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As deformable image registration makes its way into the clinical routine, the summation of
doses from fractionated treatment regimens to evaluate cumulative doses to targets and
healthy tissues is also becoming a frequently utilized tool in the context of image-guided
adaptive radiotherapy. Accounting for daily geometric changes using deformable image
registration and dose accumulation potentially enables a better understanding of dose-
volume-effect relationships, with the goal of translation of this knowledge to personaliza-
tion of treatment, to further enhance treatment outcomes. Treatment adaptation involving
image deformation requires patient-specific quality assurance of the image registration
and dose accumulation processes, to ensure that uncertainties in the 3D dose distributions
are identified and appreciated from a clinical relevance perspective. While much research
has been devoted to identifying and managing the uncertainties associated with deform-
able image registration and dose accumulation approaches, there are still many unan-
swered questions. Here, we provide a review of current deformable image registration and
dose accumulation techniques, and related clinical application. We also discuss salient
issues that need to be deliberated when applying deformable algorithms for dose mapping

and accumulation in the context of adaptive radiotherapy and response assessment.
Semin Radiat Oncol 29:198—208 © 2019 Elsevier Inc. All rights reserved.

Introduction

he utilization of imaging in radiation oncology is indeed

ubiquitous. Imaging is required for cancer staging, target
and normal volume definitions for treatment planning, accu-
rate localization for targeting prior to and during radiation
delivery, and response assessment during and after the course
of radiation therapy. Although CT-based imaging has served as
the “work horse” modality, the integration of multimodal
methods for both geometric and functional imaging, such as
PET, MRI, ultrasound, optical approaches, and other techni-
ques, forms a pivotal component of the overall imaging suite
required for accurate, and individualized staging, treatment
planning and delivery, and follow-up of cancer patients treated
with radiation therapy.'* The success of the extraction of rele-
vant and accurate information from acquired images is entirely
dependent on the image processing approaches and algorithms
used for specific purposes.” In particular, image registration, in
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which 2 or more images are registered to a common coordi-
nate system, is an essential process for manipulation of images
in radiation therapy. Image registration enables extraction of
geometric and/or functional information from images for a
variety of purposes, such as creation of patient models in simu-
lation and planning, localization and monitoring of patient
anatomy during treatment, and assessment of tumor and nor-
mal organ response during and postradiation therapy.

The goal of an image registration technique is to find the
transformation that optimally aligns corresponding points or
structures in the 2 image datasets. Generally speaking, image
registration algorithms have been classified according to
“rigid” approaches, where the registration transformation
only requires translation and/or rotation to bring into align-
ment corresponding points, or “non-rigid” or “deformable,”
where due to shape changes or distortion between structures
in the 2 image datasets, stretching of the image grid to
morph the corresponding points into alignment is required
by the transformation. Exhaustive reviews of the fundamen-
tals of image registration and associated rigid and deformable
algorithms are provided elsewhere. ™"

This article covers the application of deformable image
registration (DIR) algorithms for the purposes of dose accu-
mulation, or deformable dose accumulation. The accuracy of
deformable dose mapping and accumulation is entirely
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dependent on the integrity of the underlying displacement
vector field (DVF) generated during deformable image
registration. Errors and uncertainties in the DVF will propa-
gate directly to the dose mapping process. Therefore, salient
aspects of deformable registration will be discussed before
examining the directly linked concepts of dose mapping and
dose accumulation, contemporary methods for accumulating
dose, and associated challenges.

Deformable Image Registration:
Fundamentals

Informative reviews on the image registration process and
DIR algorithms are provided by Kessler” and others.™*""
Here, we present the basics. The process of registering source
and target image datasets can generally be broken down in
the following 3 basic components: (1) the transformation
model which is the mathematic model describing the man-
ner in which the source image is warped to match the target
image; (2) the similarity metric, which is the measure of how
well the source (also noted primary, reference, or fixed) and
target (also noted secondary or moving) image datasets
match; and (3) the strategy used to optimize the transforma-
tion model parameters such that the source and target are
aligned based on the specified similarity metric.

Transformation Models

The transformation model defines the type of deformation
performed to bring source and target image datasets into
alignment. The output of the transformation model, which
produces the optimal mapping between features in source
and target images, is commonly termed the displacement or
DVE. There are numerous deformable transformation mod-
els ranging in complexity from those defined by a relatively
small number of parameters modeling smooth regional vari-
ation, to completely relatively few parameters, to “free form”
models in which each voxel in the volume can move inde-
pendently, represented by a much larger number of parame-
ters.” ™" Spline-based algorithms are a commonly used
deformation transformation model in which corresponding
control points or “knots” are used in the source and target
images, and spline functions are defined to model corre-
spondences away from these points. B-spline-based transfor-
mations have become quite popular in the field of
deformable image registration as they are found to be robust
over a variety of anatomic sites, and are generally computa-
tionally efficient. Other transformation approaches include
elastic, fluid and optical flow, and finite element models,
which employ “free-form” or nonparametric transformations,
where displacements for the individual voxel displacements
are solved by local driving forces. Details about these types
of models can be found elsewhere. "'

Similarity Metrics
The level of agreement (or disagreement) of the registration
process is measured by the similarity metric.”™"'"'* These

metrics are typically divided into geometric and intensity-
based approaches. Geometric approaches involve defining
correspondences between source and target images based on
anatomical elements defined in the images. These elements
can include anatomical landmark points or implanted fiducial
markers, as well as curves or surfaces. The typical registration
metric looks to minimize the sum of squared differences
between homologous (corresponding) points. Limitations of
geometric-based approaches include the fact that alignment of
geometric structures ignores anatomical distortions that may
occur in other areas of the image outside these structures.”
Intensity-based similarity measures align intensity patterns
(gray-scale information) between source and target images
based on specified mathematical criteria. Measures of intensity
similarity are defined between image datasets and the transfor-
mation adjusted until the similarity measure is optimized.
Clinically used similarity metrics include sum of squared
intensity differences, cross correlation, and mutual informa-
tion (MI). MI is a common metric which provides a measure
of the intensity similarity between source and target images —
it is assumed that the images will be most similar when they
are most accurately registered at which point the mutual infor-
mation between the images is maximized.”

Optimization Strategies

The optimization strategy refers to the mathematical approach
used to adjust the transformation to optimize the similarity
metric. Analogous to intensity modulated radiation therapy
(IMRT) optimization in radiation treatment planning,” the
registration optimizer works to find the best tradeoff among
the competing demands related to finding the best corre-
spondences subject to the specific type of application. In gen-
eral, the type of optimization strategy best suitable for a
specific application depends on several factors, including the
cost function, transformation, accuracy requirements, and
possible time constraints.

Task-Specific Constraints

As described by Sotiras et al,'" deformable image registration
is an ill-posed problem since the number of parameters to be
determined in the transformation is superior to the con-
straints/information provided by the data. Regularization, the
process of introducing additional information, such as prior
knowledge of the underlying anatomical structure, is neces-
sary to solve this ill-posed problem, and can help prevent local
minima traps in the optimization. Regularization schemes
include the use of penalization terms for nonphysical defor-
mations, as well as constraints, such as topology preservation,
volume preservation, and rigidity constraints (eg, for organs
such as bones to prevent warping of such rigid structures).
Other useful constraints imposed on the transformation
model include inverse consistency and symmetry' "7 —
the mapping from source-to-target (forward transformation)
and from target-to-source (forward transformation) are
inverse mappings of each other.'' Proper regularization and
task-specific constraints can often be helpful toward generat-
ing DVFs that are less impaired by nonphysical (eg, unrealistic



200

I.J. Chetty and M. Rosu-Bubulac

compression or stretching of structures, voids in the mapping,
etc.) deformations.

Validation of Deformable Image
Registration

Evaluation of the overall registration process with the goal of
ensuring accurate and consistent image registration, also
referred to as validation, is necessary prior to clinical applica-
tion. Uncertainties and errors in the registration transforma-
tion not only impact the quality of the alignment of
structures or contours, but are also directly correlated to the
mapped dose distributions. Therefore, it is essential to evalu-
ate accuracy of the registrations, and identify regions where
the registration is prone to higher and potentially clinically
relevant uncertainties. A fundamental challenge with regard
to validation for deformable alignment of arbitrary clinical
image sets is that the ground truth is not known. In fact,
given the ill-posed nature of the registration problem the
true point-to-point correspondences may not even exist.”
Consequently, comprehensive qualitative and quantitative
approaches for assessment of registration accuracy have been
developed, as detailed in the AAPM Task Group report No.
132, and other publications.”'*'**" In general, recom-
mended requirements for deformable registration algorithms
at the planning stage are such that relevant boundaries and
features of anatomy in the registered images are within 1-2
voxels of the registered image, and that additional sources of
error be folded into the planning margins.”

Deformable Dose Mapping and
Accumulation

Historically, the dose accumulation tool emerged in conjunc-
tion with treatment planning in the presence of breathing
motion, to account for the changes in anatomy prompted by
respiration (tumor movement, organ at risk (OAR) location,
and/or volume changes) and the subsequently induced dose
perturbations, with the ultimate goal of describing more accu-
rately the planned dose for the time-varying anatomy. In this
context, the dose accumulation is the process by which indi-
vidual doses generated on datasets describing the anatomy at
various respiratory phases are combined to create a composite
dose. Differently put, accumulating doses adds a temporal
dimension to the conventional 3D dose. Inconsistencies in
patient anatomy are not only due to variations from the
breathing pattern exhibited at the time of simulation but also
due to other changes, often less predictable, such as weight
loss and tumor shrinkage or growth. In addition, patient
retreatments are often required, at times, years apart, and
properly accounting for prior doses is necessary in order to
prevent damaging overexposure to organs at risk. Approxi-
mate paradigms have been long employed to estimate doses to
critical organs in such situations, but the obvious downside is
that curative doses may sometimes be out of reach due to the
overestimation of the dose to the uninvolved tissues.

With the above scenarios in mind, dose accumulation is,
in the most general sense, a composite dose where the com-
ponent doses are generated on 3D anatomical models
acquired at different points in time, with the time scale rang-
ing from seconds to years. Ideally, the “accumulation” would
add doses on a “per anatomical unit” basis; if that were feasi-
ble, one would aim at tracking the dose in each body cell
from one anatomical instance to another. However, with the
anatomy digitized by a mere computer, the voxels that make
up the dose matrix in the reference 3D image dataset are the
proxies fulfilling the role of the tissue elements tracked over
time. The tool used to morph one anatomy into another is
the image registration, which establishes the one-on-one cor-
respondence between the homologous entities from the
anatomies considered. More specifically, the deformable
image registration is the keystone in computing cumulative
doses, because the patient’s anatomy changes nonrigidly
over any time scale (anyways, if changes were rigid, presum-
ably they could be corrected solely through patient align-
ment). The transformation provided by the image
registration, describing how a secondary anatomy changed
compared to the reference anatomy, is wsed to transfer the
computed dose matrix from the secondary anatomy onto the
reference anatomy. The process can be replicated with any
number of secondary anatomies, after which, all the doses
transferred to the reference anatomy can be summed to find
the accumulated dose.

Formally, this can be expressed as in Eq. (1), for a
series of M images (J = 1,—M), of which R is the reference
image:

J=M
Daccum(i) = DR(I) + Z D](l)
J=1J#R
J=M
= Dg(i) + Z D](DVF]R(i)) (1)
J=1J#R

where D,ccum (i) is the accumulated dose to a location i in
the reference dataset R, Dj(i) is the dose from secondary
dataset J that is mapped onto i in the dataset R, DVFjg(i) is
the DVF that describes which location from the secondary
dataset J correlates with location i from the reference data-
set R. How the “units” tracked are defined is typically a mat-
ter of convenience, and most often they are chosen to be the
same as the dose grid voxels from the reference dataset, even
though the DVF might have been defined for each image
voxel (see Fig. 1).

The concept of dose accumulation is quite intuitive. How-
ever, the discrete (voxelized) nature of the data creates
computational complications in mapping doses onto the ref-
erence dataset. The voxels in the secondary dataset are repre-
sented by a unique location — for example, their center of
mass (COM); the COM can land, via image registration, any-
where inside a dose grid voxel from the secondary dataset,
sometimes even together with other voxel centers from the
reference image set. The next paragraphs will provide a his-
torical review of how the dose mapping and the evaluation
of the error in dose mapping evolved over time.
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Figure 1 2D illustration of the dose accumulation. Location i in the
reference dataset R receives a dose Dj(i) from its homologous point
in dataset, J in addition to the dose Dg(i). DVFjr(i) describes the
location where the point i from R is mapped onto J.
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Figure 2 The principle of center-of-mass method for dose accumulation.
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Figure 3 The principle of trilinear interpolation method for dose
accumulation.

Dose Accumulation Methods

COM Method

The COM method is the most direct way to calculate the
dose that a voxel from the reference dataset will receive from
the dose grid computed on the secondary anatomy. The
DVF provided by the image registration calculates the coor-
dinates of each reference dose voxel COM when mapped on
the secondary dataset; the dose voxel in which the mapped
point lands is identified, and the reference dose voxel will
then be assigned the dose from this voxel (which was scored
at the COM of the secondary dataset dose voxel). In this
approach, voxel shape/volume changes from one image set
to another are not explicitly addressed (see Fig. 2).

The COM method was implemented in the Geant4
Monte Carlo code and demonstrated for a proton lung can-
cer irradiation case by Paganetti et al’’; however, the
approach can be used with any dose calculation algorithm,
since the only quantity relevant to the problem is the dose
per voxel in both the reference and the secondary dataset,
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Figure 4 The principle of direct voxel tracking method for dose
accumulation.

R =
H — - "
—DIF

Energy—
HGOPING - T

\ DVF
o

'

Figure 5 The principle of energy transfer method for dose accumulation.
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Figure 6 Example ART workflow, in which registration maps intensi-
ties from the CT to the daily CBCT scans, with the deformed or
resampled CT used for “dose of the day” calculations. “Delivered
dose” is mapped back to the planning stage, where it is accumu-
lated. Adapted from Veiga et al.”

scored at the voxel COM, regardless of the algorithm used
to compute it.

Interpolation Methods

If the correlation between the reference and the secondary
datasets is described by a nonrigid transformation, it is all
but certain that a majority of the transformed reference vox-
els will not match any voxel from the secondary dataset in
shape and/or volume. The dose to the mapped COM loca-
tion in the secondary dataset can be approximated by using
trilinear interpolation of the doses to the neighboring voxels
of the mapped COM.””*” If larger local deformations are
present, a finer trilinear interpolation can be used”’: each
voxel from the reference dataset is first subdivided into
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octants, the center of each octant is mapped to locations on
the secondary dataset dose grid, doses at tracked locations
are estimated by trilinear interpolation, and their average
value is scored back at the original dose grid center on the
reference dataset (see Fig. 3).

The differences in the doses mapped on the reference
datasets due solely to the interpolation method used did not
seem to result in clinically significant changes in the relevant
treatment plan metrics in the lung cases reviewed by Rosu et
al, even though larger point dose differences were noted in
high gradient regions, especially for larger dose grid sizes. As
noted by Rosu et al >® the use of the refined interpolation is
not necessarily equivalent to the use of the direct method at
a finer grid resolution because the larger dose calculation
grid inherits erroneous voxel dose estimation in the first
place.

The major advantage of the interpolation methods is that
they are fast; the disadvantage, at least in principle, is that
the accuracy is degraded in regions of steep dose gradients.
In addition to these geometric considerations, interpolation
methods ignore the physical aspects of dose deposition as
energy per mass. Also noteworthy is the fact that interpola-
tion-based methods can be used with any dose computation
engine.

Direct Voxel Tracking Method

Heath et al”® proposed a direct voxel tracking method,
implemented with a modified version of the DOSXYZnrc
Monte Carlo dose code. Due to deformations, the rectangu-
lar voxels from the reference dataset become of an arbitrary
shape on the secondary dataset (see Fig. 4). The particle
transport in the secondary dataset is performed inside these
deformed voxels, and the densities of the deformed voxels
are adjusted to ensure mass conservation; thus, the energy
deposited in a given mass of tissue is computed. The study
reported a range of discrepancies between the voxel tracking
and the trilinear interpolation method, with larger differen-
ces in the regions of steep dose gradients, at the entrance
and distal surfaces of the study phantom, and for large voxel
sizes (1 cm). Heath et al*° also found that inaccuracies in the
DVF cause, on average, 2% differences between the mass
density in the secondary image and the density scaled from
the reference dataset.

The initial implementation of this method was computa-
tionally expensive as a consequence of each “face” of the
deformed voxel being approximated with 2 planes, forming
dodecahedrons (the number of distance-to-voxel boundaries
that need to be verified is doubled and additional testing is
necessary to ensure that the particle-plane intersections
occur inside the deformed voxel boundary). In a subsequent
implementation,”” each deformed voxel was divided in 6 tet-
rahedrons for dose transport, which roughly only doubled
the computation time from the standard DOSXYZnrec.

Energy Transfer Methods
In an effort to reduce the computational resources required
in the direct voxel tracking method, Siebers and Zhong*

implemented an energy transfer method, where the energy
deposition events in the secondary dataset are first simulated
in a standard rectangular grid (thus removing the computa-
tional hardship of transporting particle within irregular
boundaries), and then mapped onto the reference image.
The dose to a voxel from the reference dataset was computed
as the energy from the secondary dataset mapped to that ref-
erence voxel, divided by the mass of the voxel in the refer-
ence image (see Fig. 5). The method was further developed
such that the mass mapping and the dose deposition map-
ping were performed using a consistent transformation
between the datasets of interest: the energy from each dose
deposition event on the secondary image is mapped onto the
reference dataset and the warped mass of each reference
voxel is computed from the secondary voxels using an equi-
space mapping approach (energy and mass congruent map-
ping energy mass congruence method (EMCM)).””

The energy transfer methods use the registration transfor-
mation that maps voxels from the secondary dataset onto
the primary one, whereas the previously described methods
use the mapping of voxels.

Li et al’” described a methodology for extending the
EMCM method to analytic (non-Monte Carlo) dose calcula-
tion algorithms, and detailed fundamental and dosimetric
differences between EMCM and direct dose mapping for
dose accumulation in the context of 4D planning for 10 lung
cancer patients. While the mean differences in deformable
accumulated doses to the planning target volume (PTV)
between EMCM and direct dose mapping were generally
small (within 1%-2% of each other), local differences in the
PTV minimum doses were sometimes much larger (up to
11%). These largest dose differences were observed in
regions with sharp mass density variations and/or high dose
gradients.” Ziegenhein et al’' developed a fast, on-line
implementation of the EMCM approach and achieved signif-
icant improvement in computation speed through use of sin-
gle-core optimization, parallelization for multiple cores and
vectorization.

Deformable Dose Mapping:
Uncertainty Estimation

With the realization that errors and uncertainties in
deformable image registration translate to the mapped and
accumulated dose distributions, many investigators have
sought out approaches to estimate the impact of these
uncertainties in the mapped dose distributions.””**”***
Here, we present some examples to illustrate the variety of
techniques proposed.

Rosu et al”” investigated dose grid resolution effects and
found that, in general, differences between dose grid interpo-
lation schemes occur in high dose gradient regions and are
unlikely to result in clinically significant differences for vol-
ume-effect organs (eg, lung tissue), but should be viewed
more carefully for serial organs (eg, spinal cord) with consid-
eration of tumor location, magnitude of deformation,
motion, and tissue heterogeneity.””
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Hub et al’” evaluated dose mapping and registration met-
ric sensitivities to variations of the parameters of a b-spline-
based deformable algorithm. Their approach was able to dis-
tinguish between areas with larger vs smaller dose mapping
uncertainties, though it was not designed to estimate abso-
lute dose mapping uncertainties.

Similar research was performed by Yibing et al,”” who
evaluated uncertainty in dose mapping after performing
deformable registration between planning CT and daily CT
images 132 times using a range of parameter settings for the
registration algorithm for patients with liver cancer. Based
on selection of “realistic” registrations, they showed that
voxel position uncertainties were 5.6 £ 3.3 mm (at the 99th
percentile). The subsequent variation in accumulated maxi-
mum dose in hollow OARs (difference between 1st and 99th
percentile) was up to 3.3 Gy. "

Murphy et al’” examined DVF errors due to choice of the
selected region-of-interest and created associated DVF maps,
which were analyzed using principal components analysis.
They showed their error sampling method to produce syn-
thetic DVF uncertainty maps that were statistically equiva-
lent to observed error maps.””

Salguero et al’® pointed out that the intrinsic lack of
inverse consistency during deformable registration can be
used as a measure from which to estimate the DVF uncer-
tainty, and subsequently the dose mapping uncertainty.
They showed for a 4D lung plan that the standard deviation
of inconsistency vectors (induced by mapping 62.6 Gy) was
up to 9.2 mm (with mean of 1.3 mm) translating to a maxi-
mum dose uncertainty of 21.8 Gy. Uncertainty, comparison
between deformable dose algorithms with and without
inverse consistency constraints for head/neck cancer patients
was performed by Veiga et al. ™

Bender et al’® sought to reduce inverse consistency and
transitivity errors in deformable registration using a con-
strained, diffeomorphic (topology preserving) registration
algorithm, which lead to consistent dose accumulation results
regardless of the deformable mapping pathway (source-to-tar-
get, or target-to-source). Yan et al’” defined a dose mapping
error based on the assumption that the average dose accumu-
lated in a finite volume should be unchanged when tissue
deformation between the anatomic instances is mass conserv-
ing, such as in the case of respiratory-induced motion of
normal lung tissue. Risholm et al’* and Tilly et al’” modeled
deformable registration uncertainties as multivariate Gaussian
distributions to estimate the uncertainty in accumulated dose
distributions, for example head/neck and prostate cases,
respectively.

Tilly et al’” observed that the planning parameter most
sensitive to the DIR uncertainty was the target dose coverage,
D95. They noted that a registration mean absolute <0.20 cm
was necessary to obtain uncertainty in D95 of within 3% for
intermediate-sized penumbras. They also pointed out that
use of larger planning margins (clinical target volume (CTV)-
to-PTV) relaxed registration uncertainty requirements albeit
at the cost of increased dose to OARs.”” Zhong et al’"**
applied the principle of conservation of energy to evaluate
deformable dose mapping operations performed with

different algorithms under conditions of tumor regression
and tumor mass loss in the context of adaptive radiotherapy
(ART) for patients with non—small cell lung cancer.

Biomechanical models, previously applied to characterize
normal organ structure,” have also been developed for the
purposes of deformable image registration and dose accumu-
lation.”"”"”” Biomechanical models characterize organs by
discretizing the tissue into many small elements, which are
assigned linear-elastic properties representing the tissue of
interest. Although these models are also subject to uncertain-
ties pertaining to applied boundary conditions,”” assignment
of accurate material properties,”””° etc. carefully validated
biomechanical models can serve as accuracy benchmarking
tools for validation of intensity-based deformable registration
algorithms.”®”"7>7"7% A disadvantage of biomechanical
models is that they are computationally burdensome, how-
ever, accurate hybrid approaches, in which intensity-based
(eg, B-spline) algorithms are combined with finite element
models are significantly more efficient.”””**” Biomechanical
models have also been used to estimate uncertainties in the
dose accumulation process. In one such example, Brock et
al®' evaluated dose accumulation using a biomechanical
model to warp dose in the context of 4D planning for liver
cancers, and compared the mapped doses between 2 models,
one which incorporated liver deformation and one which
was based purely on a static (rigid) mapping. They showed
average changes in prescribed doses between static and
deformed doses for simulated tumors ranging from 2.1 Gy
to 27.0 Gy depending on the location of the tumor, and
respective changes of 0.4 Gy (—4.1 to 1.7 Gy) for the
patient’s actual tumor.”!

Phantoms designed to measure dose under conditions
where tissues deform theoretically offer the most objective
assessment of the accuracy of the deformable dose accumula-
tion algorithm. Investigators have fabricated phantoms to
mimic tissue deformation and in some instances have
included detectors to measure radiation in the deforming tis-
sue.””* In practice, it is quite difficult to design phantoms
that can mimic tissue deformation in a clinically realistic man-
ner. Moreover, the types of dosimeters used in these phan-
toms are often limited to point-based measurements, which
restrict evaluation of the delivered dose in a plane or volume.
Gel dosimeters under conditions of deformation offer a
potential solution to the lack of volume-based measurements,
with other detectors.”® Gels enable measurement of voxel-
based deformable dose estimates under conditions where the
intensity distribution is uniform (considering that gels are
typically homogeneous in texture), which is beneficial for val-
idating intensity-based algorithms often suffering from inac-
curacies in regions with uniform image intensity.3152

As demonstrated in the above (and other) studies, lack of
ground truth often requires validation of mapped dose
using known DVFs in physical or simulated phantoms.
Methods for validating deformable dose mapping in the
clinically realistic setting are necessary, and are likely to lead
to faster uptake of the deformable dose mapping process in
the routine clinical setting. Research on this topic is highly
encouraged.
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Application of Deformable Dose
Accumulation to ART

The increased utilization of imaging in radiation oncology
has accelerated interest in the assessment of anatomical
changes arising in target and healthy organs during the
course of radiation therapy. In particular, the development
of volumetric imaging in the treatment room, cone-beam
CT,"” has significantly enabled the application of ART"” in
which volumetric imaging information is used to update the
patient model, and subsequently used to compute the “dose-
of-the-day” for comparison with original treatment plan. An
important step prior to comparison of daily or mid-treat-
ment doses involves deformable dose mapping and accumu-
lation from dose-of-the-day on a respective daily or mid-
treatment dataset to the planning CT. There has been much
research devoted toward understanding adaptive changes in
dose for various treatment anatomies from the head/neck to
the pelvis.”' " Much effort has been dedicated to developing
tools that would allow objective, accurate, and fast evalua-
tion of the dose-of-the day using the anatomy-of-the-day
acquired from pretreatment CBCT images.

In one approach, doses are computed directly on the
CBCT. The workflow involves dose calculation on each
CBCT dataset, which is then mapped to the planning CT
(pCT) and accumulated using the DVF generated during
deformable registration of the CBCT to pCT. CBCT images,
however, can be of poor quality due to artifacts and reduced
contrast, particularly in situations where patient scatter is
high. These issues impact on the ability to generate a reliable
HU-to-electron density conversion, as required for dose cal-
culation. Multiple approaches have been proposed to
address this topic, ranging from phantom-based calibrations
to individual treatment sites calibrations, using the knowl-
edge of the image intensity levels or tissue densities, as well
as density override approaches from pCT to CBCT.””™

Another method for mapping doses (see Fig. 6 from Veiga
et al™®) involves the generation of a resampled or “synthetic
CT” formed by deforming the pCT to the CBCT.**"* Post-
processing techniques on the image datasets, such as histo-
gram equalization, can be used to enhance the registration
accuracy.”"® Dose is then computed on the synthetic CT,
which potentially circumvents issues related to HU, noise,
and other factors impacting accuracy of the CBCT. Another
difficulty associated with dose calculations on CBCT is the
limited craniocaudal length and field-of-view, which can be
problematic for proper dose computation and deformable
mapping for sites, such as the head and neck. Different
approaches have been proposed to address the limited field-
of-view problem, including extrapolation of the CBCT data-
set based on deformation with the pCT.**"’

In addition to ART, the management of tumor and
normal tissue response following radiotherapy based on
follow-up CT, MRI, PET (or other image modalities) also
necessitates proper deformable dose mapping approaches
in order to be able to establish accurate dose-volume-
effect relationships. This process is muddied by the sig-
nificant changes in the tumor and normal tissue anatomy

. 38-91 .
months after radiotherapy. Issues,”” " such as regression

of the tumor, differentiation between tumor vs fibrotic
changes, normal tissue density and mass changes, etc.,
are all highly relevant and impact on the accuracy of
deformable dose accumulation, and must therefore be
considered carefully.

Deformable Dose Mapping:
Considerations

The concept of dose while conceptually straightforward is
not without controversy. Debates on the appropriateness of
deforming dose along with deformable image registration,””
as well different approaches for accurate deformable dose
accumulation have been on-going.””” As discussed by
Schultheiss and Tomé,”” there are several factors influencing
the accuracy of deformable dose accumulation, including
issues related to image distortion, noise, artifacts, and tumor
and normal tissue motion. While these errors will impact
directly on the accuracy of the deformably mapped organs/
contours, visual verification of these contours is at least pos-
sible to estimate the accuracy of the registration. However,
with regard to dose, there are no qualitative or quantitative
approaches to which to assess the deformed dose distribu-
tions. This issue is further confounded by the fact that the
voxel-based mapping of deformed dose does not account for
cellular spatial changes, such as regression of some types of
solid tumors, as well reduction in volume of normal tumors,
for example parotid glands during fractionated radiother-
apy.”” Tt is difficult to quantify the level of uncertainty in
deformed dose distributions in light of these factors. There-
fore, the question of whether or not it is better to provide an
uncertain estimate of the deformed dose during ART or not
to deform dose at all, is indeed of relevance.””

Perhaps one reasonable approach is to assess individual
patient circumstances, and to exercise caution under condi-
tions in which tumors and/or normal tissues are noted to
exhibit significant changes during radiotherapy.”* ™ 1Tt is
likely that current intensity-based deformable algorithms are
inaccurate under such situations. In order to appreciate the
limitations, one must gain understanding into the manner in
which tumors regress in response to radiation. As pointed
out by Schultheiss and Tomé,”” this is not a facile problem.
However, based on clinical observations,”” ™ it is possible
that different models of tumor regression can provide plausi-
ble descriptions of tumor response for different treatment
sites. Figures 6 and 7 provide 2 possible modes of tumor
regression, as suggested previously.’" %"

In the first case (Fig. 7), the tumor regresses elastically
possibly without leaving behind microscopic extension,
and the surrounding normal tissue moves concentrically
with the tumor border. In the second case (Fig. 8), the
tumor does not regress elastically, potentially leaving
behind microscopic, extracapsular spread, and the normal
tissue generally remains intact while the tumor boundary
regresses. Lung tumors have generally exhibited dose
response typical of the first case,””” whereas head and
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Figure 7 Left: Tumor and surrounding tissue at initial time point. Right: Tumor regressing “elastically” with normal
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Figure 8 Left: Tumor and surrounding tissue at initial time point. Right: Tumor regressing “inelastically” with possible
regions of microscopic extension. Normal tissue does not move concentrically with tumor border.

neck tumors with extracapsular extension resemble the sec-
ond regression method.”” With elastic regression, it may be
reasonable to assume that adaptation of the planning mar-
gins according to the tumor boundary is safe; however, in
situations where microscopic extension is present, it is
likely unsafe to reduce planning margins even if the geomet-
ric tumor boundary regresses.

As demonstrated previously, the use of typical deformable
algorithms to map dose from the regressed tumor in the sec-
ond time point to the initial tumor mass first time point is
likely to be inaccurate.”* This is because most DIR algo-
rithms are based on the intensity similarity of the 2 image
sets being registered, and consequently the deformation
maps will tend to align the border of the regressed tumor
mass with that of the initial tumor. From a dose perspective,
this means that regardless of the tumor mass change, the
dose in the regressed tumor is forced to be the same as that
in the initial mass, implying that energy has been created,
thereby resulting in a physically intractable solution.” Inten-
sity-based deformable algorithms map dose without consid-
eration of the spatial regression modes of the tumor as
described above.”””” For the case of elastic regression, it is
likely that a volume-preserving or a rigid mapping of the
dose in the regressed tumor to that in the original tumor will
provide a better estimate of the accumulated dose. For the
case where the tumor undergoes inelastic mass changes,
deformable dose mapping from the regressed to the initial

tumor masses will not properly account for dose to the nor-
mal tissue surrounding the regressed tumor mass, which
may not move in concert with the tumor boundary.”""*
Another relevant consideration toward the goal of accurate
dose estimation for ART is related to summation of doses for
different fractionation regimens. There are 2 considerations
here. First, the physical doses delivered and summed to tar-
gets and OARs will be different based on the type of registra-
tion performed to map doses, which implies that the
biologically equivalent doses will be different, regardless of
the type of biological model applied. Second, the biological
model used for the conversion of physical to biologically
equivalent dose will also have an impact on the accumulated
dose. Boman et al'’” performed dose summation for clinical
retreatment plans using 3 different summation methods: (1)
rigid registration of planning images and direct (physical)
dose summing; (2) deformable registration of planning
images and direct (physical) dose summing; and (3) deform-
able registration of planning images biologically equivalent
dose summing, applying the linear-quadratic model. They
showed that differences between deformable direct, and rigid
direct dose summations was in the range of —8 to 2 Gy in the
maximum OAR doses (DO0.1cc), with corresponding differen-
ces in the range of —14 to 5 Gy between deformable biological
and rigid biological dose summations. They surmised that the
differences arise from incorrect summation of doses in the
rigid direct sum case (relative to deformable summation), and
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from the dose per fraction effect in biological summation (rel-
ative to direct, physical dose summation).'”” With regard to
the type of biological model used for the dose summation, the
linear quadratic model has served as the benchmark method
for estimation of biological dose especially in the context of
conventional fractionation regimens (2 Gy/fraction). Modifi-
cations to the linear quadratic model for hypofractionated
regimens (>10 Gy/fraction) to better fit empirical data, as well
as other models have been proposed, and is the subject of on-
going investigation. 103100

Discussion

Deformable dose accumulation is a foundational require-
ment for ART. In order to accurately model dose-volume-
effect relationships over the course of fractionated radiother-
apy in the context of ART, or for response assessment follow-
ing radiotherapy, it is necessary to accumulate doses to
tumors and normal tissues'”” in the face of tumor and/or
normal tissue changes. Deformable dose algorithms are lim-
ited in complexity with regard to cellular changes that occur
in tumors and normal organs during fractionated radiother-
apy, and consequently accurate voxel-based dose mapping is
especially challenging under circumstances where mass is
altered. Based on clinical observations of different treatment
sites, it might be possible to construct approximate models
of tumor regression patterns, which can in turn be used to
intelligently constrain the deformable registration algo-
rithms, thereby leading to better estimates of the deformed
dose. As a field, it is important that we understand the limita-
tions of the readily available tools we have at our disposal for
deformable dose accumulation, and importantly that we
exercise caution in applying these tools without careful con-
sideration of the possible uncertainties. In this regard, it is
imperative that the clinical team evaluate the adaptive
changes for each individual patient — indeed, there may be
some circumstances where tumor and/or normal tissue mass
changes are deemed unreasonable, in which case restraint on
the use of deformable dose accumulation may be warranted.

Ultimately, the impact on patients of deformable dose
accumulation for ART is of central concern. It would
behoove us to develop consistent methodologies to accu-
rately deform dose, such that clinical outcomes can be corre-
lated with the deformed dose distributions in a dependable
manner. Clinical trials are necessary to evaluate the possible
clinical benefit of ART.'”*"'" The results of our clinical
experiences are likely to produce more compelling results
(specifically deformable dose-volume-effect relationships) if
consistent deformable registration and dose mapping meth-
odologies are applied uniformly for different treatment sites
and regression models.

Finally, the clinical resources required for deformable
dose accumulation for ART are not insignificant, as one
needs to validate the accuracy of the deformable image regis-
tration algorithms and the resulting accumulated dose distri-
butions prior to clinical application.”*”® This represents a
paradigm shift from our conventional treatment approach,
and may well require additional staffing resources for

successful implementation. The development of automated
tools to enable high-quality ART is likely to lead to efficiency
gains, in addition to fostering clinical uptake.
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