue samples are foreseen.
DLCT imaging may not only improve range prediction,
but DLCT data sets could also help in characterizing
the implant in terms of ED and EAN. Additional appli-
cations of DLCT in both photon radiotherapy and parti-
cle therapy are conceivable with more practical benefits,
such as simplifying treatment planning workflow, reduc-
ing CT simulation time and radiation exposure as well as
the anesthesia time for pediatric patients by performing
dose calculation on postcontrast DLCT images.43 Finally,
evaluation of DLCT-based treatment planning in more
patient cases for carbon and helium ion beam therapy
is anticipated.

5 CONCLUSIONS

This study performed the first analysis of DLCT-based
SPR prediction in the brain. In homogeneous tissue
regions, analysis suggests significant mean SPR dif-
ferences between the DLCT-based and conventional
SECT-based approaches of about 1%. In heteroge-
neous anatomical regions, mean proton range shifts in
treatment plans between DLCT and the clinical standard
of 0.6% were observed,with variations exceeding 4% of
the total range. Range shifts between DLCT and SECT
in helium and carbon ion treatment plans were similar
to those of protons. In particular, DLCT is most advan-
tageous in treatment plans where beams are traversing
highly heterogeneous structures. Therefore, patient-
specific DLCT-based SPR prediction may improve
proton, helium, and carbon ion range calculation and
eventually lead to reduced range uncertainty margins.
In sum, the study demonstrated the feasibility of using
DLCT imaging for proton, helium, and carbon ion beam
therapy treatment planning and its ability to provide
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patient-specific SPR prediction. Further clinical investi-
gations using larger patient cohorts and examining other
treatment regions will continue to focus on the inter- and
intrapatient variability to realistically quantify the possi-
ble benefit of DLCT, and consequently to estimate the
potential range uncertainty reduction resulting in smaller
therapeutic margins for high-precision ion beam therapy.
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Abstract
Radiotherapy with protons or light ions can offer accurate and precise treatment
delivery. Accurate knowledge of the stopping power ratio (SPR) distribution of
the tissues in the patient is crucial for improving dose prediction in patients dur-
ing planning. However, materials of uncertain stoichiometric composition such
as dental implant and restoration materials can substantially impair particle ther-
apy treatment planning due to related SPR prediction uncertainties. This study
investigated the impact of using dual-energy computed tomography (DECT)
imaging for characterizing and compensating for commonly used dental implant
and restoration materials during particle therapy treatment planning. Radiologi-
cal material parameters of ten common dental materials were determined using
two different DECT techniques:sequential acquisition CT (SACT) and dual-layer
spectral CT (DLCT).DECT-based direct SPR predictions of dental materials via
spectral image data were compared to conventional single-energy CT (SECT)-
based SPR predictions obtained via indirect CT-number-to-SPR conversion.
DECT techniques were found overall to reduce uncertainty in SPR predictions
in dental implant and restoration materials compared to SECT, although DECT
methods showed limitations for materials containing elements of a high atomic
number. To assess the influence on treatment planning, an anthropomorphic
head phantom with a removable tooth containing lithium disilicate as a dental
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material was used. The results indicated that both DECT techniques predicted
similar ranges for beams unobstructed by dental material in the head phantom.
When ion beams passed through the lithium disilicate restoration, DLCT-based
SPR predictions using a projection-based method showed better agreement
with measured reference SPR values (range deviation: 0.2 mm) compared to
SECT-based predictions. DECT-based SPR prediction may improve the man-
agement of certain non-tissue dental implant and restoration materials and
subsequently increase dose prediction accuracy.

KEYWORDS
dental materials,dual-energy CT,dual-layer spectral CT,particle therapy,range uncertainty,stopping
power ratio, treatment planning

1 INTRODUCTION

Radiotherapy with protons or light ions can offer accu-
rate and precise treatment delivery to cure tumors.1

Head and neck tumors are among the indications for
particle therapy, since it is able to reduce the volume
of irradiated healthy tissues by more than 25% and
thus more effectively spare organs-at-risk.2 However,
dental implant and restoration materials, which often
exhibit uncertain stoichiometric composition, can be a
source of larger uncertainty in the ion beam range.2,3

For example, if metals are crossed by a proton beam,
large differences between planned and delivered ranges
with deviations up to several millimeters can occur in the
patient, resulting in a dose deposition at an unexpected
depth along the beam axis.4,5 These range uncertainties
can result from artifacts of dental implant and restora-
tion materials on computed tomography (CT) treatment
planning images for head and neck radiotherapy,6 which
are mainly caused by beam hardening and photon star-
vation and degrade the quantitative accuracy of CT
numbers,3 as well as from the CT-based estimation of
stopping power ratio (SPR).7 Since the SPR values are
conventionally assigned from a heuristic CT-number-
to-SPR conversion, which does not cover non-tissue
implant materials,8 errors in the treatment planning sys-
tem (TPS)-calculated dose distribution can result.These
systematic uncertainties may impact patient outcome in
terms of local tumor control or normal tissue toxicity.7

To address the uncertainties arising from artifacts
on CT images and the conventional CT-number-to-
SPR conversion, different imaging techniques have
been investigated. Over the past decade, dual-energy
CT (DECT) systems have become increasingly avail-
able in the clinic. DECT generates image data from
two x-ray acquisitions using differing energy ranges.
It thus increases the available quantitative data and
possibilities for material characterization compared to
classical single-energy CT (SECT). Several different
technical approaches for acquiring DECT image data
have emerged with unique features and compromises
to be balanced for each application,9 comprising dual-

source CT,sequential acquisition CT (SACT), twin-beam
CT, fast kVp-switching CT, and dual-layer spectral CT
(DLCT).8–11 In various studies conducted with tissue
surrogates or biological tissues as well as in patient
analyses, DECT showed improved SPR prediction for
particle therapy compared to SECT.8,12–18 Besides
human tissue, the usage of DECT in particle ther-
apy planning may also be advantageous for non-tissue
implant materials.12,18

For treating patients with dental implant and restora-
tion materials, different avoidance strategies have been
employed so far. For example, non-ideal beam geome-
tries have been applied to avoid beam directions
intersecting with a dental material, or treatment volumes
have been modified to exclude dental materials. If such
avoidance strategies are not feasible in certain cases,
particle therapy may even be contraindicated.19,20 Thus,
the restrictions posed on treatment planning by den-
tal materials could compromise treatment plan quality20

and therapy outcome. Size, shape, material composi-
tion,relative electron density (RED),and effective atomic
number (EAN) of dental materials are usually not char-
acterized at the time of radiotherapy planning.5 On
the other hand, with an improved physical characteri-
zation of common dental materials and understanding
of their dosimetric impact, it may become possible to
use more conventional treatment planning strategies
for accurately contoured dental materials.19 This pro-
cedure may allow the optimizer to compensate for the
materials themselves rather than simply avoiding dental
materials.20

Previous investigations have employed various
approaches to manage non-tissue implant materials.
Imaging approaches, such as metal artifact reduction
(MAR) methods, have been used to reduce CT imaging
artifacts; other approaches have been applied to opti-
mize treatment planning procedures, as, for example,
when the required avoidance margin is determined in
order to assure that the implant does not affect the dose
distribution.6,21–31 Evaluations have mostly been limited
to photon therapy,even though some studies addressed
dosimetric uncertainties for particle therapy.6,20,24,29,31
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Recently, Hu et al. investigated common dental mate-
rials in terms of relative stopping power and 3D dose
perturbation.20 Thereby, all investigated dental mate-
rials substantially perturbed the dosimetry of pristine
proton spots with respect to relative stopping power
and spatial dose distribution.20 Monte Carlo simula-
tions and TPS dose calculations demonstrated good
agreement with measurements, suggesting potential
for proton treatments through dental materials given
further investigation.20 Because dental materials are a
common scenario in particle therapy, further research is
needed to improve treatment planning for patients with
dental materials. In this context, DECT-based SPR pre-
diction might be beneficial, but has not been sufficiently
investigated hitherto.

This study examines the impact of using DECT imag-
ing for particle therapy treatment planning in patients
with dental materials regarding three aspects. (i) First,
radiological material parameters of commonly used
dental implant and restoration materials are determined
with two different DECT techniques, using image-based
(SACT) and projection-based (DLCT) methods. (ii) Sec-
ond, through comparison of SECT- and DECT-based
SPR predictions in phantoms with measured reference
data, compensation of dental materials in particle ther-
apy planning and feasibility of ion beam delivery are
investigated. (iii) Third, DECT-based particle therapy
treatment planning for head and neck cancer patients
for one exemplary dental material is evaluated in a head
phantom.

2 MATERIALS AND METHODS

2.1 Dental materials

Dental implant and restoration materials were selected
in consultation with the institutional department of
prosthodontics. Commonly used materials for fixed den-
tal prostheses (cobalt-chrome, lithium disilicate, zirco-
nium dioxide), core buildups/fillings (composite I), direct
restorations/fillings (composite II), veneers/inlays/partial
crowns (glass-ceramic), and dental implants (titanium,
zirconium dioxide) were chosen for investigation. All
these materials comprised elements of a high atomic
number Z: cobalt-chrome (ZCo= 27, ZCr= 24), compos-
ite I (ZBa= 56), composite II (ZYb= 70), glass-ceramic
(ZY= 39), lithium disilicate (ZZn= 30, ZZr= 40), titanium
(ZTi= 22), zirconium dioxide (ZZr= 40). Furthermore,
we analyzed the single components of individualized
3D-printed tissue retraction devices (TRDs) used to pro-
tect healthy tissue from irradiation in head and neck
radiotherapy.32,33 TRDs consist of a fixation part (made
of silicone material) and a tongue retraction part (made
of polymethyl methacrylate [PMMA]). Samples were
fabricated into cylinders with a diameter of 2.8 cm and
a length of 1−2 cm (depending on the fabrication abil-

ities) (Figure 1). Thereby, samples of cobalt-chrome,
composites, glass-ceramic, lithium disilicate, and zirco-
nium dioxide were fabricated as an inner core with a
diameter of 6−13 mm surrounded by PMMA due to
manufacturing capabilities or the thickness of the mate-
rials.Additionally,a titanium insert from the Gammex 467
phantom (Gammex Electron Density CT Phantom 467,
Gammex-RMI, Middleton, WI, USA) as well as an alu-
minum insert were used. Even though pure aluminum
is not a dental material, it was chosen for investigation
since it is a component of aluminum oxide ceramics,
which are obsolete now but were previously used for
dental restorations. Additionally, a pure metal (ZAl= 13)
might be of interest for other applications. For simplic-
ity, aluminum is listed as dental material in this study.
Details about the investigated materials can be found
in Supplementary Table S1.

2.2 DECT imaging techniques and CT
image acquisition and reconstruction

Two different DECT imaging techniques available at the
Heidelberg University Hospital were applied: a SACT
scanner (SOMATOM Confidence, Siemens Healthcare
GmbH, Erlangen, Germany) and a diagnostic DLCT
scanner (Spectral CT 7500, Philips Healthcare, Best,
The Netherlands).

SACT acquires the entire volume sequentially at two
different tube potentials to generate dual-energy data
with a single-source CT scanner. Hence, SACT image
data can be acquired on any existing CT scanner;
however, dedicated dual-energy acquisition modes are
required. Due to the two sequential image acquisitions
at two different tube potentials, SACT is able to provide
very high spectral separation, but has a low temporal
coherence (large offset). Material decomposition needs
to be image-based.

DLCT uses a single x-ray tube paired with a double-
layer detector that simultaneously detects projection-
aligned high- and low-energy x-ray data. Each layer
of the detector has a maximum sensitivity for different
energy spectra. Thus, DLCT implicitly acquires dual-
energy data without the need for a special mode, and
allows for the pro- and retrospective generation of
results with a perfect temporal and spatial alignment
over the full field-of -view.However,medium spectral sep-
aration is expected to be achieved and cross-scatter
between detector layers may occur. Projection-based
material decomposition with implicit noise-reduction
exploiting anti-correlated noise in both detector layers
can be performed with DLCT imaging.

The image acquisition and reconstruction protocols
for the two DECT techniques are based on current state-
of -the-art clinical head protocols for treatment planning
at the Heidelberg Ion Beam Therapy Center (HIT, Ger-
many) (Supplementary Table S2). For SACT systems,
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F IGURE 1 Cylindrical samples of investigated dental materials: aluminum, cobalt-chrome, composite I, composite II, glass-ceramic, lithium
disilicate, polymethyl methacrylate (PMMA), silicone material, titanium, and zirconium dioxide. Some samples were fabricated as an inner core
surrounded by PMMA (in green color or transparent).

dedicated DECT image acquisition and reconstruction
protocols are necessary. For DLCT systems, the same
protocol as for conventional imaging can be used to
simultaneously obtain conventional and spectral image
data. Additionally, for each SACT image acquisition,
the Siemens iterative metal artifact reduction algo-
rithm (iMAR) (Siemens Healthcare GmbH, Erlangen,
Germany), and for each DLCT image acquisition, the
Philips orthopedic metal artifact reduction algorithm (O-
MAR) (Philips Healthcare, Best, The Netherlands) were
applied,29,34 since these MAR algorithms are directly
implemented on the used clinical CT scanners.

2.3 Investigation of radiological
material parameters of dental materials

Image data of dental materials were acquired in a cus-
tom one-bore cylindrical phantom of 46.0 cm height and
8.0 cm radius made of PMMA to mimic beam hardening
that occurs in a typical situation in the head. To ensure
that no signal from one material interfered with the mea-
surement signal from an adjacent material, a distance
of 8 cm (detector width of the Spectral CT 7500) or
2 cm (detector width of the SOMATOM Confidence CT)
was left between the individual dental materials in the
phantom.The radiological material parameters CT num-
ber (CTN), RED, and EAN data provided by SACT and
DLCT image data were quantified for initial characteri-
zation of the dental materials. RED and EAN datasets

were obtained from SACT acquisitions using the mod-
ule syngo.CT DE Rho/Z in the syngo.via environment
(Siemens Healthcare GmbH, Erlangen, Germany) and
from DLCT acquisitions using Philips spectral software
(Philips Healthcare, Best, The Netherlands). Circular
regions-of -interest (ROIs) with a size of ∼70% of the
inserts’ cross-sectional diameters were placed in axial
CT slices of each dental material. By using this method,
possible artifacts that may arise due to gradient effects
to the surrounding PMMA near the material–phantom
boundary were avoided. For similar reasons, CT slices
at both ends of the investigated materials were also
excluded. The mean and standard deviation of the
extracted values over all slices from each dental material
were calculated.

Furthermore, the DEEDZ-MD method proposed by
Saito35 was used to calculate the mass density (MD, ρ)
from DECT-based RED (ρe) and EAN (Zeff) values, with
Zeff,w being the EAN of water:

𝜌 = 𝜌e + 𝜌e

2∑
n = 0

en

{(
Zeff

Zeff,w

)m

− 1

}n

(1)

According to Saito and Sagara,36 the value of m
was set to 3.3, and the same human tissue-specific
parameters (en) as obtained by Saito35 were used.
The DEEDZ-MD method was first experimentally vali-
dated for both DECT techniques using tissue-equivalent
inserts (Gammex Electron Density CT Phantom 467,
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Gammex-RMI, Middleton, WI, USA) and compared with
MD data provided by the vendor (relative mean devia-
tion of −1.2% [SACT] and −1.4% [DLCT]) before being
applied to dental materials.

Besides, the severity of artifacts was qualitatively
evaluated on a four-point scale37: 1, no; 2, mild; 3,
moderate; 4, severe artifacts.

2.4 Measurement and prediction of
SPR values for dental materials

2.4.1 Calculation of predicted SPR values
based on quantitative DECT data

For DLCT imaging, RED and EAN data of the spec-
tral results were used to calculate SPR values via the
Bethe equation using an in-house program (denoted
as DE-RhoZ-DLCT).18 The mean excitation energy (I-
value) was estimated from a piecewise linear fit to EAN
using the method proposed by Yang et al.38 The mean
excitation energy of water was set to 78.73 eV, consis-
tent with the values proposed by Bär et al.39 and the
ICRU Report 90.40 Following the recommendation of
Inaniwa and Kanematsu,41 a fixed particle kinetic energy
of 100 MeV per nucleon was assumed, because the
energy dependence of SPR prediction in the therapeutic
range is minimal.42

For SACT imaging, a DirectSPR implementation
(Siemens Healthcare GmbH, Erlangen, Germany)
in the syngo.via image-reconstruction software was
employed (DE-DirectSPR-SACT).43 In addition, RED
and EAN data were obtained from the module syngo.CT
DE Rho/Z were used to calculate SPR values via
the same procedure as explained for DLCT imaging
(referred to as DE-RhoZ-SACT).

Validation of SPR prediction for both DECT tech-
niques (SACT and DLCT) and SPR prediction methods
(DE-DirectSPR and DE-RhoZ) was performed using
tissue-equivalent inserts (Gammex Electron Density CT
Phantom 467, Gammex-RMI, Middleton, WI, USA) in
a cylindrical PMMA phantom before applying DECT-
based SPR prediction to dental materials. Relative
mean deviation compared to measured SPR values was
below 0.7% for DE-DirectSPR-SACT, DE-RhoZ-SACT,
and DE-RhoZ-DLCT. Figure 2 illustrates the practical
implementation of SECT and DECT approaches used
in this study.

2.4.2 Calculation of predicted SPR values
based on conventional SECT image data

For the protocols of each of the two DECT techniques,
a HLUT converting CTN to SPR values was generated.
The clinically applied procedure using tissue-equivalent
inserts (Gammex Electron Density CT Phantom 467,

Gammex-RMI, Middleton, WI, USA) was followed. For
DLCT, the acquired 120 kVp SECT image data was
used (SE-120-DLCT), whereas for SACT, the HLUT was
based on the 140 kVp SECT image data (SE-140-
SACT). The HLUTs were created based on the two-
parameter stoichiometric parametrization,44,45 following
the current clinical protocol at HIT.46

2.4.3 Measurement of SPR values

SPR values of all dental materials were determined
experimentally at HIT by measuring, from each mate-
rial of interest, the shift of a Bragg peak in a water
absorber (Peakfinder Water Column, PTW-Freiburg,
Freiburg, Germany) using carbon ions at 250.1 MeV/u.
Carbon ions were used for the SPR measurements due
to their sharper Bragg peak, reduced lateral scattering,
and less range straggling compared to protons.17 The
measured SPR was calculated as:

SPRmeas =
Pw − Pm

dm
(2)

Here, Pw denotes the mean of the depths in the
water absorber corresponding to the fitted dose maxi-
mum, dose maximum, 90% distal dose, and 80% distal
dose without a dental material sample present.Pm is the
mean of the four depths with a dental material sample
m intersecting the beam, and d is the thickness of the
sample.

2.4.4 Assessment of DECT- and
SECT-based SPR predictions

Relative residuals were calculated to quantify the devi-
ation between measured reference (SPRmeas) and
SECT- or DECT-predicted SPR values (SPRCT):

relative residual =
SPRCT − SPRmeas

SPRmeas
⋅ 100% (3)

2.5 Assessment of treatment planning
using DECT-based SPR prediction for ion
beams with an anthropomorphic head
phantom containing dental materials

To assess particle therapy treatment planning accuracy
for patients with dental materials in clinical-like con-
ditions, range prediction and dosimetric impact were
evaluated using a tissue-equivalent anthropomorphic
head phantom (Proton Therapy Dosimetry Head, Model
731-HN, Computerized Imaging Reference Systems,
Inc. (CIRS), Norfolk, VA, USA). The model contains two
removable pins that allow segments of molar tooth roots
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F IGURE 2 Practical implementation of (a) sequential acquisition CT (SACT) and (b) dual-layer spectral CT (DLCT) for single-energy CT
(SECT)- and dual-energy CT (DECT)-based stopping power ratio (SPR) prediction using relative electron density (RED), effective atomic
number (EAN), and mean excitation energy (I-value), or a Hounsfield look-up table (HLUT). SE-140-SACT, SECT-based SPR prediction with
SACT at 140 kVp; DE-DirectSPR-SACT, DECT-based SPR prediction with SACT using a DirectSPR implementation; DE-RhoZ-SACT,
DECT-based SPR prediction with SACT using the RhoZ-method; SE-120-DLCT, SECT-based SPR prediction with DLCT at 120 kVp;
DE-RhoZ-DLCT, DECT-based SPR prediction with DLCT using the RhoZ-method.

to be exchanged.The segments are made of either tung-
sten or tissue-equivalent material. For this study, one
of the teeth, located beneath different tissue-equivalent
layers, was replaced with a dental restoration made of
lithium disilicate. Lithium disilicate is a common dental
material from Section 2.1 which was selected for fur-
ther investigation in clinical-like conditions (Figure 3).
Two different custom-made types of one of the replace-
able teeth were fabricated: (a) spherical dental material
with a diameter of 7 mm on a PMMA basis and (b)
dental crown with a thickness of 1 mm on a PMMA
basis. The head phantom was immobilized with a
head cushion and an individualized thermoplastic mask,
and the part of the mask surrounding the tooth was
cut off.

Helium ions were chosen for the investigation of range
and dose differences due to their intermediate physi-
cal properties between proton and carbon ion beams.47

Helium ions have a sharper Bragg peak, less multiple
Coulomb scattering, and reduced range straggling in
comparison with protons, but a smaller fragmentation
tail than carbon ions. Instead of optimizing a treatment
plan for a specific target volume, one iso-energy layer

at 92.75 MeV/u was created with the RayStation TPS
version 11B (RaySearch Laboratories AB, Stockholm,
Sweden) using a pencil beam dose engine with a dose
grid of 1 mm and spot spacing of 2 mm.

In all CT datasets, the PMMA basis and volume
behind the dental material were manually delineated
and overridden with the measured SPR value of
PMMA (cf.Section 2.4.3). In an additional SE-140-SACT
dataset, the dental material volume was delineated and
overridden with the experimentally determined SPR
value as well. Because the beam only passes through
the experimentally determined overridden materials
without passing any additional tissue-equivalent mate-
rial, this material-specific dataset was then assumed to
be the (measured) reference dataset to be compared
with other CT datasets.Consequently, range differences
that might occur between different CT datasets are only
due to the dental restoration itself.

The iso-energy layer was initially calculated on the
reference dataset. Following plan optimization, forward
dose calculations were performed on five additional
(image) datasets using the (A) SE-140-SACT (with-
out material override of the dental material), (B)
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F IGURE 3 CT images of the anthropomorphic head phantom with a removable tooth in two different configurations: (a) spherical dental
material and (b) dental crown.

DE-DirectSPR-SACT, (C) DE-RhoZ-SACT, (D) SE-120-
DLCT, and (E) DE-RhoZ-DLCT approach.

SPR predictions from all CT datasets of the head
phantom were analyzed with ROIs in the dental mate-
rial (Figure 3a) as well as in the tooth dentin and tooth
enamel.The dental material was compared to measured
reference values acquired in Section 2.4.3 and the tooth
dentin and tooth enamel were compared to measured
values of 1.501 ± 0.003 and 1.763 ± 0.003 determined
by Wohlfahrt et al.16 Physical dose distributions calcu-
lated with SECT and DECT were then compared in
terms of their range prediction to the (measured) ref-
erence dataset, respectively. Since range differences
in the head phantom were analyzed and quantified
in previous studies for beams unobstructed by dental
material,16–18 this study focused on evaluating range dif-
ferences arising from the dental material. Differences in
range prediction between (image) datasets and the ref-
erence dataset were analyzed with line-dose profiles in
beam direction and quantified by absolute range shifts
at the distal range at 80% (R80) of prescribed dose
(ΔR80 = R80,Reference − R80,CT).

3 RESULTS

3.1 Determination of radiological
material parameters of dental materials

The radiological parameters CTN, RED, EAN, MD, and
artifact categories of the dental materials for the two
DECT acquisition techniques are presented in Table 1.
Dental materials containing an element of a high

atomic number (cobalt-chrome, composites I and II,
glass-ceramic, lithium disilicate, titanium, and zirconium
dioxide) saturated or nearly saturated CTN using SACT
or DLCT and caused streak artifacts. RED, EAN, and
MD values of TRD materials were similar for SACT and
DLCT (relative deviation was <0.8% for RED, <3.0%
for EAN, <1.5% for MD). However, RED, EAN, and thus
also MD values differed for dental implant and restora-
tion materials between SACT and DLCT because of
their different (image- and projection-based) calculation
methods.

3.2 Measurement and prediction of
SPR values for dental materials

Figure 4 presents SPR values of the investigated den-
tal materials together with the respective CT acquisition
technique (SACT and DLCT) and calculation method
as well as measured SPR values, which are addition-
ally listed in Supplementary Table S3. Comparison of
SECT- and DECT-predicted SPR values are given in
Table 2. For dental implant and restoration materials,
SPR prediction accuracy using DECT techniques was
overall closer to measured values than SECT, although
DECT methods showed limitations for materials con-
taining elements of a high atomic number. For TRD
materials, DECT-based SPR prediction accuracy com-
pared to measured SPR was <0.7% for PMMA and
<2.3% for silicone material.

For SACT, the difference in SPR prediction between
DE-DirectSPR-SACT and DE-RhoZ-SACT methods
was minimal. Since the DE-RhoZ-SACT and DE-Direct
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SPR-SACT algorithms rely on two image datasets
acquired at 80 kVp and 140 kVp, it becomes difficult
to achieve reliable quantitative DECT data if CTN of
one or both of the 80 kVp and 140 kVp acquisitions are
nearly or fully saturated (CTN ≥ 3071 HU) (cf. Table 1).
This might cause the larger variations in SPR prediction
compared to measured SPR values for cobalt-chrome,
composites I and II, glass-ceramic, lithium disilicate, and
titanium. Using the MAR algorithm iMAR showed no
considerable difference in DECT-based SPR prediction
within dental materials (deviation <0.2%).

For DLCT, DECT-based SPR predictions showed bet-
ter agreement compared to measured SPR values
than SECT-based SPR predictions for all dental materi-
als (excluding composite II). DE-RhoZ-DLCT-predicted
SPR for composite II showed a larger deviation than
the other dental materials, which could result from a
trace of the element ytterbium of a high atomic number.
DECT-based SPR prediction accuracy for dental mate-
rials was similar with and without the MAR algorithm
O-MAR (deviation <0.2%).

3.3 Assessment of treatment planning
using DECT-based SPR prediction for ion
beams with an anthropomorphic head
phantom containing dental materials

In the first part, range prediction differences for beams
unobstructed by dental material were analyzed. As
an initial validation, SECT-based predictions from both
CT acquisition techniques (SACT and DLCT) were
compared and showed similar range predictions with
maximum differences <0.2 mm at R80 for beams unob-
structed by dental material (Figure 5). These minor
differences could be due to image registration and
slightly different HLUTs of the two CT imaging protocols.
Next, DE-DirectSPR-SACT predictions were investi-
gated and confirmed range differences compared to
SE-140-SACT-based SPR predictions. Since Wohlfahrt
et al.16 found that DirectSPR methods with a Siemens
SACT scanner performed better than SECT-based
SPR prediction methods in the CIRS anthropomor-
phic head phantom using validated ground truth SPR
data, we also assumed that DE-DirectSPR-SACT pre-
dicts SPR values closer to the ground truth than SECT.
The assumption that DE-DirectSPR-SACT outperforms
SECT in the head phantom was confirmed by analyz-
ing SPR values in the tooth dentin and tooth enamel
(Table 3). Analyzed line-dose profiles revealed that both
investigated DE-SACT approaches used in this study
(DE-DirectSPR and DE-RhoZ) predicted similar ranges
with small differences of <0.4 mm at R80. As a follow-
ing step,DE-DLCT range predictions were analyzed and
found to be similar to DE-SACT for beams unobstructed
by dental material with range differences between DE-
SACT and DE-DLCT of <0.5 mm. Range differences
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F IGURE 4 Stopping power ratio (SPR) values of the investigated dental materials predicted with sequential acquisition CT (SACT) and
dual-layer spectral CT (DLCT). SE-140-SACT, SECT-based SPR prediction with SACT at 140 kVp; DE-DirectSPR-SACT, DECT-based SPR
prediction with SACT using a DirectSPR implementation; DE-RhoZ-SACT, DECT-based SPR prediction with SACT using the RhoZ-method;
SE-120-DLCT, SECT-based SPR prediction with DLCT at 120 kVp; DE-RhoZ-DLCT, DECT-based SPR prediction with DLCT using the
RhoZ-method. Note that the markers of DE-DirectSPR-SACT are hidden by overlaying markers of DE-RhoZ-SACT.

might emerge from the two different DECT techniques
(image- and projection-based methods), although small
differences could also result from the image registration
and image resolution. No systematic shift in one direc-
tion was observed. Thus, SECT and DECT predictions
of the two CT acquisition techniques each showed to
predict similar ranges in the head phantom (Figure 5). A
previous study showed that DE-RhoZ-DLCT-predicted
dose distributions revealed higher 3D gamma pass-
ing rates compared to SE-120-DLCT-predicted dose
distributions for a helium ion therapy plan using the
anthropomorphic head phantom.18 Based on this, DE-
RhoZ-DLCT SPR calculations were considered to be
closer to the reference values―in alignment with the
results that DE-DirectSPR-SACT outperforms SE-140-
SACT.

In the second part, range prediction differences for ion
beams passing through the dental material (Figure 3a)
were analyzed. The lithium disilicate restoration had a
smaller (more patient-realistic) diameter than the sam-
ple used in Section 3.2, which resulted in different
SPR prediction accuracies (Tables 2 and 3). DE-SACT
(DE-DirectSPR-SACT and DE-RhoZ-SACT) overesti-
mated the SPR value of the lithium disilicate restoration
(Table 3), which was already seen in Figure 4 and
Table 2. This might result from partially saturated CTN
in the 80 kVp image datasets of the dental material. For
this specific material, SECT-based SPR prediction was
closer to the measured SPR value. Therefore, in its cur-
rent status,DE-SACT-based SPR prediction for a lithium
disilicate restoration may not be accurate enough for
dose prediction in particle therapy. However, this also
depends on the material, size, and shape of the den-
tal restoration and how much of the dental material is

in the beam direction. The use of a lithium disilicate
dental crown with a thickness of 1 mm on a PMMA
basis (Figure 3b) resulted in an underestimation of
the SPR value with DE-SACT due to beam hardening
effects, but may lead to smaller overall range predic-
tion errors due to the smaller diameter of the dental
material.Projection-based SPR prediction for the lithium
disilicate restoration using DE-RhoZ-DLCT was closer
to the measured SPR than SE-120-DLCT (Table 3) and
resulted in a remaining range deviation of 0.2 mm (SE-
120-DLCT: 1.0 mm) at R80 compared to the reference
dataset (Figure 5).

4 DISCUSSION

4.1 Key findings

In this study, we investigated the use of DECT-based
particle therapy treatment planning for patients with
dental implant and restoration materials,which is a com-
mon scenario in head and neck particle therapy. The
reduction of dental material-induced effects is chal-
lenging, and is still an active research area because
dental materials may negatively impact particle ther-
apy treatment planning. Dental implant or restoration
materials are composed of various materials such as
cobalt-chrome, composites, glass-ceramic, lithium dis-
ilicate, titanium, and zirconium dioxide (Supplementary
Table S1). In this study, DECT image acquisitions were
performed with two different DECT techniques using
SACT and DLCT scanners,each showing strengths and
limitations for application in particle therapy. A compar-
ison of different DECT acquisition techniques with a



10 of 16 LONGARINO ET AL.

TABLE 2 Relative residuals of dual-energy CT (DECT)- and single-energy CT (SECT)-predicted stopping power ratio (SPR) values of
dental materials from measured SPR values in % using sequential acquisition CT (SACT) and dual-layer spectral CT (DLCT)

SACT—Relative residuals DLCT—Relative residuals
Material SPRSE-140 SPRDE-DirectSPR SPRDE-RhoZ SPRSE-120 SPRDE-RhoZ

Aluminum −3.08 5.98 2.93 −6.29 3.83

Cobalt-chrome −55.68 −31.36 −31.56 −59.69 −35.43

Composite I 58.88 138.78 139.56 44.25 7.52

Composite II 47.88 127.68 128.78 34.58 113.38

Glass-ceramic 14.67 55.96 56.38 12.89 3.65

Lithium disilicate 24.39 89.79 89.44 12.24 11.53

PMMA −6.57 0.49 0.68 −6.93 0.61

Silicone material 1.06 2.03 2.28 1.09 1.35

Titanium −19.92 19.40 18.94 −27.74 14.17

Zirconium dioxide −38.05 −3.31 −3.40 −43.58 −9.59

Abbreviations: SE-140-SACT, SECT-based SPR prediction with SACT at 140 kVp; DE-DirectSPR-SACT, DECT-based SPR prediction with SACT using a DirectSPR
implementation; DE-RhoZ-SACT, DECT-based SPR prediction with SACT using the RhoZ-method; SE-120-DLCT, SECT-based SPR prediction with DLCT at 120 kVp;
DE-RhoZ-DLCT, DECT-based SPR prediction with DLCT using the RhoZ-method.

focus on particle therapy treatment planning has been
described in previous works8–10,18 and is summarized in
Section 2.2.

This study is the first to comprehensively investigate a
full spectrum of common dental materials. Radiological
material parameters CTN, RED, EAN, MD, and artifact
categories of ten common dental materials currently
applied in prosthetic and restorative dentistry and in
radiotherapy-related tissue retraction were determined.
CTN for most of the materials were larger than 3000 HU
and some even saturated the CTN scale, causing mild
to severe artifacts (Table 1).

Measured SPR values ranged from 1.169 (PMMA)
to 5.823 (cobalt-chrome) (Figure 4 and Supplementary
Table S3). For TRD materials, DECT can improve SPR
prediction accuracy for particle therapy planning, result-
ing in remaining discrepancies of <0.7% for PMMA and
<2.3% for silicone material (Table 2). In cases where
TRDs lie in the beam path, dose delivered in tissue
around TRDs can be more accurately predicted by using
DECT.

For dental materials, DECT showed overall SPR pre-
dictions closer to measured SPR than SECT (Table 2).
For cobalt-chrome (metal alloy), titanium (pure metal),
and zirconium dioxide, which are materials made of
elements of a high atomic number, both DE-SACT-
and DE-DLCT-based SPR predictions seemed to reach
a plateau at values around 3.9 (DE-SACT) and 3.7
(DE-DLCT) (Supplementary Table S3). These values
seemed to be the current upper limit of the investigated
DECT reconstruction methods. Furthermore, these
elements do not only feature higher atomic numbers,
but also high mass and electron densities relative to the
natural elemental composition of the human body. The
measured values displayed in Figure 4 indicate strong
influence of (electron) density for these materials offer-
ing a potential explanation for the deviations between

measurements and CT imaging-based SPR prediction.
Thus, it remained challenging to accurately predict
SPR values of these materials exhibiting high SPR
values. Yet, the use of DECT improved SPR predic-
tion for cobalt-chrome, titanium, and zirconium dioxide
compared to SECT. The two HLUTs applied have max-
imum SPR values of 2.602 (SE-140-SACT) and 2.347
(SE-120-DLCT), which led to an SPR underestimation
of up to 60% for these dental materials using SECT
(Table 2). For materials containing smaller amounts of
elements of a high atomic number and/or high den-
sities (composites I and II, glass-ceramic, and lithium
disilicate), DE-SACT-based SPR prediction reached
an SPR value of about 3.9 in most of the cases, lead-
ing to large deviations compared to measured SPR
(Supplementary Table S3). This means that materials
containing even small amounts of elements of a high
atomic number and/or featuring high densities were
overexpressed in the DECT reconstructions, except
for glass-ceramic, where possibly smaller amounts of
a high atomic number element (yttrium) were used.
These elements led to high CTN for these materials
and thus an overestimation of their SPR values using
a HLUT compared to measured SPR. For these same
materials,DE-DLCT-based SPR reconstruction seemed
to predict SPR more accurately, except for composite II
(Table 2 and Supplementary Table S3). The larger SPR
deviation in composite II could be due to the element
ytterbium of a high atomic number, resulting in an SPR
value of about 3.7 as for a metal alloy.

Furthermore, DE-DirectSPR-SACT and DE-RhoZ-
SACT methods showed similar SPR predictions
(Table 2). Since DE-140-SACT using image-based
methods relies on the 80 and 140 kVp image datasets,
it may be difficult to achieve reliable quantitative DECT
data if CTN of one or both acquisitions are saturated or
nearly saturated. For some materials (i.e., composites,
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F IGURE 5 For two different axial CT slices, dose distribution for helium ions (a,c) and two representative line-dose profiles calculated on
sequential acquisition CT (SACT) and dual-layer spectral CT (DLCT) to quantify deviations in range prediction (b,d) for a beam unobstructed by
(a,b) or passing through (c,d) dental material. The placement of the line-dose profiles in (b,d) is illustrated in (a,c). The illustrated depth-dose
curves indicate in beam’s eye view absolute range (R) differences at R80 (marked with circles) between DE-DirectSPR-SACT and the other
stopping power ratio (SPR) prediction methods in (b) and between the reference dataset and the different SPR prediction methods in (d).
SE-140-SACT, SECT-based SPR prediction with SACT at 140 kVp; DE-DirectSPR-SACT, DECT-based SPR prediction with SACT using a
DirectSPR implementation; DE-RhoZ-SACT, DECT-based SPR prediction with SACT using the RhoZ-method; SE-120-DLCT, SECT-based SPR
prediction with DLCT at 120 kVp; DE-RhoZ-DLCT, DECT-based SPR prediction with DLCT using the RhoZ-method.

TABLE 3 Relative residuals of dual-energy CT (DECT)- and single-energy CT (SECT)-predicted stopping power ratio (SPR) values from
measured SPR values in % using sequential acquisition CT (SACT) and dual-layer spectral CT (DLCT) in the anthropomorphic head phantom

SACT—Relative residuals DLCT—Relative residuals
Material SPRSE-140 SPRDE-DirectSPR SPRDE-RhoZ SPRSE-120 SPRDE-RhoZ

Tooth dentin 1.53 −0.25 −0.33 1.53 −0.29

Tooth enamel 10.94 −0.58 −0.57 10.89 −0.97

Lithium disilicate
restoration

10.91 35.04 34.27 8.42 0.22

Note: SPR values were determined in regions-of -interest (ROIs) in the tooth dentin, tooth enamel, and lithium disilicate restoration.
Abbreviations: SE-140-SACT, SECT-based SPR prediction with SACT at 140 kVp; DE-DirectSPR-SACT, DECT-based SPR prediction with SACT using a DirectSPR
implementation; DE-RhoZ-SACT, DECT-based SPR prediction with SACT using the RhoZ-method; SE-120-DLCT, SECT-based SPR prediction with DLCT at 120 kVp;
DE-RhoZ-DLCT, DECT-based SPR prediction with DLCT using the RhoZ-method.
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glass-ceramic, lithium disilicate), SPR prediction accu-
racy might seem better with SECT compared to DECT.
This is mainly tied to the fact that the HLUT used in
our institution and in this study has a maximum SPR
value of 2.602 when using SE-140-SACT, which may
be incidentally closer to the measured value. However,
other institutions might use a HLUT with a maximum
SPR value of approximately 4, which might then cause
a larger overestimation of SPR values for dental mate-
rials saturating the CTN scale from the measured
values. Moreover, we found that the insert diameter had
an impact on SPR prediction accuracy. For example,
cobalt-chrome, composites, lithium disilicate, and zirco-
nium dioxide didn’t saturate the CTN scale anymore,
when smaller insert diameters were fabricated and
used. Thus, even smaller (more patient-realistic) sizes
of dental materials may result in better DECT-based
SPR predictions.DE-RhoZ-DLCT-based SPR prediction
with a mean deviation of 9.7% (range:[−35.43,14.17]%)
was consistently closer to measured SPR values com-
pared to SE-120-DLCT showing a mean deviation of
23.9% (range: [−59.69, 44.25]%) (Table 2, excluding
composite II). In contrast to human tissue, however, for
dental materials containing elements of a high atomic
number (e.g., ytterbium or zirconium), accurate SPR
predictions remain still challenging with current DECT
techniques. In particular, the accuracy of RED and EAN
maps can reach its limit for specific materials consisting
of elements of a high atomic number. Previous works
reported that already a small trace of an element of a
high atomic number causes a substantial positive bias
in RED using DECT.48 As an example, a small amount
of iodine in the thyroid was found to cause a positive
bias in RED of about 1.1% for DE-SACT and 0.3% for
DE-DLCT,which is most likely due to the larger influence
of the photoelectric effect.48 An increasing amount of a
high atomic number element also increases the bias in
RED,although DE-DLCT seems to be less affected than
DE-SACT, which was confirmed by our data (Table 2).
Therefore, an SPR overestimation as observed for
almost all dental materials containing elements of a
high atomic number (Table 2) is an inherent property of
the investigated DECT-based SPR prediction methods
as reported in previous studies.16,48 Since the DE-RhoZ
and DE-DirectSPR algorithms are implemented for the
usual CTN range from −1024 HU to +3071 HU, an
extended CTN scale doesn’t provide additional infor-
mation to improve SPR prediction. However, using an
extended CTN scale may reveal more information about
the dental material, including components and actual
dimensions, that may be used to override the material
with the proper SPR value. While current implementa-
tion does not seem to improve SPR prediction within
dental materials, the use of MAR algorithms or virtual
monoenergetic images may also reduce metal artifacts
and improve structure delineation.3,30 Altogether, DE-
SACT- and DE-DLCT-based SPR prediction provide

improved SPR prediction accuracy compared to SECT
for dental materials, especially for certain materials, for
example, zirconium dioxide, and may improve treatment
planning.

DECT-based particle therapy treatment planning for
head and neck cancer patients was evaluated for one
exemplary dental material in an anthropomorphic head
phantom. In the tooth surrogates (tooth dentin and tooth
enamel) of the head phantom where no dental implant
or restoration material is present, DECT-based SPR
predictions outperformed SECT (Table 3).SECT overes-
timated the SPR values of tooth dentin and tooth enamel
compared to measured SPR values, whereas DECT
slightly underestimated SPR values with deviations
<1%. Since an SPR accuracy within 1% can be realisti-
cally reached using DECT in idealized situations,11 the
DECT-predicted SPR accuracy of the tooth surrogates
was within the expected uncertainty. Moreover, the rel-
ative residuals of DECT-predicted SPR values were in
the same order of magnitude as the uncertainty of the
measured SPR values of the tooth surrogates (0.2%).16

SECT-predicted SPR values may have overestimated
measured SPR values because the CTN of the tooth
surrogates are relatively high due to their elemental
compositions,which convert to higher SPR values using
a HLUT than expected from the measurements.

Assessment of treatment planning for helium ion
beams with the anthropomorphic head phantom con-
taining dental materials revealed that SECT- and DECT-
based range predictions using SACT and DLCT were
similar in the head phantom for beams unobstructed
by dental material, respectively (Figure 5). Drawing on
previous results from the same anthropomorphic head
phantom using a validated ground truth SPR map,16 we
assumed that DECT-based SPR prediction is closer to
the ground truth than SECT. However, an uncertainty of
1 mm has to be assumed due to the voxel size and from
the manual delineation of the dental restoration. For the
dental material, SECT- and DECT-based SPR predic-
tions were compared to a reference dataset, which is
based on the measured SPR value of lithium disilicate
and therefore as accurate as the SPR measurement
itself. When ion beams passed through the dental mate-
rial, DE-SACT overestimated the SPR value of the
lithium disilicate restoration with a relative deviation of
about 35% compared to measured SPR (Table 3).Thus,
current DE-DirectSPR-SACT SPR predictions may not
be accurate enough for the specific material lithium
disilicate at the moment. DE-RhoZ-DLCT with a rela-
tive deviation of 0.2% was closer to measured SPR
than SE-120-DLCT (Table 3). Using projection-based
DE-DLCT for patients with a lithium disilicate restora-
tion showed better agreement with measured SPR than
SECT (Figure 5) and may be used for future particle
therapy treatment planning strategies.

In general, this study showed that, in its current state,
image-based spectral reconstruction as used with SACT
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may be limited in making quantitative statements for
certain non-tissue dental materials, especially if the
materials contain elements of a high atomic number,
for example, composite II with ytterbium as investigated
in Section 3.2. Projection-based spectral reconstruction
may provide superior SPR prediction for some materials.
However, the extent of improvement in dental manage-
ment is largely dependent on the components, size, and
shape of the material and therefore must be evaluated
on a case-by-case basis to determine whether DECT-
based SPR prediction is currently accurate enough for
particle therapy treatment planning. The department of
prosthodontics could preferentially use dental implant
and restoration materials that are more suitable for
DECT-based SPR prediction, if this is possible for the
patient.

4.2 Comparison to previous work

This study found that both subjective image quality and
SPR prediction accuracy decreased for dental materials
with higher densities (cobalt-chrome, composites, and
zirconium dioxide). This is in line with previous works
reporting that highly attenuating materials such as zir-
conium (ρ ≈ 6.5 g/cm3) or cobalt-chrome (ρ ≈ 8.5 g/cm3)
cause more severe artifacts on CT image datasets,
resulting in larger artifact index and lower image crite-
ria scores compared to the artifacts caused by titanium
(ρ ≈ 4.5 g/cm3).49,50

A previous study investigated a base metal, amalgam,
lithium disilicate, and zirconia and observed substantial
changes in proton range with respect to water for these
materials.20 The present study confirmed that ion beam
range was affected by the lithium disilicate restoration
in the head phantom and that current SECT-based SPR
predictions don’t provide sufficiently accurate range pre-
dictions in treatment planning (Table 3 and Figure 5).
Compensating for the lithium disilicate restoration may
be instead possible with projection-based DE-DLCT
methods. For beams unobstructed by dental material
in the anthropomorphic head phantom, the DE-RhoZ-
SACT-determined SPR values for the tooth dentin of
1.496 ± 0.019 and tooth enamel of 1.753 ± 0.020 were
comparable to the SPR results of 1.496 ± 0.011 and
1.869± 0.018 from a previous study,16 although the SPR
value for the dental enamel from this study was closer
to the measured value.

4.3 Clinical relevance

This study focused on the radiological and dosimetric
effects of dental materials that are common in an aging
population receiving radiotherapy. Despite sophisticated
imaging technology, dental material-related effects on
treatment planning remain a challenge in daily prac-

tice. In a previous study, a high incidence of over 70%
of dental material artifacts was found on the plan-
ning CT image datasets of oral/oropharyngeal cancer
patients.51 The finite range of ion beams makes them
more sensitive to planning uncertainties than photon
beams; therefore, it is especially important to improve
dental management for particle therapy.5

To our knowledge, this is the first study that com-
prehensively investigated and characterized common
state-of -the-art dental implant and restoration materials
using two different DECT techniques. To this end, radio-
logical material parameters were determined and SPR
values measured and compared between SECT and
DECT techniques. For the investigated dental materi-
als,measured SPR values can be assigned in treatment
planning for patients with known, accurately contoured
dental materials to account for uncertainties in SPR
values. Moreover, robust optimization, using several CT
image datasets (e.g., SECT, DECT, MAR, materials over-
ride…) of the patient and/or additional range uncertainty
optimization parameters, may be applied to consider
dental materials. In silico study using an anthropomor-
phic head phantom revealed that DE-DLCT-based SPR
prediction for patients with lithium disilicate restora-
tions may enable treatment planning despite the dental
material. Thus, uncertainties in SPR prediction may be
limitable and manageable using DECT.

4.4 Study limitations and future work

This study investigated a representative selection of
common dental materials. However, no amalgam sam-
ples were investigated, because the institutional depart-
ment of prosthodontics no longer uses amalgam as a
filling material,but elderly patients may still harbor amal-
gam. Moreover, no gold alloy was considered due to
cost reasons. Finally, this study investigated two differ-
ent DECT techniques (SACT and DLCT);however, other
DECT techniques (e.g., dual-source CT, twin-beam CT,
or fast kVp-switching CT) may change SPR prediction
results. Using different dual-energy tube voltage combi-
nations (e.g., 100 and 140 kVp), for example, for SACT
and dual-source CT may also influence results, but was
not possible to employ with our CT scanner settings.

High-energy data acquired with photon-counting
detector CT systems has been shown to reduce metal
artifacts in reconstructions owing to reduced beam
hardening.52 With further development,photon-counting
CT may offer the potential for improved SPR prediction
and dose calculation for patients with dental materials.

In the future, dental implant and restoration materials
which are often composed of various components could
be manufactured with a lower amount of radiopaque
material,which could be explored by vendors.Neverthe-
less, it will still be necessary to distinguish non-tissue
dental materials from natural teeth in planar x-ray
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imaging and CT image acquisitions. The discovery of
new materials or compositions without elements of a
high atomic number for usage in dentistry might reduce
SPR prediction uncertainty in the future.Interdisciplinary
collaborations are needed for the management of non-
tissue dental materials. Institutional departments of
prosthodontics might select dental implant and restora-
tion materials that are more suitable for SPR prediction
with SECT and DECT―depending on the available and
used CT technology in a radiation therapy department.

Finally, other non-tissue implant materials in the body
(e.g., spinal stabilization implants, hip prostheses, or
silicone breast implants53) may also benefit from using
DECT-based SPR prediction. For example, by using
DECT, the SPR overestimation for PALACOS® R + G
bone cement (Heraeus, Hanau, Germany) was reduced
from 50% to less than 10%.18 Future work might inves-
tigate other non-tissue implant materials in the human
body using DECT imaging for particle therapy treatment
planning.

5 CONCLUSIONS

This study investigated DECT-based imaging for parti-
cle therapy treatment planning for patients with dental
implant and restoration materials by using sequential
acquisition and DLCT techniques. Radiological material
parameters of ten common dental implant and restora-
tion materials were determined. Overall, DECT-based
SPR predictions of cylindrical inserts in a geometric
phantom showed better agreement with measured ref-
erence data compared to SECT-based SPR predictions.
DECT-based helium ion therapy treatment planning in
an anthropomorphic head phantom with dental material
indicated that DE-SACT and DE-DLCT predicted simi-
lar ranges for beams unobstructed by dental material.
When ion beams passed through the lithium disilicate
restoration, DE-DLCT-based SPR prediction using a
projection-based method was closest to measured ref-
erence data resulting in a remaining range deviation
of 0.2 mm. In sum, DECT-based SPR prediction may
improve the management of non-tissue dental implant
and restoration materials and subsequently compen-
sate for them during particle therapy treatment planning.
Further studies and interdisciplinary collaborations with
departments of prosthodontics may assess other den-
tal materials and techniques to further reduce SPR
prediction uncertainty in dental materials. Prosthodon-
tists stand to gain from such collaboration, for without
it, particle therapy may require them to perform dental
extractions for cancer patients with obstructive den-
tal material,5 which will have to be removed and then
replaced with an alternative. Ongoing collaboration,
however,would help to identify optimal materials for both
prosthodontics and radio-oncology, thus incentivizing
future research together to improve patient outcomes.
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4
Discussion

4.1 Research focus

Range prediction is essential for accurate treatment planning in particle therapy and it is
standardly based on SECT imaging. Yet SECT-based CTN-to-SPR conversion is one of the
major sources of range uncertainty. Therefore, this thesis has aimed to improve SPR prediction by
using DECT imaging. The potential of DLCT for SPR prediction was investigated under various
experimental and clinical conditions and compared with the conventional SECT imaging method.
To facilitate clinical applicability and to improve accuracy, the methodology established in this
thesis for DLCT-based SPR prediction is patient-specific and direct and therefore does not require
the heuristic and indirect SECT-based CTN-to-SPR conversion. This work has demonstrated
that the use of DLCT can improve SPR prediction for accurate particle therapy treatment
planning. Consequently, in comparison to the current clinical SECT method, DLCT-based range
prediction results in a closer agreement between planned and delivered dose.

4.2 Overview and interpretation of key findings

4.2.1 Experimental evaluation of dual-energy CT versus single-energy CT for
SPR and range prediction

In publication I, the accuracy of DLCT-based SPR prediction was experimentally evaluated
and its impact on dose calculation in treatment planning for particle therapy was assessed by
using tissue surrogates, anthropomorphic and geometrically complex head and pelvic phantoms,
and non-tissue materials. For this purpose, a comprehensive workflow for DLCT-based SPR
prediction and particle therapy treatment planning was established (Figure 3.2).

For homogeneous tissue-equivalent material inserts in cylindrical phantoms, predicted SPR
values from DLCT-based maps of RED and EAN were within a mean accuracy of 0.7% in com-
parison with experimentally determined SPR and demonstrated considerably better agreement
with measured data than SECT-based CTN-to-SPR conversion with a mean residual of 1.6%
(Figure 3 and Tables 1, 2 in publication (publ.) I). In this investigation, cylindrical phantoms
made of polymethyl methacrylate (PMMA) were used with radii ranging from 5 cm to 16 cm,
which span the range that is clinically relevant for treatment sites including the head, neck,
abdomen, and pelvis. In a PMMA phantom, the tube current-time product was found to be
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reduced by 100 mAs, with no adverse effect on SPR prediction accuracy for tissue-equivalent
material inserts. Such a reduction is relevant for minimizing CT dose, which is particularly
important in areas with large pediatric contingents, such as particle therapy.

Experimentally, in heterogeneous anthropomorphic head and pelvic phantoms, DLCT showed
improvements in SPR and range prediction compared to SECT. Range verification measurements
in anthropomorphic phantoms were performed with protons, helium, and carbon ions. The
analysis revealed that the dose distributions of the DLCT-based treatment plans were in
better agreement with the dose distributions measured by the ionization chamber array, with
substantially higher 3D gamma passing rates, than the SECT-based treatment plans (Tables 4, 5
in publ. I). DLCT-based range prediction was demonstrated to be highly accurate, as the
measured evaluation layers at the distal edge and their predicted positions were within 1 mm of
each other. The study presented the first dosimetric validation of dose calculation based on DECT
using anthropomorphic phantoms for treatment planning with helium and carbon ion beams
in addition to proton beams. The motivation for investigating DECT-based SPR prediction
for helium and carbon ion beams is that the uncertainty in beam range can cause considerable
deviations in biological dose due to the sharp gradients in LET and RBE end-of-range [150].

Many complicating factors in clinical practice make straightforward prediction of SPR difficult,
including the presence of artifact-inducing implants in patients. For the common non-tissue
materials evaluated, DLCT again performed better than SECT in predicting SPR. However,
both approaches showed considerably higher relative residuals than those for tissue-equivalent
materials. The DLCT-based predictions yielded residuals ranging from 1.0% to 18.4%, while the
SECT-based predictions showed residuals ranging from −6.7% to 45.0% (Table 3 in publ. I).
The importance of SPR prediction for non-tissue materials can be seen in the case of Palacos
bone cement, which is commonly used in artificial joints and primarily made of PMMA and
zirconium dioxide. Despite the high atomic number of zirconium, the bone cement’s SPR value
is low relative to tissue-equivalent materials with the same CTN. Consequently, uncertainty
in SPR prediction can arise, which in turn can result in a particle range deviation of a few
millimeters when SECT is used. However, when DECT was utilized, the SPR overestimation
was reduced from 45% to below 10% in the case of Palacos bone cement. Even if DECT is not
applied in clinical practice for SPR prediction, spectral image data can be employed to better
distinguish normal tissue from non-tissue material and to identify SPR-related properties of
non-tissue materials for contouring and SPR override.

4.2.2 Clinical evaluation of dual-energy CT versus single-energy CT for SPR
and range prediction

In publication II, the clinical viability of DLCT-based SPR prediction was evaluated in treatment
planning for therapy with proton, helium, and carbon ion beams in the brain. A patient
cohort study examined homogeneous and heterogeneous tissue regions, in order to compare
the differences in SPR that result from DLCT- and SECT-based methods, and to investigate
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the ensuing dosimetric impact. In the patient cohort, the DLCT- and SECT-based methods
produced varying degrees of differences in SPR prediction depending on the anatomical regions.

In homogeneous tissue regions, SPR values calculated with DLCT data showed statistically
significant differences from SPR values derived from SECT images in all anatomical regions
examined (Table 1 in publ. II). Bony tissues showed the largest deviation between DLCT and
SECT among the investigated regions-of-interest (ROIs), which may be attributable to their high
SPR values. Given that bones showed SPR differences ranging from 1.1% to 1.2%, DLCT-based
treatment planning may be beneficial, provided that there is a more accurate DLCT-based
prediction of SPR in patient anatomies. As for the brain, which, in treatment plans, is often the
main tissue type in the beam path, the SPR differences amounted to about 1.1%, which could
also be clinically relevant. For example, a SPR difference of 1% translates into a range difference
of 1%, resulting in a 1 mm range shift over 10 cm depth in the body. Avoiding such range
uncertainties is particularly important in the case of tumors located near critical OARs such as
the brainstem or optic system. DLCT may therefore offer a special advantage in such scenarios.

In treatment plans for heterogeneous anatomical regions, the relative and absolute range
differences between DLCT-based and SECT-based SPR predictions were evaluated and their
corresponding dosimetric impact examined. The comparison between DLCT-based proton
treatment plans and corresponding SECT plans for four brain tumor sites revealed considerable
differences in SPR at the voxel level and relative (absolute) proton range shifts of 0.6% (0.4 mm)
in the mean and up to 4.4% (2.1 mm) at the distal fall-off (Table 2 in publ. II); in certain cases,
the range shifts could be clinically relevant. Among the evaluated OARs in the investigated
cohort, 12% showed differences in the mean or maximum dose of more than 0.5 Gy(RBE) and up
to 6.8 Gy(RBE) over the entire treatment. The range shifts and dose differences in OARs that
were observed between DLCT- and SECT-based proton therapy treatment plans were similar to
those found in helium and carbon ion treatment plans (Figure 7 in publ. II). This study has
shown that the impact of SPR uncertainty on patient dose uncertainty is highly case-dependent.
Although there was intra- and inter-patient variability, the sample cases revealed clinically
relevant range differences between SECT- and DLCT-based predictions. Additionally, the large
intra-patient variation in range shifts demonstrated that the variation in range uncertainty is
dependent on the anatomical structure and the path of the beam. Consequently, the magnitude
of improvement in range prediction when DLCT is used is contingent on the site of treatment
and its heterogeneity.

4.2.3 Specific case: Dual-energy CT-based SPR and range prediction for
patients with dental materials

Publication III investigated DECT-based treatment planning for head and neck particle therapy
for patients with dental implant and restoration materials, a common yet challenging scenario.
The reduction of dental material-induced effects remains an active area of research, as dental
materials can adversely affect particle therapy treatment planning.
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This study was the first to comprehensively investigate a full spectrum of state-of-the-art
dental materials commonly used in prosthetic and restorative dentistry, as well as in radiotherapy-
related tissue retraction. For the acquisition of DECT images, the study utilized two DECT
techniques: image-based SACT and projection-based DLCT. Radiological material parameters
were determined and SPR values were measured and compared to SECT and DECT techniques.
The CTN values for most materials exceeded 3000 HU, with some even saturating the CTN
scale, which caused mild to severe artifacts (Table 1 in publ. III).

As for the components of a tissue retraction device (TRD), it was found that DECT can
enhance SPR prediction accuracy (Table 2 in publ. III). When a TRD is in the beam path,
DECT can predict the dose delivered to the tissue surrounding the TRD more accurately.

In regard to dental materials, SPR predictions obtained via DECT were overall closer to
the measured values compared to SPR predictions based on SECT (Table 2 in publ. III).
Publication III extensively discusses the accuracy of SPR prediction methods for the various
dental materials investigated, as well as the limitations observed in materials that contain
elements of a high atomic number, which resulted in discrepancies between measurements and
CT-based SPR prediction. In notable contrast to human tissues, it remains challenging to
accurately predict SPR for dental materials that contain elements of a high atomic number (e.g.,
ytterbium) with current DECT techniques. Especially for materials containing elements of a high
atomic number, RED and EAN maps may be of limited accuracy. It has been found that RED
evinces a substantial positive bias when even a slight amount of an element of a high atomic
number is present in DECT acquisitions [151]. For instance, a trace of iodine in the thyroid
caused a positive bias in RED of about 1.1% for DE-SACT and 0.3% for DE-DLCT, most likely
due to the greater impact of the photoelectric effect [151]. The bias in RED becomes greater as
the amount of the element of a high atomic number increases. However, this bias seems to affect
DE-DLCT less than DE-SACT, a finding that was confirmed in this study (Table 2 in publ. III).
When such biases occur, DECT-based SPR prediction methods can lead to SPR overestimation
[151, 152], a result that was observed for almost all dental materials containing elements of a
high atomic number. In comparison to SECT, DE-SACT- and DE-DLCT-based SPR predictions
overall improved SPR prediction accuracy for dental materials, particularly for certain materials
such as zirconium dioxide, and may improve treatment planning.

As already noted, dental materials have a high CTN, and some even exceed the usual CTN
scale. However, the current DE-RhoZ and DE-DirectSPR algorithms are implemented for the
usual CTN range from −1024 HU to +3071 HU. Thus, extending the CTN scale does not
currently provide additional information to enhance SPR prediction. Nevertheless, an extended
CTN scale may reveal more information about the dental material, including its actual dimensions
and components. Such information may be used to override the material with the proper SPR
value. While SPR prediction for dental materials also does not seem to be improved by the
current implementation of MAR algorithms or virtual monoenergetic images, the application of
each may also reduce the effects of metal artifacts and enhance structure delineation [153, 154].
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An anthropomorphic head phantom containing dental materials was used to evaluate treatment
planning for helium ion beam therapy. Here, a DLCT scanner was applied for SECT and DECT-
based SPR predictions, and the same was done with a SACT scanner. Range predictions for
beams unobstructed by dental material were similar for both DECT techniques as well as for
the two SECT methods (Figure 5 in publ. III). DECT-based SPR prediction was found to
be closer to the ground truth than SECT in a previous study which used a validated ground
truth SPR map and the same anthropomorphic phantom [152]. This result was then adopted
as an assumption for the study conducted here. The study then evaluated the DECT- and
SECT-based range predictions for ion beams when they passed through the dental material
in the head phantom. In order to assess the accuracy of the respective predictions, they were
compared to a reference dataset that was based on the measured SPR of lithium disilicate. In
the case of DE-SACT, the SPR value of the lithium disilicate restoration was overestimated by
about 35% compared to the measured SPR (Table 3 in publ. III). Thus, DE-DirectSPR-SACT
SPR predictions may not be accurate enough for lithium disilicate at this time. In contrast,
projection-based DE-RhoZ-DLCT showed a relative deviation of only 0.2% and thus was closer
to the measured SPR than SE-120-DLCT (Table 3 and Figure 5 in publ. III). DE-DLCT may
therefore be beneficial for treatment planning where a lithium disilicate restoration is present.

In sum, this study showed that image-based spectral reconstruction, as, for example, used in
SACT, currently may not be able to make reliable quantitative statements about certain non-
tissue dental materials, particularly when they are composed of elements of a high atomic number,
e.g., composite II with ytterbium. In comparison, projection-based spectral reconstruction may
enable more accurate SPR prediction for certain materials. Yet since the components, size, and
shape of the material largely determines the extent of the improvement in dental management,
each case needs to be evaluated individually to determine whether current DECT-based SPR
prediction is accurate enough for particle therapy treatment planning. For the proper management
of dental materials, interdisciplinary collaboration is essential. Depending on the CT technology
that is employed in a radiotherapy department, departments of prosthodontics could, if possible
for the patient, select dental implant and restoration materials that are better suited for SPR
prediction with SECT and DECT.

4.3 Comparison to previous work

In publication I, DLCT-based SPR prediction for homogeneous tissue-equivalent material inserts
showed similar SPR prediction accuracy compared to other DECT systems [19, 135, 136, 142,
145, 148, 155–161]. In such controlled situations, a SPR prediction accuracy of about 1% can be
achieved [33]. The results of publication I are on par with the SPR prediction accuracy that was
discovered in a previous study that used similar phantoms and tissue-equivalent inserts with
the first-generation DLCT system (mean deviation=0.6%) [162]. Other studies using the first-
generation DLCT system reported similar SPR prediction accuracy results for tissue-equivalent
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inserts using monoenergetic images (RMSE=0.6%) [42] or using theoretical, non-experimentally
determined values as a reference (mean error=0.3%) [41]. A recent study confirmed the accuracy
of DLCT-based SPR prediction from monoenergetic images against theoretical reference SPR
values (deviation <1%); the study also found a reduction in the deviation of water equivalent
thickness from SECT to DLCT in animal tissue samples [163]. Certain non-tissue materials used
in this thesis showed similar SPR prediction accuracy as DSCT in a previous study [136]. For
other polymers, DECT has also been demonstrated to predict SPR more accurately than SECT
[144, 164]. A previous study obtained ground truth measurements in an anthropomorphic head
phantom and revealed considerably higher gamma passing rates with DECT compared to SECT
[152], which is consistent with the results of this work, which showed improved SPR prediction
with DLCT in anthropomorphic phantoms. The superiority of DECT over SECT was also
confirmed in homogeneous [165–167] and heterogeneous [160, 168] animal tissue samples. After
accounting for the various factors that contribute to uncertainty in clinical conditions, the overall
range uncertainty for DECT-based SPR estimation has been estimated to be approximately 2%
[33, 50, 159].

Studies related to publication II compared SPR prediction based on DECT and SECT in
patients with head tumors. The DECT- and SECT-based differences in SPR prediction in
homogeneous tissue regions, as discussed in publication II, are in line with a study that examined
ROIs in the cranium, brain, and eyes [169]. The findings of publication II are also in the same
order of magnitude as studies that used different DECT acquisition techniques (e.g., DSCT
or SACT) and other DECT-based SPR prediction methods, which demonstrated that, for the
brain region, range differences of about 1 mm (1%) can be expected [169, 170]. The results of
publication II are also comparable to those of an investigation that examined the case of a head
and neck cancer patient, where proton range differences between DECT and SECT were about
1 mm (0.5%) [171], and to the findings of a study of five head trauma patients with simulated
skull base tumors, in which case the median relative range differences were about 0.5%–1% for
different treatment plans [156]. Thus, the median differences in DLCT-based range differences
observed in publication II were similar to or slightly smaller than the results of studies that used
different DECT acquisition techniques; however, there was rather high inter-patient variability
and large range differences were also found.

Publication III found a decrease in both SPR prediction accuracy and subjective image quality
for higher density dental materials (cobalt-chrome, composites, and zirconium dioxide). These
observations are consistent with studies which report that highly attenuating materials such as
cobalt-chrome (𝜌 ≈ 8.5 g/cm3) or zirconium (𝜌 ≈ 6.5 g/cm3) result in more severe artifacts on
CT image datasets, leading to lower image criteria scores and higher artifact index compared to
the artifacts caused by titanium (𝜌 ≈ 4.5 g/cm3) [172, 173]. One investigation examined a base
metal, zirconia, lithium disilicate, and amalgam and observed considerable changes in the proton
range for these materials [174]. Publication III corroborated that beam range is affected when an
ion beam passes through a lithium disilicate restoration and that SECT-based SPR prediction
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does not provide sufficiently accurate range prediction. Yet it may be possible to offset the effect
of a lithium disilicate restoration by utilizing projection-based DE-DLCT methods.

4.4 Clinical relevance

Despite the physical advantages of particle therapy over photon radiotherapy in cancer treatment,
range uncertainties from SECT hinder exploiting the full potential of particle therapy. As
demonstrated in publication I, applying DECT-based SPR prediction in treatment planning
may improve patient outcomes in particle therapy by providing more accurate SPR predictions
and, accordingly, decreasing deviations between the elemental compositions of tissues in cancer
patients and those of reference tissues [33]. Furthermore, employing DECT for pediatric proton
therapy can avoid SPR prediction inaccuracies that arise from using SECT-based calibration
curves based on adult male tissue [175]. Since SECT-based SPR prediction has been demonstrated
to result in large inter-center variations in SPR—up to 9% among different European institutions
[176]—DECT-based SPR prediction may facilitate greater consistency in SPR predictions among
treatment centers and enable new particle therapy centers to start treatment with higher
confidence in SPR prediction.

As demonstrated in the simulated treatment planning scenarios in publication II, minor
differences in the predicted SPR may lead to substantial range shifts, as the SPR differences
can accumulate over the entire beam path [20]. As the range predictions vary between DLCT
and SECT, DLCT may result in clinically relevant range shifts compared to SECT, which
would consequently lead to dose differences. This may be particularly relevant for tumors in
difficult locations, for example, tumors that are deep-seated in the body, located centrally in
the head, or treated with ion beams that traverse a large volume of bony tissue. In the case of
deep-seated tumors, DLCT may particularly improve range prediction accuracy, because in this
scenario, a large amount of tissue including bone may be traversed, which may lead to larger
range differences [162], as already observed in the case of prostate tumors [170]. In the case
of brain tumors, publication II found differences of more than 0.5 Gy(RBE) in the mean or
maximum dose of OARs in the total plan (Figure 8 in publ. II). Additionally, a mean difference
of 0.5 Gy(RBE) was observed in D99% target dose (Table 3 in publ. II). Yet, the variation in
CTV coverage may be even smaller and thus clinically irrelevant. There may also be clinically
significant variations for individual patients even if the observed range differences are less than
1 mm in the median, as demonstrated by the large intra- and inter-patient variability (Figure 6 in
publ. II), which may have considerable potential to increase personalized medicine considerations
[177]. Recent investigations have demonstrated the advantages of even small reductions in range
uncertainty on NTCP [178], so even small improvements in SPR prediction can be clinically
beneficial. Publication II also found that larger range differences between SECT and DLCT
can result when beams pass through heterogeneous tissues whose SPR values are substantially
different from the SPR of water (e.g., air-filled cavities, bony tissues) (Figure 4 and Table 1 in
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publ. II). If SPR can be calculated more accurately, the current safety margins could potentially
be reduced. A recent study demonstrated that there was a clinical advantage when the range
uncertainty was reduced from 3% to 2% in robustly optimized DECT-based proton treatment
planning for neuro-oncology patients, since this led to a dose reduction to at least one OAR in
89% of patients and a reduction in expected toxicity level in 44% of patients [179].

Publication III examined the radiological and dosimetric impact of dental materials that are
commonly present in patients who are undergoing radiotherapy. Dental materials continue to
pose a challenge in daily clinical practice, because, even though clinics employ advanced imaging
technology, the effects of dental materials can compromise treatment planning. For example, one
investigation found that dental material artifacts appeared on over 70% of planning CT image
datasets for oral/oropharyngeal cancer patients [180]. Improving dental management for particle
therapy is particularly important due to the finite range of ion beams, which means that they are
more sensitive to planning uncertainties than photon beams [181]. To account for uncertainties
in SPR values of the investigated dental implant and restoration materials, measured SPR values
can be assigned in treatment planning for patients with known, accurately contoured dental
materials. The uncertainties associated with dental materials could also be accounted for by
applying robust optimization that uses multiple CT datasets (e.g., SECT, DECT, MAR, material
override) and/or additional range uncertainty optimization parameters. This study demonstrated
that, despite the presence of dental material, DLCT-based SPR prediction may enable treatment
planning for patients with lithium disilicate restorations. Thus, the uncertainties associated with
SPR prediction for dental materials may be limited and managed by employing DECT.

Overall, results such as these may be important to the development and evaluation of Digital
Imaging and Communications in Medicine (DICOM) compliant SPR files that may be available
as spectral results directly from DLCT scanners. Such a clinically available feature may be an
important step to move beyond a defined research environment and to help other clinics in the
use of DLCT for SPR prediction.

4.5 Strengths and limitations

By utilizing current clinical devices and frameworks, this thesis has demonstrated that it is
feasible to directly predict patient-specific SPR by using DLCT. DLCT employs a double-layer
detector that can simultaneously detect projection-aligned high- and low-energy X-ray data.
Each detector layer has a maximum sensitivity for different energy spectra [124]. Consequently,
DLCT is able to implicitly acquire dual-energy data. Since DLCT can be used without employing
a special mode, it is possible to pro- and retrospectively generate dual-energy data that are
perfectly aligned, temporally and spatially, over the full FOV [125]. DLCT imaging is not
affected by patient motion during acquisition (e.g., breathing, swallowing, organ movement),
unlike other DECT techniques (Table 2.1). Although DLCT systems are characterized by lower
spectral separation than source-based DECT systems [34], which may constitute a limitation
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of DLCT, the spectral signal-to-noise ratio is comparable to that of other commercial DECT
systems [182]. Additionally, DLCT may be affected by cross-scatter between detector layers
[31]. Nevertheless, DLCT imaging enables projection-based material decomposition with implicit
noise reduction that exploits anti-correlated noise in the two detector layers.

Although the tissue-equivalent materials and anthropomorphic phantoms employed in this
work are deemed to be valid surrogates for biological tissues and suitable for DECT-based range
prediction comparisons [152, 183–185], they are not able to perfectly reflect the heterogeneity
and variable composition of real tissues. Further studies on biological tissue samples and in vivo
would therefore be desirable before DLCT-based SPR prediction can be widely clinically applied.
Another possible limitation to this study is that the measurements were obtained solely with
a male pelvic phantom, which introduces the potential problem of a gender data gap. Similar
measurements using a female pelvic phantom would close this potentially problematic gap, but
such a phantom does not currently exist.

Furthermore, while the dental materials examined constitute a representative sample of those
commonly used in prosthodontics, it was not possible to investigate amalgam. This is because
amalgam is no longer used as a filling material by the institutional department of prosthodontics.
It should be borne in mind, though, that elderly patients may still harbor the material in their
fillings. Gold alloys were also not included for cost reasons.

To determine whether SECT or DECT better reflects the actual SPR distribution in the
retrospective patient study, it is necessary to know the corresponding SPR accuracy [170].
Without knowing the respective SPR accuracy, this study could only indirectly demonstrate
the accuracy of DLCT-based SPR prediction in patients. One potential way to directly verify
the accuracy would be to employ proton transmission imaging [186, 187] or prompt gamma
imaging [188–190], which may be able to offer range verification with millimeter accuracy, but
they are not currently widely available clinically [79]. Based on the results of publication I and
other preclinical investigations that have demonstrated that DLCT surpasses SECT in SPR
prediction [41, 42, 162, 163], and in view of the findings of publication II regarding differences in
SPR prediction, it may be justifiably claimed that DLCT is to be clinically preferred for patient
treatments where beams pass through heterogeneous anatomical regions.

Lastly, while the applied SPR prediction method [37] is considered a robust and accurate
method for DECT-based SPR prediction [191], there are several other SPR prediction methods
[33] that were not investigated in this work and could potentially enhance the predictions.

4.6 Possibilities for future research

This study has investigated a variety of experimental and clinical scenarios to test the ability
of DECT to reduce the uncertainty in SPR estimation that results from using SECT. Further
studies may evaluate other anatomical regions where beams have to traverse thicker bony
structures and multiple tissue types—as occurs, for example, when treating tumors in the
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pelvic region—or pass through the lungs, as in the case of Hodgkin lymphoma. Since this
study was conducted in accordance with current clinical practice at the Heidelberg Ion Beam
Therapy Center (HIT) and therefore applied the PTV margin concept, it did not incorporate
CT uncertainty in robust optimization. Future studies might therefore apply robustly optimized
treatment plans combined with DLCT-based SPR prediction to evaluate dose differences in the
CTV and OARs. Additionally, to confirm the clinical viability of DLCT-based range prediction,
it will be necessary to perform studies with radio-oncology patient data and clinical indications
for particle therapy, alongside range measurements in biological tissue samples. Also, further
study in larger patient cohorts is called for in light of the considerable intra- and inter-patient
variations in SPR shifts.

It would also be beneficial to expand these findings to 4D treatment planning, which is crucial
when motion needs to be considered and/or mitigated during radiotherapy treatments, as when
tumors are located in the thoracic or abdominal regions [192, 193]. Future work may be able to
reduce motion artifacts by utilizing 4D DLCT-based SPR prediction and treatment planning that
uses the large coverage of 80 mm per gantry rotation of the second-generation DLCT system.

Publications I and III suggest that DLCT-based range prediction can be especially beneficial
for non-tissue materials, and its impact on patient treatment plans invites further evaluation.
DECT-based SPR prediction may also prove useful for other non-tissue implant materials such
as hip prostheses, spinal stabilization implants, or silicone breast implants [194].

While the uncertainty in SPR estimation for dental materials may be mitigated better by
DECT than by SECT, it may also be advantageous for vendors to consider manufacturing dental
implant and restoration materials with a lower amount of radiopaque material. Specifically, it
may be helpful if dentistry can employ materials that are not composed of elements of a high
atomic number. Even if vendors make such changes, though, it will still be essential to be able
to distinguish between natural teeth and non-tissue dental materials in CT imaging and planar
X-rays. Interdisciplinary collaborations with departments of prosthodontics are necessary to
evaluate dental materials and techniques that may lead to improvements in SPR prediction.
Such collaboration is in the interest of prosthodontists, because, without it, they may have to
extract dental material from cancer patients that inhibits particle therapy [181] and then replace
it with an alternative. Interdisciplinary cooperation, though, could identify materials that are
optimal for prosthodontics and radio-oncology, and thus improve patient outcomes.

Several studies have compared the five commercially available DECT techniques in terms
of image quality for diagnostic purposes [182, 195]. As of yet, though, no study has directly
compared the SPR prediction accuracy of all five DECT platforms [33]. In addition to DECT,
triple-energy CT imaging could also be investigated more extensively to improve SPR prediction
[196]. Furthermore, particle CT may be able to improve accuracy in SPR prediction and to
serve as a reference in comparisons of DECT-based SPR predictions [45]. To date, it has
been challenging to obtain accurate SPR measurements by means of proton CT or helium
CT; in comparison to DECT, these methods offer slightly lower SPR prediction accuracy
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[49]. MRI- or cone beam CT-based synthetic CT generation for range prediction is also under
investigation. Additionally, CT systems with energy-resolving, photon-counting detectors have
evinced advantages in comparison to energy-integrating CT detectors. Specifically, they offer
higher spatial resolution and reduced image noise simultaneously [33, 197] and can reduce metal
artifacts in reconstructions due to reduced beam hardening [198]. Despite having the potential
to provide spectral data, photon-counting detector CT systems are just starting to become
clinically available. As it continues to be developed, photon-counting CT may be able to improve
patient dose calculation.

While dose calculation in DECT-based treatment planning has been investigated, it is expected
that DECT imaging may offer several opportunities for enhancing the accuracy of other parts of
the radiotherapy chain. It has been proposed that DECT may reduce metal artifacts and enhance
image quality [32]; improve tumor staging, delineation, and characterization [199, 200]; and
enable better normal tissue characterization and personalized treatment by means of physiological
quantification [39]. DECT has further demonstrated potential to improve dose calculation in
treatment modalities other than particle therapy, including external photon beam radiotherapy
and brachytherapy [32]. Furthermore, DLCT may be applied in photon radiotherapy and particle
therapy in ways that may offer other practical advantages. The application of DLCT may make
it possible to, for example, simplify the treatment planning workflow; decrease CT simulation
duration and radiation exposure by providing virtual non-contrast images [33, 201]; and require
less time under anesthesia for pediatric patients since dose calculation can be performed on
post-contrast DLCT images [202]. Finally, DECT has the potential to predict treatment response
after neoadjuvant chemoradiation therapy for pancreatic cancer by calculating the extracellular
volume fraction based on iodine maps [203]. Future work is encouraged to further explore these
various applications of DECT in radiotherapy.

4.7 Importance of findings

The full physical potential of particle therapy has not yet been able to be exploited, due in
no small part to beam range uncertainty [33]. This thesis, along with other investigations of
DECT-based SPR and range prediction, has shown that SPR accuracy can be improved by using
the additional information on material composition provided by two X-ray spectra in DECT,
which is not possible with the clinical SECT standard. In various experimental and clinical
scenarios—homogeneous tissue-equivalent materials, heterogeneous anthropomorphic phantoms,
non-tissue materials, a treatment planning study for brain tumor patients, and the specific case
of treatment planning for patients with dental materials—this thesis has demonstrated that
using DLCT for treatment planning improves range prediction for high-precision particle therapy.
The application of DLCT may allow the use of more suitable beam angles and reduced safety
margins in particle therapy, thereby reducing target volumes and avoiding overtreatment of
normal tissues, thus decreasing the probability of complications and late effects.
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The availability of and demand for particle therapy is growing exponentially, as radiotherapy
with protons or light ions is a highly precise form of cancer treatment [11]. The physical and
biological properties of ion beams make particle therapy a clinically promising treatment option
for critically localized and radioresistant tumors, where the precise application of escalated
radiation doses is particularly important [8]. To fully exploit the physical advantages of ion
beams, including efficient target coverage and OAR sparing, accurate range prediction, calculated
from the SPR of tissues in the patient, is required [20, 22].

For particle therapy treatment planning, accurate range prediction is critical, and the current
clinical standard is based on SECT imaging, but SECT-based CTN-to-SPR conversion is one of
the major sources of range uncertainty [33]. Therefore, this thesis has aimed to improve SPR
prediction using DECT imaging. DECT image data is generated by utilizing two X-ray spectra
of different energy ranges; thus, DECT enables direct SPR prediction based on quantitative
measurements of RED and EAN using the Bethe equation. By contrast, the SECT-based method
relies on converting CTN to SPR, yet CTN acquired from X-ray attenuation cannot be used to
accurately predict energy loss by ions, which makes the approach indirect. In this work, the
physical and clinical potential of DLCT as an alternative to conventional SECT for improving
SPR prediction has been (1) experimentally evaluated in homogeneous tissue-equivalent materials,
heterogeneous and geometrically complex anthropomorphic phantoms, and non-tissue materials;
(2) clinically analyzed for brain tumors in a retrospective patient study; and (3) experimentally
investigated in the case of particle therapy treatment planning for patients with dental materials.
To improve accuracy and to facilitate clinical applicability, the methodology established in this
thesis for DLCT-based SPR prediction is physics-based, patient-specific, and direct and therefore
does not require the heuristic, ambiguous, and indirect SECT-based CTN-to-SPR conversion.
This work has demonstrated that the use of DLCT can improve SPR prediction for particle
therapy treatment planning. Consequently, in comparison to the SECT method, DLCT-based
range prediction results in a closer agreement between planned and delivered dose.

In the first part of the thesis, the relative mean deviation in SPR prediction for tissue-equivalent
materials was reduced from 1.6% with SECT to 0.7% with DLCT compared to measured SPR
values. For proton, helium, and carbon ion beam therapy treatment planning, end-to-end tests
were performed with anthropomorphic head and pelvic phantoms. Using ionization chamber
array measurements as a reference, 3D gamma passing rates were observed to be higher for
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the DLCT-predicted dose distributions than for the SECT-predicted dose distributions. The
DLCT-based range prediction was demonstrated to be highly accurate in that the measured
evaluation layers at the distal edge were within 1 mm of their predicted positions. DLCT was
also found to reduce the uncertainty in predicting SPR for non-tissue materials compared to
SECT.

The second part of the thesis conducted a retrospective patient study to analyze DLCT-based
SPR prediction in the brain. The DLCT- and SECT-based approaches showed mean SPR
differences of approximately 1% in regions of homogeneous tissue. In treatment plans where
beams traversed several, heterogeneous tissues, DLCT and SECT demonstrated mean proton
range shifts of 0.6%, and variations that exceeded 4% of the total range were found. The range
shifts that were observed between DLCT- and SECT-based treatment plans were similar in the
case of proton, helium, and carbon ion beams. Therefore, when employing these three particles
in radiotherapy, range calculation may be improved by using patient-specific DLCT-based SPR
prediction.

In the third part of the thesis, DLCT and SACT were used to investigate DECT-based SPR
prediction for patients with dental implant and restoration materials. Overall, in comparison to
SECT-based SPR predictions, DECT-based SPR predictions of cylindrical dental material inserts
showed better agreement with measured reference data. The usefulness of DECT methods was
impaired, though, when applied to materials containing elements of a high atomic number. When
applied to an anthropomorphic head phantom with dental material, DECT-based treatment
planning using helium ions showed that DECT-based techniques predicted similar ranges for
beams that were unobstructed by dental material. In the case of ion beams that passed through a
lithium disilicate restoration, SPR prediction based on DLCT, which employs a projection-based
method, most closely agreed with the measured reference data, with a range deviation of 0.2 mm.
Therefore, SPR prediction based on DECT may be better able to offset the potential issues
caused by dental implant and restoration materials during particle therapy treatment planning.

This thesis has demonstrated the use of DLCT to be a viable technique for pretreatment
range prediction. In particular, DLCT imaging can improve the accuracy of SPR predictions
for proton, helium, and carbon ion beam therapy compared to conventional SECT systems by
using a projection-based calculation of RED and EAN. This is an important step in optimizing
treatment planning for particle therapy. By facilitating the reduction of uncertainties in clinical
range prediction to less than 1% in controlled experimental scenarios, DLCT offers the potential
to reduce safety margins, thus allowing dose escalation to treat tumors more effectively while
limiting toxicity. Further clinical investigation in other treatment regions and with larger patient
cohorts will continue to explore the potential benefits of DLCT for particle therapy. Given
the physics-based advantages of DECT-based SPR prediction for particle therapy, it may be
advisable to apply this method more widely in clinical settings, as it can lead to higher treatment
accuracy and better care for tumor patients.
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Supplementary Material 

1 Supplementary Figures and Tables 

   

Supplementary Figure 1. Single-energy CT (SECT)-based CT-number-to-stopping-power-ratio 

(SPR) calibration curve, or Hounsfield look-up table (HLUT), together with the eight non-tissue 

implant materials used in this study. 

 

 

 

 

 

 

 

 

Supplementary Figure 2. Dosimetric measurements with anthropomorphic head and pelvic 

phantoms. For the head phantom (A), irradiation was performed using the gantry at an angle of 0° 

with the half-head phantom placed on top of the OCTAVIUS® detector. For the pelvic phantom (B), 

irradiation was performed using the horizontal beam line with the half-pelvic phantom placed in front 

of the OCTAVIUS® detector. 

A B 
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Technical 

features 

Dual-source 

CT 

Dual-spiral Fast tube 

voltage 

switching 

Twin-beam  Dual-layer 

detector 

Photon-

counting CT 

Spectral 

mode 

spectral mode 

preselection, 

prospective 

results 

generation 

spectral mode 

preselection, 

prospective 

results 

generation 

spectral mode 

preselection, 

prospective 

results 

generation 

spectral mode 

preselection, 

prospective 

results 

generation 

no special 

mode, pro- 

and 

retrospective 

results 

generation 

no special 

mode, pro- 

and 

retrospective 

results 

generation 

Acquisition 

mode 

dedicated 

dual-energy 

dedicated 

dual-energy 

dedicated 

dual-energy 

dedicated 

dual-energy 

implicit   

dual-energy 

implicit  

multi-energy 

Temporal 

coherence 

high (quarter 

rotation 

angular offset) 

low (large 

offset) 

high (nearly 

perfect 

alignment) 

medium (half 

collimation 

offset) 

perfect 

alignment 

perfect 

alignment 

Spatio-

temporal 

resolution 

full 

capabilities 

full 

capabilities 

limited 

capabilities 

(impaired 

spatial 

resolution) 

full 

capabilities 

full 

capabilities 

full 

capabilities 

(superior 

spatial 

resolution) 

Availability 

of dose 

modulation 

yes 

(individual 

tube current 

modulation) 

yes 

(individual 

tube current 

modulation) 

no (no tube 

current 

modulation) 

yes (tube 

current 

modulation) 

yes (tube 

current 

modulation) 

yes (tube 

current 

modulation) 

Spectral 

separation 

very high 

(with 

additional tin 

filtration) 

very high medium 

(“smearing of 

spectra” due 

to finite kV-

switching 

times) 

low medium high 

Cross-scatter 

occurrence 

between 

source–

detector 

systems 

no no between 

detector rows 

(halves) 

separated by 

the system’s 

central 

vertical plane 

between 

detector layers 

no 

Field-of-view limited (up to 

350 mm) 

full full full full full 
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Time-

resolved 

respiratory 

imaging 

feasible with 

phase 

matching in 

post-

processing 

feasible with 

phase 

matching in 

post-

processing 

feasible with 

phase 

matching in 

post-

processing 

feasible with 

phase 

matching in 

post-

processing 

no technical 

limitations 

no technical 

limitations 

Contrast-

enhanced 

imaging 

multi-phase 

(arterial and 

venous) 

limited to late 

or delayed 

phase 

multi-phase 

(arterial and 

venous) 

limited to late 

or delayed 

phase 

multi-phase 

(arterial and 

venous) 

multi-phase 

(arterial and 

venous) 

Spectral 

decompo-

sition 

image-based 

material 

decomposition 

image-based 

material 

decomposition 

projection-

based material 

decomposition 

image-based 

material 

decomposition 

projection-

based material 

decomposition 

projection-

based material 

decomposition 

Supplementary Table 1. Comparison of different dual-energy or spectral CT acquisition techniques 

with a focus on particle therapy treatment planning. Note that despite having the potential to provide 

spectral data, CT systems with energy-resolving, photon-counting detectors are just starting to 

become clinically available but do not yet see widespread use.  
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 Dual-source 

CT 

Dual-spiral Fast tube 

voltage 

switching 

Twin-beam  Dual-layer 

detector 

Photon-

counting CT 

Theoretical 

studies 
• [4] Bär et al 

(2017) 

    • [27] Taasti 

et al (2018) 

Phantom 

studies 

(phantoms 

with 

simplified 

geometries or 

anthropo-

morphic 

phantoms) 

• [2] Almeida 

et al (2018) 

• [4] Bär et al 

(2017) 

• [5] Bär et al 

(2018) 

• [7] Bourque 

et al (2014) 

• [10] Hansen 

et al (2015) 

• [11] 

Hudobivnik 

et al (2016) 

• [12] 

Hünemohr 

et al (2014) 

• [15] Li et al 

(2017) 

• [17] 

Michalak et 

al (2017) 

• [23] Saito et 

al (2017) 

• [29] 

Wohlfahrt 

et al (2018) 

• [1] Almeida 

et al (2017) 

• [2] Almeida 

et al (2018) 

• [8] Chacko 

et al (2021) 

• [19] 

Mossahebi 

et al (2020) 

• [24] Shen et 

al (2018) 

• [33] Zhang 

et al (2019) 

• [34] Zhu & 

Penfold 

(2016) 

• [21] Ohira 

et al (2022) 

• [2] Almeida 

et al (2018) 

• [9] Faller et 

al (2020) 

• [13] Landry 

et al (2019) 

• [20] Ohira 

et al (2018) 

• [14] Lee et 

al (2021) 

Biological 

tissue sample 

studies 

(homo-

geneous or 

hetero-

geneous 

tissue 

samples) 

• [5] Bär et al 

(2018) 

• [18] Möhler 

et al (2018) 

• [25] Taasti 

et al (2017) 

• [25] Taasti 

et al (2017) 

• [32] Xie et 

al (2018) 

 • [25] Taasti 

et al (2017) 

 • [27] Taasti 

et al (2018) 
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Patient 

studies 
• [6] Bär et al 

(2021) 

• [11] 

Hudobivnik 

et al (2016) 

• [26] Taasti 

et al (2018) 

• [2] Almeida 

et al (2018) 

• [22] Peters 

et al (2021) 

• [26] Taasti 

et al (2018) 

• [28] 

Wohlfahrt 

et al (2017) 

• [30] 

Wohlfahrt 

et al (2018) 

• [31] 

Wohlfahrt 

et al (2019) 

  • [3] Ates et 

al (2021) 

• [16] 

Longarino 

et al (2022) 

 

Supplementary Table 2. Selected publications of different dual-energy or spectral CT acquisition 

techniques currently available with a focus on particle therapy treatment planning. Note: The table is 

in alphabetical order and might not be exhaustive. 

[1] Almeida et al (2017): Siemens SOMATOM Definition Open AS 

[2] Almeida et al (2018): Siemens SOMATOM Force, Siemens SOMATOM Confidence RT Pro, Siemens SOMATOM Definition 

Edge 

[3] Ates et al (2021): Philips IQon Spectral CT 

[4] Bär et al (2017): Siemens SOMATOM Definition Flash 

[5] Bär et al (2018): Siemens SOMATOM Definition Flash 

[6] Bär et al (2021): Siemens SOMATOM Definition Flash 

[7] Bourque et al (2014): Siemens SOMATOM Definition Flash 

[8] Chacko et al (2021): Siemens SOMATOM Confidence RT Pro 

[9] Faller et al (2020): Philips IQon Spectral CT 

[10] Hansen et al (2015): Siemens SOMATOM Definition Flash 

[11] Hudobivnik et al (2016): Siemens SOMATOM Force 

[12] Hünemohr et al (2014): Siemens SOMATOM Definition Flash 

[13] Landry et al (2019): Philips IQon Spectral CT 

[14] Lee et al (2021): Energy-differentiation-type 64-channel cadmium telluride (CdTe) radiation line sensor module (C10413, 

Hamamatsu, Japan) 

[15] Li et al (2015): Siemens SOMATOM Force 

[16] Longarino et al (2022): Philips IQon Spectral CT 

[17] Michalak et al (2017): Siemens SOMATOM Force 

[18] Möhler et al (2018): Siemens SOMATOM Definition Flash 

[19] Mossahebi et al (2020): Siemens SOMATOM Definition Edge 

[20] Ohira et al (2018): Philips IQon Spectral CT 

[21] Ohira et al (2022): GE Healthcare Revolution HD 

[22] Peters et al (2021): Siemens SOMATOM Definition AS 

[23] Saito et al (2017): Siemens SOMATOM Definition Flash 

[24] Shen et al (2018): GE Healthcare LightSpeed QX/i 

[25] Taasti et al (2017): Siemens SOMATOM Definition AS, Siemens SOMATOM Definition Flash, Siemens SOMATOM Force, 

Siemens SOMATOM Definition Edge 

[26] Taasti et al (2018): Siemens SOMATOM Definition Flash, Philips Brilliance Big Bore 

[27] Taasti et al (2018): Siemens research SOMATOM CounT 

[28] Wohlfahrt et al (2017): Siemens SOMATOM Definition AS 

[29] Wohlfahrt et al (2018): Siemens SOMATOM Definition AS 

[30] Wohlfahrt et al (2018): Siemens SOMATOM Definition AS 

[31] Wohlfahrt et al (2019): Siemens SOMATOM Definition AS 

[32] Xie et al (2018): Siemens SOMATOM Sensation Open 

[33] Zhang et al (2019): Philips Brilliance Big Bore 

[34] Zhu & Penfold (2016): Philips Brilliance Big Bore  
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Feature Spectral CT 7500  IQon Spectral CT 

Generator power 120 kW 120 kW 

Maximum detector collimation 128 × 0.625 mm 64 × 0.625 mm 

Coverage (per rotation) 80 mm 40 mm 

Minimum gantry rotation time 0.27 s 0.27 s 

Maximum scannable range (axial) 2000 mm 2100 mm 

Bore size 800 mm 700 mm 

Conventional reconstruction time iDose4: 93% of reference protocols 

under 1 minute 

iDose4: majority of reference 

protocols under 1 minute 

Spectral reconstruction time 1–2 minutes for the majority of cases 3–5 minutes for the majority of cases 

Spectral temporal resolution Simultaneous in the same time and 

space 

Simultaneous in the same time and 

space 

Spectral kVp stations 100, 120, 140 120, 140 

Supplementary Table 3. Comparison of the Philips Spectral CT 7500 [35] and IQon Spectral CT 

[36] scanners. 

 

Protocol Tube 

voltage 

(kVp) 

Tube 

current-

time 

product 

(mAs) 

Colli-

mation 

(mm) 

Rotation 

time (s) 

Pitch CTDIvol 

(mGy) 

Slice 

thickness 

and 

spacing 

(mm) 

Recon-

struction 

filter 

Head 120 300 64 ×  

0.625 

0.5 0.8 47.2 1.5 UB 

Body 120 300 128 × 

0.625 

0.5 0.8 23.2 2.0 B 

Supplementary Table 4. Image acquisition settings and reconstruction parameters for head and 

body protocols. 
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Phantom LC SC 

Protocol Head Body Head Body 

iDose4 level 0 0 3 6 0 0 3 6 

Mean overall 

relative residual 

0.728 0.725 0.723 0.724 0.761 0.613 0.579 0.605 

RMSE 0.0086 0.0084 0.0085 0.0084 0.0089 0.0056 0.0056 0.0057 

𝑟 0.9998 0.9998 0.9998 0.9998 0.9998 0.9998 0.9998 0.9998 

𝛼 1.016 1.011 1.011 1.001 1.015 1.005 1.005 1.005 

𝛿 –0.012 –0.006 –0.006 –0.006 –0.010 –0.002 –0.001 –0.002 

Supplementary Table 5. Accuracy of dual-layer spectral CT (DLCT)-based stopping power ratio 

(SPR) predictions across head and body protocols and iDose4 levels 0, 3, and 6 for the LC (“long 

cylinder”) phantom and SC (“short cylinder”) phantom. 

 

Phantom LC SC 

Protocol Head Body Head Body 

iDose4 level 0 0 3 6 0 0 3 6 

Mean overall 

relative residual 

1.514 1.538 1.540 1.537 1.515 1.514 1.523 1.516 

RMSE 0.0246 0.0255 0.0256 0.0256 0.0240 0.0243 0.0244 0.0243 

𝑟 0.9958 0.9956 0.9956 0.9956 0.9959 0.9958 0.9958 0.9958 

𝛼 1.009 1.012 1.012 1.012 1.005 1.007 1.008 1.008 

𝛿 –0.009 –0.009 –0.009 –0.009 –0.007 –0.008 –0.008 –0.008 

Supplementary Table 6. Accuracy of single-energy CT (SECT)-based stopping power ratio (SPR) 

predictions across head and body protocols and iDose4 levels 0, 3, and 6 for the LC (“long cylinder”) 

phantom and SC (“short cylinder”) phantom. 
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Dual-layer spectral CT for proton, helium and carbon ion-beam

therapy planning of brain tumors

SUPPLEMENTARY MATERIAL

S1 Single-energy CT-based Hounsfield look-up table

The Hounsfield look-up table (HLUT) derived in the single-energy CT (SECT)-based approach
is shown in figure 1.

Figure 1: Single-energy CT (SECT)-based CT-number-to-stopping-power-ratio (SPR) calibra-
tion curve, or Hounsfield look-up table (HLUT), used in this study.

S2 Stopping power ratio predictions in homogeneous tissue re-
gions

Figure 2 depicts representative regions-of-interest (ROIs) for stopping power ratio relative to
water (SPR) predictions in relatively homogeneous tissue regions.

1



(a) (b) (c)

(d) (e)

Figure 2: Representative regions-of-interest (ROIs) for a study patient (patient #1) showing
brain (a), cranial bone (b), eyes (c), lateral ventricles (d), and skull base bone (e). Brain, eyes,
and lateral ventricles are shown in a soft tissue window (window width: 400 HU, window center:
40 HU), whereas cranial bone and skull base bone are displayed in a bone window (window
width: 1500 HU, window center: 450 HU).

S3 Analysis of dual-layer spectral CT data-based stopping power
ratio prediction in head patients

SPR difference maps were generated by subtracting the SECT- from the dual-layer spectral CT
(DLCT)-based SPR map and taken relative to the SPR in the DLCT-based SPR maps (DLCT
was used as reference analogous to previous studies). Statistical analysis of SPR comparison
between DLCT- and SECT-based methods was conducted on a per-patient basis. The absolute
SPR deviation over each ROI (SPRDLCT − SPRSECT) was taken relative to the SPR value in
the DLCT-based SPR map, respectively, similarly to Taasti et al. [1]:

δSPR =
∆SPR

SPRDLCT
· 100 % =

SPRDLCT − SPRSECT

SPRDLCT
· 100 % (1)

The standard deviation over n investigated slices was calculated, respectively:

s(δSPR) =

√∑n
i=1(δSPR,i − δSPR)2

n− 1
(2)

2



Here, δSPR is the arithmetic mean of the n values δSPR,1, ..., δSPR,n. The standard error of the
mean (SEM) describes the variability of mean SPR difference over all patients:

SEM(δSPR) =
s(δSPR)√

n
· 100 % (3)

To test whether the difference of the mean SPR values for SECT and DLCT was non-zero,
a t-test for two paired samples was performed. The significance level was set to 5 %. The
95 %-confidence interval gave the range of values in which the population parameter lay with a
probability of 95 %.

S4 Treatment plan characteristics

Table 1 summarizes the treatment plan characteristics for the four plans assessed in this study.

Table 1: Treatment plan characteristics. The table summarizes basic details for the planning
target volume (PTV), prescription in relative biological effectiveness (RBE)-weighted dose, and
setup for each plan. The chosen ion type is protons, helium or carbon ions with a horizontal
beam angle for each plan. The couch angle is given for each beam. The number of treatment
fields (i.e. couch angles) varies depending on tumor position.

Basic details Prescription Setup
Plan Tumor type Volume of Dose Description Couch angles (◦)

PTV (cm3) (Gy(RBE))

A Astrocytoma 170 50.4 28 × 1.8 Gy(RBE) 220 | 310 | 350
B Meningioma 31 52.2 29 × 1.8 Gy(RBE) 190 | 350
C Oligodendroglioma 182 54.0 30 × 1.8 Gy(RBE) 175 | 235
D Pineal region tumor 73 54.0 30 × 1.8 Gy(RBE) 185 | 355

S5 Discussion of uncertainties within the study

Preceding works suggest that a systematic mean SPR bias in the irradiated volume translates
directly into a mean range bias of roughly the same magnitude [2]. Similar to prior works,
our study scrutinized relative ion range shifts, as opposed to absolute range predictions, and
subsequent differences in dose distributions. Several uncertainty factors in SPR prediction can
be classified in three different categories [3]. The first category includes imaging uncertain-
ties (beam hardening effects [3], scanner calibration and homogeneity [4], noise [5], presence of
sharp radiodensity gradients [6]). The second category involves modelling uncertainties (relative
electron density (ED) and effective atomic number (EAN) accuracy, mean excitation energy (I-
value) of the medium determination [7]). Uncertainties in performing DLCT data-based SPR
prediction would hamper the predictions; however, ED and EAN accuracy and I-value of the
medium determination were already studied and validated in previous work [8, 9, 10, 11]. Be-
sides, several other SPR prediction methods from spectral data available in literature that were
not applied in this study might further improve the predictions. The third category comprises
other uncertainties (neglection of SPR energy dependence, I-value of water uncertainty). Prior
studies researched into the SPR energy dependence [12] and I-value of water uncertainty [7, 13];
the optimal results found in these works were employed in this study (cf. section 2.4). The in-
fluence of the three different uncertainty categories on SPR prediction, and hence the estimated
dose, depends also on the body region.
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Supplementary Table 1. Dental materials investigated in the study with their main components, 
main application field, and manufacturing details. 

Material type Main components Main application 
field 

Manufacturing 
process 

Product, 
Manufacturer 

Aluminum Al Pure metal, 
component of 
aluminum oxide 
ceramics 

CAD/CAM milling Custom-made 

Cobalt-chrome CoCr Fixed dental 
prostheses 

CAD/CAM milling, 
casting 

Colado CAD CoCr4, 
Ivoclar 

Composite I Mixture of 
dimethacrylates, 
silicates, ceramics, 
initiators, stabilizers 

Core buildups, 
fillings 

Manual layering and 
light-curing 

Rebilda DC,  
VOCO 

Composite II Mixture of 
dimetracrylates, 
inorganic fillers, 
copolymer, ytterbium 
fluoride, initiators, 
stabilizers, pigments 

Direct restorations, 
fillings 

Manual layering and 
light-curing 

Tetric EvoCeram, 
Ivoclar 

Glass-ceramic Mixture of leucite 
KAlSi2O6, 
fluorapatite 
Ca5(PO4)3F, 
oxyapatite 
NaY9(SiO4)8O2 

Veneers, inlays, 
partial crowns 

Conventional 
layering 

IPS Style Ceram, 
Ivoclar 

Lithium disilicate Li2O5Si2 Fixed dental 
prostheses 

CAD/CAM milling, 
press technology 

IPS e.max Press, 
Ivoclar 

Polymethyl 
methacrylate 
(PMMA) 

C5H8O2 Tissue retraction 
devices 

3D-printing V-print splint, 
VOCO 

Silicone material Mixture of silicone 
polymers and fillers 
with platinum 
catalyst 

Tissue retraction 
devices 

Dental impression 
taking 

Silicone impression 
material: Flexitime 
Putty, Kulzer;  
Sealing silicone: 
Mucopren Silicone 
sealant, Kettenbach 

Titanium Ti Dental implants Casting, 
prefabricated 

Gammex Electron 
Density CT Phantom 
467, Gammex-RMI 

Zirconium dioxide ZrO2 Fixed dental 
prostheses, dental 
implants 

CAD/CAM milling IPS e.max ZirCAD, 
Ivoclar 
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Supplementary Table 2. Image acquisition settings and reconstructions parameters of head 
protocols for sequential acquisition CT (SACT) and dual-layer spectral CT (DLCT). Tube current 
modulation was deactivated. Please note the different reference diameters for CTDIvol of the two 
protocols resulting from the different protocol setting options. For DLCT, an iDose4 level of 0 was 
applied (Philips Healthcare, Best, The Netherlands), which corresponds to conventional filtered back-
projection image reconstruction. 

Protocol DECT 
tech-
nique 

Tube 
voltage 
(kVp) 

Tube 
current-
time 
product 
(mAs) 

Collima-
tion 
(mm) 

Rotation 
time (s) 

Pitch CTDIvol 

(mGy) 
Slice 
thick-
ness and 
spacing 
(mm) 

Recon-
struc-
tion 
filter 

Head SACT 80/140 247/58 2 x 32 x 
0.6 

0.5 0.55 11.1/12.7 
(32 cm 
CTDIvol 
diameter) 

1.5/1.5 Qr40f 

Head DLCT 120 300 64 x 
0.625 

0.5 0.8 47.2 
(16 cm 
CTDIvol 
diameter) 

1.5/1.5 UB 
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Supplementary Table 3. Dental materials investigated in the study with measured, single-energy CT 
(SECT)- and dual-energy CT (DECT)-predicted stopping power ratio (SPR) values using sequential 
acquisition CT (SACT) and dual-layer spectral CT (DLCT). No uncertainty (or 0) was reported for 
certain materials for SE-120-DLCT because the CTN were saturated, resulting in a maximum SPR 
value. SE-140-SACT: SECT-based SPR prediction with SACT at 140 kVp; DE-DirectSPR-SACT: 
DECT-based SPR prediction with SACT using a DirectSPR implementation; DE-RhoZ-SACT: 
DECT-based SPR prediction with SACT using the RhoZ-method; SE-120-DLCT: SECT-based SPR 
prediction with DLCT at 120 kVp; DE-RhoZ-DLCT: DECT-based SPR prediction with DLCT using 
the RhoZ-method. 

Material Measured 
SPR 

SACT   DLCT  

SPRSE-140 SPRDE-

DirectSPR 

SPRDE-RhoZ SPRSE-120 SPRDE-RhoZ 

Aluminum 2.140  
± 0.002 

2.074  
± 0.003 

2.268  
± 0.003 

2.203  
± 0.022 

2.006  
± 0.008 

2.222  
± 0.008 

Cobalt-chrome 5.823  
± 0.002 

2.581  
± 0.008 

3.997  
± 0.010 

3.985  
± 0.026 

2.347  
± 0.000 

3.760  
± 0.001 

Composite I 1.627  
± 0.001 

2.585  
± 0.004 

3.885  
± 0.009 

3.898  
± 0.006 

2.347  
± 0.000 

1.749  
± 0.077 

Composite II 1.744  
± 0.002 

2.579  
± 0.003 

3.971  
± 0.010 

3.990  
± 0.006 

2.347  
± 0.000 

3.722  
± 0.015 

Glass-ceramic 2.079  
± 0.002 

2.384  
± 0.006 

3.242  
± 0.006 

3.251  
± 0.006 

2.347  
± 0.000 

2.155  
± 0.004 

Lithium disilicate 2.091  
± 0.001 

2.601  
± 0.001 

3.968  
± 0.052 

3.961  
± 0.070 

2.347  
± 0.000 

2.332  
± 0.009 

PMMA 1.169  
± 0.001 

1.092  
± 0.001 

1.175  
± 0.003 

1.177  
± 0.005 

1.088  
± 0.002 

1.176  
± 0.002 

Silicone material 1.229  
± 0.003 

1.242  
± 0.001 

1.254  
± 0.007 

1.257  
± 0.004 

1.242  
± 0.003 

1.246  
± 0.002 

Titanium 3.248  
± 0.002 

2.601 
± 0.001 

3.878  
± 0.005 

3.863  
± 0.008 

2.347  
± 0.000 

3.708  
± 0.061 

Zirconium dioxide 4.160  
± 0.001 

2.577  
± 0.007 

4.022  
± 0.005 

4.018  
± 0.033 

2.347  
± 0.000 

3.761  
± 0.001 
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