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Multimodal imaging and deep learning-based methods for improved dose calculation accuracy
in photon and proton radiotherapy
Jessica Scholey
Abstract
Radiotherapy is one of the most common techniques used to treat cancer and is administered to over
60% of patients treated in the US. Computed tomography (CT) and magnetic resonance imaging (MRI)
are powerful imaging modalities which have widespread applications in radiotherapy. Given the
different underlying physics behind how image contrast is generated in kilovoltage CTs (kVCTs),
megavoltage CTs (MVCTs) and MRIs, each has their own inherent strengths and limitations. The
overarching goal of the research described in this dissertation is to use advanced image processing and
deep learning methods to exploit the unique advantages of MRI, kVCT, and MVCT for improving
dose calculation accuracy of photon and proton radiotherapy. Four primary projects are presented. The
first includes the development of a novel multimodal imaging method used to estimate proton stopping
power ratio using a combination of MRI and CT with results within 1% of physical measurements and
were more accurate than the current clinical standard for the tissue types studied. The second includes
the first work to synthesize MVCT images from MRI using a deep learning model in which the
feasibility of utilizing MRI-derived synthetic CTs for radiotherapy treatment planning of head and
neck cancer was demonstrated. The third is the first known application of deep learning to reduce
uncertainty in the relationship between kVCT and electron density and stopping power ratio through
learning of MV CT data, promising improvements for dose calculation accuracy. The synthetic images
produced by the deep learning model were validated using results in tissue substitute phantoms. The
fourth includes clinical considerations for implementing a commercial algorithm for producing MRI-
derived synthetic CTs in a dataset of patients treated for prostate cancer. This study provides
recommendations for optimizing the synthetic CT calibration curve for consistency with the users’

clinically commissioned CT scanner.



Table of Contents

Chapter 1 — DiSSertation OULINE..........cccviiiriiieeiiieciee ettt e ete e tee s re e e eaeeesaeesaseeessaeessseeesseeensseeas 1
Chapter 2 — BacCKgroUnd..........cccuiiiiiiiiiie ettt tee s te e e taeeesaaeesssaeessaeesssaessseeensseens 3
B B O 16 110111157 1) USSP 3
2.2 Basic physics Of TadiOtheTapy ......cc.eeeeiiieiiieeiiieciee et e et e e ebe e e eaeeenseeennnas 4
2.3 D0SE CAlCULALION ...ttt sb et sae e 6
2.3.1 Photon Tadiotherapy ........cooviieiiiieiiiceiieeie ettt e te e e eae e e e e e esseeessseesnsaeesnseaenes 7
2.3.2 Proton 1adiotherapy .. .cccuuiieiiieiieeiieeeiee ettt ettt e et e e et e e beeeeaeesssaeessbeeessseesnsaeensseannes 7

2.4 ITmaging in TadiOtheTaDY ....c.veeeieieieiieeeiie ettt te e e et eeetr e e e beeesabeeessaeessseeesseesssseesnseeensnes 8
2T CT ettt bbbt et b et a bt e nae 9
242 MRI ..ottt 11
Chapter 3 — Data sources and tOOIS ..........ccciiieiiiieiiieeieeeee et e e e e e sreeeeaeeessaeenns 14
3.1 Tissue SubStitute PhantOM .........cccuviieiiiieeieeeie ettt e re e e tae e e e e eessaeessaeeesseeennnas 14
31T FabIICATION ..cuviiiiiiiiiiiiiiceitetcet ettt ettt b e et be e sbe et sae e 15
3.1.2 PhySIiCal PIOPEITIES ..eeouviiieiiiieeiiieeciieeeiteeetee ettt e et e e eteeeeteeeseeesssaeessaeeesseeeesseeessaesssneensseennes 17

3.2. Anthropomorphic head phantom...........cc.eeeriiieiiiiiiieeie e e e e 19
3.3 in vivo head and neck dataset............ccoieviiiiiiiiiiiiiiiiii e 20
3.4 i1 VIVO PTOSTALE AALASET ...ccuviiiiiiieiieeeiie et e ettt e et e et e e et eeestbeeeeae e sseeesabeesssaeeesseeessseessseeensses 21
3.5 CT CalIDIAtiON CUIVES ....ccuviriiiiiiiiiiieienteeieett ettt ettt ettt ettt sae e sbe e s eneeaeen 21
3.5.1 Relative mass and electron denSity .........ccceecviieriieeiiieeeiee e eeiee e eee e e eseveeeraeeereeenes 22

Vi



3.5.2 Stopping power ratio (stoichiometric calibration) ...........ccecceeeevivereieeeiieeeiieeerieeeieeeeiee s 23

3.6 Image evaluation MELTICS ......ccveeerveeeiiieeeieeeiieeeiieerreeeereeeteeestaeessaeessseeessseessseeensseessssesssseeesses 26
Chapter 4 — MRI + CT for high accuracy SPR ........ccooiiioiiiiiieeeee et 28
4.1 Unified Compositions MOAEL...........cooviieiiiiiiiiieiiieieceiee ettt ettt e eareeereeesreessaeeseseeenes 28
4.2 Multimodal imaging frameWOTK ............cccciiieiiiiiiiiieiieeecee e sereeeaes 30
4.3 SENSTHVILY ANALYSIS..ueiiiiiiiiiiieiieeeiieeitee ettt eeteeesteeeeteesbeeessseessseessseesssseeassseessseaessseesssseessseennes 34
A RESULILS ...ttt bbbttt sttt 34
4.5 DISCUSSION ....enveiiiiteiteett ettt ettt et ettt ettt et ettt e et e b e et sbeeatesbe et ebe et e ebe e b e eat e b e eanenre e 40
4.6 CONCIUSION ....ouiiiiiiiiiiiictcct ettt ettt et sae et sb et st a e e sae e sre e 44
Chapter 5 — MRI t0 SyNthetic MV CT .......ccouviiiiiieieeeieeee ettt eve e s seae e s naeesssaeeens 45
5.1 U-Net architecture and model ...........ccocoeiiiiiiiiiniiiiiiiiietceeee e 45
5.2. Evaluation 0f SMVCT IMaAZES.......ccccireriiieiiieeiieerteeeitteeeieeesveeeeeeesseessseessaeessseessssesssseesnsnes 47
5.3 Treatment planning evValuation..........c..eceviieriiiieiieeciee et ee e e e eeae e s reeeeereeesreeesseeenenas 50
5.4 DISCUSSION ...cuiiiiiieiieeit ettt ettt ettt et ettt et b e et be et bt et e sbe et sb e et e eaeeaeeaeen 53
5.5 CONCIUSION ..enviiiiiiiiiieiiete ettt ettt ettt et be et sbe et be et sbe et sbeesbeebeeneeaeen 56
Chapter 6 — KVCT to SyNthetic MV CT ........oiiiiiiiiieeieeeeeee ettt et e e e s saeesssaeeens 57
6.1 Evaluation of tissue-mimicking phantom ..........c.ccoccvereviieeeiiieeniee et eere e eee e 59
6.2 Evaluation of i vivo SMVCT TMAZES .......ccevuiiieiieeiieeiieeeieeerteeeiteeeveeeeveesraeeessaeesseessneeennnas 62
6.3 Evaluation of anthropomorphic head phantom .............ccceeeeviieriiiieiiieciieeeee e, 69
6.4 CONCIUSION ...eutiiiiiiiiiieit ettt ettt ettt et sbe et sae et sbe et e sbe et e sbeenneeanen 78

vii



Chapter 7 — Clinical evaluation of a commercial MRI-based synthetic CT..........ccccceevienieriinnennnens 78

7.1 Vendor SOIULION........c.eoiiiiiiiiiiiee ettt ettt ettt et st e 79
7.2 SCT versus CT COMPATISON ......eeerureeeieeeriieeeitreeeiteesreeesreesseeessseessseessseesssseesssseessseessssesssseeensses 79
7.3 CT CalIDIAtiON CUIVE...c..eiuuiiiiiiiiiiiiieieiteet ettt ettt ettt ettt ettt sae et bt et eaeeaeen 84
7.4 Treatment plan eValuation...........ccuiieciiieiiiieie ettt et eeeee e reeeeaeeesaeeessaeessseeesseeensns 85
7.5 DISCUSSION ...cutiiiiieiteeit ettt ettt ettt et ettt b e et sbe et s bt et sbe et sbe et e ebeeneeaeen &9
7.6 CONCIUSION ...cuiiiiiieitieiicte ettt ettt et b et a et sbe et sbe et sbe et sbeeaesbeeneeaeen 90
Chapter 8 — Summary and future dir€CHOMNS. .......cccviieriiieiieeeiee et eeer e e e eeeeeeraeeenas 92
8.1 SUuMMAry Of diSSEITALION .....ccuviieiiiieeiieeciie ettt et e e e ere e e ebeeeteeeeesaeesaeeessseeesseeennnas 92
8.2 Future research dir€CtIONS ...........coiiiiriiiiiiniiiiniecce ettt 92
8.2.1 Clinical implementation of image domain translation...........cccccevcvevveenienienieenienieeieene 92
8.2.2 MRI-to-MVCT CommercialiZation .........c..cccueeieierieiiniiiienieieneeieeieeieee e 93
8.2.3 Proton therapy SPR MeEaSUremMEnNtS ..........ccccueieriieiiiiieeiieecieeeceeeeieeeseveeeeaeesereeeeeeeeeseeeenas 95
FUNAING 1ottt e e et e et e e e teeeesbeeesbeeessae e sseeesssaeassseensseeessseensseeenses 96
RETETEICES ...ttt ettt ettt ae e et sbe e saeen 97

viil



List of Figures

Figure 2.1 Radiotherapy WOTKIOW........cccueriiiieiiiicieiesie ettt et sre e ens 4
Figure 2.2 Mass attenuation cOefficient in WateT..........ceoeeieririrrterie ettt 6
Figure 3.1 Tissue substitute PRantOIM.........c.evirieieririiretee ettt sttt 17
Figure 3.2 Hounsfield Unit to electron density calibration CUrves ..........cccceoeveneneeiesienenneeneenne. 22
Figure 3.3 Stoichiometric calibration CUTVE. .........cccueoueiiriiereiiiiieriee ettt e 24
Figure 3.4 Hounsfield Unit to stopping power ratio calibration CUrves ............ccccceeveerveereeresnenn 25
Figure 4.1 Zero-echo time MRI hydrogen density calibration curve .........cc.ccoceevveereneiieneneeneee 32
Figure 4.2 Multimodal imaging PIPEliNe ..........c.ccvevvieriieiieerirerinriieseeseieie e eieereeseee e sesesesesneenns 33
Figure 4.3 Results of multimodal imaging framework .............ccoccvevveviieiieeieeniieseeiee e 37
Figure 5.1 U-Net architecture (MRIt0 SMVCT) ..cccuoiiiiiiiiiiiiiieeeeee e 46
Figure 5.2 Results of MRI to synthetic MVCT .......cccoouiiiiiiiiiiiie e 48
Figure 5.3 Violin plots of MRI to synthetic MVCT .......c.coiiiiiiiiiiiiiiee e 49
Figure 5.4 Dataset imitation eXamples ..........coeeoirierieiirniene ittt st eeeenee e 50
Figure 5.5 DOSIMELTIC TESUILS ....eeutiuieiiiiiiieie ettt sttt st sttt e s enees 52
Figure 6.1 Workflow for KVCT to synthetic MVCT ........ccoooiiiiiiniiiiieecee e 59
Figure 6.2 Loss architecture 0f CYCIEGAN .......ccoiiiiiiiiiniit ettt 61
Figure 6.3 U-Net architecture (KVCT t0 SMVCT) ..ccuoiuiiiiiiiieieie e 62
Figure 6.4 Results of KVCT to synthetic MVCT ......ccoiiiiiiiiiiiieecee et 63
Figure 6.5 Heatmap PLOLS ......ocvieiiriieiiriiestiecieetes sttt eetteseteeete e e e e s eesseseseesteseasssaessesesesnsesnsennns 66
Figure 6.6 Anthropomorphic head phantom results .............coceoeiiiiininiiiiiienee e, 70
Figure 6.7 Streaking artifacts .......ccoueiiiiiriie et ettt st 76
Figure 7.1 CT-derived SEZMENtAtioN ..........cccoeirieriereniirrienieetieite et eetente st e et enbesteeseeseenaeeneenee e 80
Figure 7.2 sCT versus CT with HU Maps .......cccooieiieieiiiniiie ettt e 81
Figure 7.3 sSCT versus CT differenCes .........ueueririeieiiieniteeee ettt &3

X



Figure 7.4 Femoral head diSplacement ..........cccocceoueieiiiiienie ittt e &4

Figure 7.5 Modified SCT calibration CUIVE .........c.ccoceevieiiriniienieie ittt &5
Figure 7.6 Example dose volume hiStOZIams ..........ccccoeeriereiiiiieniineeieie ettt e 87
Figure 7.7 Linac-based and CyberKnife treatment plans .............cccocvvievenninneneiiniencneeeee &9
Figure 8.1 Future directions MRIt0 SMVCT .....cccoiiiiiiiiiieertee e 94



List of Tables

Table 3.1 Datasets and tOOLS ........c..cceeeriiiiiiiiiiiieciie et e 14
Table 3.2 Tissue SUbStItULE COMPOSILION ...evveveerirrrieriiesiieseieeresteeteeeeessesereessessesseessesssesssesneennns 15
Table 3.3 Tissue substitute physical PArameEters ...........c.ccveeiveriieriierieeniieie e ereesreeseee e eeneeereeeennns 18
Table 3.4 Tissue substitute denSity VAIUES ........cceccveviieriieiieiireieiiesiee et eee e seesete e sneens 18
Table 3.5 Anthropomorphic head phantom characteristics .........c.cueverererienereneeie e 19
Table 4.1 Im calculation PATAIMELETS ...........cccververieeriierrieieeieeeesteesseesseesseesseesseesseesseessesssessseseennns 35
Table 4.2 SenSItiVIty ANALYSIS ....vevvierrierrieiireieestestiesttestieteeteeeesseesseessaessessseassesssessseessesssesssesssennns 38
Table 4.3 Sensitivity analysis With dENSItY .........cccovierieiiiiiieriiiierierieie e s eere e 39
Table 5.1 GAmMMA PASSING TALES ....veevrerrrerrrerreirerteesteessaeseeseeseesseesseessaessesssesssesssesssesssesssesssesssennns 53
Table 6.1 MVCT and kVCT values for synthetic tissue phantom............cccccveeveevveerverescreecreenenne 59
Table 6.2 Similarity metrics for KVCT and SMVCT .........cooveiiiiiiiiiiinie et 65
Table 6.3 MVCT and kVCT values for anthropomorphic head phantom............cccccvevveveecirennnne. 71
Table 7.1 HU values (CT VS. SCT) cuvvviiiiiriie e eientteteeitestiesetet e svaestasssesesesssasaassaessesssesnsesneennns 80
Table 7.2 Tabulated values of MAE for original versus modified SCT..............ccccoeeveriervinnnnnnnn 82
Table 7.3 Gamma metrics and PTV COVEIaZE .......ccocviiiriiiieieie ettt 88

X1



Abbreviations

CBCT
CHNO
CNN
CT
DECT
DVH

EBRT
GAN

H&N
HA
HU

ICRP
ICRU
IGRT
IMRT
IRB
kVCT
Linac

MAE

ME
MRI

Atomic mass

Particle velocity relative to speed of light

MRI main magnetic field

MRI radiofrequency field

Speed of light (3.0 x 108 meters per second)
Conebeam computed tomography

Carbon, hydrogen, nitrogen, oxygen
Convolutional neural network

Computed tomography

Dual energy CT

Dose volume histogram

Electron charge (1.602 x 10719 coulombs)
Vacuum permittivity (8.854 x 10712 farads per meter)
External beam radiation therapy

Generative adversarial network

Hydrogen density

Proton density

Head and neck

Hydroxyapatite (Cas(PO4)3)

Hounsfield Unit

Mean ionization potential

International Commission on Radiological Protection
International Commission on Radiation Units and Measurements
Image-guided radiation therapy
Intensity-modulated radiation therapy
Institutional review board

Kilovoltage computed tomography

Linear accelerator

Mean absolute error

Electron rest mass (9.109 x 10731 kilograms)
Mean error

Magnetic resonance imaging

Xii



MVCT
OAR
Org

Pe
PET

PM
PSNR
PTV
QA
ReLU
RF
RMSE
SBRT
sCT
sMVCT
SNR
SPR
SSIM
T

Tz

TE
TPS
TR
ucC
UTE

u/p
VMAT

ZTE

Megavoltage computed tomography
Organ-at-risk

Organic

Mass density

Relative electron density

Positron emission tomography
Physical measurement

Peak signal-to-noise ratio
Planning target volume

Quality assurance

Rectified linear unit
Radiofrequency

Root mean square error
Stereotactic body radiation therapy
Synthetic CT

Synthetic MVCT

Signal-to-noise ratio

Stopping power ratio

Structural similarity index measure
Longitudinal relaxation time
Transverse relaxation time

Echo time

Treatment planning system
Repetition time

Unified Composition

Ultrashort time-to-echo

Linear attenuation coefficient
Mass attenuation coefficient
Volumetric modulated arc therapy
Atomic number

Zero-echo-time

Xiil



Chapter 1 — Dissertation outline

In Chapter 2, I provide the background knowledge for this dissertation including the radiotherapy
workflow and basic physics, dose calculation for photon and proton radiotherapy, and imaging with a

focus on CT and MRI.

In Chapter 3, I provide details on data sources and tools used in subsequent chapters including an in-
house created tissue substitute phantom, a commercial anthropomorphic head phantom, in vivo
imaging datasets of patients treated for head and neck cancer and prostate cancer, CT calibration curves
used to map Hounsfield Unit to electron density or stopping power ratio, and image evaluation and

comparison metrics.

In Chapter 4, I describe the development of a novel multimodal imaging method used to estimate
proton stopping power ratio using a combination of MRI and CT. Results of this method derived from
imaging were compared to “ground truth” physical measurements calculated in tissue surrogate
materials developed by our group. Results show that our multimodal imaging approach using MRI and
MVCT provided results within 1% of physical measurements and were more accurate than the current

clinical standard stoichiometric method for the tissue types studied.

In Chapter 5, I describe the first work to synthesize MVCT images from MRI using a deep learning
model in which the feasibility of utilizing MRI-derived synthetic CTs for radiotherapy treatment
planning of head and neck cancer was demonstrated. This work lays the foundation for a proposed
paradigm shift whereby MRI is utilized for anatomical delineation while MRI-derived synthetic

MVCT is used for radiotherapy dose calculation, which can all be performed on the treatment machine



and could provide substantial improvements to combined MRI-linear accelerator workflow and

accessibility.

In Chapter 6, I describe work which was the first known application of deep learning to reduce
uncertainty in the relationship between kVCT and electron density and stopping power ratio through
learning of MV CT data, promising improvements for dose calculation accuracy. The synthetic images

produced by the deep learning model were validated using results in tissue substitute phantoms.

In Chapter 7, I discuss clinical considerations for implementing synthetic images for treatment
planning. In this work, I evaluated a commercial algorithm for producing MRI-derived synthetic CTs
in a dataset of patients treated for prostate cancer using two common modalities including a
conventional linear accelerator and the CyberKnife system. This study provides recommendations for
optimizing the synthetic CT calibration curve for consistency with the users’ clinically commissioned

CT scanner and was the first to report on utilizing synthetic CT for treatment planning on CyberKnife.

In Chapter 8, I provide a summary of this dissertation and describe future research directions.



Chapter 2 — Background

2.1 Radiotherapy

Radiation therapy (or radiotherapy) is one of the most common therapies available for treating a wide
range of cancers, with over 60% of cancer patients in the US treated curatively with radiation'~. Since
the discovery of X-rays by Wilhelm Conrad Rontgen in 1895, there have been significant technological
advances allowing for increasingly complex and sophisticated delivery. In particular, the past 20 years
have seen remarkable developments in computer technology, treatment planning software, dose
calculation algorithms, and diagnostic and therapeutic delivery systems. These advancements have
allowed for the emergence of techniques such as such as intensity-modulated radiation therapy (IMRT)
and stereotactic body radiotherapy (SBRT), which allow clinicians to escalate dose delivered to tumor
volumes while maintaining a sharp dose fall-off outside the tumor, minimizing toxicities to critical
structures and normal tissues.

The journey of a typical patient treated with radiotherapy today begins with a cancer diagnosis,
which is often made by a team of oncologists who determine radiation to be an appropriate course of
treatment. After an initial consult in the radiation oncology department, the patient will receive an
imaging scan (typically a computed tomography, or CT scan) which is used for three primary purposes:
1) to delineate (or “contour’) the tumor and critical structures, 2) for radiotherapy treatment planning
and dose calculation, and 3) as a reference image for patient alignment on the treatment machine prior
to delivery. Contouring and treatment planning typically take about 1 week and radiotherapy delivery
can take anywhere from ~1-7 weeks, depending on the treatment approach. This workflow is shown

in Figure 2.1.
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Figure 2.1: Radiotherapy workflow

Typical radiation oncology workflow consisting of consult and simulation
appointments (left), contouring of anatomy and treatment planning (middle),
and treatment delivery (right). During the simulation appointment, a CT scan
is acquired and subsequently used for contouring anatomy and treatment
planning. Prior to each treatment delivery, the patient is imaged for purposes
of position set-up and verification using planar radiographs, CT, or MRI,
depending on machine capabilities and treatment site.

2.2 Basic physics of radiotherapy

A basic understanding of photon interactions in matter is foundational to understanding how
radiotherapy works. A comprehensive overview of these concepts can be found in several classic
radiotherapy physics textbooks®*, with a brief description provided here. Whether considering photons
used for imaging a patient (in the case of CT) or treatment (in the case of a linac), a photon beam is
attenuated as it interacts with the material it is traversing via coherent scattering, the photoelectric
effect, Compton scattering, or pair production. Coherent scattering (or classical scattering) occurs
when a low-energy photon changes direction upon interacting with an atom with no energy transfer or
deposition. The photoelectric effect occurs when a photon is absorbed by an atom, causing an atomic
electron to be ejected. Compton scattering occurs when a photon interacts with an atomic electron,

causing both the photon and electron to be scattered at angles that depend on the photon’s incident
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energy. Pair production occurs at energies higher than 1.02MeV when a photon interacts with the
electromagnetic field of a nucleus, causing the production of an electron-positron pair. A photon is
attenuated according to its linear attenuation coefficient (1) which depends on the photon energy and
the density of material being traversed. The mass attenuation coefficient (u/p) is often used which
depends on material atomic composition instead of density. The total mass attenuation coefficient
((U/p)eor) is a sum of contributions from all photon interactions including coherent scattering
((62on/P)con), Photoelectric effect ((t/p)p g ), Compton scattering ((o. s /p)cs ), and pair production
((m/p)pp.) as shown in Equation 1.

W/P)eor = (Ocon/Plcon + (&/P)ps. + (0/P)cs. + (/p)pp. (1)
Coherent scattering is only important at very low energies and high-Z materials and is usually omitted
when considering therapeutic energies. Photoelectric, Compton scattering, and pair production
phenomena are proportional to the photon energy (E), atomic number (Z), and electron density (p,)

through the following relationships:

(T/p)pe. ZS/Es ()
(a/p)cs. % pe 3)
(/p)p.p. X Z* (for energies up to ~20MeV) 4)

A plot of u/p versus photon energy for water is shown in Figure 2.2 (values have been approximated
for purposes of visualization). Of note, at lower photon energies typically used in diagnostic imaging
(e.g. 70-140 kV), both photoelectric effect and Compton scattering contribute to photon attenuation,
resulting in a dependence on material atomic number and energy. At higher energies typically used for
therapy, (e.g. ~2-10MV), Compton scattering is the dominant photon interaction, resulting in a
dependence only on material electron density. Mass attenuation coefficients for additional materials

can be found in the literature’.
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Figure 2.2: Mass attenuation coefficient in water

Mass attenuation coefficient versus photon energy for water (values have been
approximated for purposes of visualization). At lower, diagnostic photon
energies (e.g. 70-140 kV), both photoelectric effect and Compton scattering
contribute to photon attenuation, resulting in a dependence on material atomic
number and energy. At higher, therapeutic energies (e.g. ~2-10MV), Compton
scattering is the dominant photon interaction, resulting in a dependence only
on material electron density.

2.3 Dose calculation

Accurate dose calculation algorithms within a treatment planning system are essential for delivering
high quality radiotherapy that agrees with the clinicians’ intent. There are several in-house and
commercial algorithms serving this purpose, each with varying levels of accuracy and computational
requirements. A comprehensive review of these algorithms is outside the scope of this work and is
available in the literature®’, however, a general overview of photon and proton external beam

radiotherapy (EBRT) dose calculation is provided as foundation.



2.3.1 Photon radiotherapy

A dose calculation algorithm used for photon radiotherapy must model the energy deposition of a
photon beam as it travels through a patient. In the case of EBRT, the therapeutic photon beam is
typically produced by a linear accelerator (linac) that rotates around the patient to deliver radiation
from different angles throughout treatment delivery. The majority of modern dose calculation
algorithms approximate absorbed dose D at position " in a heterogeneous medium using the following
integral:

NGEN) %LPP(F’)A(F —7)d37 (5)
where u/p is the mass attenuation coefficient, W, (") is the primary photon energy fluence produced

by the linac, and A(r —7') is the convolution kernel. Convolution kernels are matrices of dose
distributions caused by scattered photons and electrons in water and are pre-calculated within the
treatment planning system (TPS) using Monte Carlo. Material heterogeneities are accounted for by
rescaling the dose spread kernel using the material density relative to water. In other words, the patient-
specific parameter of interest for dose calculation in photon radiotherapy is the material mass density
(p) or electron density relative to water (p, ), depending on the requirements of the TPS being used. In
the clinic, density maps are estimated using a CT scan acquired for each patient and a CT calibration

curve mapping Hounsfield Unit (HU) of each voxel to material density.

2.3.2 Proton radiotherapy

Using proton beams for therapeutic purposes was first proposed by Robert R. Wilson in 1946 and has
since become an increasingly popular cancer treatment modality with the number of operational centers
steadily increasing®. Unlike photons which interact through photoelectric, Compton, or pair
production, protons interact through ionization and excitation caused by collisions between the protons

and atomic electrons of the material being traversed and, to a lesser extent, radiative losses or nuclear
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reactions. The rate of energy loss per unit length (known as the stopping power) is described by the

Bethe-Bloch Equation:

-5 () (n(5E)-5) ®
where n is the number of electrons in a given volume, z is particle charge (equal to 1 for protons), m,
is electron mass, c is the speed of light, 8 is the particle velocity relative to c, e is the electron charge,
€, 1s the vacuum permittivity, and I is the mean ionization potential. Notably, a particle’s stopping
power is inversely proportional to the square of its velocity, giving rise to the distinct clinical advantage
of depositing the majority of dose immediately before stopping at the distal end, as described by the
characteristic Bragg Peak’. With appropriate choice of beam angles, full target coverage can be
achieved while imparting negligible dose to healthy tissue beyond where the beam stops. Calculating
the location of the Bragg Peak requires a patient-specific map of the ratio of stopping powers (or
stopping power ratio, SPR) of the material being traversed relative to water. In the clinic, SPR maps
are estimated using a CT scan acquired for each patient and a CT calibration curve mapping Hounsfield

Unit (HU) of each voxel to material SPR.

2.4 Imaging in radiotherapy

Many different imaging modalities are used for diagnosis, treatment planning, and/or image guidance
in radiotherapy including x-ray radiography, fluoroscopy, ultrasound, CT, magnetic resonance imaging
(MRI), and positron emission tomography (PET), though the focus of this work is on CT and MRI.
Prior to treatment planning and delivery, patients undergo a ‘“simulation” appointment as shown in
Figure 2.1. During simulation, a 3-dimensional (3D) image dataset is acquired with the patient in the
same position used during treatment. This simulation scan is then used for two critical purposes: 1) all
subsequent delineation of patient anatomy (normal and diseased tissues) and 2) calculation of radiation

treatment plans and dose distributions. For the former, the optimal imaging modality depends on the
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anatomy being visualized. For the later, the optimal imaging modality is CT because it provides a direct
map of photon attenuation used for dose calculation and has therefore been the cornerstone of

radiotherapy treatment planning.

24.1CT

To acquire a CT image, a narrow beam of x-rays rotates around a patient while detectors mounted
opposite the x-ray source measure photon attenuation. By taking a sufficient number of transmission
measurements, a map of attenuation coefficients can be reconstructed'®!'. During reconstruction, each
axial plane is divided into small voxels where the attenuation at each voxel is known as a CT number.
The CT number at each voxel is normalized to a corresponding HU value according to Equation 7,

such that air is defined as -1000 HU and water is defined as 0 HU.

HU = Hmaterial — Kwater x 1000 (7)

Hwater

The most common photon spectra used for CT is in the 70-140kVp range (referred to as kVCT) where
the photoelectric effect dominates and photon attenuation is proportional to Z3, resulting in high tissue
contrast favorable for visualizing anatomy. In radiotherapy, simulation scans are typically acquired at
120kVp. The relationships between HU and both p, and SPR are often modeled as piecewise linear
functions with two linear regions (for example, lower density as in lung, soft tissue, and higher density
as in bone). A consequence of the explicit atomic number dependence in this relationship is that for a
given HU there may be multiple possible solutions for electron density'>!*. In other words, as different
tissue types exhibit different mass densities, any solution to explicitly resolve electron density from
kVCT HU necessitates an understanding of the atomic composition of the material. With only a
standard single kVCT scan, there is not enough additional information to correct for this atomic number
dependent effect. While a lesser concern for photon-based dose calculation where there is a smaller

dosimetric impact of these uncertainties, even small inaccuracies in the translation of kVCT HU to
9



proton SPR can result in over- or under-dosing of the target volume and nearby organs at risk when
using proton therapy'*!>. When treating with proton therapy in clinical practice, these uncertainties are
typically accounted for by adding an additional margin of 2.5-3.5% to each proton beam’s range'®!”.
In efforts to address this issue, many groups have proposed solutions involving the incorporation of
additional information provided by CT scans of differing energy, known as dual energy CT (DECT).
This method considers that each CT scan taken at different energies will have differential
responses/intensities due to different atomic numbers and density values, which can be used to solve
for the effective atomic number and electron density. Results from prior studies!®?? have shown great
promise for high accuracy determination of both quantities. However, the necessity for two separate
scans may limit the practically achievable accuracy® for DECT methods and recent studies*** have
shown that nominal noise and beam hardening artifacts may be of greater concern for DECT analysis
methods compared with standard single energy kVCT techniques.

At higher x-ray energies (as in megavoltage or MV), the predominant mechanism of photon
interaction is Compton scattering, which is directly dependent on the electron density of the medium
rather than its atomic number. Therefore, HUs in MVCT images are directly dependent on electron
density, with MVCT having demonstrated sufficient accuracy for dose calculation®®?’. In bony tissue,
for example, errors in estimating physical and relative electron density have been reduced from 3.6%
and 2.6%, respectively, using kVCT to <1% using MVCT?%. Furthermore, in contrast to DECT (and
lower energy x-ray methods in general), higher energy x-rays are naturally less susceptible to beam
hardening and photon starvation effects. With these advantages in terms of electron density linearity
and resistance to beam hardening effects?***, MVCT imaging would seem to be more favorable than
lower energy kVCT techniques for dose calculation. Yet key disadvantages such as lower image
contrast, greater noise (due to increased scatter), and reduced availability (due to the potentially cost

prohibitive higher energy x-ray accelerator requirements), have limited clinical implementation of
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MVCT scans into the radiation oncology clinic to the special case of on-treatment image guidance
and/or adaptation. Interest in overcoming these limitations has resulted in the development of
technologies such as intermediate energy orthovoltage CT imaging®* although, to date, no clinical
system is available. In the case of proton therapy, proton CT has been investigated for providing more
accurate maps between HU and SPR, and while proton CT would allow for a direct relationship
between CT number and SPR**3° | its primary limitation is the high proton energy required to image a

patient.’’.
2.4.2 MRI

Magnetic resonance imaging is a powerful imaging modality that utilizes the different magnetic
properties of materials to generate image contrast. A clinical MRI system is composed of three main
components: a large static magnetic field (typically 0.3-7 Tesla) used to create bulk magnetization of
hydrogen nuclei, gradient coils used to induce small differences in phase, frequency, or applied
magnetic field for distinguishing spatial and slice position of each nuclei, and a radiofrequency (RF)
system used to transmit and/or receive signal-producing RF pulses. MRI pulse sequences are designed
with optimal gradient and RF pulse settings (including flip angle, repetition time (TR), and echo time
(TE)) to take advantage of differences in longitudinal (corresponding to Ti) and transverse
(corresponding to T») relaxation times amongst different materials to produce image contrast. Detailed
descriptions of the physics behind MRI can be found in the literature''-®,

Over the past decade there has been a significant increase in the utilization of MRI in radiation
oncology due to the improved soft tissue contrast provided relative to CT. MRI has been demonstrated

39-42 and used for

to reduce inter- and intra-observer variability for contouring different disease sites
both initial treatment planning and online adaptive radiotherapy through integration with linear

accelerators®. In these contexts, the patient will typically receive both an MRI (for anatomical
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visualization) and CT (for density information used in dose calculation). An MRI-only radiotherapy
workflow would provide many advantages such as increased efficiency, reduction in the number of
imaging scans required for each patient, and a decrease in image registration errors**. While MR
images demonstrate favorable qualities for the delineation of many normal and diseased tissue types,
they do not provide a direct map of photon attenuation, hindering its utility for dose calculation. This
phenomenon can be easily demonstrated through examples of air and bone: air has very little density,
minimally attenuates a photon beam, and appears dark on a CT image. Bone, on the other hand, is the
densest of biological materials, significantly attenuates a photon beam, and appears bright on a CT
image. However, despite their very different attenuation properties, both air and bone show up as dark
signal voids in conventional MRI sequences due to low proton density (in the case of air and bone) and
ultrashort transverse relaxation time (in bone). Techniques such as ultrashort time-to-echo (UTE) and
zero-echo-time (ZTE) have been developed to image materials with very short transverse relaxation
times, and while studies have indicated that these sequences have improved contrast in bone versus air,
there are still instances of mislabeling*> which would be unacceptable if used in radiotherapy dose
calculation. These challenges in mapping MRI voxel values to photon attenuation have hindered the
ability to use MRI for dose calculation.

The overarching goal of the research described in this dissertation is to use advanced imaging
techniques to exploit the unique advantages of MRI, kVCT, and MVCT to improve the dose calculation
accuracy of 3D image-based photon and proton EBRT. To reiterate: in Chapter 4, I describe the
development of a novel method for more accurately estimating proton stopping power ratio using
physical values estimated from a combination of MRI and CT. In Chapter 5, I describe the first work
to synthesize MVCT images from MRI using a deep learning model, laying the foundation for a
proposed paradigm shift whereby MRI is utilized for anatomical delineation while MRI-derived

synthetic MVCT is used for radiotherapy dose calculation. In Chapter 6, I describe the first known
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application of deep machine learning to reduce uncertainty in the relationship between kVCT and
electron density and stopping power ratio through learning of MVCT data, promising improvements
for dose calculation accuracy. Finally, in Chapter 7, I discuss clinical considerations for implementing

synthetic images for treatment planning.
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Chapter 3 — Data sources and tools

This chapter describes the datasets and tools referenced in subsequent chapters as outlined in Table
3.1.

Table 3.1: Datasets and tools
Datasets and tools used in the projects described in this dissertation.

Chapters Description
) ) In-house phantom created to emulate the physical properties of
3.1 Tissue substitute phantom 4,6 ) ) )
skin, muscle, adipose, and spongiosa bone.
) Vendor-provided head phantom with tissue types meant to
3.2 Anthropomorphic head phantom 6 ) )
emulate soft tissue, inner bone, and outer bone.
Paired T;-weighted MRI, MV CT, and kVCT images for 120
3.3 in vivo head and neck dataset 5,6 )
patients treated for head and neck cancer.
Paired MRI-derived synthetic CT and actual CT for 10 patients
3.4 in vivo prostate dataset 7
treated for prostate cancer.
) CT calibration curves generated to map CT Hounsfield Unit to
3.5 CT calibration curves 4,6

relative electron density (3.5.1) or stopping power ratio (3.5.2).

3.1 Tissue substitute phantom

Phantoms are routinely used for quality assurance (QA) in radiation therapy and can be created in-
house or acquired through a commercial vendor if available. Phantom characteristics depend on the
specific application but should, in general, have homogeneous composition with physical properties
that mimic biological tissues. Phantom materials can be considered mimicking of real tissues if they
demonstrate reasonable equivalence with nominal physical parameters relevant to the modalities used
in the study of interest. For example, in this work, tissue substitutes were considered reasonably
equivalent to real biological tissues if their physical/compositional characteristics of interest for the
respective modality were similar to each other including mass attenuation coefficients, water content,

('H) proton density, and mass stopping power ratio.
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3.1.1 Fabrication

Tissue substitute phantoms were created to mimic skin, muscle, adipose, and spongiosa bone based on
each tissue’s molecular composition provided in ICRU Report 44*¢ and ICRP Report 23*7 by creating
homogeneous mixtures of deionized water with appropriate ratios of gelatin (to mimic protein),
coconut oil (to mimic fat), and/or pure hydroxyapatite (to mimic bone) as shown in Table 3.2.

Table 3.2: Tissue substitute composition

Tabulated compositions for tissue substitute phantoms created by
measurements (by mass) of appropriate ratios of water, gelatin, coconut oil,
and/or pure hydroxyapatite.

Water Protein Fat Hydroxyapatite SDS
Skin 75.00 25.00 0 0 0
Muscle 74.78 19.97 5.0 0 0.25
Adipose 46.80 2.50 49.2 0 1.50
Spongiosa 26.61 11.83 47.43 12.81 1.32

Constituents of each mixture were carefully weighed using a high-precision scale (Practum313-18,
Sartorius Biotech, Germany). Skin phantoms were created by mixing fixed (by mass) amounts of
gelatin with hot water until dissolved and allowing for solidification. Muscle and adipose phantoms
were created similarly but including coconut oil (adipose solutions were created separately for each
container to prevent congealing of the predominately oil mixture). Spongiosa bone phantoms were
created similarly to skin phantoms but including hydroxyapatite powder. Phantoms containing coconut
oil included a small amount of detergent/surfactant (SDS) to encourage mixing of oil with water which
improved overall homogeneity. Measurements of physical density for each phantom were calculated
from volume and mass determined using volumetric pipettes and the high-precision scale. As gelatin
and coconut oil are not pure molecular compounds (but rather a mixture of multiple molecules),
chemical composition of these substances was determined via carbon, hydrogen, nitrogen, and oxygen
(CHNO) combustion analysis at a specialized microanalytic facility. Elemental composition and

measured mass density were used to calculate ground truth p, (Equation 8) and SPR (Equation 9: the
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ratio of the Bethe-Bloch equation for a material relative to water and Equation 10: the Bragg Additivity

Rule) for each tissue type.

WiZi
_ tm (Zi A )m (®)
T b,
i 2
_ In[2mec?B?/Im(1-p*)]-B>
SPR = € In[2mec?B2 /120 (1-B2)]-B2 ©)
iZi iZi
Il = (S50 1)/(2%2) (10)

In Equations 8-10, for each element i composing material m, w is the fraction by weight, Z is the
atomic number, A is the atomic mass, I is the mean ionization potential, p, is the electron density of
the medium relative to water, p is the nominal mass density, m, is electron mass, c is the speed of
light, and S is the proton velocity relative to c. All calculations were performed using a fixed proton
energy of 115MeV to minimize consequences of energy variability in practice'®.

The final phantom was created from nine identical containers of each tissue substitute material
along with calibration materials used for the MRI (‘H) proton density calibration curve described in
Chapter 4. Identical containers of each tissue type and calibration material were placed in various
locations at each level (top, middle, and bottom) of the phantom, resulting in a phantom consisting of

57 total containers. An axial slice of the middle of the phantom is shown in Figure 3.1.
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Figure 3.1: Tissue substitute phantom

Axial representation of a) example phantom configuration and corresponding
images of b) ZTE (1H) proton density-weighted MRI, c¢) Dixon water-only
MRI, d) kVCT, and ¢) MVCT. Each image depicts a single slice at the same
level.

Image average intensity values were extracted using MIM Software (MIM Software Inc, v 6.8.3
Cleveland, OH) using regions of interest (ROIs) large enough to encapsulate all material within each

container while minimizing volume averaging of the container itself.

3.1.2 Physical properties

To illustrate that tissue substitute materials were mimicking of real tissues, mass attenuation
coefficients were computed for each phantom material from the atomic composition of each tissue
substitute and elemental x-ray mass attenuation coefficients provided by NIST** assuming a single
mono-energetic nominal mean energy of 80 keV for kVCT and 800 keV for MVCT. Proton mass

stopping power ratios were computed for each phantom material from the atomic composition of each
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tissue substitute assuming fixed proton energy of 115MeV. Literature values for tissue mass
attenuation coefficients and mass stopping power ratios were derived from tissue compositions
provided in ICRU 44*. These parameters are shown for phantom and literature tissues in Table 3.3.

Table 3.3: Tissue substitute physical parameters

Tabulated physical parameters for mass attenuation coefficients at mean
energies of kKVCT (80 keV) and MVCT (800 keV), water content, hydrogen
density, and proton mass stopping power ratios derived from tissue substitute
phantom elemental composition versus real tissue composition from ICRU
Report 44* and ICRP Report 237

u/p (80 keV) x 1071 u/p (800 keV) x 1072 Water content Hydrogen density SPR/p (115 MeV)
Phantom Literature Phantom Literature Phantom Literature Phantom Literature Phantom  Literature
Skin 1.81 1.81 7.78 7.80 0.75 0.59-0.72 0.100 0.100-0.101 0.99 0.99-1.00
Muscle 1.81 1.82 7.80 7.79 0.75 0.70-0.79 0.102 0.101-0.102 0.99 0.99-1.00
Adipose 1.82 1.80 7.88 7.87 0.47 0.11-0.31 0.115 0.112-0.116 1.00 1.00-1.03
Spongiosa 1.90 1.95 7.75 7.67 0.27 0.23 0.096 0.085 0.98 0.98

Additional metrics were assessed to demonstrate reasonable tissue substitute equivalence with

46,47,49

biological tissue composition provided in the literature including affective atomic number (Zerr),

physical density, and relative electron density which are shown in Table 3.4.

Table 3.4: Tissue substitute density values

Tabulated physical parameters for effective atomic number, physical density,
and relative electron density derived from tissue substitute phantom elemental
composition versus real tissue composition from ICRU Report 44*° and ICRP
Report 2347

Ly Physical density (g/cc)  Relative electron density

Phantom Literature Phantom Literature Phantom Literature

Skin 7.46 7.51 1.06 1.09 1.05 1.07
Muscle 7.45 7.70 1.05 1.05 1.04 1.04
Adipose 7.03 6.56 0.95 0.95 0.96 0.95
Spongiosa 9.20 10.05 1.06 1.14 1.04 1.12

Physical measurement (PM) values for each parameter used to compute SPR were calculated directly

using percentage (by mass) and elemental composition of each constituent. Uncertainties in PM values
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were determined from the errors in mass measurements of the phantom components and propagated

through each value used to compute SPR.

3.2. Anthropomorphic head phantom

A commercially-available anthropomorphic head phantom (RS-108, Radiologic Support Devices Inc.,
Long Beach, CA) was used to validate relative electron density (p,) and SPR values of kVCT, MVCT,
and synthetic MVCT images produced by the CycleGAN model described in Chapter 6. A 10mg
sample of phantom bone material easily accessible inside the skull was extracted and sent for molecular
composition determination using CHNO combustion analysis and energy dispersive x-ray
spectroscopy. Because the deep learning model was trained on in vivo human data, phantom materials
in this study were selected based on their similarity to values of in vivo tissues provided in the
literature*®*"-°, Elemental composition, physical density, relative electron density (calculated from
Equation 8), and stopping power ratio (calculated from Equations 9 and 10) were compared between
phantom tissues and literature in vivo human tissues to ensure the phantom was a reasonable surrogate.
Of the phantom materials, bone closely matched composition, density, and SPR values from the
literature (as shown in Table 3.5) and was selected for analysis. Other materials meant to generically
mimic tissues in this head phantom did not mimic the typical mass density or elemental compositions
found in human tissues®® and were not further investigated.

Table 3.5: Anthropomorphic head phantom characteristics
Tabulated physical parameters for atomic composition, physical density,
relative electron density, and stopping power ratio derived from physical
measurements of the bone phantom material versus in vivo bone tissue
composition from ICRU Report 44* and ICRP Report 23%.

Phantom Physical Measurements Literature Values
% composition Densi /cc SPR % composition Density (g/cc Pe SPR
p ty (g Pe
gf 2 p H:5-9
N.' 4 C: 40-60
Bone 0:31 1.18 1.12 1.13 N:2-4 1.14-12 1.12-1.18 1.12-1.18

C.' 12 0:30-45

& Ca: 8-20
Trace < 1
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3.3 in vivo head and neck dataset

A dataset of kVCT, MVCT, and Ti-weighted (non-contrast) MR images for 120 patients treated for
head and neck (H&N) cancer on an Accuray TomoHD system (TomoHD; Accuray, Sunnyvale, CA)
were retrospectively recruited for studies described in Chapters 5 and 6. These studies and experimental
protocols were approved under by the University of California, San Francisco Institutional Review
Board (IRB) #14-15452 and carried out in accordance with relevant guidelines and regulations.
Informed consent was waived by the IRB due to the retrospective, de-identified nature of the studies.

Each patient received a kVCT simulation scan in the head-first supine treatment position using
a 5-point head and shoulder thermoplastic mask and tongue stent approximately two weeks prior to
treatment using a Siemens Somatom CT scanner (Somatom; Siemens, Munich). kVCT scans were
acquired at 120 kVp photon energy using a helical acquisition with reconstructed slices of voxel size
Ix1x3mm® (512 x 512 matrix). Immediately prior to treatment delivery, each patient received an
MVCT scan in the head-first supine treatment position using a 5-point head and shoulder thermoplastic
mask and tongue stent for purposes of image alignment on the TomoHD system. The MVCT scan
closest in time to their kVCT simulation scan was included in this study to minimize differences in
patient anatomy through potential changes in weight gain or loss and tumor growth or shrinkage.
MVCT scans (3.5MV photon spectra) were acquired using the “coarse” pitch mode with reconstructed
slices of voxel size 1x1x3mm?® (512 x 512 matrix). Diagnostic MRI scans were acquired in the head-
first supine position approximately 0-6 weeks prior to treatment on 1.5 Tesla scanners using a T-
weighted 3D sequence without contrast (TR 500-800ms, TE 7-15ms, flip angle 70-110°, voxel size
1x1x3mm?®).

For all patients, kVCT and MVCT scan volumes were co-registered to the space of their
respective MRI scans using the automated 3D rigid registration algorithm in MIM to produce a match

across the entire scan volume. CTs were cropped to match the MRI field-of-view and resampled to a
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uniform 512x512 matrix. All MR images were histogram-matched to standardize intensity values of

images acquired across different scanners®'.
3.4 in vivo prostate dataset

A dataset of CT and MRI-derived synthetic CT (sCT) images were acquired for 10 patients being
treated with SBRT to the prostate who were prospectively recruited for the study referenced in Chapter
7. This study and its experimental protocols were approved under UCSF IRB #18-24578. Patients
underwent informed consent prior to image acquisition. Same-day CT and MRI simulation in the head-
first supine treatment position were performed on each patient. kVCT scans were acquired using a
Siemens Somatom scanner at 120kVp photon energy using a helical acquisition with reconstructed
slices of voxel size 1x1x3mm?® (512 x 512 matrix). MRI simulation scans were acquired on a 3 Tesla
scanner (MAGNETOM Vida, Siemens, Munich) using a radiotherapy-dedicated indexed couch
overlay and large 18-channel UltraFlex coil (Siemens, Munich) suspended on a coil bridge to prevent
deformation of the patients’ surface caused by the coil. Dixon in-phase and out-of-phase images were
acquired using a 3D Ti-weighted gradient echo sequence (TE(/TE,/TR=1.23/2.46/4ms, readout
bandwidth=1090 Hz/pixel, 1x1x1.5mm?, scan time 5 minutes). sCT datasets were generated using a
vendor-provided bulk-assignment algorithm based on in-phase, out-of-phase, fat-only, and water-only
MRIs. CT and sCT datasets were co-registered in MIM using an automated 3D rigid registration

algorithm.

3.5 CT calibration curves

For the purposes of generating CT -calibration curves, a CIRS (180 mm diameter) tissue
characterization phantom (Model 062; CIRS, Norfolk, VA) containing nine tissue-surrogate plugs was

scanned with kVCT and MVCT imaging modalities using the same imaging parameters as for in vivo
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H&N data described in Chapter 3.3. This diameter phantom was chosen to better mimic scatter and

beam hardening effects for the head and neck region studied.

3.5.1 Relative mass and electron density

Calibration curves relating CT HU with nominal mass density and CT HU with relative electron density
were generated for the kVCT and MVCT scanners used. Batch number specific mass density (p) of
each tissue surrogate plug was provided by the phantom vendor and used to generate the HU to p calibration
curves. Relative electron density (p,) was calculated for each type of tissue surrogate material using
vendor provided batch number specific elemental compositions and mass density in Equation 8. HU
to p and HU to p, calibration curves are shown in Figure 3.2 and were used in subsequent HU to p or

Pe CONVeErsions.
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Figure 3.2. Hounsfield Unit to electron density calibration curves
Calibration curves of HU for kV (dashed line) and MV (solid line) CT plotted
against relative (to water) physical (left) and electron (right) density. Curves
were derived from a CIRS tissue surrogate phantom with various tissue
mimicking materials and liquid water. Note the typical bilinear distribution
for p and p, mapped using lower (kV) energies, contrasted by the linear
distribution at higher (MV) energies due to the negligible effects of the
photoelectric effect at MV energies.
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3.5.2 Stopping power ratio (stoichiometric calibration)

Calibration curves relating CT HU and SPR were performed for the kVCT and MVCT scanners used
in this work according to the stoichiometric method by Schneider e al’>. Elemental composition for
each plug provided by the vendor was used with corresponding atomic numbers, weights, and mean
ionization potential*>*** to determine Z; and Z; for element i as described®’. Scanner-specific
coefficients K5 K KX characterizing the photoelectric effect, coherent scattering, and Klein-
Nishina (Compton scattering) cross-sections, respectively, were computed from a linear regression fit.
With these coefficients, HU values were calculated for 64 human tissues provided in the literature*’->°
and used to create a plot of tissue HU versus SPR as shown in Figure 3.3. Each reference tissue was
classified as organ-like (shown in red), fat-like (shown in green), and bone-like (shown in blue), with
three separate plots generate: one for each tissue type. The final stoichiometric curve was pieced

together extending over a range of typical HU values for biological tissue from the separate fits with

nodes at HU values of -200, -120, -20, +35, +100, and +140 as previously described'*.

*The work described in Chapter 4 used Im values published by Janni at al. in 1982%. Since the publication of that

t°6, updated Im values optimized for use with the Bragg additivity rule were published by Bir et al.>* and

manuscrip
used for all subsequent work (e.g. in Chapter 6). The kVCT and MVCT stoichiometric calibration curves shown in

Figure 3.4 were created using values of Bér et al.
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Figure 3.3: Stoichiometric calibration curve

A stoichiometric calibration curve (black line) which provides SPR from HU
value was created for the kVCT scanner used in this study using the CIRS
tissue surrogate phantom and parametric fits to literature values of organ-like
(red line), fat-like (green line), and bone-like (blue line) human tissues.

In total, two stoichiometric CT calibrations were performed: one for the kVCT scanner used in this
work (120kVp, Imm slice thickness) and the other for the MVCT scanner used in this work (3.5MV,
Imm slice thickness). Details regarding stoichiometric calibrations for kV and MV energies are
described in the literature®’. All SPR calculations were performed using a fixed proton energy of
115MeV. HU to SPR calibration curves are shown in Figure 3.4 and were used in subsequent HU to

SPR conversions.
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Figure 3.4. Hounsfield Unit to stopping power ratio calibration curve

HU plotted against SPR derived from kV (dashed line) and MV (solid line)

CT scans. All curves were derived from a CIRS tissue surrogate phantom with

various tissue mimicking materials and liquid water. Note the typical bilinear

distribution for SPR mapped using lower (kV) energies, contrasted by the

linear distribution at higher (MV) energies.
For both p, (Figure 3.2) and SPR (Figure 3.4) calibration curves, it is noted that there is a bilinear
distribution for kVCT. On the other hand, MVCT calibration curves are linear with p, and SPR. This
energy dependent trend in CT imaging HU vs electron density is in line with the finding by Das et al’®
where they found that as photon energy increases, the relationship between HU and electron density
becomes more linear. In addition, this relationship is fairly stable in the regime of lung to soft tissue

(HU < 100) but becomes highly dependent on energy and material composition at higher electron

density values as in bone (HU > 100).
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3.6 Image evaluation metrics

There are several quantitative metrics commonly used to assess image quality. For example, the signal-
to-noise ratio (SNR) of an image is a measure of desired signal relative to the level of background
noise and peak-signal-to-noise ratio (PSNR) is a measure of the maximum signal relative to the level
of background noise. There are also quantitative metrics used to compare one image to another. For
example, mean error (ME) is the average error between a pixel (2D) or voxel (3D) in one image to its
corresponding value in the comparison image. Similarly, mean absolute error (MAE) is the average
absolute error value of pixel/voxel values between images. Root mean square error (RMSE) is the
standard deviation of the residuals and is commonly used as a measure of accuracy. Finally, structural
similarity index measure (SSIM) is a measure for quantifying similarity of structural information and
spatial distribution between images.

Mathematically, the mean error metrics to assess differences between imaging datasets can be
calculated at the pixel or voxel level. Letting N denote the total number of voxels shared in common
between source X and target Y and X;, Y; denote the intensity values of the i*" voxel of the respective

source and target then ME and MAE can be expressed as

1
E=23N,Y - X, (11)
1
MAE = 1341V, - X (12)

SNR, PSNR, RMSE, and SSIM are defined as

(k)
SNR = =%k, & (13)
PSNR = = 3:X_, 20logy, (722), where
MSE =~y (v — X(k)) and I,,, =22—1 (14)

26



— | Ly (p _ y0Y?
RMSE—\/N—kZi"lYi -X.) (15)

SSIM = (Zuxuy+c1)(20xy+c2) (16)

(u,zc+u32,+cl)(0,%+032,+cz)
where ug(k) is the mean of source X at slice k and u}(,k) is the mirror case for another source Y such that

the noise on slice k is given by the variable, 0¥, Oyy is the covariance of x and y, ¢; = (kyLnax)?,

¢y = (kylpay)?, ki =0.01, and k, = 0.03.
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Chapter 4 — MRI + CT for high accuracy SPR

Proton therapy is becoming an increasingly popular cancer treatment modality due to the proton’s
physical advantage in that it deposits the majority of its energy at the distal end of its track where the
tumor is located. Range estimation errors caused by the difference in kVCT x-rays and proton
interactions in matter can preclude the ability to utilize protons to their full potential. Applications of
MRI in radiotherapy have increased over the past decade and using MRI to calculate SPR directly
could provide numerous advantages. The purpose of this study was to develop a practical
implementation of a novel multimodal imaging method for estimating SPR and compare the results of
this method to physical measurements in which values were computed directly using tissue substitute
materials fabricated to mimic skin, muscle, adipose, and spongiosa bone. For both the multimodal
imaging method and physical measurements, SPR was calculated using the Bethe Bloch equation from
values of relative electron density and mean ionization potential determined for each tissue. Parameters
used to estimate SPR using the multimodal imaging method were extracted from Dixon water-only
and ("H) proton density-weighted zero echo time MRI sequences and CT, with both kVCT and MVCT
used separately to evaluate the performance of each. For comparison, SPR was also computed from
kVCT using the stoichiometric method, the current clinical standard. Results showed that our
multimodal imaging approach using MRI with either kVCT or MVCT was in close agreement to SPR
calculated from physical measurements for the four tissue substitutes evaluated. SPR values estimated
using our method for MRI and MVCT were within 1% of physical measurements and of comparable

or superior accuracy to the kVCT stoichiometric method for the four phantom tissue types studied.

4.1 Unified Compositions Model

There has been increasing interest in using MRI in radiotherapy due to its superior soft tissue contrast

compared to CT, and could potentially offer distinct advantages for proton dose calculation if able to
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directly provide SPR. A theoretical framework, named the Unified Compositions (UC) model, for
achieving this was described by Sudhyadhom® in which a parametrized model was introduced to
estimate the mean ionization potential (/,) in human biological tissue. Using this framework, a tissue
is categorized into three components, namely water, organic tissue, and mineralized bone with their
relative percentages determined predominantly through MRI. The goal of this work was to outline and
implement our multimodal imaging framework for the calculation of SPR at the voxel level through
the estimation of relative electron density and mean ionization potential. In this study, /,» was calculated
using the UC method, derived from the BAR as described below, and p. was determined from CT
imaging.

In the UC Model, human biological tissue is modeled using three general components: water,
organic, and mineralized tissues. Under this assumption, the mean ionization potential can be computed

on a per-voxel basis for the total material composing each voxel by translating Equation 10 to:

WH,0ZH,0 ( WorgZorg ) (WHAZHA )
————=—1In(I + ——=———=1In(I +—4=2—+21In(1
( AH,0 n( HZO) Yorg Aorg ( org) AHA (Ina)

Wtotal Ztotal (17)
Atotal

ln(lvoxel) = 5
total

where w, Z, A, and [ are parameters for water (H,O), organic (org), and mineralized (hydroxyapatite
(HA)) tissues.

In the original UC Model work, Equation 17 was simplified by assuming Z/A is identical for
all biological molecules in the body, at the expense of a slight loss of accuracy, particularly in situations
involving mixtures of water (Zu20/An20=0.56) with bony tissue (Zua/Ana=0.50). In this work, we were
able to retain this accuracy by computing Z/A separately for the three constituents of biological tissue
such that Znxo/Anz20 and Zua/Ana are constants defined above while Zorg/Aore and Ziotal/ Atotal Were
determined through a linear fit to their corresponding proton (hydrogen) densities. Using tabulated
values of Z/A and the organic constituent hydrogen density by mass (hog) for organic materials

composing human biological tissues*”®, Zo/Ao, Was expressed as a function of hog which can be
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determined through imaging as described below. Similarly, values of Ziswal/Atoral for all molecules
considered in human biological tissue was expressed as a function of total hydrogen density by mass
(htotal), Which can also be determined through imaging. Expressions for Ziotal/Atwtal and Zorg/Aorg as

functions of hetal and horg, respectively, are shown in Equation 18:

Ziot — 0502k, + 0.499; 229 = 0.490h,,, + 0.500 (18
g

Atot Aorg

Mean ionization potential values for the three constituents of biological tissue were found using the
same methodology as in the original work. Iy>0 and 4 are constants (75.3eV and 156.2¢V,
respectively®®) while I,,, was given through an exponential relationship between I, and organic
molecule hydrogen density by mass:

Lrg = A exp(Bhyg) (19)
The constants A and B are 93.23 and -3.47, respectively, while horg is determined through imaging as
described in section 4.2. Under these conditions, and assuming Y}; w; = 1, the mean ionization potential

per voxel is reduced to the following expression:

z z z
(WHZ 0% In (IH20)>+(1_(WH20 +WHA))(1n (A)-B-hgrg) (ﬁ)*’(WHAﬁln (IHA)>

Ztotal
Atotal

ln(lvoxel) = (20)

All variables in Equation 20 for computing 7, per voxel can be determined a priori except for wizo,
WHA, horg (used to compute Zorg/Aorg) and hiotar (used to compute Ziotal/ Atotal), Which can all be calculated

using the proposed multimodal imaging framework.

4.2 Multimodal imaging framework

Percent water wizo
The Dixon technique used is a simple gradient echo MRI sequence that has been well described for
separating water and fat '"H (proton) signals®' by exploiting the chemical shift between resonant

frequencies of fat and water in a magnetic field, using in-phase and out-of-phase signals to produce
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water-only and fat-only images. In theory, voxels in water-only images containing higher water content
will produce higher signal. In this study, percent water was determined by taking the ratio of a voxel
intensity value to the voxel of highest global intensity value.
Physical density and relative electron density
In the proposed framework, physical density is only used to determine percent hydroxyapatite (which
is then used to calculate /,,) and relative electron density is only used to calculate SPR. A calibration
curve was created relating HU values to physical density and relative electron density using the CIRS
tissue surrogate phantom with known density values. Although measurements of p. are typically
derived from kVCT for treatment planning purposes, MVCT may be superior to kVCT for
determination of electron density because MCVT HU values are largely independent of atomic number
due to Compton scattering being the predominant mode of photon interaction. For this study, both
kVCT and MVCT were used to assess and compare the accuracy of each. Physical and relative electron
density calibration curves derived for both kVCT and MVCT are shown in Figure 3.2.
Percent hydroxyapatite wr
In this study, CT imaging was used to determine wua using an assumed relationship between physical
density and calcium content derived from bone composition models as outlined by Zhou et al.®*.
Percent HA was determined using the fixed ratio of calcium mass to hydroxyapatite mass (39.9%).
Percent calcium was determined empirically from physical density estimated from CT determined by
a previous group, as shown in Equation 21,

Ca% = —4.796p> + 7.761p?* + 32.051p — 33.934 (21)
Proton (hydrogen) density hory and hiowr
A ZTE gradient-echo MRI sequence®® with TE<<T,, small flip angle, and short TR is (*H) proton
density weighted and can provide a reasonable approximation of the voxel total hydrogen content, with

higher image intensity values corresponding to higher total hydrogen content. Values of hia were
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determined by dividing the total hydrogen content per voxel (in units of volume) derived from ZTE
MRI by the physical density derived from CT, converting hear to per unit mass. Materials of known
hydrogen density including water, acetone, 92% (by volume) isopropyl alcohol, and propargyl alcohol,
were used to create a calibration curve relating image intensity to voxel total ("H) proton content as

shown in Figure 4.1%.
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Figure 4.1: Zero-echo time MRI hydrogen density calibration curve

Calibration curve relating ZTE image signal intensity and hydrogen density.

The organic molecule hydrogen density (hor) was determined by subtracting

the hydrogen content contributions from water (hy,,) and mineral (hy,), as

shown in Equation 22.
These materials were selected because they have a known ('H) proton density (ranging from 0.07 to
0.11) and span the hydrogen density range of tissue-mimicking materials evaluated in this study
(ranging from 0.09 to 0.11). Of note, this calibration curve is scanner and sequence parameter

dependent (including resolution) and should be performed separately for all scanners.

htot—(hHaAWHA+RH,0'WH,0) 22)
1-(WhH,0+tWHA)

horg -
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Figure 4.2: Multimodal imaging pipeline
Schematic illustrating the multimodal imaging pipeline used for
determination of SPR using the UC method.

The full multimodal imaging pipeline for determining SPR is depicted in Figure 4.2. MRI datasets
were acquired on a 3 Tesla scanner (MR750; GE Healthcare, Milwaukee, WI) using 3D acquisition
and 2mm slice thickness, with all images acquired using a transmit/receive quadrature birdcage-type
head coil. This type of head coil allowed for a highly homogenous signal acquisition® not requiring
specific compensation for B; inhomogeneities. The Dixon water-only image was acquired using flip
angle of 1°, TR of 3.77ms, and TE of 2.32ms and 1.12ms for the in-phase and out-of-phase images,
respectively. The ZTE scan was acquired using flip angle of 0.6°, TR of 1.34ms, and TE of 0.016m:s.
kVCT images were acquired on a Siemens Somatom scanner using 120kVp energy and 1mm slice
thickness. MVCT images were acquired on a TomoHD system using the 3.5MV energy MVCT beam

with fine pitch and Imm slice thickness reconstruction.
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4.3 Sensitivity analysis

The sensitivity of our SPR determination methodology was evaluated by calculating changes in /,, and
SPR due to variations in parameters measured using each imaging technique, specifically, HU (from
CT) and water fraction and hydrogen density (from MRI). Variations in physical density and relative
electron density were also separately used to assess the sensitivity of /,,and SPR on material density.
CT number variations of =5 HU were used for the model sensitivity analysis, which is the
recommended tolerance value for CT number accuracy of water and field uniformity provided by
AAPM Task Group Report 66 for simulator and treatment planning applications in radiotherapy®’.
Although HU tolerances typically vary with imaging energy and material, + 5 HU was considered
reasonable for the purposes of assessing model sensitivity for tissue substitutes used in this study.
Quantitative MRI is a developing field that has primarily focused on methods for more specific
tumor delineation, radiotherapy dose painting, interpretation of treatment response, and identification
of normal tissue toxicity®®®’. Unlike in CT, MR image intensity values do not correspond to physical
or electron density, i.e. a pixel value in MRI is relative to other pixel values and depends on several
factors related to material composition and scan parameters. A comprehensive investigation of
quantitative MRI is beyond the scope of this study; however, our model sensitivity was evaluated based
on perturbations of +10% hydrogen density and water content derived from ZTE and DIXON scans,
respectively. This accuracy range is consistent with results seen in this and prior work®, and considered

reasonable for the purposes of assessing model stability.

4.4 Results

Table 4.1 summarizes the results of each parameter used to calculate /,, using the multimodal imaging

framework for the four tissue substitutes evaluated.
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Table 4.1: Im calculation parameters
Tabulated values of parameters required for Im calculation estimated from
multimodal imaging (MRI, UC-kVCT and UC-MVCT) versus physical
measurements (PM).

Wi, o (%) Wia (%) hiot (%) horg (%) p (g/co)
6.5 (UC —kV) 10.9 (UC — kV) 5.9 (UC —kV) 1.05 (UC — kV)
91.5 (MRI)
Skin 11.4 (UC - MV) 10.3 (UC — MV) 5.4 (UC - MV) 1.11 (UC - MV)
75.0 % 0.15 (PM)
0+0.0 (PM) 9.4+0.02 (PM) 40+001 (PM)  1.06+0.002 (PM)
4.8 (UC_KV) I1.1 (UC —kV) 24.7(UC —kV) 1.03 (UC —kV)
83.9 (MRI)
Muscle 7.6 (UC - MV) 10.7 (UC — MV) 152(UC-MV)  1.06 (UC - MV)
74.8 +0.15 (PM)
0+0.0 (PM) 9.8+ 0.02 (PM) 57001 (PM)  1.04%0.002 (PM)
53 (MR 0.5 (UC—kV) 11.9 (UC —kV) 123(UC-kV) __ 0.97 (UC_kV)
Adipose ' 1.5 (UC — MV) 11.7 (UC - MV) 123(UC-MV)  0.98 (UC - MV)
46.8 = 0.09 (PM)
0+ 0.0 (PM) 120+0.02(PM)  12.840.03 (PM)  0.95%0.02 (PM)
175 (OMRD 15.8 (UC —kV) 9.6 (UC—kV) 11.4 (UC —kV) 1.16 (UC — kV)
Spongiosa ' 7.9 (UC—MV) 10.5 (UC —MV) 11.4(UC-MV)  1.06(UC —MV)
26.6 % 0.05 (PM)
12.840.03(PM) 9.0+ 0.02 (PM) 10.040.02(PM)  1.06 +0.002 (PM)

Wh2o estimated from the water-only Dixon MRI deviated from PM values by approximately 8.5%,
9.1%, 9.1%, and 16.5% for adipose, muscle, spongiosa, and skin, respectively. Wua was calculated
from physical density determined from CT, therefore all tissues evaluated using the multimodal
imaging method showed some amount of hydroxyapatite due to non-zero physical density. The average
Wiaa values estimated from kVCT differed from PM values by 0.5%, 3.0%, 4.8%, and 6.5% for
adipose, spongiosa, muscle, and skin, respectively while MVCT differed from PM values by 1.5%,
4.9%, 7.6%, and 11.4% for adipose, spongiosa, muscle, and skin, respectively. kVCT was more
accurate than MVCT in determining wna for skin, muscle, and adipose due to the higher accuracy in
calculating physical density values (used as a surrogate for determining calcium content) from kVCT
versus MVCT in these tissues. The average physical density estimated from kVCT was within 2% of
PM values for all tissues except spongiosa, which differed by 9.8%. The average physical density

estimated from MVCT was within 1.5% for muscle and spongiosa, but differed by 3.3% and 4.5% for
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adipose and skin, respectively. The average total hydrogen content (h:) estimated from ZTE MRI was
within 1.5% using physical density derived from both kVCT and MVCT. The average organic
hydrogen content (horg) was within 2% of PM values derived from both kVCT and MVCT, with the
exception of muscle, which deviated from PM values by approximately 20% for kVCT and 10% for
MVCT. The high deviation in ho values estimated for muscle are due to a single outlier phantom
which had a higher average wuzo value derived from the Dixon water image versus the other eight
containers containing muscle. Despite this outlier, results of /,, and SPR estimated for muscle (shown
below) retain accuracy due to the robustness of the multimodal imaging method, as demonstrated in
the sensitivity analysis of /,, and SPR described below.

Results of relative electron density, mean ionization potential, and relative stopping power ratio
computed separately for both kVCT and MVCT, along with SPR determined from the stoichiometric
method for comparison, are shown in Figure 4.3. Points falling on the diagonal line indicate a match

to physical measurements.
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Figure 4.3: Results of multimodal imaging framework

Results of relative electron density, mean ionization potential, and stopping
power ratios computed using kVCT (left) and MVCT (middle) compared to
physical measurements. SPR from stoichiometric method is shown for
comparison (panel g).

As expected, MVCT outperformed kVCT in determining relative electron density for all four tissues
studied (Figure 4.3a,b), with average values within physical measurements by 2.6% for kVCT versus
0.9% for MV CT. Average p. values differed from physical measurements by an average of 2.1%, 2.6%,
0.9%, and 2.2% for kVCT and an average of 0.3%, 0.2%, 0.9%, and 0.2% for MVCT in skin, muscle,

adipose, and spongiosa, respectively. kVCT outperformed MVCT in determining mean ionization
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potential (Figure 4.3c,d), with average values differing from PM calculations for kVCT by 2.9%, 0.4%,
3.4%, and 0.8% versus MVCT by 7.6%, 3.3%, 2.5%, and 7.2% for skin, muscle, adipose, and
spongiosa, respectively. Deviations in /,, values computed from MVCT are predominantly due to errors
in computing physical density as described above. Our multimodal imaging approach using both kVCT
and MVCT was in close agreement to physical measurement SPR values for all tissue substitutes
evaluated (Figure 4.3¢,f) and provided higher accuracy than the stoichiometric method (Figure 4.3g)
in the cases of adipose and spongiosa bone. Because SPR varies linearly with relative electron density
and logarithmically with mean ionization potential, MVCT provided higher accuracy SPR values than
kVCT due to the higher accuracy of MVCT for computing relative electron density. In skin, average
SPR values were within 2.0% from kVCT, 0.5% from MVCT, and 0.8% from the stoichiometric
method. In muscle, average SPR values were within 2.6% from kVCT, 0.3% from MVCT, and 0.3%
from the stoichiometric method. In adipose, average SPR values were within 1.0% from kVCT, 0.8%
from MVCT, and 3.6% from the stoichiometric method. In spongiosa bone, average SPR values were
within 2.2% from kVCT, 0.4% from MVCT, and 5.1% from the stoichiometric method.

Table 4.2: Sensitivity analysis
Tabulated values for the percentage change to I, and SPR from errors in
kVCT and MVCT of magnitude (+5 HU) and water content and hydrogen
density of magnitude (£10%).

KVCT (+ 5 HU) MVCT(+ 5 HU) witzo (£10%) heot (£10%)
In  SPR %oln %SPR Y%l %SPR Yol %SPR Yol %SPR
Skin 778 105 -020,020  -049,049  -035,1.18 -047,046 -176,1.77  -0.05,005  3.65,-3.80  0.01,-0.11

Muscle 765 104 -020,020  -0.50,0.50  -0.18,0.18  -0.45,045 -177,179  -0.05,005 3.70,-3.82  0.01,-0.11
Adipose 677 095 -0.18,-0.63 -052,036 -020,020 -0.52,0.52 -1.75,178  -0.05,005  3.77,-3.68  0.01,-0.11

Spongiosa 724 104 042,042  -0.16,0.16 -0.18,0.18 -044,044 -1.78,1.81  -0.05005 3.81,-3.69  0.01,-0.11

38



Table 4.3: Sensitivity analysis with density
Tabulated values for the percentage change to I, and SPR from errors in
physical density and relative electron density.

p (£10%) Pe (£ 10%)
In SPR %l %SPR %l %SPR
Skin 77.8 1.05 -3.73,3.43 -0.11, 0.09 0.0, 0.0 -9.54, 9.54
Muscle 76.5 1.04 -3.66, 3.34 -0.10, 0.09 0.0,0.0 -9.65, 9.65
Adipose 67.7 0.95 -3.76, 2.69 -0.11, 0.07 0.0, 0.0 -10.47, 10.47
Spongiosa 72.4 1.04 -3.66, 3.54 -0.10, 0.10 0.0,0.0 -9.58,9.58

Results of the model sensitivity analysis demonstrating changes in mean ionization potential and
stopping power ratios with variations in parameters estimated from CT HU, water fraction, and
hydrogen density are shown in Table 4.2. Variations in CT number of +5 HU resulted in changes to
I, of up to 1.2% and SPR of up to 0.5%, with similar overall trends between kVCT and MVCT HU
and subtle differences stemming from differences in their respective calibration curves. Variations in
water content of £10% led to changes in /,, of approximately +1.8% and SPR of approximately
+0.05%. With regards to parameters extracted from MRI, our model was more sensitive to variations
in hydrogen density than water content, with variations in hydrogen density of +10% leading to
changes in 7, of approximately +3.8% and SPR of approximately +0.1%. However, we found that the
ZTE sequence used in this study for determining hydrogen density was quite accurate, with hydrogen
density values well within 10% of physical measurements, as shown in the third column of Table 4.2.

Results of the model sensitivity with physical density and relative electron density are shown
in Table 4.3. In our SPR determination methodology, mean ionization potential is sensitive to physical
density uncertainties because physical density is used to calculate both mineral content (through
calcium content, as shown in equation 21) and hydrogen density, which are parameters used to compute
L. Variations in physical density led to changes in SPR only through changes in /,,, as physical density

is not a parameter used directly to calculate SPR. Relative electron density, on the other hand, is not
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used in determining /,, therefore had no impact on this parameter. However, because SPR scales
linearly with relative electron density (as shown in equation 9), variations of +10% in relative electron
density correlated with +10% variations in SPR. As HU values were independently fit to physical and,
separately, electron density, errors/uncertainties in the fitting of HU to either of these densities would
manifest in SPR calculation very differently than errors/uncertainties in the HU value itself (which

would affect both mass and electron density) as in Table 4.2.

4.5 Discussion

The proposed multimodal imaging framework provides improved accuracy in estimating stopping
power ratio. In the proposed methodology, MRI is used to estimate the water content using a Dixon
water-fat separation technique and hydrogen density using a ZTE technique. Either kVCT or MVCT
can be used to estimate physical density, hydroxyapatite content, and relative electron density, with
both modalities demonstrating accurate results of SPR.

Larger discrepancies in physical density values for spongiosa were seen for kVCT versus
MVCT. Differences in the spongiosa bone are more prominent than for the other tissue substitute
materials because the physical density of “standard” tissues are encoded into the calibration curves
and, for our phantom, the density of the spongiosa phantom differed from typical human spongiosa
bone. In practice, impacts of these differences may be seen in mineralized tissues which have a physical
density different than standard values for bone, for example, in cases of lower bone mineral density
such as osteoporosis. Notably, while this may be problematic if using kVCT, MVCT retains accuracy
of electron density even in cases of non-standard density tissues. Of note, the proposed technique using
a combination of MRI and MVCT provided results closer to physical measurements than the
stoichiometric method, which has been demonstrated to provide high accuracy in SPR for soft tissues

with composition close to water but reported to give errors in adipose of up to 3%°® and bone of greater
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than 3.5%%. With regards to hydroxyapatite composition, a potential solution to improve accuracy in
deriving wua from physical density could include a segmentation which differentiates soft tissue from
bone and setting non-bone wua values to zero. While more accurate methods of determining
composition are under investigation, an important advantage of the UC Method for determining mean
ionization potential is that the technique is robust to deviations in content of water, organic tissue, and
hydroxyapatite® as indicated by the accuracy in estimations of SPR using either kV or MVCT.
Intuitively, the robustness of the proposed technique appears to stem from the fact that data is being
characterized by its individual components of water, organic material, or hydroxyapatite, which are
extracted from the appropriate choice of imaging technique. For example, a water-specific MR scan
(as in this proposed work) provided the data for water composition, limiting the error for this
component to a relatively smaller set of possibilities relative to elemental/molecular composition and
thus /,,. The robustness of the SPR determination methodology was demonstrated in the sensitivity
analysis, with variations in CT number of +5 HU and variations in water content and hydrogen density
of +10% leading to changes of /,, within a couple percent and SPR within one percent. In contrast to
the findings by Paganetti'® for a kVCT-based stoichiometric calibration and SPR determination, our
methodology limits the error due to 7, to a sub-1% level with electron density errors now dominating
SPR determination.

Despite demonstrating improved accuracy in computing SPR with the proposed framework,
future investigations would provide further validation on the method’s accuracy. In particular, a final
validation of proton range accuracy of our methodology would necessitate proton irradiation of actual
tissues as imaging studies alone can provide significant though limited amounts of information.
Additionally, improvements to the imaging protocols utilized may provide increase accuracy. For
example, imaging pure water for quantitative analysis can cause errors in MRI. As shown in Figure

3.1c, the water container (center of phantom) does not produce the highest signal, likely due to the
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ultra-long T value of pure distilled water that would not be found biologically. In this study, tissue
percent water was calculated by taking the ratio of intensity values to the highest image signal intensity,
which was typically skin. Other methods that may result in more accurate water-fat separation (e.g.
multi-peak models) may be useful to investigate.””’> In general, the proposed methodology can be
applied to human biological tissues that exhibit similar physical characteristics to those provided in
Tables 7 and 8, though not all materials fall within these criteria. For example, the hydrogen density
of very dense bone is approximately 3-7%*, falling outside the hydrogen density range of calibration
materials used in this study (7-11%). To account for this, the calibration curve shown in Figure 4.1
would require additional calibration materials which span the full range of hydrogen density of
materials being evaluated. Furthermore, materials with both extremely short T>* values and high
hydrogen content (for example, plastic) may produce erroneous results in the ZTE MRI scan as the
short T>* value may result in very little signal intensity despite having high hydrogen content. Metal
implants commonly produce streaking artifacts and/or signal voids in both CT and MRI, posing
challenges in accurate characterization of quantitative parameters. An additional MRI source of
uncertainty for clinical implementation of this technique is signal uniformity and inhomogeneity. In
this study, scans were acquired using a quadrature birdcage type head coil known for its high signal
homogeneity, yet current MRI technology has developed away from these types of coils due to their
lower signal-to-noise ratio compared with multi-channel receive-only phased array coils. While there
exist numerous techniques (including the commonly used N4 technique’®) to compensate for this By
inhomogeneity, image-based corrections operate under a set of assumptions (specifically that
inhomogeneities are of low spatial frequency) with errors and biases occurring in situations outside of
those. While this study serves as a proof of concept in four tissue substitute materials, a comprehensive
investigation of the proposed methodology in non-biological and additional biological materials is

required prior to clinical implementation.
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A current limitation in the proposed framework stems from errors related to acquiring images
using multiple modalities, for example, MR-to-CT image registration errors and differences in
anatomical positioning of the patient between image acquisition. With perfect registration, we can
expect to achieve high accuracy SPR estimation. In non-ideal cases (particularly for sites outside of
the head/brain), we may expect that image registration errors between MR and CT are larger than those
seen in this work. Active areas of research are being pursued to provide a framework for MRI-only
dose calculation which would reduce the dependence/need for high-accuracy image registration. For
SPR dose calculation in particular, an MRI-only framework may be achievable if MRI could be used
to accurately quantify physical and electron density. Highly accurate MRI-only SPR calculation is
challenging for a number of reasons with there being specific challenges due to ultrashort transverse
relaxation time T»/T>* in bone. Techniques such as UTE and ZTE have been developed to image
materials with very short To/T>*,”*"> however, studies have indicated that while these sequences have
improved contrast in bone versus air, there are still instances of mislabeling®. Using calcium or
phosphorus MRI can, in theory, be used as a surrogate for HA content in mineralized tissues knowing
the chemical form of HA is Cas(PO4);(OH). However, the abundant isotope of calcium, *°Ca, has no
magnetic moment and is therefore not conducive to producing an MRI signal. Imaging the abundant
isotope of phosphorus, *'P, is currently an active area of research’®"® but has not been well established
on clinical systems and has limited spatial resolution. These methods, and others, are under
investigation and could potentially allow for the implementation of an MRI-only framework.

The proposed imaging methodology using MRI and MVCT has provided a proof-of-concept
for achieving sub-percent accuracy in the calculation of SPR for the four types of tissue substitutes
evaluated while assuming perfect image registration. While there are several potential sources of error
leading to the phenomenon of proton range uncertainty, the primary sources are those resulting from

the conversion of CT number to stopping power ratio, contributing about 2.5%'*!>. Reducing the beam

43



range uncertainty caused by this conversion from 2.5% to 1% would translate to a decrease in
additional margin of several millimeters for a treatment beam of moderate energy. Along with
decreased dose to healthy tissues, a practical application to this improvement would be in the selection
of beam angles, which are often chosen such that the distal range is not directed at a nearby critical
structure because the additional margins added to account for range uncertainty result in prohibitively
high dose to these structures. Reducing margins by several millimeters would potentially allow for

more optimal beam arrangements and a reduction in dose to nearby healthy critical structures.

4.6 Conclusion

We have demonstrated the methodology for improved SPR computation at the voxel level using the
proposed multimodal imaging framework. We were able synthesize several tissue substitutes and
compare results from our multimodal imaging framework to values computed directly from physical
measurements. Using MRI and MVCT, SPR values derived using our method were within 1% of
physical measurements and were more accurate than the stoichiometric method, which is currently the

clinical standard for SPR estimation.
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Chapter 5 — MRI to synthetic MVCT

Of the techniques used to generate synthetic CT from MRI, all have focused on the synthesis of CT
images acquired in the kilovoltage (70-140kVp) energy range®**’. In light of the advantages provided
by MV imaging for dose calculation and availability of MV hardware-equipped MRI-linacs, we
propose a clinical pipeline in which MRI-derived synthetic MVCT (sMVCT) be used for initial
treatment planning and the already present high-energy MV photon beam for online dose adaptation
on the MRI-linac. This paradigm shift would offer a solution that eliminates the need for kV imaging
systems for both initial treatment planning and online plan adaptation. Furthermore, undesirable
characteristics of MV imaging, such as low SNR and CNR, are less important if the CT scan is being
used purely for photon dose calculation rather than providing anatomical detail, as proposed in this
workflow. The aim of this study was to provide proof-of-concept for generating synthetic MVCT
images from MRIs using a 3D U-Net deep learning model and demonstrate the feasibility of our
proposed workflow whereby the MRI is utilized for anatomical delineation while the MRI-derived

sMVCT is used for radiotherapy dose calculation.

5.1 U-Net architecture and model

The dataset of 120 paired MRI-MVCT H&N images described in Chapter 3.3 was divided into an
80%-5%-15% train-validation-test split for the deep learning model with 18 test datasets. A deep neural
network based on a fully convolutional 3D residual U-Net architecture was implemented to map MR
images to SMVCT images as shown in Figure 5.1. Input to the model were volumetric patches
(64x64x32) generated from 100 paired MRI and MVCT datasets. The encoding path consisted of the
repeated application of two 3x3x3 convolutions, rectified linear unit (ReLU), group normalization, and

2x2x2 max pooling. The decoding path consisted of two up-sampling 3x3x3 convolutions, ReLU, and
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group normalization. Skip connections were used to feed outputs of encoding layers to corresponding

decoding layers to recover spatial information lost during down-sampling.
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Figure 5.1: U-Net architecture (MRI to sMVCT)
U-Net architecture used in this study. Input to the model were 3D Tyw MRIs
and output were 3D sMVCTs.

The U-Net was initialized with random parameters and trained for 100 epochs using the Adam
optimizer (initial learning rate 10*) on an objective that minimizes the MAE (Equation 12). In this
case for 3D MVCT HU maps and MRI-derived sMVCT HU maps, Equation 12 translates to a loss

function represented by Equation 23:
MAE = %ZIL-VZIIMVCT(L') — sMVCT (i)| (23)

where N is the total number of image voxels and MVCT(i) and sMVCT(i) are the i voxels in the
actual and synthetic MV CTs, respectively. Network and hyperparameter validation were performed on
the validation dataset. During validation, model optimization was run long enough to qualitatively
produce realistic SMVCT images and minimize the MAE between real and synthetized MVCT images
in the validation dataset. Model accuracy was evaluated on images in the test dataset that were withheld

during model training. The U-Net was implemented in PyTorch and trained on a single NVIDIA Titan
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RTX 24GB GPU using a batch size of 60. Training the U-Net model took approximately 120 hours

and reconstructing each 3D image dataset using the fully trained model took under 1 minute.

5.2. Evaluation of sMVCT images

Qualitative differences were assessed through visual side-by-side inspection of sMVCT versus MVCT
images. The qualitative factors evaluated included overall shape of the anatomy, similarity in tissue
contrasts, and the ability to distinguish air from bone, which remains an ongoing challenge in MR-to-
CT synthesis given that both manifest as signal voids in most MR images®'. Quantitative differences
were assessed in different tissue types by segmenting images into whole body, soft tissue, and bone
volumes. All images were masked to remove material outside of the patient, including air and setup
devices. The whole body was defined as all material within the mask, which covered tissues inside the
head-and-neck field-of-view for each patient. Within the whole body, the soft tissue volume was
defined as voxels in the -120 to 100 HU range. Within the whole body, the bone volume was defined
as voxels with HU value greater than 100 HU. For each tissue type, MAE (mean and standard
deviation) was calculated between SMVCT and MVCT images (equation 23). Mean error was also
computed and displayed as violin plots to visualize the error distribution for different tissue types in
test patient datasets.

Figure 5.2 shows Ti-weighted MRI, MR-derived synthetic MVCT, actual MVCT, and HU
difference maps for four example test datasets. Qualitatively, synthetic MVCT images have similar
contrast to actual MVCT images with structural details including interfaces between air, bone, and
tissue well preserved in the synthetic images. For example, bony regions between synthetic and actual
images are well correlated in the mandible (Figure 5.2a), skull (Figure 5.2b,c), and vertebral bodies

(Figure 5.2a,d). Structures containing air, such as the trachea (Figure 5.2a,d), were also well preserved.
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Figure 5.2: Results of MRI to synthetic MVCT

Axial slices of four representative Ti-weighted MRI, sMVCT, MVCT, and
HU difference map. All images are displayed using a range of 0 to 2000 for
visualization. Figures 11b and 11d are cropped due to limited field-of-view in
the MRI.

Across the 18 test patients, the MAE (mean + standard deviation) between sMVCT and MVCT
averaged over all voxels in the whole body, soft tissue, and bone volumes was 93.3 £27.5, 78.2 + 35.5,
and 138.0 £ 43.4 HU, respectively. Mean error between sMVCT and MVCT images are displayed in
Figure 5.3 for the four test patients used for radiotherapy treatment planning analysis (four left-most
panels), as well as the average error over all 18 test patients (right-most panel). As expected, error in

soft tissue volumes was the lowest while error in bone was highest for all test datasets.
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Figure 5.3. Violin plots of MRI to synthetic MVCT

Violin plots depicting the error in whole body, soft tissue, and bone voxels
between sSMVCT and MVCT in test patients 1-4 (four leftmost panels), in
addition to all error average over all 18 test patients (rightmost panel).
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Differences between sMVCT and MVCT images could occasionally be seen when the tissue
positioning or patient anatomy were different between the MRI and MVCT in our dataset, as shown in
Figure 5.4. For example, the top panel of Figure 5.4 shows changes in the nasal cavity filling while the
bottom example highlights differences caused by immobilization devices such as oral stents and

thermoplastic head-and-neck masks which are often used in radiotherapy but not in diagnostic MRI.
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Figure 5.4. Dataset limitation examples

Axial slices of two representative Ti-weighted MRI, sMVCT, MVCT, and
HU difference map for cases demonstrating limitations in the dataset
including anatomical differences and presence or absence of patient
immobilization devices as shown by the yellow arrows.

5.3 Treatment planning evaluation

Of the 18 test datasets, four representing a diversity of H&N sites including base-of-tongue, thyroid,
neck, and nasal cavity were used to generate radiotherapy treatment plans to assess dosimetric impacts
of using sMVCT images. Treatment planning was performed in RayStation (v.7.0 RayStation
Laboratories, Stockholm, Sweden) using 6MV photon coplanar volumetric modulated arc therapy
(VMAT) and an MVCT HU-to-electron density CT calibration curve for dose calculation. Contours
were copied from the original CT planning dataset to the co-registered MVCT and sMVCT datasets.
In cases where the MRI field-of-view was limited, contours were edited to be fully covered within the
external contour. Planned dose, organ-at-risk (OAR) constraints, and planning target volume (PTV)
coverage were reproduced based on the treatment plans used clinically for each patient. Dose was
normalized to 95% of the PTV receiving 100% of the prescription. Plans generated on the MVCT

datasets were recalculated onto SMVCT datasets using fixed plan parameters. Dose distributions for
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MVCT and sMVCT were compared by assessing several different clinically relevant dose-volume-
histogram (DVH) endpoints and the gamma index®* calculated at 3%/3mm and 2%/2mm locally at a
10% dose threshold.

Figure 5.5 shows example dose distributions calculated on actual and synthetic MVCT test
image sets across four different H&N sites. Dose volume histograms for the PTV and relevant OARs
are shown. Dose distributions are visually very similar between actual and synthetic CT images. The
majority of DVHs directly overlay each other, indicating very close agreement in dose distributions
between structures. The only exceptions were the PTV and eye structures of test patient #4, who was
treated to a tumor volume within the nasal cavity. Dose distribution disagreements in the PTV were
caused by tumor growth within the sinus cavity that occurred between MRI and MVCT image
acquisition. At the time the MRI was acquired (about three weeks prior to the MVCT) the tumor was
smaller, therefore, the MRI-predicted sSMVCT exhibited less tissue within the sinus versus the MVCT,
which can be seen in the bottom panel of Figure 5.5. Small dose distribution disagreements were also
seen in the eye structures for this patient because the eyes were relatively small structures directly
abutting the PTV, therefore their DVHs were especially sensitive to small deviations in dose

distributions between the MVCT and sMVCT.
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Figure 5.5. Dosimetric results

Axial dose distributions for base-of-tongue, thyroid, neck, and nasal cavity
treatment plans computed on actual MVCTs and synthetic MVCTs with
corresponding DVHs.

Table 5.1 shows results of gamma metrics calculated to compare sSsMVCT and MVCT dose
distributions using metrics of 3%/3mm and 2%/2mm. Although all gamma values were within the 90%
threshold typically used clinically for comparing dose distributions, investigating causes of lower
gamma values is helpful for identifying and understanding dosimetric impacts of using a synthesized
versus real image. For example, the lowest gamma values were seen in patients #2 and #4. In the case
of patient #2, minor dose disagreement was attributed to small differences in the tissue surface due to
the immobilization used for the MVCT but not MRI, which impacted this plan more than others due
to the location of the target volume being at the patient surface. Discrepancies in patient #4 were due

to changes in sinus filling as previously described.

52



Table 5.1. Gamma passing rates

Gamma passing rates between treatment plans computed with fixed plan
parameters onto sSMVCT and MVCT images and calculated using 10% local
dose threshold at 3%3mm and 2%/2mm.

3%/3mm 2%/2mm
#1 Base-of-tongue 99.3 98.3
#2 Thyroid 97.5 93.8
#3 Neck 99.9 99.6
#4 Nasal cavity 98.9 95.4

5.4 Discussion

Our results suggest that synthetic MVCT images can be generated from Ti-weighted gradient echo
MRIs using a 3D U-Net for H&N photon radiotherapy treatment planning. Synthetic MVCT images
predicted by the model exhibited similar qualitative features to real MVCT images. We measured
MAE values between sMVCT and MVCT across whole body, soft tissue, and bone volumes as 93.3 +
27.5, 78.2 £ 35.5, and 138.0 £ 43.4 HU, respectively, which is similar to deep learning approaches
previously reported for synthetic kVCT. For example, Gupta et al reported MAE values of 81.0 + 14.6,
17.6 £ 3.4, and 193.1 + 38.3 HU for all whole body, tissue, and bone regions, respectively, when
learning the relationship between Ti MR and kVCT®. For H&N-based MR-derived sCT specifically,
Wang et al reported MAE values of 97 + 13, 131 + 24, and 357 + 44 HU for soft tissue, whole body,
and bone, respectively, for T» MR to kVCT learning®. In a systematic literature review of synthetic
CT generation for MRI-only radiotherapy planning, voxel-based techniques using standard MRI
sequences yielded MAE results between 11-135HU and 91-99.9% gamma passing rate depending on
MR technique, body site, and gamma criteria®. Of note, all previous studies in this realm investigated
kV imaging, whereas our study investigated MV imaging. CT scans acquired at kV and MV energies
yield different HU values for higher density materials such as bone, where the bilinear kV and linear

MV CT calibration curves deviate from one another’®. For example, typical bony tissue with relative
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electron density of 1.2 will have HU values of ~400 in a kVCT and ~250 in an MVCT, which
contributed to why our MV approach yielded comparable or lower MAE values in bone relative to
prior kV approaches. In our work, dose distributions computed on synthetic images were very similar
to those computed on real MVCT images, with gamma metrics >97% and >93% when computed at
clinical thresholds of 3%/3mm and 2%/2mm, respectively. Our dosimetric results are similar to those
previously described in actual versus synthetic CT comparisons, with Gupta et al*> and Wang et al®
also demonstrating overlapping DVH curves for treatment plans calculated on actual versus synthetic
images.

While many studies have been performed to investigate the translation between MRIs and
traditional kVCT images for purposes of MR-only radiotherapy planning, this work is the first to
synthesize MVCT images from MRI. While MVCT has several advantages relative to its kV
counterpart, such as fewer beam hardening and streaking artifacts, these come at the expense of lower
SNR and CNR. Techniques have been implemented to minimize noise in MV imaging through

statistical methods®®%’

and deep learning approaches®®*’, however, reduced SNR and CNR inherent to
MYV imaging becomes less important if the CT scan is being used purely for photon dose calculation
rather than providing anatomical detail, as proposed in this workflow.

Our results indicate that high quality synthetic CT images can be achieved even when derived
from MR images acquired with some variability between scanners and acquisition parameters. A
limitation of this study was due to the diagnostic nature of the MR image datasets, which resulted in
different patient set-up and, oftentimes, a time delay between MR and MVCT acquisitions. Patients
being treated for H&N cancer are particularly susceptible to experiencing changes in weight and/or
tumor volume over the course of their treatment® "', suggesting that treatment planning images

should be acquired as close to the beginning of treatment as possible to avoid differences between

scans caused by anatomical changes in tumor volume, sinus filling, and/or weight. We anticipate these
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limitations will be largely mitigated through the utilization of radiation oncology-dedicated MR
scanners for initial treatment planning, which will consist of standardized acquisition protocols,
identical immobilization devices and patient setup as used for treatment, and a shorter time duration
between simulation and treatment (ideally no more than 1-2 weeks). To better distinguish between
bone and air, MRI protocols used for this purpose may include specialized techniques such as ultrashort
UTE or ZTE MRI which have been developed to image materials with ultrashort transverse relaxation

)"*">. Furthermore, using onboard MV imaging for online dose

time (e.g. bone and other solids
adaptation, as in our proposed future workflow, will mitigate issues caused by anatomical changes
occurring between original treatment planning images and onboard pre-treatment MRIs, eliminating
the need for co-registration of these datasets.

While adaptive radiotherapy planning using combined MRI and MVCT for photon
radiotherapy was the focus of this work, MVCT can also provide additional advantages in proton
radiotherapy. Range uncertainty remains an ongoing challenge in proton radiotherapy, with
uncertainties related to kV HU-to-SPR calibration curves necessitating additional treatment margins
on the order of 1-2% the proton range'®!”. In the energy range utilized for kV imaging acquisition,
photons interact primarily though the photoelectric effect which is highly sensitive to the material
molecular composition. For kVCT scans, the relationship between HU and electron density (to which
SPR is linearly related) is not one-to-one and can exhibit uncertainties as large as 7%2*°>%. In contrast,
the primary mode of photon interaction for high energy x-rays is Compton scattering, which is
predominantly dependent on electron density, resulting in a one-to-one relationship between HU and
electron density at higher energies®**. MVCT has been demonstrated to provide higher accuracy for

R*%2 and deriving stoichiometric HU-to-SPR calibration

mapping both electron density and SP
curves®’. When it comes to both CT image synthesis for treatment planning and adaptive planning in

proton radiotherapy, synthetic MVCTs may provide a more accurate alternative to synthetic kVCTs.
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The U-Net is one of the most popular architectures for image-to-image domain translation and
was used in this study to map MRI to synthetic CT using supervised learning”®®’. Other architectures
incorporating weakly-supervised and unsupervised learning, such as generalized adversarial networks
(GANs) and its variants (e.g. CycleGAN) have also demonstrated promising results for sCT

98,99

generation” ", though initial evaluations of deep learning methods for medical image synthesis suggest

that the supervised U-Net can achieve lower MAE, higher structural similarity, and higher peak signal-
to-noise than synthetic CT images provided by traditional image transformation networks'®.
Nevertheless, the method presented here is equally compatible with a GAN approach, which could be
implemented by adding an additional adversarial loss to the objective in Equation 23. Overall, it is
expected that the incorporation of additional loss components, modifications to the network backbone

(3D U-Net), and future developments within the rapidly evolving field of image-to-image synthesis

will further improve the results presented here.
5.5 Conclusion

In summarys, this study presents a novel technique of synthesizing MVCT images from Tiw MR images
using a deep learning U-Net model in a dataset of 120 patients treated for H&N cancer. MAE values
between sSMVCT and MVCT datasets were 93.3 +27.5, 78.2 £ 35.5, and 138.0 £ 43.4 HU for whole
body, soft tissue, and bone volumes, respectively. Dose distributions evaluated for four test cases
showed very close agreement between synthetic MVCT and actual MVCT images when evaluated
using DVHs and gamma dose metrics, which averaged to 98.9 + 1.0% and 96.8 + 2.6% analyzed at
3%/3mm and 2%/2mm, respectively. These results demonstrate the feasibility of using MRI-derived

sMVCT in an MR-only treatment planning workflow.
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Chapter 6 — kVCT to synthetic MVCT

In the treatment planning stage of radiation therapy, kVCT scans serve two main purposes: 1)
identification of normal and diseased tissues for contouring and 2) calculation of mass/electron
densities and/or stopping power ratio required for dose calculation. For the former purpose, kVCT
scans possess favorable characteristics in terms of soft and bony tissue contrast relative to noise and
imaging dose. For the latter purpose, kVCT may have greater uncertainty in the determination of
electron density and proton stopping power ratio. MVCT HU, on the other hand, exhibits higher
accuracy when mapping HU to p, and SPR. In terms of dose calculation accuracy, a methodology to
create a more accurate relationship between kVCT HU and electron density (in the case of photon
radiotherapy) or SPR (in the case of proton radiotherapy) would be ideal. In this study, we hypothesized
that deep learning can be used to improve the mapping between kVCT HU and p,, or SPR by converting
kVCT HU to synthetic images that inherently map these values more accurately.

In recent years, new image processing techniques have been developed to translate the
characteristics of one scan to mimic the characteristics of another. In particular, machine learning
techniques involving convolutional neural networks (CNNs) have grown in prominence and
popularity. Involving radiation oncology volumetric scans for dose calculation, two main use cases
have emerged: conversion of MR data to kVCT HU data'*!"'% for MRI-only radiotherapy planning and
improving the image quality of cone-beam CT (CBCT) images from kVCT data'*'°, Generally, these
deep learning techniques have found achievable errors in the range of 50-100 HU mean absolute error,
with results improving with incremental developments in machine learning technology. In both
discussed use cases, the imaging dataset that is being translated towards is fan beam kVCT HU. As
there does not exist a one-to-one relationship between single scan kVCT HU and electron density or

SPR, it is expected that translation of imaging data to synthesize kVCT HU will include any of the
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inherent electron density or SPR uncertainties in this process. As kVCTs exhibit more contrast and less
noise than MV CTs, we hypothesized that it was possible to accurately translate (through deep machine
learning) trends in HU values from kVCT to MVCT. In doing so, we anticipated that synthetic MVCT
images would naturally exhibit higher accuracy of electron density and stopping power ratio, thus
promising improvements for dose calculation accuracy. In this work, we report on the first known
application of deep machine learning to reduce uncertainty in the relationship between kVCT HU and
p. and SPR through learning of MVCT HU data. Through this learning, we are able to show the
differences/uncertainties in p, and SPR as calculated by kVCT HU compared with those calculated by
sMVCT/MVCT HU.

After creation of the CycleGAN machine learning model, the clinical workflow proposed
through this work requires only subsequent kVCT data for the conversion to sMVCT data, potentially
alleviating the need for a MVCT machine or scan. In this workflow, we propose that the original
kVCT images, with the high contrast and low noise intrinsic to kV imaging, be leveraged for
localization and contouring of normal and diseased tissues while the SMVCT generated from the

machine learning model be used for dose calculation in the background, as shown in Figure 6.1.
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Figure 6.1. Workflow for kVCT to synthetic MVCT

The proposed clinical workflow requires a single kVCT scan, which is
subsequently used for contouring and localization (top panel) and converted
into a SMVCT using the machine learning model for dose calculation (bottom
panel).

6.1 Evaluation of tissue-mimicking phantom

To motivate and demonstrate the increased accuracy of p, and SPR provided by MVCT over kVCT,
the in-house tissue-mimicking phantom described in Chapter 3.1 was used to compare physical
measurements of p, and SPR with those determined from kV and MV CT imaging. Results of relative
electron density and stopping power ratio for the four tissue-mimicking phantoms that were measured
and calculated through kV and MV CT calibration curves described in Chapter 3.5 are shown in Table

6.1. Percent differences between kV and MV imaging and physical measurements (% diff) are also

shown.

Table 6.1. MVCT and kVCT values for synthetic tissue phantom

Results of p, and SPR values calculated using the kV and MV CT calibration

curves for skin, muscle, adipose, and spongiosa tissue mimicking phantoms.

Relative electron density (g/cc) SPR (115 MeV)
Measured kVCT (% diffy) MVCT (% diff) Measured kVCT (% diffy MVCT (% diff)

Skin 1.048£0.002  1.026 (-2.10) 1.051 (0.29) 1.049+0.002  1.055(0.62) 1.052 (0.29)
Muscle 1.036£0.002  1.009 (-2.61) 1.038 (0.19) 1.036£0.002  1.038(0.13) 1.037 (0.11)
Adipose 0.955+0.002  0.947 (-0.84) 0.963 (0.84) 0.953+0.002  0.978 (2.58) 0.970 (1.70)
Spongiosa 1.044+0002  1.067 (2.20) 1.042(-0.19)  1.044£0.002  1.090 (4.38) 1.042 (-0.22)
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Electron density values computed using MVCT were within 0.29%, 0.19%, 0.84%, and -0.19% versus
those computed using kVCT of -2.10%, -2.61%, -0.84%, and 2.20% for skin, muscle, adipose, and
spongiosa, respectively. In the case of stopping power ratio, both kVCT and MVCT provided accuracy
to within 1% for skin and muscle tissues. In the case of adipose, physical measurements of SPR differed
by 2.58% for kVCT and 1.70% for MVCT. In the case of bone, SPR values computed with MVCT
were within 0.22% of physical measurements while kVCT deviated by more than 4%.

6.1 CycleGAN architecture and model

In this study, a generative adversarial network'> (GAN) of CNNs was used to automatically translate
between kVCT and MVCT images. The CycleGAN'"" machine learning model consists of a pair of
parallel opposed GANS to learn the relationship from image X to image Y (i.e. MVCT to kVCT) and
from image Y to image X (i.e. kVCT to MVCT). Figure 6.2 provides a view of the CycleGAN loss
architecture for one of the GAN pairs. These two GANs work in opposition to each other to generate
and detect increasingly more accurate fake images. The role of the generator is to generate data that
as closely as possible matches the real data while the discriminator’s role is to accurately distinguish
between real and “fake” generator produced data. In general, the roles of the generator and
discriminator are in competition with each other as the generator learns to produce increasingly realistic
images that the discriminator learns to distinguish as “fake” for the purpose of model improvement.
The learning of both GANs are coupled with a cyclic loss which penalizes the degree to which the
composed forward and backward transformation varied from the identity function. If G: X — Y is the
generator producing kVCT images from MVCT images and F:Y — X is the generator producing

MVCT images from kVCT images, then the cyclic loss can be written as
1
Lcyc = ﬁ {V:l”F(G(xl)) - xi||1 + ||G(F(yl)) - yi”1 (24)
where ||-]|; is the L1 norm of a vector, x; is an MVCT training example, and y; is a kVCT training

example.
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Figure 6.2 (courtesy of Luciano Vinas®®). Loss architecture of CycleGAN
Loss architecture for the X data-type generator and discriminator. Loss
architecture for the Y type generator and discriminator is a mirror image but
with X and Y switched.

The CycleGAN deep learning algorithm was implemented in PyTorch using Zhu et al’s architecture'®.
The generators consisted of a U-Net architecture with a 2x2 bottleneck and the discriminators consisted
of a four-layer PatchGAN as described work previously published by our group®®. Our model was
trained using the Adam optimizer with a learning rate of 0.00025, 1 of 0.5, and € of 1.0 x 10°®. Training
was run for 210 epochs as it was found, during validation, that going past this point negligibly improved
generator expressivity while adding to adversarial noise and potential overtraining. Skip connections
between encoding layers and corresponding decoding layers were used to recover spatial information lost
during down-sampling. Our methodology is analogous to prior CycleGAN machine learning studies of
CT and on-board treatment machine CT imaging'®'%. The U-Net architecture used for both is

visualized in Figure 6.3.
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Figure 6.3. U-Net architecture (kVCT to sMVCT)

Schematic diagram of the U-Net 256 generator architecture used in this work.
This figure shows the image transformation pipeline from kVCT to sMVCT
image.

6.2 Evaluation of in vivo sSMVCT images

CycleGAN machine learning of kVCT images to MVCT images was used to learn the relationship
between kVCT HU and MVCT HU using the H&N database of 120 images described in Chapter 3.3.
100 paired kVCT-MVCT image datasets were used for training and validation while 20 datasets were
used for testing. During final conversion and analysis, data were rescaled back to HU and then
converted to electron density and stopping power ratio using the linear piecewise interpolations of
calibration data shown in Figures 3.2 and 3.4, respectively.

Patient kVCT and sMVCT data (HU, p, , and SPR) were compared with MVCT data as the
reference. Figure 6.4 shows exemplar images for kVCT HU, sMVCT HU, MVCT HU, and difference
heatmaps of kKVCT HU and sMVCT HU compared to MVCT HU for four different subject scans from
the test group. In the difference heatmaps (two rightmost columns), there exhibits some trends in value
differences between different tissue types. As expected from the tissue mimicking phantom results,
bony tissues exhibit the largest difference between kVCT and MVCT, with kVCT images exhibiting

higher HU values than those exhibited by corresponding MVCT images, leading to an overestimation
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of electron density and SPR values mapped from its CT calibration curve. Overall, there appears to be
learning of some characteristics of MVCT images beyond its tissue-independent relationship to
electron density. sSMVCT images exhibit increased noise compared with equivalent kVCT images, an
unintended consequence of the learning process.
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Figure 6.4. Results of kVCT to synthetic MVCT

Exemplar images from four different subject scans of kVCT HU (1st column),

sSMVCT HU (2nd column), MVCT HU (3rd column), and HU difference heat

maps for kVCT versus MVCT (4th column) and for sMVCT versus MVCT

(5th column). The HU scale used in the difference maps is shown on the right.
Within the 20 test patient datasets, additional analysis was completed to assess the changes that
occurred through the deep learning sSMVCT creation process. Tissue segmentation was implemented

to compare electron density and stopping power ratio accuracy for soft tissue and bony tissue at

standard HU thresholds. A total of three tissue masks were created from the kVCT data: a body mask,
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a bony tissue mask, and a soft tissue mask. The body mask was created by truncating all HU values
less than -400 and then segmenting the different connected regions. The largest of these connected
regions was defined to be the body region and refined to a mask through a binary fill operation which
preserved any cavities (including nasal and sinus cavities) as well as the lungs of the body. All voxels
inside the body mask with HU values greater than 150 HU were considered to be part of the bony
tissue mask. The set subtraction between body mask and bony tissue mask produced the soft tissue
mask. ME, MAE, SNR, PSNR, MSE, RMSE, and SSIM (equations 11-16) were computed to assess
differences between the imaging datasets were calculated at the voxel level.

Quantitatively, similar trends can be seen between kVCT/sMVCT HU and MVCT HU values
as seen in qualitative results shown in Figure 6.4. A summary of similarity metrics between kVCT HU,
sMVCT HU and MVCT HU are presented in Table 6.2. Following CycleGAN learning, sMVCT HU
values were markedly more similar to MVCT HU values than kVCT values. In particular, mean ME
and RMSE HU values improved for both soft tissue and bone with the largest improvement in bone.
MAE HU values did not numerically show this same improvement with only bone MAE HU between
sMVCT and MVCT showing a large decrease. A potential reason for MAE values not improving may
be due to the large amount of noise inherent in MVCT and sMVCT scans. To assess the contribution
of noise on MAE, the voxel MVCT HU data of a center ROI within a uniform water container was
measured and the data fit to a Gaussian distribution (R* = 0.96) with standard deviation of 55 HU.
Assuming a Gaussian distribution for the soft tissue/water CT noise, the MAE due to only CT noise
would then be equivalent to the mean of a half-normal distribution, oV2/vm. For an MVCT HU
Gaussian noise distribution of 55 HU (1), the lowest achievable MAE would then be 44 HU assuming
only noise. While the kVCT scans do not possess significant noise (< 10HU for 15), sMVCT scans

will attempt to mimic both the contrast and noise profile of MVCT scans. To assess the noise properties

of these synthetic scans, SNR values for kVCT and sMVCT divided by the respective MVCT SNR
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values were calculated and tabulated in Table 6.2. Generally, kVCT SNR values were roughly an order
of magnitude higher than MVCT SNR values. sMVCT SNR values were similar (albeit slightly lower)
to MVCT SNR values. Thus, the lowest achievable MAE for two scans with MVCT like noise (in soft
tissue/water) rises to 62 HU assuming uncorrelated noise between the scans. In both cases, noise would
be a dominant contributor to MAE values with a noisier sSMVCT (relative to kVCT) potentially

overshadowing improvements.

Table 6.2. Similarity metrics for kVCT and sMVCT (versus MVCT).

kVCT sMVCT (CycleGAN)
ME soft tissue (HU) 11 2
ME bone (HU) 327 3
MAE soft tissue (HU) 66 61
MAE bone (HU) 340 97
RMSE soft tissue (HU) 118 105
RMSE bone (HU) 270 160
ME soft tissue (p,) -0.012 (1.2%) -0.0035 (0.35%)
ME bone (p,) 0.057 (3.8%)  0.0020 (0.13%)
MAE soft tissue (p,) 0.057 0.057
MAE bone (p,) 0.099 0.095
RMSE soft tissue (p,) 0.16 0.10
RMSE bone (p,) 0.35 0.13
ME soft tissue (SPR) 0.030 (3.0%)  0.0024 (0.24%)
ME bone (SPR) 0.106 (7.0%)  0.0024 (0.16%)
MAE soft tissue (SPR) 0.068 0.062
MAE bone (SPR) 0.131 0.106
RMSE soft tissue (SPR) 0.11 0.11
RMSE bone (SPR) 0.16 0.16
SNR vs MVCT SNR soft tissue (ratio) 9.1 0.95
SNR vs MVCT SNR bone (ratio) 11.1 0.95
SSIM 0.856 0.862
PSNR 25.8 29.8

A heatmap plot of HU, p,, and SPR values at each voxel in a given kVCT or sMVCT scan were

plotted against corresponding values at the same voxel in the equivalent MVCT image as shown in
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Figure 6.5. Within this type of plot, the ideal correlation of the two scan’s HU values would be along
a 45° diagonal line. In reality, differences in patient positioning and anatomy between the two scans
along with intrinsic voxel level specific noise creates a spread away from this line even if there were

no inherent systematic differences in HU values.
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Figure 6.5. Heatmap plots

A heatmap plot of HU (left-most column), p,, (middle colum), and SPR (right-
most column) values at each voxel in a given CT scan plotted against HU
values at the same voxel in a different CT scan for kVCT vs MVCT (top row)
and b) sSMVCT vs MVCT (bottom row). Grey scale values were plotted on a
log scale with numbers of voxel. The dotted blue diagonal line in each panel
represents a 45° reference line. The solid red line represents a linear fit of the
bone data between the two image sets. In the lower righthand corner of each
panel is an inset image of the -200 to 200 HU, 0.8 to 1.2 p, values, and 0.8 to
1.2 SPR values expanded for greater clarity.

As predicted, the relationship between kVCT HU and MVCT HU (as in Figure 6.5a) is non-linear with
what appears to be at least 3 distinct regions with differing slopes: 1) low density tissues, 2) soft tissues,

and 3) bony tissues. For the bony region, the deviation away from the reference line is about 19° (shown
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as a solid red line in the figure). Qualitatively, the relationship between kVCT HU and MVCT HU
resembles that of the kVCT calibration curve from Figure 3.2. In Figure 6.5d, sSMVCT HU value are
plotted against MVCT HU values and appear to agree closely with one another, as indicated by the
coincidence between red and blue lines, demonstrating that kVCT HU can be mapped to a
corresponding sSMVCT HU map that agrees well with MVCT HU. In the bony region, the deviation
away from the reference line is minimal (< 1°) relative to the 19° deviation seen for kVCT images, and
is shown as a solid red line in the figure. The overall trend in the data is consistent with there being an
atomic number dependent effect, as in vivo tissues with higher Z will exhibit a higher HU on kVCT
and a lower HU on MVCT.

HU values from each kVCT or MVCT scan were converted to p, with the HU-to-electron
density calibration curve depicted in Figure 3.2. Heatmap plots of p, (Figure 6.5, middle column) at
each voxel in a given kKVCT or sMVCT scan were plotted against corresponding p, values at the same
voxel in the analogous MV CT scan (equivalent slice). In Figure 6.5b (middle, top), we see noticeable
differences between p, values of kVCT versus MVCT. Specifically, p,(kVCT) values differ from
p.(MVCT) the most for higher density bone with this deviation appearing to increase with increasing
electron density values. Quantitatively, soft tissues with p, between 0.95 and 1.05 exhibited an average
deviation away from the 45° reference line of < 0.01. For higher density tissues, there appears to be a
large jump in the average deviation away from the 45° reference line. In the bony region, the red fit
line in Figure 3.3b shows a 7° deviation away from the 45° reference line as p, increases. ME values
(tabulated in Table 6.2) between p,(kVCT) and p,(MVCT) were -0.012 (1.2%) for soft tissues and
0.057 (3.8%) for bone. MAE values (tabulated in Table 6.2) between p,(kVCT) and p,(MVCT) were
0.057 for soft tissues and 0.099 for bone. RMSE values (tabulated in Table 6.2) between p,(kVCT)

and p,(MVCT) were 0.16 and 0.35 for soft tissue and bone, respectively. In Figure 6.5¢, p, (sSMVCT)
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values were plotted against p, (MVCT) values, representing the ability of the developed CycleGAN
machine learning model to accurately convert kVCT scans to synthetic MVCT scans. As expected,
there is uniform and marked improvement in the alignment of p, (sSMVCT) values with p, (MVCT)
values. The heatmap, as a whole, appears to better align with the 45° reference line than in Figure 6.5b.
In the bony region, the red fit line in Figure 6.5b shows a < 1° deviation away from the 45° reference
line. Quantitatively, average deviations of p, from the 45° reference line were all < 0.01. ME values
(tabulated in Table 6.2) between p,(sMVCT) and p,(MVCT) were considerably lower at -0.0035
(0.35%) for soft tissues and 0.0020 (0.13%) for bone. MAE values (tabulated in Table 6.2) between
Pe(sMVCT) and p,(MVCT) were 0.057 for soft tissues and 0.095 for bone. RMSE values (tabulated
in Table 6.2) between p,(sMVCT) and p,(MVCT) improved, relative to p,(kVCT), to 0.10 and 0.13
for soft tissue and bone, respectively.

HU values from each kVCT or MVCT scan were converted to SPR with the HU-to-SPR
calibration curve depicted in Figure 3.4. Heatmap plots of SPR (Figure 6.5, right column) at each voxel
in a given kVCT or sMVCT scan were plotted against corresponding SPR values at the same voxel in
the analogous MVCT scan (equivalent slice). In Figure 6.5c (right, top), we see noticeable differences
between SPR values of kVCT versus MVCT. Specifically, SPR (kVCT) values differ from SPR
(MVCT) the most for higher density bone with this deviation appearing to increase with increasing
SPR values. Quantitatively, soft tissues with SPR between 0.95 and 1.05 exhibited an average deviation
away from the 45° reference line of < 0.01. Similar to the trends seen for p,, for higher density tissues
there appears to be a large jump in the average deviation away from the 45° reference line. In the bony
region, the red fit line in Figure 6.5b shows a >5° deviation away from the 45° reference line as SPR
increases. ME values (tabulated in Table 6.2) between SPR (kVCT) and SPR (MVCT) were 0.030

(3.0%) for soft tissues and 0.106 (7.0%) for bone. MAE values (tabulated in Table 6.2) between SPR
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(kVCT) and SPR (MVCT) were 0.068 for soft tissues and 0.131 for bone. RMSE values (tabulated in
Table 6.2) between SPR (kVCT) and SPR (MVCT) were 0.11 and 0.16 for soft tissue and bone,
respectively. In Figure 6.5f, SPR (sMVCT) values were plotted against SPR (MVCT) values,
representing the ability of the developed CycleGAN machine learning model to accurately convert
kVCT scans to synthetic MVCT scans. As expected, there is uniform and marked improvement in the
alignment of SPR (sMVCT) values with SPR (MVCT) values. The heatmap, as a whole, appears to
better align with the 45° reference line than in Figure 6.5c. In the bony region, the red fit line in Figure
6.5b shows a < 1° deviation away from the 45° reference line. Quantitatively, average deviations of
SPR from the 45° reference line were all < 0.01. ME values (tabulated in Table 6.2) between SPR
(sMVCT) and SPR (MVCT) were considerably lower at 0.0024 (0.24%) for soft tissues and 0.0024
(0.16%) for bone. MAE values (tabulated in Table 6.2) between SPR (sMVCT) and SPR (MVCT)
were 0.062 for soft tissues and 0.106 for bone. RMSE values (tabulated in Table 6.2) between SPR

(sMVCT) and SPR (MVCT) were 0.11 and 0.16 for soft tissue and bone, respectively.

6.3 Evaluation of anthropomorphic head phantom

To independently verify the accuracy of bone electron density and SPR of kVCT, MVCT, and synthetic
MVCT images produced by the developed CycleGAN model, electron density and SPR were analyzed
in the anthropomorphic head phantom described in Chapter 3.2 and shown in Figure 6.6. kVCT and
MVCT images were acquired of the head phantom using the same protocols as described for the in
vivo data. The kVCT data was run through the CycleGAN model to generate a synthetic MVCT scan.
Bone was segmented using intensity-based thresholding in the kVCT and copied to the co-registered
MVCT and sMVCT datasets. HU values (mean and standard deviation) for cortical bone were

extracted and mapped to corresponding p, and SPR values using the CT calibration curves shown in
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Figures 3.2 and 3.4, respectively. Values of p, and SPR estimated from kVCT, MVCT, and sMVCT
were compared to the physical measurements tabulated in Table 6.3.

Figure 6.6 shows exemplar images for kVCT HU, sMVCT HU, MVCT HU, and difference
heatmaps of kVCT HU and sMVCT HU compared to MVCT HU for axial planes at the level of the
jaw and skull for the anthropomorphic head phantom. Qualitatively, trends seen in the head phantom
were similar to in vivo data, where the largest differences were seen between kVCT and MVCT in
bony tissues. As expected, kVCT images exhibited higher HU values than those obtained from
corresponding MVCT images, leading to an overestimation of electron density and SPR. sMVCT
images, on the other hand, appeared qualitatively more similar to MVCT images, as shown in the 5"
and 6™ columns of Figure 6.6. While the HU distribution of the sSMVCT is more similar to MVCT than
the kVCT is, there remains some level of overestimation of the sSMVCT HU values that exists in the
anthropomorphic phantom results but not the in vivo results. Because the model was trained on in vivo
data, it may not be ideally suited for phantom studies despite the bone material being reasonably

mimicking of in vivo bone composition and density.
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Figure 6.6. Anthropomorphic head phantom results

Exemplar images of the anthropomorphic head phantom (1% column) imaged
using kVCT (2" column), sSMVCT HU (3" column), MVCT HU (4™ column),
and HU difference heat maps for kVCT versus MVCT (5" column) and
SMVCT versus MVCT (6™ column) shown at axial levels of the skull (top
row) and jaw (bottom row). The HU scale used in the difference maps is
shown on the right.
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Quantitative results of relative electron density and stopping power ratio calculated from physical
measurements and estimated through kV and MV CT calibration curves for bone material in the
anthropomorphic head phantom are shown in Table 6.3. Percent differences between kV and MV
imaging and physical measurements (% diff) are also shown.

Table 6.3: MVCT and kVCT values for anthropomorphic head phantom
Values of relative electron density and stopping power ratio derived from
physical measurements of bone phantom versus kVCT, MVCT, and sMVCT

imaging.
Relative electron density Stopping power ratio (115 MeV)
kVCT MVCT sMVCT kVCT MVCT sMVCT
Measured Measured
(% diff) (% diff) (% diff) (% diff) (% diff) (% diff)
Bone
1.167+0.10  1.122£0.13 1.131+£0.20 1.198 £0.09  1.139+0.11 1.147£0.17
(Head 1.12 1.13
(4.16%) (0.18%) (0.98%) (6.05%) (0.80%) (1.50%)
Phantom)

These results were consistent with those seen in the tissue mimicking phantom. Electron density values
of the bone computed from kVCT images deviated from physical measurements by 4.16%. This
deviation decreased to 0.18% and 0.98% when estimated from MVCT and sMVCT, respectively.
Stopping power ratio values of the bone computed from kVCT images deviated from physical
measurements by 6.05%. This deviation decreased to 0.80% and 1.50% when estimated from MVCT
and sSMVCT, respectively.

6.4 Discussion

The relationships between kVCT HU and p, or SPR have historically been modeled as piecewise
linear. In reality, the relationships between kVCT HU and p, or SPR are more complicated due to the
intrinsic non-linearity and no explicit one-to-one relationship between these values when imaged at kV
energies. In this manuscript, we used a tissue mimicking phantom to demonstrate that higher accuracy

mapping between HU to p, or HU to SPR can be achieved when using MVCT instead of kKVCT. We
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then used a method to empirically learn the relationship between kVCT HU and MVCT HU through
CycleGAN deep learning. In doing so, we intrinsically linearize and improve the accuracy of the
relationship between kVCT HU with p, and kVCT HU with SPR through an MVCT surrogate. Finally,
the cycleGAN model was independently validated in an anthropomorphic head phantom containing a
tissue mimicking human bone material.

For in vivo data, the p, value differences between the two scans (kVCT and MVCT) were
spatially and organ/tissue dependent with ME values of 0.012 (1.2%) and 0.057 (3.8%) for soft tissue
and dense bone, respectively. The p, values for tissues with high water content (such as orbits and
parotids) exhibited little change in p, (< 0.01) from kVCT to sMVCT with p, values being close
(within 0.005) to the expected value of 1.0 in both cases. It is possible that because liquid water was a
material used for generating CT calibration curves that these exact HU to p, and SPR relationships
may have reduced uncertainty associated with them. Similarly, subcutaneous fat tended to have, on
average, subtle changes in p, (< 0.01) from kVCT to sMVCT. In contrast, a significant portion of soft
tissues/organs with higher protein levels such as skin exhibited relatively larger negative changes in p,
of about -0.03 (from kVCT to sMVCT). For kVCT HU > 0, we see that there is greater uncertainty in
the relationship between kVCT HU and p, (as in Figure 6.5b) and kVCT HU and SPR (as in Figure
6.5c) with increasing non-linearity in this region in both curves. Similarity metrics (shown in Table
6.2) for ME, MAE, RMSE, SNR, PSNR, and SSIM showed overall improvements in agreement with
MVCT compared with initial kKVCT. In our work, SSIM and PSNR values were found to be 0.862 and
29.8, respectively. Our unpaired results are comparable to the work of Liang et al'®® who achieved 0.85
and 30.65 for SSIM and PSNR, respectively, for kV cone-beam CT to kVCT image translation.

In this study, we used a tissue mimicking phantom to evaluate the accuracy in predicting
pe/SPR from MVCT HU conversion compared to kVCT HU conversion. For all tissue mimicking

phantom materials examined in this work, MVCT derived p,/SPR values agreed with physical
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measurements to within 1%, with the exception of SPR in adipose which differed by 1.7%. While still
more accurate than kVCT derived SPR (which differed by 2.58%), both kV and MV SPR errors were
higher than their corresponding p, errors. In the Bethe-Bloch equation there are only two parameters
that are tissue specific: p, and 7,. In cases where p, is accurate but SPR is inaccurate, there is the
implication that uncertainties in 7, are the cause. In our prior work using the same tissue mimicking
phantom®®, stoichiometric calibration curves were created using 7, values published in 1982%. More
recently, I,, values optimized for use with the Bragg additivity rule were published by Bir et al** and
differed from previous values by ~3% in adipose tissues and ~4.5%. This work demonstrated that
outdated 7, values may lead to overestimation of range uncertainty and should be reassessed in clinical

practice. This finding is consistent with the work of Paganetti et al’’

which reported that /,, was a major
contributor to the uncertainties in SPR determination, with uncertainty of /,, values lowering the
achievable accuracy of CT derived SPR.

In bony tissues specifically, we see the greatest amount of differences in kVCT relative to
MVCT. In the spongiosa bone phantom, errors in p,/SPR values were reduced from 2.20%/4.38% to
0.19%/0.22% for kVCT and MVCT, respectively. These findings are also in line with the bony tissue
errors found in the anthropomorphic head phantom whereby p,/SPR values significantly improved in
accuracy from kVCT to sMVCT. This finding is consistent other groups who have investigated the
uncertainty in proton therapy dose calculation due to kVCT-based SPR predictions, whereby they
found that SPR in bone exhibited greater uncertainty than SPR in soft tissue'’. It is also in line with
our group’s finding®® that ambiguities in bony tissue elemental and molecular composition relative to
nominal tissue compositions would lead to greater uncertainties in the prediction of p, and SPR based
on the conversion of kVCT HU. As this error/uncertainty in bone is systematic and increases with

p./SPR, it is possible that the composition of the bone tissue surrogate materials may not closely mimic

that of our subject population. As adults age, there is an age dependent bone change that results in
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t''% potentially accounting for this difference.

increasing mineral content with decreasing protein conten
Additional possible explanations for the large difference between kVCT and MVCT predicted p, and
SPR may be due to a systematic bias in the overall elemental composition of the bone tissue surrogate
used in our study. In the work of Woodard and White!!!, they found that bone composition varies

I further showed that even within just cortical bone, the

significantly across bone type. White ef a
composition varies across age. Within the reference material provided by tissue surrogate
manufacturer, it is noted that the cortical bone reference is based on ICRU 44°°. It is likely that the
bone composition of tissue surrogates is compositionally different in terms of atomic composition from
adult cancer patient head and neck bones, and possibly biased towards the composition of other bones
in the body or for other age groups.

Uncertainties in SPR are especially important for charged particle therapies such as proton
therapy, where the particle range uncertainty is directly proportional to the SPR uncertainty. For the in
vivo human data, we showed that kVCT SPR on average deviated from MVCT SPR by 0.030 (3.0%)
and 0.106 (7.0%) for soft and bony tissues, respectively, which would directly translate to charged
particle range uncertainties of 3.0% and 7.0%. These results are consistent with the clinical range
uncertainty budgets (typically an average over all tissues types of 2.5-3.5% the proton beam range)
used by proton therapy groups to account for these kVCT-to-SPR uncertainties. In comparison,
sMVCT SPR deviated from MVCT SPR with substantially lower ME value differences of 0.0024
(0.24%) and 0.0024 (0.16%) for soft and bony tissues, respectively. In the case of prostate proton
therapy treatments, a range uncertainty margin of as much as 1cm is typical when using kVCT-based
SPR prediction methods. Utilizing the proposed method to reduce CT-based SPR prediction errors
from 2.5-3.5% to <0.5% could result in significant reductions in normal tissue irradiations and

potentially allow for dose escalation of tumors. With respect to margins used for prostate radiotherapy,

results from Bortfelt et al''? suggest that total safety margins can be reduced to about 6mm when using
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DECT-based SPR predictions in treatment planning. With a mean range prediction accuracy of
0.0%+0.5% demonstrated using their DECT-based technique, we would expect similar margin
reductions using our approach. Overall, our proposed methodology provides a unique perspective into
areas of greater SPR uncertainty and potentially increased accuracy of SPR determination when using
sMVCT.

Another potential benefit of translating the relationship between kVCT imaging to MVCT
imaging is in the reduction of beam hardening artifacts caused by high-Z materials such as dental
implants. Reducing these artifacts could have significant benefits for proton therapy given that
dosimetric impacts caused by artifacts or metallic objects can cause more pronounced
uncertainties''>'"'*. In Figure 6.7, we show example images (MVCT, sMVCT, and kVCT) from a
patient with dental implants. The sSMVCT image better mimics the MVCT image in that there is a
reduced streaking artifact in both the dental area itself and in the surrounding soft tissue. Of note,
because dental artifacts were not found in all patient scans, it is possible that this behavior was observed
in the training dataset but not fully learned, resulting in only partial reduction of beam
hardening/streaking artifacts in the sSMVCT images. While the machine learning code could be further
optimized to better correct for streaking artifacts, this development is outside the scope of the current

work.
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Figure 6.7. Streaking artifacts

Exemplar images of a streaking/beam hardening artifact around a dental
implant in (a) MVCT HU (1st column), (b) sMVCT HU (2nd column), and
(¢) kVCT HU (3rd column. A linear grayscale colormap was used with -1000
HU as the minimum (black) and the maximum HU of the kVCT image as the
maximum (white) and applied to the kVCT, MVCT, and sMVCT images.

While results of the anthropomorphic phantom illustrate that sMVCT images can estimate p,
and SPR more accurately than kVCT images, there are several limitations inherent to phantom analysis
used in this context. The first limitation is that physical measurements of the phantom are derived from
small samples whose exact elemental composition may not reflect the variability in material
distribution or imperfections caused during manufacturing. Commercially available phantoms are
meant to generally mimic material electron density for purposes of dose calculation and geometric
quality assurance, however, it is not routine practice to rely on composition at the elemental level. The
head phantom is an over-simplified model containing only a small number of tissue types, and while
its shape resembles a human head and includes a reasonable bone surrogate material, the non-bone
phantom materials did not mimic molecular properties of biological tissues. Therefore it is unlikely
that a model trained on in vivo data will show identical trends when applied to a phantom made of non-
biological material. CycleGAN (and CNNs in general) learn spatial patters and relative local intensity
distributions and it is conceivable that nearby non-biological material may bias local distributions,

which may have contributed to the slight overestimation of HU values in sSMVCT images relative to
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MVCT images. An in-depth analysis validating machine learning models using phantoms is outside
the scope of this work, however, phantom development remains an important and active area of
research where detailed understanding and accurate characterization is imperative as synthetic images
become used more frequently in the clinic.

There are some additional considerations for groups considering clinical implementation of
this method for kVCT HU-to-p, or HU-to-SPR conversion. Currently, TPSs accept CT HU as input
for dose calculation with conversion of these HU values to p, or SPR through calibration curves similar
to those shown in Figures 3.2 and 3.4. This process could be further simplified if the input datasets
were direct maps of p, or SPR rather than HU. With our methodology, no modification would have
been necessary in our learning process to accomplish this. During the pre-processing stage of machine
learning, all CT images (both kV and MV) were scaled from HU to values between [-1, 1]. As MVCT
HU values were converted to p, or SPR using a linear scale, the learning process would have been
identical (as they would have scaled to equivalent values in this [-1, 1] scale). On the post-learning
end, we could have created a linear mapping from [-1, 1] directly to p, or SPR values. Within the TPS,
the calibration curve would then be a simple linear mapping. Another consideration for clinical
implementation of this method is generalizability of a developed model across kVCT models, scanner
protocols, and kVCT energies. In general, developed CycleGAN models converting from kVCT HU
to sMVCT p,/SPR would be most accurate if created for a specific center/kVCT scanner and for a
specific imaging protocol. For centers with a machine capable of creating MVCT scans and kVCT
scans, it would be possible to create a dataset of matched patient kVCT and MV CT scans. This matched
dataset could be used with deep learning (as in this work) to learn the relationship between kVCT and
sMVCT p,/SPR. For centers without MVCT capabilities, implementation of this methodology may be
less straightforward as the created deep learning model would likely be specific (and therefore most

accurate) for a given kVCT scanner and/or energy spectrum. As our patient population only received
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kVCT scans from a specific CT scanner, we were not able to test the effect of scanner model/energy
spectrum variability. Future work in this area should include tests on generalizability and stability

across scanner/energy spectrum of the created CycleGAN model.

6.4 Conclusion

In this study, deep learning was used to map the relationship between kVCT HU and MVCT HU and
an approach was developed to calculate more accurate values of p, and SPR based on MVCT HU. The
accuracy of p, and SPR values calculated using MVCT and kVCT were quantified using tissue
mimicking phantoms of known material composition. The deep learning model was also validated
using an anthropomorphic head phantom with physical characteristics closely resembling human bone.
Synthetic MVCT scans generated by our method appear to closely mimic acquired MVCT scans with
even some mitigation of beam hardening artifacts. SPR values estimated from sMVCT data produced
by the deep learning model resulted in substantially lower mean error values for soft and bony tissues
versus kVCT data. If sMVCT scans are used in conjunction with the originally acquired kVCT, they,

together, allow for an appealing scenario in which the advantages of each modality can be fully utilized.

Chapter 7 — Clinical evaluation of a commercial MRI-based synthetic CT

Patients being treated with SBRT to the prostate routinely undergo MRI for purposes of anatomical
delineation. The soft tissue contrast provided by MRI is particularly well suited for visualizing prostatic

lesions and critical structures such as the urethra''>!1

while also decreasing interobserver variability™®
versus CT alone. Replacing CT with MRI-based synthetic sCT for dose calculation would eliminate
uncertainties related to multi-modality image registration and offer numerous workflow-related

advantages. The goal of this work was to implement and assess a commercially available MRI-derived

sCT protocol for treatment planning with two common modalities used to treat prostate cancer, namely,

78



VMAT delivered on a conventional c-arm linear accelerator and the CyberKnife system (Accuray,
Sunnyvale, CA), a compact linear accelerator mounted onto a robotic base. This investigation was
performed on the dataset of 10 patients treated using SBRT for prostate cancer at UCSF as described
in Chapter 3.4. This study provides recommendations for optimizing the sCT calibration curve for
consistency with the users’ clinically commissioned CT scanner and is the first to report on utilizing

sCT for treatment planning on CyberKnife.
7.1 Vendor solution

To provide a framework for MRI-only treatment planning, an FDA-approved protocol for generating
synthetic CT images from MRI in the pelvis has been developed by Siemens''”!''®. The protocol
requires a set of Dixon volumetric interpolated breath-hold examination (VIBE) in-phase and out-of-
phase images that were acquired in the axial plane using a 3D T;-weighted gradient echo sequence
with 3D distortion correction applied. The bulk assignment algorithm classifies material as air, adipose,
soft tissue, inner bone or outer bone corresponding to HU values of -1000, -75, 0, 204, and 1170,
respectively. Details of the algorithm are kept proprietary, but the primary concept is that tissue and
adipose are classified using spectral information, air using thresholding, and bone using a multi-atlas-
based model based on the in-phase, out-of-phase, fat-only, and water-only MRIs produced by the

Dixon sequence.

7.2 sCT versus CT comparison

To compare the sCT bulk tissue HU values with those seen in vivo for the 10 datasets evaluated, air,
adipose, soft tissue, inner bone and outer bone were segmented on each patients’ CT. Intensity-based
thresholding was used to define each region, with a final binary mask created for each tissue type based
on the initial thresholding and manual contouring in MIM, with an example shown in the top row of

Figure 7.1. For each patient, the binary masks were used to define corresponding structures
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representing adipose, soft tissue, inner bone, and outer bone, as shown in the bottom row of Figure 7.1.

HU values (mean and standard deviation) were computed and averaged across all patient CT datasets.

Adipose Soft tissue Inner bone Outer bone

A
V) - C-)
cT o Moo
voxels @‘! g !\r%

Figure 7.1: CT-derived segmentation

CT-derived segmentation of adipose, soft tissue, inner bone, and outer bone
in an example patient. CT HU values (mean and standard deviation) were
compared to sCT HU values.

HU values for air, adipose, soft tissue, inner bone, and outer bone provided in the literature''’, extracted
from patient CT datasets, and MRI-generated sCT datasets are tabulated in Table 7.1.

Table 7.1: HU values (CT vs. sCT)

Tabulated HU values for air, adipose, soft tissue, inner bone, and outer bone
provided in the literature119, extracted from in vivo CT datasets, and assigned
automatically to sCT datasets.

Literature CT sCT
Air -1000 -1000 -1000
Adipose -100 -96 £ 6.1 -75
Soft tissue 30-45 37£39 0
Inner bone 200-800 219+ 14 204
Outer bone >1000 1000 + 23 1170

Of note, sCT HU values for adipose and soft tissue disagree with those for CT and are outside the range
of values provided in the literature. Furthermore, adipose and soft tissue structures typically make up
the largest volume of the pelvis datasets, as shown in Figure 7.1, and mischaracterization of these HU

values could lead to incorrect effective beam path lengths computed in the dose calculation algorithms
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(demonstrated in section 7.4). To visualize these discrepancies, difference HU maps were computed
by subtracting the sCT from its corresponding co-registered CT. These maps are illustrated in Figure
7.2, which shows three exemplary datasets of CT (first column), sCT (second column), the original
HU difference map (third column), and a modified HU difference map that was created by manually
overriding the sCT values for adipose and soft tissue to match the CT (fourth column). In other words,
in the modified sCT HU difference map, the sCT bulk classification for air, adipose, soft tissue, inner
bone or outer bone corresponded to HU values of -1000, -96 (instead of -75), 37 (instead of 0), 204,
and 1170, respectively. As demonstrated in column D, these modified sCT datasets agreed more

closely with in vivo CT datasets in soft tissue and adipose regions.

CT sCT AHU AHU
(Original sCT)  (Modified sCT)

Patient
#4 150
100
50
Patient .
#1
-50
-100
Patient
#5 -150

Figure 7.2: sCT versus CT with HU maps

Three exemplary datasets of CT (first column), sCT (second column), the
original HU difference map (third column), and a modified HU difference that
was created by manually overriding the sCT values for adipose and soft tissue
to match the CT (fourth column). HU values are displayed from -150 to 150
to better visualize the differences in seen soft tissue and fat.



CT and sCT HU values were compared using mean absolute error (Equation 12). The total MAE (mean
and standard deviation amongst all 10 datasets) was reduced from 106.9+17.9 to 93.9+20.1 HU for the
original versus modified sCT, respectively. The soft tissue MAE was reduced from 76.5+7.6 to
50.848.1 HU when calculated for the original versus modified sCT, respectively. The adipose MAE
was reduced from 96.2+30.2 to 93.6+32.2 HU when calculated for the original versus modified sCT,
respectively. Because original sCT values for bone were within the range reported in the literature, this
HU value was not modified in the sCT datasets and the total bone MAE is reported to illustrate the

variation among patients.

Table 7.2: Tabulated values of MAE for original versus modified sCT
Tabulated values of MAE (HU) for HU difference maps using the original
sCT versus the modified sCT for the 10 patients analyzed for this study.

Total MAE (HU) Soft tissue MAE (HU)  Adipose MAE (HU)  Total bone MAE (HU)

Patient #
Original ~ Modified Original  Modified  Original Modified Original only

1 77.8 62.6 73.7 45.5 48.2 43.2 2325
2 94.0 79.4 74.0 46.4 68.4 63.0 319.8
3 136.5 127.6 71.9 50.6 147.4 150.9 367.5
4 126.2 112.2 90.6 62.4 120.4 117.7 3144
5 113.4 101.2 85.6 58.9 111.1 108.7 3115
6 117.8 111.5 83.1 64.0 113.0 113.7 3349
7 102.4 86.1 75.9 47.8 84.4 80.3 3294
8 112.5 98.5 72.7 46.8 113.8 106.7 309.4
9 87.5 72.0 64.9 39.7 66.2 62.5 315.8
10 100.6 87.7 72.7 45.7 88.9 89.3 321.1

Areas of disagreement most commonly seen between sCT and CT datasets are depicted in Figure 7.3.
For example, differences could be seen in instances of variable bowel and/or rectal gas filling due to
anatomical changes between image acquisition (top row). Gold fiducial makers placed in the prostate
for purposes of image alignment or calcifications within the prostate gland appeared as hyperintense

on CT and hypointense on MRI (and therefore sCT), resulting in additional discrepancies seen between
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datasets (middle row). Misalignment of bone due to small differences in pelvic flexion and/or leg

positioning was also occasionally seen (bottom row).
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Figure 7.3: sCT versus CT differences
Example axial CT (left), sCT (middle), and HU difference maps (right) for
three patients included in this study.

Mislabeling of bone remains an ongoing challenge when generating CT from MRI due to the lack of
bone signal produced in most clinical MRI sequences. The most drastic deviation was seen in one
patient whose right femoral head was completely displaced (shown in Figure 7.4), which may have
been caused by the abnormal shape of the pelvic bones in this patient leading to problems in the atlas-

based reconstruction.
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Figure 7.4: Femoral head displacement

Example sagittal and axial slices of CT (top row) and sCT (bottom row)
datasets for Patient #9 whose datasets exhibited the largest deviation in bone
segmentation, which may have been caused by the abnormal shape of the
pelvic bones.

7.3 CT calibration curve

In clinical practice, it is not uncommon to perform manual HU overrides of materials in the treatment
planning systems to better match the planning datasets to a patients’ true anatomy. For example, this
is routinely performed in cases where CTs exhibit artifacts caused by high-Z materials like dental

120 when a portion of the patient anatomy is cut off due to insufficient field-of-view'?! due to

implants
imaging a patient with large body habitus, or when metallic implants saturate the CT number scale and
an appropriate HU value must be manually assigned according to the implant material'*. In the case
of synthetic CT, mitigating HU value differences can similarly be performed by manually assigning
HU values of the sCT to better match CT values, as shown in Figure 7.2. However, performing this
manual override on each patient dataset in practice would result in logistical challenges related to

clinical streamlining and quality assurance. To circumvent these challenges, the same dosimetric

outcome can be achieved by using a global sCT-specific CT calibration curve generated using HU vs
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mass density values of -1000 vs 0, -96 vs 0.95, 37 vs 1.04, 205 vs 1.1, and 1170 s 1.7g/cc for air,
adipose, soft tissue, inner bone, and outer bone, respectively. This optimized sCT calibration curve

(with the original sCT curve for comparison) is shown in Figure 7.5.
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Figure 7.5: Modified sCT calibration curve
Original (solid line) and optimized (dashed line) sCT calibration curves used
for dose calculation in the clinical treatment planning systems.

For purposes of treatment planning, the optimized sCT calibration curve was input into RayStation
v7.0 (RaySearch Medical Laboratories AB, Stockholm, Sweden) and Accuray Precision v3.1 treatment

planning systems.

7.4 Treatment plan evaluation

VMAT treatment plans were generated in RayStation using a two 6MV coplanar arc arrangement and
dose calculation performed with a collapsed cone dose calculation algorithm. CyberKnife treatment
plans were generated in Precision using a 6FFF non-isocentric beam arrangement and dose calculation

performed with a ray-tracing dose calculation algorithm. All plans were generated according to
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institutional practice and met clinical objectives. For each patient, treatment plans were generated on
CT datasets and recomputed onto corresponding sCT datasets using identical plan parameters. For
comparison, dose calculation was performed using both the original and the optimized sCT calibration
curves. Dose distributions were compared using gamma analysis and dose-volume-histograms (DVH)
of target and critical structures including the bladder, rectum, femoral heads, large bowel, and small
bowel.

Results for all plans calculated using the original (non-optimized) sCT calibration curve
demonstrated systematic discrepancies between DVHs in sCT versus CT datasets, as shown by non-
coincident histograms in the top row of Figure 7.6. This is caused by inaccurate scaling of each
beamlets’ effective path length caused by incorrect HU values assigned to soft tissue and adipose.
However, these discrepancies were resolved when the optimized sCT calibration curve was used, as

shown by coincident histograms in the bottom row of Figure 7.6.
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Figure 7.6: Example dose volume histograms

Example DVH plots in sCT (solid line) versus CT (dashed line) datasets
demonstrating the systematic discrepancies when using the original CT
calibration curve (top row) which are resolved when implementing the
optimized CT calibration curve (bottom row) for VMAT (left column) and
CyberKnife (right column) treatment plans.

Dose distributions for treatment plans created using the optimized sCT calibration curve were
compared by calculating the gamma metric using 3%/3mm local criteria. Gamma metric results (mean
and standard deviation amongst all 10 datasets) were 98.9+0.9% (97.1-100%) and 97.7+1.3% (95.3-
99.3%) for VMAT and CyberKnife plans, respectively. All gamma results were >95%, indicating good
dosimetric agreement between plans calculated on sCT versus CT datasets. Dose to 95% of PTV
volume in sCT plans received 100.5£0.8% (99.8-102.5%) and 97.0+6.0% (81.9-103.0%) of the PTV
volume in the CT plans for VMAT and CyberKnife plans, respectively. All values of 95% PTV

coverage for sCT datasets were within 4% of corresponding CT datasets, with the exception of one
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patient (#9) whose PTV in the CyberKnife plan received lower dose coverage in the sCT dataset versus
CT dataset due to the mislabeling of the bone/femoral head as previously described.

Table 7.3: Gamma metrics and PTV coverage
Gamma metrics and relative PTV coverage for plans calculated on VMAT
and CyberKnife plans for the 10 patients evaluated in this study.

] Gamma metric (3%/3mm) Dose to 95% of PTV (sCT relative to CT)
Patient# VMAT CyberKnife VMAT CyberKnife
1 99.96 99.27 100.1 98.8
2 99.39 96.02 102.5 96.6
3 97.96 98.91 101.0 98.5
4 99.63 98.60 100.1 99.4
5 99.13 97.26 100.4 101.7
6 97.13 95.27 100.1 98.3
7 99.05 98.56 100.2 99.0
8 98.00 96.5 100.5 103.0
9 99.71 98.01 99.8 81.9
10 98.91 98.28 100.6 93.0

Representative axial dose distributions for VMAT (top row) and CyberKnife (bottom row) plans
calculated on a CT (left images) versus synthetic CT (right images) are shown in Figure 7.7. Close
agreement between DVHs for sCT versus CT can be seen for both plan types, demonstrated by the

indistinguishable dose volume histograms.
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Figure 7.7: Linac-based and CyberKnife treatment plans

Representative axial dose distributions for VMAT (top row) and CyberKnife
(bottom row) plans calculated on a CT (left images) versus synthetic CT (right
images). DVH curves in each plot (right column) directly overlay one another,
demonstrating close agreement between distributions for sCT versus CT.

7.5 Discussion

In this work, a commercially-available MRI-derived sCT protocol was implemented and assessed for
treatment planning on a dataset of 10 patients treated for prostate cancer using VMAT and CyberKnife.
sCT and CT HU values were compared and a sCT-specific calibration curve was generated to provide
better agreement between sCT HU values and treatment plan distributions calculated on sCT versus
CT datasets.

HU values for soft tissue and adipose in the original sCT datasets demonstrated disagreement
with literature and in vivo values. For example, the HU value used for soft tissue was 0 HU, which is
the value defined for water. Because the majority of soft tissue in the pelvis is muscle, a value of 30-
45 HU is more appropriate. Similarly, with adipose, an HU value of approximately -100 HU is more
appropriate than -75 HU. Using these values in sCT datasets results in better agreement between sCT

and CT. The total MAE was reduced from 106.9+17.9 to 93.9+20.1 HU for the original versus modified

sCT, respectively. The soft tissue MAE was reduced from 76.5+7.6 to 50.8+£8.1 HU when calculated
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for the original versus modified sCT, respectively. The adipose MAE was reduced from 96.24+30.2 to
93.61+32.2 HU when calculated for the original versus modified sCT, respectively. Overall, these MAE
values are consistent with those reported in the literature for atlas-based MRI-derived sCT'*.

In this work, disagreement could be seen in instances of changing bowel/rectal gas filling
between scans, fiducials or calcifications appearing in the CT but not in the sCT, and/or bone density
distribution differences. Accurate bone delineation remains a challenge for reconstruction of MRI-
based sCT, with a single outlier CyberKnife plan for patient #9 yielding a significant under-dose of the
target volume (Dos%=81.9%) occurring due to a mischaracterization of a femoral head as soft tissue.
This case demonstrates the undesirable dosimetric consequences caused by misidentification of bone.
When commissioning an sCT dose calculation framework in practice, a judicious comparison of the
synthetic CT HU values is imperative. To mitigate any HU differences in practice, a sCT-specific
calibration curve can be generated for purposes of sCT-based dose calculation. As demonstrated in this
work, using an sCT-specific calibration curve will yield treatment plans of comparable quality to CT-
based planning. However, mislabeling of bone can be problematic for treatment planning even when
the sCT calibration curve is used.

This project was performed in close collaboration with Siemens scientists and findings have
been reported to their research and development team. As of fall 2021, an updated algorithm has been

developed, which will be made available to our group with investigations planned for the near future.

7.6 Conclusion

MRI-derived sCT using a sCT-optimized CT calibration curve shows good dosimetry agreement with
conventional CT simulation, demonstrating the feasibility of using MRI-derived sCT for prostate

SBRT treatment planning. Accurate delineation of bone remains a challenge for reconstruction of MRI-
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based sCT and improvements in this space could potentially allow for the implementation of an MRI-

only framework.
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Chapter 8 — Summary and future directions

8.1 Summary of dissertation

This dissertation presents several novel methods for exploiting the unique advantages of MRI, kVCT,
and MVCT to improve the accuracy of photon and proton dose calculation. We have demonstrated
improved accuracy in estimating SPR using the UC Method with a combination of MRI and CT,
showing that MVCT is superior to kVCT for deriving electron density and stopping power ratio.
Expanding on the utility of MVCT for dose calculation in MRI-linac systems, the feasibility of a
proposed workflow was demonstrated in which on-board MVCT are used for treatment planning and
dose calculation by utilizing a deep learning-based model used to map MRI to sMVCT. In this scenario,
the combined set of MRI/sMVCT scans potentially achieve the advantages of both imaging modalities
with superior soft tissue contrast (from the MRI) and p, (from the sMVCT). Finally, we used a deep
learning model to convert kVCT to sMVCT such that the combined set of kVCT/sMVCT scans achieve
the advantages of both imaging modalities with strong contrast and low noise (from the kVCT) and

higher accuracy p, and SPR determination (from the sSMVCT).
8.2 Future research directions

8.2.1 Clinical implementation of image domain translation

Recent publications on the theory and applications of machine learning to radiation oncology including
tumor classification, knowledge-based treatment planning, bioinformatics and modeling of normal
tissue complication predictions'?*. Recent work by Mahadevaiah et al'*® provided recommendations
for adopting artificial intelligence-based systems in the clinic, which included selecting the most
appropriate system for the application of interest, testing the security, privacy, and safety of the system,

optimization and customization, implementing workflows, and QA monitoring. While guidelines like
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these provide excellent starting frameworks, there are very few recommendations for quality assurance
and commissioning specific to image-domain translation. Points which must be taken into
consideration include which approach is best for a given scenario (for example, an MR-sequence based
reconstruction as described in Chapter 7 versus deep learning models as described in Chapters 5 and
6), what are appropriate metric thresholds for assessing synthetic images, how much data is required
for model training and testing, how applicable is the model to different disease sites or other
institutions, and many others. I look forward to contributing to this area in bringing image domain

translation to clinical practice.

8.2.2 MRI-to-MVCT Commercialization

There has been a substantial increase in the use of MRI in radiotherapy due to the superior soft tissue
contrast provided relative to CT. During treatment planning, the current paradigm is to acquire an MRI
(for anatomy visualization) and CT (for dose calculation) for each patient. During radiation treatment
on a combined MRI-linac the current paradigm is to use the MRI acquired on the treatment machine
with a CT scan (acquired previously for treatment planning) to adapt a treatment plan to a patient's
anatomy, which can change daily. Although MRI-linac technology has gained substantial popularity
over the last several years, it remains a new and evolving space with regulatory approval only recently
obtained in 2017. The innovation of our work is to shift from the current paradigm of using MRI and
kVCT towards a new paradigm of using MRI and MV CT all while using imaging technology available
directly on the treatment machines. This would necessitate fewer imaging systems and provide higher
accuracy dose calculation. The core idea is composed of two parts (shown in the bottom panel of Figure

8.1):
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Figure 8.1: Future directions MRI to sMVCT

Current (top) paradigm using MRI and kVCT and proposed (bottom)
paradigm for using MRI and MVCT with imaging technology available
directly on treatment machines.

In Chapter 5 of this dissertation I described project #1, namely, to synthesize MVCT datasets from
MRI using deep learning synthesize MVCT images from MRI using a deep learning model. We
demonstrated the feasibility of utilizing MRI-derived synthetic CTs for radiotherapy treatment
planning of head and neck cancer. This differs from the current paradigm which uses either an
additional kVCT dataset or synthesizes kVCT images from MRI using deep learning or MR-sequence
based approaches. For project #2, we propose to reconstruct an MVCT dataset (required for dose
calculation) using MRI and 2D MV radiographs that are both acquired on the MRI-linac treatment

machine'?®. This approach is more accurate and better streamlined than the current paradigm which
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requires registering an MRI to an old kVCT scan. I look forward to partnering with MRI-linac vendors

on these efforts.

8.2.3 Proton therapy SPR measurements

In Chapters 4 and 6, I described work that revolved around reducing proton beam range uncertainties
through more accurate estimation of SPR. To assess these approaches, tissue substitute and
anthropomorphic phantoms were used to compare physical “ground truth” measurements to values
predicted from imaging. Through collaboration with proton centers, additional validation can be
performed by measuring the SPR of materials through range measurements acquired in a proton beam.
For example, the range of a proton beam can be estimated using the imaging approaches described in
this work and compared to proton beam measurements acquired using a multilayer ionization
chamber'?’. Furthermore, additional dosimetric comparisons can be performed using Monte Carlo

simulations'?® and clinical proton treatment planning systems.
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