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Background and purpose: To investigate the feasibility of synthesizing computed tomography (CT) images
from magnetic resonance (MR) images using generative adversarial networks (GANs) for nasopharyngeal
carcinoma (NPC) intensity-modulated radiotherapy (IMRT) planning.
Materials and methods: Conventional T1-weighted MR images and CT images were acquired from 173
NPC patients. The MR and CT images of 28 patients were randomly chosen as the independent tested
set. The remaining images were used to build a conditional GAN (cGAN) and a cycle-consistency GAN
(cycleGAN). A U-net was used as the generator in cGAN, whereas a residual-Unet was used as the gener-
ator in cycleGAN. The cGAN was trained using the deformable registered MR-CT image pairs, whereas the
cycleGANwas trained using the unregistered MR and CT images. The generated synthetic CT (SCT) images
from cGAN and cycleGAN were compared with the true CT images with respect to their Hounsfield Unit
(HU) discrepancy and dosimetric accuracy for NPC IMRT plans.
Results: The mean absolute errors within the body were 69.67 ± 9.27 HU and 100.62 ± 7.39 HU for the
cGAN and cycleGAN, respectively. The 2%/2-mm c passing rates were (98.68 ± 0.94)% and
(98.52 ± 1.13)% for the cGAN and cycleGAN, respectively. Meanwhile, the absolute dose discrepancies
within the regions of interest were (0.49 ± 0.24)% and (0.62 ± 0.36)%, respectively.
Conclusion: Both cGAN and cycleGAN could swiftly generate accurate SCT volume images from MR
images, with high dosimetric accuracy for NPC IMRT planning. cGAN was preferable if high-quality
MR-CT image pairs were available.
� 2020 The Author(s). Published by Elsevier B.V. Radiotherapy and Oncology 150 (2020) 217–224 This is
an open access article under the CCBY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Magnetic resonance (MR) imaging is widely used in radiother-
apy to better delineate the tumor target and organs at risk owing
to its superior soft-tissue contrast compared with that of computed
tomography (CT) imaging [1]. Developing a novel radiotherapy
modality based solely on MR simulation, i.e., MR-only radiother-
apy, is becoming a common research focus [2], because this elim-
inates extra CT imaging and thus reduces patient radiation
exposure. However, implementing MR-only radiotherapy requires
deriving synthetic CT (SCT) images from MR images to provide
electron densities for radiation dose calculation. Accordingly, vari-
ous methods have been proposed for deriving SCT images, includ-
ing statistical modeling [3], traditional machine learning [4,5], and
multi-atlas based methods [6–14]. Recently, increasing interest has
been focused on artificial intelligence-based methods, such as deep
convolutional neural network (CNN) [15,16,17–25], conditional
generative adversarial network (cGAN) [26–30], and cycle-
consistent generative adversarial network (cycleGAN) [31–37].

The deep CNNmodel is more capable of learning a complex MR-
to-CT mapping from large-scale image samples than the previous
methods. Additionally, it achieves faster model deployment with
only a few seconds to generate an SCT volume image once the
model has been trained [38]. However, such a training a deep
CNN model can cause image blurriness because the L1 or L2 norm
is minimized by averaging all plausible outputs [39]. To reduce
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the image blurriness, cGAN added an adversarial loss [40] term in
the loss function to force the generated image to be indistinguish-
able from the real images [41]. From this perspective, cGAN is more
suitable for accurate MR-CT transformation. However, training a
deep CNN or cGAN relies on perfectively registered MR-CT images,
which are sometimes challenging to realize. CycleGAN [42]
addresses this limitation by training two mappings, i.e., MR-to-
CT and CT-to-MR, simultaneously based on the principle of cycle
consistency. Thus, cycleGAN has attracted great interest because
it can be trained without requiring high-quality MR-CT paired
images.

Deep learning models have been applied for generating SCT
images in radiotherapy planning for the prostate or pelvic
[18,27,43], brain [17,20,23,25,30], liver [44–46], breast [29], and
head and neck cancer [21,24,47–49]. However, for cancers with
more complicated treatment sites such as nasopharyngeal carci-
noma (NPC), generating SCT images from conventional MR image
remains challenging because several air-bearing bone structures
near and/or within the nasopharynx. Tissues such as bone and
air exhibit a wide range of CT numbers, but both appear low signals
on conventional MR images. This may lead to great uncertainty in
SCT generation and result in dose calculation inaccuracy.

Previous studies mainly trained the deep learning models using
a relatively small dataset. In this study, we collected MR and CT
images from a large cohort of patients. Two GAN models, i.e., cGAN
and cycleGAN, were built for generating SCT image. The cGAN was
trained with deformable registered MR-CT image pairs, whereas
the cycleGAN was trained with unregistered MR and CT images.
The model performances were assessed for different number of
training samples. The dosimetric accuracy was evaluated on NPC
IMRT plans.
Materials and methods

Data acquisition and preprocessing

MR and CT images at the radiotherapy position were acquired
within an interval of 0.5–2 h for 173 patients with NPC. The MR
images were acquired using a 3T Ingenia high-field system (Philips
Healthcare) with a vendor-supplied phased-array dStream Head-
Neck-Spine coil and a dedicated radiotherapy flat couch. A T1-
weighted fast-field echo was used with an echo time/repetitive
time of 4.9/2.4 ms, a flip angle of 12�, and a reconstructed voxel
size of 0.74�0.74�3 mm3. The CT images were acquired using a
SOMATOM Definition AS CT simulator (Siemens Medical System)
with a reconstructed voxel size of 0.97�0.97�3 mm3. The intensity
of each MR volume image was normalized as zero mean and unit
variance and then scaled to a similar numeric range. The details
of the intensity normalization are described in [Supplement MR
intensity normalization].

A binary body mask was applied to override voxels outside the
patient body for each image. To create better matched MR-CT
image pairs, we performed deformable image registration between
MR and CT images for each pair using an inverse-consistent diffeo-
morphic image registration algorithm [50]. The resulting paired
MR-CT images shared a resolution of 0.74�0.74�3 mm3 with
384�384 voxels per axial slice. The deformable registered MR-CT
image pairs were used to train the cGAN, whereas the unregistered
MR and CT images were used to train the cycleGAN.
Network architectures

Compared with CNN, cGAN can generate a more realistic SCT
image with less image blurriness. cGAN contains two CNNs, as
shown in [Fig. 1(a)], i.e., one generator and one discriminator.
The generator (G) is a nonlinear function with an input of MR
image slice and output of the corresponding SCT image slice. The
U-net architecture was used in the generator because it is capable
of high-spatial-resolution prediction tasks. Unlike the original U-
net [51], instance normalization was applied immediately after
each convolutional layer except the last layer. Compared with
batch normalization [52], instance normalization can better pre-
serve image details during image generation, as demonstrated pre-
viously [53]. All convolution filters in the generator measured 3�3,
except for the last layer that measured 1�1. We applied zero pad-
ding for each convolutional layer to preserve the size of output fea-
ture maps after applying convolution operations. The discriminator
(D) is a classifier to classify a CT image being real or synthetic. It
contains 6 successively convolution layers with the filter number
of 64, 128, 256, 512, 512, and 1 for each layer. All filters in the dis-
criminator were 4�4 with a stride of 2 except the last layer, which
uses a stride of 1. These hyper-parameters, such as strides and fil-
ter number/size, were initially selected based on previous GAN
studies [29,49] and were then fine-tuned considering the GPU
memory, the computational speed, and the stability of the training
process. Instance normalization was applied after each convolu-
tional layer and before the activation in the discriminator. The Lea-
kyReLU [54] with a slope parameter 0.3 was used for all
activations.

Compared with CNN and cGAN, cycleGAN can be trained with
unpaired MR and CT images. cycleGAN contains four CNNs, as
shown in [Fig. 1(b)], i.e., two generators and two discriminators.
The first generator (GMR-CT) takes an MR slice as input and gener-
ates the SCT slice, and the first discriminator (DCT) classifies a CT
image being real or synthetic. The second generator (GCT-MR) takes
a CT slice as input and generates the synthetic MR slice, and the
second discriminator (DMR) classifies an MR image being real or
synthetic. A hybrid network architecture res-Unet was developed
and used in the generators. It contains 9 residual blocks with
max-pooling/unpooling layers. A schematic view of the res-Unet
architecture is depicted in [Fig. 1(c)]. The hybrid network architec-
ture has the advantages of both U-net [51] and residual network
[55]. It can learn the local features effectively through the long skip
connections like U-net. The deep convolutional layers can be effec-
tively trained with the residual connections to alleviate the gradi-
ent vanishing issue. These advantages have been demonstrated by
a previous study [32]. In this study, the network architecture of
discriminator used in cycleGANwas the same as that used in cGAN.
Network training

The cGANwas trained with deformable registered MR-CT image
pairs. Given an image pair of {MRi, CTi}, i = 1, 2. . .N (N is the total
number of paired image slices), the training process involved iden-
tifying the optimal parameters hG and hD for the generator (G) and
the discriminator (D) respectively, which was denoted as:

hG ¼ argmin
hD

G MRið Þ � CTij j þ k � D G MRið Þð Þð Þ2
� �

ð1Þ

and

hD ¼ argmax
hG

D G MRið Þ;CTið Þð Þ2 ð2Þ

where k is the weighting factor empirically chosen to be 5. Specifi-
cally, it was initially selected based on previous studies on cGAN
[27,47,49], and was then fine-tuned to balance the image contrast
and the MAE loss term. We used the least square term, instead of
cross-entropy used in the original cGAN [41], in the loss functions
because it can improve the stabilization of GAN training [56]. For
an iteration of training, the hG was updated once and hD was
updated twice successively based on the randomly selected paired



Fig. 1. Illustration of the cGAN (a), cycleGAN (b), and residual-Unet architecture used in the cycleGAN (c). G and D indicate the generator and discriminator used in cGAN,
respectively; GMR-CT and GCT-MR, generators; and DMR and DCT, discriminators used in cycleGAN. Abbreviations: cGAN = conditional generative adversarial network;
cycleGAN = cycle-consistent generative adversarial network; SCT = synthetic CT image; SMR = synthetic MR image.
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image slices {MRi, CTi}. The hD was fixed while training G and the hG
was fixed while training D.

The cycleGAN was trained with unregistered MR and CT images
based on the principle of cycle-consistency [42], which was
denoted as: GMR-CT (GCT-MR (CT)) � CT and GCT-MR (GMR-CT (MR)) �
MR, where GMR-CT and GCT-MR are the generators from MR to CT
and from CT to MR, respectively. Given unpaired images MRi,
i = 1, 2 . . . N and CTj, j = 1, 2. . .M (N and M are the total numbers
of unregistered MR and CT image slices), the training process
was to identify the optimal parameters hGMR�CT , hGCT�MR , hDCT , and
hDMR for the generators (GCT-MR and GMR-CT) and discriminators
(DCT and DMR), which were denoted as:

hGMR�CT ¼ argmin
hDMR

GMR�CT GCT�MR CTið Þð Þ � CTij j þ k1 � DMR GCT�MR CTið Þð Þð Þ2
� �

hGCT�MR ¼ argmin
hDCT

GCT�MR GMR�CT MRj
� �� ��MRj

�� ��þ k2 � DCT GMR�CT MRj
� �� �� �2� �

8>><
>>:

ð3Þ

and

hDCT ¼ arg max
hGMR�CT

DCT GMR�CT MRj
� �

; CTi
� �� �2

hDMR ¼ arg max
hGCT�MR

DMR GCT�MR CTið Þ;MRj
� �� �2

8>><
>>:

ð4Þ

where k1 and k2 are the weighting factors and were chosen to be 10,
which was determined with the ‘‘trial and error” method to balance
the image contrast and the MAE loss term, based on previous stud-
ies on MR-based SCT image generation using cycleGAN models
[32,34]. For an iteration of the training process, the parameters of
the generators, hGMR�CT and hGCT�MR , were updated once and the
parameters of the discriminators, hDCT and hDMR , were updated twice
successively based on the randomly selected image slices, MRi and
CTj.
Implementation details

We used a mini-batch of 3 and 1 for training the cGAN and
cycleGAN, respectively. To alleviate overfitting, we performed data
augmentation by applying deformations to the samples during
training. Data augmentation is described in [Supplementary Data
augmentation details]. The models were trained on an NVIDIA
GP100 GPU with 16 GB memory and an M6000 GPU with 12 GB
memory. The Initial learning rates for the discriminators and the
generators were 0.0001 and 0.0002, respectively, and decreased
to half when the training error plateaued. The training process
was stopped when the validation error started increasing. Adam
optimization was used for training with the momentum hyper-
parameters b1 and b2 set to be 0.5 and 0.9, respectively. All models
were trained from scratch and implemented using Keras (v2.2.4)
with Tensorflow (v1.13.1) as the backend.

Evaluation

In total, 28 of the 173 MR-CT image pairs were randomly
selected as the independent tested set, and the other 145 pairs
were used to build the models, including 135 pairs as the training
set and 10 pairs as the validation set. For each tested patient, the
MR image was used as inputs for the cGAN and the cycleGAN to
generate the SCT images. The paired CT image was referred to as
a true CT image in this study. The mean error (ME) and mean abso-
lute error (MAE) between the SCT images and the true CT images
were used to measure the CT number estimation accuracy:

ME ¼ 1
N

XN
i

SCT v ið Þ � CT v ið Þð Þ ð5Þ

and

MAE ¼ 1
N

XN
i

SCT v ið Þ � CT v ið Þj j ð6Þ
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where v is a voxel within regions of interest, and N is the total num-
ber of voxels. The ME and MAE were calculated within the patient
body, bone (Hounsfield Unit, HU � 150), soft tissue
(150 > HU � �100), and air (HU < �100), respectively. The ME and
MAE of the SCT images generated by cGAN were compared with
those of cycleGAN. To further investigate the effect of training data
size on model performance, we also trained the models by reducing
the training set to 68 (50%) and 34 (25%) pairs. Meanwhile, the
tested set and validation set remained unchanged. The generated
SCT images were compared with the true CT images.

The dosimetric accuracy of using the SCT images for planning
was analyzed using clinical NPC treatment plans. SCT images gen-
erated by the models trained with all samples (from the 135
patients) were included in the dosimetric evaluation. A dose of
7000 Gy was prescribed to the primary tumor target. For each
tested patient, an IMRT plan with 9 beams of 6-MV X-rays was
designed using the true CT images (Monaco, v5.1, Elekta Inc.).
The planning dose distribution was then re-computed by replacing
the true CT images with the SCT images under the same beam
parameters in a quality assurance mode. The dose matrices have
a resolution of 3�3�3 mm3 and covered the major regions of inter-
est (ROI) including the parotids, brainstem, spinal cord, mandible,
temporomandibular joint, and temporal lobes. The resulting dose
matrices were compared using the global 3-dimensional c analysis
Table 1
HU discrepancies between the true CT image and the synthetic CT image generated from

Mean ± SD (range) HU ME

cGAN cycl

Body 18.37 ± 16.36
(�12.35, 55.34)

6.69
(�4

Air (HU < �100) 23.9 ± 70.21
(�106, 188.68)

�78
(�1

Soft tissue (150 > HU � �100) 3.09 ± 11.45
(�27.13, 21.61)

�9.0
(�4

Bone (HU � 150) 95.66 ± 46.05
(�1.52, 180.07)

146
(�5

Abbreviations: cGAN = conditional generative adversarial network; cycleGAN = cycle-con
error; ME = mean error; SD = standard deviation.

Fig. 2. (a) From left to right: the MAE within the body, air (HU < 200 HU), soft tissue
samples; (b) the MAE (left axis) calculated in each HU bin for the cGAN and cycleGAN tr
Abbreviation: cGAN: conditional generative adversarial network, cycleGAN: cycle-consi
under the criteria of 2%/2 mm and 3%/3 mm (dose discrepancy/dis-
tance agreement) with surpassing areas with point doses less than
10% of the maximum dose. Within the ROIs, the mean of the abso-
lute point dose discrepancies was calculated. Dose-volume his-
togram (DVH) parameters calculated from the true CT images
and SCT images were compared.
Statistical analysis

All statistical analyses were performed with SPSS software (Ver-
sion 20, SPSS Inc, Chicago, IL). Wilcoxon signed-rank tests were
used to compare the performance of the cGAN and cycleGAN mod-
els. Specifically, the MAEs between the SCT images and the true CT
images and the c passing rates were tested. A p-value of less than
0.05 was considered statistically significant.
Results

The cGAN and cycleGAN were trained in 24.8–99.2 h and 51.3–
205.2 h, respectively. Once the models have been trained, it took
2.19–5.47 s to generate an SCT volume image from a new MR vol-
ume image. With all training samples, the mean ± standard devia-
tion (SD) of MAE between the SCT and true CT images within the
the models trained with all samples.

MAE

eGAN cGAN cycleGAN

± 19.41
6.62, 31.1)

69.67 ± 9.27
(49.48, 89.41)

100.62 ± 7.69
(82.96, 113.69)

.66 ± 70.17
92.32, 64.25)

170.62 ± 36.38
(130.52, 256.7)

201.89 ± 34.11
(158.07, 292.43)

2 ± 12.22
2.41, 5.1)

38.09 ± 8.25
(23.11, 52.65)

51.94 ± 7.07
(38.6, 66.11)

.52 ± 56.59
1.66, 226.75)

203.71 ± 28.22
(158.59, 262.6)

288.17 ± 17.22
(261.77, 345.65)

sistent generative adversarial network; HU = Hounsfield unit; MAE = mean absolute

(150 � HU > �200), and bone (HU � 150 HU) versus different numbers of training
ained with all samples; the HU histogram (right axis) of all voxels within the body.
stent generative adversarial network, MAE = mean absolute error.
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body were (69.67 ± 9.27) HU and (100.62 ± 7.69) HU for the cGAN
and cycleGAN, respectively. The details of the corresponding ME
and MAE in different tissues are listed in [Table 1]. With the train-
ing samples reduced to 50% and 25%, the MAEs within the body
increased to (79.05 ± 13.88) HU and (91.02 ± 21) HU for the cGAN,
whereas it increased to (118.16 ± 13.53) HU and (140.84 ± 9.77)
HU, respectively, for the cycleGAN. The ME and MAE in different
tissues are detailed in [Supplement Table A and B]. Fig. 2(a) shows
the MAEs versus different numbers of training samples. Fig. 2(b)
shows the MAE calculated in each HU bin for the two models
trained with all samples. The cycle GAN resulted in a much larger
MAE for the high-density bone (>500 HU) and air (<200 HU). Fig. 3
shows the SCT images generated from the models trained with all
samples and showed average performance (cGANMAE = 68.44 HU;
cycleGAN MAE = 94.01 HU) and worst performance on HU estima-
tion (cGAN MAE = 89.41 HU; cycleGAN MAE = 108.05 HU).

Within the body, the (mean ± SD) of 2%/2 mm and 3%/3 mm c
pass rates for the cGAN-generated SCT images were
(98.68 ± 0.94)% and (99.64 ± 0.33)%, whereas they were
(98.52 ± 1.13)% and (99.59 ± 0.38)% for the cycleGAN-generated
SCT. The 2%/2 mm and 3%/3 mm c pass rates were over 96.9%
and 98.78% for the cGAN-generated SCT images and were over
95.61% and 98.55% for the cycleGAN-generated SCT images. There
was no significant difference in the c pass rates between the two
models (p > 0.05). Fig. 4(a) and (b) shows the true CT images,
cGAN-generated SCT images, and calculated dose distributions
for a representative case of worse dosimetric performance. The
DVHs were also displayed. Fig. 4(c)and (d) shows the worst dosi-
Fig. 3. (a) Case with average HU accuracy in the generated SCT images (cGAN MAE =
MAE = 89.41 HU; cycleGANMAE = 108.95 HU). (b) The SCT images were from the models
generative adversarial network; cycleGAN = cycle-consistent generative adversarial netw
metric performance in the cycleGAN-generated SCT images. The
corresponding DVHs are shown as well. Fig. 5 shows the mean of
absolute point dose discrepancies (% of the prescription) within
ROIs and the absolute discrepancies of the DVH parameters. Over-
all, the cGAN achieved a relatively smaller dosimetric discrepancy.

Discussion

Generating SCT images from conventional MR image remains
challenging in air-bearing bone structures. In this study, the SCT
image generated by the cGAN achieved lower MAE than did those
generated by the cycleGAN, especially for high-density bony tis-
sues. The results demonstrated that although cycleGAN can gener-
ate real-looking CT images, regions with low MR signals, such as
bone/air interfaces, can cause uncertainties [Supplementary Fig-
ure A]. Our results are consistent with those of a recently published
study on SCT image generation using mDixon MR image for head
and neck cancer patients [36]. The study demonstrated that the
cycleGAN achieved worse performance than the cGAN. However,
another study demonstrated that cycleGAN generated better SCT
images than did cGAN [31]. The discrepancies could be because
the latter study used rigid registration for creating the paired train-
ing samples and did not account for the tissue/organ deformations
between the CT and MR images. We observed that such deforma-
tions were not negligible in head and neck regions even though
the MR and CT images were acquired with an interval time of less
than 2 h [Supplementary Figure B]. Additionally, the geometry dis-
tortion on the MR image, especially the subject-induced suscepti-
68.44 HU; cycleGAN MAE = 94.01 HU). Case with the worst performance (cGAN
trained with all samples. HU error = SCT – true CT. Abbreviations: cGAN = conditional
ork; MAE = mean absolute error; SCT = synthetic CT.



Fig. 4. Worst case on dosimetric accuracy in the cGAN-generated SCT images (3 mm/3% c passing rate = 98.78%) (a) and its DVH (b). Worst case in cycleGAN-generated SCT
images (3 mm/3% c passing rate = 98.55%) (c) and its DVH (d). Abbreviations: cGAN = conditional generative adversarial network; cycleGAN = cycle-consistent generative
adversarial network; DVH = dose-volume histogram; SCT = synthetic CT; PTVnx: planning target volume of primary disease, PTV: planning target volume (the red contours in
(a) and (c)); TMJ: temporomandibular joint, TP lobe: temporal lobe. L: left, R: right.

Fig. 5. Mean of the absolute point dose discrepancy (in % of the prescription) (a) and the absolute discrepancy for the DVH parameters (in %) (b). Abbreviations:
cGAN = conditional generative adversarial network; cycleGAN = cycle-consistent generative adversarial network; DVH = dose-volume histogram; TMJ: temporomandibular
joint; TP: temporal lobe; PTVnx: planning target volume of primary disease; PTV: planning target volume; L: left, R: right.
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bility distortion near tissues/air interfaces [57], may cause a local
mismatch between MR and CT images. In such situations, rigid reg-
istration may not be sufficient to create perfectly matched MR-CT
image pairs for training deep CNN or cGAN.

The MAEs increased with decreasing training samples for both
cGAN and cycleGAN. With 25% of training samples (34 MR-CT
pairs), the cGAN achieved a MAE = (91.02 ± 21) HU within the
body. A previous study used 23 MR-CT pairs from NPC patients
to train a U-net [24] and reported a MAE = (131 ± 24) HU within
the body. These results indicated the feasibility of reducing the
training samples (e.g., to 30 MR-CT pairs) for cGAN or U-net while
achieving a reasonable SCT image estimation accuracy. With the
maximum training samples (135 pairs), the cGAN achieved the
lowest MAE = (69.97 ± 9.27) HU within the body, which was even
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lower than that in previous studies [47,49] that used multiple MR
sequence images to generate SCT image for NPC patients. These
results demonstrated that the performance of cGAN could be fur-
ther improved if more pairs were available. However, the results
from other studies may not be directly comparable because the
imaging protocol and scanner parameters were different.

The SCT images generated by both cGAN and cycleGAN
achieved high dosimetric accuracy, with the pass rates much
higher than the typical criteria for treatment delivery quality
assurance. These findings support the feasibility of using single
conventional MR sequence imaging for NPC IMRT planning. Fur-
ther, the cGAN achieved higher accuracy in predicting the CT num-
ber for high-density bone than did cycleGAN. However, the
dosimetric improvement was small. The reason could be those
high-density voxels accounted for only a small portion of all the
image voxels and had no profound effect on the overall dosimetric
accuracy. However, the dosimetric uncertainty caused by local tis-
sue heterogeneity was not negligible for both cGAN and cycleGAN.
The discrepancy in the intensity of the isolated image voxels
within the nasopharynx as the target organ can result in a local
dose grid failing to pass 2%/2 mm c criteria. These findings sug-
gested that further improvement is possible by including specific
MR sequence images, such as mDixon [36,58] to more accurately
differentiate between the bone and air on the MR image.

In conclusion, both cGAN and cycleGAN could swiftly generate
accurate SCT volume images from T1-weighted MR images and
achieve clinically acceptable dosimetric accuracy for NPC IMRT
planning. cGAN was preferable over cycleGAN if high-quality
MR-CT image pairs were available. Further research is needed to
evaluate the impact of MRI geometric distortion on treatment
planning before implementing MRI-only NPC radiotherapy in the
clinic.
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