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Purpose: This study assessed the dosimetric accuracy of synthetic CT images generated from magnetic
resonance imaging (MRI) data for focal brain radiation therapy, using a deep learning approach.

Material and methods: We conducted a study in 77 patients with brain tumors who had undergone both
MRI and computed tomography (CT) imaging as part of their simulation for external beam treatment
planning. We designed a generative adversarial network (GAN) to generate synthetic CT images from
MRI images. We used Mutual Information (MI) as the loss function in the generator to overcome the
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Is(eﬁ moert‘fz: T misalignment between MRI and CT images (unregistered data). The model was trained using all MRI
B¥ain MRI slices with corresponding CT slices from each training subject’s MRI/CT pair.

Results: The proposed GAN method produced an average mean absolute error (MAE) of 47.2 + 11.0 HU
over 5-fold cross validation. The overall mean Dice similarity coefficient between CT and synthetic CT
images was 80% + 6% in bone for all test data. Though training a GAN model may take several hours,
the model only needs to be trained once. Generating a complete synthetic CT volume for each new patient
MRI volume using a trained GAN model took only one second.

Conclusions: The GAN model we developed produced highly accurate synthetic CT images from conven-
tional, single-sequence MRI images in seconds. Our proposed method has strong potential to perform

Deep learning
Mutual information
GAN structure

well in a clinical workflow for MRI-only brain treatment planning.
© 2019 Published by Elsevier B.V. Radiotherapy and Oncology 136 (2019) 56-63

Treatment planning in modern radiation therapy uses both
computed tomography (CT) and magnetic resonance imaging
(MRI) for many disease sites. Although CT images provide electron
density values needed for treatment planning, MRI images provide
superior soft tissue contrast to delineate tumors and soft tissues.
Moreover, incorporating MRI into treatment planning substantially
reduces inter- and intra-observer contouring variability for many
disease sites [1-4]. In the brain, MRI can resolve tumor boundaries
that cannot be resolved on CT [5] and can identify peritumoral
edema [6]. Furthermore, MRI is a multi-parametric imaging modal-
ity that can provide not only anatomical information with high
soft-tissue contrast, but also valuable functional information for
assessing disease progression and evaluating treatment response
[7,8].

Treatment planning based only on MRI would reduce radiation
dose, patient time, and imaging costs associated with CT imaging,
streamlining clinical efficiency and allowing high-precision treat-
ment planning. Additionally, anatomic and functional imaging
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needed for treatment planning could all be performed during the
same sophisticated imaging session, thereby reducing image regis-
tration errors. Despite these advantages, several challenges must
be overcome before MRI-only planning can be introduced into
the clinic, including developing robust methods to accurately gen-
erate synthetic CT images from MRI images.

The methods proposed in the literature to automatically gener-
ate synthetic CT images from MRI images can be divided into dif-
ferent categories, including tissue segmentation-based, learning-
based, atlas-based, and deep learning-based approaches. For exam-
ple, Paradis et al. [9] applied several pulse sequences (including
UTE) using a voxel-based technique to generate synthetic CT brain
images, and they achieved a mean dose difference in the target of
less than 1%. Other groups used T1/T2* MRI images to generate
synthetic CT images in brain or prostate using voxel-based meth-
ods. Several studies used atlas/multi-atlas-based methods for this
purpose with a mean absolute error (MAE) of 184 + 34 in brain [10]
and a range of 36.5 + 4.1 and 54 HU in prostate [11,12].

Han [13] was the first to apply a 2D U-Net model with MAE as
the loss function to convert a 2D MRI slice to its corresponding 2D
CT of brain. They reported an average MAE of 84.8 + 17.3 across all


http://crossmark.crossref.org/dialog/?doi=10.1016/j.radonc.2019.03.026&domain=pdf
https://doi.org/10.1016/j.radonc.2019.03.026
mailto:maowrangi@gmail.com
https://doi.org/10.1016/j.radonc.2019.03.026
http://www.sciencedirect.com/science/journal/01678140
http://www.thegreenjournal.com

S. Kazemifar et al./Radiotherapy and Oncology 136 (2019) 56-63 57

test data and required an accurate MRI/CT alignment in the train-
ing data. Maspero et al. [14] used 3 contrast MRI images, including
in phase, water, and fat images, as input for a generative adversar-
ial network (GAN) in pelvis data with an average MAE of 61.0 + 9.0
over all test data. Also, they rigidly aligned and assigned air loca-
tions from MRI to CT. GAN has been used to generate synthetic
CT from unpaired brain MRI images [15] and paired training data
sets [16]. Although deep learning-based methods have achieved
state-of-the-art performance across different medical applications
[17], they can still be improved for optimal clinical and research
applications [18]. So far, no study has evaluated the performance
of a GAN model with a new loss function or evaluated the dose cal-
culation accuracy of synthetic CT generated using this modified
model on brain MRI. Therefore, we investigated the accuracy of
the proposed method and performed a dosimetric evaluation of
synthetic CT images generated from un-aligned MRI/CT data for
focal brain radiation therapy using a deep learning approach.

Material and methods

Image acquisition

We analyzed CT and MRI images from patients who had under-
gone brain tumor radiotherapy. Tumor sizes varied between 1.1
and 42.4 cm®. The images were collected at the University of Texas
Southwestern Medical Center (UTSW) as part of the standard treat-
ment protocol. CT and MRI images of 77 patients were retrospec-
tively reviewed using an institutional cancer registry database
under an institutional review board-approved study (IRB number:
STU 052012-019). Patients underwent both CT (Philips Big Bore
scanner, Royal Philips Electronics, Eindhoven, The Netherlands)
and MRI scanning for radiotherapy treatment planning. Because
this is a retrospective study and the CT and MRI scans were per-
formed in different departments, images were acquired using dif-
ferent vendors. All CT images were acquired in the Department
of Radiation Oncology using a 16-slice CT, 120kV, exposure
time=900ms and 180 mA. Images were acquired with a
512 x 512 matrix and 1.5mm slice thickness (voxel size
0.68 x 0.68 x 1.50 mm?>). All MRI images were acquired in the
Department of Radiology using a 1.5 T magnetic field strength
and a post-gadolinium 2D T;-weighted spin echo sequence with
TE/TR =15/3500 ms, a 512 x 512 matrix and an average voxel size
of 0.65 x 0.65 x 1.5 mm>. The pixel size range of MRI data was
0.51 x 0.51 mm?-0.88 x 0.88 mm?. To train the model, the MRI
images were resampled to the same voxel size as CT images. In
addition, the synthetic CT have the same voxel value as CT images
(0.68 x 0.68 x 1.5 mm?). 70% and 12% of the patient data were ran-
domly selected for training and validation, respectively, and the
remaining 18% was used for testing. We used 5-fold cross valida-
tion to evaluate the model’s performance. 82% of the data was split
into 5 folds, and in each run, 4 folds were used for training and one
fold was used for validation. Each trained model was used to gen-
erate synthetic CT images using the test data. Test data were never
used for training and validation; they were only used at the end to
evaluate the accuracy of this method.

Generative adversarial network (GAN)

Generative adversarial networks [19] are a class of deep
machine learning algorithms used in unsupervised learning and
implemented by two convolutional neural networks: a generator
and a discriminator. Deep learning methods are the current
state-of-the-art for generating HU maps because they have the
advantage of learning low features to complex features automati-
cally from images. The most appropriate networks for generating
synthetic CT from MRI images were identified by Ronneberger

et al. as the U-Net [5] and by Goodfellow et al. as the generative
adversarial network (GAN) [6]. Here, we used the Mutual Informa-
tion (MI) as the loss function, which differs from the loss function
used in a standard conditional GAN model [20]. For the generator
network, we used a 2D U-Net [21] model that directly learns a
mapping function to convert a 2D MRI grayscale image to its cor-
responding 2D synthetic CT image. Generally, the U-Net model is
a pixel-wise prediction network and includes convolutional (enco-
der) and deconvolutional (decoder) networks. First, the low level
feature maps are down-sampled to high level feature maps using
a max pooling layer. Second, the high level feature maps are up-
sampled to low level feature maps using the transposed convolu-
tional layer to construct the prediction image. Our network con-
tains blocks of convolutional 2D layers with variable filter sizes
but the same kernel sizes and activation functions, except the last
layer. The structure of our U-Net model is illustrated in Fig. 1 (A).
On the left side of the U-Net structure, we used three 3 x 3 convo-
lutional layers, each followed by a rectified linear unit (ReLU) (acti-
vation function), and one max pooling operation. On the right side
of the U-Net structure, we used a 2 x 2 transposed convolutional
layer followed by a concatenate layer and two 3 x 3 convolutional
layers with a ReLU activation function. In addition, we added a
batch normalization layer to each 3 x 3 convolutional layer and a
dropout layer to one 3 x 3 convolutional layer. For the final layer,
we used a 1 x 1 convolutional layer with a filter size of 1 and a sig-
moid activation function. The generator’s loss function was MI
using an Adam optimizer of learning rate = 0.0002, beta_1 =0.5.
The discriminator takes an input with an image size of 352 x 352
and produces output as a real number in [0; 1]. The discriminator
consists of 6 convolutional layers with different filter sizes but the
same kernel sizes and strides, followed by 5 fully connected layers.
We used ReLU as the activation function and a batch normalization
layer for the convolutional layers. The dropout layer was added to
the fully connected layers, and a sigmoid activation function was
used in the last fully connected layer. We employed binary cross
entropy for the loss function and the Adam optimizer with a learn-
ing rate = 0.00005, beta_1 = 0.5 in this network. We used 3 x 3 for
kernel size and 2, 4, 8, 16, 32 and 64 as the filter sizes in the dis-
criminator network. The details of this structure are shown in
Fig. 1 (B). The interaction between the generator and discriminator
networks in our GAN model is shown in Fig. 1(C). This work
applied the concept of conditional GAN [20], but there are some
differences from the original. First, we used U-Net with MI as the
loss function, and second, we used several convolutional layers
and several fully connected layers with ReLU and binary cross
entropy as the activation and loss functions in the discriminator
network.

We replaced the loss function of the generator model with MI
between the CT and generated CT images, because MRI and CT
images are not aligned. We formulated the MI inside the loss func-
tion to overcome difficulties in ideal registration. Mutual Informa-
tion measures the “amount of information” of one variable when
another variable is known. Maximizing Mutual Information is
equivalent to minimizing the joint entropy (joint histogram). The
MI between two variables is expressed as:

p(xi, G(yi))

P S T e)

=Hxi) + H(G1) — H(x;, G(yy))
where p(x;, G(y;)) is the joint distribution, and p(x;) and p(G(y;))
indicate the distribution of images x; and G(y;). Here, the loss func-

tions are explained. Step 1 involves updating the discriminator D by
the following loss function:

—logD(x;) — log(1 — D(G(y:))) (M

MI(xi, G(y:))
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Fig. 1. Proposed GAN model with two networks, such as generator and discriminator models. The structures of the Generator (A) and Discriminator (B) are shown. GAN

model for generating synthetic CT from MRI images (C).

and Step 2 involves updating the generator G by the following
cost function:

MI(xi, G(y:)) (2)

where G is the generator and D is the discriminator, {x;,y;} is the
training pair, x; is the CT image, G(y;) is the generated CT image with
y; as the MRI image, i is number of the image, MI is Mutual Informa-
tion, H(x;) is the entropy of image x;, and H(x;, G(y;)) is the joint
entropy of these two images.

Volumetric modulation arc therapy (VMAT) planning and dose
calculation

Both images were imported into the Eclipse treatment planning
system (Eclipse v15.0, Varian Medical Systems). Then, the syn-
thetic CT images were rigidly aligned to the CT images for dose
comparison using Eclipse software. Targets and organs at risk
(OARs)—including left and right eye, optic nerves, optic chiasm,
and brainstem—were contoured on CT images and reviewed by
the radiation oncologist. In the next step, CT contours were trans-
ferred to the registered synthetic CT images, and the optimized
VMAT plan was transferred from CT to synthetic CT images. The
dose was calculated on synthetic CT images using the plan trans-

ferred from the original CT images. In addition, we optimized the
plans for CT and synthetic CT separately and measured mean dose
values in planning target volumes (PTV) and OARs.

Dose-volume histogram (DVH) was analyzed for all test
patients, and dosimetric parameters and total monitor units
(MUs) were compared between real CT and synthetic CT images.
Finally, 3-D gamma analysis of dose distributions was performed
at both 2%/2mm and 1%/1mm dose difference and distance levels.

Results

Comparison between synthetic CT and real CT

To evaluate the accuracy of synthetic CT images generated for
treatment planning, we calculated a mean absolute error (MAE)
in HU for the whole external body contour for each patient. The
comparison between real CT and synthetic CT and the difference
map for axial, coronal, and sagittal views using the proposed
method are shown for one representative patient in Fig. 2. The
results of the cross validation using the MI for all test data are
shown in Fig. 3. The average MAE * SD value between CT and syn-
thetic CT images for all test data using training sets 1, 2, 3, 4, and 5
were 41.8+10.0, 48.8+13.0, 482+124, 482+12.2, and



S. Kazemifar et al./Radiotherapy and Oncology 136 (2019) 56-63

Synthetic CT

Difference map

Fig. 2. Comparison between real CT and synthetic CT from a patient’s MRI brain image in the axial, sagittal and coronal views.

48.3 +12.0, respectively. The average of the average MAE over all
cross validation sets was 47.2 £ 11.0. We also ran the model with
MAE as the loss function instead of MI. The average MAE + SD value
was 60.2 +£22.0, which was significantly larger (p-value <0.05;
paired two-tailed t-test) than our proposed loss function. In addi-
tion, the Dice similarity coefficient (DSC) between CT and synthetic
CT images was 80% = 6% in bone and 70% + 7% in air. We used a
>200 HU threshold for bone segmentation and a <-200 HU thresh-
old for air segmentation. The mean DSC value between whole head

CT contours and whole head synthetic CT contours was 96% + 2%
over all test patients with a range of 91-98%.

Comparison between CT and synthetic CT doses

For each patient, a VMAT plan was generated and the DVH was
analyzed for target and critical structures. DVH parameters—mean
dose (Dmean), minimum dose (Dyy,), maximum dose (Dmax), Dosg,
and Dsy—were calculated for PTV, brainstem, left/right eye, left/
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Fig. 3. An average MAE * SD over all test data (14 patients) using models trained on
different training and validation data sets (Set 1, Set 2, Set 3, Set 4, Set 5). Mutual
Information (MI) was used as the loss function in the generator network.

right optic nerve, and optic chiasm. Dgsy, and Dsy were defined as
the minimum dose delivered to 95% and 5%, respectively, of the
PTV. Table 1 shows the mean and range of percent differences in
PTV and critical structures across all 14 patients using the same
plan for CT and synthetic CT and also separate plans optimized
for CT and synthetic CT. The mean percent difference between
the doses calculated in CT and synthetic CT images was statistically

Table 1

insignificant and less than 1% overall for all DVH parameters. The
mean percent difference between the MUs calculated in plans gen-
erated using CT and synthetic CT images was less than 1% and sta-
tistically insignificant. The calculated dose map for a single CT plan
and synthetic CT plan from the same patient is shown in Fig. 4 (A).
The average DVH plots for all 14 patients are reported in Fig. 4 (B).
Gamma analysis between synthetic CT and CT plans using 2%/2mm
and 1%/1 mm acceptance criteria revealed mean passing rates of
98.7% and 93.6%, respectively, for 2D gamma analysis, and 99.2%
and 94.6%, respectively, for 3D gamma analysis. Individual and
mean passing rates of the two criteria are summarized in Table 2.
A representative sample of the 3D and 2D (1%/1 mm) gamma map
for one patient is shown in Fig. 5.

Discussion

We investigated a new deep learning method to generate brain
synthetic CT images that only requires one MRI pulse sequence to
accurately display all regions, in contrast to classical image pro-
cessing techniques that require multiple MRI modalities acquired
with different pulse sequences. Most importantly, our method does
not need pulse sequences such as UTE to accurately display bone-
air interfaces. To minimize the alignment error of the unpaired MRI
and CT images, we used MI between CT and generated CT images
as the loss function in the generator section of the GAN. We eval-
uated the synthetic CT images generated by comparing their inten-
sity using MAE, and results showed high agreement between the

Mean difference percentages (range) between CT and synthetic CT across all test data with respect to Dpax, Dmean, Dosx and Dsy in target and critical structures. NS: not
significant, paired two-tailed t-test. The third column shows results using the same plan for CT and synthetic CT. The fifth column shows results using separate optimized plans

for CT and synthetic CT.

CT vs synthetic CT mean p-Value CT (re-optimized plan) vs synthetic p-Value
differences (range) CT mean differences (range)
PTV
Dean (%) -0.7 (-1.8t0 1.2) NS -0.9 (2.8 to 1.6) NS
Dpmax (%) —0.6 (-2.3t00.3) NS -0.8 (2.6 t0 1.3) NS
Dosy (%) —0.6 (-2.2t00.3) NS -0.7 (-2.5t0 0.9) NS
Dsgy (%) —0.7 (-2.2 to 0.4) NS -0.9 (-2.3t0 0.8) NS
Brainstem
Diean (%) -0.3(-241t05.3) NS -0.6 (-2.8 t0 5.7) NS
Dmax (%) —0.8 (-2.4t0 0.4) NS -0.5(-2.9to 1.4) NS
Dosy (%) 0.3 (—3.8 to 3.0) NS 0.9 (—2.8 to 2.0) NS
Dsy (%) -0.7 (-2.5t00.7) NS —0.6 (-2.8 t0 0.5) NS
Left Eye
Dinean (%) —-0.4 (-1.9 to 2.6) NS —0.7 (-1.6 to 2.3) NS
Dpax (%) -0.4 (-1.5t00.5) NS —0.6 (-1.1t0 0.7) NS
Dosy (%) -0.8(-291t01.3) NS -0.5(-2.2to 1.6) NS
Dsgy (%) —-04 (-1.9 to 2.6) NS -0.6 (-1.3 to 2.1) NS
Right Eye
Dmean (%) —0.6 (-2.3t0 0.4) NS -0.9 (-2.7to 1.4) NS
Dmax (%) —0.5(-2.3t00.9) NS —0.8 (—2.6 to 0.6) NS
Dosy, (%) -0.7 (-3.3t00.1) NS -0.5(-2.8to 1.1) NS
Dsy (%) -04(-21t01.3) NS -0.7 (-2.6 to 1.1) NS
Left Optic Nerve
Dmean (%) -0.2 (-2.7 t0 2.9) NS —0.6 (-2.3 to 2.3) NS
Dpmax (%) -0.1(-2.1t02.2) NS —0.5 (-2.7 to 2.6) NS
Dosy (%) —0.6 (—2.0to 0.8) NS -04(-231t01.8) NS
Dsy (%) —-04 (-1.5t00.2) NS -0.6 (-1.1to 1.2) NS
Right Optic Nerve
Dean (%) 0.1 (-0.4 to 1.0) NS 0.3 (-0.6 to 1.1) NS
Dmax (%) 0.2 (-0.7 to 2.2) NS 0.4 (—0.5 to 2.0) NS
Dysy (%) -0.4 (-1.7 t0 0.5) NS -0.3(-1.31t00.9) NS
Dsy (%) 0.0 (—0.6 to 2.4) NS 0.1 (-0.5to0 1.4) NS
Optic Chiasm
Dean (%) —04(-1.9to 1.4) NS -0.5(-1.3t0 1.2) NS
Dpax (%) -04 (-241to01.5) NS -0.6 (-2.2to 1.1) NS
Dosy (%) -0.5(-241to0 1.5) NS -0.3(-1.7 to 1.6) NS
Dsgy (%) 0.0 (—2.4 to 2.0) NS 0.5(-1.4to 2.5) NS
Total MU (%) 0.5(-1.9to 2.1) NS 0.6 (1.7 to 1.6) NS
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Fig. 4. (A) Dose comparison between CT and synthetic CT for a single VMAT plan. (B) DVH plot with corresponding PTV and OARs from one patient. Squares and triangles

represent mean DVH values from CT and synthetic CT, respectively.

Table 2
The mean + SD of Gamma pass rates for 2 criteria: Y1%/1mm, and Y2g2mm calculated
over 14 test patients (using the same plan for synthetic CT images).

3D Gamma passing 2D Gamma passing

rate (%) rate (%)

Case number 2%/2 mm 1%/1 mm 2%/2 mm 1%/1 mm
1 99.9 97.8 99.7 95.6
2 97.2 92.5 96.1 91.9
3 99.7 96.7 99.2 99.1
4 98.8 94.5 97.8 88.5
5 99.2 95.1 98.6 94.9
6 98.2 89.8 97.9 91.4
7 99.8 98.5 99.8 97.7
8 99.6 93.4 98.7 89.9
9 99.7 96.5 99.7 96.4
10 99.3 97.9 99.9 95.4
11 99.8 89.6 99.6 90.2
12 99.3 96.2 97.9 97.1
13 98.6 94.8 97.8 93.4
14 99.2 91.6 98.3 89.6
Mean 99.2 94.6 98.7 93.6
SD 0.8 29 1.1 34

HU maps of both images. We also investigated the accuracy of the
generated HU maps by comparing the dose distributions generated
in both image sets. DVH and gamma analysis showed high agree-

ment between both dose distribution sets. To measure a geometric
score, we used the DSC for bone [22]| to describe the overlap
between the CT and synthetic CT bone volumes.

When we compared the two loss functions (MAE and MI), we
found that using MI better compensates for misalignments
between MRI and CT images. As with atlas-based models [12],
accurately aligning MRI/CT images is critical for convolutional neu-
ral network (CNN) models. Misalignments in training data may
introduce inaccuracies into the model that ultimately lead to inac-
curate predictions by the trained model [13]. In general, when
patients transfer from one imaging device like MRI to another
imaging device like CT, some anatomical changes can happen. This
training data set is called unregistered, and it needs to be accu-
rately aligned. However, it is difficult to perfectly register the
MRI/CT images due to different table sizes and organ deformation,
especially in the pelvic domain. To overcome this problem, we
used the MI as the loss function. MI quantifies the “amount of
information” of one variable when another variable is known. Max-
imizing Mutual Information is equivalent to minimizing the joint
entropy (joint histogram). By including joint entropy in the loss
function, we calculated the amount of information in the output
slice (generated image) based on the ground truth slice (real
image). Moreover, a gradient descent optimizer (e.g. Adam)
updates weights (model’s parameters) in the direction of minimiz-
ing joint entropy via backward propagation. The loss function
(joint histogram) value is low when images are aligned and high



62 MRI-only brain radiotherapy using Al

Real CT dose

100%

SyntheticCT d

Fig. 5. Top row images show the dose distribution map. Bottom row images show the 2D and 3D gamma analysis comparison between CT and synthetic CT.

when images are not aligned. So, the misalignments between two
images were implicitly fixed in this manner. This concept has been
proven in the registration framework using Mutual Information as
the loss function [23,24].

Importantly, electron density maps for dose calculation and
geometric accuracy are essential in MRI-only treatment planning
platforms. Gamma analysis of the dose recalculated for the same
treatment plans indicated that the synthetic CT images achieved
higher passing rates than the typical 95% passing rates for the
3%/3 mm gamma criteria used for treatment delivery quality assur-
ance. DVH parameters were also equivalent to real CT for both tar-
get and normal structures. Target prescription coverage was within
1%, and calculated doses to brainstem, chiasm, and optic nerve
were within 1% at the clinically critical 54 Gy dose level. The dosi-
metric results showed that the accuracy of the generated synthetic
CT images was sufficient to produce clinically equivalent treatment
plans.

The mean HU MAE values between synthetic CT and real CT
that we calculated in this study were lower than those observed
in current published methods. Higher MAE values have been
achieved with atlas-based methods [25,26]. Registration errors
between real CT and MRI may contribute to an incorrect HU value
and targeting during rigid and deformable registrations. For
example, Sjolund et al. [27] reported a mean MAE of
123.2+18.6 HU in brain MRI images from 10 patients using
atlas-based registration and a fusion strategy. Dinkla et al.[28]
applied a dilated CNN to T;-weighted images to generate syn-
thetic CT images and achieved an MAE of 67 +11 HU. A recent
study by Emami et al[29] using GAN achieved an MAE of
89.3+10.3 HU. Several groups provided different promising
approaches for synthetic CT generation, which were summarized
in three recent review papers [22,30,31]. Comparisons between

existing methods using performance metrics are highly depen-
dent on HU value, FOV, and resolution.

Our proposed method provides accurate and reproducible syn-
thetic CT images using a GAN model, which can increase efficiency,
accuracy, and precision in a clinical workflow. The computational
time in our study was about 1 s per patient for generating synthetic
CT images, and training time was 33 h using an NVIDIA Tesla K80
dual-GPU graphic card. The MI loss function allows the model to
use unregistered data to generate synthetic CT images. This will
eliminate the need to preregister MRI and CT images, and it will
streamline the process of using MRI images from radiology, which
suffice for generating synthetic CT images. Importantly, this model
accurately distinguishes between air and bone regions, which is a
major challenge in generating synthetic CT images and is the most
substantial contribution to dose calculation error. Future work is
warranted to develop 3D GAN models, using larger training data-
sets, for generating synthetic CT images to be used in MRI-only
radiotherapy.

In conclusion, MRI-only treatment planning will reduce radia-
tion dose, patient time, and imaging costs associated with CT imag-
ing, streamlining clinical efficiency and allowing high-precision
radiation treatment planning. Despite these advantages, several
challenges prevent clinical implementation of MRI-only radiation
therapy. Through the method we have proposed here, synthetic
CT images can be generated from only one pulse sequence of
MRI images of a range of brain tumors. This method is a step
toward using artificial intelligence to establish MRI-only radiation
therapy in the clinic.

Conflict of interest

We have no conflict of interest to disclose.



S. Kazemifar et al. /Radiotherapy and Oncology 136 (2019) 56-63 63

Acknowledgement
We thank Dr. Jonathan Feinberg for editing the manuscript.

References

[1] Jolicoeur M et al. Localization of the surgical bed using supine magnetic
resonance and computed tomography scan fusion for planification of breast
interstitial brachytherapy. Radiother Oncol 2011;100:480-4.

[2] Giezen M et al. MRI- versus CT-based volume delineation of lumpectomy
cavity in supine position in breast-conserving therapy: an exploratory study.
Int ] Radiat Oncol Biol Phys 2012;82:1332-40.

[3] Rasch C, Steenbakkers R, van Herk M. Target definition in prostate, head, and
neck. Sem Radiat Oncol 2005;15:136-45.

[4] Rasch C et al. Definition of the prostate in CT and MRI: a multi-observer study.
Int ] Radiat Oncol Biol Phys 1999;43:57-66.

[5] Just M et al. MRI-assisted radiation therapy planning of brain tumors-clinical
experiences in 17 patients. Magn Reson Imaging 1991;9:173-7.

[6] Chang EL et al. Evaluation of peritumoral edema in the delineation of
radiotherapy clinical target volumes for glioblastoma. Int | Radiat Oncol Biol
Physics 2007;68:144-50.

[7] Khoo VS, Joon DL. New developments in MRI for target volume delineation in
radiotherapy. Brit ] Radiol 2006:52-S15.

[8] Maikusa N et al. Improved volumetric measurement of brain structure with a
distortion correction procedure using an ADNI phantom. Med Phys
2013;40:062303.

[9] Paradis E et al. Assessing the dosimetric accuracy of magnetic resonance-
generated synthetic CT images for focal brain VMAT radiation therapy. Int ]
Radiat Oncol Biol Phys 2015;93:1154-61.

[10] Edmund JM et al. Cone beam computed tomography guided treatment
delivery and planning verification for magnetic resonance imaging only
radiotherapy of the brain. Acta Oncol 2015;54:1496-500.

[11] Siversson C et al. Technical Note: MRI only prostate radiotherapy planning
using the statistical decomposition algorithm. Med Phys 2015;42:6090-7.

[12] Andreasen D, Van Leemput K, Edmund JM. A patch-based pseudo-CT approach
for MRI-only radiotherapy in the pelvis. Med Phys 2016;43:4742.

[13] Han X. MR-based synthetic CT generation using a deep convolutional neural
network method. Med Phys 2017;44:1408-19.

[14] Maspero M et al. Dose evaluation of fast synthetic-CT generation using a
generative adversarial network for general pelvis MR-only radiotherapy. Phys
Med Biol 2018:63(18).

[15] Jelmer M. Wolterink, A.M.D., Mark H.F. Savenije, Peter R. Seevinck, Cornelis A.
T. van den Berg, Ivana Isgum, Deep MR to CT Synthesis using Unpaired Data.
arXiv.org, 2017.

[16] Nie D et al. Medical image synthesis with context-aware generative
adversarial networks. Med Image Comput Comput Assist Interv
2017;10435:417-25.

[17] Cao C et al. Deep Learning and Its Applications in Biomedicine. Gen Proteom
Bioinform 2018;16:17-32.

[18] Ching T et al. Opportunities and obstacles for deep learning in biology and
medicine. J R Soc Interface 2018:15(141).

[19] Ian ]. Goodfellow, J.P.-A., Mehdi Mirza, Bing Xu, David Warde-Farley, Sherjil
Ozair, Aaron Courville, Yoshua Bengio, Generative Adversarial Networks. arXiv,
Statistics, Machine Learning, 2014

[20] Mehdi Mirza, S.0., Conditional Generative Adversarial Nets. arXiv.org, 2014.

[21] Ronneberger O, Fischer P, Brox T. U-Net: convolutional networks for
biomedical image segmentation. Med Image Comput Compute-Ass Interv-
MICCAI 2015:234-41.

[22] Edmund JM, Nyholm T. A review of substitute CT generation for MRI-only
radiation therapy. Radiat Oncol 2017;12:28.

[23] Pluim JP, Maintz JB, Viergever MA. Mutual-information-based registration of
medical images: a survey. IEEE Trans Med Imaging 2003;22:986-1004.

[24] McLaughlin PW et al. The use of mutual information in registration of CT and
MRI datasets post permanent implant. Brachytherapy 2004;3:61-70.

[25] Farjam R et al. Multiatlas approach with local registration goodness weighting
for MRI-based electron density mapping of head and neck anatomy. Med Phys
2017;44:3706-17.

[26] Uh ] et al. MRI-based treatment planning with pseudo CT generated through
atlas registration. Med Phys 2014;41:051711.

[27] Sjolund ] et al. Generating patient specific pseudo-CT of the head from MR
using atlas-based regression. Phys Med Biol 2015;60:825-39.

[28] Dinkla, A.M., et al, MR-only brain radiotherapy: Dosimetric evaluation of
synthetic CTs generated by a dilated convolutional neural network. Int J Radiat
Oncol Biol Phys.

[29] Emami H et al. Generating synthetic CTs from magnetic resonance images
using generative adversarial networks. Med Phys 2018.

[30] Johnstone E et al. Systematic review of synthetic computed tomography
generation methodologies for use in magnetic resonance imaging-only
radiation therapy. Int ] Radiat Oncol Biol Phys 2018;100:199-217.

[31] Owrangi AM, Greer PB, Glide-Hurst CK. MRI-only treatment planning: benefits
and challenges. Phys Med Biol 2018;63:p. 05TRO1.


http://refhub.elsevier.com/S0167-8140(19)30148-3/h0005
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0005
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0005
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0010
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0010
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0010
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0015
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0015
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0020
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0020
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0025
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0025
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0030
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0030
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0030
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0035
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0035
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0040
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0040
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0040
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0045
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0045
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0045
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0050
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0050
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0050
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0055
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0055
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0060
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0060
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0065
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0065
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0070
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0070
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0070
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0080
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0080
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0080
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0085
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0085
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0090
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0090
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0105
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0105
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0105
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0110
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0110
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0115
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0115
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0120
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0120
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0125
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0125
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0125
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0130
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0130
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0135
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0135
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0145
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0145
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0150
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0150
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0150
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0155
http://refhub.elsevier.com/S0167-8140(19)30148-3/h0155

	MRI-only brain radiotherapy: Assessing the dosimetric accuracy of synthetic CT images generated using a deep learning approach
	Material and methods
	Image acquisition
	Generative adversarial network (GAN)
	Volumetric modulation arc therapy (VMAT) planning and dose calculation

	Results
	Comparison between synthetic CT and real CT
	Comparison between CT and synthetic CT doses

	Discussion
	Conflict of interest
	Acknowledgement
	References


