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a b s t r a c t
Background and purpose: Deep Learning (DL) technique has shown great potential but still has limited
success in online contouring for MR-guided adaptive radiotherapy (MRgART). This study proposed a
patient-specific DL auto-segmentation (DLAS) strategy using the patient’s previous images and contours
to update the model and improve segmentation accuracy and efficiency for MRgART.
Methods and materials: A prototype model was trained for each patient using the first set of MRI and corresponding contours as inputs. The patient-specific model was updated after each fraction with all the
available fractional MRIs/contours, and then used to predict the segmentation for the next fraction.
During model training, a variant was fitted under consistency constraints, limiting the differences in
the volume, length and centroid between the predictions for the latest MRI within a reasonable range.
The model performance was evaluated for both organ-at-risks and tumors auto-segmentation for a total
of 6 abdominal/pelvic cases (each with at least 8 sets of MRIs/contours) underwent MRgART through Dice
Similarity Coefficient (DSC) and 95% Hausdorff Distance (HD95), and was compared with deformable
image registration (DIR) and frozen DL model (no updating after pre-training). The contouring time
was also recorded and analyzed.
Results: The proposed model achieved superior performance with higher mean DSC (0.90, 95 % CI: 0.88–
0.95), as compared to DIR (0.63, 95 %CI: 0.59–0.68) and frozen DL models (0.74, 95 % CI: 0.71–0.79). As for
tumors, the proposed method yielded a median DSC of 0.95, 95 % CI: 0.94–0.97, and a median HD95 of
1.63 mm, 95 % CI: 1.22 mm-2.06 mm. The contouring time was reduced significantly (p < 0.05) using
the proposed method (73.4 ± 6.5 secs) compared to the manual process (12  22 mins). The online
ART time was reduced to 1650 ± 274 seconds with the proposed method, as compared to
3251.8 ± 447 seconds using the original workflow.
Conclusion: The proposed patient-specific DLAS method can significantly improve the segmentation
accuracy and efficiency for longitudinal MRIs, thereby facilitating the routine practice of MRgART.
Ó 2022 The Authors. Published by Elsevier B.V. Radiotherapy and Oncology 177 (2022) 222–230 This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Magnetic resonance imaging (MRI) guided adaptive radiotherapy (MRgART) is an emerging cancer treatment technology. A linear accelerator integrated with MRI imaging (e.g., MR-linac[1]) and
specialized treatment planning software (TPS) enables online
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adaptation to accommodate patient daily setup uncertainties and
anatomical changes due to physiological and treatment-related
variations[2].
Elekta MR-Linac (Unity, Elekta AB, Stockholm, Sweden) provides two different workflows for online treatment plan adaptation
[3], adapt to position (ATP) and adapt to shape (ATS). ATS allows
the online TPS (Monaco 5.40.02, Elekta AB, Stockholm, Sweden)
to replan based on the online segmented patient structures on
the daily images. The ATP workflow assumes that the patient’s
anatomy keeps unchanged but with an isocenter shift for a new
treatment fraction. Yet, there is a trade-off between the time a
radiation oncologist spends to re-contour the target volume and

https://doi.org/10.1016/j.radonc.2022.11.004
0167-8140/Ó 2022 The Authors. Published by Elsevier B.V.
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TR = 2000 ms, TE = 206 ms, SNR = 1, ACQ matrix
M*P = 232*167; sequence parameters for pelvis: TR = 1535 ms,
TE = 278 ms, SNR = 1, ACQ matrix M*P = 268*267). For each
patient, eight longitudinal T2W MRI scans were collected. Sixteen
regions of interest (ROIs), including the GTVs and OARs, were
selected. The consensus of three senior radiation oncologists for
the contoured ROIs was reviewed by the physician director and
considered as ground truth.

adjacent organs-at-risk (OARs) on the daily MRI against the dosimetric gain.
The efficiency of online plan adaptation is critical since the
patient is waiting on the couch, holding a steady treatment position. Manual segmentation can take more than 30 minutes[4],
leading to poor patient experience and affecting treatment compliance. Contour propagation methods using rigid or deformable
image registration (DIR) can reduce the workload compared with
segmentation from scratch[5]. However, rigid registration has limited accuracies due to complex geometric uncertainties with the
patient’s internal anatomy and posture changes. The DIR method
can correct the anatomy deformations, but the clinical evaluation
results are not satisfactory[6,7].
Deep learning auto-segmentation (DLAS) models are well recognized to outperform the existing DIR algorithms[8,9]. X. Tang
et al[10] proposed a multi-scale convolutional neural network
(CNN) for liver segmentation on CT images. Y. Fu et al[11] implemented a CNN model to segment several abdominal organs. These
studies used more than 100 sets of CT or MR images for model
training. However, in practice, it is not easy to collect such large
number of high-quality annotated datasets, which limits the performance of the general DLAS models[12]. Also, due to the significant intensity variations for MRIs, a segmentation model trained
on datasets from one MRI manufacturer/protocol may not work
well with datasets from other manufacturers/protocols[13]. The
performance issue may also exist even for different patient on
the same scanner because of intensity inhomogeneity [14]. In
addition, when designing treatment plans to treat various diseases and stages, it is necessary to segment many organs at risk
(OARs) and gross target volumes (GTVs). A frozen DL model not
updatable after pre-training may not meet all clinical needs. All
the above have presented a barrier to applying DLAS models in
MRgART.
One possible way to enhance the model’s generalizability is to
make online adjustments to the DL model rather than using the
pre-trained model directly. Karani N et al[15] proposed per-testimage adaptive normalization to tackle the problem of model performance degradation when there is a mismatch between training
and test images. Hang W et al[16] proposed a novel structureaware entropy regularized mean teacher model to address the
structure-level consistency. These studies increase the feasibility
of DLAS in adaptive radiotherapy. In MRgART, additional images
are acquired during the daily treatments. Adjusting the model with
added datasets in the time between fractions may further improve
auto-segmentation accuracy.
Inspired by the above, we propose a patient-specific daily
updated DL model for auto-segmentation. To the best of our
knowledge, this is the first attempt to use an updated DL model
for auto-segmentation in the MRgART process to accelerate adaptive planning. The feasibility and effectiveness of our method were
evaluated through an assessment of segmentation accuracy and
time reduction in clinical plan optimization.

Proposed solution
Fig. 1 illustrates the overview of the proposed solution. After the
reference plan is approved in TPS, the reference CT/contours will be
automatically acquired and cached by the inference service and
used to propagate contours to the first fraction through DIR. Thereafter, a patient-specific prototype DLAS model will be trained using
the first factional MRI/contours as inputs. After each treatment, the
new fractional MRI/contours will be automatically collected and
used to update the prototype model for the specific patient. The
updated DLAS model will be used online for the segmentation of
next fractional MRI. In addition, if an additional pre-treatment
MRI scan and contours can be acquired before the first fraction,
the prototype model could be trained and used for the first fraction, eliminating the use of DIR.
Training strategy
Fig. 2 shows the two different model training strategies used
in this study. In the initial training of the prototype model, the
training engine only used the first MRI/contour set of the current
patient for regular supervised learning. In subsequent daily
updates, structure-aware regularization was introduced into
supervised learning. Specifically, the training engine maintained
the weights of the two models, the prototype hpro and its variant
hv ar . The pointwise segmentation loss Lseg and the consistency
constraint Lcons were defined to jointly optimize the variant. We
denote all group and latest images of the patient by Gall and
Glat , respectively. Note that Lseg is applied to the samples of Gall
while Lcons is only applied to Glat . We denote the model’s prediction as pðÞ ¼ hðÞ ðxÞ , where x is a training image containing N pixels and pi represents the ith pixel of p. Given a structure y
corresponding to x, the pointwise segmentation loss Lseg is
denoted as follows:

Lseg ¼ Lce þ Ldice
where the Lce represents the Cross Entropy:

Lce ¼





1 XN
 yi  log piv ar þ ð1  yi Þ  logð1  piv ar Þ
i¼1
N

and the Ldice is the DICE Loss:

2
Ldice ¼ 1  PN

PN

v ar \ y
i

i¼1 pi

v ar þ PN y
i¼1 pi
i¼1 i

Method

For a sample of Glat , the consistency constraint Lcons is applied as
follows:

Dataset acquisition

Lcons ¼ Lv ol þ Llen þ Lcen

This retrospective study included 6 abdominal/pelvic cancer
patients (2 liver, 2 kidney, 2 cervical) treated with MRgART. All
patients received at least eight fraction treatments. The prescribed dose was 23.4 Gy, delivered in 13 daily fractions of
1.8 Gy for one cervical case. The other pelvic patient received
60 Gy in 12 fractions. The two liver cases received 63 Gy in 9
fractions. The prescribed dose was 45 Gy, delivered in 15daily
fractions of 3 Gy for two kidney case. The images acquired were
T2 weighted (T2W) MRI (sequence parameters for abdomen:

where the Lv ol represents the volume consistency:

P

 N v ar PN pro 
 i¼1 pi  i¼1 pi 
Lv ol ¼
PN pro
i¼1 pi

where the jj denote the absolute value. We used the Sobel operator
 
to extract features qðÞ ¼ Sobel pðÞ , and then calculated the length
consistency Llen :
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Fig. 1. Solution overview. The only manual operation in the whole process is to transfer daily images to the TPS and the Inference service, which is indicated by the red line in
the figure. The data flow indicated by the black line is fully automated.

Fig. 2. Two training strategies used in the proposed solution. The prototypes were the final models used for inference.

Llen

P

 N v ar PN pro 
 i¼1 qi  i¼1 qi 
¼
PN pro
i¼1 qi

Lcen ¼ k

1 XN v ar 1 XN pro
r 
r k
i¼1 i
i¼1 i
N
N

To sum up, the combination of loss functions is presented as
follows:

ðÞ

Let r i be the coordinate of the ith pixel of the foreground (we
simply set the threshold at 0.5 to identify foreground) and
ka  bk be the Euclidean distance between two points, the centroid
consistency is denoted as follows:

Ljoint ¼ Lseg þ Lcons
224
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The joint loss function Ljoint was only applied to the variant.
After the variant completes each step of update, prototype weights
were gradually inherited from the consecutive variants using exponential weight averaging by a ratio of b ¼ 0:99 to form the final
model h0pro :

where A and B are the ground truth and predicted regions, respectively. Also, jj denote the absolute value. The HD measures how far
between any two sets in the metric space and is defined as follows,

HDðA; BÞ ¼ maxfhðA; BÞ; hðB; AÞg
maxðminðka  bkÞÞ
hðA; BÞ ¼
a 2 A; b 2 B

h0pro ¼ b  hpro þ ð1  bÞhv ar

Technical details

where hðA; BÞ represents the maximum distance of a set to the nearest point in the other set. Also, ka  bk denote the Euclidean distance between two points. In this study, we used HD95 based on
calculating the 95th percentile of the distances. Due to the small
amount of data and the failure of the normality test, we adopted
a two-sided Wilcoxon test for statistical analysis.

The dataset was preprocessed before each training, and the preprocessing was the same for both strategies. We adopted the standard processing pipeline recommended in nnU-Net[17]. In the
training phase, the engine randomly selected a pair of preprocessed samples from Gall and Glat at each iteration, which was used
to optimize Lseg and Lcons . The samples were fed into the model
after data augmentation. In addition to the default data augmentations proposed by nnU-Net, the Gibbs noise[18] and k-space spike
[19] were randomly superimposed on the image. The data augmentation for both strategies was also the same. The network
structure used in this study was slightly modified from nnU-Net
2D. Specifically, instance normalization was replaced with cross
normalization[20] that advanced model robustness performance.
All details about hyperparameter were listed in the Appendix 1.

Results
The quantitative segmentation results using DIR, the frozen DL
model, and the proposed model on the image dataset are shown in
Table 1. The results were obtained from the statistics of all cases in
the test set. From the overall statistics of the three cancer types, the
proposed method (mean DSC = 0.90, 95 % CI: 0.88–0.95) outperformed DIR (mean DSC = 0.63, 95 %CI: 0.59–0.68) and frozen DL
models (mean DSC = 0.74, 95 % CI: 0.71–0.79). For GTV autosegmentation, the proposed method yielded a median DSC of
0.95 (95 % CI: 0.94–0.97) and a median HD95 of 1.63 mm (95 %
CI: 1.22 mm-2.06 mm), which was comparable to the performance
on OARs. While for the other two methods, the GTV auto segmentation was inferior to OARs. All methods showed no significant bias
in the performance of the three cancer types. The results of the
Wilcoxon test showed that the segmentation accuracy of the proposed method was significantly higher than the other two method
in terms of DSC for almost all the ROIs except for the small intestine, and HD95 for most ROIs except for the heart, femoral head
and spinal cord. Details of the assessment results for each ROI on
three methods were listed in Appendix 2.
Fig. 3 shows the segmentation accuracy (DSC and HD95) for
both GTV and OARs contours using the proposed method along
with the increased number of fractions. The image set from the
first day was used to build the prototype model, so the evaluation
started on the second fraction. The performance had minimal
improvement after five fractions, therefore not shown here.
Despite some numerical fluctuations, the objective metrics of the
model were improving, and the standard deviation gradually
decreased with the increased number of additional prior images/contours. Representative multi-view images of the modelgenerated contours of one test case are presented in Fig. 4. The proposed model had better contouring accuracy and smoothness than
DIR. In addition, the proposed model was sensitive to tracking the
slight anatomical variations between fractions.
To evaluate the effectiveness of the proposed workflow, we
compared the time taken in two ATS processes, are shown in
Table 2. For a regular ATS workflow with manual contouring, the
contouring time gradually decreased with the number of fractions
delivered. However, the average time spent on contouring was
over 12 minutes, with a maximum of 22 minutes. The proposed
method significantly reduced the contouring time with an average
of 73.4 ± 6.5 s. The total treatment time using the regular workflow
was 3251.8 ± 447 s, vs 1650 ± 274 s by the proposed method. The
minimum treatment time was 1189 s for cervical cancer in the
fourth fraction. In our center, the average time of the ATP process
was 22 minutes, and an ATS process with the proposed autosegmentation tool only added a few minutes.

Experiment design
Two experiments were conducted to evaluate the effectiveness
and feasibility of our method. The performance of the proposed
method was compared with DIR and frozen DL model without
updates after pre-training. In addition, the data preprocessing, data
augmentation, and network structure of the frozen DL model were
the same as used in the proposed method.
The first experiment was to compare the segmentation performance. All three methods were tested with the datasets from the
second treatment fraction to the last, and the first fraction was
used as training data or as a propagation template. For trainingbased methods, the datasets were only split into training and test
sets without a validation set. The final target model was derived
after 12,800 iterations. The frozen DL model adopted the crossvalidation method for evaluation; for the data set with the same
training target, each patient was used as the test set in turn, and
the remaining patients were used as the training set. The proposed
method used all the previous fractions to train the daily model for
each patient, then tested the model on the image of a subsequent
fraction. For each test image, DIR propagated the contour of the latest fraction to the current image.
The second experiment was to verify the improvement of the
plan adaptation efficiency using the proposed method in an actual
clinical setting. In a routine workflow, the plan adaption time was
recorded from the TPS receiving the daily MRI scan until the radiation oncologist manually segmented daily anatomy into contours.
While for the proposed workflow, it was recorded from the inference service received the daily MRI until the radiation oncologist
reviewed and approved the contours. In addition, the total time
of the complete daily ART was also recorded and compared.
Evaluation metrics
DICE Similarity Coefficient (DSC) and Hausdorff Distance (HD)
were used as quantitative metrics to assess the performance of
auto-segmentation methods. The DSC measures the volumetric
overlap of two sets as follows:

DSC ðA; BÞ ¼

2jA \ Bj
jAj þ jBj
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Table 1
DSC and HD95 for GTV and OARs using the DIR, frozen DL model, and the proposed method.
DSC (mean ± std)

HD95(mm) (mean ± std)

DIR

Frozen

Proposed

DIR

Frozen

Proposed

0.63 ± 0.12
0.69 ± 0.18

0.67 ± 0.26
0.78 ± 0.17

0.94 ± 0.01
0.96 ± 0.03

4.26 ± 1.21
10.94 ± 2.74

3.26 ± 1.11
4.55 ± 1.34

1.95 ± 0.85
3.09 ± 0.99

0.64 ± 0.12
0.59 ± 0.18

0.66 ± 0.15
0.72 ± 0.16

0.95 ± 0.02
0.91 ± 0.08

6.25 ± 1.16
26.07 ± 9.50

4.33 ± 1.12
9.65 ± 2.40

1.70 ± 0.65
5.53 ± 1.99

0.61 ± 0.24
0.64 ± 0.23

0.69 ± 0.15
0.80 ± 0.11

0.97 ± 0.02
0.93 ± 0.02

25.33 ± 6.25
20.97 ± 5.41

10.22 ± 1.23
7.26 ± 2.25

1.55 ± 0.85
3.65 ± 1.16

Liver Cancer
GTV
OARs avg
Kidney Cancer
GTV
OARs avg
Cervical Cancer
GTV
OARs avg

Abbreviations: Frozen, frozen DL model; std, standard deviation.
OARs for liver cancer: liver, kidney L/R, spinal cord, heart, body.
OARs for kidney cancer: small intestine, spinal cord, stomach, liver, kidney L/R, body.
OARs for cervical cancer: bladder, femoral head L/R, rectum, small intestine, body.

Fig. 3. Evaluation of the first four auto-segmentation results of the proposed solution. The first row is DSC (higher is better), and the second is HD95 (lower is better).
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Fig. 4. Abdominal multi-view MRI showing the auto-segmentation results for a patient with liver cancer. Manual (light blue), DIR (yellow), frozen DL model (green), proposed
(red).

Table 2
The contouring time and treatment time for different site patients.
Contouring time(s)
Liver cancer

day2
day3
day4
day8
Treatment time(s)

day2
day3
day4
day8

Kidney cancer

Cervical cancer

Regular

Proposed

Regular

Proposed

Regular

Proposed

1092
1254
985
736

82
74
81
71

1367
1258
1001
857

78
80
72
78

822
687
562
642

70
65
68
62

Liver cancer
Regular
3652
3546
3468
3002

Proposed
1967
1901
1925
1896

Kidney cancer
Regular
3687
3765
3518
3443

Proposed
1756
1705
1731
1710

Cervical cancer
Regular
3035
2876
2578
2452

Proposed
1367
1355
1298
1189

from the same patient. As shown at Fig. 3, high accurate was
achieved for both GTV and OARs even for the second fraction
using the prototype model trained with only the first fractional
MRI/contours. However, the optimal number of datasets for training a generalizable frozen DL model has yet to be determined.
Although current studies did not address the amount of data as
a performance-affecting factor, it is a legitimate concern whether
models built from small datasets can meet clinical needs. Regarding the generalizability of a DL model, the definitions of the data
types it can generalize to are not well defined. The difficulty and
amount of data required to generalize a model across modalities,
cases, scanners, and fractions vary widely. Our prior study noticed
that a patient’s imaging differences and anatomical changes were
much more minor among treatment fractions than among modalities, different patients, or scanners. It implied that a few data sets
might achieve sufficient generalizability among fractions. To this
end, we designed the patient-specific strategy to address this
problem that the frozen DL model cannot handle. The results in
Table 1 show the superior performance of the proposed approach.
The ability of our method to generate a practical model with a
relatively small training cohort may be attributed to the high
standard of contouring and consistent MR sequences used to train
the model.

Discussion
In this paper, we proposed a practical solution to improve the
efficiency of the contouring process in MRgART with autosegmentation and minimal human editing. Our autosegmentation method was patient-specific based on a daily
updated DL model to account for daily anatomical variation in
patients. To our knowledge, this is the first reported patient specific DLAS method that applies timely updated DL models trained
with daily added data sets. The quantitative analysis demonstrated
that the proposed method significantly outperformed the currently
widely used DIR and frozen DL models. The vast majority of DLbased auto-segmentation methods[21–23], which we call frozen
DL models, can only achieve an average DSC of no higher than
0.8 using more than 100 cases of training data. Although the cancer
types and anatomical sites are not identical, the average DSC of our
proposed method (higher than 0.9) is significantly better than that
of existing frozen DL auto-segmentation models. The main reason
for this difference is that the timely update mechanism of the proposed method makes it adaptable to the daily variability of a specific patient, which is not available in the frozen DL model.
As the name suggests, the proposed patient-specific autosegmentation model was trained on a small number of image sets
227

Patient daily auto-segmentation strategy for MRgRT

The clinical application of the proposed solution significantly
reduced the average time of the entire ATS workflow to be less
than 28 minutes on Elekta Unity, which was an impressive
good result. The contouring time was reduced to less than 2
minutes. It was a notable breakthrough, as the overall treatment time was essentially 80 % shorter than previous studies
(median 64, 46, and 62 minutes in [24,25,26], respectively).
Excessive treatment time can cause physical discomfort (such
as pain, stiffness, and anxiety), especially in older patients,
which was reported to be associated with treatment outcome
and survival[27,28]. The proposed solution can improve patient
compliance and survival by reducing the daily replanning and
treatment time.
Due to the lack of electron density information in MR imaging
and the effects of magnetic fields during treatment, sophisticated
dose calculation methods and dedicated quality assurance (QA)
procedures are required[29]. Furthermore, spatial distortions and
artifacts in MR imaging, especially in the presence of motion, place
demands on measurement techniques and modeling. In this study,
patient QA was performed by measuring all IMRT plans using an
ArcCHECK-MR cylindrical phantom with diode array detectors
(Sun Nuclear Corporation). The average percentage of points satisfying the gamma criterion of 3 %/3 mm was 98.8 % (standard deviation 1.3 %, minimum pass rate 96.9 %).
There is something else worth discussing about the experimental setup and model hyperparameters. For example, Gibbs
and k-space spike artifacts may occur at some fraction of the
treatment process due to magnetic noise. Since our model is only
trained on patient-specific data, the prediction performance drops
when the artifact of current fraction is significantly stronger than
previous fractions. Adding such data augmentation can make the
model more robust in this situation. Model hyperparameters are
determined through several pre-experiments. We tried BatchNorm, InstanceNorm, CrossNorm and SelfNorm as normalization
layer of the model respectively. The CrossNorm is the best overall
in terms of loss convergence speed and final performance. The
exponential weight averaging ratio b is also related to model performance. In this study we simply tried 0.9, 0.99 and 0.999. The
ratio of 0.99 was slightly better than others so we chose it. Setting a schedule for the beta parameter may improve the
performance.
We acknowledge a few limitations of our study:

Our future research will optimize the training strategy for
specific ROIs.
Conclusion
We reported the first clinical experience using a timely updated
patient-specific auto-segmentation strategy on MR images for
accelerating MRgART workflow. The proposed method can overcome the limitation of image variations and data scarcity for deep
learning auto-segmentation on MRIs. We demonstrated that the
proposed method achieved superior segmentation accuracy and
efficiency in the ATS workflow for abdominal and pelvic cases compared to existing methods. Minimizing contouring time with reliable accuracy provides a vast advantage to facilitate the routine
practice of MRgART on the MR-linac platform. Our future studies
will focus on investigating the impact of data diversity and sitespecific optimization strategies.
Summary
The study proposed a patient-specific deep learning autosegmentation (DLAS) strategy through rapid training and online
updating the DLAS model for MR-guided adaptive radiotherapy.
Key results
1. The generalizability of the proposed method was demonstrated
using fractional MRI data from patients with different types of
cancers.
2. Model updates could be completed in the time between treatment fractions and used to make predictions on the new setto-treat daily images quickly.
3. Daily update of the patient-specific model with all previous
MRI/contour sets effectively improved the segmentation
performance.
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3. The effect of training hyperparameters on the model was not
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Appendix
Training details and hyperparameter settings.
Value
Learning rate
Optimizer
Weight decay
Target spacings
EWA ratio
Normalization
Batch size
Window crop size
Scaling range
Rotation range
Spatial transform prob
Gaussian noise prob
Gaussian kernel sigma
Gaussian blur prob
N segments of nonlinear shift
Nonlinear shift prob

Note

3e-4
Adam
1e-4
(1.0, 1.0)
0.99
Cross Norm
16
(320, 320)
0.7  1.4
30°30°
0.9
0.3
(0.25, 1.5)
0.3
5
0.5

Resampling only for X-axis and Y-axis
Retention rate of prototypes updated from variants at each step
[19]
The window center is selected randomly at each step
The scale is randomly sampled from a uniform distribution.
The rotation angle is randomly sampled from a uniform distribution.
Probability of performing augmentation at each step
Probability of performing augmentation at each step
The kernel sigma is randomly sampled from a uniform distribution.
Probability of performing augmentation at each step
Probability of performing augmentation at each step

Details of the assessment results for each ROI on three methods.
DSC (mean ± std)
DIR
Liver Cancer
Liver GTV
Liver
Kidney_L
Kidney_R
SpinalCord
Heart
Body
Kidney Cancer
Kidney GTV
Small Intestine
SpinalCord
Stomach
Liver
Kidney_L
Kidney_R
Body
Cervical Cancer
Cervical GTV
Bladder
Left Femoral head
Right Femoral head
Rectum
Small Intestine
Body
HD95(mm) (mean ± std)

Liver Cancer
Liver GTV
Liver
Kidney_L
Kidney_R
SpinalCord

frozen DL model

Proposed:
average of first four fractions

Proposed:
the last fraction

0.63
0.71
0.75
0.63
0.81
0.63
0.59

±
±
±
±
±
±
±

0.12
0.12
0.14
0.16
0.15
0.22
0.27

0.67
0.75
0.71
0.77
0.74
0.80
0.89

±
±
±
±
±
±
±

0.26
0.18
0.19
0.16
0.17
0.13
0.17

0.94
0.97
0.94
0.97
0.93
0.95
0.97

±
±
±
±
±
±
±

0.01
0.02
0.02
0.02
0.08
0.02
0.01

0.96
0.98
0.94
0.97
0.93
0.95
0.96

±
±
±
±
±
±
±

0.02
0.03
0.01
0.02
0.07
0.03
0.02

0.64
0.45
0.78
0.55
0.59
0.63
0.59
0.52

±
±
±
±
±
±
±
±

0.12
0.22
0.14
0.21
0.13
0.16
0.21
0.22

0.66
0.59
0.81
0.67
0.65
0.73
0.77
0.83

±
±
±
±
±
±
±
±

0.15
0.22
0.13
0.23
0.16
0.12
0.14
0.11

0.95
0.65
0.95
0.93
0.98
0.94
0.95
0.96

±
±
±
±
±
±
±
±

0.02
0.35
0.03
0.03
0.01
0.03
0.05
0.06

0.97
0.93
0.96
0.97
0.98
0.98
0.98
0.98

±
±
±
±
±
±
±
±

0.05
0.06
0.02
0.03
0.01
0.01
0.02
0.01

0.61
0.71
0.71
0.75
0.69
0.47
0.51

±
±
±
±
±
±
±

0.24
0.25
0.22
0.22
0.31
0.24
0.13

0.69
0.73
0.88
0.90
0.71
0.69
0.89

±
±
±
±
±
±
±

0.15
0.22
0.02
0.03
0.02
0.22
0.15

0.97
0.98
0.96
0.97
0.96
0.77
0.94

±
±
±
±
±
±
±

0.02
0.02
0.02
0.01
0.01
0.02
0.03

0.97
0.96
0.97
0.97
0.96
0.79
0.96

±
±
±
±
±
±
±

0.02
0.02
0.02
0.01
0.03
0.04
0.01

DIR

frozen DL model

Proposed:
average of first four fractions

Proposed:
the last fraction

4.26 ± 1.21
12.35 ± 3.65
10.25 ± 2.55
6.24 ± 1.85
2.25 ± 0.86

3.26
6.53
5.55
3.25
1.89

1.95
2.73
4.04
1.77
0.84

1.58
2.40
2.40
1.20
0.56

±
±
±
±
±

1.11
1.18
1.32
0.89
1.28

±
±
±
±
±

0.85
1.12
0.96
0.86
0.82

±
±
±
±
±

0.62
0.71
1.05
0.93
0.35
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DSC (mean ± std)

Heart
Body
Kidney Cancer
Kidney GTV
Small Intestine
SpinalCord
Stomach
Liver
Kidney_L
Kidney_R
Body
Cervix Cancer
Cervical GTV
Bladder
Left Femoral head
Right Femoral head
Rectum
Small Intestine
Body

DIR

frozen DL model

Proposed:
average of first four fractions

Proposed:
the last fraction

8.93 ± 2.21
25.63 ± 5.32

6.55 ± 2.11
3.53 ± 1.23

7.69 ± 1.25
1.48 ± 0.94

4.56 ± 1.22
0.99 ± 0.52

6.25 ± 1.16
46.86 ± 15.66
3.26 ± 1.11
52.12 ± 20.55
36.23 ± 12.52
10.26 ± 3.21
11.37 ± 4.22
22.37 ± 9.25

4.33 ± 1.12
22.24 ± 6.25
2.15 ± 0.92
15.21 ± 3.26
10.21 ± 1.59
6.52 ± 1.31
5.99 ± 1.68
5.21 ± 1.82

1.70 ± 0.65
15.44 ± 3.66
1.19 ± 0.88
8.30 ± 3.65
2.73 ± 1.33
3.32 ± 1.22
3.32 ± 1.32
4.38 ± 1.84

1.01
1.57
0.71
3.64
1.43
1.20
0.71
1.87

±
±
±
±
±
±
±
±

0.65
1.22
0.45
1.35
0.85
0.62
0.35
0.68

25.33 ± 6.25
12.54 ± 3.26
2.93 ± 0.87
2.57 ± 0.92
16.85 ± 4.88
60.53 ± 15.65
30.39 ± 6.85

10.22 ± 1.23
10.26 ± 2.25
1.29 ± 0.85
1.69 ± 0.97
4.66 ± 1.28
20.43 ± 6.52
5.22 ± 1.65

1.55 ± 0.85
4.41 ± 1.86
0.94 ± 0.25
0.91 ± 0.36
1.21 ± 0.57
13.45 ± 3.66
0.98 ± 0.28

1.18
9.04
0.83
0.83
1.00
8.57
0.95

±
±
±
±
±
±
±

0.82
2.15
0.32
0.33
0.48
2.12
0.55
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