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Treatment Planning Automation for Rectal Cancer Radiotherapy
Kai Huang, B.A.

Advisory Professor: Laurence Court, Ph.D.

0.1 Background

Rectal cancer is a common type of cancer. There is an acute health disparity
across the globe where a significant population of the world lack adequate access to
radiotherapy treatments which is a part of the standard of care for rectal cancers. Safe
radiotherapy treatments require specialized planning expertise and are time-consuming

and labor-intensive to produce.

0.2 Purpose:

To alleviate the health disparity and promote the safe and quality use of radio-
therapy in treating rectal cancers, the entire treatment planning process needs to be
automated. The purpose of this project is to develop automated solutions for the treat-
ment planning process of rectal cancers that would produce clinically acceptable and
high-quality plans. To achieve this goal, we first automated two common existing treat-
ment techniques, three-dimensional conformal radiation therapy (3DCRT) and volumet-
ric modulated arc therapy (VMAT), for rectal cancers, and then explored an alternative

method for creating a treatment plan using deep learning.



0.3 Methods:

To automate the 3DCRT treatment technique, we used deep learning to predict
the shapes of field apertures for primary and boost fields based on CT and location and
the shapes of gross tumor volume (GTV) and involved lymph nodes. The results of the
predicted apertures were evaluated by a gastrointestinal (GI) radiation oncologist. We
then designed an algorithm to automate the forward-planning process with the capacity
of adding fields to homogenize the dose at the target volumes using the field-in-field
(FIF) technique. The algorithm was validated on the clinical apertures and the plans
produced were scored by a GI radiation oncologist. The field aperture prediction and the
algorithm were combined into an end-to-end process and were tested on a separate set
of patients. The resulting final plans were scored by a GI radiation oncologist for their

clinical acceptability.

To automate of VMAT treatment technique, we used deep learning models to
segment clinical target volume (CTV) and organs at risks (OARs) and automated the
inverse planning process, based on a RapidPlan model. The end-to-end process requires
only the GTV contour and a CT scan as inputs. Specifically, the segmentation mod-
els could auto-segment CTV, bowel bag, large bowel, small bowel, total bowel, femurs,
bladder, bone marrow, and female and male genitalia. All the OARs were contoured
under the guidance of and reviewed by a GI radiation oncologist. For auto-planning, the
RapidPlan model was designed for VMAT delivery with 3 arcs and validated separately
by two GI radiation oncologists. Finally, the end-to-end pipeline was evaluated on a
separate set of testing patients, and the resulting plans were scored by two GI radiation

oncologists.

Existing inverse planning methods rely on 1D information from dose volume his-

togram (DVH) values, 2D information from DVH lines, or 3D dose distributions using
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machine learning! for plan optimizations. The project explored the possibility of using
deep learning to create 3D dose distributions directly for VMAT treatment plans. The
training data consisted of patients treated by the VMAT treatment technique in the
short-course fractionation scheme that uses 5 Gy per fraction for 5 fractions. Two deep
learning architectures were investigated for their ability to emulate clinical dose distri-
butions: 3D dense dilated U-Net (DDU-Net) and 2D conditional generative adversarial
network (¢cGAN). The top-performing model for each architecture was identified based
on the difference in DVH values, DVH lines, and dose distribution between the predicted

dose and the corresponding clinical plans.

0.4 Results:

For 3DCRT automation, the predicted apertures were 100%, 95%, and 87.5%
clinically acceptable for the posterior-anterior, laterals, and boost apertures, respectively.
The forward planning algorithm created wedged plans that were 85% clinically acceptable
with clinical apertures. The end-to-end workflow generated 97% clinically acceptable

plans for the separate test patients.

For the VMAT automation, CTV contours were 89% clinically acceptable without
necessary modifications and all the OAR contours were clinically acceptable without edits
except for large and small bowels. The RaidPlan model was evaluated to produce 100%
and 91% of clinically acceptable plans per two GI radiation oncologists. For the testing of
end-to-end workflow, 88% and 62% of the final plans were accepted by two GI radiation

oncologists.

For the evaluation of deep learning architectures, the top-performing model of the
DDU-Net architecture used the medium patch size and inputs of CT, planning target

volume (PTV) times prescription dose mask, CTV, PTV 10 mm expansion, and the
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external body structure. The model with inputs CT, PTV, and CTV masks performed
the best for the ¢cGAN architecture. Both the DDU-Net and ¢GAN architectures could
predict 3D dose distributions that had DVH values that were statistically the same as

the clinical plans.

0.5 Conclusions:

We have successfully automated the clinical workflow for generating either 3SDCRT
or VMAT radiotherapy plans for rectal cancer for our institution. This project showed
that the existing treatment planning techniques for rectal cancer can be automated to
generate clinically acceptable and safe plans with minimal inputs and no human inter-
vention for most patients. The project also showed that deep learning architectures can

be used for predicting dose distributions.
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Chapter 1

Introduction

1.1 Background and Motivation

This section will establish the background and the motivation for the project. I
will explain how prevalent rectal cancer is and the health disparity experienced by a
significant portion of the world’s population. The goal and the concept of the project

will also be introduced.

1.1.1 INCREASING DEMAND GLOBALLY WITH DISCUSSIONS ABOUT

HEALTH DISPARITY

Colorectal cancer (CRC) are the second leading cause of cancer death and ranked
third in terms of incidences.? There are more than 730,000 incidences and 339,000 deaths

of rectal cancers each year globally.?

CRC is considered a marker of the socioeconomic development of a country.> CRC

has the strongest association with the human development index (HDI) of a country out



of major cancer types.® The incidence rates quadrupled in countries with high or very
high HDI compared to countries with low or medium HDI. However, the variations in
mortality rate were less than three-fold.? This is because the fatality in countries with low
or medium HDI is higher. As countries undergo transitions in socioeconomic development,
the incidence rates steadily increase.? For countries where the incidence rates have been
historically low but increasing, this can be attributed to westernized dietary changes with
higher intakes of animal products and decreased intakes of fibers, increasing sedentary
lifestyles, and higher rates of obesity.* ® Additionally adoption of widespread colonoscopy
screening for the removal of precancerous polyps in transitioned countries allowed more
incidences of rectal cancers to be detected causing the incidences rate to be higher and
mortality rates to decrease compared with transitioning countries.”® Additionally the
screening enabled the individual transitioned country to have the overall incidence rates
decline over time. For example, the overall incidence rates of CRC in the United States
have declined over the past several decades.? However the expenses of implementing and
maintaining a population-wide colonoscopy screening program are immense rendering it
unfeasible and unjustifiable for most low and middle income countriess (LMICs) to realize
such decreasing trends.?!%!! Therefore, the disparity in the burden of CRC globally is

currently wide and projected to widen in the coming years.!?

1.1.2 LMIC TEND TO HAVE LATE-STAGED DISEASES DUE TO HEALTH

DISPARITY

More nuanced health disparity exists within countries based on access to screening
and care. In high-income countries, including the United States, Canada, Denmark, and
6 other countries, even though there is a decline in overall incidence rates, there is a
significant increase in incidence rates in early-onset of CRC, largely driven by tumors

located in distal colon and rectum, with patients diagnosed earlier than 50 years of



age.2%12°14 The higher increases in early-onset CRC are observed in regional and distant
diseases compared to localized diseases, indicating many of the patients with early-onset
rectal cancer are diagnosed with later staged cancers.”"!3 National societies in the United
States have revised guidelines to recommend starting colonoscopy screening at age of
45 years old instead of the previously recommended 50 years of age as a response to
the trends and allowing the younger population to obtain access to screening.” 117 In
LMICs, patients often present with more advanced staged rectal cancers.!®19 In South
Africa, approximately 25% to 35% of patients present with metastatic rectal cancers
with more patients diagnosed with a late-staged tumor in the public sector compared
with the private sector.2%22 The late diagnosis is associated with the age of diagnosis
being closer to the age at death, particularly in the socioeconomically disadvantaged
black population in South Africa.?? These findings are consistent with results from a
study concluding a positive association between socioeconomic status with rectal cancer
treatment outcomes in Los Angeles County.?* Even though Oman and Saudi Arabia
have high HDI, public awareness about CRC is low and both countries have yet to
implement screening programs.?® A study from a single center in Oman reported more
than 70% of patients present with rectal cancers with stage III or above.?0 This finding
was consistent with reports from Egypt showing 78.6% of patients present with stages
IT and IIT diseases®’, and Saudi Arabia showing 68% of patients present with involved

lymph nodes and distant metastases?5:2?,

1.1.3 A SYSTEMATIC LACK OF ACCESS TO RADIOTHERAPY

More advanced disease presentation requires multi-disciplinary and more lines of
treatments including surgery, chemotherapy, and radiotherapy. The standard of care for
locally advanced rectal cancers includes neoadjuvant radiotherapy.®® As the incidences

continuously increase in the future, the demand for radiotherapy treatment of rectal



cancers is also on the rise. Lack of access to any one of the therapy options in the multi-

disciplinary approach of care would indicate less than optimal treatment outcomes.?

However, there is a systematic lack of access to radiotherapy in LMICs both in
terms of equipment and human resources. Approximately 98% of radiation therapy cen-
ters worldwide are in high-income or upper-middle-income countries.?! As of March 2020,
only 28 countries of 54 countries in Africa have access to external beam radiotherapy.3?
However half of the megavoltage units including both linear accelerators and Cobalt-
60 units for delivering external beam radiotherapy were located in two countries Egypt
and South Africa. The increases in the burden of cancer in the past years have largely
outpaced the increases in machine availability in Africa. Only 2.7% of patients with can-
cers were additionally covered by the increases in the megavoltage units between 2012
and 2020.3? In addition, the access to specialized human resources, such as radiation
oncologists, medical physicists, dosimetrists, machine engineers, and therapists, for im-
plementing and maintaining safe radiotherapy programs is equally important and lacking
in LMICs. Using the most optimistic assumptions to estimate the number of radiation
oncologists needed to provide sufficient access to radiotherapy care in 2030 would result in
a constant deficit of 8900 in 2030 regardless of infrastructure investments.3! A reduction
in the length of training may alleviate the deficit but could potentially cause concerns
with the quality and safety of treatments. In terms of staffing for medical physicists,
International Atomic Energy Agency (IAEA) has provided ways to calculate medical
physicists’ staffing needs globally based on the number of patients (one medical physicist
per 400 patients), or the number of radiotherapy equipment (1.7 medical physicists per
linear accelerator), or using more sophisticated activity-based calculations.?> However,
regardless of the method used for calculation, the staffing levels in LMICs are currently
insufficient and will remain this way in the foreseeable future. A study in 2014 showed
that the world needed additional 9915 medical physicists by the time of 2020.3* Another

study estimated that more than 58,950 medical physicists would be required by 2035



globally.?> These numbers have not been realized by the time of writing which is the
year 2023. Studies from Zambia in 2020 showed that the growth of medical physicists
was below the recommended level and the deficits would continue for at least the next
10 years.36 Many centers in LMICs, such as Nepal, or Nigeria, share the same experience
and the need to more than double the existing medical physicists workforce to adequately

36-38 There were

manage their existing workload and service their patient populations.
numerous challenges in increasing the number of qualified medical physicists. The lack of
recognition, gloomy job prospects, demanding workload, and more attractive competing

offers caused the retention rate of MP to be low and high turnovers.3¢

1.1.4 SUMMARY AND OUR PROPOSAL

To summarize, the demand for radiotherapy treatments for cancers is increasing
worldwide, while access to care remains to be a major challenge for most of the world’s
population, especially those who live in LMICs. Unfortunately, both the infrastructure
and the staffing levels in LMICs can not keep pace with this growing demand, exacerbat-
ing the issues. Although significant efforts have been made globally to address the issue
with staffing levels using collaborative distance training programs3'3?, these endeavors

require time to be effective, and they are unlikely to promptly alleviate staff shortages.

In this thesis project, we propose a practical solution to this problem of staffing
shortages by leveraging computer automation and deep learning to improve the efficiency
and quality of radiotherapy care for rectal cancers. By automating labor-intensive and
time-consuming tasks, such as contouring and treatment planning, medical workers like
radiation oncologists and medical physicists can focus on more complex cases and imple-
ment advanced technologies. They can also devote more time to education and building
the capacity for the next generation of healthcare workers, eventually for the benefit of

future patients.



1.2 How can radiotherapy planning processes be automated

This section provides a detailed overview of the treatment planning process for
rectal cancers, highlighting why this process is a suitable candidate for automation and
how automation can improve the accuracy and efficiency of this process. This section
will also discuss tools and techniques used for automation, and the gap in knowledge that

this project fills.

1.2.1 WHAT IS RECTAL CANCER AND HOW IS IT TREATED
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Figure 1.1: The pattern of the lymphatic drainage according to the tumor location. Image reproduced with
permission.*0

Rectum is the distal 15 cm of the GI tract measured from the anal verge to the

rectosigmoid junction. Rectum can be divided into three sections — upper, middle, and



lower, each 5 cm in length. The location of the tumor is important because it affects the
lymphatic nodes drainage and thus the treatment management. As shown in Figure 1.1 If
the tumor is located on the upper third of the rectum, the lymphatic drainage includes the
superior rectal artery, presacral, and sigmoidal lymph nodes. If the tumor is located in the
lower third of the rectum, the lymphatic drains to the middle rectal arteries and internal
iliac nodes. If the tumor extends to below the dentate line which is located within the
anal canal, the inguinal nodes and the femoral lymph nodes are at risk. Once the tumor
extends to below the dentate line, the tumor is considered anal cancer. Anal cancers
are treated differently from rectal cancers; thus, we are not including tumors below the
dentate line in this study. Additionally, external iliac nodes are involved if the tumor is
staged for T4 or gross adenopathy. 43 The treatment management of the T4 tumors
is highly individualized and the inclusions of the external iliac and inguinal nodes are
conditionally recommended.?? Therefore, in this project, we focused the efforts on locally

advanced rectal cancers with no external iliac or inguinal lymph nodes involvements.

Preoperative radiation therapy is the standard of care for treating all locally ad-
vanced rectal cancers, especially rectal cancers staged II-I11.3° Radiation therapy is a
cancer therapy for using high doses of ionizing radiation to kill cancer cells. Because
radiation can kill all cells, not just cancer cells, it is critical to precisely and accurately
direct radiation to the tumor while minimizing damage to the surrounding healthy tis-
sues or organs. To achieve this focused delivery of radiation within millimeter accuracy,
the size and the locations of tumors must be identified with respect to the frame of the
reference from the radiation machine such as linear accelerators. Radiation treatments
usually are completed across days to weeks, where patients receive a fraction of the treat-
ment per visit. By localizing and replicating the same tumor location with respect to
the radiation machine, we can ensure precise and accurate delivery of radiation across
different days of visits. Moreover, radiation machines offer flexible machine parameters

in terms of angles of radiation incidence, the shapes of radiation field, the energy, and



the machine outputs. These machine parameters can be arranged to better focus radia-
tion on tumor volumes while minimizing radiation damage to normal tissues. Due to the
unique shapes and geometry of patients, these machine parameters have to be individu-
ally identified for each patient. The entire process of identifying the size and the location
of tumors, to the machine parameters is called treatment planning. Specifically, the size
and location of tumors and the surrounding healthy tissues are identified in computed
tomography (CT) scans via contouring of these relevant structures. The arrangement of

machine parameters is called the planning process.

There are two radiation treatment techniques often used for rectal cancers, SDCRT
and VMAT which is a form of intensity modulated radiation therapy (IMRT). The
3DCRT technique typically uses a three-field, or sometimes a four-field, geometry to
irradiate the tumor volume. The shape of each field is determined based on the location
and the size of the tumor volume, as well as the patient’s bony landmarks. Then beam
weights are optimized to achieve desirable dose distributions, and additional approaches
such as adding wedges or field-in-field may be used to homogenize the dose distribution
within the target volume and eliminate excessive hot spots appearing in the posterior

section of the body.

Compared with the 3DCRT technique, the VMAT technique is more conformal
and has the potential to reduce radiation-associated side effects to surrounding normal
tissues. VMAT uses an inverse planning strategy in which the optimization algorithm
determines the shapes and relative weights of radiation beams based on a series of dose
objectives, rather than using the pre-determined beam shape and weights as with the
3DCRT technique. During a VMAT treatment, the shape of the beam continuously
changes while the beam is always on with varying intensity, resulting in a plan with a

conformal dose to the tumor volume while minimizing the dose to the OARs.



1.2.2 CHALLENGES WITH TREATMENT PLANNING

Treatment planning is complex, labor-intensive, highly time-consuming, and re-
quires specialized personnel. Each CT scan consists of more than a hundred of CT 2D
images that must be contoured to identify relevant structures including both the tumor
volumes and the surrounding OARs. Studies have reported that this process can take up
to 2.7 hours of expert physician time for head and neck contouring,**#> 38 minutes for

46 and more than 20 minutes for lung volumes®’. This process requires

pelvic volumes
a deep understanding of human anatomy, and most importantly the location and the

extent of diseases. Radiation oncologists typically perform this task.

The planning process is equally challenging, requiring masterful arrangements of
beam parameters to balance maximizing tumor control and minimizing radiation to nor-
mal tissues.*® These two competing objectives are highly dependent on patient anatomy,
and the benefits and risks and burdens must be carefully assessed for each patient. The
treatment planning process is typically performed by dosimetrists and medical physicists

who are trained to understand the effects of machine parameters on the quality of plans.

Due to the complex nature of the treatment planning processes, manual treat-
ment planning inherently introduces variations. For the contouring process, studies have

reported both inter- and intra-observer variabilities across a variety of cancer types such
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as head and neck?*, anal®”, cervix®®, breast®, and rectal®® cancers. The variabilities
in contouring between different observers were substantial, with the structure overlaps
as low as 10%.%1 These variations result in significant dosimetric differences in the final
plans.?® For the planning process, while complex mathematical algorithms exist to opti-
mize for and calculate dose distributions, it is still critical to undergo trials and errors
by adjusting the objectives and weightings to achieve desirable dose distributions. This
process can be time-consuming and highly dependent on planner expertise and years of

experience.”® Suboptimal planning can lead to increased risks of normal tissue toxicities



and cause complications after radiotherapy treatments.?® This problem is more acute for
clinics that lack highly trained and experienced planners. Adopting automation, in these
cases, is not just a matter of improving efficiency but also a means to enhance consistency

and safety of radiotherapy treatments.

1.2.3 AUTOMATING THE TREATMENT PLANNING PROCESS

Fortunately, the treatment planning process is highly algorithmic and computer
algorithms can be used to automate many if not all aspects of the treatment planning pro-
cess, including contouring, beam arrangements, dose calculation, and plan optimization.
Many efforts have been devoted to automating the contouring and treatment planning

processes for different cancer types.48:6

For contouring, the introduction of deep learning to medical image segmentation
tasks accelerated applications of auto-segmentation algorithms to radiotherapy treatment
planning, particularly in auto-contouring of OARs and target volumes for different cancer
types, including head and neck, cervix, breast, whole brain, and rectal cancers.’® Auto-
contouring of structures addresses the challenges of reducing inter- and intra-observer
variabilities in the contouring process. Auto-contouring tools have become commercially

available through many vendors including RaySearch, Limbus Al, and RADformation.

For planning, efforts have been devoted to automating both the 3DCRT and
VMAT treatment planning techniques.?” Many studies have implemented the automation
of 3DCRT using heuristic rules mimicking manual planning processes for sites including
the whole brain®®, cervix®®, and breast%. Knowledge-based planning (KBP) is typically
used for automating VMAT technique. KBP uses retrospective treatment plans and
statistical algorithms to optimize treatment plans for each patient based on geometric

information of patient anatomy such as location and size of tumors and OARs.*® KBP
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solutions have been offered commercially, for example, RapidPlan from Eclipse is one
of the products. Research has shown that plans produced by KBP are non-inferior to

manual plans.5!

There are many benefits of automating the treatment planning processes. Firstly,
with automation, the time it takes to obtain a treatment plan is greatly reduced.?”62 Sec-
ondly, the process can be more streamlined, such that fewer variations can be introduced
to the treatment planning process, allowing plans to be more consistent and potentially
high quality.6! Third, automation accelerates consistency and standardization across dif-
ferent institutions, allowing clinics with low resources able to produce high-quality treat-
ment plans. Lastly, more time and resources can be freed up for specialized personnel to

spend their time in education and more complex cases.

1.3 Gap in knowledge and Summary

It is important to note that even with great advances in deep learning and
knowledge-based treatment planning techniques, physician evaluations and refinements
may still be necessary to ensure that the plans are optimized for individual patients, and
benefits and risks of the dose distribution are justified, and meet patients’ unique needs.
Current literature is limited in investigating a robust end-to-end solution for rectal can-
cers that includes physician evaluations at each step of the process and the end for the
entire solution to ensure clinical acceptability. The project seeks to answer the ques-
tion that whether automated segmentation and planning are accurate enough to be used
independently as a part of an end-to-end solution without any user interventions. Addi-
tionally, currently none of the commercially available vendors venturing into LMICs to
support clinics in low-resourced settings. As a part of the Radiation Planning Assistant®3,

the tools developed in this project will be offered to partner hospitals in LMICs free of

11



charge.

The project automates the treatment planning process for both techniques of
radiation treatment for rectal cancer, including 3DCRT and VMAT, with extensive and
rigorous evaluations of the final plans, to investigate the clinical acceptability of the final
plans, and the feasibility of automating the entire treatment planning process for rectal
cancers without user interventions. The automated tools introduced in this project do
not simply accelerate the treatment planning processes by making a “one-size-fits-all”
solution for all patients. Instead, they expedite the process of creating patient-specific
plans. In addition to developing automated treatment planning processes, the project
further investigated the potential of using deep learning to predict dose distributions. By
leveraging deep learning-predicted dose to guide the creation of final treatment plans, it
may be possible to determine dose more efficiently than relying on machine learning or

statistical-based KBP methods, which are often limited by commercial products.

In summary, our research aims to provide a practical and innovative solution to
the challenge of delivering accessible, safe, and high-quality radiotherapy care in LMICs.
The automation of the treatment planning process holds great promise for improving the
efficiency and effectiveness of rectal cancer treatment and potentially many other cancer
types. By using artificial intelligence, specifically deep learning, alongside a patient-
centered approach to planning, we hope to make a significant positive impact on the

lives of many underserved cancer patients worldwide.

12












References

10.

11.

Mclntosh, C., Conroy, L., Tjong, M. C., Craig, T., Bayley, A., Catton, C., Gospodarowicz, M.,
Helou, J., Isfahanian, N., Kong, V., Lam, T., Raman, S., Warde, P., Chung, P., Berlin, A. &
Purdie, T. G. Clinical integration of machine learning for curative-intent radiation treatment of
patients with prostate cancer. Nature Medicine 27, 999-1005 (2021).

Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A. & Bray, F.
Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide
for 36 Cancers in 185 Countries. CA: a cancer journal for clinicians 71, 209-249 (2021).

Fidler, M. M., Soerjomataram, I. & Bray, F. A global view on cancer incidence and national
levels of the human development index. International Journal of Cancer 139, 2436-2446 (2016).

Larsson, S. C. & Wolk, A. Obesity and colon and rectal cancer risk: A meta-analysis of prospec-
tive studies. The American Journal of Clinical Nutrition 86, 556-565 (2007).

Huncharek, M., Muscat, J. & Kupelnick, B. Colorectal cancer risk and dietary intake of calcium,
vitamin D, and dairy products: A meta-analysis of 26,335 cases from 60 observational studies.
Nutrition and Cancer 61, 47-69 (2009).

Arnold, M., Sierra, M. S., Laversanne, M., Soerjomataram, 1., Jemal, A. & Bray, F. Global
patterns and trends in colorectal cancer incidence and mortality. Gut 66, 683-691 (2017).

Schreuders, E. H., Ruco, A., Rabeneck, L., Schoen, R. E., Sung, J. J. Y., Young, G. P. &
Kuipers, E. J. Colorectal cancer screening: A global overview of existing programmes. Gut 64,
1637-1649 (2015).

Keum, N. & Giovannucci, E. Global burden of colorectal cancer: Emerging trends, risk factors
and prevention strategies. Nature Reviews Gastroenterology € Hepatology 16, 713-732 (2019).

Chang, S. H., Patel, N., Du, M. & Liang, P. S. Trends in Early-onset vs Late-onset Colorectal
Cancer Incidence by Race/Ethnicity in the United States Cancer Statistics Database. Clinical
Gastroenterology and Hepatology 20, e1365-e1377 (2022).

Shah, S. C., Kayamba, V., Peek, R. M. & Heimburger, D. Cancer Control in Low- and Middle-
Income Countries: Is It Time to Consider Screening? Journal of Global Oncology 5, 1-8 (2019).

Mandal, R. & Basu, P. Cancer screening and early diagnosis in low and middle income countries
Current situation and future perspectives. Bundesgesundheitsblatt, Gesundheitsforschung,
Gesundheitsschutz 61, 1505-1512 (2018).

151


https://doi.org/10.1038/s41591-021-01359-w
https://doi.org/10.1038/s41591-021-01359-w
https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21660
https://doi.org/10.1002/ijc.30382
https://doi.org/10.1002/ijc.30382
https://doi.org/10.1093/ajcn/86.3.556
https://doi.org/10.1093/ajcn/86.3.556
https://doi.org/10.1080/01635580802395733
https://doi.org/10.1080/01635580802395733
https://doi.org/10.1136/gutjnl-2015-310912
https://doi.org/10.1136/gutjnl-2015-310912
https://doi.org/10.1136/gutjnl-2014-309086
https://doi.org/10.1038/s41575-019-0189-8
https://doi.org/10.1038/s41575-019-0189-8
https://doi.org/10.1016/j.cgh.2021.07.035
https://doi.org/10.1016/j.cgh.2021.07.035
https://doi.org/10.1200/JGO.18.00200
https://doi.org/10.1200/JGO.18.00200
https://doi.org/10.1007/s00103-018-2833-9
https://doi.org/10.1007/s00103-018-2833-9

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

Araghi, M., Soerjomataram, 1., Jenkins, M., Brierley, J., Morris, E., Bray, F. & Arnold, M.
Global trends in colorectal cancer mortality: Projections to the year 2035. International Journal
of Cancer 144, 2992-3000 (2019).

Siegel, R. L., Torre, L. A., Soerjomataram, 1., Hayes, R. B., Bray, F., Weber, T. K. & Jemal, A.
Global patterns and trends in colorectal cancer incidence in young adults. Gut 68, 2179-2185
(2019).

Siegel, R. L., Miller, K. D., Goding Sauer, A., Fedewa, S. A., Butterly, L. F., Anderson, J. C.,
Cercek, A., Smith, R. A. & Jemal, A. Colorectal cancer statistics, 2020. CA: A Cancer Journal
for Clinicians 70, 145-164 (2020).

Wolf, A. M. D., Fontham, E. T. H., Church, T. R., Flowers, C. R., Guerra, C. E., LaMonte, S.
J., Etzioni, R., McKenna, M. T., Oeffinger, K. C., Shih, Y.-C. T., Walter, L. C., Andrews, K.
S., Brawley, O. W., Brooks, D., Fedewa, S. A., Manassaram-Baptiste, D., Siegel, R. L., Wender,
R. C. & Smith, R. A. Colorectal cancer screening for average-risk adults: 2018 guideline update
from the American Cancer Society. CA: a cancer journal for clinicians 68, 250-281 (2018).

Shaukat, A., Kahi, C. J., Burke, C. A., Rabeneck, L., Sauer, B. G. & Rex, D. K. ACG Clinical
Guidelines: Colorectal Cancer Screening 2021. The American Journal of Gastroenterology 116,
458-479 (2021).

US Preventive Services Task Force. Screening for Colorectal Cancer: US Preventive Services
Task Force Recommendation Statement. JAMA 325, 1965-1977 (2021).

Kingham, T. P., Alatise, O. I., Vanderpuye, V., Casper, C., Abantanga, F. A., Kamara, T.
B., Olopade, O. I., Habeebu, M., Abdulkareem, F. B. & Denny, L. Treatment of cancer in
sub-Saharan Africa. The Lancet. Oncology 14, e158-167 (2013).

Irabor, D. O. Emergence of colorectal cancer in West Africa: Accepting the inevitable. Nigerian
Medical Journal 58, 87 (2017).

Brand, M., Gaylard, P. & Ramos, J. Colorectal cancer in South Africa: An assessment of
disease presentation, treatment pathways and 5-year survival. South African Medical Journal =
Suid-Afrikaanse Tydskrif Vir Geneeskunde 108, 118-122 (2018).

Herbst, C., Miot, J. K., Moch, S. L. & Ruff, P. Colorectal Cancer (CRC) treatment and asso-
ciated costs in the public sector compared to the private sector in Johannesburg, South Africa.
BMC' Health Services Research 20, 290 (2020).

Herbst, C., Miot, J. K., Moch, S. L. & Ruff, P. Access to colorectal cancer (CRC) chemotherapy
and the associated costs in a South African public healthcare patient cohort. Journal of Cancer
Policy 15, 18-24 (2018).

Motsuku, L., Chen, W. C., Muchengeti, M. M., Naidoo, M., Quene, T. M., Kellett, P., Mohlala,
M. I., Chu, K. M. & Singh, E. Colorectal cancer incidence and mortality trends by sex and
population group in South Africa: 2002-2014. BMC Cancer 21, 129 (2021).

Kim, J., Artinyan, A., Mailey, B., Christopher, S., Lee, W., McKenzie, S., Chen, S. L., Bhatia,

S., Pigazzi, A. & Garcia-Aguilar, J. An interaction of race and ethnicity with socioeconomic
status in rectal cancer outcomes. Annals of Surgery 253, 647-654 (2011).

152


https://doi.org/10.1002/ijc.32055
https://doi.org/10.1136/gutjnl-2019-319511
https://doi.org/10.3322/caac.21601
https://doi.org/10.3322/caac.21457
https://doi.org/10.3322/caac.21457
https://doi.org/10.14309/ajg.0000000000001122
https://doi.org/10.14309/ajg.0000000000001122
https://doi.org/10.1001/jama.2021.6238
https://doi.org/10.1001/jama.2021.6238
https://doi.org/10.1016/S1470-2045(12)70472-2
https://doi.org/10.1016/S1470-2045(12)70472-2
https://doi.org/10.4103/0300-1652.234076
https://doi.org/10.7196/SAMJ.2017.v108i2.12338
https://doi.org/10.7196/SAMJ.2017.v108i2.12338
https://doi.org/10.1186/s12913-020-05112-w
https://doi.org/10.1186/s12913-020-05112-w
https://doi.org/10.1016/j.jcpo.2017.11.005
https://doi.org/10.1016/j.jcpo.2017.11.005
https://doi.org/10.1186/s12885-021-07853-1
https://doi.org/10.1186/s12885-021-07853-1
https://doi.org/10.1097/SLA.0b013e3182111102
https://doi.org/10.1097/SLA.0b013e3182111102

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

Bondre, M. F.; Al Qubtan, M. & Al Harthy, S. O. Assessing Suitability of a Colorectal Cancer
Screening Program in Oman. Cureus 14, 27011 (2022).

Kumar, S., Burney, I. A., Zahid, K. F., D Souza, P. C., Belushi, M. A. L., Mufti, T. D., Meki, W.
A. L., Furrukh, M. & Moundhri, M. S. A. L. Colorectal Cancer Patient Characteristics, Treat-
ment and Survival in Oman—a Single Center Study. Asian Pacific journal of cancer prevention:

APJCP 16, 48534858 (2015).

El-Bolkainy, T. N., Sakr, M. A., Nouh, A. A. & El-Din, N. H. A. A comparative study of rectal
and colonic carcinoma: Demographic, pathologic and TNM staging analysis. Journal of the
Egyptian National Cancer Institute 18, 258-263 (2006).

Aljebreen, A. M. Clinico-pathological patterns of colorectal cancer in Saudi Arabia: Younger
with an advanced stage presentation. Saudi Journal of Gastroenterology: Official Journal of the
Saudi Gastroenterology Association 13, 84-87 (2007).

Al-Ahwal, M. S., Shafik, Y. H. & Al-Ahwal, H. M. First national survival data for colorectal
cancer among Saudis between 1994 and 2004: What’s next? BMC Public Health 13, 73 (2013).

Wo, J. Y., Anker, C. J., Ashman, J. B., Bhadkamkar, N. A., Bradfield, L., Chang, D. T., Dorth,
J., Garcia-Aguilar, J., Goff, D., Jacqmin, D., Kelly, P., Newman, N. B., Olsen, J., Raldow, A.
C., Ruiz-Garcia, E., Stitzenberg, K. B., Thomas, C. R., Wu, Q. J. & Das, P. Radiation Therapy
for Rectal Cancer: Executive Summary of an ASTRO Clinical Practice Guideline. Practical
Radiation Oncology 11, 13-25 (2020).

Elmore, S. N. C., Prajogi, G. B., Rubio, J. A. P. & Zubizarreta, E. The global radiation oncology
workforce in 2030: Estimating physician training needs and proposing solutions to scale up
capacity in low- and middle-income countries. Applied Radiation Oncology (2019).

Elmore, S. N. C., Polo, A., Bourque, J.-M., Pynda, Y., Merwe, D. van der, Grover, S., Hopkins,
K., Zubizarreta, E. & Abdel-Wahab, M. Radiotherapy resources in Africa: An International
Atomic Energy Agency update and analysis of projected needs. The Lancet. Oncology 22,
e391-e399 (2021).

Staffing in  Radiotherapy: An  Activity Based Approach. (INTERNATIONAL
ATOMIC ENERGY AGENCY, 2015). at <https://www.iaea.org/publications/10800/
staffing-in-radiotherapy-an-activity-based-approach>

Datta, N. R., Samiei, M. & Bodis, S. Radiation therapy infrastructure and human resources
in low- and middle-income countries: Present status and projections for 2020. International
Journal of Radiation Oncology, Biology, Physics 89, 448-457 (2014).

Tsapaki, V., Tabakov, S. & Rehani, M. M. Medical physics workforce: A global perspective.
Physica Medica 55, 33-39 (2018).

Nkonde, K. A., Kawesha, M., Kanduza, M. M., M'ule, B. C., Mofya, M., Mwale, A. N., Manyika,
K. D. & Chilukusha, D. C. The Future of Medical Physics: A Case Study of Zambia. Medical
Physics 8, (2020).

Akinwande, A. M., Ugwuanyi, D. C., Chiegwu, H. U., Idigo, F., Ogolodom, M. P., Anakwenze,

C. P., Abi, R. & Odukoya, O. Radiotherapy services in low resource settings: The situation in
Nigeria. SAGE Open Medicine 11, 20503121231153758 (2023).

153


https://doi.org/10.7759/cureus.27011
https://doi.org/10.7759/cureus.27011
https://doi.org/10.7314/apjcp.2015.16.12.4853
https://doi.org/10.7314/apjcp.2015.16.12.4853
https://www.ncbi.nlm.nih.gov/pubmed/17671536
https://www.ncbi.nlm.nih.gov/pubmed/17671536
https://doi.org/10.4103/1319-3767.32183
https://doi.org/10.4103/1319-3767.32183
https://doi.org/10.1186/1471-2458-13-73
https://doi.org/10.1186/1471-2458-13-73
https://doi.org/10.1016/j.prro.2020.08.004
https://doi.org/10.1016/j.prro.2020.08.004
https://doi.org/10.1016/S1470-2045(21)00351-X
https://doi.org/10.1016/S1470-2045(21)00351-X
https://www.iaea.org/publications/10800/staffing-in-radiotherapy-an-activity-based-approach
https://www.iaea.org/publications/10800/staffing-in-radiotherapy-an-activity-based-approach
https://doi.org/10.1016/j.ijrobp.2014.03.002
https://doi.org/10.1016/j.ijrobp.2014.03.002
https://doi.org/10.1016/j.ejmp.2018.10.012
https://doi.org/10.1177/20503121231153758
https://doi.org/10.1177/20503121231153758

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

Adhikari, M. P. & Chaurasia, P. P. Status of Medical Physics Professional Development and
Education in Nepal. Medical Physics International (2016).

Prooijen, M. van & Parker, S. A. A Medical Physics Peer Support Forum for Medical Physicists
in Kenya. Medical Physics International 9, 22-30 (2021).

Lee, 1. K. in Surgical Treatment of Colorectal Cancer: Asian Perspectives on Optimization
and Standardization (eds. Kim, N. K., Sugihara, K. & Liang, J.-T.) 47-53 (Springer, 2018).
doi:10.1007/978-981-10-5143-2_ 5

Hong, T. S., Moughan, J., Garofalo, M. C., Bendell, J., Berger, A. C., Oldenburg, N. B. E., Anne,
P. R., Perera, F., Lee, R. J., Jabbour, S. K., Nowlan, A., DeNittis, A. & Crane, C. NRG Oncology
Radiation Therapy Oncology Group 0822: A phase II study of preoperative chemoradiotherapy
utilizing intensity modulated radiation therapy (IMRT) in combination with capecitabine and
oxaliplatin for patients with locally advanced rectal cancer. International journal of radiation
oncology, biology, physics 93, 29-36 (2015).

Vendrely, V., Rivin Del Campo, E., Modesto, A., Jolnerowski, M., Meillan, N.; Chiavassa, S.,
Serre, A.-A., Gérard, J.-P., Créhanges, G., Huguet, F., Lemanski, C. & Peiffert, D. Rectal cancer
radiotherapy. Cancer/Radiothérapie 26, 272-278 (2022).

AJCC Cancer Staging Manual. (Springer, 2016).

Hong, T. S., Tomé, W. A. & Harari, P. M. Heterogeneity in head and neck IMRT target design
and clinical practice. Radiotherapy and Oncology 103, 92-98 (2012).

Harari, P. M., Song, S. & Tomé, W. A. Emphasizing Conformal Avoidance Versus Target Defi-
nition for IMRT Planning in Head-and-Neck Cancer. International Journal of Radiation Oncol-
ogy *Biology*Physics 77, 950-958 (2010).

Gambacorta, M. A., Valentini, C., Dinapoli, N., Boldrini, L., Caria, N., Barba, M. C., Mattiucci,
G. C., Pasini, D., Minsky, B. & Valentini, V. Clinical validation of atlas-based auto-segmentation
of pelvic volumes and normal tissue in rectal tumors using auto-segmentation computed system.
Acta Oncologica 52, 1676-1681 (2013).

Lustberg, T., Soest, J. van, Gooding, M., Peressutti, D., Aljabar, P., Stoep, J. van der, Elmpt,
W. van & Dekker, A. Clinical evaluation of atlas and deep learning based automatic contouring
for lung cancer. Radiotherapy and Oncology 126, 312-317 (2018).

Moore, K. L. Automated Radiotherapy Treatment Planning. Seminars in Radiation Oncology
29, 209-218 (2019).

Kim, K. S., Cheong, K.-H., Kim, K., Koo, T., Koh, H. K., Chang, J. H., Chang, A. R. & Park, H.
J. Interobserver variability in clinical target volume delineation in anal squamous cell carcinoma.

Scientific Reports 11, 2785 (2021).

Eminowicz, G. & McCormack, M. Variability of clinical target volume delineation for definitive
radiotherapy in cervix cancer. Radiotherapy and Oncology 117, 542-547 (2015).

154


https://doi.org/10.1007/978-981-10-5143-2_5
https://doi.org/10.1016/j.ijrobp.2015.05.005
https://doi.org/10.1016/j.ijrobp.2015.05.005
https://doi.org/10.1016/j.ijrobp.2015.05.005
https://doi.org/10.1016/j.ijrobp.2015.05.005
https://doi.org/10.1016/j.canrad.2021.11.002
https://doi.org/10.1016/j.canrad.2021.11.002
https://doi.org/10.1016/j.radonc.2012.02.010
https://doi.org/10.1016/j.radonc.2012.02.010
https://doi.org/10.1016/j.ijrobp.2009.09.062
https://doi.org/10.1016/j.ijrobp.2009.09.062
https://doi.org/10.3109/0284186X.2012.754989
https://doi.org/10.3109/0284186X.2012.754989
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1016/j.semradonc.2019.02.003
https://doi.org/10.1038/s41598-021-82541-5
https://doi.org/10.1016/j.radonc.2015.10.007
https://doi.org/10.1016/j.radonc.2015.10.007

ol.

92.

93.

54.

95.

96.

o7.

58.

59.

60.

61.

Li, X. A., Tai, A., Arthur, D. W., Buchholz, T. A., Macdonald, S., Marks, L. B., Moran,
J. M., Pierce, L. J., Rabinovitch, R., Taghian, A., Vicini, F., Woodward, W. & White, J.
R. Variability of Target and Normal Structure Delineation for Breast Cancer Radiotherapy:
An RTOG Multi-Institutional and Multiobserver Study. International Journal of Radiation
Oncology *Biology *Physics 73, 944-951 (2009).

Franco, P., Arcadipane, F., Trino, E., Gallio, E., Martini, S., Iorio, G. C., Piva, C., Moretto,
F., Ruo Redda, M. G., Verna, R., Tseroni, V., Bona, C., Pozzi, G., Fiandra, C., Ragona, R.,
Bertetto, O. & Ricardi, U. Variability of clinical target volume delineation for rectal cancer
patients planned for neoadjuvant radiotherapy with the aid of the platform Anatom-e. Clinical
and Translational Radiation Oncology 11, 33-39 (2018).

Segedin, B. & Petric, P. Uncertainties in target volume delineation in radiotherapy - are they
relevant and what can we do about them? Radiology and Oncology 50, 254-262 (2016).

Batumalai, V., Jameson, M. G., Forstner, D. F., Vial, P. & Holloway, L. C. How important is
dosimetrist experience for intensity modulated radiation therapy? A comparative analysis of a
head and neck case. Practical Radiation Oncology 3, €99-e106 (2013).

Moore, K. L., Schmidt, R., Moiseenko, V., Olsen, L. A., Tan, J., Xiao, Y., Galvin, J., Pugh,
S., Seider, M. J., Dicker, A. P., Bosch, W., Michalski, J. & Mutic, S. Quantifying Unnecessary
Normal Tissue Complication Risks due to Suboptimal Planning: A Secondary Study of RTOG
0126. International Journal of Radiation Oncology*Biology*Physics 92, 228-235 (2015).

Cardenas, C. E., Yang, J., Anderson, B. M., Court, L. E. & Brock, K. B. Advances in Auto-
Segmentation. Seminars in Radiation Oncology 29, 185-197 (2019).

Baroudi, H., Brock, K. K., Cao, W., Chen, X., Chung, C., Court, L. E., El Basha, M. D., Farhat,
M., Gay, S., Gronberg, M. P., Gupta, A. C., Hernandez, S., Huang, K., Jaffray, D. A., Lim, R.,
Marquez, B., Nealon, K., Netherton, T. J., Nguyen, C. M., Reber, B., Rhee, D. J., Salazar,
R. M., Shanker, M. D., Sjogreen, C., Woodland, M., Yang, J., Yu, C. & Zhao, Y. Automated
Contouring and Planning in Radiation Therapy: What Is ‘Clinically Acceptable’? Diagnostics
13, 667 (2023).

Han, E. Y., Cardenas, C. E., Nguyen, C., Hancock, D., Xiao, Y., Mumme, R., Court, L. E.,
Rhee, D. J., Netherton, T. J., Li, J., Yeboa, D. N., Wang, C., Briere, T. M., Balter, P., Martel,
M. K. & Wen, Z. Clinical implementation of automated treatment planning for whole-brain
radiotherapy. Journal of Applied Clinical Medical Physics 22, 94-102 (2021).

Kisling, K., Zhang, L., Simonds, H., Fakie, N., Yang, J., McCarroll, R., Balter, P., Burger,
H., Bogler, O., Howell, R., Schmeler, K., Mejia, M., Beadle, B. M., Jhingran, A. & Court, L.
Fully Automatic Treatment Planning for External-Beam Radiation Therapy of Locally Advanced
Cervical Cancer: A Tool for Low-Resource Clinics. Journal of Global Oncology 5, 1-9 (2019).

Kisling, K., Zhang, L., Shaitelman, S. F., Anderson, D., Thebe, T., Yang, J., Balter, P. A,
Howell, R. M., Jhingran, A., Schmeler, K., Simonds, H., Toit, M. du, Trauernicht, C., Burger,
H., Botha, K., Joubert, N., Beadle, B. M. & Court, L. Automated treatment planning of post-
mastectomy radiotherapy. Medical Physics 46, 3767-3775 (2019).

Cornell, M., Kaderka, R., Hild, S. J., Ray, X. J., Murphy, J. D., Atwood, T. F. & Moore, K. L.
Noninferiority Study of Automated Knowledge-Based Planning Versus Human-Driven Optimiza-
tion Across Multiple Disease Sites. International Journal of Radiation Oncology*Biology*Physics
106, 430-439 (2020).

155


https://doi.org/10.1016/j.ijrobp.2008.10.034
https://doi.org/10.1016/j.ijrobp.2008.10.034
https://doi.org/10.1016/j.ctro.2018.06.002
https://doi.org/10.1016/j.ctro.2018.06.002
https://doi.org/10.1515/raon-2016-0023
https://doi.org/10.1515/raon-2016-0023
https://doi.org/10.1016/j.prro.2012.06.009
https://doi.org/10.1016/j.prro.2012.06.009
https://doi.org/10.1016/j.prro.2012.06.009
https://doi.org/10.1016/j.ijrobp.2015.01.046
https://doi.org/10.1016/j.ijrobp.2015.01.046
https://doi.org/10.1016/j.ijrobp.2015.01.046
https://doi.org/10.1016/j.semradonc.2019.02.001
https://doi.org/10.1016/j.semradonc.2019.02.001
https://doi.org/10.3390/diagnostics13040667
https://doi.org/10.3390/diagnostics13040667
https://doi.org/10.1002/acm2.13350
https://doi.org/10.1002/acm2.13350
https://doi.org/10.1200/JGO.18.00107
https://doi.org/10.1200/JGO.18.00107
https://doi.org/10.1002/mp.13586
https://doi.org/10.1002/mp.13586
https://doi.org/10.1016/j.ijrobp.2019.10.036
https://doi.org/10.1016/j.ijrobp.2019.10.036

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

Kaderka, R., Hild, S. J., Bry, V. N., Cornell, M., Ray, X. J., Murphy, J. D., Atwood, T.
F. & Moore, K. L. Wide-Scale Clinical Implementation of Knowledge-Based Planning: An
Investigation of Workforce Efficiency, Need for Post-automation Refinement, and Data-Driven

Model Maintenance. International Journal of Radiation Omncology*Biology*Physics 111, 705
715 (2021).

Court, L. E., Kisling, K., McCarroll, R., Zhang, L., Yang, J., Simonds, H., Toit, M. du, Trauer-
nicht, C., Burger, H., Parkes, J., Mejia, M., Bojador, M., Balter, P., Branco, D., Steinmann,
A., Baltz, G., Gay, S., Anderson, B., Cardenas, C., Jhingran, A., Shaitelman, S., Bogler, O.,
Schmeller, K., Followill, D., Howell, R., Nelson, C., Peterson, C. & Beadle, B. Radiation Plan-
ning Assistant - A Streamlined, Fully Automated Radiotherapy Treatment Planning System.
Journal of Visualized Experiments : JoVE 57411 (2018). doi:10.3791/57411

Chen, L.-C., Zhu, Y., Papandreou, G., Schroff, F. & Adam, H. in Computer Vision — ECCV
2018 (eds. Ferrari, V., Hebert, M., Sminchisescu, C. & Weiss, Y.) 11211, 833-851 (Springer
International Publishing, 2018).

Ronneberger, O., Fischer, P. & Brox, T. U-Net: Convolutional Networks for Biomedical Image
Segmentation. in Medical Image Computing and Computer-Assisted Intervention — MICCAI
2015 (eds. Navab, N., Hornegger, J., Wells, W. M. & Frangi, A. F.) 234241 (Springer Interna-
tional Publishing, 2015). doi:10.1007/978-3-319-24574-4_ 28

Huang, K., Das, P., Olanrewaju, A. M., Cardenas, C., Fuentes, D., Zhang, L., Hancock, D.,
Simonds, H., Rhee, D. J., Beddar, S., Briere, T. M. & Court, L. Automation of radiation
treatment planning for rectal cancer. Journal of Applied Clinical Medical Physics 23, 13712
(2022).

Kamran, S., Mamon, H. & Wo, J. Radiation therapy for gastrointestinal cancers: Rectal and
Column Cancer: Radiation Therapy Planning. (Springer International Publishing, 2017). at
<http://dx.doi.org/10.1007/978-3-319-43115-4>

Herman, J. & Pawlik, T. Early Diagnosis and Treatment of Cancer Series: Colorectal Can-
cer: Radiation Therapy for Colorectal Adenocarcinoma: External Beam and Intraoperative
Radiation Therapy. (Elsevier Health Sciences, 2010). at <https://books.google.com/books?id=
dGbN5R-r_ WkC>

Minsky, B. D. Pelvic radiation therapy in rectal cancer: Technical considerations. Seminars in
Radiation Oncology 3, 42-47 (1993).

Nakamura, T., Sato, T., Hayakawa, K., Koizumi, W., Kumagai, Y. & Watanabe, M. Strategy
to avoid local recurrence in patients with locally advanced rectal cancer. Radiation Oncology
14, 53 (2019).

Yu, M., Jang, H. S., Jeon, D. M., Cheon, G. S., Lee, H. C., Chung, M. J., Kim, S. H. & Lee, J.
H. Dosimetric evaluation of Tomotherapy and four-box field conformal radiotherapy in locally
advanced rectal cancer. Radiation Oncology Journal 31, 252-259 (2013).

Kisling, K., Cardenas, C., Anderson, B. M., Zhang, L., Jhingran, A., Simonds, H., Balter,
P., Howell, R. M., Schmeler, K., Beadle, B. M. & Court, L. Automatic Verification of Beam
Apertures for Cervical Cancer Radiation Therapy. Practical Radiation Oncology 10, e415-e424
(2020).

156


https://doi.org/10.1016/j.ijrobp.2021.06.028
https://doi.org/10.1016/j.ijrobp.2021.06.028
https://doi.org/10.1016/j.ijrobp.2021.06.028
https://doi.org/10.3791/57411
https://doi.org/10.1007/978-3-030-01234-2_49
https://doi.org/10.1007/978-3-030-01234-2_49
https://doi.org/10.1007/978-3-030-01234-2_49
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1002/acm2.13712
https://doi.org/10.1002/acm2.13712
http://dx.doi.org/10.1007/978-3-319-43115-4
https://books.google.com/books?id=dGbN5R-r_WkC
https://books.google.com/books?id=dGbN5R-r_WkC
https://doi.org/10.1016/S1053-4296(05)80076-1
https://doi.org/10.1186/s13014-019-1253-9
https://doi.org/10.1186/s13014-019-1253-9
https://doi.org/10.3857/roj.2013.31.4.252
https://doi.org/10.3857/roj.2013.31.4.252
https://doi.org/10.1016/j.prro.2020.05.001
https://doi.org/10.1016/j.prro.2020.05.001

73.

74.

75.

76.

e

78.

79.

80.

81.

82.

83.

84.

85.

Cardenas, C., Anderson, B., Zhang, L., Jhingran, A., Simonds, H., Yang, J., Brock, K., Klopp,
A., Beadle, B. & Court, L. E. A comparison of two deep learning architectures to automatically
define patient-specific beam apertures. in Scientific Abstracts and Sessions 45, 132 (2018).

Prabhakar, R., Haresh, K. P., Kumar, M., Sharma, D. N., Julka, P. K. & Rath, G. K. Field-
in-field technique for upper abdominal malignancies in clinical radiotherapy. Journal of Cancer
Research and Therapeutics 5, 20-23 (2009).

Onal, C., Sonmez, A., Arslan, G., Oymak, E., Kotek, A., Efe, E., Sonmez, S. & Dolek, Y.
Dosimetric comparison of the field-in-field technique and tangential wedged beams for breast
irradiation. Japanese Journal of Radiology 30, 218-226 (2012).

Yavas, G., Yavas, C., Acar, H., Buyukyoruk, A., Cobanoglu, G., Kerimoglu, O. S., Yavas, O.
& Celik, C. Dosimetric comparison of 3-dimensional conformal and field-in-field radiotherapy
techniques for the adjuvant treatment of early stage endometrial cancer. Physica Medica 29,
577-582 (2013).

Mayo, C., Lo, Y. C., Fitzgerald, T. J. & Urie, M. Forward-planned, multiple-segment, tangential
fields with concomitant boost in the treatment of breast cancer. Medical Dosimetry 29, 265-270
(2004).

Prabhakar, R., Julka, P. K. & Rath, G. K. Can field-in-field technique replace wedge filter in ra-
diotherapy treatment planning: A comparative analysis in various treatment sites. Australasian
Physical & Engineering Sciences in Medicine 31, 317-324 (2008).

Torre, N. de la, Figueroa, C. T., Martinez, K., Riley, S. & Chapman, J. A comparative study
of surface dose and dose distribution for intact breast following irradiation with field-in-field
technique vs. The use of conventional wedges. Medical Dosimetry 29, 109-114 (2004).

Softa, V., Giakkoumetis, G., Chatzimarkou, M., Makridou, A., Mponiou, K., Iliopoulou, C. &
Charalampidou, M. [P293] Comperative dosimetric analysis of radiotherapy rectal cancer for
two different techniques. Physica Medica 52, 184-185 (2018).

Kim, H., Kwak, J., Jung, J., Jeong, C., Yoon, K., Lee, S., Ahn, S. D., Choi, E. K., Kim, S. S.
& Cho, B. Automated Field-In-Field (FIF) Plan Framework Combining Scripting Application
Programming Interface and User-Executed Program for Breast Forward IMRT. Technology in
Cancer Research & Treatment 17, 1533033818810391 (2018).

Jadon, S. A survey of loss functions for semantic segmentation. in 2020 IEEE Conference on
Computational Intelligence in Bioinformatics and Computational Biology (CIBCB) 1-7 (2020).
doi:10.1109/CIBCB48159.2020.9277638

Taha, A. A. & Hanbury, A. Metrics for evaluating 3D medical image segmentation: Analysis,
selection, and tool. BMC Medical Imaging 15, 29 (2015).

Ercan, T., Igdem, S., Alco, G., Zengin, F., Atilla, S., Dincer, M. & Okkan, S. Dosimetric com-
parison of field in field intensity-modulated radiotherapy technique with conformal radiotherapy
techniques in breast cancer. Japanese Journal of Radiology 28, 283-289 (2010).

Lo, Y. C., Yasuda, G., Fitzgerald, T. J. & Urie, M. M. Intensity modulation for breast treatment

using static multi-leaf collimators. International Journal of Radiation Oncology, Biology, Physics
46, 187-194 (2000).

157


https://doi.org/10.1002/mp.12938
https://doi.org/10.1002/mp.12938
https://doi.org/10.4103/0973-1482.48765
https://doi.org/10.4103/0973-1482.48765
https://doi.org/10.1007/s11604-011-0034-7
https://doi.org/10.1007/s11604-011-0034-7
https://doi.org/10.1016/j.ejmp.2012.11.002
https://doi.org/10.1016/j.ejmp.2012.11.002
https://doi.org/10.1016/j.meddos.2003.12.003
https://doi.org/10.1016/j.meddos.2003.12.003
https://doi.org/10.1007/BF03178601
https://doi.org/10.1007/BF03178601
https://doi.org/10.1016/j.meddos.2004.03.002
https://doi.org/10.1016/j.meddos.2004.03.002
https://doi.org/10.1016/j.meddos.2004.03.002
https://doi.org/10.1016/j.ejmp.2018.06.567
https://doi.org/10.1016/j.ejmp.2018.06.567
https://doi.org/10.1177/1533033818810391
https://doi.org/10.1177/1533033818810391
https://doi.org/10.1109/CIBCB48159.2020.9277638
https://doi.org/10.1186/s12880-015-0068-x
https://doi.org/10.1186/s12880-015-0068-x
https://doi.org/10.1007/s11604-010-0423-3
https://doi.org/10.1007/s11604-010-0423-3
https://doi.org/10.1007/s11604-010-0423-3
https://doi.org/10.1016/s0360-3016(99)00382-x
https://doi.org/10.1016/s0360-3016(99)00382-x

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

Lee, J.-W., Hong, S., Choi, K.-S., Kim, Y.-L., Park, B.-M., Chung, J.-B., Lee, D.-H. & Suh, T'.-S.
Performance Evaluation of Field-In-Field Technique for Tangential Breast Irradiation. Japanese
Journal of Clinical Oncology 38, 158-163 (2008).

Liscu, H.-D., Miron, A.-I., Rusea, A.-R., Oprea, A.-M. N., Mitre, R., Herdea, A. & Negreanu,
R. Short-Course Radiotherapy versus Long-Course Radio-Chemotherapy as Neoadjuvant Treat-
ment for Locally Advanced Rectal Cancer: Meta-Analysis from a Toxicity Perspective. Maedica
16, 382-388 (2021).

Van Dyk, J., Zubizarreta, E. & Lievens, Y. Cost evaluation to optimise radiation therapy im-
plementation in different income settings: A time-driven activity-based analysis. Radiotherapy
and Oncology 125, 178-185 (2017).

Isensee, F., Jaeger, P. F., Kohl, S. A. A., Petersen, J. & Maier-Hein, K. H. nnU-Net: A self-
configuring method for deep learning-based biomedical image segmentation. Nature Methods
18, 203-211 (2021).

Men, K., Dai, J. & Li, Y. Automatic segmentation of the clinical target volume and organs
at risk in the planning CT for rectal cancer using deep dilated convolutional neural networks.
Medical Physics 44, 6377—6389 (2017).

Appenzoller, L. M., Michalski, J. M., Thorstad, W. L., Mutic, S. & Moore, K. L. Predicting
dose-volume histograms for organs-at-risk in IMRT planning. Medical Physics 39, 7446-7461
(2012).

Kaderka, R., Mundt, R. C., Li, N., Ziemer, B., Bry, V. N., Cornell, M. & Moore, K. L. Auto-
mated Closed- and Open-Loop Validation of Knowledge-Based Planning Routines Across Mul-
tiple Disease Sites. Practical Radiation Oncology 9, 257-265 (2019).

Olanrewaju, A., Court, L. E., Zhang, L., Naidoo, K., Burger, H., Dalvie, S., Wetter, J., Parkes,
J., Trauernicht, C. J., McCarroll, R. E., Cardenas, C., Peterson, C. B., Benson, K. R. K., Toit, M.
du, Reenen, R. van & Beadle, B. M. Clinical Acceptability of Automated Radiation Treatment
Planning for Head and Neck Cancer Using the Radiation Planning Assistant. Practical Radiation
Oncology 11, 177-184 (2021).

Yu, C., Anakwenze, C. P., Zhao, Y., Martin, R. M., Ludmir, E. B., S. Niedzielski, J., Qureshi,
A., Das, P., Holliday, E. B., Raldow, A. C., Nguyen, C. M., Mumme, R. P., Netherton, T. J.,
Rhee, D. J., Gay, S. S., Yang, J., Court, L. E. & Cardenas, C. E. Multi-organ segmentation of

abdominal structures from non-contrast and contrast enhanced CT images. Scientific Reports
12, 19093 (2022).

Park, J., Venkatesulu, B. P., Kujundzic, K., Katsoulakis, E., Solanki, A. A., Puckett, L. L.,
Kapoor, R., Chapman, C. H., Hagan, M., Kelly, M. D., Palta, J., Ashman, J. B., Jacqmin,
D., Kachnic, L. A., Minsky, B. D., Olsen, J., Raldow, A. C., Wo, J. Y., Dawes, S., Wilson, E.,
Kudner, R. & Das, P. Consensus Quality Measures and Dose Constraints for Rectal Cancer From
the Veterans Affairs Radiation Oncology Quality Surveillance Program and American Society
for Radiation Oncology (ASTRO) Expert Panel. Practical Radiation Oncology 12, 424-436
(2022).

Xia, X., Wang, J., Li, Y., Peng, J., Fan, J., Zhang, J., Wan, J., Fang, Y., Zhang, Z. & Hu,

W. An Artificial Intelligence-Based Full-Process Solution for Radiotherapy: A Proof of Concept
Study on Rectal Cancer. Frontiers in Oncology 10, 1-8 (2021).

158


https://doi.org/10.1093/jjco/hym167
https://doi.org/10.26574/maedica.2021.16.3.382
https://doi.org/10.26574/maedica.2021.16.3.382
https://doi.org/10.1016/j.radonc.2017.08.021
https://doi.org/10.1016/j.radonc.2017.08.021
https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.1038/s41592-020-01008-z
https://doi.org/10.1002/mp.12602
https://doi.org/10.1002/mp.12602
https://doi.org/10.1118/1.4761864
https://doi.org/10.1118/1.4761864
https://doi.org/10.1016/j.prro.2019.02.010
https://doi.org/10.1016/j.prro.2019.02.010
https://doi.org/10.1016/j.prro.2019.02.010
https://doi.org/10.1016/j.prro.2020.12.003
https://doi.org/10.1016/j.prro.2020.12.003
https://doi.org/10.1038/s41598-022-21206-3
https://doi.org/10.1038/s41598-022-21206-3
https://doi.org/10.1016/j.prro.2022.05.005
https://doi.org/10.1016/j.prro.2022.05.005
https://doi.org/10.1016/j.prro.2022.05.005
https://www.frontiersin.org/articles/10.3389/fonc.2020.616721
https://www.frontiersin.org/articles/10.3389/fonc.2020.616721

97.

98.

99.

100.

101.

102.

103.

104.

105.

106.

107.

108.

Scaggion, A., Fusella, M., Roggio, A., Bacco, S., Pivato, N., Rossato, M. A., Pefna, L. M. A. &
Paiusco, M. Reducing inter- and intra-planner variability in radiotherapy plan output with a
commercial knowledge-based planning solution. Physica medica: PM: an international journal
devoted to the applications of physics to medicine and biology: official journal of the Italian
Association of Biomedical Physics (AIFB) 53, 86-93 (2018).

Kubo, K., Monzen, H., Ishii, K., Tamura, M., Kawamorita, R., Sumida, I., Mizuno, H. &
Nishimura, Y. Dosimetric comparison of RapidPlan and manually optimized plans in volumetric
modulated arc therapy for prostate cancer. Physica medica: PM: an international journal
devoted to the applications of physics to medicine and biology: official journal of the Italian
Association of Biomedical Physics (AIFB) 44, 199-204 (2017).

Gysen, K. van, O'Toole, J., Le, A., Wu, K., Schuler, T., Porter, B., Kipritidis, J., Atyeo, J.,
Brown, C. & Eade, T. Rolling out RapidPlan: What we’ve learnt. Journal of Medical Radiation
Sciences 67, 310-317 (2020).

Li, N., Carmona, R., Sirak, I., Kasaova, L., Followill, D., Michalski, J., Bosch, W., Straube, W,
Mell, L. K. & Moore, K. L. Highly Efficient Training, Refinement, and Validation of a Knowledge-
based Planning Quality-Control System for Radiation Therapy Clinical Trials. International
Journal of Radiation Oncology*Biology*Physics 97, 164-172 (2017).

MeclIntosh, C., Welch, M., McNiven, A., Jaffray, D. A. & Purdie, T. G. Fully automated treatment
planning for head and neck radiotherapy using a voxel-based dose prediction and dose mimicking
method. Physics in Medicine & Biology 62, 5926 (2017).

Gronberg, M. P., Beadle, B. M., Garden, A. S., Skinner, H., Gay, S., Netherton, T., Cao, W.,
Cardenas, C. E., Chung, C., Fuentes, D. T., Fuller, C. D., Howell, R. M., Jhingran, A., Lim,
T. Y., Marquez, B., Mumme, R., Olanrewaju, A. M., Peterson, C. B., Vazquez, 1., Whitaker,
T. J., Wooten, Z., Yang, M. & Court, L. E. Deep Learning-Based Dose Prediction for Auto-
mated, Individualized Quality Assurance of Head and Neck Radiation Therapy Plans. Practical
Radiation Oncology 0, (2023).

Tol, J. P., Dahele, M., Delaney, A. R., Slotman, B. J. & Verbakel, W. F. A. R. Can knowledge-
based DVH predictions be used for automated, individualized quality assurance of radiotherapy
treatment plans? Radiation Oncology (London, England) 10, 234 (2015).

AAMD Curriculum Guidelines. (2019). at <https://www.medicaldosimetry.org/publications/
curriculum-guide/>

Valdez, 1. D. & Clark, K. R. Confidence and proficiency levels of medical dosimetry graduates.
Medical Dosimetry 45, 241-245 (2020).

Nguyen, D.; Long, T., Jia, X., Lu, W., Gu, X., Igbal, Z. & Jiang, S. A feasibility study for
predicting optimal radiation therapy dose distributions of prostate cancer patients from patient
anatomy using deep learning. Scientific Reports 9, 1076 (2019).

Kajikawa, T., Kadoya, N., Ito, K., Takayama, Y., Chiba, T., Tomori, S., Nemoto, H., Dobashi,
S., Takeda, K. & Jingu, K. A convolutional neural network approach for IMRT dose distribution
prediction in prostate cancer patients. Journal of Radiation Research 60, 685693 (2019).

Mashayekhi, M., Tapia, I. R., Balagopal, A., Zhong, X., Barkousaraie, A. S., McBeth, R., Lin,

M.-H., Jiang, S. & Nguyen, D. Site-agnostic 3D dose distribution prediction with deep learning
neural networks. Medical Physics 49, 1391-1406 (2022).

159


https://doi.org/10.1016/j.ejmp.2018.08.016
https://doi.org/10.1016/j.ejmp.2018.08.016
https://doi.org/10.1016/j.ejmp.2017.06.026
https://doi.org/10.1016/j.ejmp.2017.06.026
https://doi.org/10.1002/jmrs.420
https://doi.org/10.1016/j.ijrobp.2016.10.005
https://doi.org/10.1016/j.ijrobp.2016.10.005
https://doi.org/10.1088/1361-6560/aa71f8
https://doi.org/10.1088/1361-6560/aa71f8
https://doi.org/10.1088/1361-6560/aa71f8
https://doi.org/10.1016/j.prro.2022.12.003
https://doi.org/10.1016/j.prro.2022.12.003
https://doi.org/10.1186/s13014-015-0542-1
https://doi.org/10.1186/s13014-015-0542-1
https://doi.org/10.1186/s13014-015-0542-1
https://www.medicaldosimetry.org/publications/curriculum-guide/
https://www.medicaldosimetry.org/publications/curriculum-guide/
https://doi.org/10.1016/j.meddos.2020.01.001
https://doi.org/10.1038/s41598-018-37741-x
https://doi.org/10.1038/s41598-018-37741-x
https://doi.org/10.1038/s41598-018-37741-x
https://doi.org/10.1093/jrr/rrz051
https://doi.org/10.1093/jrr/rrz051
https://doi.org/10.1002/mp.15461
https://doi.org/10.1002/mp.15461

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

Qilin, Z., Peng, B., Ang, Q., Weijuan, J., Ping, J., Hongqing, Z., Bin, D. & Ruijie, Y. The
feasibility study on the generalization of deep learning dose prediction model for volumetric
modulated arc therapy of cervical cancer. Journal of Applied Clinical Medical Physics 23,
e13583 (2022).

Barragan-Montero, A. M., Nguyen, D., Lu, W., Lin, M.-H., Norouzi-Kandalan, R., Geets, X.,
Sterpin, E. & Jiang, S. Three-dimensional dose prediction for lung IMRT patients with deep
neural networks: Robust learning from heterogeneous beam configurations. Medical Physics 46,
3679-3691 (2019).

Nguyen, D., Jia, X., Sher, D., Lin, M.-H., Igbal, Z., Liu, H. & Jiang, S. 3D radiotherapy dose
prediction on head and neck cancer patients with a hierarchically densely connected U-net deep
learning architecture. Physics in Medicine € Biology 64, 065020 (2019).

Gronberg, M. P., Gay, S. S., Netherton, T. J., Rhee, D. J., Court, L. E. & Cardenas, C. E.
Technical Note: Dose prediction for head and neck radiotherapy using a three-dimensional
dense dilated U-net architecture. Medical Physics 48, 5567-5573 (2021).

Chen, X., Men, K., Li, Y., Yi, J. & Dai, J. A feasibility study on an automated method
to generate patient-specific dose distributions for radiotherapy using deep learning. Medical
Physics 46, 56-64 (2019).

Zhou, J., Peng, Z., Song, Y., Chang, Y., Pei, X., Sheng, L. & Xu, X. G. A method of using deep
learning to predict three-dimensional dose distributions for intensity-modulated radiotherapy of
rectal cancer. Journal of Applied Clinical Medical Physics 21, 26-37 (2020).

Fan, J., Wang, J., Chen, Z., Hu, C., Zhang, Z. & Hu, W. Automatic treatment planning based
on three-dimensional dose distribution predicted from deep learning technique. Medical Physics
46, 370-381 (2019).

Babier, A., Mahmood, R., McNiven, A. L., Diamant, A. & Chan, T. C. Y. Knowledge-based
automated planning with three-dimensional generative adversarial networks. Medical Physics
47, 297-306 (2020).

Isola, P., Zhu, J.-Y., Zhou, T. & Efros, A. A. Image-to-Image Translation with Conditional
Adversarial Networks. (2018). doi:10.48550/arXiv.1611.07004

Goodfellow, 1. J., Pouget-Abadie, J., Mirza, M., Xu, B., Warde-Farley, D., Ozair, S., Courville,
A. & Bengio, Y. Generative Adversarial Networks. (2014). doi:10.48550/arXiv.1406.2661

Rhee, D. J., Jhingran, A., Huang, K., Netherton, T. J., Fakie, N., White, I., Sherriff, A.,
Cardenas, C. E., Zhang, L., Prajapati, S., Kry, S. F., Beadle, B. M., Shaw, W., O’Reilly,
F., Parkes, J., Burger, H., Trauernicht, C., Simonds, H. & Court, L. E. Clinical acceptability
of fully automated external beam radiotherapy for cervical cancer with three different beam
delivery techniques. Medical Physics 49, 5742-5751 (2022).

Long, T. & Nelson, A. Fluence map optimization for field-in-field radiation therapy. (2021). at
<https://patents.google.com/patent/US11052265/en>

Huang, K., Hernandez, S., Wang, C., Nguyen, C., Briere, T. M., Cardenas, C., Court, L. &

Xiao, Y. Automated field-in-field whole brain radiotherapy planning. Journal of Applied Clinical
Medical Physics 24, e13819 (2023).

160


https://doi.org/10.1002/acm2.13583
https://doi.org/10.1002/acm2.13583
https://doi.org/10.1002/acm2.13583
https://doi.org/10.1002/mp.13597
https://doi.org/10.1002/mp.13597
https://doi.org/10.1088/1361-6560/ab039b
https://doi.org/10.1088/1361-6560/ab039b
https://doi.org/10.1088/1361-6560/ab039b
https://doi.org/10.1002/mp.14827
https://doi.org/10.1002/mp.14827
https://doi.org/10.1002/mp.13262
https://doi.org/10.1002/mp.13262
https://doi.org/10.1002/acm2.12849
https://doi.org/10.1002/acm2.12849
https://doi.org/10.1002/acm2.12849
https://doi.org/10.1002/mp.13271
https://doi.org/10.1002/mp.13271
https://doi.org/10.1002/mp.13896
https://doi.org/10.1002/mp.13896
https://doi.org/10.48550/arXiv.1611.07004
https://doi.org/10.48550/arXiv.1406.2661
https://doi.org/10.1002/mp.15868
https://doi.org/10.1002/mp.15868
https://doi.org/10.1002/mp.15868
https://patents.google.com/patent/US11052265/en
https://doi.org/10.1002/acm2.13819

122.

123.

124.

125.

126.

127.

128.

129.

130.

131.

132.

133.

134.

Johnson, J. D. & Young, B. Demographics of brain metastasis. Neurosurgery Clinics of North
America 7, 337-344 (1996).

Ostrom, Q. T., Wright, C. H. & Barnholtz-Sloan, J. S. in Handbook of Clinical Neurology (eds.
Schiff, D. & Bent, M. J. van den) 149, 27-42 (Elsevier, 2018).

Sharma, V., Gaye, P. M., Wahab, S. A., Ndlovu, N., Ngoma, T., Vanderpuye, V., Sowunmi, A.
Kigula-Mugambe, J. & Jeremic, B. Patterns of Practice of Palliative Radiotherapy in Africa, Part
1: Bone and Brain Metastases. International Journal of Radiation Oncology*Biology*Physics
70, 1195-1201 (2008).

Nieder, C., Pawinski, A., Haukland, E., Dokmo, R., Phillipi, I. & Dalhaug, A. Estimating Need
for Palliative External Beam Radiotherapy in Adult Cancer Patients. International Journal of
Radiation Oncology*Biology*Physics 76, 207-211 (2010).

Tsao, M. N., Xu, W., Wong, R. K., Lloyd, N., Laperriere, N., Sahgal, A., Rakovitch, E. & Chow,
E. Whole brain radiotherapy for the treatment of newly diagnosed multiple brain metastases.
The Cochrane Database of Systematic Reviews 2018, CD003869 (2018).

O’Beirn, M., Benghiat, H., Meade, S., Heyes, G., Sawlani, V., Kong, A., Hartley, A. & Sanghera,
P. The Expanding Role of Radiosurgery for Brain Metastases. Medicines 5, 90 (2018).

Brown, P. D., Ahluwalia, M. S., Khan, O. H., Asher, A. L., Wefel, J. S. & Gondi, V. Whole-Brain
Radiotherapy for Brain Metastases: Evolution or Revolution? Journal of Clinical Oncology 36,
483-491 (2018).

McTyre, E., Scott, J. & Chinnaiyan, P. Whole brain radiotherapy for brain metastasis. Surgical
Neurology International 4, S236-S244 (2013).

Xiao, Y., Cardenas, C., Rhee, D. J., Netherton, T., Zhang, L., Nguyen, C., Douglas, R., Mumme,
R., Skett, S., Patel, T., Trauernicht, C., Chung, C., Simonds, H., Aggarwal, A. & Court, L.
Customizable landmark-based field aperture design for automated whole-brain radiotherapy
treatment planning. Journal of Applied Clinical Medical Physics n/a, 13839 (2022).

Yu, J., Goh, Y., Song, K. J., Kwak, J., Cho, B., Kim, S. S., Lee, S. & Choi, E. K. Feasibility of
automated planning for whole-brain radiation therapy using deep learning. Journal of Applied
Clinical Medical Physics 22, 184-190 (2021).

Rhee, D. J., Cardenas, C. E., Elhalawani, H., McCarroll, R., Zhang, L., Yang, J., Garden, A. S.,
Peterson, C. B., Beadle, B. M. & Court, L. E. Automatic detection of contouring errors using
convolutional neural networks. Medical Physics 46, 5086-5097 (2019).

Netherton, T. J., Rhee, D. J., Cardenas, C. E., Chung, C., Klopp, A. H., Peterson, C. B., Howell,
R. M., Balter, P. A. & Court, L. E. Evaluation of a multiview architecture for automatic vertebral

labeling of palliative radiotherapy simulation CT images. Medical Physics 47, 5592-5608 (2020).

Byrd, R. H., Lu, P., Nocedal, J. & Zhu, C. A Limited Memory Algorithm for Bound Constrained
Optimization. SIAM Journal on Scientific Computing 16, 1190-1208 (1995).

161


https://www.ncbi.nlm.nih.gov/pubmed/8823767
https://doi.org/10.1016/B978-0-12-811161-1.00002-5
https://doi.org/10.1016/B978-0-12-811161-1.00002-5
https://doi.org/10.1016/j.ijrobp.2007.07.2381
https://doi.org/10.1016/j.ijrobp.2007.07.2381
https://doi.org/10.1016/j.ijrobp.2009.01.028
https://doi.org/10.1016/j.ijrobp.2009.01.028
https://doi.org/10.1002/14651858.CD003869.pub4
https://doi.org/10.3390/medicines5030090
https://doi.org/10.1200/JCO.2017.75.9589
https://doi.org/10.1200/JCO.2017.75.9589
https://doi.org/10.4103/2152-7806.111301
https://doi.org/10.1002/acm2.13839
https://doi.org/10.1002/acm2.13839
https://doi.org/10.1002/acm2.13130
https://doi.org/10.1002/acm2.13130
https://doi.org/10.1002/mp.13814
https://doi.org/10.1002/mp.13814
https://doi.org/10.1002/mp.14415
https://doi.org/10.1002/mp.14415
https://doi.org/10.1137/0916069
https://doi.org/10.1137/0916069

Vita

Kai Huang was born in China.
She is the daughter of Heqing Huang and Mingyong Cai.

She entered Carleton College in Northfield, Minnesota in 2012 and received the degree of Bachelor of

Arts with double-major in physics and mathematics in 2016.
For the next two years, she worked as an assistant physicist at Mevion Medical Systems.

In August 2018, she entered The University of Texas MD Anderson Cancer Center UTHealth Houston

Graduate School of Biomedical Sciences.

162



	Dean The University of Texas: 
	Prajnan Das, MD, MPH: 
	Tina Marie Briere PhD: 


