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Abstract

Purpose: MRI-only radiotherapy treatment planning is attractive since MRI provides superior
soft tissue contrast over CTs, without the ionizing radiation exposure. However, it requires the
generation of a synthetic CT (SCT) from MRIs for patient setup and dose calculation. In this
study, we aim to investigate the accuracy of dose calculation in prostate cancer radiotherapy using
SCTs generated from MRIs using our learning-based method.

Materials and Methods: We retrospectively investigated a total of 17 treatment plans from 10
patients, each having both planning CTs (pCT) and MRIs acquired before treatment. The SCT was
registered to the pCT for generating SCT-based treatment plans. The original pCT-based plans
served as ground truth. Clinically-relevant dose volume histogram (DVH) metrics were extracted
from both ground truth and SCT-based plans for comparison and evaluation. Gamma analysis was
performed for the comparison of absorbed dose distributions between SCT- and pCT-based plans
of each patient.

Results: Gamma analysis of dose distribution on pCT and SCT within 1%/1 mm at 10% dose
threshold showed greater than 99% pass rate. The average differences in dose volume histogram
(DVH) metrics for planning target volumes (PTVs) were less than 1%, and similar metrics for
organs at risk (OAR) were not statistically different.

Conclusion: The SCT images created from MR images using our proposed machine learning
method are accurate for dose calculation in prostate cancer radiation treatment planning. This
study also demonstrates the great potential for MRI to completely replace CT scans in the process
of simulation and treatment planning. However, MR images are needed to further analyze
geometric distortion effects. Digitally reconstructed radiograph (DRR) can be generated within our
method, and their accuracy in patient setup needs further analysis.
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INTRODUCTION

There is a growing interest in incorporating magnetic resonance imaging (MRI) in radiation
therapy 1 owing to its superior soft tissue contrast over computed tomography (CT), which is
crucial for target and OAR delineation.2:3 This is particularly important for intensity
modulated radiation therapy (IMRT), due to the sharp falloff outside the target volume.?
Since CT images provide electron density maps for dose calculation and reference images
for setup positioning, MR images, when used for treatment planning are first fused to the
reference CT via a rigid or deformable registration.14

Image registration, however, introduces registration uncertainty,® which stems from
challenges of image registration due to (1) actual geometrical differences at the time of
image acquisition, and (2) modality related geometrical distortions. Actual geometrical
differences result from differences in patient setup, internal organ motion, changes in patient
anatomy at the time of the two image acquisitions (organ swelling, changes in weight).
Registration uncertainty is reported to range from 0.5 to 3.5 mm,5-9 and results in
uncertainty in contours which consecutively propagates throughout the entire treatment
course, resulting in a systematic error. Since MR acquisition is already standard practice in
radiation therapy workflow, elimination of CT acquisition subsequently the respective cost
will simplify the workflow, as well as a non-negligible concomitant dose received by the
patient during CT image acquisition.10 The latter is of particular importance for pediatric
patients, especially those undergoing multiple scans during their treatment.11 Moreover, with
the rise of MRI-guided treatment techniques, such as MRI-LINACs,12-16 eliminating CT
acquisition from the patient care path is increasingly appealing.

The main challenge of MRI-only treatment planning is the fact that MRI signal intensity
correlates with proton density and tissue relaxation properties rather than electron density
which is crucial for dose calculation.”7 Moreover, lack of signal from cortical bone in
conventional MRI poses a dilemma for generating the positional verification reference
images that are needed for image-guided radiation therapy (IGRT). To overcome these
obstacles, three main approaches 18 have been proposed to estimate tissue attenuation
properties using MRI: (1) voxel-based,19:20 (2) atlas-based,?1-24 (3) bulk assignment-based
techniques.17:25-29 The MR-based tissue attenuation maps generated using the above
methods are referred to as Synthetic CT (SCT). However, voxel based techniques require
unconventional MR sequences which are not available for every patient. The accuracy of
atlas-based and bulk assignment-based methods is constrained by the limitations in
classification and distinction between air and bone regions.

With recent developments brought about by machine learning techniques, novel methods to
generate MRI-based SCT with promising accuracy have been proposed.3%-32 These methods
use a large number of pairs of registered planning CT (pCT) and MR images of each patient,
with which the model learns the conversion between the MR signal and attenuation
coefficient in CT. After the training phase, the algorithm uses MR images to predict the
corresponding SCT. Recently, our group has developed a method to obtain SCTs from MR
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images33:34 using machine learning with an auto-context model, with promising results for
brain stereotactic radiosurgery.3®

In this retrospective study, we present the accuracy of our method33:34 in dose calculation for
prostate Volumetric Arc Therapy (VMAT) planning. We compare dose volume histogram
(DVH) endpoints for clinically relevant structures, and dose distributions obtained from SCT
against those from the ground truth pCT.

METHODS AND MATERIALS

We initially built a set of paired training MRI and CT images. The CT images served as the
regression target of the MRI. We then performed preprocessing by removing uninformative
regions and reducing noise, followed by aligning MRI and CT images with a rigid
registration. The synthesis of CT images consists of two major stages: the training stage and
the synthesis stage. In the training stage, we first extracted anatomical features on voxel,
sub-region and whole-patch levels from each MR image, identified the most salient and
informative features and utilize them together with the corresponding CT image to train an
initial structured random forest based on an integrated auto-context model (ACM). 3436 We
then used the resulting forest to generate the SCT image for each MR image in the training
set, leading to an initial set of predictions/generations. Together with the features from
original CT images, we further extracted context features from the predicted CT images to
train a new structured random forest to perform another prediction. By repeating this process
until convergence, we obtained a sequence of trained forests. In the synthesis stage, we
extracted features from the new MR image (target) and fed them into the trained forests for
the CT image generation. Figure 1 shows a schematic view of our proposed method.

10 prostate cancer patients who were treated with external beam radiation therapy at a single
institution were randomly selected. Standard care CT and MR images were acquired. MR
images were acquired using a Siemens AVANTO MRI scanner with 1.0x1.0x2.0 mm3 voxel
size (TR/TE: 1000/123 ms) and CTs were captured with a Siemens SOMATOM Definition
AS CT scanner with 1.0x1.0x2.0 mm?3 voxel size. 7 patients were treated with an initial plan
that was followed by a boost, which resulted in total of 17 plans. All patients, with the
exception of one patient who was prescribed 70 Gy, were prescribed a total dose of 79.2 Gy.
Because treatments were divided into two (initial and boost) plans, the dose per plan ranged
from 34.2 t0 79.2 Gy.

In order to evaluate the performance of the SCT images, we compared the dose distribution
calculated on the SCT against that of the pCT. All plans were created in Eclipse 13.6 (Varian
Medical Systems, Palo Alto, CA) using VMAT technique, using 10 MV photons with a
2.5mm dose grid. We kept all plan parameters the same, in order to keep the comparison
monovariant. Due to uncertainties associated with reproducibility of patient setup, as well as
anatomical changes and/or organ motion that might have occurred between the two image
acquisitions, deformable registration was performed using commercial image registration
software, Velocity Al 3.2.1 (Varian Medical Systems, Palo Alto, CA), to align SCT images
obtained from MRIs to the pCT. The original treatment plan was duplicated onto SCT
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volumes and doses were recalculated using the same algorithm (analytical anisotropic
algorithm, AAA), grid size (0.1 cm) and HU calibration.

Dose distributions obtained from SCT plans were qualitatively compared against those
derived from pCTs. Clinically relevant DVH endpoints were compared for PTV and relevant
OARs. Gamma analysis using 1%/1mm criteria was performed on the axial, sagittal, and
coronal planes at isocenter to compare dose distributions computed on SCTs and pCTs.

RESULTS

Figure 2 presents a side-by-side view of pCT, SCT, and MR images obtained from a single
patient, shown at the same window and level. Qualitatively, the SCT images maintain image
quality and structural details. However, structural discrepancies between the two images
occur in small volumes in areas of bone and air, and the SCT images overall appears slightly
blurred.

Figures 3(al-c1) and 3(a2-c2) show the dose color wash for pCT and SCT-based plans in
axial, sagittal, and coronal views. Qualitatively, the two plans are very similar. Figure 3(a3-
c3) shows the dose difference map in each view. As seen, the differences are minor for the
majority of the volume, and the maximum difference occurs at the external outline of the
body. Dose profiles along the two axes for each plane are presented in Figures 3(a4-c4, a5-
c5), and further demonstrate that dose distribution based on pCT and SCT images are in
accord. DVH curves of PTV and relevant OARs for are presented in Figure 4 as an example.
The close agreement of DVVHs parameters derived from SCT and the pCT plans shows
minimal dose difference between the two; plan quality is nearly identical for the 2 cases.

Differences in PTVs and OARs DVH metrics for of the 17 plans are presented by boxplots
in Figure 5 and Figure 6, respectively. The central line in each box shows the median, and
the yellow and gray bars present 251" and 75t percentiles, respectively. The whiskers extend
to the most extreme data points excluding the outliers, which are shown individually using
the *x* symbol. Differences in DVH metrics for all 17 plans are summarized in Table I.
Standard deviation (STD), and the p-values calculated with null hypothesis of zero dose
difference between SCT and pCT are presented. For all PTV metrics, the average difference
among the 17 plans is less than 0.1 Gy or 0.3%; and p-values for all metrics are greater than
0.05, confirming high accuracy of dose calculated based on our method. Additionally,
gamma analysis using 1% 1 mm criteria on axial, sagittal, and coronal plans at isocenter for
all plans shows a passing rate of over 99%.

Another important challenge in MRI-based planning is the feasibility of generating digitally
reconstructed radiograph (DRR) for patient setup. Figure 7 shows DRRs generated from the
pCT (a) and the SCT (b). Visually, the images show good agreement, although errors appear
in bone detection.

DISCUSSION

In this study, we evaluated the accuracy of dose calculations of prostate VMAT plans using
SCT images generated from MR images by our machine-learning-based method. Side-by-
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side comparison of the two reveals similar image contrast and good agreement in dose
distribution. However, the image quality of the original pCT was better than that of the
SCTs. Since contouring was performed on MR images and SCTs are used merely for dose
calculation purposes, contouring accuracy in SCT and pCT were the same. Our statistical
analysis of DVH endpoints for 17 plans for 10 patients showed that the average differences
in DVH endpoints of PTVs and OARs were not statistically different at significance level of
0.05. High accuracy of dose calculation on SCT is further supported by the gamma analysis
at 1% 1 mm pass rate of 100%, which is comparable with previously published results of
99.9% pass rate at 2%, 1 mm.3” Relative dose difference in several DVH endpoints for the
PTV was less than 1%. The above quantitative results show the accuracy of dose calculation
for prostate VMAT using our method is sufficient to replace pCTs. The dose calculation
errors based on SCTs were mainly at the external body contour, which was generated based
on the MR images. This can originate either from registration uncertainty or from errors in
detection of the interface of the body which requires accurate detection of air. Body contour
is defined based on the pCT. However, SCT relies on MR images to detect the interface of
air and tissue and assign HU values accordingly. Any error in HU values will result in
differences dose distribution.

In this study, MR images available to us had limited FOV. In order to resolve the truncation
issue in this dosimetric comparison, the surrounding tissues which fell outside the MRI FOV
were adopted from the pCT to construct complete anatomy of the patient which fell within
pCT image. The SCT was constructed by interpolation into the same voxel size as the pCT.
One might argue that the excellent agreement between dose distributions based on
composite SCTs and the pCTs is due to the shared information between the two. Though
this is a valid concern, this issue affected less than 10% of the volume of the SCT. Therefore,
the agreement between dose distributions is based on different image information sources.
Yet, the fact that the two images are patched suggests that our SCTs inherently contain
image registration errors. Though this negates one of the most attractive advantages of MRI-
based planning, our results provide evidence for proof of concept.

Our next step is to obtain MR images with larger FOVs to better test our method of dose
calculation based on SCTs. Larger FOVs on MR images however introduce complex image
distortion errors. It is important to evaluate the magnitude of discrepancies related to these
errors. Another question is whether our machine learning algorithm is capable of detecting
and rectifying distortions. Assessment of geometric distortions associated with MR images
over a large FOV, and the performance and efficiency of our machine-learning algorithm in
detecting and rectifying for such geometric distortions need to be evaluated, and
performance of our machine-learning algorithm in recognizing and rectifying for such
distortions needs to be tested. The efficacy of the DRRs generated by this method for patient
setup need to be evaluated using a phantom. Another important issue is the accuracy of this
method in patient positioning. Though generation of DRRs is possible (shown in Figure 7),
their efficacy in reproducible positioning of the patient was not studied. Phantom studies are
needed to provide us with quantitative understanding of the distortion and setup errors.
Another interesting question to evaluate the feasibility of our MRI-based SCT for dose
calculation for proton therapy.
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CONCLUSIONS

We investigated the dose calculation accuracy of SCT images generated from routine MRIs
for MRI-based prostate cancer radiotherapy using our novel machine learning-based
method. Quantitative results based on 17 SCT- and pCT-based prostate plans show no
significant differences in DVH endpoints for PTVs and relevant OARs. This demonstrates
that the reported method is capable of reliably generating SCT images from MR images and
provides dose calculation of comparable accuracy to the standard CTs used for prostate
cancer treatment planning. The image accuracy and dosimetric agreement between synthetic
and planning CTs warrant further development of an MRI-only workflow for prostate cancer
radiotherapy. This would potentially eliminate CT acquisition and subsequently the
respective cost, simplify the workflow, eliminate registration uncertainties.1°
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Figure 1.

Schematic flow chart of the proposed algorithm for MRI-based synthetic CT (SCT)

generation.
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Figure 2.
The axial, sagittal, and coronal view of CT images of one of the 10 patients. Columns (a),

(b), and (c) show the pCT images (from simulation), SCT images after a deformable SCT-
pCT registration, and MR images, respectively. The red contours indicate PTVs. Display
window: [-160, 240] HU.
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Figure 3.
Dose color washes of (1) pCT and (2) SCT plans for the patient shown in Figure 2. Dose

difference maps between (1) and (2) are shown in (3). Dose percentage difference profiles on
the 2 axes in each plane are depicted in (4) and (5). a, b, and c are axial, sagittal, and coronal
views, respectively.
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Figure 4.
DVH curves for the PTV, bladder, rectum, penile bulb, left and right femoral heads of the

patient presented in Figure 2

Med Dosim. Author manuscript; available in PMC 2020 February 01.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Shafai-Erfani et al.

Absolute Dose Difference (Gy)

0.4
0.3
0.2
0.1
0
0.1
0.2
-0.3
0.4

Page 13
_ 10
PTV L PTV
=
2 05
L
z
% =
I -1 T N
“
z
a
> 4 $ .05
X * x & e % % X *
=
<
% 10
Dmin D10 D50 Dos Dmean Dmax Dmuin D10 D50 Dos Dmean Dmax
Figure 5.

Statistical distribution of a) absolute and b) relative dose distribution at DVH endpoints for

PTVs of all 17 plans. The central mark indicates the median. The yellow and gray bars

indicate the second and third quartiles, respectively. The whiskers extend to the most
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Figure 6.
Statistical distribution of column a) absolute and column b) relative dose distribution at

DVH endpoints for OARs of all 17 plans. The central mark indicates the median. The yellow
and gray bars indicate the second and third quartiles, respectively. The whiskers extend to
the most extreme data points not considered outliers, and the outliers are plotted individually
using the “x’ symbol. (PB - penile bulb, LFH - left femoral head, RFH - right femoral head)
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Figure 7.
The anteroposterior (AP) and lateral DRRs constructed from (a) pCT, and (b) SCT of the

patient in Figure 2.
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Differences in DVH metrics of PTVs and OARs among all 17 plans.

Table I.

PTV Dmin D10 D50 D95 Dmean Dmax
Mean -0.088 -0.053 -0.058 -0.059 -0.057 -0.062
STD (Gy) 0.135 0.051 0.050 0.055 0.050 0.099
Relative Mean  -0.233 -0.121 -0.133 -0.141 -0.133 -0.152
STD (%) 0.356 0.136 0.140 0.141 0.136 0.238
P-Value 0.987 0.993 0.992 0.992 0.992 0.992
Bladder Dmin D10 D50 D95 Dmean Dmax
Mean -0.008 -0.081 -0.039 -0.009 -0.042 -0.088
STD (Gy) 0.017 0.052 0.038 0.013 0.033 0.072
Relative Mean  -0.058 -0.184 -0.198 -0.081 -0.184 -0.187
STD (%) 0.350 0.145 0.178 0.280 0.150 0.183
P-Value 0.996 0.988 0.991 0.997 0.989 0.988
Rectum Dmin D10 D50 D95  Dmean Dmax
Mean 0.001 -0.055 -0.027 -0.001 -0.027 -0.072
STD (Gy) 0.006 0.066 0.047 0.015 0.048 0.088
Relative Mean 0.166 -0.135 -0.104 0.040 -0.116 -0.154
STD (%) 0.415 0.162 0.237 0.413 0.190 0.226
P-Value 0.998 0.993 0.993 0.999 0.993 0.990
Penile Bulb Dmin D10 D50 D95 Dmean Dmax
Mean -0.026 -0.014 -0.003 -0.006 -0.007 -0.032
STD (Gy) 0.055 0.033 0.018 0.012 0.017 0.057
Relative Mean  -0.259 -0.064 -0.047 -0.084 -0.065 -0.090
STD (%) 0.421 0.129 0.214 0.194 0.153 0.140
P-Value 0.987 0.998 0.999 0.998 0.998 0.995
Right Femur Dmin D10 D50 D95 Dmean  Dmax
Mean -0.001 -0.014 -0.003 0.001 -0.005 -0.016
STD (Gy) 0.003 0.016 0.011 0.004 0.011 0.032
Relative Mean  -0.090 -0.085 -0.058 0.101 -0.069 -0.066
STD (%) 0.363 0.109 0.145 0.272 0.132 0.143
P-Value 0.994 0.995 0.998 0.996 0.997 0.997
Left Femur Dmin D10 D50 D95 Dmean Dmax
Mean 0.000 -0.018 -0.007 0.001 -0.008 -0.011
STD (Gy) 0.002 0.013 0.007 0.004 0.008 0.043
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PTV Dmin D10 D50 D95 Dmean Dmax
Relative Mean 0.013 -0.108 -0.082 0.049 -0.087 -0.071
STD (%) 0.282 0.083 0.089 0.287 0.087 0.174
P-Value 0.999 0.994 0.997 0.997 0.996 0.998
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