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Abstract

Introduction: VMAT treatment planning requires time-consuming DVH-based inverse
optimization process, which impedes its application in time-sensitive situations. This
work aims to develop a deep-learning based algorithm, Automatic VMAT Planning via
MLC Dynamic Sequence Prediction (AVP-DSP), for rapid prostate VMAT treatment
planning.

Methods: AVP-DSP generates 2D projections of the following 3D volumes at 100 control
point angles of a single 360° arc: 1) PTV contours on their radiation exit interfaces; 2)
OAR contours on isocenter plane and 3) predicted dose distribution on isocenter plane.
These projections are used as inputs of a customized U-net implementation. The outputs
are binarized MLC aperture shapes at 100 control points, which are subsequently
resampled and automatically sent to a commercial treatment planning system (TPS) for
plan finalization.

AVP-DSP was developed using 131 prostate patients who received simultaneously-
integrated-boost (SIB) treatment (58.8Gy/70Gy to PTV58.8/PTV70 in 28fx). All patients
were planned by a 360° single-arc VMAT technique using an in-house knowledge-based
planning tool in a commercial TPS. 120 plans were used in AVP-DSP training/validation.

As a feasibility study, the TPS-calculated 3D dose distribution was used as 3D dose

iv



prediction surrogate. 11 plans were used as independent tests. Key dosimetry metrics
achieved by AVP-DSP were compared against the ones planned by the commercial TPS.
Results: After dose normalization (PTV70 V70Gy=95%), all 11 AVP-DSP test plans met
institutional clinic guidelines of dose distribution outside PTV. Bladder
(V70Gy=6.8+3.6cc, V40Gy=19.4+9.2%) and rectum (V70Gy=2.8+1.8cc, V40Gy=26.3+5.9%)
results in AVP-DSP plans were comparable with the commercial TPS plan results
(bladder V70Gy=4.1+2.0cc, V40Gy=17.7£8.9%; rectum V70Gy=1.4+0.7cc,
V40Gy=24.0+5.0%). 3D max dose results in AVP-DSP plans(D1cc=118.9+4.1%) were
higher than the commercial TPS plans results(D1cc=106.7+0.8%). On average, AVP-DSP
used 30 seconds for a plan generation in contrast to the current clinical practice (>20
minutes).

Conclusion: Results suggest that AVP-DSP can generate a prostate VMAT plan with
clinically-acceptable dosimetric quality. With its high efficiency, AVP-DSP may hold
great potentials of real-time planning application after further validation.

Keywords: real-time planning, deep learning, treatment planning
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1. Introduction
1.1 Prostate Cancer and Volumetric Modulated Arc Therapy

1.1.1 Prostate Cancer Statistics

Prostate cancer is one of the most common cancers diagnosed in men in the US.
In 2019, approximately 174,650 men is expected to be diagnosed with prostate cancer
nationally.! Among all cancer types, prostate cancer is the second leading cause of
cancer death in men (10%), next in number only to the lung and bronchus cancer (24%).!
As of January 2019, the total number of prostate cancer survivors is estimated to reach
3,650,030, accounting for approximately 1.12% of the total population in the US.?
Although the situation for prostate cancer varies by age and socioeconomical status in
other countries, it is still the most commonly diagnosed cancer in men globally.
According to the 2015 Global Burden of Disease report, there was approximately 1.6

million incident cases and the cases of mortality has reached 358,989 across the world.?

1.1.2 Prostate Cancer Treatment

The treatment methods for prostate cancer are divided into two major categories
based on the pathological status of the tumor. For localized prostate cancer, there are
three major options: expectant management, surgery, and radiation therapy.* Expectant
management is referred to as a passive monitoring of the progress of the cancer without
active treatment being delivered. Expectant management mainly involves a variety of

surveillance methods including prostate-specific antigen (PSA) testing, prostate biopsies,



and physical examination. If there are minor symptoms reported by the patients,
palliative treatments are likely to be delivered.® For patients with more severe symptoms
or significantly high PSA level, surgery or radiation therapy are usually taken for
therapeutic purposes. As a traditional treatment method, surgery has been in the front-
line of prostate cancer treatment for many years. In contrasts, radiation therapy has
undergone major technological advancements and has not gained popularity until
recent decades. Intensity modulated radiation therapy (IMRT) is a typical example of the
radiation therapy used in current clinical practices. IMRT adopts the usage of multiple
radiation fields and the multileaf collimators (MLC) to modulate the radiation beam
intensity delivered to different locations of the tissues.® Similar to IMRT, volumetric
modulated arc therapy (VMAT) is another type of radiation therapy modality for
prostate cancer. Unlike the discontinuous field-based delivery of IMRT, VMAT uses the
consecutive delivery of radiation to the target in a single arc or multiple arcs, which
largely reduces the time required for treatment.” In addition to IMRT and VMAT,
hypofactionated methods like stereotactic body radiation therapy (SBRT) is also being
performed regularly in clinics. SBRT uses precise image-guided planning and
monitoring to deliver high dose within several fractionations. Besides, high dose rate
and low dose rate brachy therapy have been seen in large centers. Though
brachytherapies require high expertise of personnel and special equipment, it is

endorsed by many practitioners due to its high conform dose distribution to the target.



For metastasize prostate cancer, Androgen deprivation therapy (ADT) is often
recommended by the physicians as the primary treatment method. ADT is a type of anti-
hormone therapy to reduce the level of androgen hormones that are required by the
prostate cancer cells.® ADT is proven to be able to effectively suppress the growing of
cancer cell, but the adverse effect is also seen to be severe in some patient cases. To
control the potential toxicity, ADT is combined with radiation therapy or prostatectomy.
Several phase-3 trials have shown improved overall survival rate using this combined

method.®

1.1.3 Volumetric Modulated Arc Therapy

VMAT is an advanced radiation therapy technique that is capable of generating
plans with highly conformal dose distributions. It is first introduced by Otto in 2007.” As
an extension and improvement of the earlier intensity modulated arc therapy (IMAT),
VMAT reserves the inherent advantage of superb coverage to the tumor target and
sparing of the normal tissues.!” Unlike the IMAT technique which requires the
implementation of multiple superimposed arc, VMAT adopts a innovative optimization
method based on progressive sampling of the gantry angle and MLC positions.!'2 This
improvement in the optimization method have made possible the use of only one or two
arc for VMAT plans, which largely reduced the time required for VMAT delivery. Due

to this time-effective nature, VMAT is now becoming the new clinical practice for



treating prostate cancer. Figure 1 shows an example of a single arc VMAT beam

arrangement.

Figure 1: An example of single-arc VMAT beam arrangement. The yellow
circle represents the field (178 control points across 360°). The red curve is the PTV
contour.

The optimization of the VMAT plan involves a method called “progressive
sampling technique” as shown in Otto’s introductory paper. Figure 2 below is excerpted
from the original paper for the purpose of illustration. Generally, progressive sampling
is a aperture-based optimization technique whose aim is to find the optimum for three
parameters of the VMAT plan: gantry rotation speed, MLC movement (aperture shape),
and dose rate. More precisely, a scarcely sampled gantry position and MLC aperture

will be generated first as the optimization starting point as shown in the subfigure (a).



Based on the predefined optimization objectives, i.e., the dose-volume constraints for
PTV and OARs, several iterations of optimization are performed to find local optimum.
At each iteration, the MU weighting or MLC leaf position will be changed for a
randomly chosen sample. If the cost is reduced, the change will be accepted, otherwise
the change is rejected and the iteration goes on. Next, a new sample will be added to the
model between two existing samples and another several rounds of iterations are
performed to find the new optimum. Once the full range of the arc has been covered, the
process repeats again by inserting new sample between the first two existing samples (as
shown in (d)). This proposed method was proven to be able to provide enough sampling
points for reaching the optimization constraints and also to save considerable amount of

time for the plan delivery process.

Initial Arc Samples

(b) ()

nms [LITTT] 2

1% New Sample
N mptes = Ny =6 N,opies = Ny t1=17 N s =Npyy +5=11 Nnpies = Ny +6=12
Figure 2: Progressive sampling for VMAT planning

Several preliminary studies have demonstrated equivalent dosimetric quality for
the VMAT plans in comparison to the ones planned by static field IMAT or IMRT.!*15 In

treatment sites like prostate, the VMAT even outperformed other two techniques.!¢1”



With equivalent treatment quality and higher delivery efficiency, VMAT soon gained

popularity in clinic practices.

1.2 Knowledge-based Treatment Planning

The delivery efficiency of VMAT makes it especially appealing for clinical
practices where timing is the top priority. In particular, the total delivery time of a
single-arc VMAT plan is less than 5 minutes.” This fast implementation could alleviate
the timing stress caused by stringent requirements for patient positioning and image
guidance of the current EBRT practice. These facts seem to prove the success of VMAT
as a newly developed treatment technique. However, the pre-delivery planning process
for VMAT is still less straightforward and requires considerable amount of time. To
provide guidance for the planner and to improve the planning efficiency, techniques
including knowledge-based planning (KBP) and artificial intelligence (Al) are seen to be
incorporated into the planning pipeline.

KBP was developed over the years as a assisting tool to guide treatment planning
process. It centralizes on the incorporation of historical plan information into the
treatment planning process for new plans. Depending on certain predefined criteria,
e.g., distance to target histogram (DTH), historically similar plans are selected for
predictive purposes or direct use. A variety of dosimetric features of these selected plans
will be utilized as reference to guide the determination of optimization objectives of

current plan. Alternatively, these information of previously achieved plans will be used



directly as input into the planning of current plans. This method fully employed the
existing database to assist human planner for complicated treatment planning, resulting
in increased efficiency and comparable accuracy with clinical plans.

At early stage of KBP development, Yong Yang and Lei Xing have proposed a
model where the dose-volume effect of structures is incorporated into the construction
of objective functions.!® The parameters of these functions are determined based an
analysis of importance of OARs of historical plans. Later, Yuan et al employed the
volumetric and spatial information of the OARs and PTVs to successfully predict OAR
dose sparing.!? Similar anatomic feature based model has also been seen in other studies,
which all reported precise dose predictions for new plans.?> More recently, Ma et al
incorporated a novel support vector regression (SVR) method in predicting endpoints of
OAR DVHs based on high level dosimetric information instead of relying solely on the

anatomic/geometric features.

1.3 Artificial Intelligence in Treatment Planning

As a result of the recent burst of artificial intelligence (Al) in many areas of
science and industry, researchers have devoted tremendous efforts in exploring the
potential application of this tool in the field of medicine. Al, especially the branch of
deep learning, has shown great power in solving diagnostic and therapeutic problems.
A variety of deep learning models for segmentation or diagnosis have shown good

efficiency and accuracy.”? And this emerging technique has also been incorporated in



the daily quality assurance (QA) procedures in radiation oncology.?®? More thrillingly,
evidences are seen that deep learning method can largely improve the efficiency of
treatment planning for radiation therapies. Several examples of the application of deep
learning in treatment planning are summarized below.

Nguyen et al reported a feasible U-Net based model for dose distribution
prediction of prostate IMRT.* The resultant dose distributions are proven to be able to
accurately guide the optimization process. Another recent work has demonstrated the
efficacy of a novel deep learning architecture, DoseNet, for prostate SBRT dose
prediction.?! Besides dose prediction, IMRT fluence map prediction is another research
area that has gained increasing popularity. Lee et al developed a deep-neural-network to
generate fluence map directly from the organ contour and dose distribution, eliminating
the time-consuming inverse planning process.®? In addition, there are newly proposed
integrated models with high automation to perform treatment planning automatically.

One such example is shown in Wang et al’s work.*

1.4 Innovation and Impact of the Study

In the current clinic workflow for VMAT, the design of patient-specific treatment
plans is a vital but time-consuming component. It requires extensive effort between
planners and the oncologists and the quality of the resultant plans is subject to change
with the oncologists’ preferences and planners’ experience. These limitations of the

current planning methods pose great challenge for the application of VMAT in time-



sensitive situations. To address this problem, a wide range of studies have been
conducted to develop tools and methodologies for better planning efficiency and plan
quality consistency. As mentioned previously, the technological advancement in KBP
and Al based treatment planning has shown great potential in improving the treatment
planning efficiency in current clinical settings. But there are still tangible limitations of
the existing methods. For one thing, the KBP models provide only guidelines for setting
beam configurations or optimization objectives. To obtain the final deliverable plan, the
time-consuming inverse optimization is still necessary. Besides, the resultant plans
guided by KBP models usually requires manual fine-tuning after optimization, which
add another level of uncertainty to the quality of plans. For another thing, the existing
deep learning models are not the golden rule for addressing all treatment planning
problems. Although some of the previously mentioned deep learning models have
successfully replaced the inverse optimization process, most of them are limited to
treatment modalities of IMRT or SBRT. No previous work has been done to provide
time-effective systems for VMAT. The VMAT technique, however, has gain popularity
and is becoming an indispensable tool in the current cancer treatment toolbox.* The
investigation of more efficient treatment planning methods for VMAT, therefore,
becomes essential.

Based on deep-learning approaches, a few works reported 3D dose predictions

for radiotherapy.?*® These predicted dose distributions have been utilized in guiding



the initial parameter setting for treatment planning. However, inverse optimization and
manual fine-tuning of the plan are still needed to reach a deliverable plan. Obviously,
the gap between dose prediction and a deliverable plan has not yet been bridged. To fill
such gap, we proposed an innovative work that directly generates a deliverable VMAT
plan via dynamic MLC sequence prediction. Such prediction is based on a patient’s 3D
contour volumes and 3D dose distribution, and the time-consuming VMAT inverse
optimization is no longer needed. In this feasibility study of prostate VMAT planning
application, the developed method AVP-DSP generates prostate VMAT plans with
clinically acceptable dosimetric quality. With its fully-automated implementation and
high execution efficiency, AVP-DSP may have great potential of real-time VMAT

planning in clinical application after further pre-clinical validations.
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2. Materials and Methods
2.1 General Workflow

This study aims to address three major tasks: (a) training data generation, (b)
deep learning model construction and (c) model validation. An overview of the
workflow is presented in Figure 3. To generate sufficient number of VMAT plans of
consistent quality for model training, we first developed an intelligent planning
platform (IPP) with Eclipse™ scripting interface (ESAPI) on a research treatment
planning system (TPS). By analyzing the dosimetric features of the resultant plans of
IPP, down-sampling criteria (control point selection in our case) for the training data is
determined. The input to the U-net model is composed of three sets of images derived
from the determined control points of the TPS plans: 1) PTV58.8/PTV70 contours on
their radiation exit interfaces; 2) rectum/bladder contours on isocenter plane and 3)
predicted dose distribution on isocenter plane. As a feasibility study, the TPS-calculated
3D dose distribution was utilized as 3D dose prediction surrogate. The outputs of the
model are binarized MLC aperture shapes at 100 control points, which are subsequently
resampled and sent to TPS using an automated scripting interface for plan finalization.
Finally, the generated prediction plans were calculated for 3D dose distributions. The
major dosimetric parameters of the prediction plans including PTV coverage, OAR
sparing, and maximum dose were compared with the TPS plans for plan quality

validation.
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2.2 Patient Selection

A cohort of 131 previous prostate patients were included in the development and
validation of the AVP-DSP model. Among all 131 patient cases, 120 plans were used in
AVP-DSP training and validation, and 11 plans were used as independent tests. All
these patients previously received simultaneously-integrated-boost (SIB) treatment in
Duke institution. The names of these patients were redacted and were replaced by serial
number, e.g., Pros_001, Pros_002, Pros_003, etc. The demographic information of the
patients was also erased for the purpose of keeping confidentiality. Only the simulation
CT images, structure sets, and clinical plans of the patients were exported from the
clinical Eclipse TPS for research usage. All the patient data were exported as Digital
Imaging and Communications in Medicine (DICOM) format and four types of DICOM
tiles were included in this study: “CT.dicom” for simulation CT images, “RS.dicom” for
patient structure sets, “RD.dicom” for plan dose distributions, and “RP” for radiation

therapy plans.
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Figure 4: An exemplary dose prescription of single-arc prostate VMAT plan

All the plans adopt a 360° single-arc VMAT technique with dose prescription of

58.8Gy to PTV58.8 and 70Gy to PTV70 in 28 fractions. The single-arc configuration was

chosen because the MLC aperture shapes had a stronger correlation with patient’s

anatomy at BEV in single-arc cases in comparison to two-arc or non-coplaner cases.

Using single-arc configuration, therefore, promises a better learning result from the

neural network that correlates the MLC aperture shape with the patients” anatomy. An
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example of the dose prescription information is presented in Figure 4 above. All the
structures were manually contoured for each patient by their treating physicians
according to currently open cooperative group protocols. In our case of localized
prostate cancer, PTV70 is defined as the prostate volume with a 10mm margin
posteriorly and 15mm margin in other direction. The PTV58.8 is defined as the sum of
prostate and seminal vesicles volume with a 10mm margin posteriorly and 15mm
margin in other directions. For all the patient cases, the OARs include rectum, bladder,

left femoral head and right femoral head.

2.3 Generation of TPS Plans
2.3.1 Intelligent Planning Platform.

In this work, we built a planning algorithm, IPP, for prostate VMAT plan
generation. The purpose of building such a platform was to eliminate potential plan
quality variances caused by the trial-and-error planning process of human planner. In
addition, IPP provided superb time efficiency and automation, facilitating training data
generation in a time-efficient manner. The idea of IPP was inspired by a DVH prediction
model proposed by Ma et al.?? In practice, a C# algorithm was developed using the
Eclipse Scripting Interface (ESAPI). This algorithm first created an external beam plan
setup in the research TPS and set the optimization objectives for only the PTV structures
while the objectives for OARs are disregarded. After objectives were set, the

optimization of the plans was performed using the built-in VMAT optimization

14



algorithm in the research TPS system. This preliminary optimization scheme is called
“pilot planning”. In this case, OARs were treated as normal tissues with no specific
optimization objectives being set. In the pilot planning phase, the dose distribution of
resultant plans was reasonably assumed to represent the patient-specific anatomy
features. As only the PTVs constraints were determined, the optimization results
demonstrated the potential of the patient case to reach optimum PTV coverage while
ignoring the effect to the OARs. When the pre-defined PTV constraints were met, the
dose delivered to the surrounding OARs contains information of the unique anatomy of
the patient. Below is a figure showing the structures that were assigned with

optimization constraints during the pilot planning.

Figure 5: Contoured structures that were assigned optimization constraints
during pilot planning. The blue contour represents PTV58.8, red contour is PTV70,
and the white contour is the whole body.
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Table 1 specifies the optimization objectives that were defined during pilot
planning. Both PTVs were assigned multiple constraints. The dose and volume were
specified with absolute and relative values respectively. The weightings represented the
relative significance of each individual constraint item. Specifically, all the plans were
normalized to that 100% of the prescription dose (70Gy) covers 95% of the PTV70
volume. In addition to constraints of two PTVs, a normal tissue objective was
maintained as the following: priority of 90, distance from target border of 2 mm, start
dose percentage of 103%, end dose of 50%, and fall-off of 0.5. After these objectives were
set, the plan will go through optimization process which result in the optimized pilot
plan.

Table 1: Optimization objectives for pilot planning

Structure Constraint Type Dose (Gy) Volume (%) Weighting ‘

PTV70 Lower 70.0*0.96 99.9 110
Lower 70.0*1.00 97.5 115
Upper 70.0*%1.04 1.5 110
Upper 70.0*1.05 0.0 115
PTV58.8 Lower 58.8%0.97 99.9 110
Lower 58.8*1.00 98.0 115
Upper 70.0*1.05 0.0 110
Body Upper 70.0*1.05 0.0 350

After the pilot plan of the patient were generated, the resultant OARs DVH data
was extracted. These DVH data was used to guide the optimization constraint setting of

a secondary plan—the “terminal plan”. This time, both PTV and OAR constraints were
16



specified. The PTV constraints were kept as the same as the pilot plan, while the OAR
constraints were set according to the extracted OAR DVHs of the pilot plan. Figure 6
shows an example of all the contoured structures that were included in the constraint

setting of the “terminal plan”.

Figure 6: Contoured structures that were assigned optimization constraints of
the terminal plan. The blue contour represents PTV58.8, red contour is PTV70, dark
green is the bladder, brown is the rectum and the white contour is the whole body.

The light blue and light green represent right and left femoral head respectively.

Table II demonstrates the rules for setting OAR constraints of the new plan. In
addition to the conventional maximum dose constraints, rectum and bladder are also
assigned medium and low dose constraints which are based on the DVH result of pilot
plans. Particularly, constraint Dsq, of the bladder was set to be 85% of Dé’(‘;ﬁ/oot, that is, the

D50, value read from the bladder DVH of the optimized pilot plan. Similarly, D;qq,
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constraint of the bladder is specified as 85% of D;’éﬂ/"ot. For rectum, Dso, constraint is

defined by the smaller value between 70% of D’ and (Dbare’ — 10) Gy; Vsogy

constraint for the rectum is defined as the smaller value between 60% of Vs%icl;t and 20%;

V216y constraint for the rectum is defined as the 60% of Vﬁié‘;f.

Table 2: Optimization objectives for OARs

Structure Upper or Dose (Gy) Volume (%) Weight
lower
Bladder | Upper 71.0 0 80
Upper 70.3 0.1 75
ilot
Upper D5p50/00 *().85 50 50
pilot
Upper DYoo, *0.85 70 50
Rectum | Upper 70.8 0 80
Upper 70.7 0.1 80
Upper | Min (DPE0%*0,70, D2got — 1) | 50 80
Upper | 50 Min (V325 *0.6, 70
20%)
ilot
Upper 21 Vzlilc;; *0).6 70
FHR Upper 35 0 55
FHL Upper 35 0 55

A comparison between the pilot plan and the terminal plan in terms of major
PTVs and OARs is presented in Figure 7. As can be seen, without the constraints for
OAR:s (in the case of pilot planning), the rectum and bladder dose are noticeably higher
than that of the terminal plan where rectum and bladder constraints were strictly set.

This difference between two plans embodies the patient specific anatomy. On one hand,
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if the OAR DVH difference is big between two plans, the OAR constraints are hard to be
satisfied as extra “effort” has to be paid to lower the OAR dose. This can be result from
overlap of the OAR and PTV in the patient case. On the other hand, if the OAR DVH
different between pilot and terminal plans are small, it means the OAR constraints are

easy to be satisfied. This may be a result of separation between OAR and PTV.
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Figure 7: An example of DVH comparison between pilot plan and terminal
plan. The DVH curves labeled with square and triangle represents the pilot and
terminal plans respectively. Red, blue, brown, and dark green represent the PTV70,
PTV58.8, rectum, bladder respectively.

2.3.2 Control Point Selection

Just as mentioned in the introduction of VMAT technique, the optimization
process of the VMAT plans are conducted in a progressive sampling manner. The MLC
aperture shape and the dose rate of one sampling point could be derived from

interpolation of the adjacent sampling points. Based on this observation, we conducted
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an analysis of the dose rate and leaf speed distribution to select necessary sample point
to be included in the training of AVP-DSP model. The average leaf speed characterizes
the changing rate of the aperture shape between adjacent control points, while the dose
rate distribution embodies the dose delivery pattern with respect to gantry rotation. The
control points with noticeably large speed or dose rate are inferred to have dosimetric
significance and are therefore included in the training sample. The purpose of doing
such control point selection is to minimize the data used in the training so that the deep
learning network can run faster and more efficiently.

Figure 8 below shows the dose rate and leaf speed distribution of the population
average of the terminal plans. The data was generated based on the 120 training patient
cases at 178 control points. To demonstrate the relative magnitude of these two
parameters, the dose rate and leaf speed data serials were both normalized to their mean
values. As can be seen, the population average leaf speed is relatively constant. It
fluctuates between the range of 0.5 and 2 mean leaf speed. In contrast, two peaks are
observed in the population average of the dose rate (at around 100 degree and 260
degree). This indicates a considerable amount of dose being delivered to the target
between these two ranges, making it especially important in terms of dose delivery
accuracy. Based on the above analysis, we consider the control points between 90~110
degree, and 250~270 degree are dosimetrically significant. Therefore, for data points

between these two ranges, we took one sampling points from every 2-degree interval. In
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other gantry angle positions, sampling points were taken from every 4-degree interval.
This downsampling gave 100 control point in total, instead of the original 178 control
point in the plan setup. Figure 9 visualizes the control point selection process.

Dose Rate vs Leaf Speed: Population Average

Dose Rate
Leaf Speed

257+

Dose Rate[MU}Leaf Speed[cm/s]
W

0.5

179 140 100 60 20 0 340 300 260 220 181
Gantry Angle [deg]

Figure 8: Population average dose rate and leaf speed distribution

(a) 0° (b)
270°
270° 90° <; () 90°
250° 110°
180°

Figure 9: Control point selection. (a) before downsampling, (b) after

downsampling.

21



2.4 Automatic VMAT Planning via Dynamic Sequence Prediction
2.4.1 DRR and Dose Projection Generation

Digitally reconstructed radiographs (DRR) was originally used as a surrogate of
radiographic images in the treatment planning and verification process in clinic. It is
produced through perspective projection of CT or other 3D images (volumes) onto 2D
planes. In our study, the CT images were read from the CT.dicom files of the patients
and were stored into float point number matrices. These matrices were then used to
reconstruct the DRR by projecting onto the beams eye view (BEV) at 178 control points.
The reconstructed images were resampled to a resolution of 2.5mm and centered at the
isocenter of the plan field. This DRR reconstruction was performed for 5 different
contoured structures: PTV70, PTV58.8, rectum, bladder, and seminal vesicle.

Similarly, the 3D dose distribution of the terminal plans of patients were read
from the RD.dicom files and were stored into float point number matrices. These dose
distribution matrices were also projected to 178 BEV planes to reconstruct 2D images.
The resultant projections of the 5 contoured structures and the dose distributions were

utilized as input to the U-Net model.

2.4.2 U-Net Architecture
The backbone of AVP-DSP is a deep-learning model based on U-Net

architecture. This model was adopted to correlate the patient anatomic features and the

MLC dynamic sequence of VMAT plans. Among various existing deep learning models,
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U-Net was chosen to fit to our training purposes for its computational efficiency and
proven effectiveness in medical imaging processing. Previous study has shown that U-
Net is capable of conducting successful image segmentation with limited training
samples. 3 In addition, subsequent studies have demonstrated the robustness of U-Net
in 3D data applications. %3 These characteristics of U-Net makes it especially suitable in
our case where the number of training samples are limited, and the size of individual
patient data requires high computational efficiency. Using this well-established
architecture, an end-to-end relationship between input and output is formed.

Figure 10 demonstrates the U-Net architecture used in this study. The network
consists of a 4-resolution-step analysis path and a 4-resolution-step synthesis path. Each
layer of the two paths is composed of two 3X3X3 convolutions followed by an
exponential linear unit (ELU) activation that gives 32,1714,305 trainable parameters in
total. The down-sampling in the analysis path is performed by max pooling layers with
strides of two in the x and y directions and a stride of one in the z direction (2 X2X1). In
the synthesis path, upconvolution layers with 2 X 2 X 1 strides are used to up-sample
the data matrices. Concatenations are performed between three pairs of units with the
same resolution as indicated by the gray arrow in figure. The last layer before the output

is a 1X1X1 convolution layer that reduces the channel number to 1.
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Figure 10: U-Net architecture

Input of the network is a 64 X 64 X100 X 6 matrix. 64 X 64 indicates the size of the
image of each frame. 100 is the control point number that corresponds to 100 projection
angles. 6 is the number of channels. Each channel contains a different type of data and
they are: 1) PTV70 contour, 2) PTV58.8 contour, 3) rectum contour, 4) bladder contour, 5)
seminal vesicle contour, and 6) 2D projections of dose distribution on isocenter plane.
The outputs are binarized MLC aperture shapes at 100 control points with a size of 64 X
64 X100. The core of the U-Net architecture is a categorical cross-entropy loss function
that quantifies the difference between prediction and ground truth in a pixel-wise
manner. In the output matrices, each pixel has a numerical value that indicates the
intensity level. For the ground truth, non-zero pixels of the same frame have a uniform

intensity level, representing the relative dose rate (MU weight) at this control point.
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Therefore, 100 frames of each aperture shape matrix have up to 100 intensity levels
(some frames may have the same intensity level). Mathematically, categorical cross-
entropy is given as:

CCE = =Yt yiclog (pic) (1)
where M denotes the total number of classes, i.e., intensity levels, ¢ represents the
individual class, i is the pixel number, y; . is a binary indicator that indicates whether ¢
is the true class, p; . denotes the predicted probability between 0 and 1 of the i pixel

and is given by:

eSi

Pie = 2)
s; and s, are the value of the i*" pixel of the predicted outcome and the corresponding
ground truth. In our case, each pixel can only have one pixel value, hence, falls into only
one class. Therefore, y; . is non-zero only when c is the true class (the pixel value in
corresponding ground truth). As a result, equation (1) and (2) can be combined and
simplified as:
CCE = —log (% 3)
This design of loss function simulates the open or close (1 or 0) of each pixel of

the MLC aperture and predicts the specific dose rate information at the pixel location at

the same time.
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2.5 Model Validation

To validate the efficacy and accuracy of the automatic treatment planning model,
it is necessary to evaluate the dosimetric result of the generated plan. In our study, 12
indices are chosen to evaluate the generated plan, and they are listed in Table 3 below.

Table 3: Plan validation indices

Indices  Unit Description

VEYes® (%) Percent volume of PTV58.8 covered by 58.8Gy isodose line

DI (%) The maximum percent dose received by 1cc of patient body
Digst™  (Gy) The maximum absolute dose received by 1lcc of rectum
Viséy™  (cc)  The absolute volume of rectum receiving more than 70Gy dose
Vesey™ (%) The relative volume of rectum receiving more than 65Gy dose
Visey™ (%) The relative volume of rectum receiving more than 40Gy dose
ppladder  (Gy) The maximum absolute dose received by 1cc of bladder
VFadae™  (cc)  The absolute volume of bladder receiving more than 70Gy dose
VEader (%)  The relative volume of bladder receiving more than 65Gy dose
Vigdder (%)  The relative volume of bladder receiving more than 40Gy dose

DfHL (Gy) The maximum absolute dose received by 1cc of left femoral head

1lcc

DfHR  (Gy) The maximum absolute dose received by 1cc of right femoral head
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3. Results
3.1 AVP-DSP Efficacy and Efficiency

The outputs of the AVP-DSP model are binarized MLC aperture shapes at 100
control points, which are subsequently resampled and sent to a research treatment
planning system (TPS) for plan finalization. On average, AVP-DSP used 30 seconds for a
plan generation in contrast to the current clinical practice (>20 minutes). For all 11 test
patient, AVP-DSP generated plans with relatively constant plan qualities. Within the test
cohort, a variety of different PTV, OAR volume and spacial separation were seen. The
planning time and plan quality, however, were seen to be similar. This indicates AVP-
DSP’s ability to accommodate cases with special anatomical structures.

Figure 11 compares the generated MLC aperture shapes between the model
prediction result and the TPS plans for one example case. Pictures on the left column are
from prediction and those on the right are from TPS plans. The text on the right corner
of each picture indicates the corresponding gantry position. As can be seen, the
predicted MLC dynamic sequence at the 3 positions are very similar with the
corresponding TPS plan. The open-or-close pattern of the aperture shape is also seen to
have a strong correlation with patient anatomy. For example, when the beam incidents
in the oblique posterior-anterior (OPA) direction (as shown in (al) and (b1)), the rectum
is near the middle of the field. As a result, the center area of the field is seen to be

shielded by MLCs (as indicated by the white arrows). In (a2) and (b2), when the beam
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incidents in the AP direction, the bladder is exposed. Consequently, MLCs moves to
cover the upper portion of the field to protect the bladder volume (as indicated by the
light blue arrows).

157.6 deg (b1) 157.6 deg

359.0deg (b2) 359.0 deg

> 7 S

308.1deg (b3) 308.1 deg

Figure 11: Aperture shape comparison between AVP-DSP plan and TPS plan.
Blue contour represents PTV58.8

After the dynamic sequence and other plan information are written into the TPS

system, the plans generated by AVP-DSP will be calculated for dose. Figure 12 shows
28



the isodose distribution comparison between prediction plan and TPS plan for one
patient case. From top to the bottom, axial, sagittal, and coronal views are compared

respectively.

Figure 12: Isodose comparison between AVP-DSP prediction (left) and TPS
plan (right)
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In overall, the distribution of isodose lines shown on two plans are similar. This
suggests a learned planning knowledge of the AVP-DSP. The 2800cGy and 3500cGy
isodose lines demonstrates a successful rectum low-dose sparing (as indicated by the
white arrow in (al)). But there is no clear evidence to show a learned sparing for the
bladder. The 100% dose coverage (yellow isodose line) to PTV7 (inner red contour) was
sufficient with good conformity as the plans are normalized to Vzcy=95% for PT V.
However, the dose coverage to PTVsss (outter red contour) of the AVP-DSP plan was
less satisfying (Vssscy = 93.8%) in comparison to the TPS plan (Vssscy = 95.7%). In
addition, the dose sparing to left and right femoral heads between two plans are seen to

be comparable.

3.2 TPS Plan and AVP-DSP Plan Comparison
3.2.1 Overall Dosimetric Comparison

In Figure 13, DVHs of the predicted plan and TPS plan are compared for the
same example case shown in Figure 12 above. Two PTVs and major OARs are included
in the figure, each labeled by a unique color. As can be seen, the DVHs for the body
(normal tissue), left femoral head, right femoral head, and bladder of the predicted plan
are remarkably similar to those of the library plan. The DVH for rectum shows a
moderate difference at middle to low dose interval (between 1500cGy to 4000cGy). The
DVHs for PTV58.8 and PTV70 of the predicted plan demonstrate a sub-optimal dose

fall-off, which results a higher maximum dose for both PTVs.
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Figure 13: Dose volume histogram comparison between AVP-DSP prediction
and TPS plan

Table 4 summarizes the quantitative dosimetric evaluations of AVP-DSP. The
data shown here includes all 11 test plans. After dose normalization (PTV70 V7cy=95%),
all 11 AVP-DSP test plans achieved clinically acceptable spatial dose distribution. As can
be derived from the table, bladder and rectum high dose results (Vzcy) in AVP-DSP
plans were comparable with the KBP plan results. Femoral heads high dose results were
also similar. In terms of low dose sparing, Vicy results of bladder and rectum in AVP-
DSP plans were close to KBP plan results without clinically meaningful differences.
However, 3D body max dose results in AVP-DSP plans were inferior to the KBP plans.

The PTV58.8 coverage of AVP-DSP plans was also less satisfying than that of the TPS

plan
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Table 4: Major dosimetric parameters comparison

Structure Parameter AVP-DSP TPS Plan
Body Dice(%) 118.9+4.1 106.7+£0.8
PTVsss Vss.sov(%0) 92.442.2 96.8+0.7
Dicc(Gy) 74.0+£3.0 70.5+1.1
V7oGy(cc) 2.8+1.8 1.4+0.7
Rectum
Vsan(%6) 4.7+£1.5 3.6+1.1
Vaocy(%) 26.3£5.9 24.0+5.0
Dicc(Gy) 75.8+£2.0 72.6£0.8
V7ocy(cc) 6.8+3.6 4.1£2.0
Bladder
Vsav(%) 5.542.3 3.7+2.0
Vaocy(%) 19.449.2 17.7+£8.9
FHL Dicc(Gy) 27.5+4.3 28.844.0
FHR Dicc(Gy) 25.6+4.5 27.443.1

3.2.2 PTV Coverage

Based on an analysis of all 11 test plans, a series of box plots are generated to
compare the major dosimetric indices between predicted plans and TPS plans. Figure 14
compares the dose coverage index between two plan categories. The median value of the
11 cases are indicated by the red line segment, while the maximum and minimum
values are represented by the black line segment, and the upper and lower boarder of
the box indicate the 75% quantile and 25% quantile of the data set respectively.

As can be seen from the plot, the TPS result is superior than the prediction in

terms of dose coverage to the PTV. The TPS plans has a median PTV58.8 coverage of
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around 96.5%, and all plans reached a coverage of more than 95%. In contrast, the
PTV58.8 coverage of the AVP-DSP generated plans is between the range of 90% and

95%. In addition, the AVP-DSP result is seen to have a sparser distribution comparing to

the TPS plans.
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Figure 14: Dose coverage to PTV58.8

3.2.3 Bladder and Rectum Sparing

Over the course of prostate cancer treatment, the protection of critical organs like
bladder and rectum is of great important. Because the damage to bladder might affect
the urinary function of the patient, and high dose to the rectum might result in a
degradation of the patient overall life quality. Due to this consideration, the dose
delivered to bladder and rectum is emphasized in the plan evaluation process. Figure 15

shows the high dose (V70Gy) and median dose (V40Gy) result to the bladder.
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Figure 15: Bladder sparing comparison

Figure 16 below compares the high dose (V70Gy) and median dose (V40Gy)

result to the rectum.
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Figure 16: Rectum sparing comparison
3.2.4 Femoral Head Sparing
The left and right femoral heads are also important to maintain high quality of

patient life after treatment. Two plots in Figure 17 show the maximum dose delivered to

FHL (leaf femoral head) and FHR (right femoral head) respectively.
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Figure 17: Maximum dose to leaf and right femoral heads

3.2.5 Maximum Dose

Figure 18 shows the result maximum dose comparison of the plans.
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Figure 18: 3D maximum dose comparison
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4. Discussion

4.1 Advancements in Treatment Planning

The past several decades has witnessed the mountainous progress in treatment
planning technologies. Both knowledge based planning and deep learning models for
dose prediction have made the planning process for physicians and planner more
straightforward than ever before. Indeed, these powerful tools provided the planners
with accurate dose predictions which is an essential component in the treatment
planning workflow. With the help of predicted dose, planners can easily find the
starting points for setting optimization constraints, resulting in faster convergence of the
inverse optimization process. However, the fast pace of the current radiation oncology
requires more than just predicted dose. An integrated, fully automated system is
appealed for real time treatment planning to alleviate the planner’s daily burden. In this
work, we proposed a deep learning based auto-planning system for fast prostate VMAT.
To the best of our knowledge, this is the first MLC dynamic sequence prediction based
automatic treatment planning method for prostate VMAT. Instead of predicting
achievable dose distributions, we predict the MLC sequence at sampled beam angles of
the arc using patients” anatomy as input. This is more favorable in VMAT technique
because the sequence information can be directly written into the plan dicom file,
resulting in deliverable plans in TPS. Currently, the inherent relationship between MLC

leaf sequence and dose distribution is not well understood. This study provides a new
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direction for future research in the field of VMAT treatment planning. It is worth
emphasizing that, although patient anatomy (contoured structure and CT attenuation
map) were used in this study as the model input to predict MLC dynamic sequence,
dose distribution map or other patient specific features can also be potential input to
train the model.

Developing such a fully automatic treatment planning system can benefit the
frontline medical staff in radiation oncology in many aspects. Just like KBP models and
dose prediction models, AVP-DSP can generate 3D dose distribution information in a
magnitude of minutes. This can provide planners, especially those who lack of planning
experiences, with important guidance in a time-efficient manner. In addition, for clinics
that are short of human resources and/or overloaded with patient visits, this system can
replace the planner for planning of preliminary cases, giving time for the planners to
handle more complicated tasks. Compared with conventional KBP or deep-learning
based dose prediction models, the proposed method has higher level of automation and

can therefore, eliminate the time-consuming trial-and-error style of planning process.

4.2 Limitations of the Study

Admittedly, the proposed method has its limitations. First, the model was only
tested with 11 patient cases, which might not be enough to fully validate the efficacy of
the model. Second, the method was trained and tested in predicting MLC dynamic

sequences for single-arc prostate VMAT plans. No plans with other beam configurations
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are included in the training cohort. This might impede the model’s ability to predict
two-arc or more complicated non-coplanar cases. In addition, this proposed method was
designed and validated for prostate cases. It's potential application for other treatment
sides, however, remained unclear. Third, no parallel comparison between the proposed
model and other similar models are conducted. This is partially due to the fact that no
previous study has been done for developing similar models. But further comparative

validation of the proposed method is necessary.

4.3 Future Work

In the future work, we plan to include more patient cases in both the training and
validation of the model. By manually adding the data heterogeneity, the robustness of
the model could be further improved. In addition to single-arc VMAT plans, there is also
a need to extend the study to cover other beam configurations like two-arc or non-
coplanar VMAT plans. What’s more, we plan to investigate on more recent deep
network architectures like long short-term memory network (LSTM).340 As the previous
study suggested, the continuous nature of this network could help reserve important
chronological information. Because the MLC dynamic sequence is a consecutive
prediction problem in its essence, the application of LSTM might shed additional light

on the reconstruction of the predicted MLC shapes.
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5. Conclusion

In conclusion, we proposed a novel deep learning method to automate VMAT
radiotherapy planning, via direct MLC sequences prediction (AVP-DSP). Such a
prediction is based on a patient’s 3D structure volumes and dose predictions. Our
validation suggested that AVP-DSP can generate a prostate VMAT plan with clinically-
acceptable dosimetric quality. With its high efficiency, AVP-DSP may hold great

potentials of real-time planning application after further validation.
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