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Editorial on the Research Topic

Automation and artificial intelligence in radiation oncology
The ongoing advancement of radiation oncology has always been significantly

influenced by technology. A number of therapeutic advancements have been made

recently as a result of technology-driven advancements in radiotherapy planning and

delivery. In particular Particularly in the field of radiation oncology, artificial intelligence

approaches are spreading more widely and moving from the realm of specialized research

to that of accepted clinical practice. Automation and big data analysis have drawn a new

era of treating cancer patients with precision and outcome prediction. The continues

increase of computing power together with the improvement of treatment accuracy in

fighting cancers could lead to huge progress in increasing patient’s outcomes and survival

rate. The integration of artificial intelligence with modern radiation therapy technologies

has the potential to herald an unprecedented change for the field of radiation oncology.

The aim of this Topic was to collate original researches focusing on new

developments in the application of machine learning and deep learning processes,

patient outcome prediction, treatment technique improvements with automation and

applications of radiomics, an emerging and promising research field based on

quantitative imaging technology in the radiation oncology field. All these aspects have

been well-captured in the present Research Topic which has been successfully launched

in Frontiers in Oncology. We were thrilled to get a large number of contributions from

authors of their most recent research findings on automation and artificial intelligence

techniques for radiation oncology purposes. Twenty-one papers were finally accepted

after rigorous reviews for a total of 177 authors. Contributions came from various nations

and regions, including China, Italy, South Korea, Thailand, the United States

and Indonesia.

Several researchers investigated the possibility for automated treatment planning

solutions generated by AI algorithms to improve quality, decrease variability, and shorten

planning times. One of the most time-consuming step of radiation therapy is the manual

segmentation of target and normal structures, which is subject to high intra- and inter-
frontiersin.org
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observer variability. Recently, numerous research groups have

been focusing on the use of AI to increase the speed and accuracy

in the definition of clinical target volumes for treatment.

Convolutional neural network-based deep learning models

have made significant advancements and demonstrated major

promise as tools for automated segmentation of target volumes

and organs-at-risk (OARs). For CTV delineation in cervical

cancer, Liu et al. suggested a novel adversarial deep-learning-

based auto-segmentation algorithm. To directly test the model

and reduce inter- and intra-observer variability, a three-stage

multicenter randomized controlled evaluation procedure was

created. The evaluated AI model was shown to be precise and on

par with the manual CTV segmentation in patients with cervical

cancer. By integrating the fully convolutional network (FCN)

and atrous convolution deep learning techniques, Xie et al.

sought to fully automate the organs segmentation. According

to the authors, this network model may efficiently increase the

precision of automated segmentation of chest computed

tomography images in thoracic radiotherapy. To successfully

avoid radiation side effects, precise target volume and OAR

delineation is essential in head-neck malignancies. In order to

segment the thyroid gland on localized CT scans and to identify

the gland as an OAR in radiotherapy, Wen et al. devised a model

that incorporated a Spatial Squeeze and Channel Excitation

Block (cSE) attention mechanism with HRNet. Due to the low

contrast at the tumor’s border and the wide range of tumor sizes

and morphologies between different stages, the delineation of

target volumes in nasopharyngeal cancer is a particularly

difficult process. To solve the aforementioned issues, Yang

et al. proposed a new three-dimensional (3D) automatic

segmentation system that uses cascaded multiscale local

augmentation of convolutional neural networks. The suggested

approach may enhance and facilitate clinical applications by

precisely segmenting NPC in CT scans from multi-institutional

datasets. The possibility of using deep learning to automatically

delineate multiple contours for breast cancer radiation therapy

was examined by Dai et al. Their study showed that the devolped

deep learning techniques can reliably produce target and OAR

contours on planning CT and daily synthetic CT images from

CBCT images, which may significantly speed up the re-planning

process and satisfy the needs of online plan adaptation.

The goal of radiotherapy plan optimization is to find the

optimal balance between two competing goals: delivering the

highest radiation dose to the target while delivering the lowest

radiation dose to nearby OARs. These OARs are typically given a

numerical weight to reflect their relative importance in the

optimization calculus. In order to produce a plan that fulfills

the minimal acceptable threshold for each aim, physicists must

repeatedly adjust the parameters that control radiation dose

deposition. This fine-tuning typically goes on until time

resources run out, at which point the planner is compelled to

decide on the best plan he can achieve. Therefore, plan quality

may strongly vary between planners and between clinical
Frontiers in Oncology
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institutions. Additionally, the time and labor requirements of

the existing planning paradigm can put patients at risk for delays

and potentially suboptimal care while also appearing to be

insurmountable barriers to adaptive radiotherapy. In this

perspective, the introduction of automated systems may

translate in important benefits as time saving, high quality

planning, and protocol standardization, as reported by Cagni

et al. Together with template-based iterative planning (1), the

use of knowledge-based automated planning (KBP) techniques

has recently received a special attention. Using machine learning

techniques that learn from databases of previous clinically

acceptable plans, KBP may assist physicists and radiation

oncologists to find the best solutions for planning

optimization. Castriconi et al. implemented a KBP solution for

right and left-sided whole breast treatment through a new

volumetric technique mimicking conventional tangential fields

irradiation that can efficiently replace manually optimized plans.

Xu et al. evaluated the effectiveness of a proton-specific KBP

model in the development of robustly optimized intensity-

modulated proton therapy plans for the treatment of advanced

head and neck cancer patients, reporting that the quality of KBP

plans is comparable to, and occasionally even exceeds, that of the

expert plans. In this clinical setting, radiation therapy is the

primary therapeutic option for early and locally progressed

nasopharyngeal cancer. When compared to computed

tomography, magnetic resonance imaging (MRI) has the

advantage of high soft-tissue resolution, but it does not

provide information on electron density (ED) for planning

radiotherapy. To provide the necessary ED data for MRI-only

planning, Ma et al. created a pseudo-CT generating approach.

The suggested deep learning model can precisely predict CT

from MRI, and the resulting pCT can be used in accurate

dose estimations.

Proton therapy may also greatly benefit of using AI strategies

and techniques. For example, a great interest in beam angle

optimization research has been on the rise recently for proton

therapy, in order to generate optimal proton plan. Cheon et al.

suggested a method for beam angle optimization based on a

convolutional neural network to automatically find the optimal

beam angles for proton treatments set with the double-scattering

delivery approach (BAODS-Net). This approach dramatically

reduced the planning time increasing the potential for a real-

time adaptive proton radiotherapy. Furthermore, it is well

known that a double scattering proton system’s beam output

fluctuates depending on the beam option, range, and

modulation, translating in inaccurate modeling by the

treatment planning system. Because of this, the majority of

proton centers with a double scattering beam system must

measure the output of patient-specific proton beams in a water

phantom in order to determine the necessary machine output.

Three machine learning algorithms were developed by Zhu et al.

to efficiently estimate the output of a proton beam using a

Gaussian process regression model with various kernels. One of
frontiersin.org
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these models showed accurate estimation, meeting the ±3%

clinical requirement.

A second fundamental point is the growing application of

artificial intelligence techniques for prediction purposes.

First, methods for machine learning have been investigated,

with an emphasis on applications for machine and patient-

specific quality assurance (QA) (2). The performance of various

delivery system components, such as the multileaf collimator

(MLC), imaging system, mechanical parameters, and dosimetric

parameters, can be examined using machine learning. As a

result, a “virtual” QA may forecast passing rates using different

measurement techniques, different treatment planning systems,

and different treatment delivery machines across multiple

institutions. In this topic, Huang et al. introduced a new

QA prediction model based on UNet++ using the dose

distribution as input. This model was able to predict the

gamma-pass rates for various gamma criteria as well as

provide classification results.

Secondly, AI models have recently demonstrated the

potential for effective toxicity prediction aiming to limit

radiotherapy-related side effects (3). The proactive, rather than

reactive, management of acute and late toxicities in patients is

exacerbated by the mostly unpredictable occurrence and/or

intensity of such side effects. Nevertheless, it is possible to

create predictive models of radiation toxicities based on

imaging data and risk variables, such as specific clinical traits,

germline genetic alterations, and the radiation dose

distributions, and these models can be used to guide treatment

planning. Additionally, multi-omic data may capture complex

tumor features, contributing to a comprehensive patient risk

assessment. In particular, two complementary strategies have

emerged in recent years: the integration of patient-specific

biological risk factors into dose–volume-based outcome

models (called radiogenomics), and the integration of imaging

together with treatment-related and biological data for outcomes

prediction (called radiomics). Both these approaches have the

potential to develop personalized and tailored treatment plans.

The current advances and challenges in radiomics of brain

tumors have been highlighted by Yi et al. The authors

demonstrate how radiomics, in contrast to conventional brain

imaging, offers quantitative data related to important biologic

characteristics and application of deep learning which sheds

light on the complete automation of imaging diagnosis.

In patients with ovarian cancer, Yu et al. assessed the

accuracy of radiomics characteristics based on multiparameter

magnetic resonance imaging for peritoneal carcinomatosis. A

multi-factor logistic regression method was utilized to create a

radiomics nomogram in combination with radiomics features

and clinicopathological risk factors, reporting a better diagnostic

effect than the clinical model, able to identify peritoneal

carcinomatosis in ovarian cancer patients before surgery.

Gastric cancer is a typical heterogeneous malignant tumor.

Chemotherapy is ineffective against this tumor and this is a
Frontiers in Oncology
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common cause of tumor recurrence and metastasis.

Conventional pathological TNM prediction focuses on cancer

cells to predict prognosis, but they do not provide adequate

prediction. Jin et al. devoloped a radiomics signature in order to

predict patients’ overall survival and disease-free survival after

undergoing surgery for gastric cancer. The radiomics trait-

associated genes identified clinically significant biological

pathways and possible drug metabolic mechanisms for

chemotherapy agents.

With respect to rectal cancer, although several prognosis

nomograms have been established, statistical tools for

predicting long-term survival in rectal cancer are lacking.

Additionally, neither qualitative nor quantitative imaging

findings were included in modern prognostic analyses. Nie

et al. used a radiomics signatures and multiparametric MRI

data to build a predictive model able to predict 5-year overall

survival for patients with advanced rectal cancer. An

interesting aspect of the detected radiomics signature was

that it contained three from dynamic contrast-enhanced

(DCE)-MRI, four from anatomical MRI, and one from

functional diffusion-weighted imaging (DWI). This brought

attention to how crucial multiparametric MRI is in

addressing the problem of estimating long-term survival in

rectal cancer.

The 5-year survival rate of lung cancer is significantly

increased by early detection and treatment. Immunotherapy

has recently grown quickly, caught the attention of more and

more oncologists, and established itself as a significant area of

study in the field of tumor therapy. The immunotherapy against

programmed cell death protein 1 (programmed death-1, PD-1)

and its ligand 1 (programmed death ligand-1, PD-L1) has been

used in non-small cell lung cancer (NSCLC), and good results

have been achieved in patients, especially in individuals with

high expression of PD-L1 (4). Finding a fresh method to gauge

PD-L1 expression level is thus critically required. Based on this

premises, Li et al. aimed to evaluate the expression of PD-L1 in

patients with NSCLC by radiomic features of 18F-FDG PET/CT

and clinicopathological characteristics. In order to predict PD-

L1 expression in individual NSCLC patients, the authors

generated a prediction model that used both the radiomic

signature and clinicopathologic risk variables. Significant

correlations were found between the radiomic signature and

PD-L1 expression in lung cancers. The aforementioned papers

reported how the recently emerged radiomics methods are able

to extract a large number of spatial features from medical images

in order to predict therapeutic responses. Enlightened by those

works, a recent approach called “dosiomics” has been put out, in

an effort to extract spatial features from dose distribution for

radiotherapy response prediction. It has been shown that the

dosiomics features may be able to improve radiation therapy

toxicity prediction since they have more dose distribution data

than DVH features (5). For example, dosiomics informations

can be used for the prediction of radiation pneumonitis.
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Puttanawarut et al. investigated the feasibility of of dosiomics

and radiomics features to predict the development of radiation

pneumonitis over traditional dose-volume histogram. Then,

four predictive models for radiation pneumonitis were

compared on a esophageal and a lung cancer datasets,

resulting in predictive performance of the dosiomics- and

radiomics-based models significantly higher than that of the

DVH-based model.

Finally, it must be underlined that studies on the dosiomics

and radiomics features are still in the early stage and yet there

exist some concerns regarding the stability and generalizability

of this texture analysis. For example, it has been reported that

some dosiomics features are unstable across various grid

resolutions or dose calculation algorithms (6), showing that

the reproducibility of dosiomics features depends on the

process of producing images. Moreover, for many cancers,

because of inter-fractional error, a different total number of

fractions may induce different error behavior. These errors may

also further affect the reproducibility of dosiomics features.

Puttanawarut et al. investigated the stability of dosiomics

features under random inter-fractional error and evaluated the

uncertainties in the values of dosiomic features under inter-

fractional error with IMRT and VMAT in a lung cancer dataset.

The authors reported that some dosiomics features were found

not reliable under inter-fractional error and with lower

fraction numbers.
Conclusions

The ultimate goal of this Research Topic was to promote

research and development of automation, advanced computing
Frontiers in Oncology
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and AI applications in radiation oncology by publishing high-

quality research articles. The 21 papers published in this

Research Topic reported promising results and offered new

and original perspectives regarding the role of AI in radiation

oncology. We thank all the authors of the published papers for

their valuable contributions and the referees for their

rigorous review.
Author contributions

Both authors have made a substantial, direct, and intellectual

contribution to the work and approved it for publication.
Conflict of interest

The authors declare that the research was conducted in the

absence of any commercial or financial relationships that could

be construed as a potential conflict of interest.
Publisher’s note

All claims expressed in this article are solely those of the

authors and do not necessarily represent those of their affiliated

organizations, or those of the publisher, the editors and the

reviewers. Any product that may be evaluated in this article, or

claim that may be made by its manufacturer, is not guaranteed

or endorsed by the publisher.
References
1. Cilla S, Ianiro A, Romano C, Deodato F, Macchia G, Buwenge M, et al.
Template-based automation of treatment planning in advanced radiotherapy: a
comprehensive dosimetric and clinical evaluation. Sci Rep (2020) 10:423.
doi: 10.1038/s41598-019-56966-y

2. Chan MF, Witztum A, Valdes G. Integration of AI and machine learning
in radiotherapy QA. Front Artif Intell (2020) 3:577620. doi: 10.3389/
frai.2020.577620

3. Isaksson LJ, Pepa M, Zaffaroni M, Marvaso G, Alterio D, Volpe S, et al.
Machine learning-based models for prediction of toxicity outcomes in
radiotherapy. Front Oncol (2020) 10:790. doi: 10.3389/fonc.2020.00790
4. Brahmer JR, Tykodi SS, Chow LQ, HwuWJ, Topalian SL, Hwu P, et al. Safety
and activity of anti-PD-L1 antibody in patients with advanced cancer. N Engl J Med
(2012) 366(26):2455–65. doi: 10.1056/NEJMoa1200694

5. Rossi L, Bijman R, Schillemans W, Aluwini S, Cavedon C, Witte M, et al. Texture
analysis of 3D dose distributions for predictive modelling of toxicity rates in
radiotherapy. Radiother Oncol (2018) 129(3):548–53. doi: 10.1016/j.radonc.2018.07.027

6. Placidi L, Lenkowicz J, Cusumano D, Boldrini L, Dinapoli N, Valentini V.
Stability of dosiomics features extraction on grid resolution and algorithm for
radiotherapy dose calculation. Phys Med (2020) 77:30–5. doi: 10.1016/
j.ejmp.2020.07.022
frontiersin.org

https://doi.org/10.3389/fonc.2022.768152
https://doi.org/10.3389/fonc.2022.726896
https://doi.org/10.1038/s41598-019-56966-y
https://doi.org/10.3389/frai.2020.577620
https://doi.org/10.3389/frai.2020.577620
https://doi.org/10.3389/fonc.2020.00790
https://doi.org/10.1056/NEJMoa1200694
https://doi.org/10.1016/j.radonc.2018.07.027
https://doi.org/10.1016/j.ejmp.2020.07.022
https://doi.org/10.1016/j.ejmp.2020.07.022
https://doi.org/10.3389/fonc.2022.1038834
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Frontiers in Oncology | www.frontiersin.org

Edited by:
Jose Eduardo Villarreal Barajas,

Royal Devon and Exeter Hospital,
United Kingdom

Reviewed by:
Maria F. Chan,

Memorial Sloan Kettering Cancer
Center, United States

Yuanzeng Min,
University of Science and Technology

of China, China

*Correspondence:
Weihai Zhuo

whzhuo@fudan.edu.cn
Zhiyong Xu

xzyong12vip@sina.com

†These authors have contributed
equally to this work and

share first authorship

Specialty section:
This article was submitted to

Radiation Oncology,
a section of the journal
Frontiers in Oncology

Received: 26 April 2021
Accepted: 30 June 2021
Published: 20 July 2021

Citation:
Huang Y, Pi Y, Ma K, Miao X, Fu S,

Chen H, Wang H, Gu H, Shao Y,
Duan Y, Feng A, Wang J, Cai R,
Zhuo W and Xu Z (2021) Virtual

Patient-Specific Quality Assurance of
IMRT Using UNet++: Classification,

Gamma Passing Rates Prediction, and
Dose Difference Prediction.
Front. Oncol. 11:700343.

doi: 10.3389/fonc.2021.700343

ORIGINAL RESEARCH
published: 20 July 2021

doi: 10.3389/fonc.2021.700343
Virtual Patient-Specific Quality
Assurance of IMRT Using UNet++:
Classification, Gamma Passing
Rates Prediction, and Dose
Difference Prediction
Ying Huang1†, Yifei Pi2†, Kui Ma3, Xiaojuan Miao4, Sichao Fu4, Hua Chen1, Hao Wang1,
Hengle Gu1, Yan Shao1, Yanhua Duan1, Aihui Feng1, Jiyong Wang5, Ruxin Cai1,
Weihai Zhuo6* and Zhiyong Xu1*

1 Shanghai Chest Hospital, Shanghai Jiaotong University, Shanghai, China, 2 Department of Radiotherapy, The First Affiliated
Hospital of Zhengzhou University, Zhengzhou, China, 3 Varian Medical Systems (China), Beijing, China, 4 Department of
Hematology, Western Theater General Hospital, Chengdu, China, 5 PingAn Health Technology Co. Ltd, Shanghai, China,
6 Key Laboratory of Nuclear Physics and Ion Beam Application Ministry of Education, Fudan University, Shanghai, China

The dose verification in radiotherapy quality assurance (QA) is time-consuming and places
a heavy workload on medical physicists. To provide a clinical tool to perform patient
specific QA accurately, the UNet++ is investigated to classify failed or pass fields (the GPR
lower than 85% is considered “failed” while the GPR higher than 85% is considered
“pass”), predict gamma passing rates (GPR) for different gamma criteria, and predict dose
difference from virtual patient-specific quality assurance in radiotherapy. UNet++ was
trained and validated with 473 fields and tested with 95 fields. All plans used Portal
Dosimetry for dose verification pre-treatment. Planar dose distribution of each field was
used as the input for UNet++, with QA classification results, gamma passing rates of
different gamma criteria, and dose difference were used as the output. In the test set, the
accuracy of the classification model was 95.79%. The mean absolute error (MAE) were
0.82, 0.88, 2.11, 2.52, and the root mean squared error (RMSE) were 1.38, 1.57, 3.33,
3.72 for 3%/3mm, 3%/2 mm, 2%/3 mm, 2%/2 mm, respectively. The trend and position
of the predicted dose difference were consistent with the measured dose difference. In
conclusion, the Virtual QA based on UNet++ can be used to classify the field passed or
not, predict gamma pass rate for different gamma criteria, and predict dose difference.
The results show that UNet++ based Virtual QA is promising in quality assurance
for radiotherapy.
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INTRODUCTION

Intensity-modulated radiation therapy (IMRT), a widely used
treatment modality for cancer patients, provides highly
conformal dose distribution to the target while sparing
surrounding healthy tissues (1). Quality assurance is performed
to confirm the accuracy of dose calculation, data transmission,
linear accelerator performance, radiotherapy positioning, and
dosimeter response accuracy (2–6). It is essential to ensure the
reliability of treatment delivery and improve patient safety. The
process commonly involves comparing the calculated dose
distribution or fluence with the measured dose distribution or
fluence (7). However, the implementation of patient-specific QA
measurement is time-consuming and places a heavy workload on
medical physicists (8). Additionally, the measurement work takes
a lot of clinical treatment time, which is unrealistic for busy
centers. Furthermore, the QA process needs to be accomplished
prior to treatment. For those QA results which do not meet the
predefined “pass” criteria, re-planning and verification will cause
an inevitable treatment delay. Therefore, a more streamlined,
less-resourced, and automated patient-specific QA method for
dose verification is necessary for radiotherapy centers.

With the development of machine learning and deep
learning and its application in QA results prediction, the
efficiency of patient-specific QA is expected to be improved
(9–16). Valdes, Lam, Li (9–12) etc. to established prediction
models for the gamma passing rate (GPR) based on the
complexity parameters of the TPS plan. Other researchers (13,
14) investigated the deep learning algorithms to establish GPR
prediction models based on planar dose distribution. Granville
(15) used support vector machines (SVMs) to classify cold, hot,
and normal plans based on the plan complexity parameters and
accelerator performance parameters. Li (12) discussed the
prediction model of whether the plan could pass the threshold
using machine learning method. The above researchers have
developed an accurate prediction model of QA results,
confirming the feasibility of using machine learning or deep
learning for patient-specific QA.

Previous prediction models based on machine learning or
deep learning were only the results of dose verification but could
not provide detailed information of dose difference (9–18).
Predicting the trend and position of dose difference is an
important work in automatic patient-specific QA in the
near future.

In this study, we proposed a novel QA prediction model based
on UNet + + using the planar dose distribution as input. A model
can (a) provide the classification results whether the field QA
passes; (b) predict the GPRs of different gamma criteria; (c)
predict the trend and position of dose difference. The prediction
model allows physicists to pre-mark potentially failed fields in a
proactive way, analyze dose difference simultaneously and
reduce patient delays associated with unqualified measurements.
Additionally, it could reduce patient-specific QAmeasurements to
verify data transmission and delivery accuracy combination with
other tools. The model is expected to be a practical clinical tool to
perform patient-specific QA accurately and provide new ideas for
the development of virtual QA and process optimization.
Frontiers in Oncology | www.frontiersin.org 211
MATERIALS AND METHODS

Data Collection
109 IMRT plans (including 568 fields) from December 2019 to
May 2020 were selected. All plans were generated in the Eclipse
version11 (Varian Medical Systems, Palo Alto, CA). Dose
distributions were calculated using the Acuros External Beam
(AXB, ver.11.0.31, Varian Medical Systems, Palo Alto, CA) with
a dose calculation grid of 2.5 mm. Each plan was delivered using
a linear accelerator equipped with a Varian Millennium 120
MLC. Patient-specific dose verification was performed prior to
treatment using the actual angle by Portal Dosimetry. Daily dose
calibration was performed during the period of data collection.

PD Mining, an in-house software developed by C #, was used
to register, resample, and compare the calculated and measured
dose distribution. This software was developed based on the
interface of Varian ESAPI portal dosimetry and verified with the
manual processing results. All patient dose data was searched
through patient ID. The gamma analysis results and dose
difference were obtained and exported to the local file in the
form of text file automatically.

As 2%/2mm was the most sensitive criterion to detect
clinically relevant errors (19, 20), it was used for establishing
the classification model. If the GPR was higher than 85%, the
field was considered to pass the QA, vice versa. The GPRs in the
criteria of 3%/3mm, 3%/2mm, 2%/3mm were calculated at
the same time. Absolute dose mode and 10% dose threshold
were used for the above GPR analysis.

Data Preprocessing
Pylinac library was used to extract the original image of planar
dose distribution in the resolution of 1190 × 1190. Then the
redundant information such as the frame and coordinate axis
was cut off to get the image with the resolution 968 × 968.
Flipping (horizontal random lip probability: 0.5, vertical random
flip probability: 0.5) and random clipping were used to prevent
overfitting. The images for the training set were randomly
cropped from 968 × 968 to 960 × 960. The images in the test
set were cut from the center, sizing from 968 × 968 to 960 × 960.

UNet++ Architecture
Based on the traditional medical image processing network
UNet, UNet++ enables the network to learn important features
of different depths through a series of nested and dense jumping
connections. By adopting deep supervision, UNet++ allows
model complexity tuning to balance speed and performance
optimization (21).

Figure 1 shows the architecture of the UNet++ used in this
s t u d y . T h e d own s amp l e e n c o d i n g c h a n n e l o f
X0,0!X1,0!X2,0!X3,0!X4,0 adopted ResNet-101 architecture
as the backbone network, and then the image size was restored by
the corresponding upsample decoding nodes with skip
connections. The planar dose distribution was input from X0,0,
and the predicted dose difference image output of the same size
was obtained from X0,4 after passing through the UNet++
network. At the same time, X0,4 was downsampled through
three max-pooling layers and two bottleneck layers, and the
July 2021 | Volume 11 | Article 700343
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linear layer was connected in series to predict the four gamma
criteria GPR and the classification results.

Model Training and Evaluation
To reduce dose difference prediction error caused by image
scaling, the original resolution was adopted for the input and
output. This processing would increase network memory and
training time. Therefore, small batches rather than N-fold
validation were selected. We randomly selected 95 fields (about
1/6) from the collected 568 samples as the test set. Four of the
remaining samples (378 fields) were used as the training set and
one as the validation set (95 fields).

The mean square error (MSE) loss function was used to
evaluate the regression error of dose difference and GPR, and the
binary cross-entropy was used to evaluate the classification error.
The total loss was obtained by the weighted (1/3, 1/3, 1/3) sum of
Frontiers in Oncology | www.frontiersin.org 312
the three errors. The commonly used Adam optimizer (22) was
adopted to learn the back-propagation error. The initial learning
rate was set to 0.001, and it decreased exponentially as training
going on, with the dropping rate setting to 0.9. A Mini batch
method was used to train the model, the batch size was set to 2,
and the epoch was set to 120. The prediction model was built by
the open-source pytorch library. The entire training cost about
32 hours on the NVIDIA GTX-3080 GPU.
RESULTS

Learning Curve for the Prediction Model
It is expected that more epochs would give rise to higher
prediction accuracy. Thus, there typically exists a minimum
number of epochs beyond which the increase in prediction
FIGURE 1 | Architecture of the UNet++ used for prediction model.
July 2021 | Volume 11 | Article 700343
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accuracy would saturate. Figure 2 shows how the number of
epochs will affect the accuracy for the prediction model. With
more epochs, the loss on the training data, validation data and
testing data decrease. With 60 epochs, the testing, validation and
training loss converge at a stable level, indicating that increasing
the epochs of training sets may not yield further improvement in
the accuracy of the prediction model.

Performance of Classification Model
The proportion of GPR less than 85% was 7.37% (7/95) and 8.42%
(8/95) in the validation set and test set, respectively. As shown in
Table 1, the sensitivity of the validation set is 57.14%, the specificity
is 100%, and the accuracy is 96.84%. For the test set, the sensitivity is
62.50%, the specificity is 98.85%, and the accuracy of the
classification model is 95.79%. From the analysis for the failed
fields in measurement, while the prediction results are pass, the
GPRs for these fields are near 85%, and the predicted GPRs are
higher than 85%, so the classification results are pass fields.

GPR Prediction for Different Gamma Criteria
As shown in Table 2, the MAE and RMSE of the validation set
and test set increase with stricter gamma criteria. In the test set,
the smallest MAE and RMSE are 0.82 and 1.38 under 3%/3mm.
Frontiers in Oncology | www.frontiersin.org
;

413
The 2%/2mm gamma criteria has the largest MAE and RMSE in
the test set, which are 2.52 and 3.72, respectively.

The distribution of errors between the predicted GPR and the
measured GPR under different gamma criteria are shown in
Figure 3. The prediction errors among different gamma groups
(90%-100%, 80%-90%, and < 80%) are compared. The accuracy
of the prediction model is affected by the measured value itself.
The higher the measured GPR, the smaller prediction errors
between the measured and predicted GPR are observed.

Dose Difference Prediction
In the prediction of dose difference, the dose difference and the
histogram of distribution relative to TPS for the pass field and fail
field are shown in Figures 4, 5, respectively. The position and
trend of predicted dose difference are consistent with the
measured dose difference.

Figure 4 shows the dose difference for a passing field of a
patient. Figure 4A shows the dose difference between the
measured planar dose and TPS calculated, and Figure 4B
shows the dose difference between the predicted and TPS
calculated planar dose. Even for a passing field, there are still
some pixels with large dose difference, and their positions can be
obtained. Figure 4C is the histogram of the dose difference
between measured and TPS calculated planar dose for one
FIGURE 2 | Learning curve of the prediction model.
TABLE 1 | Results of classification model.

Predicted-Fail Predicted-Pass

Validation set (95)
Measured Fail 4 3 57.14%
Measured Pass 0 88 100.00%
Test set (95)
Measured Fail 5 3 62.50%
Measured Pass 1 86 98.85%
The results are classified into four categories: failed measurement results and failed
prediction results, TP; passed measurement results and passed prediction results (TN)
passed measurement results and failed prediction results (FP); failed measurement results
and passed prediction result passed (FN).
TABLE 2 | MAE and RMSE for different gamma criteria.

MAE RMSE

Validation set Test set Validation set Test set

3%/3mm 0.79 0.82 1.28 1.38

3%/2mm 0.93 0.88 1.50 1.57

2%/3mm 2.01 2.11 2.31 3.33

2%/2mm 2.17 2.52 3.00 3.72
July 2
021 | Volume 11 |
 Article 70034
FIGURE 3 | The distribution of prediction errors in test set among different
groups under different gamma criteria. (Error bar: Mean ± standard
deviation. The number on the vertical axis represents the number of fields
for different groups).
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failed field, and Figure 4D is the histogram of the predicted
planar dose relative to TPS calculated dose. The histogram of
predicted dose difference is consistent with the measured dose
difference, the maximum and the minimum dose difference are
almost the same.

As Figure 5 shows, the predicted dose difference and
measured dose difference for one of the failed fields and the
histogram of dose difference. Large dose difference mainly
located in the edge, and the measured dose is lower than the
TPS calculated dose. The trend and position of the predicted
dose difference is consistent with the measured dose difference,
indicating that the virtual QA results could be used as guidance
for the analysis of dose difference and plan redesign. By
comparing and analyzing the dose difference for pass field and
failed field, we found that the number of pixels having the large
dose difference in the failed field was larger than in the pass field.
DISCUSSIONS

IMRT is a complex technology in radiotherapy, so special QA is
required to ensure the accuracy of dose delivery. In this study,
Frontiers in Oncology | www.frontiersin.org 514
the UNet++ was used to classify QA results, GPR prediction of
different gamma criteria and accurate dose difference prediction
based on planar dose distribution. The accuracy of the
classification model was 95.79%; there were small RMSE
(1.38-3.72) and MAE (0.82-2.52) between the measured and
the predicted GPR in the test set, and the trend and position of
predicted dose difference were consistent with the measured
dose difference. The results showed that the prospect of
realizing virtual patient-specific QA with UNet++ and
provides a new idea for the optimization of the individual
QA process.

QA is required for every patient before treatment to ensure
the accuracy of dose delivery (2–6). Dose verification depends on
the equipment highly. The resolution and energy response of the
detector will affect the result of dose verification. For the fields
that fail the threshold, it is necessary to adjust the radiotherapy
plan repeatedly, which will bring treatment delay. The process of
dose verification is labor-consuming and time-consuming, so it
brings more workload to the busy center. Automatic dose
verification pre-measurement can mark the plans that fail the
verification in advance and predict the dose difference, which is
expected to be an effective method to solve the above problems.
FIGURE 4 | (A) the dose difference between the measured planar dose and TPS calculated (B) the dose difference between the predicted and TPS calculated
planar dose. (C) the histogram of the dose difference between measured and TPS calculated planar dose for one pass field (D) the histogram of the predicted planar
dose relative to TPS calculated dose.
July 2021 | Volume 11 | Article 700343
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As suggested in the TG 218 (6), the ability of the prediction
model to accurately classify plans into “pass” or “fail” based on
gamma criteria used is one of the most important indicators to
evaluate the clinical feasibility of the model. The prediction of
GPRs under different gamma criteria could provide more
comprehensive information for physicists to judge whether the
plan is acceptable clinically. The dose difference prediction
model predicts the trend and location of dose difference, which
provides direction for physicists to modify the plan. The
paradigm shift of pre-measurement QA will improve the
efficiency of dose verification greatly.

Since 2%/2mm is the most sensitive to clinically relevant
errors (19, 20), it is selected as the basis of classification model in
this study. The accuracy of failed fields was lower compared to
pass fields, as the measured GPR were near 85% for some failed
fields, and the predicted GPR were higher than 85%, so the
predicted results of these fields were passed. Therefore, the
selection of appropriate threshold plays an important role in
the accuracy of the classification model and the proportion of
failed fields needed to improve the accuracy of classification. The
classification model gives the physicist a more intuitive result
whether the field pass the QA pre-measurement.
Frontiers in Oncology | www.frontiersin.org 615
The prediction model in this study can give the classification
results according to the standard of the classification model, and
also give the GPRs of different gamma criteria (3%/3mm, 3%/
2mm, 2%/3mm, 2%/2mm). As an example, for one of the fail
fields under the classification result, the GPR for 3%/3mm was
98.51% (Error: 0.01%), and GPR was 97.42% (Error: 0.22%) for
3%/2mm. After discussion by physicists and the doctors, the plan
can be delivered. Therefore, the prediction of the GPRs of
different gamma criteria could make a comprehensive
judgment for the clinical enforceability of the plan.

In the prediction of GPR under different gamma criteria, the
MAE and RMSE for the measured and predicted GPR of the
model increase with the stricter gamma criteria, which is caused
by the increase of the uncertainty of the prediction with the
stricter gamma criteria. The accuracy of the model is affected by
the measured GPR itself. The higher measured GPR is, the higher
accuracy. This can be explained that the data with high measured
GPR accounts for a large part of our model, so the accuracy of
higher GPR prediction is high.

Previous studies only predicted the results of QA using
machine learning or deep learning (9–18, 23, 24), but it is
impossible to predict the trend and position of dose difference.
FIGURE 5 | (A) the dose difference between the measured planar dose and TPS calculated (B) the dose difference between the predicted and TPS calculated
planar dose. (C) the histogram of the dose difference between measured and TPS calculated planar dose for one failed field (D) the histogram of the predicted
planar dose relative to TPS calculated dose.
July 2021 | Volume 11 | Article 700343
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The trend and position of dose difference plays a very important
role in the analysis of the error source. However, there are no
relevant reports about dose difference at present. In this study,
prediction of dose difference based on the planar dose
distribution is fulfilled. The result of this study that the
predicted dose difference is consistent with the position and
trend of the measured dose difference, can provide guidance for
reason analysis.

It is noting that the pre-treatment prediction model
established in this study is an auxiliary tool that needs a
reparatory guarantee of the accuracy of the energy calibration
and delivery process of the accelerator (2, 4). The purpose of this
prediction model is not intended to replace the traditional QA,
but to help physicists reduce the measurement burden of patient-
specific QA when verifying the dose distribution and optimize
the process of QA combined with other methods (25–28). There
are still some limitations in this study: 1) As most of the clinical
fields are pass fields, which leads to the unbalance of data
distribution. Adequate amounts of low GPR plans for model
training are needed to improve the accuracy of the model in
future. 2) The model is limited to our data that all the data come
from the same accelerator, the same energy, the same verification
equipment. To expand the universality of the model, the research
on models that include a variety of energy, different types of
accelerators and dose verification equipment will be done in
the future.
CONCLUSION

In this study, we developed a UNet++ based prediction model for
patient-specific QA. The prediction model could classify whether
the field passes or fail QA, predict GPR of different gamma criteria,
predict the trend and location of dose difference and mark the
position. The virtualQAtool developed in this studyprovides a new
Frontiers in Oncology | www.frontiersin.org 716
idea for the optimization of patient-specific QA process, and
promote the development of automated patient-specific QA.
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An Adversarial Deep-Learning-Based
Model for Cervical Cancer CTV
Segmentation With Multicenter
Blinded Randomized Controlled
Validation
Zhikai Liu1†, Wanqi Chen2†, Hui Guan1, Hongnan Zhen1, Jing Shen1, Xia Liu1, An Liu3,
Richard Li3, Jianhao Geng4, Jing You4, Weihu Wang4, Zhouyu Li5, Yongfeng Zhang6,
Yuanyuan Chen7, Junjie Du8, Qi Chen9, Yu Chen9, Shaobin Wang9, Fuquan Zhang1*
and Jie Qiu1*

1 Department of Radiation Oncology, Peking Union Medical College Hospital, Chinese Academy of Medical Sciences and
Peking Union Medical College, Beijing, China, 2 Department of Nuclear Medicine, Sun Yat-Sen University Cancer Center,
Guangzhou, China, 3 Department of Radiation Oncology, City of Hope National Medical Center, Duarte, CA, United States,
4 Key Laboratory of Carcinogenesis and Translational Research (Ministry of Education/Beijing), Department of Radiation
Oncology, Peking University Cancer Hospital and Institute, Beijing, China, 5 Department of Radiation Oncology, Affiliated
Cancer Hospital & Institute of Guangzhou Medical University, Guangzhou, China, 6 Department of Radiation Oncology, The
Fourth Hospital of Jilin University (FAW General Hospital), Jilin, China, 7 Oncology Department, Cangzhou Hospital of
Integrated Traditional Chinese and Western Medicine, Hebei, China, 8 Department of Radiation Oncology, Yangquan First
People’s Hospital, Shanxi, China, 9 Research and Development Department, MedMind Technology Co., Ltd., Beijing, China

Purpose: To propose a novel deep-learning-based auto-segmentation model for CTV
delineation in cervical cancer and to evaluate whether it can perform comparably well to
manual delineation by a three-stage multicenter evaluation framework.

Methods: An adversarial deep-learning-based auto-segmentation model was trained
and configured for cervical cancer CTV contouring using CT data from 237 patients. Then
CT scans of additional 20 consecutive patients with locally advanced cervical cancer were
collected to perform a three-stage multicenter randomized controlled evaluation involving
nine oncologists from six medical centers. This evaluation system is a combination of
objective performance metrics, radiation oncologist assessment, and finally the head-to-
head Turing imitation test. Accuracy and effectiveness were evaluated step by step. The
intra-observer consistency of each oncologist was also tested.

Results: In stage-1 evaluation, the mean DSC and the 95HD value of the proposed model
were 0.88 and 3.46 mm, respectively. In stage-2, the oncologist grading evaluation
showed the majority of AI contours were comparable to the GT contours. The average
CTV scores for AI and GT were 2.68 vs. 2.71 in week 0 (P = .206), and 2.62 vs. 2.63 in
week 2 (P = .552), with no significant statistical differences. In stage-3, the Turing imitation
test showed that the percentage of AI contours, which were judged to be better than GT
contours by ≥5 oncologists, was 60.0% in week 0 and 42.5% in week 2. Most oncologists
demonstrated good consistency between the 2 weeks (P > 0.05).
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Conclusions: The tested AI model was demonstrated to be accurate and comparable to
the manual CTV segmentation in cervical cancer patients when assessed by our three-
stage evaluation framework.
Keywords: deep-learning, auto-segmentation, evaluation, cervical cancer, radiotherapy, clinical target volume
INTRODUCTION

Cervical cancer (CC) remains one of the leading causes of
cancer-related deaths in women worldwide (1). The majority
of cervical cancer cases are diagnosed at the locally advanced
stage in developing countries (2). External beam radiotherapy
(EBRT) with concurrent chemotherapy followed by brachytherapy,
also known as radical radiotherapy (RT), is the standard treatment
for locally advanced cervical cancer (3) and has been shown to be
effective in decreasing the risk of pelvic and vaginal vault
recurrence (4).

Accurate and individualized clinical target volume (CTV)
definition is vitally important for the definitive treatment of CC
(5). During the past few years, a few high-performance deep-
learning models based on convolutional neural networks
(CNNs) have made tremendous progress and shown promise
to serve as excellent assistance for target segmentation (6–12).

A recent study has first applied a deep-learning-based method
called DpnUNet to CTV segmentation in cervical cancer. The
authors’ previous experimental results demonstrated that 88.65%
of the contours generated by DpnUNet were acceptable for
clinical usage (13). The mean dice similarity coefficient (DSC)
and the 95th Hausdorff distance (95HD) were 0.86 and 5.34 for
the delineated CTVs. However, there are still some glaring
deficits. First, performance metrics such as mean DSC and
95HD are objective and offer good reproducibility (14–17), but
do not incorporate physician’s judgment and may not effectively
evaluate for accuracy and applicability in a practical clinical
context. Second, although the subjective oncologists’ assessments
showed that most predicted contours were acceptable for clinical
usage when a head-to-head comparison was conducted between
manual and AI-generated contours in the same CT slice, the
DpnUNet model performed inferiorly. Therefore, it indicated
that the currently proposed models did not perform exactly
comparably well to manual delineations in clinical practice.
Moreover, it seems that the current evaluation system for
automatic segmentation models remains limited and insufficient.

Given the aforementioned reasons, a novel adversarial deep-
learning-based auto-segmentation model is hence proposed for
CTV delineation in cervical cancer. Then a challenging three-stage
multicenter randomized controlled evaluation system is designed
to directly validate the model and tominimize the inter‐ and intra-
radiotherapy; EBRT, external beam
e; ROIs, regions of interest; CNNs,
al path network; GT, ground truth
e; DICOM, digital imaging and
ropean Society for Radiotherapy and
cology Group; DSC, Dice similarity
istance; IMRT, intensity modulated
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observer variability. This evaluation system is a combination of
objective performance metrics, subjective radiation oncologist
assessment, and finally, the Turing imitation test. Accuracy and
effectiveness were evaluated step by step.
MATERIALS AND METHODS

Network Architecture
CTVs are challenged to be evaluated with mathematical indicators
due to fuzzy boundaries and large variations among different
centers and observers. Inspired by a previously described work
(18), an adversarial training approach based on the typical
segmentation model is proposed to achieve similar performance
between CTVs delineated by the proposed model and the
oncologists. The overall architecture is shown in Figure 1.

The proposed model is based on DpnUNet (13), which
originated from the architecture of U-Net (19), but replaces all
the encoder and decoder components with DPN components.
Considering that the original DpnUNet is still underperforming
compared with manual delineation in clinical practice, an extra
convolutional layer is added at the end of DpnUNet, in which the
output channels are one and the kernel size is 1 × 1. A ResNet-10
with binary classification is used as the discriminator network (20).
Since the discriminator is trained to identify the input segmentation
generated by the model or delineated by oncologists, it will feedback
the results to the model to promote similarities between the
predicted CTVs and manual delineations.

The model was trained and tested using sets of CT data from
237 patients with locally advanced cervical cancer in our center
with a GTX 1080GPU. All data using oral and IV contrast were
constructed with a size of 512 × 512 pixels and acquired with a
Brilliance CT Big Bore (Philips Healthcare, Best, Netherlands).
The proposed model was trained over 50 circles to select the best
model according to the lowest validation loss score.

Data Acquisition
To perform the three-stage evaluation, CT scans of a separate set
of 20 new validation patients with locally advanced cervical
cancer undergoing intensity-modulated radiation therapy
(IMRT) were collected from November 2018 to December
2018 at the Peking Union Medical College Hospital. All
patients were diagnosed with FIGO stage IB1–IIIC1 and/or
node metastasis positive (N+) CC, treated with EBRT and
radical RT. The average age ± standard deviation of these
patients was 51.90 ± 12.63 years old.

CTV contours of 20 patients were redefined and re-delineated
manually by radiation oncologists following the updated
Radiation Therapy Oncology Group (RTOG) protocols
August 2021 | Volume 11 | Article 702270
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(21–23). The CTV contours included the whole cervix, uterus,
parametrium, vagina for 2 cm below GTV, and the elective nodal
volume. All the contours were first reviewed by two senior
radiation oncologists with more than 10 years of experience in
radiotherapy specialized in cervical cancer at the Peking Union
Medical College Hospital. To ensure the delineation quality
of the human-generated CTV, the delineated contours were
reviewed, modified, and approved collaboratively by a
radiation oncologist committee consisting of eight senior
oncologists at the Peking Union Medical College Hospital. The
dataset of CT scans of 20 patients was used as a testing set of the
proposed model to obtain artificial intelligence–generated
contouring (AI) for performance assessment, of which 10
patients were randomly selected by Fisher-Yates shuffle for
oncologist evaluation and the other 10 patients for the Turing-
like test.

The Three-Stage Multicenter Randomized
Controlled Evaluation
Stage 1: Performance Metrics
The flowchart of the three-level multicenter randomized
controlled evaluation is shown in Figure 2. During the first-
stage test, the Dice similarity coefficient (DSC) and the 95th
percentile Hausdorff distance (95HD) were used to quantify the
performance of the proposed model objectively.

The DSC was used to measure the spatial overlap between AI
and GT contours, which is defined in Eq. (1).

DSC (A,  B) =
2 A ∩ Bj j
Aj j + Bj j (1)
Frontiers in Oncology | www.frontiersin.org 320
Where A represents the volume of human-generated contour;
B is the volume of an AI contour; and A∩B is the intersection
volume that A and B have in common. The DSC value is between
0 and 1 (0 = no overlap, 1 = complete overlap).

The 95HD is defined as follows:

95HD(A, B) = max (h(A, B),  h (B, A),  95th) (2)

HD(A, B) = max(h(A, B), h(B, A)) = max(maxminjja� bjj, maxminj
b� aj j )j  a ∈ Ab ∈ B        b ∈ Ba ∈ A

(3)

||•||means the Euclidean norm of the points of A and B. The HD
in mm depicts the maximum mismatch between A and B. When
the HD value decreases, the overlap between A and B increases.
The mean and standard deviation were calculated.
Stage 2: Oncologist Evaluation
Ten cases from the testing set were randomly collected for
oncologist evaluation. Twenty slices from each case were
randomly extracted by Fisher-Yates shuffle, of which 10 slices
were randomly selected to show GT contours, and the others
were overlaid with AI contours. In total, 200 slices were obtained
(AI: 10 × 10 = 100 slices vs. GT: 10 × 10 = 100 slices) and then
randomly assigned to nine experienced radiation oncologists
from six different cancer centers with more than 10 years of
clinical experience in cervical cancer. The dataset of 200
randomized slices was evaluated by each oncologist slice by
slice. The contours were graded in four scores: 3 points (No
revision), 2 points (Minor revision), 1 point (Major revision),
and 0 points (Rejection). The rubric is shown in Table 1.
FIGURE 1 | The overall architecture of the proposed model.
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The steps are outlined as follows:

1. Data acquisition: Twenty slices containing CTV from 10
patients’ planning CT scans were randomly selected to
generate a CT dataset consisting of 200 axial slices.
Frontiers in Oncology | www.frontiersin.org 421
2. Segmentation: Both machine AI and human GT contours were
generated for each dataset. Ten slices of each patient were randomly
selected and overlaid with AI contours, while the other 10 slices
were overlaid with GT contours. The contour color of the two
groups was intentionally made the same for the blind test.
FIGURE 2 | The flowchart of the three-stage multicenter randomized controlled evaluation.
TABLE 1 | Criteria for the radiation oncologist evaluation.

Score Grade Criteria

3 No revision The segmentation is perfect and completely acceptable for treatment.
2 Minor revision The segmentation needs a few minor edits but has no significant clinical impact without correction.
1 Major revision The segmentation needs significant revision. Treatment planning should not proceed without contour correction.
0 Rejection The segmentation is unacceptable and needs to be redrawn.
August 2021 | Volume 11 | Article 702270
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3. Randomization: The 200 CT slices were randomized by
Fisher-Yates shuffle with an assigned unique ID so that the
study authors could later distinguish whether each contour
was an AI or GT.

4. Blind evaluation: The dataset of 200 randomized slices were
distributed to the nine radiation oncologists. Each slice was
scored from 0 to 3 blindly.

5. Consistency evaluation: After 2 weeks, the same dataset
assigned in a new random order was distributed to the nine
radiation oncologists for a second grading.

6. Analysis: The mean scores and the percentage of clinical
acceptance of the AI and GT groups were calculated.
Stage 3: The Turing Imitation Test
The Turing imitation test is a subjective head-to-head
comparison between GT- and AI-generated contours. In this
test, the participant was presented with two contours overlaid
simultaneously in the same CT slice, one of which was generated
by the AI. The radiation oncologist was requested to choose
which contour was better for clinical application. The steps are
outlined as follows:

1. Data acquisition: We randomly extracted 20 CTV
containing axial CT slices from each of the remaining 10
test patients to generate a 200-slice dataset.

2. Segmentation: For each slice, the AI and GT contours of
CTV were generated randomly in a different color (red or
green). The structure colors were randomized on a per-slice
basis so as not to bias the Turing imitation test.

3. Randomization: AI- and GT-generated CTV slices were
randomized by Fisher-Yates shuffle and anonymized to
facilitate the blind evaluation. Each slice was assigned a
unique ID so images could be de-anonymized later to
analyze.

4. Turing test: The dataset was distributed to the test team,
consisting of nine radiation oncologists from six different
centers. Each radiation oncologist was requested to compare
the AI and GT delineations and select the one that was more
suitable for clinical application. The evaluation time for each
slice was limited to 30 s to prevent the observer from seeking
additional visual clues regarding the source of the contour.

5. Consistency evaluation: After 2 weeks, the same dataset
assigned in a new random order and color was distributed
to the radiation oncologists for a new comparison.

6. Analysis: If the AI contours received a better evaluation, the
result would be considered positive. The positive rates of the
entire test set and of each oncologist were calculated.
Following the original Turing proposal (24), the threshold
of the overall positive result rate was set to 30%. Above that,
the AI model is considered to have passed the Turing
imitation test.
Statistical Analysis
The mean and standard deviation of DSC and 95HD were
calculated. The Wilcoxon matched-pairs signed-rank test was
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used to compare the AI and GT contours in the oncologist
evaluation and the Turing imitation test. The score difference
between AI and GT contours evaluated by each oncologist was
performed by Mann-Whitney U test. The Wilcoxon paired
signed-rank test was used to compare the agreement of the
oncologist evaluation between 2 weeks for each oncologist.
The McNemar test was used to compare the consistency of the
Turing test between 2 weeks. Statistical significance was set at
two-tailed P <.05.
RESULTS

Stage 1: Quantitative Performance Metrics
All slices of the 20 testing patients were evaluated with the
quantitative performance metrics, which is shown and compared
with DpnUNet in Table 2. The DSC and 95HD values of the
proposed model were 0.88 ± 0.03 and 3.46 ± 1.88
mm, respectively.

Stage 2: Oncologist Evaluation
Table 3 shows oncologist evaluation results of CTV contours.
Score ≥2 was defined as suitable for clinical application. Using
these scoring criteria for contour evaluation, most CTV contours
were clinically acceptable by all the oncologists. For AI contours,
the percentage of clinically acceptable scores was 97.4%,
compared to the 98.3% of GT contours. We also compared AI
and GT scores with a separate Mann-Whitney test for each
oncologist and found that there was no significant difference
between the week 0 timepoint and the after-2-weeks timepoint.
Figure 3 shows the CTV scores for AI and GT contours. The
overall average scores for AI and GT were 2.68 vs. 2.71 in week 0
(P = .206) and 2.62 vs. 2.63 in week 2 (P = .552), respectively. The
intra-observer consistency analyses between 2 weeks were
performed by the Wilcoxon paired signed-rank test. It was
found that the consistency of two oncologists was poor, while
the others had good consistency between 2 weeks (P >.05).

Stage 3: The Turing Imitation Test
When considering physician selection of the AI contour as
preferred over the GT contour as a positive result, the overall
positive rate in week 0 was 54.17% compared with 45.83%
negative rate (P = .139), while in week 2 the positive rate was
54% vs. the negative rate of 46% (P = .128), which demonstrated
the proposed deep machine learning model performed equally
well or even better than human delineation. Furthermore, the
consistency evaluation was performed by repeating the same
dataset in different random order and colors to the test team after
2 weeks. The results are shown in Table 4. Subclass analysis was
performed to evaluate individual oncologists and CT slices. The
results showed that six slices (3.0% in week 0) of AI contours
were scored to be better than GT by all the oncologists. The
percentage of AI contours that were approved to be better by ≥5
oncologists was 60.0% in week 0 and 42.5% in week 2. The
distribution map is shown in Figure 4. Sample CTV delineations
are presented in Figure 5.
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TABLE 2 | The comparison of DSC and 95HD value of our proposed model and DpnUNet.

DpnUNet

DSC 95HD (mm)

0.84 2.09
0.84 2.38
0.89 3.61
0.90 1.85
0.75 8,84
0.81 3.10
0.80 8.10
0.93 2.45
0.83 3.85
0.86 3.41
0.75 6.17
0.90 3.48
0.84 7.92
0.89 2.33
0.94 1.97
0.87 2.06
0.82 2.49
0.92 2.88
0.94 2.26
0.84 2.25

0.86 ± 0.06 3.67 ± 2.22

C G H I

GT GT AI GT AI GT

37% 94% 82% 77% 45% 37%
56% 6% 18% 23% 45% 57%
6% 0 0 0 10% 6%
1% 0 0 0 0 0%
2.29 2.94 2.82 2.77 2.35 2.31

0 0.382 0.494

37% 96% 33% 33% 50% 42&
54% 4% 62% 64% 39% 56%
9% 0 5% 3% 7% 2%
0 0 0 0 4% 0

2.28 2.96 2.28 2.3 2.35 2.40
9 0.846 0.728

0.90 0.491 0.000 0.170
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Test Patient (No.)

Stage 2 patient cohort :
Oncologist Evaluation

1
2
3
4
5
6
7
8
9
10

Stage 3 patient cohort :
The Turing Test

11
12
13
14
15
16
17
18
19
20

Mean ± STD

TABLE 3 | Graded oncologist evaluation for AI and GT contours.

Oncologist A B

Score AI GT AI GT AI

3 89% 97% 93% 95% 30%
2 11% 3% 7% 5% 61%
1 0 0 0 0 9%
0 0 0 0 0 0
Mean Score 2.89 2.96 2.93 2.95 2.21
P value 0.061 0.553 0.282

3 93% 92% 88% 93% 29%
2 7% 8% 12% 7% 63%
1 0 0 0 0 8%
0 0 0 0 0 0
Mean Score 2.93 2.92 2.88 2.93 2.21
P value 0.789 0.229 0.352
Consistency (P value) 0.782 0.108

P < 0.05, the results are statistically significant.
Proposed Model

DSC 95HD (mm)

0.9 1.95
0.91 2.34
0.9 3.68
0.9 1.95
0.83 7.68
0.88 2.98
0.84 7.07
0.9 2.55
0.89 2.83
0.88 3.35
0.85 5.1
0.91 2.83
0.81 7.76
0.91 2.24
0.91 2.21
0.89 2.24
0.9 2.83
0.89 2.45
0.93 2.25
0.85 2.93

0.88 ± 0.03 3.46 ± 1.88

Week 0

D E F

AI GT AI GT AI GT AI

71% 74% 54% 57% 75% 85% 94%
28% 25% 46% 42% 25% 15% 6%
1% 1% 0 1% 0 0 0
0 0 0 0 0 0 0

2.70 2.73 2.54 2.56 2.75 2.85 2.9
0.640 0.719 0.078 1.00

Week 2
78% 77% 42% 50% 78% 69% 94%
22% 21% 57% 50% 22% 31% 5%
0 1% 1% 0 0 0 1%
0 0 0 0 0 0 0

2.78 2.74 2.41 2.5 2.78 2.69 2.9
0.940 0.230 0.150 0.50

0.064 0.007 0.118

23
7

4

3
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DISCUSSION
Segmentation of CTV is an essential step for successful radiotherapy
delivery (16). However, manual delineation is time-consuming and
Frontiers in Oncology | www.frontiersin.org 724
subjective, with considerable inter- and intra-observer variability
(25–28). Therefore, accurate and consistent automated
segmentation methods are highly desirable and useful for
pretreatment radiotherapy planning. Automatic segmentation
techniques especially based on CNN models have made
significant progress with increasing reliability and accuracy in
recent years, thus potentially relieving radiation oncologists from
the time-cost of contouring. To the authors’ knowledge, very few
studies were reported on the automatic delineation of the CTV (29–
32) due to the ambiguous and blurred boundaries between the CTV
and normal tissues, the potential for tumor spread or subclinical
diseases in the CT images, and the inter-observer variability in
recognition of anatomical structures. The current most common
approach to evaluate automatic delineation of the CTV is to
compare with GT contours using quantitative measures such as
DSC and HD (33, 34). However, this mathematical evaluation is
basic and depends only on the geometrical properties of the organ
being delineated. This approach does not incorporate clinical
judgment and may not adequately extract the main characteristics
and the core elements of the image.

Given the clinical application, an authors’ previous study
added subjective oncologist evaluation to the proposed model,
A B

FIGURE 3 | Average scores for AI and GT by the nine oncologists. (A) Week 0. (B) Week 2.
TABLE 4 | The results of the Turing-like imitation test.

Oncologist Week 0 Week 2 Consistency (P value)

Positive Negative Positive Negative

A 130 (65%) 70 (35%) 137 (68.5%) 63 (31.5%) 0.296
B 92 (46%) 108 (54%) 100 (50%) 100 (50%) 0.461
C 106 (53%) 94 (47%) 116 (58%) 84 (42%) 0.134
D 107 (53.5%) 93 (46.5%) 100 (50%) 100 (50%) 0.510
E 98 (49%) 102 (51%) 114 (57%) 86 (43%) 0.034
F 111 (55.5%) 89 (44.5%) 102 (51%) 98 (49%) 0.508
G 122 (61%) 78 (39%) 117 (58.5%) 83 (41.5%) 0.712
H 119 (59.5%) 81 (40.5%) 95 (47.5%) 105 (52.5%) 0.101
I 90 (45%) 110 (55%) 89 (44.5%) 111(55.5%) 0.815
P value 0.139 0.128
August 2021 | Volu
P < 0.05, results are statistically significant.
FIGURE 4 | The distribution map of the positive results.
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and the result showed that more than 88% of the slices predicted
from DpnUNet were evaluated as “No revision” or “Minor
revision” (13). However, when radiation oncologists were
presented with AI and GT contours overlaid simultaneously in
the same CT slice, the GT contour was always the one chosen to
be better. Therefore, a novel auto-segmentation model that
indeed performs comparably well or even better to manual
delineation for CTV delineation is desirable. Moreover, the
current evaluating performance of segmentation, particularly
CTV segmentation, can be challenging due to the large
variations among different centers and observers (35, 36).
Therefore, a three-stage randomized controlled evaluation
framework was proposed, combining the three elements of
traditional performance metrics, oncologist evaluation, and the
Turing imitation test, for a comprehensive assessment of the
proposed model in cervical cancer CTV segmentation.

During stage-1 evaluation, the mean DSC value of CTV of the
proposed model was 0.88, which was higher compared with the
acceptable threshold of 0.80 to 0.86 used in other studies (13, 37–
39). The average 95HD value was 3.46 mm compared to 5.34 mm
by the DpnUNet model (13). The results indicated a strong
concordance between the proposed automatic model and human
experts for CTV contouring.

In stage-2 evaluation, a multicenter randomized controlled
evaluation involving nine radiation oncologists from six different
centers was designed to examine the model’s clinical utility and
generalization. The anonymized CT slices were randomly
distributed with AI or GT contours to experienced radiation
oncologists for assessment. The choice of a random design
instead of using entire connected slices is mainly because AI
sometimes has obvious characteristics at certain levels, especially
at the beginning and the end, which do not affect the accuracy of
target delineation but make it more easy to be distinguished.
Moreover, the evaluation is more clinically relevant and
minimizes assessment bias as oncologists are blinded to the
source of the contours. The results showed that our proposed
Frontiers in Oncology | www.frontiersin.org 825
model was highly acceptable for clinical application and
treatment. There was no significant difference in physician
acceptability ratings between scores of AI and GT contours,
which means our model can provide consistent segmentation
and performed well with good agreement to the manual
contours. However, there were still 2.6% of cases where the AI
contours were judged by some oncologists to require major
revision. We retrospectively analyzed these outlier cases and
found that most of them were in the middle level of the pelvic
cavity; thus, the ROIs had very unclear boundaries and massive
diversity of sizes, shapes with low contrast to the rectum, bladder,
and small intestines. The circumstances mentioned above limit
the generalizability of the AI model, and therefore more caution
is warranted.

In 1950, Alan Turing proposed an influential test for how to
evaluate artificial intelligence: an imitation is successful when we
cannot distinguish it from the real thing (24). Here, this
analogous logic was applied to the artificial segmentation
technology, and a similar Turing imitation test was proposed.
The variant of the Turing imitation test used in this study is a
randomized blinded evaluation. In contrast with the stage-2 task,
in which evaluators viewed individual stimuli and made
categorical judgments, the radiation oncologists were presented
with AI and GT contour masks on the same slice and were
requested to choose which was better. If the positive rate of AI is
more than 30%, then the AI model was considered to have passed
the test. It is a straightforward head-to-head comparison, which
compares two contours in the exact same condition to minimize
the interference factors such as scanning conditions, anatomical
variations, and severity of disease in different patients. As shown
in Table 4, the segmentation model passed the Turing test with
overall positive rates much higher than 30%. The overall positive
rate was 54.17% in week 0 and 54% in week 2, which
demonstrated that the AI segmentation model performed
equally well as humans (P = .139, P = .128). Moreover,
correlations were observed between the objective and subjective
FIGURE 5 | (A) Sample CTV where the AI contour was approved by all the oncologists. AI contours in green line. GT contours in red line. (B) Sample CTV where
the GT contour was approved by all the oncologists. AI contours in green line. GT contours in red line.
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measures. Those with lower DSC and 95HD values were also
more likely to be flagged as requiring revision or inferior
performance during the subjective evaluation.

Subjective assessment still has drawbacks. Oncologists
involved in this study stated that they might change their
opinion of the grading score if they viewed it at a later point,
and may not be able to definitively decide between two contours
if they showed a high degree of overlap. Therefore, the intra-
observer consistency analyses between 2 weeks were performed
during stage-2 and stage-3 evaluation. Most oncologists were
found to maintain good consistency between 2 weeks without
significant difference. Considering that good scores or positive
rates could have resulted from a range of factors affecting how the
contours were evaluated, a distribution map across all images
involved in the Turing imitation test was additionally generated,
to evaluate the number of oncologists who consistently thought
AI contours were better. The results showed that the percentage
of AI contours to be better than GT by ≥5 oncologists was 60.0%
in week 0 and 42.5% in week 2, which further demonstrated the
excellent performance of the proposed segmentation model.
CONCLUSION

In this study, a novel deep-learning-based CNN model for fully
automatic and accurate CTV segmentation in cervical cancer was
proposed. Then a comprehensive three-stage randomized
controlled evaluation framework was performed to validate the
model. This evaluation system is a combination of objective and
subjective evaluation and can diminish the risk of bias and
enhance real-world clinical relevance compared to the most
commonly used evaluation method of applying performance
metrics alone. The tested AI model was demonstrated to be
accurate and comparable to the manual CTV segmentation in
cervical cancer patients. Furthermore, this study provided
guidelines for each step, which can be referred to by other
centers according to their sample size limitation. While this
study focuses only on cervical cancer, the methodology and
general learnings may translate to other tumor sites. Moreover,
this comprehensive assessment of contouring performance may
also be referenced as a base framework for evaluating the clinical
utility of automatic segmentation methods in the future.
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33. Vrtovec T, Močnik D, Strojan P, Pernus ̌ F, Ibragimov B. Auto-Segmentation
of Organs at Risk for Head and Neck Radiotherapy Planning: From Atlas-
Based to Deep Learning Methods. Med Phys (2020) 47(9):e929–50. doi:
10.1002/mp.14320

34. van Dijk LV, Van den Bosch L, Aljabar P, Peressutti D, Both S, Steenbakkers
RJHM, et al. Improving Automatic Delineation for Head and Neck Organs at
Risk by Deep Learning Contouring. Radiother Oncol (2020) 142:115–23. doi:
10.1016/j.radonc.2019.09.022

35. Louie AV, Rodrigues G, Olsthoorn J, Palma D, Yu E, Yaremko B, et al. Inter-
Observer and Intra-Observer Reliability for Lung Cancer Target Volume
Delineation in the 4D-CT Era. Radiother Oncol (2010) 95:166–71. doi:
10.1016/j.radonc.2009.12.028

36. Federico M, Hernandez-Socorro CR, Ribeiro I, Martin JG, Oramas MDR,
Saez-Bravo ML, et al. Prospective Intra/Inter-Observer Evaluation of Pre-
Brachytherapy Cervical Cancer Tumor Width Measured in TRUS and MR
Imaging. Radiat Oncol (2019) 14:173. doi: 10.1186/s13014-019-1352-7

37. Kurata Y, Nishio M, Kido A, Fujimoto K, Yakami M, Isoda H, et al. Automatic
Segmentation of the Uterus on MRI Using a Convolutional Neural Network.
Comput Biol Med (2019) 114:103438. doi: 10.1016/j.compbiomed.2019.103438

38. Chen L, Shen C, Zhou Z, Maquilan G, Albuquerque K, Folkert MR, et al.
Automatic PET Cervical Tumor Segmentation by Combining Deep Learning
and Anatomic Prior. Phys Med Biol (2019) 64:085019. doi: 10.1088/1361-
6560/ab0b64

39. Ghose S, Holloway L, Lim K, Chan P, Veera J, Vinod SK, et al. A Review of
Segmentation and Deformable Registration Methods Applied to Adaptive
Cervical Cancer Radiation Therapy Treatment Planning. Artif Intell Med
(2015) 64:75–87. doi: 10.1016/j.artmed.2015.04.006

Conflict of Interest: Authors SW, QC, and YC were employed by the company
MedMind Technology Co.

The remaining authors declare that the research was conducted in the absence of
any commercial or financial relationships that could be construed as a potential
conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
August 2021 | Volume 11 | Article 702270

https://doi.org/10.1148/radiol.2019182012
https://doi.org/10.1148/radiol.2019182012
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1186/s13014-019-1392-z
https://doi.org/10.1186/s13014-019-1392-z
https://doi.org/10.3857/roj.2019.00038
https://doi.org/10.1186/s13014-020-01562-y
https://doi.org/10.1016/j.radonc.2020.09.060
https://doi.org/10.1016/j.ijrobp.2019.02.040
https://doi.org/10.1016/j.radonc.2019.05.010
https://doi.org/10.1016/j.ejmp.2018.05.006
https://doi.org/10.3389/fonc.2017.00315
https://doi.org/10.1007/978-3-319-6755897
https://doi.org/10.1007/978-3-319-6755897
https://doi.org/10.1148/radiol.2018172322
https://doi.org/10.1148/radiol.2019190372
https://doi.org/10.1016/j.ijrobp.2015.03.021
https://doi.org/10.1016/j.ijrobp.2009.10.075
https://doi.org/10.1016/j.ijrobp.2020.08.061
https://doi.org/10.1093/mind/LIX.236.433
https://doi.org/10.1016/j.radonc.2018.02.013
https://doi.org/10.1016/j.ijrobp.2007.09.042
https://doi.org/10.1080/0284186X.2019.1629017
https://doi.org/10.1007/s11060-016-2312-9
https://doi.org/10.1109/EMBC.2018.8513506
https://doi.org/10.1109/EMBC.2018.8513506
https://doi.org/10.1016/j.radonc.2020.01.020
https://doi.org/10.1016/j.radonc.2020.01.028
https://doi.org/10.1016/j.ejmp.2019.12.008
https://doi.org/10.1002/mp.14320
https://doi.org/10.1016/j.radonc.2019.09.022
https://doi.org/10.1016/j.radonc.2009.12.028
https://doi.org/10.1186/s13014-019-1352-7
https://doi.org/10.1016/j.compbiomed.2019.103438
https://doi.org/10.1088/1361-6560/ab0b64
https://doi.org/10.1088/1361-6560/ab0b64
https://doi.org/10.1016/j.artmed.2015.04.006
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Liu et al. AI CTV Contouring: Turing Test
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2021 Liu, Chen, Guan, Zhen, Shen, Liu, Liu, Li, Geng, You, Wang, Li,
Zhang, Chen, Du, Chen, Chen, Wang, Zhang and Qiu. This is an open-access article
Frontiers in Oncology | www.frontiersin.org 1128
distributed under the terms of the Creative Commons Attribution License (CC BY).
The use, distribution or reproduction in other forums is permitted, provided the
original author(s) and the copyright owner(s) are credited and that the original
publication in this journal is cited, in accordance with accepted academic practice. No
use, distribution or reproduction is permitted which does not comply with these terms.
August 2021 | Volume 11 | Article 702270

http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Frontiers in Oncology | www.frontiersin.org

Edited by:
Savino Cilla,

Gemalli Molise Hospital, Italy

Reviewed by:
Raquel Bar-Deroma,

Rambam Health Care Campus, Israel
Tsair-Fwu Lee,

National Kaohsiung University of
Science and Technology, Taiwan

*Correspondence:
Claudio Fiorino

fiorino.claudio@hsr.it

†These authors have contributed
equally to this work

Specialty section:
This article was submitted to

Radiation Oncology,
a section of the journal
Frontiers in Oncology

Received: 20 May 2021
Accepted: 02 August 2021
Published: 24 August 2021

Citation:
Castriconi R, Esposito PG, Tudda A,

Mangili P, Broggi S, Fodor A,
Deantoni CL, Longobardi B, Pasetti M,
Perna L, del Vecchio A, Di Muzio NG
and Fiorino C (2021) Replacing Manual
Planning of Whole Breast Irradiation
With Knowledge-Based Automatic

Optimization by Virtual
Tangential-Fields Arc Therapy.

Front. Oncol. 11:712423.
doi: 10.3389/fonc.2021.712423

ORIGINAL RESEARCH
published: 24 August 2021

doi: 10.3389/fonc.2021.712423
Replacing Manual Planning of Whole
Breast Irradiation With Knowledge-
Based Automatic Optimization by
Virtual Tangential-Fields Arc Therapy
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Antonella del Vecchio1, Nadia Gisella Di Muzio2 and Claudio Fiorino1*

1 Medical Physics, San Raffaele Scientific Institute, Milano, Italy, 2 Radiotherapy, San Raffaele Scientific Institute, Milano, Italy

Purpose: To implement Knowledge Based (KB) automatic planning for right and left-
sided whole breast treatment through a new volumetric technique (ViTAT, Virtual
Tangential-fields Arc Therapy) mimicking conventional tangential fields (TF) irradiation.

Materials and Method: A total of 193 clinical plans delivering TF with wedged or field-in-
field beams were selected to train two KB-models for right(R) and left(L) sided breast
cancer patients using the RapidPlan (RP) tool implemented in the Varian Eclipse system.
Then, a template for ViTAT optimization, incorporating individual KB-optimized
constraints, was interactively fine-tuned. ViTAT plans consisted of four arcs (6 MV) with
start/stop angles consistent with the TF geometry variability within our population; the
delivery was completely blocked along the arcs, apart from the first and last 20° of rotation
for each arc. Optimized fine-tuned KB templates for automatic plan optimization were
generated. Validation tests were performed on 60 new patients equally divided in R and L
breast treatment: KB automatic ViTAT-plans (KB-ViTAT) were compared against the
original TF plans in terms of OARs/PTVs dose-volume parameters. Wilcoxon-tests were
used to assess the statistically significant differences.

Results: KB models were successfully generated for both L and R sides. Overall, 1(3%)
and 7(23%) out of 30 automatic KB-ViTAT plans were unacceptable compared to TF for R
and L side, respectively. After the manual refinement of the start/stop angles, KB-ViTAT
plans well fitted TF-performances for these patients as well. PTV coverage was
comparable, while PTV D1% was improved with KB-ViTAT by R:0.4/L:0.2 Gy (p < 0.05);
ipsilateral OARs Dmean were similar with a slight (i.e., few % volume) improvement/
worsening in the 15–35 Gy/2–15 Gy range, respectively. KB-ViTAT better spared
contralateral OARs: Dmean of contralateral OARs was 0.1 Gy lower (p < 0.05); integral
dose was R:5%/L:8% lower (p < 0.05) than TF. The overall time for the automatic plan
optimization and final dose calculation was 12 ± 2 minutes.

Conclusions: Fully automatic KB-optimization of ViTAT can efficiently replace manually
optimized TF planning for whole breast irradiation. This approach was clinically
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implemented in our institute and may be suggested as a large-scale strategy for efficiently
replacing manual planning with large sparing of time, elimination of inter-planner variability
and of, seldomly occurring, sub-optimal manual plans.
Keywords: breast cancer, radiation oncology, automation, plan optimization, tangential field, knowledge-based
INTRODUCTION

Post-operative irradiation of the whole breast is a well assessed
and effective therapeutic option in the treatment of localized
breast cancer (1). Typically, more than 70% of women submitted
to breast-conserving surgery receives post-operative
radiotherapy and a large fraction of them is treated to sterilize
the whole breast, typically delivering 38–40 Gy in 15–16 fractions
or 50 Gy in 25 fractions. Due to the large and increasing
incidence of breast cancer in the female population (2), this
treatment represents a quite relevant fraction of the patients daily
treated in the radiation oncology departments worldwide.
Despite the evolution toward more personalized approaches
including the possibility to reduce the treated volumes (i.e.,
partial breast irradiation) or to deliver higher dose to the
tumor bed or to include selected nodal regions at risk, whole
breast irradiation still maintains a central role in the treatment of
breast cancer. Nowadays, different techniques are used; most
Institutes still prefer the conventional tangential fields (TF)
arrangement, either using 3-dimensional conformal radiation
therapy (3DCRT) with wedges (physical or dynamic) or intensity
modulated radiotherapy (IMRT), often delivered with a few
segments per beam, mostly manually optimized (3–6).
Rotational techniques (7, 8) generally showed better
performances in better tailoring the dose distribution to the
Planning Target Volume (PTV) shape with a consequent
improved sparing of organs at risk (OARs) at high-intermediate
dose levels, especially in the case of concave-shaped PTVs.
Nevertheless, the issues related to the potential clinical meaning
of the higher low-dose spread to the heart, lungs, and
contralateral breast with rotational techniques is still open (9,
10). Due to this, the TF arrangement, limiting any relevant low-
dose spread, is expected to stably remain among the most used
techniques to treat breast cancer also in the next decade. On the
other hand, manual (and also inverse planned) optimization is
time consuming and highly dependent on the planner skill (11).
Standardization in radiotherapy treatment planning is an
important goal aimed to guarantee to all patients a high quality
treatment, independent of the planner time and skills; this seems
still more urgent in countries with a rapidly growing incidence of
cancer and low/middle income (2). Automated planning
solutions were recently introduced (12–25) with the aim of
reducing planning time and inter-operator variability while
conserving (or improving) a high quality plan (23, 26–29).
Many systems were largely investigated for a different clinical
situation including the breast site (11, 17, 30–35). Regarding the
TF approach for whole breast irradiation, a relatively weak point
of auto-planning is the difficulty to take into account the inter-
patient variations in assessing the best position of the fields to
230
limit the dose to the adjacent organs, concomitantly assuring PTV
coverage and highly homogenous dose distribution within PTV.
Consequently, automatic solutions for this application were rarely
reported using in-house systems, intrinsically difficult to extend
on a larger scale (11, 30, 32).

Automating the optimization of TF by knowledge-based (KB)
approaches would be suitable as the (largely available) past
information could be modelled to be optimally applied on new
patients. The RapidPlan® system (Varian Inc.) is available
commercially and widely tested in many clinical scenarios,
including breast VMAT (17, 31, 33). However, no clinical
examples for the TF irradiation of whole breast are reported
likely due to the configuration of the system implemented for
IMRT/VMAT inverse-planning optimization. In order to obtain
this objective, within a project for the large-scale implementation
of automatic KB plan optimization (MIKAPOCo, Multi-
Institutional Knowledge-based Approach to Plan Optimization
for the Community), we previously demonstrated the possibility
to mimic (and slightly improve) the performances of TF
irradiation through a partially blocked multi-arcs approach
using RapidArc®, named ViTAT [Virtual Tangential-fields Arc
Therapy (36)]. Aims of the present work were:

1. to develop KB-models based on TF plans aimed to drive
inverse-planned ViTAT plans; and

2. to demonstrate the possibility of replacing TF manual
optimization with an automatic KB-ViTAT plan optimization.
MATERIAL AND METHODS

Clinical and Planning Procedures for
Tangential Field Planning
At our institute, breast cancer patients treated with whole breast
irradiation receives 40 Gy in 15 fractions (2.67 Gy/fr), prescribed
as a mean dose to PTV. CTV and PTV are defined according to
the AIRO national guidelines (36): in short, CTV is contoured
excluding the skin, with a 5-mm margin from the surface while
PTV is obtained by a 5-mm isotropic expansion. PTV is finally
cropped with a 5-mm margin from the body surface. During the
last 10 years, patients were treated mostly with opposed or quasi-
opposed, BEV-based (Beam’s Eye View) optimized, fields, using
physical wedges. Manually optimized segments were generally
added to improve the PTV coverage and dose distribution
homogeneity. Starting from 2018, this technique was gradually
replaced by the manually optimized field-in-field technique (3),
avoiding wedges. The number of segments for each field ranged
between one (only open fields) and four, with most patients
August 2021 | Volume 11 | Article 712423
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optimized using 2–3 segments per field. Moreover, for both
techniques, the gantry position of few segments could be
slightly changed (between 5° and 10°) with respect to the
“prevalent” field, aiming to limit hot spots and improve
homogeneity within PTV and OARs sparing. Based on the
internally conducted plan comparison performed in 2017, the
differences between FIF and our TF approach using physical
wedges were clinically negligible, in slight favor of the FIF.
Patients were treated with 6 MV beams, with few exceptions
when 18 MV and 6 MV fields/segments were combined. During
the last 5 years, all patients were treated with a Varian CLINAC-
IX 2300 equipped with a 5-mm Millenium-MLC system; daily
image-guidance with CBCT was performed for all patients; plans
were optimized using the Varian Eclipse TPS system (v. 13.6)
using the AcurosXB® algorithm for dose calculation.

The planning goals for PTV were: V95% > 95% (the fraction of
PTV volume receiving more than 95% of the prescribed dose
higher that 95%) and Dmax < 108%. OARs were defined
according to the AIRO national guidelines and always included
the contralateral breast, the contralateral lung, the ipsilateral
lung, and the heart: constraints were V20Gy < 20% for the
ipsilateral lung and V5Gy < 40%, Dmean < 5 Gy for the heart in
the left breast case. Independently from these constraints,
planners always tried to reduce the dose to OARs as much as
possible while respecting the goals for PTV. Contralateral breast
was always avoided by the medial entry beam, while the lateral
beam could include small portions at the exit. In the case the
constraints could not be respected, PTV coverage received a
higher priority against OARs sparing, with few exceptions.
Alternatively, a VMAT plan could also be optimized and
chosen by the physician.

The ViTAT Technique
As largely explained in Esposito et al. (36), we previously
demonstrated the feasibility to mimic the TF irradiation
performances through a multi-arcs approach where the
delivery was partly blocked using RapidArc® (RA), named
Frontiers in Oncology | www.frontiersin.org 331
Virtual Tangential-fields Arc Therapy (ViTAT). Figure 1
shows the planning ViTAT set-up.

In short, ViTAT consisted of four arcs (6 MV) with a
collimator rotation angle of ±10° and optimized with a RA
technique with start/stop angles of 60°/220° for the right side
and 300°/135° for the left one, consistent with the TF geometry in
our population. Irradiation through the arcs was completely
blocked, apart in the first and the last 20° of rotation. As for
the breast VMAT-optimization (17), Target structure for plan
optimization is obtained expanding the PTV outside the body
(1.5 cm expansion in the external-lateral and anterior direction)
to account for any breathing and inter-fraction deformation
effect. A virtual bolus (1.5 cm thickness, -500 HU density) (17,
37) is linked to the fields during optimization to fill the Target
structure during the optimization in order to avoid effects due to
the electronic non-equilibrium and to assure a proper safety set-
up margin (38, 39). Of course, the bolus is removed before the
final dose calculation. Field dimensions are BEV-based adapted
to the individual patient anatomy. Plans are optimized with the
Rapid Arc (RA) optimization module by inverse planning. We
implemented the ViTAT technique in this study with the goal of
replacing the manual planning optimization in TF irradiation
through a KB-optimization approach.

KB-Model Generation
In order to guarantee a better plan homogeneity, TF clinical
plans of the period 2016–2019 were considered for building the
model, resulting in 90 plans (70 with wedged fields and 20 with
FIF) for the right-side breast. In the same way, 103 (88 with
wedged fields and 15 FIF) TF plans in the range 2016–2020 were
selected for the left-side breast. These plans were used to train
two KB-models, one for the right-side and one for the left-side
breast using the RapidPlan (RP) tool implemented in the Eclipse
TPS (v 13.6, Varian Inc.). This choice also balanced the need to
train a sufficient number of plans and to keep a sufficiently large
validation group, considering both the recent FIF (2019–2020)
and older TF (before 2016) plans, as explained later. RP is
FIGURE 1 | ViTAT setup: 3D view of a right side ViTAT plan showing the geometry of the four arcs used (on the left)—the segments show the beam delivery while
the rest of the arcs are blocked for delivery; beam eye view of the medial angle (on the right).
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configured to model inverse plans delivered with the IMRT/
VMAT technique. Hence, each TF dose distribution was linked
to a virtual RA-plan (40) consisting of two partially reverse arcs
in the range 60°/220° for the right-side and 300°/135° for the left-
side with a collimator rotation angle of ±10°. The choice of the
start/stop angles was optimized according to the distribution of
the beam angles of the original plans, as explained in (36).
During KB modelling, arcs were not considered to be blocked
(no avoidance sector were used), so the entire geometry of the
structure is seen from the Beams Eye View (BEV) of the arc.
Before accomplishing model configuration, the impact of using
multiple arcs for building the models on DVH-estimates was
investigated. As the partitions of the OAR during the training
phase are the same for equal arcs, no differences were observed in
the DVH-estimates for model configuration using two arcs
instead of four ones (as used for the ViTAT techniques). The
OARs considered for training the models were the ipsilateral
lung and contralateral breast for the right side plus the heart for
the left side.

Right-side heart and contralateral lung were not modelled as
they were considered to be more easily managed in the final
template (with the same fixed constraints for all patients)
without any support of the prediction of the model, due to
their anatomical position treatment and to the ballistic of the arc
orientations. The tuning of the models was performed by using
statistical tools available in the RP system and the Model
Analytic platform: the methods followed to limit the impact of
outliers were reported elsewhere (25, 41, 42). In short, for each
OARs, the features that exceeded by >2 SD the principal
components fitted with the KB-models were identified and the
original clinical plan were individually re-evaluated; they were
excluded as “dosimetric outliers” only in case of recognized sub-
optimal planning. All the other potential outliers were found to
be representative of an “uncommon” but clinically suitable
geometry/anatomy condition and were kept in the models.

Template for Automatic ViTAT
Plan Optimization
Based on the resulting prediction models, the system generates
the confidence intervals of the expected DVH for each OAR and
suggests the lower confidence values to be used for plan
optimization. In order to obtain a robust and efficient
template, the choice of the position and penalty of the
generated DVH constraints needs to be optimized. The
optimization of the KB-based template for each side was
carried out by several fine-tuning tests based on repetitive
automatic plans for five sample patients for each of the two
situations (right and left), testing the impact of the position of
DVH constraints and their penalties, as similarly reported in
previous studies (23–25). Based on our experience, once the PTV
priorities are fixed, the OARs priorities were gradually increased
through three KB-test templates. Selected relevant dose-volume
parameters were analyzed for the five sample patients and
compared against the original clinical plans to assess the
performances of the three KB-based templates and to assess
the one showing the best performances.
Frontiers in Oncology | www.frontiersin.org 432
Validation Tests
Validation tests were performed on 60 new patients equally
divided between right-side and left-side breast. The external
validation of the models was performed on patients selected in
the range 2019–2020 and 2013–2016.In this way, we also
intended to validate the model separately for wedged fields
plans (the oldest group) and for the more recent FIF plans
(delivered in 2019–2020). The number of FiF plans is 15 for
right-sided breast patients and 11 for the left-sided ones, while
the number of wedged fields is 15 for right-sided breast patients
and 19 for left-sided ones. Importantly, the validation assessed
the performances of the model to properly adapt the anatomical/
morphological features of each individual patient and the
feasibility of using TF DVH-prediction to fully automate
the ViTAT optimization. According to others (17, 19, 23, 40),
the validation was performed by re-optimizing a number of
clinical plans and by comparing them against the original ones.
All KB fully-automatic ViTAT-plans (KB-ViTAT) were
compared against the original plans (TF) in terms of OARs/
PTVs dose-volume parameters. The comparison was based on
the analysis of the mean dose, maximum dose (D1% for PTV and
D2% for OARs), and selected dose-volume parameters extracted
from DVH. All selected parameters and DVHs were semi-
automatically exported via ESAPI scripts and saved in
spreadsheets for analysis. Wilcoxon-tests were performed to
assess the statistically significant differences (p < 0.05).
RESULTS

In total, 10 patients (out of 90) for the right side and 18 patients
(out of 103) for the left side were excluded by the model resulting
in sub-optimal plans for at least one of the considered OARs or
for PTV coverage. The final model returned c2 and R2

parameters for the predicted OARs is shown in Table 1. The
resulting DVH-estimates were used to generate an individually
optimized KB-template for the ViTAT optimization. For the not
trained OARs, the position of DVH constraints and their
penalties were fixed and tuned as previously explained. Given
the overall results, the KB-based template for automatic planning
optimization was finally generated and is shown in Table 2 for
the right-side case and in Table 3 for the left-side one.

Mean DVHs comparison between KB-ViTAT plans and
clinical ones are shown in Figures 2 and 3 for right and left
side, respectively. On 30 KB automatic re-optimized cases per
each side, only one for the right case and seven for the left case
TABLE 1 | Final model goodness parameter for models for both right and left
sided breast cancer patients.

Model Structure c2 R2

Right-side breast Ipsilateral Lung 1.043 0.604
Contralateral Breast 1.050 0.511

Left-side breast Ipsilateral Lung 1.043 0.723
Heart 1.035 0.672
Contralateral Breast 1.046 0.505
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resulted in plans unacceptability in terms of the PTV coverage
and/or ipsilateral lung constraints. The reason for this has to be
found in the shape and position of the PTV with respect to
OARs, causing an uncovering in the medial part of the PTV.
However, after the manual refinement of the start/stop angles of
5°/10° by an expert planner, all automatic KB-ViTAT plans well
fitted TF-performances. A manual refinement of 5° for the
medial angle was necessary for the right-breast case and four
of the left-side patients getting the following angles respectively:
65°/220° and 295°/135°. In the remaining three cases for left-side
patients, it was necessary to also change the distal angle by 5° and
10° for two and one patients, respectively. Making the
modification in the start/stop angles and re-starting the
automated optimization, the PTV coverage and the ipsilateral
lung constraints were satisfied and comparable to original
clinical TF plan. As an example, Supplementary Figures 1 and
2 (Supplementary Material) show the comparison of the
originally automatic KB-ViTAT plan with the original start/
stop angle and the refined KB-ViTAT with start angle modified
by 5° (lower) for the right-side patient and for one of the left-side
patients with manual modification of gantry angles.

Quantitative analyses are shown in Tables 4 and 5. Overall,
differences between TF and KB-ViTAT were small and in slight
favor of ViTAT. PTV coverage was similar, while PTV D1% was
improved with automatic optimization (p-value < 0.05). KB-
ViTAT better spared contralateral OARs with respect to TF:
mean dose was lowered by 0.1 Gy for all contralateral OARs,
resulting in a decrease of 33% of the mean dose to the
contralateral lung, 20% for the right and 20% for the left side
contralateral breast, and 14% for the right-side heart.

The KB-ViTAT integral (i.e., body) dose was 5% lower than
TF for the right case and 8% for the left case. Ipsilateral lung
mean dose was identical (Right: 6.8 Gy, p > 0.05; Left: 5.7 Gy,
p > 0.05): there was a modest worsening (i.e., few % volume) for
the ipsilateral lung in the 2–15 Gy range and a slight
improvement in the 20-35 Gy range when considering KB-
ViTAT vs TF. The same behaviour was found for the left-sided
TABLE 2 | The KB-based template for automatic planning optimization for the
ViTAT technique for right-sided breast cancer treatment.

Organs Objectives Volume
(%)

Dose
(Gy)

Priority gEUD
a

PTV Upper 0 40 500
Lower 100 40 500

Target Upper 0 40 500
Lower 100 40 500

Contralateral Lung Upper 0 3 600
Upper 2.5 1 150
Upper 10 0.7 150
gEUD 0.3 200 1

Contralateral
Breast

Upper Generated 1.5 600
Upper Generated 1 200
Upper 0 Generated 400
gEUD 0.5 500 1

Heart Upper 0 3 600
Upper 2.5 1 150
Upper 10 0.7 150
gEUD 0.5 200 1

Ipsilateral Lung Upper 0 40 200
Upper Generated 30 200
Upper Generated 20 200
Upper Generated 16 500
Upper Generated 10 400
Upper Generated 5 500
Upper Generated 2 500
The parameters obtained by the RapidPlan prediction automatically replace the
“Generated” placeholder.
TABLE 3 | The KB-based template for automatic planning optimization for the
ViTAT technique for left-sided breast cancer treatment.

Organs Objectives Volume
(%)

Dose
(Gy)

Priority gEUD
a

PTV Upper 0 40 600
Lower 100 40 600

Target Upper 0 40 600
Lower 100 40 600

Contralateral Lung Upper 0 3 600
Upper 2.5 1 150
Upper 10 0.7 150
gEUD 0.3 200 1

Contralateral
Breast

Upper Generated 1 500
Upper Generated 1.5 250
Upper 0 Generated 450
gEUD 0.5 550 1

Heart Upper 0 40 250
Upper Generated 30 250
Upper Generated 20 250
Upper Generated 16 450
Upper Generated 10 450
Upper Generated 5 500
Upper Generated 2 500
gEUD 3.4 500 1

Ipsilateral Lung Upper 0 40 180
Upper Generated 30 180
Upper Generated 20 180
Upper Generated 16 450
Upper Generated 10 400
Upper Generated 5 450
Upper Generated 2 450
The parameters obtained by the RapidPlan prediction automatically replace the
“Generated” placeholder.
TABLE 4 | Dose-volume parameters comparison (TF vs ViTAT) for the validation
cohort test of 30 plans for the right-sided breast case.

Organs Features TF KB-ViTAT DP

PTV V95% (%) 96.7 ± 1.3 96.7 ± 0.9 0.0
D1% (Gy) 42.3 ± 0.3 41.8 ± 0.3 0.5
SD (Gy) 1.1 ± 0.1 1.0 ± 0.1 0.1

Body Dmean (Gy) 4.2 ± 1.0 4.0 ± 1.0 0.2
D2% (Gy) 40.4 ± 0.4 40.2 ± 0.4 0.2

Heart Dmean (Gy) 0.7 ± 0.2 0.6 ± 0.1 0.1
D2% (Gy) 1.8 ± 0.4 1.9 ± 0.6 -0.1

Contralateral Lung Dmean (Gy) 0.3 ± 0.1 0.2 ± 0.1 0.1
D2% (Gy) 0.9 ± 0.4 0.7 ± 0.3 0.2

Contralateral Breast Dmean (Gy) 0.5 ± 0.2 0.4 ± 0.2 0.1
D2% (Gy) 1.7 ± 0.6 1.9 ± 1.3 -0.2

Ipsilateral Lung V5Gy (%) 25.4 ± 4.8 28.0 ± 3.7 -2.6
V20Gy (%) 14.2 ± 2.7 13.7 ± 2.6 0.5
Dmean (Gy) 6.8 ± 1.1 6.8 ± 1.0 0.0
D2% (Gy) 38.0 ± 1.1 37.8 ± 1.1 0.2
August
 2021 | Volum
e 11 | Article 712
Parameters are presented as mean value ± standard deviation and differences DP. Values
with a statistically significant difference (p-value < 0.05) are in bold.
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case for the heart with a modest worsening in the range 2–10 Gy
and a slight improvement in the range 15–35 Gy, while on
average, delivering the same mean heart dose (2.7 Gy).

Furthermore, in Figures 4 and 5, the histograms representing
the distribution of the differences between TF and KB-ViTAT
were reported for the selected PTV/OARs dose-volume
parameters. Overall, the time for automatic plan optimization
and final dose calculation was registered and found to be 12 ±
2 minutes.

Importantly, the model performances were also evaluated
separately for wedged fields plans (the oldest group) and the
more recent FIF plans (delivered in 2019–2020). No statistically
significant differences resulted in terms of the PTV/OARs dose-
volume parameters when comparing the differences between KB-
ViTAT and TF in the two cohorts of plans.

The KB-based automatic approach for ViTAT was clinically
implemented, first for the right-sided breast and, more recently,
for the left-sided one. Five plans for the right-side and five ones
for left-side breast were preliminarily verified in terms of dose
distribution in a planar phantom using a detector matrix. All
FIGURE 2 | Mean-DVH comparison of 30 right-sided breast patient tests between the original clinical TF (solid lines) and fully automatic KB-ViTAT (dashed lines) plans.
TABLE 5 | Dose-volume parameters comparison (TF vs ViTAT) for the validation
cohort test of 30 plans for the left-sided breast case.

Organs Features TF KB-ViTAT DP

PTV V95% (%) 96.6 ± 1.5 96.3 ± 0.9 0.31
D1% (Gy) 41.9 ± 0.3 41.8 ± 0.3 0.1
SD (Gy) 1.0 ± 0.3 1.0 ± 0.1 0.0

Body Dmean (Gy) 3.9 ± 0.9 3.6 ± 0.8 0.3
D2% (Gy) 40.3 ± 0.3 40.1 ± 0.4 0.2

Heart V3Gy (%) 12.1 ± 6.1 16.5 ± 6.5 -4.4
V16Gy (%) 4.1 ± 2.1 3.6 ± 2.1 0.5
Dmean (Gy) 2.7 ± 0.9 2.7 ± 0.9 0.0
D2% (Gy) 27.4 ± 9.9 23.3 ± 9.0 4.1

Contralateral Lung Dmean (Gy) 0.3 ± 0.2 0.2 ± 0.1 0.1
D2% (Gy) 1.1 ± 0.4 1.0 ± 0.4 0.1

Contralateral Breast Dmean (Gy) 0.6 ± 0.3 0.5 ± 0.2 0.1
D2% (Gy) 2.1 ± 1.2 2.8 ± 1.2 -0.7

Ipsilateral Lung V5Gy (%) 19.5 ± 5.9 23.8 ± 6.8 -4.3
V20Gy (%) 11.9 ± 3.9 10.9 ± 4.5 1.0
Dmean (Gy) 5.7 ± 1.6 5.7 ± 1.7 0.0
D2% (Gy) 37.6 ± 3.1 35.9 ± 5.1 1.7
Parameters are presented as mean value ± standard deviation and differences DP. Values
with a statistically significant difference (p-value < 0.05) are in bold.
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clinical KB-VITAT plans underwent the same dosimetric
verification before treatment. The gamma passing rate in
comparing the calculated vs delivered dose maps was larger
than 98% for all plans (in total n = 30), considering 3% - 3
mm as criteria, in agreement with our experience (43).
DISCUSSION

Scope of this work was to fully automate the planning of the whole
breast treatment through the KB-optimization approach to mimic
the performances of the tangential beam technique. The study
aimed at assessing the capability of the RapidPlan tool to handle
the dose distributions treated without using the VMAT technique.
Moreover, we also explored the feasibility of translating the DVH-
Frontiers in Oncology | www.frontiersin.org 735
prediction model into a fully automatic optimized template for
ViTAT planning. As previously shown (36), the ViTAT technique
was able to generate dose distributions comparable to TF
performances, with some slight improvement in the PTV
coverage and homogeneity, in the sparing of contralateral OARs
and with a mild reduction of the integral body dose. Then, as
demonstrated here, once configured and validated, a KB model
trained with TF dose distribution can be efficiently implemented for
an automatic ViTAT optimization, completely and efficiently
replacing manual plan optimization. The entire workflow was
optimized aiming to automatize the selection of the beam angles
through the VMAT approach but at the same time to avoid the
dose-bath at intermediate–low doses typical of the rotational
techniques (7). As a matter of fact, the concerns related to the
increase of the mean dose to OARs dealt with the risk of increasing
FIGURE 3 | Mean-DVH comparison of 30 left-sided breast patient tests between the original clinical TF (solid lines) and fully automatic KB-ViTAT (dashed lines) plans.
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radiation-induced secondary malignancies and late cardiac events
(1, 7, 44, 45). Few authors suggested a compromise between better
conformity/OARs sparing at high doses against OARs sparing at
intermediate–low doses to limit the dose bath associated to VMAT
by the partial blocking of arcs (35, 46). Although all these
approaches obtained a significant reduction of the low-dose bath,
none of them followed the goal of mimicking tangential field
irradiation, differently from our ViTAT approach. Other authors
demonstrated the possibility of automatizing the angle selection
for tangential fields (11) but none investigated the possibility of
using the KB-approach. With the approach presented here, we
demonstrated the feasibility of the complete replacement of
manual TF plans with automatic plans with huge improvements
in efficiency, in reducing/eliminating inter-planner variability, and
Frontiers in Oncology | www.frontiersin.org 836
in avoiding sub-optimal plans. Concerning this last point, despite
a careful quantitative evaluation was not accomplished, it is
relevant that about 15% of the clinical TF plans were a priori
excluded when building the KB models as due to sub-
optimal planning.

As a matter of fact, the automatic workflow that involved the
fixed selection of the start/stop angles had proven to be an efficient
way to reproduce the TF performances well. Only in about 13% of
cases this approach had failed: on 60 KB automatic re-optimized
cases, only eight resulted in plans that were unacceptable in terms of
the PTV coverage and ipsilateral lung constraints. Seven out of eight
referred to the left side were found to be more challenging from the
point of view of the choice of the start/stop angles. However, with
the manual refinement of the start/stop angles by an expert planner,
FIGURE 4 | Population histograms of the differences between the clinical tangential field TF and automated re-optimized KB-ViTAT plans for the investigated
dosimetric parameters for right-sided breast case, showing the V95% parameter for PTV and mean doses for OARs.
August 2021 | Volume 11 | Article 712423

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Castriconi et al. KB-ViTAT Automation in Breast Radiotherapy
the resulting automatic KB-ViTAT plans well fitted TF-
performances also for these patients. Furthermore, plans were
deliverable showing excellent dosimetric verification performances
in phantoms. Importantly, a large sparing of planning time was
obtained, with an overall time for automatic plan optimization and
final dose calculation of 12 ± 2 minutes.

A highly relevant point, worthy to be underlined here,
concerns the demonstration of the automation of a largely
used technique by using a commercially available tool, making
its potential adoption easy for Varian users. This issue is of
primary importance, opening the possibility to a large-scale
implementation with a consequent large reduction of the
repetitive, manual procedures usually followed during a whole
breast plan optimization. The possible sharing of KB-models,
Frontiers in Oncology | www.frontiersin.org 937
permitted by this system, should also be considered as an
additional opportunity to rapidly spread this approach
primarily to Varian users but in principle extendible/adaptable
to other delivery systems (24, 40).

From a wider point of view, the large availability of TF plans and
the “limited” inter-institute variability of PTV/OARs can make the
development of robust KB DVH prediction models easier and,
more importantly, the possibility of extending this approach on a
multi-institutional scale. This issue is worthy of investigation and is
currently under study within the MIKAPOCo (Multi-Institutional
Knowledge-based approach to plan optimization for the
community) consortium, joining several Italian Institutes.

Another relevant point concerns the possibility to exploit the
ViTAT approach more to obtain further improved plan
FIGURE 5 | Population histograms of the differences between the clinical tangential field TF and automated re-optimized KB-ViTAT plans for the investigated
dosimetric parameters for left-sided breast case, showing the V95% parameter for PTV and mean doses for OARs.
August 2021 | Volume 11 | Article 712423
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performances by the possibility of training models using the
planning data obtained from clinical plans optimized and
delivered at our Institute by applying more stressed intensity-
modulation techniques: a project to train KB-models using the
planning data of patients treated with Tomotherapy (using the
Tomo-Direct module, resulting in IMRT-like TF plans) is
currently ongoing.
CONCLUSIONS

The approach followed here demonstrated the possibility of the
complete replacement of manual tangential breast planning with
automatic planning, including beam angle choice. Automatic fixed
selection of the start/stop angles and KB-driven optimization were
found to be an efficient way to well fit TF planning, with evident
advantages in terms of time sparing, elimination of inter-planner
variability, and of sub-optimal planning. Manual refinement of the
start/stop angles was necessary in 13% of patients, with a large
unbalance between the right (3%) and left (23%) sides, resulting in
an additional 15–20 minutes more compared to the 12 ± 2 minutes
spent for planning optimization and dose calculation in the
remaining 87% of the patients. Due to its versatility and the use
of a commercial system, this approach shows promising
applications for a large-scale implementation.
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Supplementary Figure 1 | Comparison of plans between the originally automatic
KB-ViTAT plan with start/stop angle of 60°/220° (upper) and the refined KB-ViTAT
with start angle of 65° (lower) for the right-sided breast case. Starting angles are
modified in order to obtain an acceptable coverage to PTV.

Supplementary Figure 2 | Comparison of plans between the originally automatic
KB-ViTAT with start/stop angle of 300°/135° (upper) and the refined KB-ViTAT with
start angle of 295° (lower)for the left-sided breast case. Starting angles are modified
in order to obtain an acceptable coverage to PTV and better hearth and lung dose
distribution similarity between TF and KB-ViTAT case.
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Background: Radical radiotherapy is the main treatment modality for early and locally
advanced nasopharyngeal carcinoma (NPC). Magnetic resonance imaging (MRI) has the
advantages of no ionizing radiation and high soft-tissue resolution compared to computed
tomography (CT), but it does not provide electron density (ED) information for radiotherapy
planning. Therefore, in this study, we developed a pseudo-CT (pCT) generation method to
provide necessary ED information for MRI-only planning in NPC radiotherapy.

Methods: Twenty patients with early-stage NPC who received radiotherapy in our
hospital were investigated. First, 1433 sets of paired T1 weighted magnetic resonance
(MR) simulation images and CT simulation images were rigidly registered and
preprocessed. A 16-layer U-Net was used to train the pCT generative model and a
“pix2pix” generative adversarial network (GAN) was also trained to compare with the pure
U-Net regrading pCT quality. Second, the contours of all target volumes and organs at risk
in the original CT were transferred to the pCT for planning, and the beams were copied
back to the original CT for reference dose calculation. Finally, the dose distribution
calculated on the pCT was compared with the reference dose distribution through
gamma analysis and dose-volume indices.

Results: The average time for pCT generation for each patient was 7.90 ± 0.47 seconds.
The average mean (absolute) error was −9.3 ± 16.9 HU (102.6 ± 11.4 HU), and the mean-
root-square error was 209.8 ± 22.6 HU. There was no significant difference between the
pCT quality of pix2pix GAN and that of pure U-Net (p > 0.05). The dose distribution on the
pCT was highly consistent with that on the original CT. The mean gamma pass rate (2
mm/3%, 10% low dose threshold) was 99.1% ± 0.3%, and the mean absolute difference
of nasopharyngeal PGTV D99% and PTV V95% were 0.4% ± 0.2% and 0.1% ± 0.1%.

Conclusion: The proposed deep learning model can accurately predict CT fromMRI, and
the generated pCT can be employed in precise dose calculations. It is of great significance
to realize MRI-only planning in NPC radiotherapy, which can improve structure delineation
and considerably reduce additional imaging dose, especially when an MR-guided linear
accelerator is adopted for treatment.

Keywords: nasopharyngeal carcinoma, radiotherapy, MRI-only planning, pseudo CT, deep learning,
dosimetric evaluation
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INTRODUCTION

Nasopharyngeal carcinoma (NPC) is the most common
malignant tumor in the head and neck (HN), especially in
southern China and Southeast Asia. Radical radiotherapy (RT)
is the main treatment modality for early or locally advanced
NPC, and computed tomography (CT) is necessary for patient
positioning and RT planning, since it provides electron density
(ED) information for dose calculation. Magnetic resonance
imaging (MRI) has the advantages of high soft-tissue
resolution and no additional imaging dose compared to CT.
With the development of the MR-guided linear accelerator (MR-
linac), an MRI-only RT-planning workflow is desirable.
However, MRI does not provide ED information, which
hinders its application in RT planning. Therefore, there is a
need for a reliable and effective method to predict ED
information based on MR images.

Currently, this issue is addressed using three main methods.
The primary one is to simply segment soft tissue and bone (1, 2)
and assign the densities of water and bone to them, respectively.
However, it is difficult to distinguish between bone and air
in MRI.

The second is the atlas-based pseudo-CT (pCT) generation. It
requires a deformable registration from an MRI atlas to the
patient MRI to obtain a special transformation, which is then
applied to a paired CT atlas to generate pCT images (3–8).
However, when the patient’s MRI is quite different from the
image in the atlas library, and there is a special anatomical
structure (such as a large tumor or surgical cavity), leading to
deformation registration errors, which affect the accuracy
of pCT.

The third is the voxel-wise pCT generation (9–12). By
establishing a voxel-wise pCT generation model, point-by-
point prediction is performed. This method prevents manual
or semi-manual segmentation of soft tissue and bone, and it is
not sensitive to abnormal anatomical structures. Earlier studies
employed machine learning methods, such as cluster analysis,
Gaussian regression, and principal component analysis, to
establish such a generative model. However, some of them still
need manual or semi-automatic delineation of bone and air
cavity, and the prediction accuracy still needs to be improved.

Recently, convolutional neural network (CNN) and its
derivate deep learning models have been widely used for cross-
modality image generation owing to their ability to automatically
extract multilevel features of data. At present, most studies on
MR-pCT generation focus on brain and prostate RT (11, 13–16),
and promising accuracy has been achieved. However, there is a
need for further studies to develop and verify deep learning based
pCT generative models for treatment sites with more intertwined
air cavities and bony structures, such as HN. A previous study
(17) used U-Net and T2-weighted (T2w) MRI to generate HN
pCT for NPC and reported a promising image quality. In this
study, we adopted U-Net but with T1w MRI, another routine
clinical MRI modality, to train an MR-pCT generative model for
NPC. We not only evaluated the CT number prediction accuracy
but also systematically analyzed the dosimetric difference
between the obtained pCT and the corresponding original CT
Frontiers in Oncology | www.frontiersin.org 242
with the same beam layout. Besides, we compared the
performance of the generative adversarial network (GAN),
another popular deep learning network, with U-Net for
pCT generation.
MATERIALS AND METHODS

Image Collection
The image data in this study were obtained from 20 patients
with NPC who received RT in our hospital from September
2017 to April 2018. All data are retrospective and nonidentifiable
so that the institutional ethics review and written consent
are exempted.

Before treatment, all patients underwent CT and MR
simulation scanning in our department within very close time
and with the same fixing devices for each patient. CT scanning
was performed using a CT simulator (SOMATOMDefinition AS
40, Brilliance CT big bore, Philips) with the acquisition
parameters (voltage: 120 kV; exposure: 240 mAs; pitch: 0.94;
image size: 512 × 512; pixel spacing: 0.96 mm; slice thickness:
3.0 mm). MRI scanning was performed using a 3.0-T MR
simulator (Discovery MR750w, GE Healthcare) with a 6-
channel split head coil and T1-FSE sequence with the
acquisition parameters (repetition time (TR): 834 ms; echo
time (TE): 7.96 ms; flip angle: 111°; image size: 512 × 512; pixel
spacing: 0.55 mm; and slice thickness: 3 mm). All patients were
fixed with head-neck-shoulder thermoplastic film. The upper
boundary of the scanning range is half of the frontal sinus, and
the lower boundary extends to the supraclavicular region.

Data Preprocessing
Due to the design and characteristics of the coil, the signal
intensity distribution of the same tissue might be uneven. We
used an N3 algorithm to calibrate the bias field and performed
gray value normalization and histogram matching of the MR
images. Then, the MR and CT images were rigidly registered, and
outlines were drawn on the aligned CT and MR images,
respectively, using the thresholding segmentation algorithm.
The overlap of the two outlines was used to generate a mask,
and the density outside the mask was set equal to that of air.

Deep Learning Architecture for
MR-pCT Generation
Two deep learning models, CNN and conditional GAN (cGAN),
were adopted in this study for comparison. For both models,
we used several data enhancement techniques, including random
clipping and flipping, to expand the number of data. The Adam
method was used to optimize the loss function. The initial
learning rate was set to 0.0002, and the maximum number
of iterations was set to 40000. The network training and test
were based on the Tensorflow platform and NVIDIA Tesla
K80 GPU.

The architecture of the CNN model was 16-layer U-Net,
which was developed for MR-pCT generation (Figure 1, red
box). As shown in Table 1, the modules of convolution-batch
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https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Ma et al. MRI-Only Planning for NPC Radiotherapy
normalization and rectified linear units (ReLU) were used for the
encoder–decoder network. The kernel size was 4 × 4 for the
convolutional and deconvolutional layers. Skip connections were
added between each mirrored encoder and decoder layers for
better recovery of image details.

The architecture of cGAN, as shown in Figure 1 (green box),
was the “pix2pix” model, which used paired MR and CT images
as input and ground truth, respectively. It learned a loss that uses
a discriminator to determine if an output image is real or fake
while simultaneously training a generator to minimize the loss.
GAN is supposed to have the ability to overcome problems such
as image blurring. For better comparison with the performance
of U-Net, the generator part adopted the same U-Net
architecture as aforementioned. The patch size of the
discriminator was set to 70 × 70. We adopted “cGAN + L1” as
a loss function, as suggested in (18). It comprises a standard
cGAN loss function and a weighted L1 distance term.

To get a reliable and stable model based on a small sample
size, a 10-fold cross-validation method was used to train the pCT
generation model. Through cross-validation, optimal model
parameters were determined and then used to generate pCT
images for the 20 patients. Then, voxel-wise Hounsfield units
(HU) comparison was performed between the pCT and the
original CT for each patient, considering the mean error (ME),
mean absolute error (MAE), and root-mean-square error
(RMSE) (Equations 1–3).

MAE =
1
No

N

i=1
p(i) − g(i)j j (1)

ME =
1
No

N

i=1
(p(i) − g(i)) (2)
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RMSE =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
o
N

i=1

p(i)2 − g(i)2

N

s
(3)

where N is the total number of voxels of interest, p(i) the value of
the i-th voxel in the pseudo-CT, and g(i) the corresponding voxel
value in the ground truth (original) CT.

Dosimetric Evaluation
For each patient, contours of target volumes and organs at risk
(OARs) were transferred from the original planning CT by rigid
fusion to the corresponding pCT. RT plans were first designed
with a Pinnacle treatment planning system (Philips) based on the
pCT, and the beams were then copied to the original CT with the
FIGURE 1 | Architectures of U-Net (red box) and pix2pix GAN (green box). The U-Net is composed of an encoder and a decoder, and each of them has eight
mosaic layers, which are detailed in Table 1.
TABLE 1 | Sixteen-layer U-Net architecture.

Encoder Decoder

Conv 1 + BN + ReLU
(512 × 512 × 64)

De_Conv 9 + BN + ReLU
(4 × 4 × 512)

Conv 2 + BN + ReLU
(256 × 256 × 128)

De_Conv 10 + BN + ReLU
(8 × 8 × 512)

Conv 3 + BN + ReLU
(128 × 128 × 256)

De_Conv 11 + BN + ReLU
(16 × 16 × 512)

Conv 4 + BN + ReLU
(64 × 64 × 512)

De_Conv 12 + BN + ReLU
(32 × 32 × 512)

Conv 5 + BN + ReLU
(32 × 32 × 512)

De_Conv 13 + BN + ReLU
(64 × 64 × 256)

Conv 6 + BN + ReLU
(16 × 16 × 512)

De_Conv 14+ BN + ReLU
(128 × 128 × 128)

Conv 7 + BN + ReLU
(8 × 8 × 512)

De_Conv 15 + BN + ReLU
(256 × 256× 64)

Conv 8 + BN + ReLU
(4 × 4 × 512)

De_Conv 16 + BN + ReLU
(512 × 512 × 1)
September 2021 | V
The encoder input and decoder output image sizes are both 512 × 512. Conv, convolution;
De_Conv, deconvolution; BN, Batch normalization; ReLU, rectified linear units.
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same isocenter for the ground truth dose calculation. Gamma
analysis was performed using Sun Nuclear Patient (SNC Patient)
software with a 2 mm/3% (global mode, 10% low dose threshold)
criterion to compare dose distributions of pCT and original CT.
The gamma criterion for the calculation is inconsistent in the
literature, ranging from 1 mm/1% to 3 mm/3% (14–16). Hence,
we used an intermediate value herein. For each patient, 10 slices
with a 10-mm interval near the image central slice were selected
for 2D gamma analysis, and the mean gamma pass rate of the
slices was calculated for dosimetry consistency assessment.
Besides, a dose-volume histogram (DVH) comparison was
performed to evaluate the accuracy of the clinically concerned
dosimetry metrics of PTVs and OARs.
RESULTS

Performance Comparison Between U-Net
and pix2pix GAN
The quality of pCT generated by U-Net and pix2pix GAN has no
statistical difference (paired t-test, p > 0.05) in terms of ME,
MAE, and RMSE (Table 2), whereas the performance of U-Net
was slightly better than that of pix2pix GAN. A visual
comparison of the pCTs generated by the two types of
networks is shown in Figure 2, and a spatial discrepancy map
for the U-Net is shown in Figure 3. Since there was no significant
difference between the performance of U-Net and pix2pix GAN
in this task, we adopted the simpler-structured U-Net for the
further dosimetric comparison.

Dosimetric Consistency Between Real CT
and pCT-Based RT Planning
The spatial dose distribution of the pCT-based RT plan could be
replicated very well on real CT with the same beam layout, and it
demonstrates a good overlap between pCT and CT, regarding the
structure DVH (Figure 4). Detailed DVH metric comparison is
shown in Table 3.

The mean ( ± standard deviation) gamma pass rate of all the
patients was 99.1% ± 0.3%, and the median gamma pass rate of
all the selected slices was 99.3%, demonstrating a high
consistency between the real CT and pCT-based RT planning.
The worst slice pass rate was 95.9%, and the best was 100%. An
exemplary gamma analysis result is shown in Figure 5. Notably,
the positions that failed to pass the analysis are all in the
peripheral areas because the CT and MR images were not
acquired simultaneously, thus they could not be perfectly
registered, especially near the outline.
Frontiers in Oncology | www.frontiersin.org 444
DISCUSSION

In this study, deep CNN (U-Net) was used to generate pCT from
T1 weighted MRI for NPC radiotherapy, and the dosimetric
accuracy was assessed for pCT-based RT planning. We proved
that the deep learning network can reliably convert MR images to
pCT for HN position to provide ED information. Although deep
learning network usually needs much training data, we achieved
promising intensity and dosimetry prediction accuracy with
limited data.

Previous studies on MR-pCT generation mostly focused on
the brain or prostate, and only a few considered HN. The
variance of existing brain pCT generation quality recorded by
atlas-based studies is relatively large (average MAE from 85 to
184 HU) (3, 6, 19), which is attributed to the different data and
image processing algorithms. For machine learning-based
studies, Gudur et al. (20) used a Bayesian probability model
and realized an average MAE of 126 HU for brain pCT
generation. Despite the larger structure density variance
around NPC than brain tumors, the pCT quality of the
proposed model (MAE of 102.6 HU) is comparable, even
superior to that in previous brain tumor studies. A direct
comparison between the atlas and CNN-based pCT generation
was performed by Han et al. (13), and the MAE of the CNN-
based method was 10.26% lower than that of the atlas-based
method, demonstrating the advantage of CNN-based
pCT generation.

T1w MRI was used in this study, whereas a previous study on
HN pCT generation (17) adopted T2w MRI for pCT generation
using U-Net, and good pCT quality (MAE of 131 HU) was
achieved. A dosimetric comparison was performed on a single
patient regarding DVH metrics, and the difference between the
minimum-dose-of-98%-volume (D98%) of high-risk,
intermediate-risk, and low-risk PTVs on true CT and pCT was
less than 1%. Herein, we further evaluated dosimetric accuracy in
terms of global dose distribution consistency and OAR dose-
volume metrics statistically. Combining our results and their
study, regardless of the different network architecture, the
performance of deep CNN on pCT generation from the two
routine clinical MR modalities (i.e., T1w and T2w) prove to be
promising, especially in clinical practice when it comes to MR-
linac based adaptive RT, where both T1w and T2w MRI are
possible to be adopted for online planning for each individual
patient. Besides, although GAN is supposed to have a strong
nonlinearity modeling ability (17), our results show that there is
no significant difference in the performance of pix2pix GAN and
U-Net. The training process of GAN can be improved via some
sophisticated strategies, such as using other kinds of activation
functions, cost functions, normalization, or optimizers, but this is
beyond the scope of this study; thus, there is a need for
further studies.

As for the computational efficiency of the proposed model,
the average pCT generation time is 7.9 s using GPU acceleration,
in contrast to several minutes or a few hours in the
aforementioned atlas-based studies. The speed advantage of
CNN is more important in MR-linac based radiotherapy,
where online adaptive RT planning is needed.
TABLE 2 | Prediction performance comparison of U-Net and pix2pix GAN.

Quality metrics U-Net GAN *p-value

Average ME (HU) −9.3 ± 16.9 −8.7 ± 17.3 0.325
Average MAE (HU) 102.6 ± 11.4 104.2 ± 12.5 0.051
Average RMSE (HU) 209.8 ± 22.6 213.2 ± 24.1 0.067
*Paired t-test.
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For the key factors for CNN-based MRI-pCT generative
model training, Andres et al. (21) evaluated the influence of
training set size, MR sequence (T1w or contrast-enhanced T1w),
MRI standardization approach, bias field correction, and
architecture of CNN on the quality of brain pCT generation.
They found that larger training set sizes result in higher pCT
quality, whereas the other factors have no significant effect on the
dosimetry quality, and all the candidate methods are relevant for
potential use in clinical practice. The best MAE obtained using
the slightly optimized preprocessing method was 78 ± 22 HU.
Regarding the network architectures, 3%/3-mm gamma indices
of 99.83% 0.19% and 99.74% 0.24% were obtained for HighRes-
Net and 3D U-Net, respectively. Largent et al. (14) evaluated and
compared U-Net and GAN using various loss functions (L2,
single-scale perceptual loss (PL), multiscale PL, weighted
Frontiers in Oncology | www.frontiersin.org 545
multiscale PL), and patch-based method (PBM) based on T2w
MRIs in prostate cancer. They found that GAN L2 and U-Net L2
show a lower MAE (≤34.4 HU) than U-Net PL, GAN PL, and
PBM. The gamma pass rates were greater than 99% for all DLMs.
GAN L2 and U-Net L2 provided the lowest dose uncertainties
together with a low computation time. Their results show that
the performance of U-Net and GAN is similar for pCT
generation, which is consistent with our findings, although
their study was for prostate pCT generation.

Besides conventional MRI modalities, such as T1w and T2w,
other sequences were used to generate pCT. Many of the previous
studies adopted the ultra-short time echo sequence, which could
make the segmentation of bone and air easier, for brain pCT
generation (22–26). However, MAEs in these studies ranged from
130 to 165 HU, which are not better than that of this study or the
FIGURE 3 | Comparison example of pCT and original CT: (A) Original CT images; (B) T1-weighted MR images; (C) Predicted pCT images; (D) Difference between
the real CT and predicted pCT values, where MAE is 73.1 HU.
FIGURE 2 | Comparison of the prediction results of U-Net and pix2pix GAN on two exemplary slices.
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aforementioned conventional modality-based methods.
Meanwhile, such dedicated MRI modalities result in additional
scanning time, which is not conducive to their clinical applications.

The limitation of this study lies in the relatively low CT
number and dose prediction accuracy at the surface of the
patient. As mentioned in Results section, this may mainly due
to the imperfect MR-CT registration and the residual MR
distortions, despite the bias correction. A dedicated phantom
Frontiers in Oncology | www.frontiersin.org 646
experiment may be needed to further validate the performance of
the proposed MR-pCT generative model, where a perfect MR-
CT alignment could be implemented.

This study proved that deep CNN is an important tool to
solve the problem of MRI to pCT generation for HN, with high
conversion accuracy and efficiency. It can be of great value to the
MRI-only radiotherapy community, especially those sites
equipped with MR-linacs, by greatly reducing the additional
TABLE 3 | Reference dose values and dose uncertainties for dosimetry metrics.

Dosimetry metrics PGTV D99Gy (Gy) PTV V95% (%) Lens Dmax (Gy)

Reference value 69.73 ± 0.44 98.74 ± 0.39 4.22 ± 1.58
Dose uncertainty (relative value) 0.26 ± 0.10

(0.4% ± 0.2%)
0.1 ± 0.1 0.26 ± 0.20

(6.1% ± 4.6%)

Dosimetry metrics Spinal Cord Dmax (Gy) Brain Stem Dmax (Gy) Parotid V30Gy (%)

Reference value 32.20 ± 2.61 44.42 ± 6.48 52.76 ± 4.67
Dose uncertainty (relative value) 0.52 ± 0.51

(1.6% ± 1.5%)
0.68 ± 0.34

(1.6% ± 0.9%)
0.20 ± 0.17
September 2021 | Volume 1
FIGURE 4 | Spatial dose distributions of the original CT (left-up panel) and pCT (down-left panel) with identical beam assignment and their DVH comparison. The
solid lines in the DVH correspond to the original CT, and the dotted lines correspond to pCT.
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imaging dose to patients and by ensuring the accuracy of
delineation and dose calculation for each fraction.
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Beam Angle Optimization for
Double-Scattering Proton Delivery
Technique Using an Eclipse
Application Programming Interface
and Convolutional Neural Network
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Young Kyung Lim, Jong Hwi Jeong, Sang Hee Youn, Sung Uk Lee, Sung Ho Moon,
Tae Hyun Kim and Haksoo Kim*

Proton Therapy Center, National Cancer Center, Goyang-si, South Korea

To automatically identify optimal beam angles for proton therapy configured with the
double-scattering delivery technique, a beam angle optimization method based on a
convolutional neural network (BAODS-Net) is proposed. Fifty liver plans were used for
training in BAODS-Net. To generate a sequence of input data, 25 rays on the eye view of
the beam were determined per angle. Each ray collects nine features, including the
normalized Hounsfield unit and the position information of eight structures per 2° of gantry
angle. The outputs are a set of beam angle ranking scores (Sbeam) ranging from 0° to 359°,
with a step size of 1°. Based on these input and output designs, BAODS-Net consists of
eight convolution layers and four fully connected layers. To evaluate the plan qualities of
deep-learning, equi-spaced, and clinical plans, we compared the performances of three
types of loss functions and performed K-fold cross-validation (K = 5). For statistical
analysis, the volumes V27Gy and V30Gy as well as the mean, minimum, and maximum
doses were calculated for organs-at-risk by using a paired-samples t-test. As a result,
smooth-L1 loss showed the best optimization performance. At the end of the training
procedure, the mean squared errors between the reference and predicted Sbeam were
0.031, 0.011, and 0.004 for L1, L2, and smooth-L1 loss, respectively. In terms of the plan
quality, statistically, PlanBAO has no significant difference from PlanClinic (P >.05). In our
test, a deep-learning based beam angle optimization method for proton double-scattering
treatments was developed and verified. Using Eclipse API and BAODS-Net, a plan with
clinically acceptable quality was created within 5 min.

Keywords: deep-learning, convolutional neural network, beam angle optimization, proton therapy, double-
scattering technique
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INTRODUCTION

Interest in beam angle optimization (BAO) research has been on
the rise recently again. When intensity-modulated radiotherapy
(IMRT) emerged as a novel treatment method, BAO research
was being actively undertaken. IMRT could achieve high dose
conformity while minimizing undesirable dose to organs-at-risk
(OARs). However, the conventional BAO process for the IMRT
plan is based on trial-and-error searching by a planner; the
optimal beam angle is affected by the experience and
understanding of the treatment planning system (TPS) of the
planner (1). Thus, various studies for BAO have been conducted
to reduce the workload of treatment planning and decrease the
planning time. These BAO studies incorporated techniques such
as simulated annealing (2–9), geometric information scoring
(10–19), gradient descent (20–25), genetic algorithms (26–29),
and neural networks (30–34). However, the advent of
volumetric-modulated arc therapy and the templatization of
the radiation treatment plan, including dose prescription and
gantry angles, have reduced interest in BAO research for
X-ray therapy.

Recently, with increasing interest in proton and heavy ion
therapy, which rely on the characteristics of a Bragg peak and a
relatively higher radiation biological effect than X-ray therapy,
several recent studies on intensity-modulated ion therapy (35) in
BAO research have been published (1, 36–39).

The present study was inspired by two previous studies on
BAO. In 1999, Hosseini-Ashrafi et al. conducted a study on the
BAO of X-ray therapy in which they used an artificial neural
network (ANN) (30). In that study, the radiation treatment plans
were divided into several templates, and the ANN classified the
test data according to the template. The ANN consisted of three
layers of a multi-layer perceptron. The input contained 12 pre-
calculated features, which were the body contour outline,
treatment volume, sensitive organs, and border of tissue
inhomogeneity for each case. The output contained three types
of binary data for eight classification tasks. The ANN was
validated using the leave-one-out method, which showed the
feasibility of applying ANNs to the BAO problem.

In 2002, Pugachev et al. published a research paper on BAO
for IMRT (4). They proposed beam’s eye view dosimetrics
(BEVD) to overcome low computation speed, which is a
disadvantage of the simulated algorithm. The BEVD score was
calculated by using the geometric and dosimetric information of
the patient. This score was used for ranking information and as a
prescreening tool to optimize the beam orientation by using a
simulated annealing-based BAO algorithm. The treatment plans
generated with the guidance of the BEVD score were compared
with those created with five equiangular-spaced beams. They
validated the feasibility of the BEVD score for the BAO problem.
The BEVD guidance indicated that the computational efficiency
increased by a factor of ~10.

In the current study, we developed a deep-learning based
BAO method for the three-ports proton double-scattering (DS)
technique using the geometric information of the patient
computed tomography (CT) anatomy and Hounsfield unit
(HU) data as well as a convolutional neural network (CNN).
Frontiers in Oncology | www.frontiersin.org 250
In particular, the DS technique was used for large-field proton
therapy. The proposed method requires only geometric
information without a fluence optimization process. The
geometric information is automatically extracted using an
application programming interface (API) of a TPS (Eclipse,
Varian, Palo Alto, CA, USA). A set of beam angle ranking
scores (Sbeam) for all angles is predicted using the deep-
learning model. The quality of the treatment plans created
with the predicted Sbeam guidance was statistically compared
for equi-spaced and clinical plans. The evaluation was performed
using the dose–volume histogram (DVH) parameters.
MATERIALS AND METHODS

Patient Database
Patient data from 50 liver cases, consisting of average intensity
projection (AIP) CT images calculated from the four-
dimensional (4D) CT images of 40–60% phases, a digital image
communication in medicine-radiation therapy (DICOM-RT)
structure file, and a DICOM-RT plan file, were used in this
study. The patients were originally treated using the proton DS
delivery technique configured with three DS fields at the
National Cancer Centre in the Republic of Korea (40).

To automatically access information of interesting structures
in the TPS, an in-house software was developed using the Eclipse
script API. The eight structures of interest included the body,
total liver volume (TLV), primary gross tumor volume (PGTV),
duodenum, stomach, esophagus, heart, and spleen. The body
contour included areas such as immobilizers that should be
considered for dose calculation.

Geometric Information and a Set of Beam
Angle Ranking Scores for Beam Angle
Optimization: Input and Output of the
Deep-Learning Model
To train a beam angle optimization network (BAODS-Net),
geometric information extracted from the AIP CT images and
DICOM-RT structures (an input of BAODS-Net) and Sbeam
generated from RT-plan (an output of BAODS-Net) were used.

The geometric information was collected by the ray tracing
method (4). A ray, which is a collector, was determined to
penetrate from the body contour to the isocenter, and the path
of the ray was tracked in a 3D treatment room coordinate system.
The ray collected geometric information by dividing the length of
1,000 mm into 4,000 bins (Figure 1A). The collected data
included the following: specifically HU from the AIP CT
images as a double data type and the anatomy position
information of interest of eight structures as a binary data type
(Figure 1B). Thus, the shape of geometric information extracted
from a collector was 9 × 4,000. Geometric information collected
by the penetrating ray is useful data to evaluate the best DS field
that considers range uncertainties and OAR positions. In this
regard, additional 24 parallel rays penetrating the target volume
were created. In detail, the positions of the 24 rays were
automatically determined at an isometric angle on two ellipses
September 2021 | Volume 11 | Article 707464
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with different radii placed on the PGTV cross-section in the
isocenter plane observed from the beam's eye view (Figure 1C).
Thus, at a specific gantry angle, 25 data collectors extracted nine
geometric information points (Figure 1D). In the same manner,
the patient CT anatomy and HU data for all directions were
collected at angles from 0° to 358° in steps of 2°. Finally, the
shape of the geometric information extracted by the 25 data
collectors on coplanar was 40,500 × 4,000. The geometric
information was reshaped to input 4D tensor (batch, channel,
height, and width). For pre-processing, only the HU values were
normalized by using Z-score normalization per patient. The Z-
score normalization is a standardization method for the fast
convergence of deep-learning models. For the case of the
anatomy position information of eight structures, normalization
was not performed.

A Sbeam ground-truth for each patient was generated using the
gantry angle information in the DICOM-RT plan files with steps
of 1°. The Sbeam comprised one-dimensional (1D) data
continuously ranging from 0.0 to 1.0. The gantry angles used
in the clinic were assigned a value of 1.0; otherwise, a value of 0.0
was assigned. Then, to induce effective optimization of BAODS-
Net, a normalized Gaussian filter was applied. Finally, the size of
Sbeam was 360, and the shape of Sbeam was reshaped to a batch-
considered shape. An example of a reference Sbeam is shown
in Figure 2.

K-fold cross-validation (CV) could provide a better indication
of how well the BAODS-Net was universalized to unobserved
Frontiers in Oncology | www.frontiersin.org 351
data. We performed a patient-wise K-fold CV method (K = 5),
and all datasets were divided into five disjointed and identically
sized subsets (41).
Double-Scattering Beam Angle
Optimization Network
In this paper, the BAODS-Net based on a CNN is proposed as
shown in Figure 3. It consists of two main stages: a feature
extractor and a predictor. The feature extractor was configured
with eight convolution layers to extract distinguishable features
of the geometric information by applying a convolution layer
with various strides. The first convolution layer was designed
with dimensions of 1 × 9 for the width and height, respectively.
The convolution layer was operated with a stride size of nine and
with the same padding option. This is because the nine geometric
features extracted by a ray are intended to be integrated into a
weighted geometric feature. The second convolution layer was
designed with dimensions of 1 × 25 for the width and height,
respectively. A stride size of 25 was used to integrate each
weighted geometric feature extracted from the 25 rays into one
weighted ray representing a specific angle. The remaining part of
the feature extractor was designed with six convolution layers
(width: 3, height: 3, stride: 1) and max-pooling layers. The output
of the feature extractor was flattened and then passed to the
predictor. The predictor was designed with four fully connected
(FC) layers to continuously predict Sbeam from 0° to 359°.
Although the FC layer is computationally expensive, it can
effectively predict Sbeam with a non-linear activation function
because the FC layer has a structure agnostic property.

Batch normalization was applied for fast convergence in the
optimization process and to ensure the robustness of the
performance (42). Randomly initialized biases were added for all
layers. Additionally, the activation function was the leaky rectified
linear unit (43), which was used to maintain the contribution of
negative data, and the adaptive momentum estimation optimizer
was employed (44). The BAODS-Net trained for 5,000 epochs with
a learning rate of 0.001 and weight decay of 0.0002, and to compute
the runningaverageof the gradient,b1was0.9 andb2was0.999.The
output shape and parameters of the layers composing the BAODS-
Net are summarized in Table 1.
FIGURE 2 | Sample of planned beam angles (140°, 190°, and 240°) and a
reference set of beam angle ranking scores (Sbeam) for BAODS-Net.
A B C D

FIGURE 1 | Data collector of patient CT anatomy and Hounsfield unit (HU) data used as input to BAODS-Net. (A) Data collector in 3D. (B) Extracted patient
anatomy and HU data. (C) Twenty-five data collectors in the cross-section of the primary gross tumor volume at the isocenter plane. (D) Final data collectors
consisting of 25 rays per angle.
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FIGURE 3 | Diagram of the proposed beam angle optimization for proton double-scattering network (BAODS-Net).
TABLE 1 | The architecture of the proposed BAODS-Net.

Layer Output Shape (B, C, W, H) Kerner Size

Feature
extractor

Conv2d (None, 1, 4500, 4000) (1, 1, 9, 1)
BatchNorm2d (None, 1, 4500, 4000) 2
Conv2d (None, 1, 180, 4000) (1, 1, 25, 1)
BatchNorm2d (None, 1, 180, 4000) 2
Conv2d (None, 3, 178, 3998) (3, 1, 3, 3)
BatchNorm2d (None, 3, 178, 3998) 6
MaxPool2d (None, 3, 89, 1999) 0
Conv2d (None, 9, 87, 1997) (9, 3, 3, 3)
BatchNorm2d (None, 9, 87, 1997) 18
MaxPool2d (None, 9, 43, 998) 0
Conv2d (None, 27, 41, 996) (27, 9, 3, 3)
BatchNorm2d (None, 27, 41, 996) 54
MaxPool2d (None, 27, 20, 498) 0
Conv2d (None, 9, 18, 496) (9, 27, 3, 3)
BatchNorm2d (None, 9, 18, 496) 18
MaxPool2d (None, 9, 9, 248) 0
Conv2d (None, 3, 7, 246) (3, 9, 3, 3)
BatchNorm2d (None, 3, 7, 246) 6
Conv2d (None, 1, 5, 244) (1, 3, 3, 3)
BatchNorm2d (None, 1, 5, 244) 2

Predictor Linear (None, 560) (560, 1220)
BatchNorm1d (None, 560) 1,120
Linear (None, 560) (560, 560)
BatchNorm1d (None, 560) 1,120
Linear (None, 560) (560, 560)
BatchNorm1d (None, 560) 1,120
Linear (None, 360) (360, 560)
Frontiers in Oncology | www.frontiersin.org
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B, batch size; C, channel; W, width; H, height; Conv2d, two-dimensional (2D) convolution layer; BatchNorm2d, 2D batch normalization layer; MaxPool2d, 2DMax pooling layer; Linear, fully
connected layer; BatchNorm1d, one-dimensional batch normalization layer.
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Training and Validation of BAODS-Net
In the training process, BAODS-Net was optimized to predict
Sbeam by using the training data. To find the training loss
function that could achieve the best BAODS-Net performance,
we compared the performances of the three types of loss
functions: L1 loss (Eq. 1), L2 loss (Eq. 2), and smooth-L1 loss
(Eq. 3). The prediction accuracy for Sbeam was calculated by using
mean squared error (MSE) between the reference and predicted
Sbeam.

L1 loss(x, y) =
1
noiZi,Zi = xi − yij j, (1)

L2 loss(x, y) =
1
noiZi,Zi = (xi − yi)

2, (2)

Smooth L1 loss(x, y)

=
1
noiZi,Zi =

0:5(xi−yi)
2

b , if xi − yij j < b

xi − yij j − 0:5b,  otherwise

(
(3)

where (x, y) is the reference Sbeam and predicted Sbeam,
respectively, and n is the number of samples. The hyper-
parameter beta (b) in Eq. 3 was a value for applying additional
weight to the loss. b was empirically determined to be 0.5.

In this experiment, the data of the first fold were used.
Specifically, the smooth-L1 loss could be interpreted as a
combination of L1 and L2 losses.

To improve the BAODS-Net performance and reduce its
generalization error, a 1D augmentation technique, which is a
1D data translation ranging from −2 to 2°, was applied to the
reference Sbeam. The augmentation data were randomly
generated for each epoch. Through the K-fold CV principle,
we independently conducted five different runs for five separate
CV datasets to evaluate the BAODS-Net performance.

Plan Creation With BAODS-Net
The procedure for creating a three-ports proton DS plan with the
guidance of BAODS-Net (PlanBAO) was as follows: (i) the patient
CT anatomy and HU data were automatically extracted by using
an in-house software based on Eclipse API, (ii) the patient CT
anatomy and HU data were fed into the BAODS-Net, and then
the BAODS-Net output (Sbeam) was predicted; (iii) the specific
angles in Sbeam were selected according to a selection rule. The
rule preferentially selected the three gantry angles corresponding
to the highest score. However, if the interval was less than 30°,
the next priority angle was selected; (iv) the collimator and
compensator were designed using the default TPS option without
manual modification for objective evaluation of BAODS-Net
performance, and (v) the field weight was set to one for all fields.

Plan Comparison of BAODS-Net,
Equi-Spaced Angle, and Clinical Plan
To validate the liver treatment plan quality for 50 patients, results
were obtained by combining the results of the five folds. The
DVH parameters were analyzed for PlanBAO, the equi-spaced
plan [gantry angles were fixed at 0°, 120°, 240° (PlanEqui)], and
Frontiers in Oncology | www.frontiersin.org 553
the clinical plan (PlanClinic). Although the equi-spaced plan is
rarely applied in clinics for proton beam by a planner, we added
to the equi-spaced plan for comparative study (4). The PlanClinics
were created by a qualified planner with 5 years of clinical
experience. The evaluation metric is defined below, and the
conformity index (CI) was calculated for PGTV (Eq. 4).

Conformity index =
TV� PIV
TV2

PIV
, (4)

where TV is the target volume and PIV is the prescribed
isodose volume. The closer PIV is to TV, the closer the CI is to 1.
The volumes V27Gy and V30Gy for TLV as well as the mean,
minimum, and maximum doses for OARs were calculated. VxGy

represents the volume percentage of the whole organ receiving a
dose ≥xGy. For statistical analysis, these results were compared
with the paired-samples t-test. All statistical analyses were
implemented using SAS 9.4 software (SAS Institute Inc., Cary,
NC, USA), and the statistically significant level was set at P = .05.
RESULT

Performance Comparison of L1, L2, and
Smooth-L1 Loss Functions
To determine the optimal loss function, BAODS-Net was trained
using L1, L2, and smooth-L1 loss. The training time was
approximately 120 h by using the training data of the first fold,
which corresponded to 5,000 epochs when using an NVIDIA
Quadro GV100 graphics processing unit (GPU) (NVIDIA, Santa
Clara, CA, USA). The seed number was fixed in the training
procedure. The MSE between the predicted and reference Sbeam
was evaluated when L1, L2, and smooth-L1 loss were used for
each model training procedure. At 5,000 epochs, the MSEs were
0.031, 0.011, and 0.004 for L1, L2, and smooth-L1 loss,
respectively. As a result, the smooth-L1 loss was adopted as a
metric for the training loss.

Plan Comparison of BAOBS-Net, Equi-
Spaced Angle, and Planner
To evaluate the cases of 50 patients as test data, BAODS-Net was
trained and evaluated with five different folds, and the training
losses in the five different runs were recorded. At the 5,000th
epoch, the mean and standard deviation of MSEs between the
predicted and reference Sbeam for the five folds were 0.0037 and
0.0006, respectively.

The plans created by guidance with BAODS-Net, equi-spaced
angle, and the planner method were compared using the DVH
parameters. In Figure 4, the paired two test cases of PlanBAO and
PlanClinic are visually analyzed, including the reference, predicted
Sbeam, and 2D dose distribution at the isocenter plane. The star
markers in Figures 4A, D are the gantry angles finally selected
for PlanBAO.

Data from a total of 37 out of 50 patients were used for
comparative evaluation; 13 cases were outside the approved
proton range of the TPS for using the equi-spaced angle. The
errors occurred in the right posterior oblique (RPO) field of 120°.
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For the evaluation data, the mean CIs for PGTV were 1.04,
0.99, and 1.17 for BAODS-Net, equi-spaced angle, and planner,
respectively. The mean (standard deviation) V27Gy values for
TLV were 10.3% (5.4), 10.6% (5.3), and 10.3% (5.3), respectively.
The mean (standard deviation) V30Gy values for TLV were 9.7%
(5.1), 9.8% (5.0), and 9.7% (5.0), respectively. Although V27Gy

and V30Gy of PlanEqui were higher than other plans, the PlanBAO
had no statistically significant difference with both PlanClinic (P =
.94) and PlanEqui (P = .11).

For the mean dose of OARs, the results of statistical
comparison between PlanBAO and PlanClinic are summarized in
Table 2. The results of statistical comparison between PlanBAO
and PlanEqui are summarized in Table 3. As a statistical result,
the mean dose has no significant differences between PlanBAO
and PlanClinic (P >.05), while the mean dose of PlanEqui has a
significant difference with PlanBAO (P <.05). These results
signified that PlanBAO is superior to PlanEqui and similar to
PlanClinic in OARs. The mean dose is visualized for each structure
in Figure 5 as a boxplot. The central mark (red) indicates the
median, and the top and bottom edges of the box indicate the
25th and 75th percentiles, respectively. The whiskers (-) extend to
the most extreme data points, while not considering outliers (+).
Table 4 summarizes the average of the mean, minimum,
maximum doses of OARs for the three planning methods. As a
result, guidance using the BAODS-Net method may engender a
Frontiers in Oncology | www.frontiersin.org 654
plan with a quality similar to that created by the planner. In the
case of the equi-spaced plan, the quality is relatively low
compared to that of the clinical plan.
DISCUSSION

The conventional procedure for creating a proton DS treatment
plan is time-consuming and planner dependent. BAO can be
utilized as a logical step for the development of efficient and
optimal proton plans, similar to studies finding optimal fields in
the static IMRT planning area. To date, there is no clinically
applicable commercial software for BAO or for enabling intuitive
comprehension by a planner.

In this study, we designed BAODS-Net, a new deep-learning
based method of BAO for proton therapy. BAODS-Net is based
on a CNN and employs the patient anatomy and HU data from
the DICOM-RT structure file and AIP CT images, which are
automatically extracted using the Eclipse API. The output is the
predicted Sbeam as angle ranking information, which could be
used as a priori knowledge to guide the determination of the
three gantry angles used for clinical practice.

According to the study results, the proposed method
produced clinically acceptable and practical plans. The time
required to create a proton DS treatment plan was decreased
FIGURE 4 | Two test cases of reference and predicted Sbeam and 2D dose distribution at the isocenter plane: case 1 (A–C) and case 2 (D–F).
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to approximately 5 min; specifically, the predicted Sbeam was
calculated within approximately 0.2 s through BAODS-Net.

This study provides key contributions and is distinguished
from recent BAO research in several ways. This study is the
first to employ the BAO method of the proton DS delivery
technique, and a deep-learning based one-stop solution was
developed. By leveraging this solution, a planner can refer to
the predicted Sbeam in the commercial TPS using Eclipse API.
In contrast, conventional BAO research required multiple
steps to solve the BAO problem, specifically optimizing the
fluence map and then computing the dose influence matrices.
However, in our research, only the patient CT anatomy and
Frontiers in Oncology | www.frontiersin.org 755
HU data were used for BAO procedures without dosimetric
information from candidate beams. Similarly, Barkousaraie
et al. (34) proposed a BAO method using the art column
generation (CG) method and a CNN. The architecture of their
deep-learning model is based on U-net (45), and the model is
trained to mimic the result of the CG algorithm by using only
extracted features from the patient anatomy. Although this
approach also does not directly use dosimetric information for
BAO, more time and additional effort are required to obtain
the CG algorithm results.

The following factors may have affected the measurement
accuracy. The predicted beam could not provide an optimal
TABLE 3 | Comparison of mean dose for organs-at-risk between PlanBAO and PlanEqui.

Normalized Mean Dose (%) Mean Difference (95% CI) p-value

PlanBAO (N = 37) PlanEqui (N = 37)

Total liver volume
Mean ± SD 10.7 ± 5.3 12.9 ± 5.8 -2.195 (-2.981, -1.409) <.0001a

Median (min–max) 9.2 (3.7–22.9) 11.5 (3.8–24.8)
Duodenum
Mean ± SD 1.8 ± 6.9 2.3 ± 6.8 -0.565 (-1.056, -0.074) 0.0253a

Median (min–max) 0 (0–40.4) 0 (0–39.8)
Stomach
Mean ± SD 1.3 ± 3.3 2.4 ± 4.2 -1.132 (-2.069, -0.196) 0.0192a

Median (min–max) 0 (0–14) 0 (0–18.5)
Esophagus
Mean ± SD 1.6 ± 4.9 6.5 ± 8 -4.868 (-7.270, -2.465) 0.0002a

Median (min–max) 0 (0–27.6) 3.2 (0–26.1)
Heart
Mean ± SD 0.5 ± 1 0.7 ± 1.2 -0.230 (-0.409, -0.050) 0.0136a

Median (min–max) 0 (0–5.6) 0.1 (0–4.9)
Spleen
Mean ± SD 0.2 ± 0.8 1.3 ± 3.4 -1.143 (-2.109, -0.178) 0.0216a

Median (min–max) 0 (0–4.8) 0 (0–14.4)
September 2021 | Volume 11 | Article
aPaired samples t-test.
TABLE 2 | Comparison of mean dose for organs-at risk-between PlanBAO and PlanClinic.

Normalized Mean Dose (%) Mean Difference (95% CI) p-value

PlanBAO (N = 37) PlanClinic (N = 37)

Total liver volume
Mean ± SD 10.7 ± 5.3 10.7 ± 5.2 0.051 (-0.335, 0.438) 0.7891a

Median (min–max) 9.2 (3.7–22.9) 9.2 (3.7–21.3)
Duodenum
Mean ± SD 1.8 ± 6.9 1.1 ± 4.6 0.678 (-0.115, 1.472) 0.0913a

Median (min–max) 0 (0–40.4) 0 (0–27.4)
Stomach
Mean ± SD 1.3 ± 3.3 1.0 ± 3.0 0.235 (-0.430, 0.900) 0.4778a

Median (min–max) 0 (0–14) 0 (0–14)
Esophagus
Mean ± SD 1.6 ± 4.9 1.6 ± 4.1 <0.001 (-0.551, 0.551) 1.0000a

Median (min–max) 0 (0–27.6) 0 (0–21.1)
Heart
Mean ± SD 0.5 ± 1.0 0.6 ± 1.0 -0.081 (-0.254, 0.092) 0.3473a

Median (min–max) 0 (0–5.6) 0 (0–3.9)
Spleen
Mean ± SD 0.2 ± 0.8 0.5 ± 1.9 -0.346 (-0.915, 0.223) 0.2252a

Median (min–max) 0 (0–4.8) 0 (0–10.3)
aPaired samples t-test.
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beam configuration because a reference Sbeam was originated
from PlanClinic. In addition, the PlanBAO was generated
without manual modification/optimization procedure such as
beam weight, collimator design, compensator design, etc. In
other words, it means that the plan quality of PlanBAO has the
scope for improvement. In this study, we considered only
coplanar proton DS plans for liver cases. However, if the
search space is expanded for a non-coplanar proton DS plan,
the proposed method could be applied to a non-coplanar
proton DS plan for other diseases. Meanwhile, it should be
noted that the field design of PlanEqui, specifically anterior–
posterior , RPO, and lef t posterior oblique can be
disadvantageous for liver cases. However, according to
Figure 5 and Tables 2–4, it can be confirmed that PlanBAO
Frontiers in Oncology | www.frontiersin.org 856
can create a plan of similar quality to that of PlanClinic by
considering the patient CT anatomy and HU data.

CONCLUSION

In this paper, we validated the feasibility of using BAODS-Net for
BAO of the three-port proton DS plan. BAODS-Net only used
geometric information automatically extracted through the Eclipse
API and could successfully predict the Sbeam for the planning. The
results clearly showed its potential for facilitating the three-port proton
DSplanning.TheBAODS-Netdramatically reduced theplanning time
and brought us one step closer to real-time adaptive proton
radiotherapy. Finally, the quality of PlanBAO was statistically verified
to be similar to that of PlanClinic in the mean dose of OARs (P >.05)
FIGURE 5 | Box plot for the average of the mean dose of each structure for plans guided by BAODS-Net, equi-spaced angle, and the planner method, respectively.
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Objectives: To automate image delineation of tissues and organs in oncological
radiotherapy by combining the deep learning methods of fully convolutional network
(FCN) and atrous convolution (AC).

Methods: A total of 120 sets of chest CT images of patients were selected, on which
radiologists had outlined the structures of normal organs. Of these 120 sets of images, 70
sets (8,512 axial slice images) were used as the training set, 30 sets (5,525 axial slice
images) as the validation set, and 20 sets (3,602 axial slice images) as the test set. We
selected 5 published FCN models and 1 published Unet model, and then combined FCN
with AC algorithms to generate 3 improved deep convolutional networks, namely, dilation
fully convolutional networks (D-FCN). The images in the training set were used to fine-tune
and train the above 8 networks, respectively. The images in the validation set were used to
validate the 8 networks in terms of the automated identification and delineation of organs,
in order to obtain the optimal segmentation model of each network. Finally, the images of
the test set were used to test the optimal segmentation models, and thus we evaluated
the capability of each model of image segmentation by comparing their Dice coefficients
between automated and physician delineation.

Results: After being fully tuned and trained with the images in the training set, all the
networks in this study performed well in automated image segmentation. Among them,
the improved D-FCN 4s network model yielded the best performance in automated
segmentation in the testing experiment, with an global Dice of 87.11%, and a Dice of
87.11%, 97.22%, 97.16%, 89.92%, and 70.51% for left lung, right lung, pericardium,
trachea, and esophagus, respectively.

Conclusion:We proposed an improved D-FCN. Our results showed that this network model
might effectively improve the accuracy of automated segmentation of the images in thoracic
radiotherapy, and simultaneously perform automated segmentation of multiple targets.

Keywords: deep learning, convolutional network, medical image segmentation, similarity coefficient, radiotherapy
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INTRODUCTION

As medical imaging technology and computer technology
are being increasingly applied in the field of oncology
radiotherapy, radiotherapy has now developed to a stage where
precision radiotherapy, characterized by image-guided and
adaptive radiotherapy, became predominant (1, 2). Precision
radiotherapy requires precise delineation of the target area and
organs at risk, accompanied by online image-guided therapeutic
irradiation, as well as the modification and adjustment of
subsequent radiotherapy plans, which ultimately aimed to ensure
the delivery of the effective dose to the target while avoiding normal
tissues and organs. In current practices of clinical radiation therapy
planning, thedelineationof the target area andorgans at riskusually
involves manual work of experienced radiologists and tumor
radiotherapy physicists, which is a time- and labor-intensive
process. The accuracy and efficiency rely heavily on the clinical
experience of physicians and physicists, and it cannot avoid the
large variability between delineators. The development of
computer-automated processing and artificial intelligence is
driving rapid advances in automated and semi-automated
delineation algorithms based on various computational image
processing techniques, some of which have been put into clinical
practices, including segmentation algorithms based on features of
image gray level, color and texture, nonlinear diffusion algorithms
using level setmodel, automated segmentation algorithms based on
templates, and machine learning algorithms based on manually
extracted features (3). However, these semi-automated and
automated segmentation algorithms are still immature. Especially
when boundaries between organ tissues are not obvious, the
performance of automated segmentation is particularly
unsatisfactory. The template-based algorithm requires a lot of
running time due to the compositions of the template library,
while the recognition of image features depending on professional
experience is not necessarily ideal. Besides, most of the current
algorithms are designed for a single organ or tissue, thereby being
incapable of auto-segmenting multiple organs or tissue, which
results in the inefficiency of clinical work.

In recent years, artificial intelligence technologies based on
deep learning have presented tremendous opportunities for
various fields including clinical medicine. Deep convolutional
neural network (DCNN), or convolutional neural network
(CNN) (4), is widely used in computer image recognition and
more and more in the research of automated segmentation of
medical images. For example, the U-net DCNN proposed by Olaf
et al. (5) was applied to biomedical image recognition to achieve
automated segmentation of biological cell images. When the
DCNN is applied to medical image segmentation, image features
can be extracted layer by layer from low to high through multi-
layer convolution operation, and the automatically extracted
features are correctly classified through iterative training and
learning of calibration datasets, so as to achieve simultaneous
Abbreviations: FCN, fully convolutional network; AC, atrous convolution; D-
FCN, dilation fully convolutional networks; DCNN, Deep convolutional neural
network; CNN, convolutional neural network; GPU, graphic processing units; CT,
computed tomography.
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segmentation of multi-structure targets (6–8). If we combine the
trained DCNN model and graphic processing units (GPU)
hardware acceleration, computed tomography (CT) images of
tissues or organs experiencing radiotherapy can be segmented
rapidly, and the structure of the target area and organs at risk can
be accurately delineated automatically, which will promote the
further development of precision radiotherapy.
MATERIALS AND METHODS

Patient Datasets and Computer
Working Platform
For this experiment, we collected the image data from the image
database of clinical radiotherapy cases established at the early
phase by the Department of Radiotherapy of Affiliated Hospital
of Xiangnan University. Our research team searched the image
database according to the disease type and structure, with search
items such as lung cancer, left lung, right lung, pericardium,
trachea, and esophagus, and eventually obtained the image data
of clinical lung cancer cases undergoing radiotherapy. The image
data included chest CT scan sequences of desensitized patients
and the corresponding files of organ structure contour. With the
aid of relevant medical image processing technology that
analyzed and extracted the contouring data of the structure of
each organ in the images, the organ delineation atlas
corresponding to each slice image on the CT image sequence
was thus generated.

The experimental data set contained a total of 120 sets of
chest CT images. Among them, 70 sets were randomly selected as
the training set that included 8,512 axial slice images and organ
delineation contour maps; 30 sets were randomly selected as the
validation set that included 5,525 axial slice images and organ
delineation atlases; 20 sets were randomly selected as the test set
that included 3,602 axial slice images and organ delineation
atlases. Figure 1 is one of the examples, in which Figure 1A is the
axial slice image of the patient and Figure 1B is the organ atlases
delineated by the physician.

This study was performed on an ultramicro 4028GR-TR
computer server. Its hardware system contained two Intel E5-
2650V4 models of CPU, 128 GB of memory, 3 TB of SSD hard
disk, and 8 GPUs of NVIDIA GeForce 1080Ti model; the
software system included Ubuntu Server 16.04 operating
system, CUDA8.0 and cuDNN6.0, and the latest Caffe deep
learning framework.

Optimization and Improvement of Fully
Convolutional Network
The basic mechanism of the FCN proposed by Shelhamer et al.
(9) is that FCN extracts image features through convolution,
performs feature compression for feature image pooling
processing, obtains segmented images as big as the original
image through upsampling, and then optimizes output
adjustment with the jump structure.

Six published networks were used in our study, including
FCN based on the VGG16 (10) algorithm, the DeepLab series
September 2021 | Volume 11 | Article 719398
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proposed by Chen et al., and the U-net (5, 9, 11, 12), as well as
three dilation fully convolutional networks (D-FCN) modified by
our research team through combining the deep learning methods
of fully convolutional network and atrous convolution (AC). It’s
reported that systematic dilation supports exponential expansion
of the receptive field without loss of resolution or coverage,
which increases the accuracy of state-of-the-art semantic
segmentation systems (13). We used the training dataset for
tuning and training to obtain the optimal network models for the
forementioned chest image segmentation by comparing and
comprehensively analyzing the automated segmentation results
and manual delineation results of each network training model.

Preprocessing of data: Because the pre-training models
selected for this study are based on the results of training with
RGB three-channel natural images, and the medical image sets
used in this study are single-channel CT images, it is necessary to
construct the single-channel medical image into three-channel
image in the data input layer. In the present study, we made two
copies of the original image data to constitute virtual three-
channel medical image data.

Published model training: We selected 5 DCNNs based on the
FCN VGG16 algorithm, including FCN 32s, FCN 16s, FCN 8s,
DeepLab-largeFOV, and DeepLabv2-VGG16, and 1 U-net
model, which are suitable for image segmentation. We also
leveraged these models trained on other natural image data
sets as pre-trained models. We modified and optimized the
pre-trained models, including changing the data input layer to
adapt it to the data format of the medical image in our datasets.
We added the window adjustment layer by combining the
difference between medical images and natural images. In our
study, the [-300, 600] window width was divided into three equal
parts according to the characteristics of the window values of
each structure of chest CT. The equally divided value range was
the window width, and the median value was the window value.
The window was adjusted for each channel separately. We set the
number of characteristic maps of the output layer according to
the category of the target that the experiment was designed to
segment, and used the images in the training set to perform
500,000 repeated iterations for tuning and training these network
models, so as to obtain the optimal training result of each
Frontiers in Oncology | www.frontiersin.org 361
network. In addition, it is necessary in the training process to
adjust and optimize the training hyperparameters as actual
training situations might change – specifically, learning
strategy, initial learning rate, batch size, momentum, weight
decay rate, etc., to improve the prediction accuracy of the model.

Training of the modified models: While combining the
characteristics of FCN and the idea of atrous convolution, the
pool3, pool4, and pool5 of the FCN 32s network, as well as part
or all of the subsequent convolutional layers, were modified into
dilation convolutional layer, namely, the so-called D-FCN. A
total of 3 modified FCN models were thereby generated: D-FCN
4s, D-FCN 8s, and D-FCN 16s (Figure 2). Similarly, we
employed the same datasets to tune and train the modified D-
FCN models with the FCN32s network model as a pre-
training model.

Optimal model validation: During the training process, a
series of training models were generated with every 5,000
iterations as an observation mirror image. The manually
delineated structural contour regions in the 5,525 images of the
30 patients in the validation set were used as the prediction targets
to validate the segmentation consistency of the training models
that were obtained from the training of the above 9 networks,
respectively.We worked out the Dice coefficient by calculating the
similarity between the automated segmentation results of the
training models and the manual delineation results, and thus
drew the Dice curve of the training models under different
iterative mirrors of each network. Finally, we found the optimal
segmentation model of each network by analyzing the Dice curve.

Automated Image Segmentation Test of
Network Models
The manually delineated contour regions of 20 sets of 3,602 axial
slice images in the test set were used as the prediction targets. The
optimal segmentation models selected above were employed to
perform the automated segmentation of the targets so that we
could test the effectiveness of each network model and the
accuracy of automated segmentation. We calculated the
similarity between the automated segmentation results and
the manual delineation results in terms of global and individual
organ structures, respectively. We compared the Dice coefficients
A CB

FIGURE 1 | Images of a lung patient in the experimental data. (A) is the original axial slice image of CT scan; (B) is the axial slice image of CT scan delineated by
the physician; (C) is the contour of delineated organs extracted after processing.
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and comprehensively evaluated each network model while
considering the speed of automated segmentation processing.

Evaluation Indicators
As we all know, intersection-Over-Union (IoU) and Dice
coefficient are both important and common indicators for
segmentation neural network assessment. The previous report
which compared Dice coefficient with IoU, indicated that using
Dice could have higher score than IoU (14). Therefore, in this
paper, Dice coefficient is used to evaluate the effect of automated
Frontiers in Oncology | www.frontiersin.org 462
segmentation by network models, that is, to evaluate the similarity
between the automated image segmentation results and the
manual delineation results of physicians. Dice is calculated by:

Dice(X, Y) =
2 ∗ X ∩ Yj j
Xj j + Yj j

Where X denotes the set of pixels for the automatically
segmented image, Y denotes the set of pixels for the manually
delineated image, | X ∩ Y | is the intersection of two sets of pixels,
A

C

B

FIGURE 2 | 3, 7, 64, 128, 512 and 4096 meant 3 7, 64, 128, 512 and 4096 image channels, respectively; d meant d-1 dilation were plug in between every two
elements of the convolution kernel; 2x and 4x are multiples of upsampling. (A) D-FCN 4S; (B) D-FCN 8S; (C) D-FCN 16S.
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and | X + | Y | is the union set of the both. The range of Dice is
[0, 1], and the higher the value of Dice is, the closer the result of
automated segmentation is to that of manual delineation. In this
paper, we calculated not only the global Dice of all segmented
target regions, but also the Dice of individual segmented target
region, so as to evaluate the effect of automated segmentation by
the model more comprehensively.
RESULTS

In our study, the training set was comprised of 70 sets of 8,512 CT
axial slice images of patients undergoing pulmonary radiotherapy,
as well as organ atlases manually delineated by radiologists. Nine
deep networks, including 6 published networks and 3 networks
modified by us, were tuned and trained for automated image
segmentation, respectively. 30 sets of 5,525 CT images, as well as
Frontiers in Oncology | www.frontiersin.org 563
manually delineated organ contour atlases, constituted the
validation set, and were used to validate the consistency of the
models obtained from tuning and training. The optimal
segmentation model of each network was determined by Dice
analysis. Finally, the effectiveness and accuracy of the optimal
segmentation model of each network were tested by a test set
containing 20 sets of 3,602 CT images, and the performance of
each model in automated image segmentation of radiotherapy
localization was comprehensively evaluated.

Training and Optimization Results of
Network Model
Figure 3 presents the Dice curves for the training and validation
processes of the 9 networks. The Dice value of each network
model increased with the number of iterations during the
training. The convergence of Dice values showed that the
improved D-FCN 4s model constructed in this study
A CB

D FE

G IH

FIGURE 3 | | Dice curves of the training effects of the 8 network models. (A) is the Dice curve of the training effect of FCN 32s network; (B) is of FCN 16s network;
(C) is of FCN 8s network; (D) is of DeepLab-largeFOV network; (E) is of DeepLabv2-VGG16 network; (F) is of D-FCN 16s network; (G) is of D-FCN 8s network;
(H) is of D-FCN 4s network; (I) is of Unet network.
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(Figure 3H) had the fastest convergence rate and the best stable
convergence rate compared with the other models.

Table 1 shows the statistical results of the iterative operation
of automated segmentation of organs for each model, including
the optimal Dice score and the number of iterations when
reaching the optimal value. All the models in our study
presented high global optimal Dice, which suggested that the
automated segmentation results were close to the expert
delineation results. The D-FCN 4s model proposed in this
paper had the highest global Dice (87.11%) compared with the
other models, indicating that it had superior performance in
automated segmentation to the other models.

Test Results and Analysis of
Automated Segmentation
Table 2 shows the test results of automated segmentation of
target structures for the 9 models by using the images in the test
set. The table lists the global Dice of one-time automated
segmentation of 6 target organs of each test case by different
models, the optimal Dice of individual organ structure, and the
automated segmentation operation time of each model. The
comparison between the automated segmentation results of
each model for the test set or the validation set both showed
that D-FCN4s has a better segmentation effect than or is
equivalent to the other network models, regardless of the
global Dice or the Dice of the individual structure. Regarding
Frontiers in Oncology | www.frontiersin.org 664
automated segmentation operation time, D-FCN4s was slower in
prediction segmentation than the other models because it
preserved more image details for the sake of a finer
segmentation effect. There was no downsampling operation
above the Pool3 layer, and as a result, the resolution of the
feature image in the following layers was larger, so the amount of
computation increased greatly and the speed of prediction
became slower. However, the predicted automated delineation
speed of DFCN4s, which took less than 3 minutes on average,
was acceptable in the practice of radiotherapy

Figure 4 shows the comparison between the results of
automated segmentation delineation of some test cases and
manual delineation by radiologists. In this figure, each
horizontal line lists a comparison of different test cases. The
left-side images were delineated by physicians and the right-side
images by the D-FCN4s model automatically. The delineated
contours of the both sides are very consistent with each other,
especially for some closed esophageal or tracheal contours that
are not easy to be distinguished by naked eyes. The trained
D-FCN4s show good ability of predictive segmentation.
DISCUSSION

When designing a clinical radiotherapy plan, radiologists are
required not only to accurately determine and delineate the
September 2021 | Volume 11 | Article 719398
TABLE 1 | Iterative operation results of automated organ segmentation for the 8 network models.

Network Model Global Dice/% 95% CI Best epoch (× 10000)

Lower Upper

FCN 32s 86.32 78.25 93.50 77
FCN 16s 86.51 78.68 93.69 80
FCN 8s 86.95 79.23 93.80 78
Deeplab-largeFOV 86.36 77.94 93.67 76
Deeplabv2-VGG16 86.89 79.00 93.93 73
D-FCN 16s 86.47 78.09 93.82 72
D-FCN 8s 87.05 79.11 94.01 78
D-FCN 4s 87.11 79.40 93.95 78
Unet 86.81 78.96 93.75 74
CI, confidence interval.
TABLE 2 | Test results of the optimal segmentation models of the 8 network models.

Network Model Dice/% Average time/s

Global Lung
(L)

Lung
(R)

Heart Esophageal Trachea Spinal
Cord

FCN 32s 86.32 97.15 96.75 88.87 69.13 84.36 81.68 32
FCN 16s 86.51 97.2 96.87 89.34 69.78 84.65 81.2 36
FCN 8s 86.95 97.17 97.08 89.17 70.63 85.13 82.52 36
Deeplab-largeFOV 86.36 97.17 96.94 89.28 68.19 84.51 82.08 13
Deeplabv2-VGG16 86.89 97.14 97.14 89.85 69.83 85.15 82.2 35
D-FCN 16s 86.47 97.2 97.02 89.71 68.23 84.75 81.9 30
D-FCN 8s 87.05 97.21 97.01 90.21 69.79 85.4 82.68 55
D-FCN 4s 87.11 97.22 97.16 89.92 70.51 85.05 82.78 173
Unet 86.81 97.17 96.98 89.67 69.95 84.55 82.51 20
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FIGURE 4 | The comparison between the automated segmentation delineation of some test cases and the manual delineation results of the radiologist. In the figure,
each horizontal line lists a comparison of different test cases. The left side is delineated by physicians and the right side by the D-FCN4s model automatically.
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tumor target area to be treated, but also to delineate the normal
tissues and organs at risk that may be potentially irradiated. The
accuracy of contouring organs at risk determines the quality of
dose optimization in radiotherapy planning (15), thus directly
affecting the success of radiotherapy or the incidence of
complications (16). However, the accuracy of manual
delineation is highly dependent on the clinical experience of
radiologists, whose manual work might be inefficient (17–19).
Therefore, automated organ delineation methods based on
image segmentation have been attracting the tremendous
interest of many scholars, who developed many different
automated image segmentation and delineation algorithm
models. Nonetheless, so far, most of the automated partition
and delineation software commonly used in radiotherapy
clinically are regional segmentation methods based on
regional features such as gray level distribution (20), and the
template automated delineation method based on empirical
atlas and deformation model (21). The former is not effective
for regional segmentation for little variation in gray level
distribution, while the latter is sensitive to template quality,
and the delineation effect is not good enough to meet the
clinical requirements. Relevant studies (22) indicated that the
mean Dice values of template-based automated partition
delineation software using single and multiple template
delineation, in the automated delineation of the geometric
accuracy of organs at risk in head and neck radiotherapy, were
0.68 ± 0.20 and 0.74 ± 0.16, respectively (P = 0.01). Peng
Yinglin et al. (23) found in the pre-clinical test report of the
same automated delineation software that when the image to
be delineated is significantly different from the template image,
the Dice score of automated organ delineation was only 0.46 ~
0.89. In recent years, the emerging deep learning method based
on neural networks can automatically learn features and
perform feature recognition at multiple levels, which has
achieved great results in the application of automated
recognition and segmentation of medical images. Ilsang Woo
et al. (24) used a convolutional network method for automated
segmentation of magnetic resonance images, and the Dice/%
was greater than 85%, significantly higher than that of the
traditional algorithm. Khalifa F et al. (25) employed a
multiscale convolutional network method to perform
automated segmentation of the kidneys on abdominal CT
images with a Dice/% of 97.27%. In this paper, the pre-
training and tuning methods of deep learning were leveraged
to pre-train and optimize the published DCNN models such as
FCN and DeepLab and the Unet model suitable for natural
image segmentation, which were further improved by
optimizing the FCN network model and combining the
atrous convolution method. After the models were fully
tuned and trained, the automated segmentation test was
performed with another set of image in the same category.
The results showed that the performance of the improved
network model in automated organ segmentation was better
than that of the other published models. The D-FCN 4S model
proposed in this study brought about results that were very
close to those of manual delineation in most segmentation of
Frontiers in Oncology | www.frontiersin.org 866
organ structures. The test experiment showed that in terms of
individual organ structure, this D-FCN 4S model had the
highest accuracy in automated segmentation of lung and
pericardium, with an Dice of 97% and 89%, respectively. The
similarity between automated and manual delineation of
trachea and esophagus was relatively low, with an Dice of
70.51% and 85.05%, respectively. Since there is often great
disagreement when physicians delineate organs such as the
esophagus in the closed state (19, 26–29), using these datasets
with great disagreement to train network models might
potentially reduce the automated recognition ability of the
models. At the same time, individual differences in physician
delineation could somewhat reduce the consistency of
automated delineation tests (30, 31). Therefore, when using
machine learning tools like artificial intelligence automated
delineation, it is necessary to label and optimize the data for
deep learning models, and the results from automated
delineation still need to be confirmed and modified by
physicians. In addition, the results of this study revealed that the
ability of the model to recognize and segment some small organ
structures is relatively poor, and thus we need more efforts for
debugging of parameters and iteration deepening when training
and optimizing the models. We should seek more appropriate
network parameters and iteration endpoints to improve the
automated recognition ability and segmentation accuracy of the
model. Besides, the cross-validation with smaller bias should be
performed in the future studies. These are the issues that need to be
addressed in our subsequent studies.
CONCLUSION

This study introduced DCNN based on natural image
segmentation into medical image segmentation and proposed
an modified D-FCN that could effectively improve the ability of
predictive segmentation of target images. Combined with GPU
hardware acceleration, further optimization of network
parameters and training levels might be expected to achieve
rapid segmentation of images of organs at risk in the thoracic
radiotherapy planning, thus paving the ground for automated
design of radiotherapy plans in the future.
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Precision interventional brachytherapy is a radiotherapy technique that combines radiation
therapy medicine with computer network technology, physics, etc. It can solve the
limitations of conventional brachytherapy. Radioactive drugs and their carriers change
with each passing day, and major research institutions and enterprises worldwide have
conducted extensive research on them. In addition, the capabilities of interventional
robotic systems are also rapidly developing to meet clinical needs for the precise delivery
of radiopharmaceuticals in interventional radiotherapy. This study reviews the main
radiopharmaceuticals, drug carriers, dispensing and fixation technologies, and
interventional robotic precision delivery systems used in precision brachytherapy of
malignant tumors. We then discuss the current needs in the field and future
development prospects in high-precision interventional brachytherapy.

Keywords: precision brachytherapy, interventional surgery, radiopharmaceuticals, drug delivery, tumor treatment
INTRODUCTION

Malignant tumors (MT) are among the most severe diseases threatening human health conditions
in the 21st century. MT are also the focus of substantial research worldwide (1–3). The primary
treatment modalities for MT include surgical treatment, radiotherapy, chemotherapy,
immunotherapy, as well as the newly developed photothermal, photodynamic, and sound-
dynamic therapies (4–7). Of these, comprehensive surgical treatment mainly based on surgical
treatment plays a crucial role in the treatment of MT (8). However, it is often difficult, if not
impossible, to diagnose MT early. Accordingly, by the time tumors are found, patients are in the
middle and late stage of the disease, and the rate of surgical resection and radical cure is thus low (9–
11). Therefore, tools to improve the therapeutic effect of existing treatments on patients with MT is
an urgent problem to be solved and a hot research topic at the moment.

Radiotherapy is one of the three most-commonMT treatment modalities, along with surgery and
chemotherapy. It uses ionizing radiation to kill tumor cells and shrink tumors (12, 13). Versus
October 2021 | Volume 11 | Article 753286169
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surgery and chemotherapy, radiotherapy uses colorless, odorless,
invisible, and non-invasive radiation to kill tumor cells. It is
widely used in the radical curative treatment or palliative
treatment of pr imary MT and metas tat ic tumors .
Approximately 70% of patients with malignancy need radiation
therapy at various stages of their treatment, of which 70% are
radical radiotherapy. Radiotherapy accounts for about 40% of
cured malignancies (14). The goal of radiotherapy is to maximize
the radiation dose to the lesion (target) area for a long time and
kill tumor cells while preventing or protecting surrounding
normal tissues or organs from unnecessary radiation exposure,
thus providing the required special protection to some vital
organs such as the brainstem, spinal cord, kidney, gonads,
etc. (15).

Traditional radiotherapy techniques, such as Co-60
teletherapy with poor precision and limited radiotherapy
effectiveness, only achieve the primary stage of the radical
curative treatment of the tumor, and also cause temporary or
permanent damage to normal tissues and organs (16, 17).
Interventional medicine has progressed particularly rapidly and
led to the development and use of interventional radiotherapy
techniques, in which radiopharmaceuticals are directly injected
into the lesions through intubation and injection to enrich the
concentration of the drugs in the lesions. This enables precise
and targeted delivery of radiopharmaceuticals and overcomes the
deficiency of traditional Co-60 teletherapy (18–20). However,
there are still a series of problems to be solved in using
radiopharmaceuticals in interventional radiotherapies, such as
the selection of radiopharmaceuticals and their carriers, the
uniform distribution and long-term fixation. In addition,
interventional internal radiation therapy uses padding and
manual implantation of radioactive drugs by doctors with their
bare hands. This can prevent accurate calculations and
evaluation of the injection pressure. Surgeons are thus exposed
to radiation hazards. There is also an increase in patients with
radioactive leaks and absorbed dose by non-target organs when
the implantation operation time is too long and the injection
pressure is too high. In addition, most implantation of
radiopharmaceuticals is performed under computed
tomography (CT) guidance. Although CT offers high
resolution, it has problems such as being unable to be used in
real-time dynamic navigation, with repeat punctures or offer
precise delivery.

Precision interventional brachytherapy (PIBT) is a gradually
developed radiotherapy technique that combines radiotherapy
medicine with computer network technology, physics, etc. to
address the limitations of conventional internal radiotherapy
(21). For example, the most advanced radiotherapy equipment in
vascular interventional robotic surgery is accurate to millimeters
with very low side effects. This increases the accuracy of
radiotherapy and thus application in clinical practice.
Interventional doctors use catheters, guide wires, and other
interventional devices to eliminate the heavy burden of lead
protective aprons and reduce radiation exposure. Robot-assisted
percutaneous coronary intervention (PCI) surgery can reduce
radiation exposure by 97% (22). In addition, dispensing and
Frontiers in Oncology | www.frontiersin.org 270
fixation technologies for radiopharmaceuticals and drug carriers
and precise delivery systems are active research topics. This
paper reviews the main radiopharmaceuticals (131I, 125I, 177Lu,
etc.), drug carriers (Lipiodol, Microspheres, Hydrogels, etc.),
dispensing and fixation technologies (SHIFT, Medrad, etc.),
and interventional robotic precision delivery systems used in
malignant tumor PIBT (Figure 1). It also discusses the current
needs of the field and future development prospects.
COMMONLY USED RADIONUCLIDES

As early as 1901, Pierre and Marie Curie used small radium tubes
for the first time to treat malignant tumors marking the birth of
endoradiotherapy technology (23, 24). In 1970, Felix Mick
developed a low-energy 125I particle source containing iodine
particles encapsulated in capsules and placed in a titanium tube.
The 125I was subsequently used for endoradiotherapy of prostate,
liver, and lung cancer; its efficacy was clinically proven and
widely recognized over the following decades (25–27). Versus
conventional external radiotherapy, permanent 125I seed
implantation has its unique advantages. The first is that the
release of x-rays, g-rays, and other types of radiation is from the
inside of the tumor tissue, causing DNA damage to tumor cells
(28). As a result, the irradiation route does not need to pass
through normal tissues to reach the target area. The dose
distribution follows the inverse square law with an increase as
distance decreases. Thus, the surrounding normal tissues are well
protected, and the incidence of complications is low. Second, the
local dose is high. The intensity of the implanted radioactive
source is small, and the effective irradiation radius is short; thus,
a higher radiation dose can be applied to the tumor target
area (29).

The commonly used nuclides in nuclear medicine mainly
include 125I, 103Pd, 169Yb, 198Au, 131Cs, 137Cs, 192Ir, 60Co, etc.
(30). New nuclides such as 241Am, 152Cf, 26Ra, and 145Sm have
recently attracted considerable attention. They have been used in
clinical practice, but the most commonly used nuclides are 125I
and 103PD, which have become essential to traditional external
radiotherapy (31). The most common models of brachytherapy
source models seeds are Pharma Seed BT-125-1 or BT-125-2
(Syncor Pharmaceut ica l s Inc , Golden , CO, USA) ,
ADVANTAGE™Pd-103 IAPd-103A (IsoAid LLC, Port Richey,
FL, USA), Prospera I-125-Med363 (North American Scientific,
Inc., Chatsworth, CA, USA), Best® I-125 (Best Medical
International, Inc., Springfield, VA, USA), and Type 6711 125I
particles (HTA Co., Ltd., Beijing, China). The diameter of 125I
particles is 0.8 mm, and the length is 4.5 mm; the wall thickness
of the enveloping titanium tube is 0.05 m (the source core is j
0.5mm×3.0mm to adsorb 125I silver rod, which is suitable for
killing tumor cells with slow growth). Although radionuclide
particle therapy for tumors has high safety and achieves sound
therapeutic effects, there are still some constraints, such as
selecting radionuclide particles for the precise treatment of
tumors with different proliferation rates to obtain the
maximum killing effect. Second, there are complications and
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adverse reactions after particle implantation. Finally, there is a
need to study further the efficacy evaluation methods of particle
implantation combined with external radiotherapy.
CARRIERS OF RADIONUCLIDES FOR
INTERVENTIONAL BRACHYTHERAPY

Iodized Oil
Lipiodol is the most commonly used carrier for radionuclide
drugs because it is easy to inject and selectively deposited. For
example, 131I-labeled lipiodol has been proven to be clinically
effective and is commercially available (32). However, 131I suffers
from high-energy gamma photon emission (364 keV, 81%) (33),
and the radioactivity yield of 131I-labeled lipiodol is also poor.
Due to its suitable decay properties (T½ =6.73 days, Eb (Max)
=0.49 MeV, Eg=208 KeV [11%]), the half-life of 177Lu is
comparable to that of 131I without significant decay loss.
Frontiers in Oncology | www.frontiersin.org 371
The relatively low abundance of low-energy gamma photons
can be used for simultaneous scintillation imaging and dosimetry
studies without a significant additional dose burden to the
patient. Thus, it is a feasible substitute of 131I in lipiodol for
liver cancer radiotherapy (34, 35). However, water-soluble
nuclide particles are difficult to disperse stably in lipiodol for a
long time. For instance, Suresh et al. treated a rat orthotopic liver
tumor model with 177Lu-labeled lipophilic 8-hydroxy-quinoline
mixed with lipiodol by a traditional method. They found that it
was prone to radioactive leakage and deposited in bone tissue
(36). This limited the clinical application of lipiodol with 177Lu-
labeled. Therefore, it is an important direction and hot topic for
future research to develop efficient, simple, and stable lipiodol/
nuclide preparations and obtain stable and long-term
interventional radiotherapy.

Microspheres
Recently, some progress has been made in developing methods for
the preparation of interventional radioactive microsphere
FIGURE 1 | Schematic showing radionuclide particles, radionuclide carriers, and dispensing systems commonly used in interventional brachytherapy.
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embolization materials (37). For example, Arranja et al. (38)
dispersed solid acetylacetone holmium microspheres (HO2
(Acac) 3-MS) in NaH2PO4 or NaOH solutions and incubated at
room temperature for 2 h to obtain two new inorganic
microspheres. They then exchanged them with phosphate or
hydroxyl ions through acetylacetone to obtain Ho(OH) 3-MS
and Ho(OH) 4-MS. After preparing HopO4-MS and Ho(OH)
3MS, the stable isotope 166Ho was partially converted into
radioactive 166Ho by neutron activation, and high activity
radioactive microspheres were obtained. Zielhuis et al. (39) used
elemental holmium combined with the carboxylic acid group of
alginate polymer through electrostatic action to obtain alginate
microspheres loaded with holmium. Finally, 166Ho was added into
calcium-hardened alginate microspheres to obtain microspheres
with high radiochemical stability (94% after 48 h incubation in
human serum). Ma et al. (40) performed 131I labeling using gelatin
microspheres as carriers, and through a study in a New Zealand
rabbit liver model, found that the nuclides were aggregated in the
liver in the form of microspheres after 131I-GMSS administration.
In addition, radioactivity was detected 48 days after injection of
131IGMS, and the microspheres were degraded to different extents
24, 32, and 48 days after the injection of 131I-GMSS. Although these
microspheres offer high activity and degradability, they are
primarily limited to basic research at the animal level, and few
radioactive microspheres can be applied in human clinical practice.

The most commonly used clinical radiation microspheres are
radioactive 90Y microspheres. They can be injected into tumor
lesions through digital subtraction angiography (DSA) super-
selection, and the b-rays emitted by them can be used to kill
tumors and perform endoradiotherapy (41–43). Theraspheres
and SiR-spheres are available in the market. They are safe and
efficacious for the treatment of TM. Several side effects are
associated with trans-arterial procedures (44, 45) including
dissociation of cargo and formation of ectopic embolism.
Furthermore, since 90Y only emits beta rays and cannot be
detected by single-photon emission computed tomography/
positron emission tomography (SPECT/PET) imaging, it is
difficult to obtain the drug distribution behavior in vivo by
imaging techniques. There is a blind spot of the correlation
between therapeutic effect and nuclide quantification. Thus, it is
challenging to make unified clinical recommendations. 90Y
microsphere treatment is economically expensive, and thus
widespread use of this treatment is quite limited.

Others
Other radiopharmaceutical carriers mainly include scaffolds,
hydrogels, etc., such as the intensity-modulated radiation-
acrylic repositioning stent for the treatment of head and neck
cancer reported by Lee Vsk et al. Retrospective cohort studies of
patients with maxillary sinus, nasal, or oral cancer have revealed
that acrylic repositioning stents do not alter radiotherapy
outcomes and are highly stable (46). Zhu et al. (47) developed
a biliary stent loaded with 125I radioactive particles, and used a
comparative clinical study of 23 patients to show that 125I seeds
in the biliary stent not only improved the patency of the patients’
biliary tract, but also prolonged the patients’ survival time.
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Hydrogels have become a hot research topic in recent years
due to their excellent biocompatibility, biodegradability, and
outstanding clinical application value (48, 49). Hydrogel
carriers have also played an essential role in the study of
cancer brachytherapy. For instance, Schaal et al. (50) used
radionuclide 131I to label a thermal micelle composed of an
elastin-like polypeptide (ELP) to form an in situ hydrogel
brachytherapy of prostate cancer. The study was performed on
a human PC-3M-Luc-C6 prostate tumor model and human
BXPC3-Luc2 pancreatic tumor model and found that the ELP
pool retained 52% and more than 70% of radioactivity for 60
days in prostate and pancreatic tumors, respectively.
Furthermore, after 72 h, there was no significant accumulation
of radioactivity in the tissue outside the target (≦0.1%ID); the
median survival time of the two groups of nude mice was
significantly extended.

Puente et al. (51) used an injectable chitosan hydrogel capable
of releasing a chemotherapy drug (temozolomide, TMZ) while
retaining a radioactive isotope preparation (iodine, 131I) as the
carrier of intracavity local radiotherapy and chemotherapy for
the intraperitoneal therapy of brain gliomas. Some studies have
shown that injectable chemical-radio-hydrogel implants can
potentially improve local control and overall prognosis of
invasive, poor-prognosis brain tumors. Although some studies
suggest that hydrogels have many advantages, they are still
limited to basic research at the animal level. These materials
have not been clinically translated due to defects in drug delivery
and biological behavior.
RADIOPHARMACEUTICAL DISPENSING
AND FIXATION TECHNOLOGY

The precise implementation of interventional brachytherapy is a
significant clinical problem. The community needs to improve
the dispensing efficiency and drug stability while also reducing
the radiation injury to medical staff. This is an inevitable trend
for nuclear medicine: Replacing manual operation with
intelligent equipment (52, 53). The central dispensing systems
are UG-05 (Japan), Medrad (United States), IRIS (Italy).
However, such equipment has a single type of dispensing and
is expensive.

Zhang et al. successfully developed a PET molecular imaging
probe microfluidic modular integrated synthesis system for the
above problems. The system uses a modular microfluidic chip
strategy to synthesize different positron emission tomography
(PET) molecular image probes on an instrument and achieve the
chemical purity and radioactive chemical purity of online
controller drugs (54). The precision instrument equipment not
only dramatically expands individualization and increases the
accuracy of medical PET clinical applications, but also plays a
vital role in the research and development of related nuclear drugs
and radiation protection applications. However, this equipment is
not suitable for stable mixing of radiopharmaceuticals and
interventional embolic agents (such as lipiodol) commonly used
in the clinic. Given this, Liu ‘s team (55, 56) from Xiamen
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University developed a green, chemically free, super-stable
homogeneous lipiodol formulation technology (SHIFT)
(Figure 2). This technology makes the reactor reach the state of
supercritical fluid by adjusting the temperature and pressure in
the reactor. One can then adjust the physical parameters such as
temperature and pressure to adjust the intermolecular force of the
drug. This technology not only improves the solubility of drug
molecules in lipiodol, but also achieves a homogeneous and stable
state for several months to offer long-term fixation of radioactive
drugs and interventional embolization agents.
PRECISION DELIVERY SYSTEM OF
INTERVENTIONAL SURGERY ROBOTS

Interventional radiation therapy could be completed by an
intelligent operating system. In fact, the manual operation
based on experience is expected to be replaced by artificial
intelligence. In order to solve the fundamental problems facing
interventional radiation therapy such as intelligent precise
delivery, current research mainly focuses on operator design
choices, forced sensing information feedback, master-slave
control methods, artificial intelligence algorithms, and the
application of medical image analysis. Precision interventional
robotic systems mainly include vascular interventional robot
systems and particle-implantation robotic systems.
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Vascular Interventional Robotic System
The Hansen Sensei® robotic system for percutaneous coronary
intervention and percutaneous radiofrequency ablation was
launched by Hansen Medical Inc. (Mountain View, CA, USA). It
facilitates the entry and exit of the electrode conduit through the
contact rolling of the friction wheel. It offers a circumferential rotation
of the front end of the conduit by rotating the clamping device at the
end of the conduit (57). For peripheral vascular interventional (PVI),
a guidewire and a catheter should be used for drug injection. To
address this, Hansen Medical Inc. updated its Magellan® robotic
system by adding a set of friction band components in contact with
each other. They use relative friction and rolling to achieve feed
rotation of the guidewire. Versus the Artisan catheter, the Magellan
system is an intelligent catheter that is more refined in diameter and
has better angulation with tip force feedback. The major problem
with this system is that the operation requires the use of a specific
catheter, and the cost of a single operation is high (58).

The CorPath® GRX robot launched by Corindus Vascular
Robotics Inc. (Waltham, MA, USA) is currently the only robot
platform globally that can be used for PCI and PVI treatment at the
same time. This robotic system manipulates the guidewire to
complete the rotation and twist action of the feed by rolling and
rotating the holding chamber through multiple sets of friction
wheels. It then performs the rotation and feeds the guidewire
through a gear transmission mechanism with position movement
controlled by the manipulator’s arm. However, the current
FIGURE 2 | Schematic illustration of super-stable homogeneous lipiodol formulation technology (SHIFT) as a revolutionary strategy for transhepatic arterial
chemotherapy and embolization (TACE). The clinic drugs and lipiodol are introduced to develop formulations with SHIFT at a controlled temperature and pressure
overcoming current challenges in the hepatocellular carcinoma (HCC) treatment with TACE. (Reprinted with permission from Liu et al. (56). Copyright Elsevier B.V).
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CorPath® system still lacks the main end control mode. It can only
facilitate the remote end speed of the guidewire tube delivery
through the handle (22, 59).

In 2019, the French company Robocath SAS(Rouen France)
launched the R-One® robotic system for remote cardiovascular
interventional therapy. The system can be used for remote
delivery of coronary stents in PCI procedures. The robot is
designed with a hinged open-close holding pod similar to that
of CorPath®. However, its main-end controller can only control
the execution end speed and lacks force feedback design (60).

Yang et al. conducted in-depth research on artificial intelligence.
Rafi-Tari found potential operation skills of interventional surgery
through an artificial intelligence framework that made the operation
of the surgical robot smoother and more stable. They eventually
completed the surgical task in an experiment (61, 62). Chi et al.
proposed using artificial intelligence to enable the interventional
surgery robot to learn from the demonstration of the operation by
experts to complete the operation independently or explore
autonomously within the vascular model to try to accomplish the
surgical goals. The experimental results showed that artificial
intelligence could achieve this goal and a more accurate and
smoother operation process than manual operation (63–66).

Particle Implantation Robot System
The Elekta-Nucletron FIRST system from Elekta-Nucletron AB
(Stockholm, Sweden) includes an integrated real-time particle
therapy system (FIRST™) with robot-assisted needle recovery
and particle pushing devices. The system includes a computer-
controlled three-dimensional (3D) transrectal ultrasound
system, an integrated puncture and particle delivery device,
and an integrated treatment planning system. The surgical
robot was certified by the US FDA and Health Canada in 2001
and by the European Community (EC or CE) in 2002 for use
only in treating prostate cancer with particle implantation (67).

The MIRA-V system (68, 69) was developed at the University of
Western Ontario, Canada and is an ultrasound-guided minimally
invasive robot-assisted particle implantation system for the lung.
The robot carries lung dose planning software upgraded from the
Prostate Particle Implantation Planning System to improve the
accuracy of the execution plan (70). It also has an optical camera
and a 5DOF electromagnetic tracer sensor that can monitor the
position of the puncture needle tip. However, the system is still in
the laboratory stage and has not been reported in clinical
application. Recently, a multi-organ particle implantation surgical
robot (Para-Brachyrob system) was developed by the Research
Center for Industrial Robots Simulation and Testing (CESTER),
Technical University of Cluj-Napoca (Cluj-Napoca, Romania) for
high-dose-rate brachytherapy (71). It is still in the experimental
stage and has not yet received US FDA or CE approval.
DISCUSSION

To summarize, research on precision interventional
brachytherapy of malignant tumors has led to significant
Frontiers in Oncology | www.frontiersin.org 674
advances in the types, functions, choices, and quality of
radionuclides and their carriers in radiotherapy. However,
most nuclides and carriers with excellent performance are still
in the basic research and animal study stage. Future efforts
include optimizing the performance of existing nuclides and
carriers, stabilizing the nuclides in the lesion area for a long time,
improving the efficiency and safety of their use, and
clinical applications.

In addition, as the key to the accurate delivery of
interventional radiotherapy for malignant tumors, the
interventional surgical robot has initially achieved image
guidance at the technical level and realized preoperative
planning, puncture, and drug configuration automatically or
semi-automatically. However, clinical applications, to date,
have been limited: (1) Indications are narrow. Most
interventional surgical robots operate on patients with specific
tumors, and surgical robots involving other malignant tumors
are still in the laboratory stage. (2) The image guidance system is
single-mode. Existing equipment mainly uses ultrasound,
computed tomography (CT), or magnetic resonance (MR)
imaging to guide implantation. There is no surgical robot with
a multi-mode imaging system to guide the implantation process;
thus, it is impossible to map the radiopharmaceutical
distribution and pressure-gated feedback in real-time
accurately. (3) The robotic system is not intelligent enough. It
has not achieved the master-slave robot macro/micro composite
drive or an operating system with multi-channel control
feedbacks such as vision, force, and touch (haptics).
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Radiotherapy Department
Elisabetta Cagni1,2*, Andrea Botti 1†, Linda Rossi3†, Cinzia Iotti 4, Mauro Iori 1,
Salvatore Cozzi4, Marco Galaverni4, Ala Rosca4, Roberto Sghedoni1, Giorgia Timon4,
Emiliano Spezi2 and Ben Heijmen3

1 Medical Physics Unit, Azienda Unità Sanitaria Locale Istituto di Ricovero e Cura a Carattere Scientifico (USL-IRCCS) di
Reggio Emilia, Reggio Emilia, Italy, 2 School of Engineering, Cardiff University, Cardiff, United Kingdom, 3 Department of
Radiation Oncology, Erasmus MC Cancer Institute, Rotterdam, Netherlands, 4 Radiotherapy Unit, Azienda USL-IRCCS di
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Background: Agreement between planners and treating radiation oncologists (ROs) on
plan quality criteria is essential for consistent planning. Differences between ROs and
planning medical physicists (MPs) in perceived quality of head and neck cancer plans
were assessed.

Materials and Methods: Five ROs and four MPs scored 65 plans for in total 15 patients.
For each patient, the clinical (CLIN) plan and two or four alternative plans, generated with
automated multi-criteria optimization (MCO), were included. There was always one MCO
plan aiming at maximally adhering to clinical plan requirements, while the other MCO plans
had a lower aimed quality. Scores were given as follows: 1–7 and 1–2, not acceptable;
3–5, acceptable if further planning would not resolve perceived weaknesses; and 6–7,
straightway acceptable. One MP and one RO repeated plan scoring for intra-observer
variation assessment.

Results: For the 36 unique observer pairs, the median percentage of plans for which the
two observers agreed on a plan score (100% = 65 plans) was 27.7% [6.2, 40.0]. In the
repeat scoring, agreements between first and second scoring were 52.3% and 40.0%,
respectively. With a binary division between unacceptable (scores 1 and 2) and
acceptable (3–7) plans, the median inter-observer agreement percentage was 78.5%
[63.1, 86.2], while intra-observer agreements were 96.9% and 86.2%. There were no
differences in observed agreements between RO–RO, MP–MP, and RO–MP pairs.
Agreements for the highest-quality, automatically generated MCO plans were higher
than for the CLIN plans.

Conclusions: Inter-observer differences in plan quality scores were substantial and could
result in inconsistencies in generated treatment plans. Agreements among ROs were not
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better than between ROs and MPs, despite large differences in training and clinical role.
High-quality automatically generated plans showed the best score agreements.
Keywords: radiotherapy treatment planning, head and neck cancer, subjective plan quality assessment,
inter-observer and intra-observer variation, automated treatment planning
1 INTRODUCTION

Advanced radiotherapy delivery approaches such as intensity-
modulated radiation therapy (IMRT) and volumetric modulated
arc therapy (VMAT) have substantially increased opportunities
for sparing organs at risk (OARs) with proven clinical impact (1–5).
Ideally, for each individual patient, the applied treatment plan
maximally exploits the full potential of the applied delivery
technique. Currently, most treatment plans are generated with
interactive trial-and-error planning (“manual planning”). It is
well-known that plan quality in manual planning may be
suboptimal, e.g., depending on experience and ambition of the
planner, and on allotted planning time (6, 7). In recent years,
several systems for automated plan generation have been
developed, often resulting in enhanced plan quality compared
with manual planning (8–13).

In both manual and automated planning, human evaluation
and judgment of treatment plans are crucial. Normally, plans are
produced by medical physicists (MPs) or dosimetrists and
presented to treating radiation oncologists (ROs) for approval.
During manual plan generation, planners usually develop a
range of (intermediate) plans, but generally only a single plan
or sometimes two competing plans are discussed with the RO.
Prior to approval, the RO may request for adaptation of
presented plans. A necessary assumption for this workflow to
work well is that (unknown) disparity between planners and ROs
on characteristics of good/optimal plans is absent or minor. In
case of large disparity, a plan with high quality from the planner’s
point of view may be presented to the RO, while a different plan
with lower quality according to the planner, but clearly more
attractive to the RO if she/he would have been aware of it, is
intentionally not generated or presented. In such cases, there is
no guarantee that plan modifications are requested and, if
requested, to what extent the adapted plans would satisfy the
needs of the RO.

In this study, we have systematically investigated differences
between five ROs and four planning MPs, all working in a single
radiotherapy department, in perceived quality of head and neck
(HN) cancer plans. With the use of automated planning,
multiple plans were generated per patient. Plan quality was
scored using visual analogue scales.
2 MATERIAL AND METHODS

2.1 Patients and Clinical Treatment Plans
Planning CT data, contoured structures, and the clinical (CLIN)
plan of 15 arbitrarily selected oropharyngeal HN cancer patients,
recently treated with radiotherapy at Azienda USL-IRCCS
278
Hospital (AUSL) of Reggio Emilia (Italy), were included in this
study. Following American Joint Committee on Cancer (AJCC)
TNM staging (14), six patients were classified as T2N2, three as
T1N2, three as T2N1, and three as T4N2. Bilateral neck was
irradiated in all patients. A simultaneous integrated boost (SIB)
technique was used for all patients, delivering the prescribed
doses in 33 daily fractions. Total doses for PTVhigh,
PTVmedium, and PTVlow were 69.96, 59.4, and 54 Gy,
respectively (15–17). For each planning target volume (PTV),
the goal was to deliver 100% of the prescribed dose to 95% of the
volume. All plans were normalized so that exactly 95% of
PTVhigh received the prescription dose. Sizes of the involved
PTVs were as follows: 178.5 ± 97.3 cm3 [63.3, 409.6], 208.4 ±
105.7 cm3 [39.8, 431.7], and 184.8 ± 51.0 cm3 [95.2, 248.7] for
PTVhigh, PTVmedium, and PTVlow, respectively. OARs
considered in planning were spinal cord, brainstem, left and
right parotid, esophagus, oral cavity, larynx, mandible,
pharyngeal constrictor muscles, and submandibular glands
(17). Plans were generated using the following priorities for
achieving planning objectives: 1) sparing of brainstem, optic
chiasm, and spinal cord (so higher priority than PTV coverage);
2) achievement of PTV dose objectives in the order PTVhigh,
PTVmedium, and PTVlow; 3) parotid gland sparing; and 4)
sparing of other OARs and healthy tissues. The clinical planning
protocol was largely in line with international protocols, such as
RTOG (18–21) and JAVELIN protocols (22).

Patients were treated with 3-arc 6-MV VMAT delivered with
a TrueBeam STx linac (Varian Medical Systems, Palo Alto, USA)
(10 patients) or using TomoTherapy (Accuray Inc., Sunnyvale,
USA) (five patients). Clinical planning was performed with the
Eclipse Treatment Planning System (TPS) v. 13 (Varian Medical
Systems, Palo Alto, USA) or Tomoplan v. 3-4 (Accuray Inc.,
Sunnyvale, USA).

2.2 Global Study Design
Apart from the CLIN plan, two (for five patients) or four (for 10
patients) additional VMAT plans were evaluated in this study,
resulting in a total of 65 evaluable plans. The extra plans had
variable plan quality and were generated with automated
planning (details in Section 2.5). Each of the 65 available plans
was evaluated by five departmental ROs (three with more than 5
years of experience in HN radiotherapy and two with less than 1
year of experience) and four MPs (all with more than 5 years of
experience), resulting in a total of 585 subjective plan
evaluations. These involved ROs and MPs represented all
involved staff in HN treatment in our department at the time
of the study.

For each patient, every observer independently gave a score to
each of the 3 or 5 available plans in a single session (details in
Section 2.3). Scoring was blinded; i.e., observers did not know
October 2021 | Volume 11 | Article 706034
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how the plans were generated. Apart from giving a quality score
to each plan, observers were also asked what change they
considered most desirable for improvement of the plan
(without knowing whether this would be feasible or not); see
also Section 2.3.

To assess intra-observer variability in quality scoring, one RO
and one MP performed the entire scoring process for 65 plans a
second time, with a delay of at least a month. Previous results
were blinded.

2.3 Plan Scoring Procedure
For each patient, all available dose distributions were
simultaneously imported into the Eclipse TPS and linked to a
virtual plan without any mention of the original delivery
approach (VMAT or TomoTherapy), plan geometry, machine
parameters, etc. With all plans simultaneously open, the observer
gave a separate 1–7 score to each plan, following the routine
procedure for plan evaluation (inspection of 3D dose
distribution, dose–volume histogram (DVH) data, etc.), with
higher scores pointing at perceived higher quality: 1–2,
unacceptable (plan category 1); 3–5, acceptable if further
planning would not have resulted in a better plan (this
planning was not performed in this study) (plan category 2);
and 6–7, acceptable, no further planning needed (plan category
3). A 7-point scale was chosen because of good performance in
psychometric literature (23–25). In the remainder of this paper,
the 1–7 scores are denoted “raw” scores, while plan categories 1–
3 define the more intuitive “category” scores. The applied
division of the raw scores in categories was made before the
start of subjective plan scoring. As is visible in Supplementary
Figure S1, this division was also explicitly shown to the observers
while giving scores to plans. For the analyses, another scoring
system was introduced as well, the so-called “binary” scoring
system: raw scores 1 and 2 were grouped as binary score 0 (plan
is unacceptable), and raw scores 3–7 were given binary score 1
(plan is in principle acceptable).

To express the most urgent need for plan improvement, the
observers could choose from A) PTVs (coverage, conformity,
and homogeneity), B) OAR group 1 (spinal cord, brainstem, and
optical system), C) OAR group 2 (parotids, mandible, oral cavity,
larynx, and esophagus), D) unspecified normal tissue, or E) none.
See also Supplementary Figure S1.

2.4 Evaluation of Inter-Observer
Differences in Plan Scoring
With nine observers, there were in total 36 unique combinations of
two observers, here designated as “pairs”. To analyze inter-observer
differences in perceived plan quality, for all these observer pairs,
percentages of agreement and disagreement in the scores given to
the 65 evaluated plans were established. Analyses were partially
based on raw scores, category scores, and binary scores. Observed
percentages of agreement in RO–RO pairs and MP–MP pairs were
compared with percentages of agreement in RO–MP pairs.
Suggested most desired plan improvements were used to generate
for each observer separately a frequency analysis of provided
suggestions for the 65 evaluated plans.
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2.5 Automatically Generated MCOa and
MCOx Plans
Autoplans were generated with the Erasmus-iCycle system for
fully automated multi-criteria optimization (MCO) (10, 26). Plan
optimization in Erasmus-iCycle is based on so-called wish-lists
(WLs), containing hard planning constraints and planning
objectives with goal values and assigned priorities. A dedicated
WL is needed for every treatment site. In essence, the WL defines
an optimization protocol for automated multi-criteria generation
of a single Pareto-optimal treatment plan for each patient. The
aim in WL creation is to maximally ensure the highest clinical
quality of the generated Pareto-optimal plans, in line with the
clinical planning protocol and tradition [Appendix 10]. Also, in
this study, such a WL was created with input of all ROs and MPs
involved in the study (WLa). In the remainder of the paper, plans
generated with WLa are denoted as “MCOa.” These MCOa plans
consisted of 23 equi-angular IMRT beams, with high similarity to
VMAT and avoiding time for segmentation (27–29). With WLa
as a starting point, 20 alternative WLs, “WLx” (x = b, c, d, …),
were created for generation of “MCOx” plans. The WLx were
derived from WLa by randomly varying the priorities of
PTVmedium and PTVlow objectives and of the OARs. For
generation of an MCOx plan for a patient, one of the 20 WLx
was randomly selected; and in addition, the number of beams
was randomly varied between 10 and 23. As for WLa, the 20
WLx enforced adherence to the hard planning constraints for
brainstem, optic chiasm, and spinal cord, as in clinical planning
(above). At the same time, theWLx allowed generation of MCOx
plans with a spread in dosimetric differences compared with the
corresponding MCOa plans. For patients 1–10, the CLIN plan
was supplemented with the MCOa plan and three MCOx plans
(in total five evaluable plans). For patients 11–15, apart from the
CLIN and MCOa plan, there was one additional MCOx plan
used in this study (three evaluable plans in total). The switch
from five to three plans is discussed in Section 4. For putting the
subjective scoring of plan quality by observers in context,
dosimetric characteristics of CLIN, MCOa, and MCOx plans
were analyzed by mutual comparisons of dosimetric plan
parameters and DVHs.

2.6 Statistical Analysis
Shapiro’s test and Student’s t-test were used to assess the
normality of distributions and statistical significance of
dosimetric differences between plans generated with different
planning approaches, i.e., CLIN, MCOa, and MCOx. Wilcoxon’s
two-sided signed-rank tests were used to assess statistical
significance of mean score differences between CLIN, MCOa,
and MCOx. Differences were considered significant if p < 0.05.

To assess statistical significance (0.05 level) of observed
percentages of agreement for the 65 plan scores of the two
observers in an observer pair, binomial distributions were used to
calculate probabilities of percentage agreements in case of
complete uncorrelated (random) choices of the two observers
in a pair. To this end, success probabilities p of 1/7, 1/3, and 1/2
were used for raw, category, and binary scores, respectively.
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The percentages of agreement in plan scores between the two
observers in observer pairs were also analyzed with Cohen’s
coefficient (K) (30). The relative strength of agreement between
the two observers in a pair is dependent on the calculated K-
value. Landis and Koch (31) have proposed the following
classification: K < 0, agreement “poor”; 0 ≤ K ≤ 0.2, agreement
“slight”; 0.2 < K ≤ 0.4, agreement “fair”; 0.4 < K ≤ 0.6, agreement
“moderate”; 0.6 < K ≤ 0.8, agreement “substantial”; and 0.8 < K ≤
1, agreement “almost perfect”. For binary scoring, the resulting
number of samples for unapproved status was not enough to
achieve significant confidence limits in Cohen’s coefficients for
many evaluators (32). Therefore, Cohen’s analyses were only
performed for raw and category scores.

One-way ANOVA tests were performed to assess statistical
significance of differences in percentages of agreement between
subgroups of observers, 1) only RO–RO, 2) only MP–MP, and 3)
only RO–MP pairs, after having assessed the normality of the
distribution with the Kolmogorov–Smirnov test. Bartlett’s test
was used to test the homogeneity of variance. When ANOVA
assumptions were not met, the Kruskal–Wallis rank sum test was
used as non-parametric alternative to one-way ANOVA. The
Wilcoxon’s signed-rank test was used to test agreement
differences between CLIN and MCOa plans, expert and no-
expert ROs, and three and five evaluated plans per patient.
3 RESULTS

3.1 Differences Between Evaluated
Clinical, MCOa, and MCOx Plans
in Dosimetry
In panels a) and c) of Supplementary Figure S2, median DVHs
for the CLIN, MCOa, and MCOx plans are presented, showing
for each dose the corresponding median volume in the
considered plans. For individual patients, the DVH differences
between the CLIN, MCOa, and MCOx plans were pairwise
quantified by generating differential DVHs: volume differences
as a function of dose. Median volume differences and 10th and
90th percentiles are presented in panels b) and d) of
Supplementary Figure S2. The 10th and 90th percentile
curves point at large inter-patient variations in DVH
differences between CLIN, MCOa, and MCOx plans.
Supplementary Table S1 shows how the DVH differences
translate in differences in dosimetric plan parameters. Only few
of the differences between CLIN, MCOa, and MCOx plan
parameters were statistically different, while ranges were very
broad. This is in line with the observations in Supplementary
Figure S2. Supplementary Figure S3 presents for each of the 15
study patients separately an overview of the dosimetric
differences between the included three to five treatment plans.

3.2 Scoring for an Example Patient
To introduce the type of scoring data obtained for each patient,
Figure 1 shows the raw scores of the nine observers for the CLIN,
MCOa, and MCOx plans of study patient 15, a patient showing
large scoring variations. The majority of observers (6/9) selected
Frontiers in Oncology | www.frontiersin.org 480
MCOa as the best plan, while MCOx was selected most as the
worst plan (5/9). This ranking of MCOa and MCOx is in line
with the applied WLs for generation of these plans (Section 2.5).
However, for all three plans, there were large inter-observer
differences in raw scores (2–5 for MCOx and 2–6 for CLIN and
MCOa). RO4 scored the clinically delivered CLIN plan as
unacceptable, while for MP1, this plan was acceptable without
further planning attempts. For RO3, MCOa was unacceptable,
while for MP2, it could be delivered straightaway. Figure 1 also
shows large inter-observer differences in score ranges. As
demonstrated in the group analyses below, large scoring
variations were observed for all patients and the vast majority
of plans.

3.3 Radiation Oncologist Experience in
Head and Neck Radiotherapy and Scoring
As mentioned in Section 2.2, three participating ROs had more
than 5-year experience in HN radiotherapy, while the other two
had less than 1-year experience for this tumor site. When
considering the raw, category, and binary scores of all 65
plans, median values for all five ROs/only three expert ROs
were 28.5%/36.9% (p = 0.5), 56.2%/61.6% (p = 1.0), and 75.4%/
75.4% (p = 0.7), respectively. Based on these observations, it was
decided that in further group analyses, the five ROs in this study
were considered as a single group.

3.4 Differences Between Clinical, MCOa,
and MCOx Plans in Observer Scores
Table 1 reports differences between CLIN, MCOa, and MCOx in
subjective scores, complimentary to the dosimetric differences in
Supplementary Table S1. The automatically generated MCOa
plans outperformed the clinically delivered CLIN plans, but for
the binary scores, this was not statistically significant. Score
differences were overall the largest between MCOa and MCOx
and with the smallest p-values, with the former showing the
highest scores, as to be expected from the respective WLs used
for automated plan generation (Section 2.5).

3.5 Inter-Observer Variability in Plan
Quality Scores
In line with the observations for patient 15 (above), for the
majority of plans, inter-observer variations in assigned scores
were large (Figure 2). For the 65 evaluated plans, the average
standard deviation (SD) for the nine raw observer scores was
1.06 [0.33, 1.56] (Figure 2A). For 29 of the 65 plans, all category
scores (1, 2, and 3) were present in the nine scores (Figure 2B).
For 15/65 plans, there was at least one observer that scored
category 3 (acceptable without further planning attempts), while
at the same time), there were also observers that considered the
plan unacceptable (category 1). Considering all 65 plans, the
median percentage of plans declared unacceptable by an
observer was 18.8% ± 8.6% [6.2%, 35.4%]. For CLIN, MCOa,
and MCOx plans separately, these percentages were 14.8% ± 9.9%
[0.0, 33.3], 4.4% ± 4.7% [0.0, 13.3], and 26.7% ± 12.3% [8.6, 48.6],
respectively. Kruskal–Wallis rank tests resulted in a statistically
significant difference, with p = 0.005. Wilcoxon’s signed-rank test
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showed a statistically significant difference between MCOa and
MCOx (p = 0.005), while for CLIN vs. MCOa, p = 0.1, and for
CLIN vs. MCOx, p = 0.2.

Figures 3A–C show unique pairs of two observers, the
percentages of plans for which they agreed in a plan score.
Considering all 36 unique observer pairs in this study, the
median percentage of agreement in raw plan scores was 27.7%
[6.2, 40.0] (“all” boxplot in Figure 3A). In case of complete
randomness in the scoring of two observers in a pair, an
agreement percentage of 14.3% would be expected (horizontal
solid line in gray zone). For category (Figure 3B) and binary
scores (Figure 3C), these median percentages were 58.5% [35.4,
73.8] (33.3% expected in case of randomness) and 78.5% [63.1,
86.2] (50% in case of randomness), respectively. The vast majority
of percentages of agreement in Figures 3A–C are outside the gray
zones, meaning that they are statistically significantly different
from the corresponding expected values for random scoring,
indicated by the horizontal solid lines. With one-way ANOVA
p-values of 0.3, 0.6, and 0.4, there were no differences between the
observer pair subgroups RO–RO, MP–MP, and RO–MP in the
agreement distributions in Figures 3A–C, respectively.

Cohen’s coefficient analyses for raw scores (Figure 3D)
resulted in median K-values [range] of 0.46 [0.12, 0.68] when
considering all observer pairs, 0.47 [0.17, 0.56] for ROs, 0.51
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[0.33, 0.64] for MPs, and 0.46 [0.12, 0.68] for RO–MP. Following
the labelling by Landis and Koch (M&M), the overall agreement
is “moderate.” More in detail, considering all 36 observer pairs,
11% (N = 4) resulted in slight agreement, 25% (N = 9) in fair
agreement, 47% (N = 17) in moderate agreement, and 17% (N =
6) in substantial agreement. For category score analyses (Figure
3E), Cohen’s median K-values [range] were 0.40 [0.03, 0.66] for
all, 0.35 [0.04, 0.53] for ROs, 0.44 [0.37, 0.54] for MPs, and 0.39
[0.03-0.66] for RO–MP pairs. The overall agreement, in Landis
and Koch scale, resulted in “fair”; 19% (N = 7) resulted in slight
agreement, 31% (N = 11) in fair agreement, 47% (N = 17) in
moderate agreement, and 3% (N = 1) in substantial agreement.

Figures 3F–H present scoring agreements for CLIN and
MCOa plans separately, showing substantially better
agreements for the automatically generated MCOa: when
considering all 36 observer pairs, agreement percentages for
CLIN/MCOa were 20.0%/33.3% (p < 0.001), 46.7%/60.0% (p =
0.005), and 80.0%/93.3% (p < 0.001) for raw, category, and
binary scores, respectively.

3.6 Intra-Observer Variation in Plan
Quality Scores
For the RO and MP involved in the intra-observer analyses,
agreement percentages for the 65 initial raw plan scores and the
FIGURE 1 | Differences in subjective plan scores among the nine observers in the study, illustrated with an example patient (patient 15). Top panels: dose
distributions of the evaluated CLIN, MCOa, and MCOx plans in axial, sagittal, and frontal planes. Bottom panel: corresponding subjective plan quality scores for the
CLIN, MCOa, and MCOx plans of patient 15 for each of the nine observers, five ROs (RO1–RO5), and four MPs (MP1–MP4). Plans below the horizontal red line are
considered unacceptable (raw scores 1 and 2, category 1). Above the green line are plans that can straightaway be delivered without any attempt to further improve
the plan (raw scores 6 and 7, category 3). In the middle are the plans that are acceptable if further planning would not result in significant improvements (raw scores
3–5, category 2). CLIN, clinical; RO, radiation oncologist; MP, medical physicist.
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65 repeat raw scores were 40.0%/52.3% for RO/MP (N = 65).
This is substantially higher than the expected percentage for
random scoring (14.3%) and the median percentage of inter-
observer score agreement of 27.7%; see Figure 3A. The repeat
category agreements for the RO/MP were 70.8%/89.2% (N =
65) with corresponding expected random agreements and
median inter-observer agreements of 33.3% and 58.5%
(Figure 3B), respectively. For binary scoring, the RO/MP
agreements were 86.2%/96.2%, with expected random and
median inter-observer agreements of 50% and 78.5%
(Figure 3C), respectively.

3.7 Suggested Plan Improvements
Large variability between observers was also observed in the
suggestions for plan improvement. Figure 4 shows the variability
between observers for each of the possible options for
improvements. Overall, the most chosen options were PTV
conformity and dose reductions in OAR of group 2
(Supplementary Figure S1), parotids, esophagus, mandible,
oral cavity, and larynx, with median percentages of 24.6% [0.0,
38.5] and 21.5% [13.8, 47.7], respectively. In the intra-observer
evaluations, the participating RO and MP showed agreement
percentages in the request for plan improvement of 28% and
46%, respectively.
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4 DISCUSSION

In most centers, treatment plans are made by radiation therapy
technologists (RTTs), dosimetrists, or MPs and evaluated for final
approval by the treating ROs. The process, often denoted as manual
planning or trial-and-error planning, may have several iterations in
which the planner adjusts in-between plans, based on feedback by
the RO. Limited common understanding or agreement between
planners and ROs on how good plans should look like can result in
suboptimal dose distributions, even with iteration loops. In this
study, we have systematically investigated differences between five
ROs and four planningMPs of a single radiotherapy department in
perceived quality of oropharynx cancer plans. To the best of our
knowledge, this is the first study that systematically investigates
variations in subjective plan quality assessment among ROs and
MPs working in a single department.

Even in our relatively small center with ROs and MPs working
closely together based on the center’s planning protocol (which is in
line with international protocols, see M&M), large variations in
subjective plan scores were observed. Considering all 36 unique
observer pairs, the median percentage of plans for which they
disagreed on clinical acceptability was 21.5% (Figure 3C), with
minimum/maximum disagreements between pairs of 13.8%/36.9%.
Based on Landis and Koch’s labelling of Cohen’s kappa values, the
A B

FIGURE 2 | (A) Heatmap visualization for raw plan quality scores (1–7, with 7 indicating the highest quality) of the nine observers (x-axis) for all 65 included plans (y-
axis). (B) Heatmap visualization for category scores derived from the raw scores. In panel B, the color red indicates that the plan is considered unacceptable
(category 1, raw scores 1 and 2), while light and dark green (category 2 with raw scores 3–5, and category 3 with raw scores 6 and 7) indicate that the plan is in
principle acceptable. In the binary scoring system, red has binary score 0, while both light and dark green have binary score 1. See Section 3.5 for interpretation.
October 2021 | Volume 11 | Article 706034

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Cagni et al. Treatment Plan Quality Assessment Variations
overall agreements in raw and category scores were “moderate” and
“fair,” respectively, but large variations between observer pairs were
observed, going from “slight agreement” to “substantial agreement.”

As shown in Supplementary Figures S2B, S2D, S3 and
Supplementary Table S1, dosimetric differences between the
CLIN, MCOa, and MCOx plans could be substantial. As
demonstrated in Figure 2A, for many observer–patient
combinations, these dosimetric variations resulted in large
variations in the three or five plan scores. On the other hand,
different observers did often substantially disagree on the score of
the same patient plan (see rows in Figure 2A). As can be
observed in Supplementary Figure S3, dosimetric differences
between patient plans, both positive and negative, were mostly
not restricted to one parameter or one structure. Probably,
different observers often appreciated the mixes in dosimetric
pluses and minuses rather differently, contributing to the large
Frontiers in Oncology | www.frontiersin.org 783
disagreements between observers in assigned scores. This would
be in line with the large inter-observer variations in suggested
plan improvements (Section 3.7).

Figures 3A–C show that agreement percentages for RO–RO,
MP–MP, and RO–MP pairs were similar (no statistically
significant differences). This implicates that despite large
differences in training and clinical roles of ROs and MPs, there
were no enhanced rates of score mismatches in RO–MP pairs
compared with RO–RO pairs.

Possibly, renewed, broad departmental discussions on plan
requirements, aiming at a broadly shared and precisely defined
view on plan quality, could improve the current large inter-
observer variation in plan quality assessments. Probably also
automated planning could result in improvements: as visible in
Figures 3F–H, scoring agreements were better for the MCOa
plans than for the CLIN plans, possibly related to more
A B

D E

C

F G H

FIGURE 3 | In each panel, horizontal red lines in the boxplots show median values, while the edges of the boxes are the 25th and 75th percentiles. The whiskers
extend to the most extreme data points not considered outliers, and the outliers are plotted individually using the “+” symbol. (A–C) Each marker shows for one of
the unique 36 observer pairs in this study the percentage of 65 evaluated plans for which they agree in (A) raw score, (B) category score, and (C) binary score. In
each panel, the first boxplot includes the data for all 36 observer pairs (All). For the other three boxplots, the data are split according to subgroups of observer pairs:
RO–RO, pairs consist of two ROs; MP–MP, pairs consist of two MPs; RO–MP, pairs consist of one RO and one MP. Gray zones show expected distributions of
agreement percentages in case of random, uncorrelated scoring by the observers in a pair, with the expected value denoted by the solid black line and the 95%
confidence interval shown by the dotted borders. For observed agreements outside the gray zones, the difference with the expected score for random scoring is
statistically significant. The p-values relate to ANOVA tests between subgroups RO–RO, MP–MP, and RO–MP of all observer pairs. (D, E) Corresponding Cohen’s
coefficients for raw and category scores. (F–H) Comparisons between observed agreement percentages for CLIN plans for all observer pairs, compared with
observed agreement percentages for MCOa plans (generated with the optimal wish-list) for all observer pairs. The p-values were established with Wilcoxon’s signed-
rank tests. Gray zones: as in panels (A–C). RO, radiation oncologist; MP, medical physicist; CLIN, clinical.
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consistent automated generation of the MCOa plans. Apart from
the better agreement between observers, MCOa scores were
overall also higher than CLIN scores (Table 1), and MCOa
plans were less frequently considered unacceptable than CLIN
plans (4.4% vs. 14.8%, p = 0.1, Section 3.5). Enhanced plan
quality with automated planning compared with manual
planning has been observed previously [see, e.g., (8–12)], but
to our knowledge, this is the first study showing also reduced
inter-observer variations in subjective plan scores for the
autoplans compared with corresponding manual plans. Other
studies have pointed at the use of numerical plan quality
assessment tools to enhance treatment plan quality (33).

In this study, clinical information about the patients was not
available when doing the plan assessments, while it was available
when the CLIN plan was made. This could in some cases have
influenced scoring of the CLIN plan. On the other hand, all CLIN
plans obeyed all hard clinical constraints for targets and OARs.
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For some study patients, the CLIN plan was generated for
TomoTherapy delivery, while the competitive MCOa and MCOx
plans simulated VMAT (Materials and Methods section).
Although observers were not informed on the delivery mode of
presented plans, and all observers were aware that plan quality
assessment was the study topic, it cannot be excluded that an
observer could have identified TomoTherapy plans, which could
possibly have influenced the scoring.

Although the observers were asked to give an absolute score
(1–7) to each plan, the scoring of all three or five plans of a patient
in a single session could have influenced the scores for the
individual plans. For example, a plan could be perceived as
unacceptable in the presence of a very good alternative plan,
while when scored separately, the former plan could possibly have
been acceptable for the observer. Such a mechanism could maybe
in part explain the observation that 14.8% (median percentage for
the nine observers, Section 3.5) of the CLIN plans was scored
FIGURE 4 | Percentages of plans (y-axis) for which plan improvement options along the x-axis were requested. Each marker indicates a selected observer the
percentage of plans for which the corresponding option for plan improvement was selected. For each observer, the presented percentages add up to 100%.
TABLE 1 | Median differences in raw, category, and binary scores assigned by the five ROs, four MPs, and all nine observers combined (All).

Raw scores MCOa − CLIN MCOx − CLIN MCOx − MCOa

Diff Min Max p Diff Min Max p Diff Min Max p

All 0.9 −1.4 2.8 0.01 −0.6 −2.9 2.8 0.05 −1.5 −1.2 3.2 <0.001
ROs 0.9 −1.4 3.2 0.02 −0.5 −2.7 3.2 0.15 −1.3 −1.4 3.2 0.001
MPs 0.9 −1.5 3.5 0.02 −0.8 −3.1 2.3 0.06 −1.6 −1.0 3.3 <0.001
Category scores Diff Min Max p Diff Min Max p Diff Min Max p
All 0.3 −0.6 1.1 0.02 −0.3 −1.3 1.2 <0.001 −0.6 −0.6 1.4 <0.001
ROs 0.3 −0.4 1.4 0.02 −0.2 −1.0 1.4 0.01 −0.5 −0.6 1.4 <0.001
MPs 0.3 −1.0 1.5 0.1 −0.4 −1.8 1.0 <0.001 −0.7 −0.5 1.8 <0.001
Binary scores Diff Min Max p Diff Min Max p Diff Min Max p
All 0.1 −0.1 0.4 0.1 −0.2 −0.9 0.4 0.004 −0.2 −0.1 0.8 <0.001
ROs 0.1 −0.2 0.6 0.2 −0.2 −1.0 0.6 0.004 −0.3 −0.2 0.8 <0.001
MPs 0.1 −0.3 0.5 0.1 −0.1 −0.8 0.5 0.01 −0.2 0.0 0.8 <0.001
O
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1 | Volume
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Significant p-values are reported in bold.
RO, radiation oncologist; MP, medical physicist.
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unacceptable, while all CLIN plans fulfilled the clinical hard
constraints on PTV coverage, spinal cord Dmax, etc. It could
maybe also explain the large difference betweenMCOa andMCOx
in unacceptability rate (4.4% vs. 27.7% p = 0.005, Section 3.5),
while also the intentionally suboptimal MCOx plans were
generated while obeying all hard constraints (PTV, spinal cord,
etc.). These observations point at a weak point of current manual
planning: evaluating a plan is extremely difficult if there are no
alternative plans.

In this study, we started off with five evaluable treatment
plans per patient for the first 10 patients and then switched to
three plans per patient to reduce the workload for the observers
to a more acceptable level. For raw scores, the median of the
percentage of score agreements for the 36 unique observer pairs
was the highest for three plans per patient (33.3% vs. 26.0%),
which was borderline significant (p = 0.07). For category scores,
three plans resulted in lower agreement percentages (53.3% vs.
60%, p = 0.06), which was also seen for binary scores (66.7% vs.
81.0%, p < 0.001). Probably, the involved patient numbers are too
small to draw strong conclusions on three versus five.

The 70.8% and 89.2% agreements in repeated category
scoring and 86.2% and 96.2% in repeated binary scoring
(Section 3.6) point at an option for high-accuracy score
prediction for single observers with machine learning. Future
application of such tools could possibly contribute to enhanced
plan quality consistency. This is a topic of ongoing research.

In this study, we considered oropharynx cases with three dose
levels and many OARs. The complexity of these cases could have
contributed to the observed large and frequent disparities in
observer scores. Possibly, for less complex tumor sites, agreement
in plan scores could be better, which is a topic for further research.

We believe that this is the first study that quantitatively evaluates
variations in subjective assessments of the same treatment plans by
various observers (ROs and MPs) in the same department. Our
study is very different from, but complementary to, other studies
that demonstrate that different planners can generate very different
plans for the same patient, even with very detailed, quantitative
instructions on how the plan should look like (6). In the latter
studies, plan quality differences are usually attributed to differences
between planners in planning skills, dedication, and ambition, and
in time spent on planning. On the contrary, in our study, all
observers evaluate the same plans, and we test how well these plans
fit the observer-specific ideas on how good plans should look like.

The results of the current study could stimulate similar
studies in other departments as they seem to point at an
important weak link in radiotherapy planning. It is commonly
recognized that variations between ROs in delineated targets are
a major concern in clinical radiotherapy. This study suggests that
large inter-observer variations in plan quality assessments (even
Frontiers in Oncology | www.frontiersin.org 985
in a single department) could be another Achilles heel for
successful treatment.
5 CONCLUSIONS

Inter-observer differences in treatment plan quality assessments in
radiotherapy can be substantial and could hamper consistent
preparation of high-quality plans, even in a single radiotherapy
department. Agreements between ROs and MPs in plan
assessments were similar to agreements among ROs only, despite
large differences between ROs and MPs in training and clinical
roles. Automatically generated plans (MCOa) showed the highest
median scores and best inter-observer score agreements, pointing
at a potential for automated planning to improve clinical practice.
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Imaging diagnosis is crucial for early detection and monitoring of brain tumors. Radiomics
enable the extraction of a large mass of quantitative features from complex clinical imaging
arrays, and then transform them into high-dimensional data which can subsequently be
mined to find their relevance with the tumor’s histological features, which reflect underlying
genetic mutations and malignancy, along with grade, progression, therapeutic effect, or
even overall survival (OS). Compared to traditional brain imaging, radiomics provides
quantitative information linked to meaningful biologic characteristics and application of
deep learning which sheds light on the full automation of imaging diagnosis. Recent
studies have shown that radiomics’ application is broad in identifying primary tumor,
differential diagnosis, grading, evaluation of mutation status and aggression, prediction of
treatment response and recurrence in pituitary tumors, gliomas, and brain metastases. In
this descriptive review, besides establishing a general understanding among protocols,
results, and clinical significance of these studies, we further discuss the current limitations
along with future development of radiomics.

Keywords: radiomics, radiogenomics, glioma, pituitary tumor, brain metastases
INTRODUCTION

Brain and other CNS tumors, including gliomas, pituitary tumors, and others such as brain
metasteses, mainly occur in lung cancer and breast cancer patients. These tumors stand out for their
high diversity and heterogeneity, along with dismal prognosis, ranking them among the top 10
causes of cancer deaths, accounting for a significant proportion of the deaths in men less than 40
Abbreviations: AUC, area under the curve; BM, brain metastases; CAD, computer-aided diagnosis and detection; CADe,
computer-aided detection; CBV, cerebral blood volume; CCC, concordance correlation coefficient; CE-T1WI, contrast-
enhanced T1-weighted MRI; CNN, convolutional neural network; DSC, dynamic susceptibility contrast; DTI, diffusion tensor
imaging; DWI, diffusion-weighted imaging; EGFR, epidermal growth factor receptor; FLAIR, fluid-attenuated inversion
recovery; GBM, glioblastoma; HGG, high-grade glioma; IDH, isocitrate dehydrogenase; LASSO, least absolute shrinkage and
selection operator; LGG, low-grade glioma; MGMT, O-6-methylguanine-DNA methyltransferase; MRI, magnetic resonance
imaging; mRMR, minimum redundancy maximum relevance algorithm; MRS, magnetic resonance spectroscopy; NFPA, non-
functioning pituitary adenoma; OS, overall survival; PA, pituitary adenoma; PCA, principal component analysis; PCNSL,
primary central nervous system lymphoma; PD, progressive disease; PFS, progression-free survival; PsP, Pseudoprogression;
PWI, perfusion-weighted imaging; RECIST, Response Evaluation Criteria in Solid Tumours; RF, random forest; RFE, recursive
feature elimination; ROC, receiver operating characteristic curve; RQS, radiomics quality score; SAM, significance analysis of
microarrays; SVM, support vector machine; TRC, treatment-related changes.
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years and women less than 20 years in the United States in 2018
(1), and it is estimated that they will cause 18,600 deaths in 2021.

Clinical radiology is a routinely performed examination for
patients who are suspicious of brain or other CNS tumors;
recently more and more sophisticated analytic methods have
sprung up which supplement traditional imaging techniques.
Based on the imaging techniques and incorporated with
computer vision and machine learning (2), radiomics was
born. Radiomics first appeared in Philippe’s review in 2012 (3),
initially as an extended technique of computer-aided diagnosis
and detection (CAD) systems. The term radiomics refers to the
refining of a large mass of quantitative features from complex
clinical imaging arrays, then transforming them into high-
dimensional data which can subsequently be mined to find
their relevance with the tumor’s histological features, which
reflect underlying genetic mutations and malignancy, along
with grade, progression, therapeutic effect, or even overall
survival (OS) (4). Deep learning is a branch of machine
learning, and machine learning is the necessary path to realize
artificial intelligence (AI). The concept of deep learning
originated from the study of neural networks that simulate the
human brain. In recent years, we have seen a blossoming in AI
development, with more intelligent algorithms such as deep
learning bringing the possibility of realizing fully automatic
image capturing and reading processes. Compared to
traditional manual radiology practice requiring trained
physicians to deal with large quantities of information, which
is labor intensive, subjective, and qualitative, radiomics is able to
use AI methods to provide automatic, objective, and quantitative
data with high efficiency. In this review, we focus on radiomics
and extended imaging techniques. The general clinical
applications of these noninvasive methods are shown (Figure 1).

Clinical Application
Early accurate diagnosis and classification are crucial in
prolonging the patient’s survival time. The application of
radiomics has been initiated in clinical oncology early
diagnosis, since its ability to analyze the combination of
numerous quantitative features provides the possibility to
unravel the underlying pathophysiology that is hard to be
perceived by radiologists’ eyes and avoid subjective misreading.
The general workflow of radiomics involves several discrete
steps: imaging, segmentation, feature extraction, feature
selection, machine learning, and validation (5). Segmentation is
using a series of algorithms to delineate regions of interest
(ROIs), which refers to the tumor and its surrounding
abnormality from other tissue, and then further subdividing
the legion by its intra-heterogeneity to facilitate the next steps.
Accurate segmentation is a key step from image processing to
quantitative analysis, acting as a prerequisite for the subsequent
diagnostic tasks like defining the location, extent of radiation,
and tumor feature extraction, and is the most challenging step
due to high heterogeneity and irregularity of brain tumors.
Feature extraction refers to the use of existing features to
calculate a feature set with a higher degree of abstraction, and
also refers to an algorithm for calculating a certain feature. Then
the extracted features will go through feature selection, which
Frontiers in Oncology | www.frontiersin.org 288
aims at reducing dimensionality and the difficulty of learning
tasks to improve the efficiency of the model. The top features will
be integrated with clinical results and/or pathological results,
together as input into machine learning methods to build
prediction or classification models.

The main clinical tasks of radiomics lie in three parts:
detection, characterization, and monitoring. By the help of
computer-aided detection (CADe), the suspicious area of the
image can be highlighted and some features indicating early
cancer lesions can be detected, which reduce observational
oversights and improve the speed of interpretation (6, 7). Most
radiomics models are served for characterization, including
diagnostic tasks (differential diagnosis, malignancy, WHO CNS
classification, specific genetic mutation status, and treatment
effect) and predictive/prognostic tasks (treatment effect, OS/
PFS, complication, and tumor recurrence). Monitoring is also
significant within clinical practice in evaluating the progression
of tumor and the effect of treatment. Traditional protocols to
assess the tumor progression, recommended by institutions like
Response Evaluation Criteria in Solid Tumors (RECIST) and
WHO, are usually defined by the size of tumor (8), which omits
much geometry and material information detected by advanced
radiological instruments and also oversimplifies the indicators
on tumor burden. The emergence of AI-monitoring may help
radiologists to establish more sophisticated quantitative
protocols towards tumor burden evaluation.

MRI acts as a key part and is usually the first choice in
radiological diagnosis of brain tumors. First, MRI has an
FIGURE 1 | The clinical application of the noninvasive detection techniques.
October 2021 | Volume 11 | Article 732196

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Yi et al. Review of Radiomics in Brain Tumor
TABLE 1 | Radiomic.

Study No. of
patients
involved
(Training/

Test)

General
purpose

CT or MRI con-
trast(s)

Segmentation
method

Nomber of
features

(extraction/
selection)

Feature
selection
method

Classification
method

Performance (Training/
Test)

Yae Won
Park et al.
(30)

141/36 To predict the DA
response in
prolactinoma
patients

T2WI ^^3D Slicer
software

107/n.a. / soft voting (RF,
light gradient
boosting machine,
extra-trees,
quadratic
discrimination
analysis, and linear
discrimination
analysis)

#0.81/0.81 (AUC)

Yang
Zhang et al.
(40)

50/n.a. To predict
progression or
reccurence in
NFPAs

CE-T1WI and
T2WI

^^^fuzzy c-
mean (FCM)
clustering
algorithm

107/3 SVM SVM ***0.78/n.a.(AUC)

Andrei
Mouraviev
et al. (117)

87/n.a. To predict local
recurrence
following SRS

CE-T1WI and
FLAIR

^^Elastix
software

440/12 Random
forest feature
importance
(RFI)

RF #0.793/n.a. (AUC)

Kniep, H
et al.(113)

189/n.a. To predict tumor
type in different
BM with
unknown primary
lesion

CE-T1WI, T1WI
and FLAIR

^^Analyze 11.0
Software

1423/20 Decision tree RF *0.64 (NSCLC)-0.82 (MM)/
n.a.(AUC)

Peng, LK
et al. (116)

66/n.a. To predict
diagnosing
treatment effect
after stereotactic
radiosurgery

CE-T1WI and
FLAIR

^^a
multiparametric
deep learning
(MPDL) network

51/5 IsoSVM IsoSVM **0.81/n.a.(AUC)

Ji Eun Park
et al. (73)

85/35 To predict core
signaling
pathways in IDH
wild-type GBM

T1WI, T2WI, DWI,
FLAIR, CE-T1WI,
and DSC

^^MITK
software

71/5(RTK), 17/
5(P53), 35/5
(retinoblastoma)

t-test,
LASSO, RF

Logistic regression (3-fold CV)0.87/0.88(RTK),
0.80/0.76(p53), 0.84/0.81
(retinoblastoma pathway)
(AUC)

Pascal O.
Zinn et al.
(65)

46/47
(GBM),
40/
n.a.(mice)

To establish
causality between
POSTN status
and MRI-
extracted
radiomic-features
in GBM

FLAIR and CE-
T1WI

^^3D Slicer
software

2480/48
(GBM),17(mice)

LASSO Binary logistic
regression

**76.56%/n.a.(GBM),
92.26%/n.a.(mice)(AUC)

Chia-Feng
Lu et al.
(46)

214/70 To stratify the
molecular
subtypes of
gliomas

CE-T1WI, FLAIR,
T2WI, and DWI

^^n.a. 39212/(20-
1960)

Two-
sample t-test
with pooled
variance
estimate

SVM *87.7%-96.1%/80.0%-
91.7%(accuracy)

Robin
Gutsche
et al. (47)

50/n.a. To evaluate the
repeatability of
feature-based
FET PET
radiomics and
investigate IDH
genotype on
feature
repeatability

FET PET ^^^TBR≥1.6 1302/297 intraclass
correlation
coefficient

n.a. n.a.

Yoon
Seong Choi
et al. (48)

727/439
(129
internal
and 310
external)

To predict the
IDH status of
gliomas

CE-T1WI, T2WI
and FLAIR

^^^CNN 24/20 CNN CNN ***0.96/0.94(internal), 0.86
(external)(AUC)

(Continued)
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outstanding contrast capacity for the detection of brain tissues.
Second, MRI has many different sequences respectively sensitive
to different physiology parameters, such as blood flow and edema
in surroundings, which indicate the tumor’s microenvironment.
Third, MRI can be implemented throughout the treatment
Frontiers in Oncology | www.frontiersin.org 490
noninvasively and assesses the progression and effect. Besides
this anatomical imaging, the multimodal MRI with emerging
sequences and technical developments like PET using either
amino acid, choline, or fluorodeoxyglucose, as well as fusion
PET/CT and PET/MRI scanners, provides a mass of functional
TABLE 1 | Continued

Study No. of
patients
involved
(Training/

Test)

General
purpose

CT or MRI con-
trast(s)

Segmentation
method

Nomber of
features

(extraction/
selection)

Feature
selection
method

Classification
method

Performance (Training/
Test)

Anna Luisa
Di Stefano
et al. (67)

66/78 To characterize
the clinical,
radiological, and
molecular profile
of F3T3 positive
diffuse gliomas

T1WI, CE-T1WI
and FLAIR

^ITK-SNAP
software

2616/25 Cox
proportional
hazards
models (OS)

RF(F3T3) *F3T3: 0.87/0.745(AUC)

Xiaorui Su
et al. (71)

75/25 To predict H3
K27M mutation
status in midline
gliomas.

FLAIR ^ITK-SNAP
software

99/10 TPOT TPOT *** 0.788~0.867/0.60~ 0.84
(accuracy)

Zev A.
Binder
et al. (59)

260/n.a. To investigate the
negative survival
impact of
EGFRA289D/T/V

T1WI, CE-T1WI,
T2WI, FLAIR, DTI,
and DSC

^^GLISTRboost 2104/299/17 SVM/
radiographic
interpretability

n.a. n.a.

Jingwei
Wei et al.
(50)

74/31 To predict MGMT
methylation status
in astrocytoma

CE-T1WI, FLAIR
and DWI

^ITK-SNAP
software

3051/13 The minimum
redundancy
maximum
relevance
(mRMR)

logistic regression #0.925/0.902(AUC)

Yiming Li
et al. (51)

63/123(32
internal
and 91
external)

To predict ATRX
mutation in LGGs

T2WI ^MRIcro
software

431/9 LASSO SVM #0.94/0.925(internal) and
0.725(external)(AUC)

Johannes
Haubold
et al. (52)

28/14 To predict tumor
grading and
mutational status
of patients with
cerebral gliomas

CE-T1WI, ADC,
and 3D-FLAIR
(SPACE), FET
PET, and SWI,
The water-
content-based M0
map (MRF M0) ,
T1FLAIR, DWI

^^3D Slicer
software

19284/32
(1p19q
codeletion), 64
(IDH1), 8
(ATRX),16
(MGMT)

f score
(ANOVA),
chi-square,
LCSI and
randomized
logistics
regression
(RandLR)

RF and SVM *WHOI-IV:0.818/n.a.(AUC);
Differentiation of LGG and
HGG:0.85/n.a.(AUC);
1p19q codeletion: 0.9784/
n.a.(AUC); IDH1:0.88/
n.a.(AUC); ATRX:0.851/
n.a.(AUC); MGMT:0.757/
n.a.(AUC)

Luyuan
Zhang et al.
(57)

96/24 To identify the
value of CIC
mutations in
gliomas

T1WI, T2WI,
FLAIR and CE-
T1WI

^FSL image
viewer

6676/11 LASSO logistic regression *0.985/n.a.(AUC)

Changliang
Su et al.
(53)

220/n.a. To differentiate
among glioma
subtypes and
predict tumour
proliferation

T2WI fast-echo
images (T2FSE),
T1WI, FLAIR, CE-
T1WI, DWI, PWI
and CBF

^^ImageJ 431/25 univariate
analysis

logistic regression #0.936/n.a.(AUC)

Yiming Li
et al. (76)

69/40 To predict PTEN
mutation status in
GBM

T1WI, T2WI and
CE-T1WI

^MRIcro
software

862/6 The minimum
redundancy
maximum
relevance
(mRMR)

SVM #0.925/0.787(AUC)
October 2021 |
^ manual segmentation; ^^ semi-automatic segmentation; ^^^ full-automatic segmentation; * 5-fold cross-validation; ** leave-one out cross-validation; *** 10-fold cross-validation; #
cross validation not available;
AUC, area under the receiver operating characteristic curve; GBM, glioblastoma; BM, brain metastases; PsP, pseudoprogression; CCC, concordance correlation coefficient; IDH,
isocitrate dehydrogenase; PCNSL, primary central nervous system lymphoma; TBR, tumor-to-brain ratio; CNN, convolutional neural network; LASSO, least absolute shrinkage and
selection operator; MGMT, O6-methylguanineDNA-methyltransferase; EGFR, epidermal growth factor receptor; TRC, treatment-related changes; RFE, recursive feature elimination; RF,
random forest; SAM, significance analysis of microarrays; SVM, support vector machine; n.a., not available; PCA, principal component analysis;
MRI, magnetic resonance imaging; mRMR, minimum redundancy maximum relevance algorithm; MRS, magnetic resonance spectroscopy; DTI, diffusion tensor imaging; DWI, diffusion-
weighted imaging; FLAIR, fluid-attenuated inversion recovery; PWI, perfusion-weighted imaging; T1, T1-weighted MRI; CE-T1WI, contrast-enhanced T1-weighted MRI; T2, T2-weighted
MRI; DSC, dynamic susceptibility contrast; CBV, cerebral blood volume.
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TABLE 2 | Radiomic.

Study No. of
patients
involved
(Training/

Test)

General purpose CT or
MRI

contrast
(s)

Segmentation
method

Nomber of
features

(extraction/
selection)

Feature
selection
method

Classification
method

Performance (Training/
Test)

Daesung
Kang et al.
(82)

112/42 To identify atypical PCNSL
mimicking GBM

T1WI,
T2WI,
FLAIR,
DWI, CE-
T1WI and
DSC

^^MITK
software

1618/15
(ADC), 40
(CE-T1WI)

RFE(ADC);
relief (CE-
T1W1)

RF(ADC); LDA
(CE-T1WI)

***0.983(AUC)/0.984
(internal AUC)0.944
(external AUC)

Guoqing Wu
et al. (83)

67/35 To differentiate PCNSL and
GBM and for IDH1 mutation
estimation

T2WI and
CE-T1WI

^^^CNN 968/49 Sparse
representation

Collaborative
sparse
representation

**98.51%/94.51%
(accuracy)

Zenghui Qian
et al. (81)

227/185 To differentiate GBM from BM
preoperatively

T1WI,
T2WI and
CE-T1WI

^MRIcro
software

1303/24 LASSO SVM *0.945/0.90(AUC)

Jung Youn
Kim et al. (86)

61/57 (23
internal
and 34
external)

To differentiate PsP from early
tumor progression in patients
with GBM

CE-T1WI,
FLAIR,
ADC and
CBV
maps

^^MITK
software

6472/12 LASSO
logistic
regression
model

Student’s t-test
and the chi-
square test

***0.9(AUC)/0.96(internal
AUC), 0.85(external AUC)

Katrin Aslan
et al. (91)

148/
n.a.(mice)

To predict treatment response
and PsP in ICB-treated mice

T2WI and
CE-T1WI

^Osirix or
ITKsnap
software

423/423 / Gradient
boosting

*82.7%/n.a. (accuracy)

Nabil
Elshafeey
et al. (84)

98/7 To discriminate PsP from
progression in GBM

FLAIR,
T1WI and
CE-T1WI

^^3D Slicer
software

620/60 Maximum
Relevance
Minimum
Redundancy
(MRMR)

SVM **89%/n.a.(AUC)

Jinhua Cai
et al. (90)

77/72 (41
internal
and 31
external)

To predict the response to
bevacizumab in patients with
brain necrosis after radiotherapy

FLAIR ^^3D Slicer
software

1301/18 LASSO multivariate
logistic

#0.916/0.912 (internal)
and 0.827 (external)(AUC)

Philipp
Lohmann
et al. (85)

72/30 To differentiate PsP in glioma
patients post-chemoradiation

FET PET ^^^TBR=1.4,
1,6, 1.8

944/4 RFE TPOT *0.74/0.74 (AUC)

Kai Wang
et al. (87)

112/48 To discriminate tumor
recurrence from radiation
necrosis in glioma

CE-T1WI,
FLAIR,
18F-FDG
and 11C-
MET PET

^ITK-SNAP
software

396/15 LASSO Multivariable
logistic
regression
analysis

***0.988/0.914(AUC)

Zi-Qi Pan
et al. (94)

82/70 (40
internal
and 30
external)

To predict the response of
individual GBM patients to
radiotherapy

T1WI,
CE-T1WI,
T2WI,
and
FLAIR

^^GLISTR
software

28496/8 Boruta
algorithm

RF ***0.764/0.758 (external)
(C-index)

Xing Liu et al.
(103)

216/84 To predict the PFS in LGGs and
investigate the corresponding
genetic background

T2WI ^MRIcro
software

431/9 Univariate
Cox
regression

LASSO Cox
regression

***0.684/0.823(C-index)

Sara
Dastmalchian
et al. (95)

31/n.a. To differentiate between intra-
axial adult brain tumors and to
predict survival in the GBM
cohort

T1WI,
T2WI,
FLAIR
and CE-
T1WI

^Magnetic
resonance
fingerprinting

39/20 Spearman’s
rank
correlation
coefficient
test

Wilcoxon rank
sum

#Peripheric white matter
regions in GBM and
LGGs: 0.869/n.a.(AUC),
Solid tumor regions in
LGGs and metastases:
0.952/n.a. (AUC)

Zenghui Qian
et al. (102)

85/148 To identify OS in patients with
LGGs

T2WI ^MRIcro 55/6 univariate Cox
regression

multivariate
Cox regression

#0.92/0.70(C-index)

László Papp
et al. (97)

42/28 To estimate survival for glioma 11C-MET
PET

^^Hybrid 3D 112/56 Genetic
algorithm and
Nelder–Mead
method

geometric
probability
covering
algorithms

Monte Carlo cross-
validation, n.a./0.9
(M36IEP AUC)

(Continued)
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neuroradiological information towards tumor penetration
boundaries and heterogeneity in brain tumor patients (9, 10).

Radiogenomics
In 2016, WHO published a new guideline on classifying CNS
tumors; the molecular markers are especially spotlighted to
describe brain tumor entities histology features for the first
time, which leads to more precise tumor cataloging (11).
Furthermore, target therapies and treatment strategies for
malignant brain tumor patients are also predominantly
dependent on specific molecular markers, emphasizing the
importance of precision oncology. With the advance of big
data and bioinformatics, it is possible to detect the correlations
between gene expression and radiomics features, which is known
as radiogenomics. Radiogenomics is based on a common
hypothesis that the dissimilarities in phenotypes of ROIs can
be attributed to gene-expression patterns (12). Panth et al.
further proved that genetic changes that lead to phenotypic
consequences can be reflected in variations of radiomics
features (13). The main tasks of radiogenomics are to
investigate the correlation between germline genotypic variance
and the large clinical post-radiotherapy variability (14), as well as
the correlation between specific imaging features and the
inherent cellular pathophysiology (15).
Frontiers in Oncology | www.frontiersin.org 692
Radiogenomics is analogous to the combination of radiology
and genomics, but people should be aware that a sole radiomics
analysis without biopsy genomics confirmation is not robust
enough for definitive assessment of gene expression or other
contents in ROIs. On the one hand, radiomics or radiogenomics
only reveals the correlation between features and genetic
alterations, not the causes. On the other hand, not all of the
phenotypic differences are induced only by genetic alteration, but
also epigenetic changes and other factors. Thus, they actually
incorporate with histopathologic examinations or sequencing,
which provides confirmatory information to improve clinical
decision making. Radiogenomics holds great potential for an
expanding translational technology, mainly due to
three characteristics:

First of all, while genomic sequencing usually uses biopsy
samples from one representative part of the tumor, the
radiomics data is derived from the entire tumor lesion, so the
outcome can capture radiomics features on the whole. As a result,
radiogenomics supplements genomic sequencing with
intratumoral heterogeneity and even intertumoral heterogeneity.
Several recent studies have exhibited the role of radiogenomics in
identifying regional genetic heterogeneity in malignant tumor
with broad genetic diversity that led to treatment resistance such
as glioblastoma (GBM) (16–18).
TABLE 2 | Continued

Study No. of
patients
involved
(Training/

Test)

General purpose CT or
MRI

contrast
(s)

Segmentation
method

Nomber of
features

(extraction/
selection)

Feature
selection
method

Classification
method

Performance (Training/
Test)

Sohi Bae
et al. (96)

163/54 To predict survival in patients
with GBM

T1WI,
T2WI,
FLAIR,
3D CE-
T1WI and
DTI

^^signal
intensity
thresholding,
region growing,
and edge
detection

796/18 Random
survival forest

Random
survival forest

***Overall survival: n.a./
0.652, Progression-free
survival: n.a./ 0.590(iAUC)

Niha Beig
et al. (98)

83/113
(male),
47/70
(female)

To develop sexually dimorphic
radiomic risk score (RRS)
models that are prognostic of
OS

CE-T1WI,
T2WI and
FLAIR

^^CapTK 105/8
(male), 287/
6 (female)

LASSO Cox regression #0.73/0.88(C-index,
male), 0.73/0.69(C-index,
female)

Maikel
Verduin et al.
(99)

142/46 To established prognostic
clinical features, predict IDH-
mutation, MGMT-methylation
and EGFR amplification develop
a prognostic model for OS in
GBM

CE-T1WI
and T2WI

^Osirix Lite and
MiM software

1197/5 XGBoost Cox-regression ***0.72/0.73(C-index)

Philipp
Kickingereder
et al. (100)

120/61 To stratify patients with GBM CE-T1WI,
T2WI and
FLAIR

^^ITK-SNAP 1043/386 CCC Lasso-
penalized Cox
model (Coxnet
algorithm)

***0.103(all layers, OS
IBS); 0.089(all layers, PFS
IBS)
O
ctober 2021 | V
^ manual segmentation; ^^ semi-automatic segmentation; ^^^ full-automatic segmentation; * 5-fold cross-validation; ** leave-one out cross-validation; *** 10-fold cross-validation; #
cross validation not available;
AUC, area under the receiver operating characteristic curve; GBM, glioblastoma; BM, brain metastases; PsP, pseudoprogression; CCC, concordance correlation coefficient; IDH,
isocitrate dehydrogenase; PCNSL, primary central nervous system lymphoma; TBR, tumor-to-brain ratio; CNN, convolutional neural network; LASSO, least absolute shrinkage and
selection operator; MGMT, O6-methylguanineDNA-methyltransferase; EGFR, epidermal growth factor receptor; TRC, treatment-related changes; RFE, recursive feature elimination; RF,
random forest; SAM, significance analysis of microarrays; SVM, support vector machine; n.a., not available; PCA, principal component analysis;
MRI, magnetic resonance imaging; mRMR, minimum redundancy maximum relevance algorithm; MRS, magnetic resonance spectroscopy; DTI, diffusion tensor imaging; DWI, diffusion-
weighted imaging; FLAIR, fluid-attenuated inversion recovery; PWI, perfusion-weighted imaging; T1, T1-weighted MRI; CE-T1WI, contrast-enhanced T1-weighted MRI; T2, T2-weighted
MRI; DSC, dynamic susceptibility contrast; CBV, cerebral blood volume.
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The following advantage lies in that radiogenomics are easy,
rapid, noninvasive, and dynamic, as well as cost-effective. As
imaging becomes routine for patients who are suspicious of
brain tumor and the estimated error rate of cancer
histopathology can be as high as 23% (19–22), quantitative
imaging provides additional information to avoid observer
variability and indicates actual biopsy sites. For those who have
contraindications of biopsy, radiomics or radiogenomics is
expected to serve as a secondary substitution to guide
individualized medicine. As far as costs are concerned, radiomics
are usually low cost compared to biopsy; it costs around 2000
dollars for a brain biopsy in China, but less than half of that for
radiomics. In addition, brain biopsy is an invasive procedure that
includes risks like bleeding, seizure, infection, and even paralysis or
death for key lesions like basal area and brain stem. Consequently,
radiomics outweighs biopsy in costs and risks. Since radiomics or
radiogenomics is easy and rapid, they enable the monitoring of the
change of gene expression in the tumor’s different regions, which
may potentially indicate the causes of gene mutation.

Finally, there are single features strongly related to genes, and
a cluster of features not significantly correlative to genes, but that
have the potential to provide the information with some sort of
combination, which has made progress in predicting cancer
immunotherapy. By combining CT radiomics features and
genomic data based on CD8B, Sun et al. developed a novel
radiomics-based biomarker to predict CD8 cell count and
clinical outcomes of patients’ response to anti-PD-1 or anti-
PD-L1, when validated by further prospective randomized trials
(23). In an AI-based radiomics study by Trebeschi et al., the
biomarker mainly regarding tumor proliferation could predict
anti-PD-1 therapy response with an AUC of up to 0.76 for both
advanced melanoma and non-small-cell lung cancer (NSCLC)
patients (24). It is also promising to see more robust radiomics-
based biomarkers on targeted therapy in the future, such as
antiangiogenic treatment with bevacizumab (25). To improve the
resolution and confidence of features’ subsets related to gene
modification or expression, big data from multiple centers
should be collected and integrated.
PITUITARY TUMOR

Pituitary adenomas (PAs) are among the leading types of brain
tumors, and the foremost frequent lesion in sellar area. Usually, the
hormone hypersecretion is assessed by immunocytochemical or
hormone assays to distinguish secretory tumor from non-secretory
ones. And the evaluation of tumor mass, such as accurate location
and volume, is based on diagnostic imaging and visual field
examination. Accurate clinical diagnosis derived from tumor
characteristics helps individualized treatment. Radiomics will
likely never replace histopathology or hormonal diagnosis for
adenomas. However, separately, AI algorithms may replace the
work performed by pathologists in interpreting microscopic
analyses. Recent progress in pituitary tumors, gliomas, and brain
metastases are arranged and summarized in Tables 1, 2.
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Evaluation of Aggression
Ki-67 is only expressed in the nucleus of proliferating cells and
the Ki-67 labeling index is considered to be an ideal indicator for
detecting cell proliferation activity. PAs may exhibit clinically
invasive or aggressive behavior, accompanied by postoperative
recurrence and resistance to multidimensional therapy, which is
usual ly evaluated by Ki-67 label ing index through
immunohistochemistry. Ugga et al. collected 89 patients with
available Ki-67 data and performed k-nearest neighbors (k-NN)
to build a radiomics classifier using 12/1128 quantitative
radiomics features to evaluate the Ki-67 labeling index based
on preoperative T2WI MRI, which is effective and accurate
(accuracy 91.67%) (63).

Knosp grade describes the degree of PA invasion to bilateral
cavernous sinuses (CS). Niu et al. predicted CS invasion in 194
PA patients (training cohort: 97; test cohort: 97) graded 2-3 with
Knosp pre-operatively by radiomics approaches deriving from
contrast-enhanced T1 (CE-T1) and T2WI MRI (64). They
applied LASSO to select three important features and establish
a classifier using support vector machine (SVM), which yielded
decent AUC values (training cohort: 0.852, test cohorts: 0.826).

Grading
The regulation of adenohypophyseal cell differentiation and
hormone secretion are operated by a series of transcription
factors, including Tpit, Pit-1, and SF-1. Peng et al. involved
235 patients with pituitary adenoma (PA), and 18 quantitative
imaging features were verified as significant to train SVM, k-NN,
and Naïve Bayes (NBs) models to classify the transcription factor
types of PAs. Among the three models, the SVM model showed
the best performance (AUC 0.9549) whereas the K-NN (AUC
0.9266) and NBs (AUC 0.9324) models displayed lower
performance and they found better performance in T2-
weighted than Tl-weighted and CE-T1 (65).

Zhang et al. worked on differential diagnosis of non-
functioning pituitary adenomas (NFPAs) subtypes from other
subtypes preoperatively (66). They enrolled 75 patients as the
training cohort and 37 patients as the test cohort, and derived
complete T1-WI and CE-T1 MRI. The top three T1-WI imaging
features, rather than CE-T1 imaging features, were ultimately
selected using mRMR to fit a Radial Basis Function (RBF)-SVM
predictive signature. A nomogram incorporated clinical
characteristics and the radiomics signature corresponding to
the best predictive model for individual prediction. Finally, the
calibration of the nomogram was presented with a concordance
index (CI) (training cohort: 0.854, test cohort: 0.857).

Prediction of Treatment Response
Prolactinoma is the most common secretory PA, with prime
treatment being dopamine agonists (DA) such as bromocriptine.
To assess prolactinoma patients’ response to DA before initiating
the treatment plan, Park et al. investigated a total of 177
prolactinoma patients’ coronal T2-weighed MRIs and set up a
radiomics predictor with an AUC of 0.81 in both training and
test cohorts (26).
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Acromegaly is a severe complication that leads to poor
prognosis most frequently caused by somatotroph PAs that
secrete excessive growth hormone (GH). For those who are not
suitable for surgery or have severe symptoms, somatostatin
receptor ligand (SRL) treatment is usually applied to reduce
the volume of mass preoperatively (67–69). To predict the
treatment response of SRL ahead of surgical resection,
radiomics features from MRI are selected to predict the
histological granulation pattern. Park et al. set up a radiomics
prediction model based on 69 GH-secreting PA patients and the
model showed an AUC of 73.7% (70).Fan et al. proposed a
radiomics prediction model of invasive functional pituitary
adenoma (IFPA) working on the treatment responses before
surgery (71). The prediction model was incorporated with a
radiomics signature based on seven selected features derived
from MRI and Knosp grade of each IFPA patient. The
discrimination abilities and calibration of this yielded good
performance, with AUCs (training cohort: 0.832, test
cohort: 0.811).

Prediction of Recurrence
Early progression/recurrence (P/R) is a poor prognostic factor of
macro NFPAs that is reported in 25–55% patients after surgical
resection (72–75). Zhang et al. established a SVM radiomics
model based on three selected features from 50 patients’ 214
preoperative and postoperative follow-ups MRI features
extracted from CE-T1 and T2WI yielded an overall accuracy of
82% and AUC of 0.78 discriminating P/R NFPAs from non-P/R
ones using the original mask tumor ROI (27). They also
calculated SVM scores for each patient and found that higher
scores may correlate with shorter PFS. Regarding SVM score for
differentiation of P/R, the optimal cut-off value was calculated
which means patients with SVM scores higher than 0.537 tended
to exhibit shorter PSF and the corresponding AUC (0.87)
were obtained.

Machado et al. applied 3D CE-T1 MRI of patients
preoperatively and segmented two and three-dimensional
regions. They evaluated the 255 extracted radiomics features of
27 patients with NFPA and selected six features for two-
dimensional machine learning radiomics models and 13 for
three-dimensional models (76). The results showed 3D-feature
based models have superior discrimination ability to classify
NFPAs recurrent and stable lesions than 2D-feature based
models, with their accuracies of up to 96.3% compared to
accuracies of 92.6% for models solely based on 2D features.
GLIOMAS

Gliomas account for the first leading primary brain and other
CNS tumor in adults (25.1%) (77), making up approximately
80.8% among primary malignant brain and other CNS tumors
with certain diagnoses (11).As the majority of gliomas (57.7%),
GBM accounts for the foremost and lethal primary malignant
brain tumor in neurosurgery, whose overall incidence rate is
estimated 0.0032% in American adults (78). Though multimodal
Frontiers in Oncology | www.frontiersin.org 894
treatment protocols, including maximal safe surgical resection
and adjuvant radiation therapy with concurrent chemotherapy
mainly temozolomide (TMZ), are standardly given to GBM
patients, they still suffer a crushingly adverse prognosis with
14.6 months of median OS (79).

Evaluation of Mutation Status
Isocitrate dehydrogenase (IDH) mutations are recognized as a
good prognostic factor in early clinical intervention and can be
integrated into routine clinical practice such as pathological
examination via radiomics analysis, immunohistochemistry,
flow cytometry, standard PCR, and/or sequencing techniques
(80). All IDH-mutant diffuse astrocytic tumors are classified as a
single type of tumor (astrocytoma, IDH mutation, grade 2/3/4)
and all GBM only included IDH wild type tumors in the 2021
WHO CNS 5. The 1p19q co-deleted tumors are exclusively
oligodendrogliomas. And most oligodendrogliomas with 1p/
19q co-deleted, which indicates poor prognosis, are
accompanied by IDH1 and IDH2 mutation. In 2016 WHO
CNS 4, the guideline of gliomas classification incorporated five
molecular subtypes of diffuse gliomas based on IDH mutation
and 1p/19q codeletion status.

Lu et al. built a multilevel quantitative imaging model based
on CE-T1 image, T2 FLAIR, T2WI, DWI, and ADC to recognize
IDH and 1p/19q genotypes of glioma and further classification of
five molecular types (33). The training cohort involved 214
patients and an additional independent cohort involved 70
patients for external test. The IDH and 1p/19q classifier using
SVM models was established in the training cohort, yielding
areas under receiver operating characteristic (ROC) curves
ranging from 0.922 to 0.975, and accuracies ranging from
87.7% to 96.1%. Correspondingly in the test cohort it showed
accuracies between 80.0% and 91.7%. On classifying five
molecular subtypes, the trained classifier with the MR
radiomics phenotypes as sole source yielded an accuracy of
81.8%, which further reached a higher accuracy of 89.2% in the
existence of histology diagnosis. Gutsche et al. implemented FET
PET to enhance the diagnostic performance of their radiomics
features on IDH genotype identification (34). The repeatability of
the features was evaluated by calculating the intraclass
correlation coefficient (ICC) and 297 features with robust
discrimination ability were finally selected.

Deep convolutional neural networks (CNNs) and radiomics
share the same procedure but have separate characteristics
regarding radiological evaluation on IDH genotypes. Choi et al.
reviewed 1166 preoperative CE-T1, T2, and FLAIR
neuroimaging of gliomas grading II-IV derived from three
centers and developed a CNN-based fully automated model
hybridizing conventional MRI that integrated 2D tumor signal
intensity and quantitative radiological features from 3D tumor
shape and location, which was reproducible and generalizable for
noninvasive characterization of IDH status in gliomas (35).
Based on CE-T1, T2WI, and FLAIR from 1166 patients with
gliomas (training cohort:727; internal test cohort: 129; external
test cohort: 310), 20 out of 24 extracted features were selected
and the classifier reached an AUC of 0.96, 0.94, and 0.86
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respectively for training cohort, internal validation cohort, and
external validation cohort.

The DNA-repairing enzyme O-6-methylguanine-DNA
methyltransferase (MGMT) restores cytotoxic lesions in DNA
caused by temozolomide chemotherapy, thus leading to drug
resistance. Methylation epigenetically silenced MGMT has a
connection with a better treatment response and a better
prognosis than the unmethylated promoter (81). Based on a
group of 105 patients with grade II-IV astrocytoma, Wei et al.
established a radiomics model forMGMT promoter methylation
prediction with supreme power (AUC: training cohort: 0.925,
test cohort: 0.902), which successfully bisected the group into
high-risk and low-risk subgroups for OS followed by
temozolomide chemotherapy (39). ATRX mutation is another
good prognostic factor that usually appears in LGGs
accompanied by IDH mutation. Li et al. included 95 patients
with LGGs and built a radiomics predictor of ATRX alterations,
which was subsequently validated in an external cohort of 91
patients with good performance (AUC: training cohort: 0.94,
internal test cohort: 0.925 and external test cohort: 0.725) (40).

Haubold et al. assessed the potential of multimodal imaging
and radiomics algorithms to predict the grading and common
mutations including MGMT of 42 patients with suspicious
primary brain tumor (41). They applied 18F-FET PET along
with MR Fingerprinting and extracted 19284 features from each
patient, which were further divided into 32 for 1p19q codeletion,
64 for IDH1, 8 for ATRX, and 16 forMGMT. And through 5-fold
cross-validation the AUCs in predicting the mutation were
respectively assessed, with 1p19q for 97.8%, IDH1 for 88.7%,
ATRX for 85.1%, andMGMT for 75.7%. The 2016WHO grading
model yielded an AUC of 81.8% while AUC of discriminating
LGG from HGG was 85.2%. Su et al. further investigated grading
along with proliferation levels in 220 patients with various grades
of gliomas (43). When combining radiomics features of multi-
contrast MRI (T2WI fast-echo images (T2FSE), T1WI, FLAIR,
CE-T1WI, DWI, ADC, PWI and CBF), the models displayed the
highest AUC (0.911 for LGGs and HGGs, 0.896 for grades II–III,
0.997 for grades II–IV, 0.881 for grades III–IV, and 0.936 for
levels of Ki-67 labeling index).

It has been reported that CIC mutation promotes glioma cell
proliferation, differentiation, and aggression and results in a poor
outcome (82–84). However, Zhang et al. found that patients with
LGGs (IDHmutation) or oligodendroglioma (IDHmutation and
1p/19q codeletion) combined with CIC mutations may have
better prognosis (42). As shown in MRI, LGGs (IDH mutation)
with CIC mutation illustrate visually less malignant
manifestations, such as fairer necrosis and more homogeneity
among the tumor volume. They further developed a radiomics
model to predict the CIC alterations based on 11 features derived
from 120 patients with LGGs (AUC: 0.985).

Epidermal growth factor receptor (EGFR) variants are
reported in 57% of GBM specimens. Among these, a deletion
from exons 2–7, EGFRvIII is the most frequent EGFR variant,
and extracellular domain (ECD) missense mutations like
A289D/T/V, R108G/K, and G598V are the most frequent
EGFR deletion comprising 10%–15% of transcription products
Frontiers in Oncology | www.frontiersin.org 995
while the deletion was found to co-occur with amplification (85).
EGFRA289V mutation has the most negative survival impact,
which was reinforced by Binder’s study involving 260 patients
with de novo GBM (38). To investigate the negative prognostic
effect of EGFRA289D/T/V, Binder et al. firstly did quantitative
imaging analysis comprising six different MRI modalities and
extracted 2104 quantitative imaging phenomic features which
were further reduced to a more manageable set of 299 using a
multivariate classification framework (86). To promote
radiographic interpretability, an experienced neuroradiologist
further filtered these features into 17. The MRI signatures
based on selected features presented a picture of decreased T1
signal but higher CE-T1 signal, higher T2 values, higher peak
height (PH) values, and relative cerebral blood volume (rCBV) in
EGFRA289D/T/V mutant tumors region, indicating higher water
content, hyperproliferation, and increased invasion in tumor
region with EGFRA289V. The peritumoral edema region
presented reduced fractional anisotropy (FA) generated by
Diffusion Tensor Imaging (DTI) for cases with EGFRA289D/T/V

mutations, suggesting decreased tissue organization and
homogeneity. Taking MRI signature and following modified
cell lines in vivo, they demonstrated higher proliferation,
increased aggressiveness, and shorter OS in EGFRA289D/T/V. To
explore the mechanism in vivo, they inhibited two main signaling
pathways of EGFR, RAS/RAK/ERK and PIK3CA/AKT, which
revealed that A289V-induced EGFR activation mediates
phosphorylated ERK and augments MMP1 expression which
cause hyperproliferation and invasion. Finally, mAb806 targeting
therapy was examined in EGFRA289V mice models and was
proven to be a potential therapeutic option as the mAb806
antibody reduced the tumor burden, inhabited tumor growth,
and improved animal survival.

Glioma cells connect their microenvironment in a two-way
street, mainly through cytokines and matrix proteins. POSTN is
a secretory extracellular matrix protein made up of gliomas cells.
Prev ious s tud ie s showed POSTN plays a ro l e in
neovascularization, endothelial junction formation decrease,
stem cell maintenance, and macrophage recruitment (87, 88).
Subsequent studies revealed POSTN in glioma grade, recurrence,
and resistance to bevacizumab monoclonal antibody against
VEGF-A (89, 90). Zinn et al. found GBM patients with
different POSTN expression levels in association with distinct
imaging features, which can be utilized in radiomics for
prediction (32). They extracted 2480 radiomics features
respectively in GBM patients and GSC-derived orthotopic
tumors mice and selected 48 and 17 features respectively to
build two classifiers (GBM AUC: 76.56%; mice, AUC: 92.26%).

F3T3 is a novel fusion proto-oncogene incorporating FGFR3-
TACC3 found in approximately 3% of gliomas that functions as
an important part in the activation of oxidative phosphorylation
and mitochondrial metabolism. Though the foremost energy
metabolism pathway of tumor is anaerobic glycolysis, GBM with
F3T3 mutation depends on noncanonical mitochondrial
pathway. Thus, F3T3 may serve as a potential target for
targeting therapies such as mitochondrial inhibitors (91).
Stefano et al. showed that, in the midst of IDH-WT tumors,
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F3T3-positive gliomas exhibit distinct molecular, radiological,
and clinical features and possess a more optimistic clinical
outcome independent of their grading. Their radiomics data
composed 66 patients as training cohort and 78 patients from
another institution as test cohort and identified F3T3-positive
patients with good accuracy. They successfully built a classifier
towards F3T3 mutation status (AUC: 0.87(training)/0.745(test))
and a model composing clinical, genetic, and radiomics profile to
estimate the F3T3-positive patients’ OS as presenting the best
concordance (C-index: 0.81). They further implemented
multiple optimization techniques (SCCAN) to inspect the
tropism of F3T3 gliomas for specific intracranial ROIs and
finally located cortical and subcortical regions, especially insula
and temporal lobe (36).

H3 K27M mutant occurs within the histone-3 gene (H3F3A)
wherein an amino acid recurrently converts from lysine to
methionine in the site 27, and H3 K27M-positive diffuse
midline glioma is listed separately graded as IV in 2016 WHO
classification (92). According to a report, H3 K27M-positive
gliomas in thalamus area tend to result in a shorter median OS in
pediatric patients than in H3 K27M-WT ones (93). Furthermore,
there have been several epigenetic-targeted treatments towards
H3K27M and an immunological study provided evidence for
immunotherapeutic approaches like mutation-specific vaccines
targeting H3K27M (94). Su et al. carried out a retrospective study
on automated classification of H3 K27M genotypes. The Tree-
based Pipeline Optimization Tool (TPOT), a method that
automatically conducts feature and model selection procedure,
along with pipeline optimization, was highlighted. The study
included 40 H3 K27M-positive patients and 60 WT, of whom
75% were randomly grouped into the training cohort while 25%
into test cohort. After extracting 99 features from FLAIR, TPOT
finally refined 10 more manageable radiomics features and
generated ten prediction models. The optimal model is
generated through comparison of accuracy metrics. The model
exhibiting the best performance in the test cohort yielded the
highest average precision of 0.911 and AUC of 0.903, while
validation in an independent validation dataset observed an
average precision of 0.855 and an AUC of 0.85 (37).

Monitoring the core signaling pathway of GBM may reveal
the tumor evolution, allow early clinical intervention, and
enhance patients’ management (95). Park et al. built a
radiogenomic classifier based on patients with IDH-WT GBM
certified by next-generation sequencing (NGS), which
noninvasively predicts retinoblastoma 1, p53, and Receptor
tyrosine kinase (RTK) core signaling pathways (31). In this
study, 85 patients were classified into the training cohorts in
total and 35 into test cohorts, and their T1WI, T2WI, DWI,
FLAIR, CE-T1WI, and perfusion MRI-like dynamic
susceptibility contrast (DSC) were acquired for radiomics
analysis. For each core signaling pathway, 71, 17, and 35
features passed extraction, and finally the top 5 features were
selected respectively. Three models were evaluated, presented as
AUC (RTK, training cohort: 0.87, test cohort: 0.88; p53, training
cohort: 0.80, test cohort: 0.76; retinoblastoma, training cohort:
0.84, test cohort: 0.81). PTEN is a tumor suppressor gene
Frontiers in Oncology | www.frontiersin.org 1096
participating in both ATK and RTK signaling pathways and
the deficiency of PTEN is considered to be the main feature of
GBM (96, 97). In addition to relying on sequencing and
immunohistochemistry to detect PTEN alterations, Li et al.
established a noninvasive radiomics method with good
performance in guiding targeted therapy (AUC: training
cohort: 0.925, test cohort: 0.787) (44).

Differential Diagnosis
The radiological features of gliomas usually lack specificity,
involving spherical well-encapsulated shape with ring
enhancement indicating tumor angiogenesis and prominent
peritumoral edema. The lesions are mostly multiple and are
usually located at watershed or grey-white junction with white
matter fiber bundles erosion. Further, the radiological features
between malignant gliomas and lymphomas are analogous and
there is also similarity in abscesses, infections, demyelinating
diseases, and vascular lesions. The radiological features are also
likely to be interfered with by hemorrhage, melanin, and
paramagnetic ions.

Brain metastases (BMs) take up the second most common
type of malignant brain neoplasms in adults preceded by GBM
(98, 99). Early diagnosis is the key to appropriate therapies since
the strategies for these two tumors are distinct with different local
control rates and intervention prognosis: the prior treatment for
GBM is maximum-safe surgery resection, following adjuvant
radiotherapy and chemotherapy (100), while regarding BM the
more effective and less invasive treatment is stereotactic
radiosurgery (101). Qian et al. assessed high-dimensional
radiomics features from T1-WI, T2-WI, and CE-T1 to
distinguish GBM from solitary BM (47). In the retrospective
study, patient’s population, including 242 GBM and 170 solitary
BM, was randomly grouped (training cohort: 227, test cohorts:
185). An amount of 1303 radiomics features passed extraction,
which were then refined by twelve feature selection methods.
Thirteen classifiers were generated and all yielded excellent
predictive efficacy with AUC≥0.95 in the training cohort.
Through ROC curve analysis they found out that the
combination of SVM and LASSO classifiers had the best
prediction value in the test cohort (AUC: 0.90).

Primary central nervous system lymphoma (PCNSL) shares
radiological similarities with GBM when solely using ADC
parameter, due to some overlaps in ADC values. Kang et al.
evaluated the feasibility of a radiomics model for the
differentiation of atypical PCNSL and GBM based on ADC
(45). The patient population in the training cohort contained
112 patients, while the population in the test cohort involved 42
patients for internal and 42 for external validation sets. They
combined 12 feature selection methods with 8 classification
methods using 5~50 selected features and optimized 8 ADC
radiomics models. The prediction performance and stability
were subsequently measured by each AUC and relative
standard deviation (RSD) of each model. As a result, the ADC
model combining RFE feature selection with RF classification
yielded the highest diagnostic value with an AUC of 0.983 in the
training cohort. The ADC model showed robustness exceling
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expert readers and was further assessed respectively in the
internal validation cohort (AUC 0.984) and external validation
cohort (AUC 0.944) to promote generalizability.

To standardize the procedure and improve efficacy, Wu et al.
generated a novel radiomics system utilizing feature extraction
and selection methods and classification framework based on
dictionary learning and sparse representation (46). Simply using
T2WI and CE-T1, they tested the technical feasibility of the
system using 49 selected radiomics features out of 968 features
extracted from 102 patients with PCNSL or GBM (training:
test=67:35). The sparse representation radiomics system had
superior PCNSL and GBM differentiation performance
(training cohort: 98.51% accuracy, test cohort: 94.51%
accuracy). Furthermore, the IDH1 prediction performance of
the novel system exceeded traditional methods based on
calculation by 11%.

Prediction of Treatment Effect
and Recurrence
Tumor recurrence in early posttreatment stage is commonly
reported in HGGs. Assessing posttreatment MRI changes
according to RANO standard within 0-72 hours is a common
and effective method to evaluate the degree of surgery.
Pseudoprogression (PsP) is a diagnostic dilemma presented as
expanded and/or new regions of edema and enhancement,
especially within the 2-5 months from the initiation of
adjunctive therapies, which mimics tumor recurrence and
radiation necrosis. The mechanism of PsP may be attributed to
three factors: (1) non-tumor tissue chemoradiation damage, e.g.,
hemorrhage, ischemia, aseptic inflammation, edema and
necrosis; (2) blood-brain barrier breakdown; or (3) other
factors, e.g., signal artefacts from metal implants.

A recent retrospective radiomics study comprising 76 patients
of histopathology-proved progressive disease (PD) and 22 of PsP
from three centers by Elshafeey et al. provided evidence on
perfusion MRI on accurately discriminating PD and PsP. Its
reported model based solely on Ktrans maps had matching
diagnostic value with the rCBV model in discriminating
between PsP and PD. The final prediction model combining
Ktrans with rCBV maps generated by SVM used the top 60
radiomics features ranking with MRMR, which achieved an
accuracy of 90.82% and an AUC of 89.10% in discriminating
between PsP and PD. Subsequent validation also showed
statistical significance by LOOCV (AUC 89%) (50). Based on
dynamic FET PET radiomics, Lohmann et al. aimed at
establishing a reliable diagnostic test for differentiating PsP
from tumor progression in gliomas patients (52). In the tumor
segmentation process, data augmentation was implemented to
increase the number of datasets from 34 patients to 102. The
radiomics model was automatically generated using TPOT based
on random forest classification, with an AUC of 0.74 in both
training and test cohorts.

Kim et al. investigated the feasibility of multiparametric MRI
radiomics incorporating diffusion and perfusion to identify
tumor recurrence within 3 months following standard therapy
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(48). They developed and validated a radiomics model
comprising CE-T1WI, FLAIR, ADC, and CBV maps using 61
patients as training cohort and 23 patients as validation cohort.
Initially 6472 features were extracted and then 12 significant
radiomics features passed selection using LASSO to construct the
integrated model. And the model presented best diagnostic
performance (AUC, 0.90) over any single imaging technique or
parameter model. The internal validation (AUC, 0.96) and
external validation (AUC, 0.85) cohorts strengthened
the outcome.

Towards differentiating tumor recurrence from radiation
necrosis, Wang et al. carried out a radiomics study involving
112 patients as training cohort and 48 patients as test cohort. The
multidimensional quantitative model integrated clinical
information (patients’ individual features and gliomas grade)
and radiomics information (MRI techniques (T1WI, T2WI, CE-
T1WI and FLAIR) and PET images using both 18F-FDG and
11C-MET), while the radiomics model only included radiomics
information. Fifteen textural features were selected from the
images for the construction of radiomics model and integrated
model. And the integrated model showed significant superiority
over radiomics model (both training and test cohorts: p < 0.001)
and was proved to be accurate and effective in the prediction of
differentiating postoperative tumor recurrence from radiation
necrosis (training cohort: AUC 0.988, test cohort: AUC
0.914) (53).

Brain necrosis after radiotherapy is a common complication
in approximately 3%–24% of patients (102), mostly with primary
or metastatic cancer of the head, neck, and CNS. Bevacizumab
has shown its potential in symptomatic relief and radiographic
response compared with general corticosteroid therapy in
randomized study (103), however, some patients are unable to
gain benefit or even worsen. To predict the treatment effect of
bevacizumab in brain necrosis patients, Cai et al. developed a
radiomics model based on a total of 149 patients including 42 as
an external validation cohort, which yielded an AUC of 0.916 in
the training cohort and 0.912 and 0.827 in the validation
cohorts (51).

Immune checkpoint inhibitors (ICI) hold great promise for
GBM treatment, however the suppressive microenvironment of
GBM characterized by poor antigen presentation and low T-cell
activation and infiltration limits the ICI application. Aslan et al.
investigated mechanisms of resistance to ICIs blocking PD-1 and
CTLA-4 and acquired immune heterogeneity in the allogeneic
intracranial inoculated mice with Gl261 tumor cells (49). To
determine the response of ICI in mice post inoculation and
identity PsP, they built a radiomics signature based on CE-T1WI
and T2-WI. From 101mice inoculated with Gl261 tumor cell before
and during ICI treatment, they extracted 423 features and built a
gradient boosting classifier containing all 423 z-score-normalized
radiomics features with an accuracy of 82.7%. Subsequent in-vivo
and ex-vivo experiments proofed that PD-L1/PD-1/CD80 axis plays
an important role in ICI resistance induced by CD4 T cell
suppression, tumor-associated macrophages, and Treg extension
in the microenvironment of GBM.
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Predicting Patient’s OS and Complications
According to a large-scale randomized trial, the median survival
time of GBM is 14-15 months, which can be prolonged by
adjuvant temozolomide with radiotherapy (104). However, the
current radiotherapy plans ignore the biological heterogeneity of
individuals and use the same dose, resulting in significant
difference in patients’ OS (105). Radiomics and radiogenomics
can provide an imaging biomarker on predicting the individual
radiotherapeutic response, which helps to adjust the dose and
make a personalized treatment plan. By combining the clinical
risk factors and radiomics signature which was built with 152
patients with GBM to predict the radiotherapeutic response, Pan
et al. developed a nomogram to predict the OS, with C-indexes
up to 0.764 and 0.758 respectively in the training cohort and
external validation cohort (54).

The study by Dastmalchian et al., including 31 patients with
GBM, LGGs, and metastases and 20 top selected features, proved
that the radiomics approach has robust potentiality to
differentiate between these tumors and to predict OS of GBM
(56). They found a significant difference between patients with
different selected features such as T1/T2 entropy and secondary
features like high-gray run emphasis (p <0.05). And the cut-off
values dichotomizing the GBM patients’ median survival were
calculated by grading these features. For example, lower entropy
values in solid tumor regions (p: 0.034) in T2 maps correlate
with longer survival of 11 months and 6.7 months for those
below the cut-off value, and higher entropy values in peritumoral
white matter regions (p: 0.009) in T1 maps correlate with longer
survival of 18 months and 6.8 months for those below the cut-
off value.

Since the mutation of IDH1-R132H and MGMT in GBM
patients is strongly associated with the OS and PFS, Bae
integrated radiomics with clinical and genetic profiles and built
several models to predict the prognosis of 217 GBM patients
(training: test=3:1) (59). From 796 features derived in T1WI,
T2WI, FLAIR, postcontrast 3D T1WI, and DTI, they selected 18
significant features and trained multilayers RSF models. Except
for the integrated model, the model containing only radiomics
features was the most significant with successful validation in the
test cohort (OS: iAUC 0.652, PFS: iAUC 0.590).

Papp et al. evaluated the prediction value on dichotomized OS
using an integrated model comprising 56 features including 11C-
MET PET radiomics characteristics in vivo, histopathological
characteristics ex vivo, along with patients’ individual
information to predict survival in glioma patients without
treatment (58). The cut-off value determines 36 months as the
survival prediction threshold and the prediction weight for each
model was assessed in training cohorts and the validation
cohorts. When it came to validation, they introduced the
Monte Carlo cross-validation (MCCV) different from k-fold
validation in that the sample may appear multiple times in the
same set (training set/test set). The MCCV proved the highest
AUC for the integrated model as 0.9, following the patient-based
and histopathology-based models.

It has been reported that in GBM patients, females exhibit
longer OS compared to males, which may be associated with
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hormonal, metabolic, and immune variances. Based on the
discovery, Beig et al. developed sexually dimorphic radiomics
risk score (RRS) models to predict patients’ OS. The OS
prediction model combines age molecular features, extent of
resection, and RRS, showing good performance in both male and
female cohorts [0.73/0.88(C-index, male), 0.73/0.69(C-index,
female)]. By further analyzing radiogenomics associations
between MRI-based phenotypes and transcriptomic data
correspondingly, they found that RRS is associated with a
series of biological activities including angiogenesis, apoptosis,
cell differentiation, cell proliferation, and cell adhesion (60).

Verduin et al. involved the training (n = 142) and validation
cohort (n = 46) to establish a combined model for prognosis of
OS in IDH-WT GBM patients based on quantitative radiological
features, qualitative Visually Accessible Rembrandt Images
(VASARI) features, and clinical information. The accuracy and
reproducibility of the combined model was analyzed using
Harrell’s C-index (training cohort: 0.72, validation cohort:
0.73). They additionally developed a prediction model towards
molecular mutation status comprising IDH, MGMT
methylation, and EGFR amplification in 95 patients for the
training cohort and 38 patients for the validation cohort. In
this model, 5 VASARI and 5 radiomics features mainly selected
from T2WI were considered to be most prognostically relevant,
with performance towards MGMT methylation (AUC: 0.667)
and EGFR amplification (AUC: 0.707) yielding significance in
external validation cohorts (61).

A radiomics study on PFS and OS stratification by
Kickingereder et al. included 181 GBM patients available of
imaging information (CE-T1, FLAIR, and T2WI), DNA
methylation profiling (MGMT methylation status and global
DNA methylation pattern), treatment (surgery, TMZ
chemotherapy and/or radiation), and patients’ individual
information (62). In the prognostic analysis, a total of 386
features were selected independently in a test-retest MRI
cohort. Subsequently, 8 of these were further used to construct
a radiomics signature using sole radiomics information. When
using only epigenetic and clinical information, the prediction
error for PFS (29%) and 37% for OS (27%) is not appreciable,
which were reduced by 36% for a model after integrating
radiomics signature. The radiomics signature showed
significance beyond models using other information (P ≤ 0.01).

The epilepsy complicated by LGGs is mainly attributed to
compression and stimulation of the brain tumors that cause the
degeneration and gliosis of the brain cells around the tumors which
constitute the epileptic foci complex. Wang Y aimed at predicting
epilepsy types to guide more targeted antiepileptic therapy in a
retrospective study. A novel radiomics nomogram was developed
with 4 selected discriminative MRI features regarding location and
molecular background in 205 LGG patients, which displayed
excellent quantitative clinical prediction performance (AUC:
0.863) (106). Qian et al. suggested a radiomics risk score to
alternatively identify the OS in LGGs. When combined with
independent clinical prognostic parameters such as WHO grade,
age at diagnosis, and seizure, the nomogram based on the risk score
exhibited high prognostic accuracy (C-index: training cohort: 0.92,
October 2021 | Volume 11 | Article 732196

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Yi et al. Review of Radiomics in Brain Tumor
test cohort: 0.70) (57). They subsequently implemented
radiogenomic analysis of high-risk positively associated genes,
further revealing the underlying correlated biological processes
including hypoxia, angiogenesis, and apoptosis. For the
prediction of PFS, Liu et al. worked out a practical nomogram
incorporating clinicopathologic factors and a radiomics signature
based on 300 patients with LGGs (C-index, training cohort: 0.684;
validation cohort: 0.823) (55), and demonstrated similar biological
processes through radiogenomic analysis.
BRAIN METASTASES

Approximately 20% of the cancer patients with other primary
sites develop brain metastases, outnumbering primary brain
tumors 10:1, but the actual statistic is estimated to be even
more since plenty of them do not go through regular MRI
examination. The top three extracranial primary cancer types
with high intracranial metastatic tendency are lung cancer, breast
cancer, and melanoma, which respectively have incidences up to
20-56%, 5-20%, and 7-16% (107–110). Meanwhile, the incidence
of brain metastases’ occurrence after primary cancer varies
according to race, age, and primary cancer. Brain metastases’
main symptom is parallel to space occupying lesions, which
varies with the lesion location.

Evaluation of Mutation Status
Since there is inter-heterogeneity between the primary tumor
and metastases, assessing the mutation status in the metastases
region and comparing with the primary tumor are meaningful in
guiding individualized treatment. EGFR inhibitors, such as
erlotinib and gefitinib, received distinct responses in GBM and
NSCLCs patients originated from different EGFR mutation sites.
In NSCLCs, the mutation sites typically locate in the kinase
domain that facilitate sensitivity to first-generation EGFR
inhibitors. Unlike NSCLCs, the mutation sites of GBMs locate
in extracellular domain that promote resistance (111).

Ahn used CE-T1 MRI to predict the EGFR mutation in
histologically certified primary lung cancer patients’ brain
metastases (33 with EGFR WT, 29 with EGFR mutation)
(112). Among all the combination of 7 feature selection
methods and 4 classification methods, the RF classification
model applying RF selection yielded highest AUC of 86.81%
on predicting EGFR mutation status. Subsequent analyses
subgrouping BMs by measurable size revealed smaller BMs
correlate with better discrimination capacity (AUC 89.09% in
the small BMs subgroup, combining SVM classification with
RF selection).

Park used DTI and T1-contrast to classify the EGFRmutation in
99 BMs from 51 NSCLC patients, verified by biopsy. Among all the
combinations of 5 feature selection methods and 4 classification
methods, the linear discriminant algorithm classifier using 5
features selected by tree-based methods showed the best
diagnostic performance, resulting in an AUC of 0.73 (113).

Chen did a retrospective study using CE-T1, T2WI, and
FLAIR to predict the mutation on EGFR, ALK, and KRAS
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mutation in BMs from patients diagnosed primary lung cancer,
verified by genotype testing. The model on EGFR, ALK, and
KRAS incorporating both radiomics and clinical information
resulted in AUC values of 0.912, 0.915, and 0.985 (114).

Identifying Primary Tumor
The clinical manifestations of BMs are analogous to primary
brain tumors. Generally, systemic metastases, cachexia, and
multiple foci in CNS may indicate BMs, however, there are up
to 15% with unknown primary tumor (115). Kniep
retrospectively studied 189 patients with primary breast cancer,
lung cancer (NSCLC and SCLC), gastric cancer, or melanoma,
who developed BMs, and analyzed CE-T1 and nonenhanced
T1WI and FLAIR through machine learning algorithm (29). The
results showed that all the RF classifiers surpassed senior
neuroradiologists’ reading. After combing radiomics and
clinical data, the 5-class model showed best prediction
performance with lowest AUC (0.64) for NSCLC and highest
AUC (0.82) for melanoma.

Prediction of Recurrence
As noninvasive treatments such as radiation and chemotherapy
have more extensive application in BMs, the most common
application of radiomics in BM in recent years may be prediction
of treatment and progression.

Prasanna proposed a novel entropy feature called co-
occurrence of local anisotropic gradient orientations
(COLLAGE) which is of great prognostic value in evaluating
radiation necrosis and tumor recurrence on gadolinium-contrast
T1WI (116). They proved in 75 patients with metastatic brain
tumors that, with additional independent multisite validation,
COLLAGE features exhibited statistically significant different
skewness (P <0.05) in recurrent tumor patients compared to
patients with pure tumor and cerebral radiation necrosis > 80%.

Huang retrospectively analyzed 161 patients with NSCLC
(576 brain metastases) postoperatively by Gamma Knife
radiosurgery and found zone percentage related to progression
(117). After feature selection by consensus clustering, analysis of
univariate Cox proportional hazards model comprising clinical
variables, and radiomics features revealed potential prognostic
factors that were subsequently selected to build a multivariate
Cox proportional hazards model, which indicated that a textural
feature called higher zone percentage was independently
pertained with higher local tumor control rates (HR 0.712; P =
0.022). Similar to the result, multivariate proportional hazards
model in cause-specific condition also filtered higher zone
percentage (HR 0.699; P = 0.014).

To predict diagnosing treatment effect after stereotactic
radiosurgery, Peng investigated 82 lesions of BM with obvious
progression from 66 patients who underwent SRS based on CE-
T1 and T2WI MRI (30). Five top-performing radiomics features
out of 51 extracted features filtered by univariate logistic
regression were selected to build a subsequent hybrid IsoSVM
model, which was assessed by the LOOCV (AUC 0.79).
Mouraviev retrospectively analyzed 408 BM lesion in 87
patients who underwent SRS based on their pretreatment CE-
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T1, T2WI, and FLAIR (28). For 440 extracted radiomics features,
they applied RF feature importance and ranked these features for
selection. The top 12 features comprising radiomics and clinical
data are optimized for best prediction model, with the highest
AUC (mean = 0.793).
LIMITATIONS

Radiomics is a rapidly expanding field and is still in extensive
clinical exploration stage, with many obstacles to overcome. We
may discuss the limitations from the aspects of standardization,
robustness, repeatability, reproducibility, and generalizability.

Standardization is the basis of robustness, producibility, and
generalizability. Current standards lack results validation,
incomplete results reports, and unidentified confounding
variables in the source database, especially for retrospective
data. To solve the above problems and standardize radiomics-
specific reporting, Lambin et al. put forward an evaluation
system comprising 16 weighted metrics to determine the
workflow completeness, model quality, and clinical adaptation
potentiality of radiomics studies, in the form of the radiomics
quality score (RQS) (12). The establishment of RQS extended a
number of initiatives, such as the Transparent Reporting of a
multivariable prediction model for Individual Prognosis OR
Diagnosis (TRIPOD) consensus (118).

As is discussed in the Radiogenomics section, radiomics and
radiogenomics can only identify the correlation, thus lacking
robustness and credibility without tissue biopsy. As for radiomics
itself, the accurate segmentation of ROIs is the most challenging
step that largely affects the robustness of outcome. Due to a
tumor’s heterogeneity and polymorphism, manual segmentation
is used in most imaging studies. Its advantages are high accuracy
and fine delineation of irregular tumor boundaries, but it is
greatly affected by subjective factors and is time-consuming and
inefficient, with low repeatability. Recently, novel volume data
segmentation methods based on deep learning models, such as
CNNs named after the shape of the feature map structure (U-net
(119) V-net (120), W-net, UNet++ (121) and Y-net), and
DeepMedic have made a breakthrough in the clinical radiology
segmentation. Current studies demonstrated the utility of CAD,
which combines automated brain tumor segmentation with
radiomics, in helping physicians to detect following initial
observation (122, 123). Most normal tissues like bones and
organs can be segmented semi-automatedly or fully automatedly.

However, current protocols of autosegmentation approaches
are diverse and lack unified standards. From the studies we
reviewed, more intelligent algorithms such as deep learning are
rarely used in radiomics of brain tumor compared to lung cancer,
prostate cancer, and colorectal cancer. Current segmentation,
feature selection, and classification methods in brain tumors are
mainly manual operations using shallow machine learning
methods, such as random forest, SVM, and LASSO. What’s
more, the ratio of articles with test-retest analysis is low for
currently available original research, which also adds doubts
upon repeatability and reproducibility of radiomics analysis.
Though the sensitivity, specificity, and/or AUC of the reviewed
Frontiers in Oncology | www.frontiersin.org 14100
studies are considerable, few are prospective studies that were
later followed up or confirmed by biopsy.

Another problem is that the clinical translation of radiomics
studies in multicenter studies faces difficulty in repeatability and
reproducibility. For example, MR images may capture noise
caused by physiological motion, magnetic field, eddy current,
and unsteadiness of the scanning hardware. Then during image
reconstruction, noise is post-processed to be wiped out prior to
ROIs determination (124). As MR images omit physical
parameters, such as magnetic field strength and voxel size, the
various settings of image acquisition, reconstruction algorithm,
and image processing makes MR radiomics more challenging
than CT to ensure repeatability and reproducibility (125–127).

To test the generalizability of prediction model, there are the
internal validation and external validation using other centers’
data. Current studies in brain tumor still lack big populations,
especially from multiple centers. A systematic review by Park
et al. evaluated 51 original radiomics research articles in neuro-
oncology with RQS and showed that only 29.4% performed
external validation, with few studies discussing clinical utility and
none of them conducting phantom study or cost-effectiveness
analysis (128).

There are also ethic problems in that, while the development
of AI algorithms requires not only fundamental techniques, but
also legislation and perhaps ethics, there are issues on whether
researchers or governments should be motivated to share private
validated data for machine learning (129). What’s more, it is
possible for AI algorithms to be tampered with improper
intention to make profits.
FURTHER DEVELOPMENTS IN
BRAIN TUMOR

Radiomics accelerates the development of precision medicine. In
addition to providing accurate and well-organized personal
radiological diagnostic information to identify different states
for each patient, large quantities of features extracted from
numerous pathologically confirmed patients can contribute a
lot to a large-scaled database for tumor classification. The Picture
Archiving and Communication System (PACS) has enabled the
acquisition, display, processing, storage, transmission, and
management of medical images to be digitized and networked
in a uniform standard (130, 131), with parallel progress in
Europe (132) and developing countries (133, 134).
Additionally, there are strong public repositories which record
these systematic electronic radiological data with open access, for
instance, The Cancer Genome Atlas (TCGA) (135), The Cancer
Imaging Archive (TCIA) (136), and The Quantitative Imaging
Network (QIN) (137).

As the database improves, it can be used for deep learning to
evolve over time to build more sophisticated classifiers and may
help discover more internal connections between image features
and gene expression. Open availability of source code and data is
encouraged for current radiomics studies to promote technical
development. The development of fully automated approaches
based on deep learning will start from solving the most common
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clinical problems with plenty of data (138). These clinical
problems may concern occasions where professional
neuroradiologists are in heavy demand or analyzation is too
cumbersome for neuroradiologists, like predicting IDHmutation
status in gliomas (35).

The development of radiomics also compels the development
of histopathology. Sampling is a crucial step in identifying the
tumor, but it relies on the location of the lesion and is often
affected by operator’s subjective factors and intra-heterogeneity
and inter-heterogeneity of tumor. If radiomics is performed before
sampling, it can segment the lesion and suggest the most
interesting area so that we can puncture the target tissue
accurately. Multicenter radiomic research requires establishing
norms for the radiomics study protocols and for their reporting in
the literature, which also supplements traditional imaging reports
with quantitative indicators and more standard structures.

Based on multiple noninvasive biomarkers, more explicit
characteristics of tumor can be assessed, and the progression of
tumor can be recorded and visualized (139). For example, liquid
biopsy enables the analysis of molecules or macrostructures in
low concentration from body liquid that shows minimal
invasiveness towards patients who are susceptible to tumor or
cannot withstand biopsy. Cucchiara et al. integrated liquid
biopsy and radiomics to monitor clonal heterogeneity of
EGFR-Positive NSCLC (140). As a result, more individualized
treatment plans can be tailored and patients with imperceptible
premalignant lesions or who undergo surgery can also benefit,
though the expense is another problem to be discussed. Future
studies should focus on improving the sensitivity and specificity.
CONCLUSION

Radiomics was born from traditional radiology, bioinformatics,
and machine learning and provides clinicians with economical,
Frontiers in Oncology | www.frontiersin.org 15101
automatic, and accurate diagnosis on brain tumors by mining
high-dimensional data correlated with lesions extracted from
images. The overall imaging and evaluating by radiomics not
only presents the inner heterogeneity of the lesion but also
indicates the microenvironment surrounding the tumor region,
making it possible to guide targeted agents before experiment or
to be aligned with biopsy to maximize the clinical implications.
Though many guidelines are published or being developed, there
are still gaps in standard radiomics reporting. As more
sophisticated segmentation and analyzation techniques are
exploited, along with big data to reach multicenter
interoperability, we believe radiomics will soon expand rapidly
beyond a small research area and transform into a clinical
surrogate diagnosis tool.
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Purpose: To assess the performance of a proton-specific knowledge-based planning
(KBP) model in the creation of robustly optimized intensity-modulated proton therapy
(IMPT) plans for treatment of advanced head and neck (HN) cancer patients.

Methods: Seventy-three patients diagnosed with advanced HN cancer previously treated
with volumetric modulated arc therapy (VMAT) were selected and replanned with robustly
optimized IMPT. A proton-specific KBP model, RapidPlanPT (RPP), was generated using
53 patients (20 unilateral cases and 33 bilateral cases). The remaining 20 patients
(10 unilateral and 10 bilateral cases) were used for model validation. The model was
validated by comparing the target coverage and organ at risk (OAR) sparing in the RPP-
generated IMPT plans with those in the expert plans. To account for the robustness of the
plan, all uncertainty scenarios were included in the analysis.

Results: All the RPP plans generated were clinically acceptable. For unilateral cases, RPP
plans had higher CTV_primary V100 (1.59% ± 1.24%) but higher homogeneity index (HI)
(0.7 ± 0.73) than had the expert plans. In addition, the RPP plans had better ipsilateral
cochlea Dmean (−5.76 ± 6.11 Gy), with marginal to no significant difference between RPP
plans and expert plans for all other OAR dosimetric indices. For the bilateral cases, the
V100 for all clinical target volumes (CTVs) was higher for the RPP plans than for the expert
plans, especially the CTV_primary V100 (5.08% ± 3.02%), with no significant difference in
the HI. With respect to OAR sparing, RPP plans had a lower spinal cord Dmax (−5.74 ±
5.72 Gy), lower cochlea Dmean (left, −6.05 ± 4.33 Gy; right, −4.84 ± 4.66 Gy), lower left
and right parotid V20Gy (left, −6.45% ± 5.32%; right, −6.92% ± 3.45%), and a lower
integral dose (−0.19 ± 0.19 Gy). However, RPP plans increased the Dmax in the body
outside of CTV (body-CTV) (1.2 ± 1.43 Gy), indicating a slightly higher hotspot produced
by the RPP plans.
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Conclusion: IMPT plans generated by a broad-scope RPP model have a quality that is, at
minimum, comparable with, and at times superior to, that of the expert plans. The RPP plans
demonstrated a greater robustness for CTV coverage and better sparing for several OARs.
Keywords: knowledge-based planning, intensity-modulated proton therapy (IMPT), robust optimization, advanced
head and neck cancer, plan quality validation
INTRODUCTION

Head and neck (HN) cancer therapy is both challenging and
complicated due to the proximity of clinical target volumes
(CTVs) to various critical organs such as the oral cavity,
pharynx, larynx, parotids, spinal cord, and brainstem.
Radiation therapy for HN cancer is an often used treatment
paradigm as an adjuvant to surgery or chemotherapy. Intensity-
modulated radiation therapy (IMRT), volumetric modulated arc
therapy (VMAT), and intensity-modulated proton therapy
(IMPT), all of which can deliver a highly conformal dose to
the tumor while sparing organs at risk (OARs), are advanced
radiation therapy techniques commonly used for treatment of
HN cancer. Both VMAT and IMRT utilize photons to irradiate
the patients, while the IMPT utilizes protons. The physical
property of proton beams that can eliminate “exit dose”
beyond the Bragg peak allows for steeper dose gradients and
better OAR sparing than the photon-based therapy. It is well
documented that IMPT offers a superior dose distribution as well
as reduced toxicity as compared with IMRT and VMAT in the
treatment of HN cancers (1, 2). Like IMRT, IMPT utilizes inverse
planning optimization to achieve dosimetric objectives.
However, the complexity of IMPT planning makes the quality
of the IMPT plans very dependent on planner experience and
skill, especially for plans in complex anatomy such as the HN
region. This may lead to larger variations in plan quality and
suboptimal dose distributions (3–5).

Knowledge-based planning (KBP) tools, which incorporate
prior treatment planning experience, have the potential to
improve the quality and consistency of treatment plans (6–10).
One of the commercially available KBP systems [RapidPlan™

(RP) Varian Medical Systems, Palo Alto, CA] employs a dose–
volume histogram (DVH) estimation model trained from a
library of high-quality treatment plans. It was demonstrated by
numerous studies that RP is able to generate IMRT and VMAT
plans comparable with or better than the expert plans for a range
of treatment sites (11–16). Recently, a proton-specific KBP
system [RapidPlanPT™ (RPP), Varian Medical Systems, Palo
Alto, CA] was developed to accommodate the physical traits of
protons (e.g., no dose beyond the Bragg peak) into the DVH
estimation model (17). A small number of publications have
explored the usefulness of the RPP for HN cancer. Delaney et al.
originally described the principle of RPP and demonstrated the
feasibility of generating clinically acceptable planning target
volume (PTV)-based IMPT plans by RPP for HN patients (17,
18). In their studies, a relatively narrow scope model was trained
and evaluated, where IMPT plans with the same dose
prescription and standardize field setup were applied. We
rg 2107
believe that more studies are necessary to validate the RPP
model reliability before it can be put into clinic use at this
early stage. In the present work, we built an RPP model with a
wide variety of HN proton plans (e.g., customized field setup,
different prescriptions, and both unilateral and bilateral cases).
This is a more “broad-scope” model than previously done, and
we assessed its performance in the creation of robustly optimized
IMPT plans for the HN cancer patients with different dose
prescriptions and tumor localization.
MATERIALS AND METHODS

Patient Cohort and Intensity-Modulated
Proton Therapy Planning
Seventy-three patients with advanced HN cancer located in the
mid/lower HN region, including base of the tongue, tonsil,
oropharynx, hypopharynx, parotid, and larynx, were included
in this study. These patients were previously treated with VMAT
using simultaneous integrated boost (SIB) technique and were
enrolled in a retrospective institutional review board (IRB)
approved protocol. Thirty of the patients underwent unilateral
HN treatment, and the remaining were treated with bilateral HN
irradiation. For all patients, contrast and non-contrast planning
CTs were acquired in a supine position with 1.5-mm slice
thickness using the Siemens Somatom 16 slice CT simulator.
All gross tumor volumes (GTVs), CTVs, and OARs, including
the spinal cord, brainstem, parotids, constrictors, mandible,
cochlea, larynx, carotids, and oral cavity, were delineated on
the contrast CT, and these volumes were subsequently
transferred to the non-contrast CT. For bilateral treatment,
patients were treated with three dose levels: the primary CTV
prescribed to 70 Gy; the secondary CTV prescribed to 66, 63, or
60 Gy; and the tertiary CTV prescribed to 56 Gy. For unilateral
cases, either one or two dose levels were prescribed with some
combination of doses at the levels of 66, 60, 55, 54, and 50 Gy.

For each patient, IMPT plans were generated using multifield
optimization (MFO) technique. The IMPT plans employed two
to four fields depending on the target extent and anatomy. The
field number and arrangement were selected by the expert
planners based mainly on the tumor anatomy and location.
For each field, a field-specific target was created encompassing
all CTVs. These field-specific targets were then modified to avoid
having beams entering through the chin area or going through
teeth. Streaking artifacts caused by dental implants were
delineated and overridden to an appropriate density value. The
non-linear universal proton optimizer (NUPO 15.6, Eclipse,
October 2021 | Volume 11 | Article 737901

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Xu et al. Knowledge-Based Head and Neck IMPT
Varian Medical Systems) was utilized for optimization along
with the proton convolution superposition algorithm (PCS 15.6,
Eclipse, Varian Medical Systems) for dose calculation. A relative
biological effectiveness (RBE) of 1.1 was used to weight the dose.
The spot spacing was set to 0.425 times the energy-dependent in-
air full width at half maximum (FWHM) spot size at the
isocenter. All IMPT plans were robustly optimized using ±3
mm setup uncertainty (in cardinal directions) along with ±3%
proton range uncertainty, resulting in 12 uncertainty scenarios.
The targets were the only structures selected to be robustly
optimized. The worst-case scenario was required to achieve
V95 > 95% (95% of the volume receiving more than 95% of
the prescription dose) for the CTVs while keeping the normal
tissue constraints as low as possible. The dose constraints used
for the OARs are shown in Table 1. All plans were normalized
such that 95% of the primary CTV volume was covered by the
100% of the prescription dose (V100 = 95%). All proton plans
were created by an experienced proton dosimetrist and reviewed
by a medical physicist.

Knowledge-Based Planning Model
Configuration
The proton-specific KBP optimization tool RPP (Eclipse TPS,
ver. 16.1, Varian Medical Systems) was used to create the KBP
library. RPP consists of two phases for model configuration: the
data extraction phase and the model training phase. In the data
extraction phase, the geometric and dosimetric features of
selected structures are parameterized for use in model training.
During the model training phase, the DVH estimation algorithm
is applied to create a DVH estimation model. Individual
structure objectives and priorities may be set or generated
based on the training set and their principal components. As
described in Delaney et al., RPP incorporates a simplified spread-
out Bragg peak into the model and utilizes the geometry-based
expected dose (GED) metric to estimate the distance of the
different voxels in each structure from the target surfaces.
Delaney et al. have described RPP modelling in greater detail
as well as the differences between the photon-based model and
the proton-based model in their work (17), so these details will
not be included here.

In our study, 53 IMPT plans consisting of 20 unilateral cases
and 33 bilateral HN cases were included in the proton RPP
model library. A defined objective list was implemented in the
model after initial model training as shown in Table 2. The
model quality was assessed using model generated plots such as
DVH plots, regression and residual plots based on principal
component analysis (PCA), and some additional metrics (19).
Coefficient of determination (R2) and average chi-square (c2)
were applied to measure the goodness of fit of the model for each
trained OAR, where the R2 indicates the correlation between
dosimetric and geometric features, while c2 represents the
difference between the original and estimated data (19).

Model Validation
The 20 (10 unilateral cases and 10 bilateral cases) patientswhowere
not included in the model training served as the model-validation
group. For each patient used in model validation, RPP plans were
Frontiers in Oncology | www.frontiersin.org 3108
created using the same beam arrangement as the corresponding
expert plans. Optimization was first performed using an
autogenerated objective list by the RPP. One to two additional
optimization iterations were performed to improve the CTV
coverage or OAR sparing with small changes to the original
objective list for some patients if aforementioned dose constraints
were not met. The RPP plans were normalized applying the same
normalization as the expert plan (V100 = 95%).

The RPP plans were assessed and compared with the expert
plans using the same clinical dose–volume constraints for CTVs
and OARs. Additionally, we assessed the integral dose deposited
in the structure, which removed the CTV volume from the
external volume contour (body-CTV). The homogeneity index
(HI) was also evaluated for RPP-based IMPT plans and
compared with that of the expert plans. In this work, the HI
was defined as (20, 21)

HI =
D2% − D98%

Dp
� 100

where D2% is the dose to 2% of the CTV, D98% is the dose to 98%
of the CTV, and Dp is the prescription dose for the CTV. The
closer the HI value is to zero, the more homogenous the plan is.
In order to take the plan robustness into consideration, averaged
dosimetric indices over all scenarios (12 uncertainty scenarios
plus the nominal scenario) were calculated for each patient, and
comparisons was carried out between expert and RPP plans. All
comparisons were performed by two-sided Wilcoxon signed-
rank test. A p-value <0.05 was considered statistically significant.
RESULTS

Model Training Results
Table 3 reports the training results for the model. The R2 was low
for some structures such as the brainstem, larynx, and spinal
cord, but the proximity of c2 values (mean ± SD, 1.08 ± 0.02) to 1
indicates that the model is of good quality. Figure 1 shows the
residual plots for some structures. The residual plots show how
the original DVH of a structure differs from the estimated DVH,
and they were used as a more realistic evaluation of potential
influential points that can significantly affect the outcome of the
DVH estimation model. Though previous studies have shown
that removal of outliers from a good-quality KBP model library
with sufficient population often does not have a significant
impact on plan quality, outlier cases such as the one marked
by the arrow in the constrictor plot were evaluated to determine
if the patient needed to be re-planned (12, 22). After review, we
believe that they did not need to be excluded, as most outliers
were due to an anatomical difference or a difference in the
relative location of the object to the CTV; e.g., a large part of
constrictor overlapped with the CTV for the arrowed case. Thus,
we decided not to remove any of the outliers from the model.

Model Validation Results
Most IMPT plans generated by the expert planners and RPP met
the clinical constraints in Table 1. Some constraints were not met
October 2021 | Volume 11 | Article 737901
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TABLE 1 | CTV and OAR dose constraints for the nominal IMPT plan.

Bilateral Unilateral

CTV V100 > 95%
Dmax < 115% Dmax < 113%

Brainstem Dmax < 54 Gy
Left cochlea Dmean < 40 Gy
Right cochlea Dmean < 40 Gy/50 Gy
Constrictors Dmean < 50 Gy Dmean < 40 Gy
Larynx Dmean < 50 Gy Dmean < 30 Gy
Mandible Dmax < 75 Gy Dmax < 60 Gy
Oral cavity Dmean < 50 Gy Dmean < 30 Gy
Spinal cord Dmax < 48 Gy
Left parotid Dmean < 26 Gy

V20 Gy < 50%
Right parotid Dmean < 26 Gy

V20 Gy < 50%
Frontiers in Oncology | www.frontiersin.org
 October 2021 | Volume 114109
V95 represents the relative volume receiving equal or more than the 95% of prescription dose; Dmax represents the maximum dose or relative dose delivered to the structure; V20Gy and
Dmean represent the relative volume of the structure receiving more than 20 Gy and mean dose to the volume, respectively.
CTV, clinical treatment volume; OAR, organ at risk; IMPT, intensity-modulated proton therapy.
TABLE 2 | Objectives implemented in the model.

Structure Relative volume Absolute/relative dose of specific target prescription Priority

CTV_primary Upper 0.0% 102.0% Generated
Upper 25.0% 101.0% Generated
Lower 100.0% 100.0% Generated
Lower 97.0% 100.5% Generated
Lower (RO) 95.0% 95.0% Generated

CTV_secondary Upper 5% 103% Generated
Lower 100% 100% Generated
Lower 97% 101% Generated
Lower (RO) 95.0% 95.0% Generated

CTV_tertiary Upper 5% 103% Generated
Lower 100% 100% Generated
Lower 97% 101% Generated
Lower (RO) 95.0% 95.0% Generated

Brainstem Upper 0% 35 Gy Generated
Upper Generated 30% of CTV_primary prescription Generated
Upper Generated 15% of CTV_primary prescription Generated

Left cochlear Upper Generated 25 Gy Generated
Mean 5 Gy Generated

Right cochlear Upper Generated 25 Gy Generated
Mean 5 Gy Generated

Constrictor Upper Generated 25% of CTV_primary prescription Generated
Upper 50% Generated Generated

Larynx Upper 0% 68.5 Gy Generated
Mean 53.5 Gy Generated

Mandible Upper 0% 101% of CTV_primary prescription Generated
Oral cavity Upper 5% Generated Generated

Mean 50 Gy Generated
Left parotid Upper Generated 25% of CTV_primary prescription Generated

Upper 50% Generated Generated
Mean 25% of CTV_primary prescription Generated

Right parotid Upper Generated 25% of CTV_primary prescription Generated
Upper 50% Generated Generated
Mean 25% of CTV_primary prescription Generated

Spinal cord Upper 0% 30 Gy Generated
Upper Generated 30% of CTV_primary prescription Generated
Upper Generated 15% of CTV_primary prescription Generated
Upper gEUD 10 Gy Generated

Spinal cord+3 mm Upper 0% 35 Gy Generated
Upper gEUD 12 Gy Generated

Submandibular Mean 26 Gy Generated
| Arti
RO, for robust optimization; gEUD, generalized equivalent uniform dose.
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for very few cases due to close proximity of some OARs to CTVs.
After review on these cases, these plans were clinically acceptable.
Table 4 summarizes the comparison of dosimetric indices presented
as mean ± SD between the RPP-generated plans and the expert
plans for 10 unilateral (Table 4A) and 10 bilateral (Table 4B) cases
Frontiers in Oncology | www.frontiersin.org 5110
in the validation group. The range of each dosimetric index was also
presented in brackets as (min, max) in Table 4. The dosimetric
indices from nominal plans as well as the averaged dosimetric
indices over all scenarios are listed in Table 4. To take the plan
robustness into consideration, we will only focus on the results of
averaged dosimetric indices over all scenarios. Figures 2A, B show
the difference of averaged dose–volume indices over all scenarios
between the RPP and expert plans for unilateral cases, and
Figures 2C, D show the differences for bilateral cases.

In unilateral cases, RPP plans achievedmore robust CTV coverage
with a moderately higher CTV_primary V100 (1.59% ± 1.24%),
whereas the expert plans were more homogeneous with a slightly
lowerCTV_primaryHI (0.7 ± 0.73) than theRPPplans. TheDmax of
the mandible from RPP plans was marginally higher than that of the
expert plans (0.62 ± 0.25Gy), but the RPPplans had a better ipsilateral
cochlea Dmean (−5.76 ± 6.11 Gy). For other OAR dose–volume
indices, there was no statistically significant difference between RPP
andexpertplans. In thebilateral cases, theV100forallCTVsprescribed
with different dose levels was higher for the RPP plans, especially for
CTV_primary V100 (5.08% ± 3.02%), indicating that RPP plans were
more robust for CTV coverage. There was no statistically significant
difference for theCTV_primaryHI between the expert andRPPplans.
FIGURE 1 | Residual plots for some of the OARs. OARs, organs at risk.
TABLE 3 | Model training results.

Trained number R2 c2

Brainstem 51 0.504 1.062
Left cochlea 50 0.743 1.056
Right cochlea 51 0.727 1.066
Constrictor 51 0.628 1.088
Larynx 44 0.440 1.076
Mandible 51 0.783 1.102
Oral cavity 51 0.742 1.070
Left parotid 53 0.747 1.120
Right parotid 51 0.892 1.103
Spinal cord 53 0.529 1.060
Spinal cord+3 mm 44 0.556 1.066
Submandibular 25 0.973 1.095
CTV_primary 53
CTV_secondary 47
CTV_tertiary 36
October 2021 | Volume 11 | Article 737901
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With respect to OAR sparing, RPP plans had significantly superior
dosimetric indices for several OARs such as the spinal cord Dmax
(−5.74 ± 5.72 Gy), the left and right cochlear Dmean (left cochlea,
−6.05 ± 4.33 Gy; right cochlea, −4.84 ± 4.66 Gy), the left and right
parotidV20Gy (left parotid,−6.45%±5.32%; right parotid,−6.92%±
3.45%), and the integral dose (−0.19 ± 0.19Gy). However, RPP plans
increased the Dmax for the body (body-CTV) (1.2 ± 1.43), revealing
that theRPPplansproduceda slightlyhigherhotspot innormal tissue
than the expert plans. In this study, only patients withHN cancers in
low/mid region (e.g., laryngeal to tonsillar lesions) were included.
Therefore, eyes, optic nerves, and optic chiasm received relatively low
doses when compared with our clinical dose constraints (Dmax < 45
Gy).For eyes, theDmaxwas less than3.5Gy forall cases; and foroptic
nerves and chiasm, the Dmax was always less than 0.5 Gy except for
oneunilateral casewhere the left optic nervehad aDmax=7.15Gy in
the expert plan and 6.34 Gy in the RPP plan.

Figures 3A and 3B present the mean DVH, including all
scenarios over 10 unilateral patients from the validation group,
andFigures3C,Dpresent themeanDVHover10bilateralpatients.
It can be observed that for unilateral cases, the RPP plans had
comparable DVH with the expert plans, though the RPP plans
achieved a superior DVH for the ipsilateral cochlea DVH.
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Concerning the DVH of bilateral cases, the RPP plans did a better
job of sparing the brainstem, spinal cord, cochlea, and parotids.

Figure4 shows thedosedistributionsof theRPPandexpertplans
for an example bilateral case from the validation group. Figures 4A–
C indicate that although the RPP delivered a slightly higher dose to
the oral cavity (oral cavity Dmean = 25.99 vs. 23.62 Gy), the RPP
achieved better sparing for parotids, especially for right parotid (left
parotidDmean=22.96 vs. 25.03Gy, right parotidDmean=10.84 vs.
15.23 Gy). In Figures 4D and E, both the RPP and expert plans met
the constraints for cochlea (Dmean < 40 Gy), but the RPP plan
achieved much better sparing than the expert plan (left cochlea
Dmean=13.28 vs.17.52Gy, right cochleaDmean=4.7 vs.18.21Gy).

DISCUSSION

This work demonstrated that a proton-specific KBP model, RPP,
can generate high-quality IMPT plans for the HN cancer patients.
One of the benefits of employing RPP is its high efficiency. On
average, it required about 20 min to generate the prediction,
optimizations, and dose calculation when utilizing the RPP
model. In comparison, it typically took more than 2 h to
complete HN IMPT plans by experienced dosimetrists in our
TABLE 4A | Dosimetric comparison between RPP plans and expert plans for 10 unilateral cases in the validation group.

Nominal plan All scenarios averaged

Expert RPP RPP − Expert p-Value Expert RPP RPP − Expert p-Value

CTV_primary V100 (%) 95 ± 0 95 ± 0 0 ± 0 1.000 89.69 ± 2.62
(86.18, 93.23)

91.28 ± 2.27
(86.4, 93.45)

1.59 ± 1.24 0.002

CTV_primary V95 (%) 99.74 ± 0.27
(99.13, 100)

99.43 ± 0.41
(98.65, 100)

−0.3 ± 0.29 0.012 98.99 ± 0.84
(97.03, 100)

98.83 ± 0.6
(97.87, 100)

−0.15 ± 0.53 0.426

CTV_primary HI 5.81 ± 1.31
(2.57, 7.39)

6.53 ± 1.56
(2.98, 9.04)

0.73 ± 0.48 0.002 8.01 ± 2.68
(3.16, 13.48)

8.71 ± 2.72
(3.51, 14.07)

0.7 ± 0.73 0.020

CTV_secondary V100 (%) 99.55 ± 0.73
(98.71, 99.97)

97.44 ± 2.63
(94.7, 99.95)

−2.11 ± 2.78 0.250 98.05 ± 1.85
(95.99, 99.57)

94.97 ± 3.68
(91.43, 98.78)

−3.09 ± 4.43 0.500

CTV_secondary V95 (%) 99.96 ± 0.08
(99.87, 100)

99.79 ± 0.18
(99.65, 100)

−0.16 ± 0.18 0.500 99.64 ± 0.44
(99.13, 99.93)

99.39 ± 0.48
(99.09, 99.94))

−0.25 ± 0.44 1.000

Brainstem Dmax (Gy) 9.02 ± 8.42
(1.15, 26.01)

8.01 ± 6.31
(0.97, 18.96)

−1.01 ± 3.22 0.734 9.29 ± 8.37
(1.08, 26.02)

8.41 ± 6.39
(0.92, 19.4)

−0.88 ± 3.14 0.652

Spinal cord Dmax (Gy) 14 ± 8.15
(1.35, 25.11)

14.73 ± 7.5
(0.97, 26.65)

0.73 ± 2.92 0.106 14.51 ± 8.05
(1.78, 25.34)

15.17 ± 7.34
(3.99, 26.8)

0.66 ± 2.77 0.160

Mandible Dmax (Gy) 60 ± 5.95
(50.69, 69.35)

60.8 ± 6.02
(50.92, 70.01)

0.81 ± 0.6 0.008 60.09 ± 5.78
(50.75, 68.72)

60.71 ± 5.8
(51.06, 69.26)

0.62 ± 0.25 0.004

Ipsilateral cochlea Dmean (Gy) 15.45 ± 12.25
(1.06, 39.28)

9.57 ± 6.82
(0.9, 23.01)

−5.89 ± 6.19 0.012 15.62 ± 12.23
(1.16, 39.61)

9.86 ± 6.86
(1, 23.56)

−5.76 ± 6.11 0.012

Constrictor Dmean (Gy) 12 ± 8.93
(3.74, 32.31)

12.41 ± 9.22
(3.49, 33.97)

0.41 ± 1.29 0.426 12.06 ± 8.86
(3.92, 32.25)

12.47 ± 9.13
(3.66, 33.83)

0.41 ± 1.28 0.426

Larynx Dmean (Gy) 5.21 ± 6.48
(0.01, 15.85)

5.5 ± 7.31
(0.01, 19.15)

0.29 ± 1.42 0.770 5.3 ± 6.57
(0.01, 16.11)

5.58 ± 7.37
(0.01, 19.26)

0.27 ± 1.38 0.770

Oral cavity Dmean (Gy) 4.17 ± 5.31
(0, 17.4)

4.46 ± 5.13
(0, 16.8)

0.29 ± 0.73 0.375 4.23 ± 5.31
(0, 17.41)

4.51 ± 5.13
(0, 16.82)

0.28 ± 0.73 0.375

Ipsilateral parotid Dmean (Gy) 20.1 ± 14.73
(3.32, 38.86)

20.61 ± 14.16
(4.74, 38.84)

0.51 ± 0.63 0.250 20.15 ± 14.72
(3.4, 38.87)

20.67 ± 14.14
(4.81, 38.85)

0.52 ± 0.63 0.250

Ipsilateral parotid V20Gy (%) 42.62 ± 32.94
(6.02, 85.26)

43.77 ± 31.93
(8.98, 85.59)

1.15 ± 1.22 0.125 42.67 ± 32.84
(6.12, 85.07)

43.82 ± 31.75
(9.09, 85.26)

1.14 ± 1.26 0.125

Body-CTV Dmax (Gy) 63.55 ± 5.25
(53.06, 70.57)

64.26 ± 4.62
(55.75, 70.82)

0.71 ± 1.66 0.322 64.19 ± 5.12
(54.27, 71.83)

64.53 ± 4.74
(56.44, 71.97)

0.33 ± 1.07 0.375

Body-CTV Dmean (Gy) 1.72 ± 0.93
(0.74, 3.37)

1.71 ± 0.93
(0.82, 3.36)

−0.01 ± 0.08 0.846 1.72 ± 0.93
(0.74, 3.38)

1.71 ± 0.93
(0.82, 3.37)

−0.01 ± 0.08 0.846
October 2021 |
 Volume 11 | Article
The data are presented as mean ± standard deviation, and the range is presented in brackets as (min, max). Only two of 10 unilateral patients contained CTV_secondary.
RPP, RapidPlanPT.
The red-colored values indicate statistically significant difference (p-Value< 0.05).
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study. Moreover, our results indicate that the plans generated by the
RPP have greater robustness with respect to the CTV coverage
when certain uncertainty parameters (3% range uncertainty and 3-
mm setup uncertainty) were applied, which is consistent with the
results from our previous study (23). For the unilateral cases, the
RPP plans achieved comparable OAR sparing with the expert plans
except for the ipsilateral cochlea where the RPP plans delivered
lower dose. Regarding bilateral cases, the RPP plans improved the
sparing in brainstem, spinal cord, cochlea, parotids, and constrictors
without reducing the plan homogeneity when compared with the
expert plans. In addition, the reduction of integral dose, which is one
of the main advantages of proton therapy, was observed in the RPP
plans compared with the expert plans for bilateral cases. As a
Frontiers in Oncology | www.frontiersin.org 7112
tradeoff, the bilateral RPP plans produced a slightly higher hotspot
than the expert plans in the body outside of CTVs (1.69 ± 1.39 Gy).
In general, our results are consistent with the previous studies
illustrating that the RPP plans were at least equivalent to if not better
than the expert plans (18, 24, 25).

Different from the earlier studies by Delaney et al., which
employed cases with the same prescription and standardized beam
arrangement for model training and validation (17, 18), our model
was more broad-scope in that it included cases prescribed with
varying dose levels and using different customized beam
arrangements. The results suggest that this broad-scope model can
create IMPT plans of good quality in the HN regardless of the beam
arrangement and prescription. It has been demonstrated that the
TABLE 4B | Dosimetric comparison between RPP plans and expert plans for 10 bilateral cases in the validation group.

Nominal plan All scenarios averaged

Expert RPP RPP −

Expert
p-

Value
Expert RPP RPP −

Expert
p-

Value

CTV_primary V100
(%)

95 ± 0 95 ± 0 0 ± 0 1.000 82.03 ± 2.72(77.87,
87.7)

87.1 ± 3.06(81.65,
89.92)

5.08 ± 3.02 0.002

CTV_primary V95 (%) 99.86 ± 0.42(98.66,
100)

99.83 ± 0.42(98.63,
100)

−0.04 ±
0.04

0.008 99.52 ± 0.67(97.7,
99.91)

99.51 ± 0.51(98.23,
99.94)

−0.01 ±
0.24

0.625

CTV_primary HI 4.04 ± 1.44(3.22,
8.01)

4.39 ± 1.64(2.68,
8.71)

0.35 ± 0.47 0.027 6.63 ± 2.23(5.16,
12.77)

6.22 ± 2.11(4.55,
11.46)

−0.4 ± 0.77 0.131

CTV_secondary V100
(%)

95.15 ± 1.76(92.44,
97.44)

95.85 ± 2.28(91.03,
98.68)

0.7 ± 2.01 0.160 91.26 ± 2.91(86.67,
94.61)

93.18 ± 3.53(84.23,
96.15)

1.92 ± 2.19 0.037

CTV_secondary V95
(%)

99.82 ± 0.45(98.54,
99.99)

99.65 ± 0.44(98.49,
99.93)

−0.17 ±
0.17

0.004 99.37 ± 0.59(97.82,
99.83)

99.21 ± 0.52(97.95,
99.74)

−0.16 ±
0.27

0.160

CTV_tertiary V100
(%)

95.97 ± 1.97(92.02,
98.99)

96.8 ± 2.08(92.51,
99.45)

0.83 ± 2.69 0.846 88.83 ± 3.28(83,
94.33)

92.92 ± 3.62(85.09,
98.01)

4.09 ± 5.33 0.037

CTV_tertiary V95 (%) 99.87 ± 0.13(99.65,
99.99)

99.62 ± 0.25(99.21,
99.92)

−0.26 ±
0.21

0.002 99.34 ± 0.31(98.77,
99.75)

99.08 ± 0.43(98.55,
99.7)

−0.26 ± 0.4 0.131

Brainstem Dmax (Gy) 35.25 ± 3.89(28,
41.49)

33.08 ± 4.03(28.64,
40.75)

−2.17 ±
3.05

0.084 35.81 ± 3.79(28.65,
41.59)

33.32 ± 3.99(29.3,
41.24)

−2.48 ±
3.04

0.035

Spinal cord Dmax
(Gy)

41.86 ± 3.01(35.59,
45.68)

36.13 ± 4.52(27.1,
41.49)

−5.73 ±
5.62

0.006 42.37 ± 3.13(36.07,
45.81)

36.9 ± 4.43(28.78, 43) −5.47 ±
5.72

0.014

Mandible Dmax (Gy) 70.63 ± 3.33(61.87,
74.2)

70.8 ± 3.93(61.32,
75.02)

0.18 ± 1.16 0.865 70.43 ± 3.36(61.78,
74.24)

70.77 ± 4.01(61.16,
75.02)

0.34 ± 1.06 0.625

Left cochlea Dmean
(Gy)

13.61 ± 5.17(1.87,
19.63)

7.38 ± 2.94(2.06,
13.28)

−6.23 ±
4.43

0.004 13.67 ± 5.12(2.04,
19.59)

7.62 ± 2.98(2.25,
13.67)

−6.05 ±
4.33

0.006

Right cochlea Dmean
(Gy)

13.15 ± 5.84(2.95,
18.4)

8.24 ± 4.13(2.73,
15.62)

−4.91 ±
4.79

0.002 13.25 ± 5.77(3.03,
18.4)

8.41 ± 4.03(2.83,
15.54)

−4.84 ±
4.66

0.002

Constrictor Dmean
(Gy)

48.72 ± 1.76(45.43,
51.34)

46.75 ± 3.57(41.33,
50.88)

−1.97 ±
2.32

0.049 48.84 ± 1.77(45.43,
51.52)

46.93 ± 3.52(41.63,
51.08)

−1.91 ±
2.27

0.049

Larynx Dmean (Gy) 44.44 ± 2.76(39.94,
48.67)

43.14 ± 3.46(37.66,
47.85)

−1.01 ±
2.34

0.297 44.69 ± 2.79(40.12,
48.96)

43.46 ± 3.47(37.89,
48.18)

−0.96 ±
2.29

0.375

Oral cavity Dmean
(Gy)

20.61 ± 15.36(5.19,
49.14)

20.69 ± 15.54(4.68,
49.14)

0.07 ± 1.17 0.846 20.62 ± 15.29(5.24,
48.99)

20.69 ± 15.47(4.74,
48.98)

0.07 ± 1.16 0.922

Left parotid Dmean
(Gy)

22.37 ± 1.07(20.05,
23.71)

19.35 ± 3.14(14.08,
25.03)

−3.01 ±
2.39

0.014 22.66 ± 1.16(19.99,
24.24)

19.72 ± 3.19(14.26,
25.31)

−2.94 ±
2.34

0.014

Left parotid V20Gy
(%)

44.74 ± 2.04(41.86,
47.92)

38.11 ± 6.14(27.83,
46.76)

−6.63 ±
5.43

0.006 45.16 ± 2.21(42.32,
48.84)

38.71 ± 6.19(28.11,
47.13)

−6.45 ±
5.32

0.010

Right parotid Dmean
(Gy)

20.88 ± 2.45(15.23,
23.09)

17.88 ± 3.16(10.84,
21.82)

−3 ± 1.46 0.002 21.17 ± 2.56(15.22,
23.65)

18.23 ± 3.24(10.95,
22.4)

−2.94 ±
1.42

0.002

Right parotid V20Gy
(%)

42.62 ± 5.14(29.26,
49.01)

35.63 ± 6.71(19.24,
42.55)

−6.98 ±
3.45

0.002 43.18 ± 5.32(29.29,
49.71)

36.26 ± 6.83(19.48,
43.48)

−6.92 ±
3.45

0.002

Body-CTV Dmax (Gy) 73 ± 1.13(71.52, 75.2) 74.69 ± 1.21(73.02,
77.19)

1.69 ± 1.39 0.008 73.85 ± 1.28(72.39,
76.82)

75.04 ± 1.21(73.43,
77.23)

1.2 ± 1.43 0.049

Body-CTV Dmean
(Gy)

5.59 ± 0.95(4.68,
7.25)

5.4 ± 1.04(4.45, 7.12) −0.19 ±
0.19

0.014 5.59 ± 0.96(4.68,
7.25)

5.4 ± 1.04(4.45, 7.13) −0.19 ±
0.19

0.014
October 2021 | Volum
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The data are presented as mean ± standard deviation, and the range is presented in brackets as (min max).
RPP, RapidPlanPT.
The red-colored values indicate statistically significant difference (p-Value< 0.05).
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FIGURE 2 | Difference of averaged dose-volume indices over all scenarios between RPP plans and expert plans for (A, B) unilateral cases, and (C, D) bilateral cases.
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quality of VMAT plans for HN cancer created by the RPmodel was
independent of prescription and beam geometry (26). A study
comparing a proton model trained with customized beam number
and arrangement to another model trained with standardized beam
number and arrangement for hepatocellular carcinoma treatment
indicated that two models performed equivalently with no
statistically significant difference for almost all dose–volume
parameters (24). However, as the quality of the proton plans is
moredependenton thebeamarrangement than thephotonplans, the
impact of employing IMPT plans with different beam arrangements
versus standardized beam arrangement in the model should be
investigated for HN IMPT model. Future work on the integration
of an automated beam angle selection algorithm, which is under
investigation (27), should be done to see if there can be further
improvement in plan quality and efficiency.

Concerning the treatment area, this studycombinedbothunilateral
and bilateral cases in themodel training. In some photonKBP studies,
models trained by combining unilateral and bilateral plans showed
high quality in treatment of HN cancer (28). Another investigation
revealed that a photon model trained by unilateral cases was able to
generate high-qualityVMATplans for bilateral breast treatments (29).
Frontiers in Oncology | www.frontiersin.org 8113
It isyetnotclearwhetheracombinedmodeloraspecificmodel isbetter
ingenerationofHNIMPTplans. Inphoton therapy,onestudyshowed
that specific model resulted in improved quality for liver cancer (30),
while another study revealed that there was no difference of the quality
between a specific model and a combined model for prostate cancer
(31). Therefore, it is worthwhile to explorewhether there is any benefit
of utilizing specific models by separating unilateral and bilateral cases
for IMPT plan generation in HN cancer treatment.

This study included 53 cases for model training, and no outlier
was removed from the model. Potential outliers identified by the
RPP system indicate that the plan has a statistically significant
difference as compared with the whole population in the model.
However, earlier studies by Delaney et al. and Hussein et al.
compared the quality of the plans generated by an outlier-free
model to a model without outlier removal and demonstrated that
the impact of a small number of outliers does not significantly
impact the plan quality (12, 22). Our previous investigation by
Bossart et al. (31) also showed that the differences between refined
KBPmodel generated by eliminating the dosimetric outliers and the
original KBP generated plans were insignificant. According to the
results, we believe that 53 patients should be enough to generate a
October 2021 | Volume 11 | Article 737901
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A B

C D

FIGURE 3 | Mean DVH including all scenarios over validation patients for (A, B) unilateral cases and (C, D) bilateral cases. Note: In order to average the CTV DVH
over all patients, for each unilateral case, the DVH of CTV_primary was normalized to V60Gy = 95%, and the DVHs of CTV_secondary was normalized to V54Gy =
95%, while for bilateral cases, the CTV_secondary was normalized to V60Gy = 95%. DVH, dose–volume histogram; CTV, clinical treatment volume.
A B C

D E F

FIGURE 4 | Dose distribution for an example bilateral case in the validation group. (A, D) Dose distribution of the expert plan. (B, E) Dose distribution of the RPP
plan. (C, F) Dose difference map between RPP and expert plan. (A–C) On axial plane, while (D–F) on coronal plane.
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reliable model, but it would be necessary to investigate the influence
of the model size on the IMPT plan quality.

One limitation of this study is that the 20 patients included in
the validation set consisted of 10 unilateral cases and 10 bilateral
cases, which may not be sufficient to confirm the reliability of the
model, as it is at early stage for RPP exploration. That being said,
many publications on KBP photon and proton models have
included small numbers of plans for validation, and the vendor’s
recommendation is 10 validation cases to prove the model is
working sufficiently (12, 16, 17, 24, 31, 32).
CONCLUSION

This work explored the performance of a broad-scope proton-
specific KBPmodel to generate robustly optimized IMPT plans for
HN cancer patients. The results demonstrated that the IMPT plans
created by the model have high quality that is at least comparable
and even, in some ways, superior to that of the expert plans. The
IMPTplans generatedby themodelhad greater robustness forCTV
coverage and better sparing for several OARs. More studies should
be done to evaluate the RPP model reliability.
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Objectives: To evaluate the predictive value of radiomics features based on
multiparameter magnetic resonance imaging (MP-MRI) for peritoneal carcinomatosis
(PC) in patients with ovarian cancer (OC).

Methods: A total of 86 patients with epithelial OC were included in this retrospective
study. All patients underwent FS-T2WI, DWI, and DCE-MRI scans, followed by total
hysterectomy plus omentectomy. Quantitative imaging features were extracted from
preoperative FS-T2WI, DWI, and DCE-MRI images, and feature screening was
performed using a minimum redundancy maximum correlation (mRMR) and least
absolute shrinkage selection operator (LASSO) methods. Four radiomics models were
constructed based on three MRI sequences. Then, combined with radiomics
characteristics and clinicopathological risk factors, a multi-factor Logistic regression
method was used to construct a radiomics nomogram, and the performance of the
radiomics nomogram was evaluated by receiver operating characteristic curve (ROC)
curve, calibration curve, and decision curve analysis.

Results: The radiomics model from the MP-MRI combined sequence showed a higher
area under the curve (AUC) than the model from FS-T2WI, DWI, and DCE-MRI alone
(0.846 vs. 0.762, 0.830, 0.807, respectively). The radiomics nomogram (AUC=0.902)
constructed by combining radiomics characteristics and clinicopathological risk factors
showed a better diagnostic effect than the clinical model (AUC=0.858) and the radiomics
model (AUC=0.846). The decision curve analysis shows that the radiomics nomogram has
good clinical application value, and the calibration curve also proves that it has good stability.

Conclusion: Radiomics nomogram based on MP-MRI combined sequence showed
good predictive accuracy for PC in patients with OC. This tool can be used to identify
peritoneal carcinomatosis in OC patients before surgery.
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INTRODUCTION

Ovarian cancer (OC) is the fifth most common cancer in
women and the most common gynecological tumor.
Epithelial ovarian cancer (EOC) is the most common OC
subtype accounting for 90% of all OC. It is characterized by
extensive and rapid intra-abdominal carcinomatosis and has a
poor prognosis and high mortality. The 5-year survival rate
of EOC is only 30% (1–4). If the patient can detect PC at an
early stage, it will be able to buy sufficient treatment time for
the patient and effectively control the patient’s condition from
further deterioration. Preoperative detection of peritoneal
carcinomatosis (PC) is essential to avoid unnecessary
resection and choose the best treatment method for patients
with EOC.

National Comprehensive Cancer Network guidelines
recommend that all peritoneal surfaces suspected of
carcinomatosis should be selectively removed. Many ovarian
cancers do not have ascites when they have peritoneal
carcinomatosis. Because there are many peritoneal folds,
smaller peritoneal metastatic nodules can be easily
misdiagnosed, which affects the treatment and prognosis of
patients. The diagnosis of peritoneal implants mainly relies on
open exploratory surgery and laparoscopy; nonetheless, the
existing results are hardly consistent. In addition, laparoscopic
surgery, which is invasive and expensive, carries certain risks,
such as intraoperative tumor capsule rupture, incision
carcinomatosis (5, 6). Therefore, there is an urgent need for an
accurate non-invasive technique to assess the PC’s condition.

As an alternative method, computed tomography (CT) is
usually used for preoperative examination. However, CT has
limited sensitivity and may easily overlook carcinomatosis
below 1 cm (7). Radiomics, an emerging and promising
research field based on quantitative imaging technology,
can provide decision support for oncology by extracting high-
throughput quantitative radiological features from medical
images (8). This low-cost and non-invasive technique has
been successfully used for tumor diagnosis, staging, treatment
monitoring, and treatment plan formulation (9–12). This
method has been successfully applied to preoperatively predict
peritoneal carcinomatosis of gastric cancer (13, 14) and may be
potentially used for ovarian cancer. So far, no personalized
prediction model has been developed for peritoneal
carcinomatosis of ovarian cancer. This study evaluated the
value of multi-parameter MRI radiomics in predicting
preoperative peritoneal carcinomatosis in patients with
ovarian cancer. We established a combined clinical-radiomics
model to help improve decision-making and guide
individualized treatment.
Abbreviations:OC, ovarian cancer; EOC, epithelial ovarian cancer; PC, peritoneal
carcinomatosis; AJCC, American Joint Committee on Cancer; MP-MRI,
multiparameter magnetic resonance imaging; ROI, region of interest; ICC,
inter-group correlation coefficient; AUC, area under the curve; DCA, decision
curve analysis.
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MATERIALS AND METHODS

Patient Information
This retrospective study was approved by the ethical review
committee of our hospital, and informed consent was obtained
from patients.

From June 2015 to May 2020, 350 consecutive EOC patients
were retrieved retrospectively in our hospital’s image archiving
and communication system (PACS, GE). The inclusion/
exclusion criteria and patient recruitment process are shown in
Figure 1. Inclusion criteria: 1) Histopathologically confirmed
epithelial ovarian cancer; 2) Receive MRI examination one week
before surgery. Exclusion criteria were: 1) past treatment history
of ovarian cancer (n=69); 2) the histopathology was non-
epithelial OC (n=39); 3) no dynamic enhanced MRI of the
pelvis before treatment (n=34); 4) presence of clear PC signs
on pelvic MRI (n=45); 5) the clinical data of CA125 were
incomplete (n=31); 6) there are other distant carcinomatosis
(n=46). Finally, 86 patients (age 33-82, median age 54) were
enrolled in the study.

All patients underwent full hysterectomy with double
appendages and increased omentectomy. The existence of PC
was unanimously determined by pathologists and gynecologists
according to AJCC (American Joint Committee on Cancer)
guidelines. Finally, 39 out of 47 patients were detected with
peritoneal carcinomatosis. The clinicopathological characteristics,
including age, preoperative CA125 level, abdominal symptoms,
menopausal history, genetic history, and type, were obtained from
patients’ medical records.

Two radiologists with 3 and 15 years of experience in female
pelvic MRI imaging, who were blind to the pathological results
but knew whether the patient was diagnosed with EOC, reviewed
the MRI images and recorded the following: (1) unilateral or
bilateral ovarian tumors; (2) tumor size (the volume of the largest
layer); (3) T2 signal (low and high signals were divided by the
signal strength near the myometrium); (4) enhancement degree.
The radiological characteristics were selected according to the
criteria of Guo HL et al. (15). Bilateral lesions were determined
using the same pathological type according to the pathological
surgical results; the largest tumor is finally selected for analysis.
The ADC value was obtained according to the method of
Thomassin et al. (16). The clinical and tumor characteristics of
the patients are summarized in Tables 1, 2.

Imaging Acquisition and Preprocessing
All MRI examinations were performed on a 3.0T system
(Discovery MR750, GE Healthcare), using an 8-channel phased
body coil. Before scanning, the patient with moderately filled
bladder was placed in a supine position. Patients were also asked
to fast 4-6 hours before the examination, and intestinal
preparation (lactulose and magnesium sulfate) was used to
reduce bowel movements. Scans were then performed along
the pubic bone to the iliac spine. MR scanning parameters on
the 3.0-T scanner DCE imaging of the pelvis was performed after
administration of 0.1 mmol/kg of body weight of gadolinium
chelate (Gadovist; Bayer). Images were acquired at postcontrast
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TABLE 1 | Single-factor analysis of clinicopathological characteristics of 86 EOC patients.

Features Without PC With PC p value

Number of patients 47 39
Age (mean ± SD, years) 51.7 ± 8.8 56.8 ± 10.6 0.017
CA125 (median ± IQR, m/ml) 213.1 (75.0-397.4) 1237. (608.7-2247.9) <0.001
Genetic history (%) 0.950
Yes 7 (14.9%) 6 (15.4%)
No 40 (85.1%) 33 (84.6%)
Menopause(%) 0.381
Yes 27 (57.4%) 26 (66.7%)
No 20 (42.6%) 13 (33.3%)
Abdominal symptoms (%) 0.988
Yes 29 (61.7%) 24 (61.5%)
No 18 (38.3%) 15 (38.5%)
Type (%) 0.087
Type I 19 (40.4%) 9 (23.1%)
Type II 28 (59.6%) 30 (76.9%)
Frontiers in Oncology | www.frontiersin.org
 3119
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SD, standard deviation; IOR, interquartile range; ADC, apparent diffusion coefficient; PC, peritoneal metastasis.
TABLE 2 | Single-factor analysis of MR imaging characteristics of 86 EOC patients.

Features Without PC With PC p value

Size (median ± IQR, mm3) 884.7 (239.9-1123.8) 596.4 (120.0- 844.2) 0.093
ADC (Average ± SD, mm2/s) 0.001 ± 0.001 0.001 ± 0.000 0.088
Location (%) 0.123
Unilateral 34 (72.3%) 22 (56.4%)
Bilateral 13 (27.7%) 17 (43.6%)
T2 homogeneity (%) 0.203
Low 14 (29.8%) 7 (17.9%)
High 33 (70.2%) 32 (82.1%)
T1 enhancement (%) 0.057
Mild 20 (42.6%) 9 (23.1%)
Obvious 27 (57.4%) 30 (76.9%)
SD, standard deviation; IOR, interquartile range; ADC, apparent diffusion coefficient; PC, peritoneal metastasis.
FIGURE 1 | Flowchart of patient selection.
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enhancement 120 seconds in the axial plane. This protocol
obtained axial FS-T2WI, DWI, and DCE-MRI images. Detailed
information about the acquisition parameters is shown in
Table S1.

Before image segmentation, preprocessing was required. First,
according to the research of Qian et al. (17), the fs-T2WI and
DWI sequence images of each patient were selected for
registration to the DCE-MRI (late arterial stage only) image.
Then, the planar resolution of each mode was uniformly
resampled to 1x1x1mm. Finally, the method of Cohen (18) was
applied to normalize the image contrast of each mode to correct
the factors that may affect the intensity unevenness. All the
processing was performed on the 3D Slicer (version 4.10.2,
funded by the National Institutes of Health) software.

MRI Radiomics Feature Extraction
and Selection
Ovarian cancer lesions were performed by two radiologists with
3 years (A) and 15 years (B) experience in abdominal imaging
respectively on each layer of DWI (b=1000s/mm2) to perform
3D manual manipulation of the primary tumor along the edge of
the lesion segmentation. The region of interest (ROI) covered the
entire tumor. The FS-T2WI and DCE-MRI were compared to
avoid the cystic, necrotic, or hemorrhage area of the tumor (see
Appendix 1).

PyRadiomics was used (19) to extract the radiologic
signatures. Wavelet (8 filtering parameters) and Laplace of
Gaussian (LoG, 2 filtering parameters) transformations were
applied on the original image, respectively. Then, 1037 features
were extracted from 11 different image types, including (1) gray
histogram features; (2) morphological features; (3) gray level co-
occurrence matrix (GLCM) features; (4) gray level run length
matrix (GLRLM) functions; (5) grayscale area matrix (GLSZM)
features. After that, all eigenvalues were normalized using
Frontiers in Oncology | www.frontiersin.org 4120
Z-Score transformation. In order to ensure the reproducibility
of the model results and reduce the over-fitting or selection bias
in the radiomics model, the intra- and inter-group correlation
coefficient (ICC) was used to evaluate the characteristics of
retention stability and high repeatability, and the ICC
threshold was set to 0.75. Then, the minimum redundancy
maximum correlation (mRMR) was used to sort the remaining
features, and each sequence retained the best top 20 features (20–
22). Next, the least absolute shrinkage selection operator
(LASSO) (23) method was used to screen the radiological
features used to evaluate PC status. Finally, multi-factor
stepwise logistic regression was used, and the Akaike
Information Criterion (AIC) was used as the stopping
condition to determine the best combination of radiological
characteristics and clinical data (23). The workflow is shown
in Figure 2.

Establishment of Radiomics and
Clinical Models
The radiomic characteristics screened by the above method were
incorporated into the multivariate Logistic regression analysis to
establish a radiomics model. All the above steps were performed
on the radiomics model extracted from FS-T2WI, DWI, and
DCE-MRI separately and the combined model. In addition, for
comparison, a Logistic regression analysis model containing
clinical data was also established. Finally, the radiomics
features were combined with clinical data to construct a hybrid
model. In order to provide visualization and a personalized tool
for predicting the probability of ovarian cancer peritoneal
carcinomatosis, we have drawn a nomogram. The calibration
curve was used to evaluate the calibration of the nomogram, and
the Hosmer-Lemeshow test was performed. Decision curve
analysis was used to calculate the net income of different
models under different threshold probabilities.
FIGURE 2 | Radiomics signature workflow.
October 2021 | Volume 11 | Article 765652
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Statistical Analysis
All statistical analyses were performed using R (Version 3.6.3,
Statistical Computing Basis). Independent sample t-test or
Mann-Whitney U test were used to examine the differences in
measurement data uses, and the chi-square test or Fisher’s exact
test to evaluate the count data differences. The receiver operating
characteristic curve (ROC) of the model was drawn, and the area
under the curve (AUC) and 95% confidence interval (CI) were
calculated to quantify the discriminant ability of the model.
Delong test was used to compare the AUC among different
models. The diagnostic sensitivity, specificity, accuracy, positive
likelihood ratio, and negative likelihood ratio were also
examined. Calibration curves were used to evaluate the
predictive performance of each model. Decision curve analysis
(DCA) was used to evaluate the net benefits of each model under
different threshold probabilities and to evaluate the clinical
applicability of each model. A two-sided p-value less than 0.05
was considered to be statistically significant.
RESULTS

Clinical and Tumor Characteristics
of Patients
The clinicopathological and radiological characteristics of the
patients are shown in Tables 1 and 2. There were significant
differences in age and preoperative CA125 levels between ovarian
cancer (OC) with PC and OC without PC (p=<0.001-0.017).
However, no differences were found for abdominal symptoms,
menopausal history, genetic history, type, lesion location, tumor
size, T2 signal, and ADC between the two groups.

Evaluation of Radiomics
According to the standard of ICC>0.75, FS-T2WI, DWI, and
DCE-MRI sequences retained 508, 557, and 508 radiomic
features, respectively. Minimum redundancy maximum
Frontiers in Oncology | www.frontiersin.org 5121
correlation and Lasso regression were then performed on the
selected omics features to adjust penalty parameters through 10
cross-validation and select non-zero coefficient features related
to PC status. Finally, 2 FS-T2WI features, 1 DWI feature, and
three DCE-MRI features were used to build a model (Appendix
Figure 2). Consequently, after removing features by multivariate
Logistic regression, 3 features were retained, and a combined
multi-sequence model was established (Appendix Figure 3).

The combined model from multiple sequences showed better
distinguishing ability than the single model (when using a single
sequence). The ROC curves of the four models are shown in
Figure 3A. The AUC values of Fs-T2WI, DWI, CE-T1WI, and
the combined model were 0.762 (0.662-0.861), 0.830 (0.745-
0.914), 0.807 (0.717-0.898), and 0.846(0.765-0.927), respectively.
The performance of the models is shown in Table S2. The DCA
curves and calibration curves of the four models are shown in
Appendix Figure 4.

Model Comparison and Nomogram
Performance
Multivariate analysis of clinical data and radiomic characteristics
showed that preoperative CA125 level, DWI_HLH_glszm_Size
ZoneNonUniformityNormalized, T1C_glszm_LowGrayLevel
ZoneEmphasis, T1C_LHL_ngtdm_Contrast were significant
predictors (Figure 4). As a result, they were fused into a
nomogram (Figure 5). The AUC of the radiology nomogram
was higher than that of the clinical model and the radiomic
model (0.902, 95%CI: 0.846-0.858), indicating that the radiology
nomogram can effectively distinguish the presence or absence
of peritoneal carcinomatosis. The predictive performance of
the clinical model was not significantly different from that of
the omics model (AUC=0.858 vs. AUC=0.846). Figure 3B
summarizes the diagnostic performance and ROC analysis
results of these three models.

The calibration curve of the nomogram showed a good
agreement between the predicted value and the observed value.
A B

FIGURE 3 | (A) T2WI radiation model, DWI radiation model, T1C Radiation Model, and combined radiation model. (B) Clinical Model, combined radiological model,
and Nomogram Receiver Operating Characteristic curve.
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The Hosmer-Lemeshow test was not significant (p>0.05),
indicating a good degree of fit (Figure 6A). Decision curves
were used to compare the benefits of nomograms, radiomics
models, and clinical models, and we found that when the
threshold probability of DCA curves was 37%-85%,
nomograms had better predictive performance than clinical
models and omics models (Figure 6B).
Frontiers in Oncology | www.frontiersin.org 6122
DISCUSSION

In this study, a nomogram radiomics model for preoperative
prediction of peritoneal carcinomatosis of EOC was proposed
based on clinical data and radiomics features reflecting primary
tumors’ characteristics. Our research shows that the multi-
sequence combination model is better than the single-sequence
FIGURE 5 | Radiology nomogram. The radiology nomogram prediction model predicts the probability of PC in patients with epithelial ovarian cancer. The model is
developed in a training group with radiomic characteristics and one clinical feature. How to use: (1) locate the patient’s CA125 and then draw a straight line on the
top dot axis to obtain a score related to CA125; (2) the patient’s radiologic score is found on the characteristic axis of Radiology, and a line is drawn vertically up
along the “point” axis. The process is repeated for each variable. (3) Sum up the sum of the four major risk factors. (4) Find the final sum on the Total Point axis and
draw a straight line down to assess PC’s risk in patients with epithelial ovarian cancer.
FIGURE 4 | The main radiological features extracted in this study and the results of multiple logistic regression of preoperative CA125. The horizontal line is the 95%
confidence interval of the study, and the small dot in the center of the horizontal line is the point of the OR value.
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model. The constructed nomogram provides an easy-to-use,
non-invasive and individualized tool for PC diagnosis and
provides decision support for clinicians.

Some studies have explored the value of MRI in the evaluation
of PC in epithelial ovarian cancer. At present, all published
studies, including recent studies, have been conducted with
comparable or fewer patient sample sizes, mainly focusing on
routine imaging (15, 24, 25). Our study extracted more than
3000 features from MP-MRI images and evaluated the MR
imaging features of patients with epithelial ovarian cancer in
FS-T2WI, DWI, DCE-MRI, and the combination of the three.
When FS-T2WI, DWI, and DCE-MRI were combined, the
diagnostic efficiency of the presence or absence of peritoneal
carcinomatosis was the highest, which is consistent with previous
reports in the literature (26, 27). The DWI of our study is very
close to the AUC of radiomics. This is because in the absence of
ascites, some small lesions are usually better seen on the DWI
image than on the standard T1 and T2 weighted images. To the
best of our knowledge, this is the first study that combines
anatomical, diffusion, and perfusion MRI and uses radiomics
analysis based on the primary tumor to predict PC. Therefore,
the MP-MRI combined model reveals more detailed tumor
information and can more accurately predict ovarian cancer’s
PC status.

In our study, preoperative CA125 level was considered to be an
independent predictor of PC carcinomatosis. Age has a certain
potential for predicting PC, but it is not as effective as CA125.
Therefore, a clinical model based on CA125 was established. Our
data showed that the risk of PC with high levels of CA125 was
significantly higher, which is consistent with the results reported in
the previous literature (28, 29). At the same time, in order to
facilitate clinical use, we have developed a nomogram containing
preoperative CA125 levels and radiomic characteristics, with an
Frontiers in Oncology | www.frontiersin.org 7123
AUC value of 0.902, for predicting PC. The DCA curve showed a
satisfactory net income. The calibration curve showed that the
stability was slightly inferior to the clinical model. This is because
the clinical model was established based on a single variable, and
CA125 was a continuous variable with a small fluctuation range.
The nomogram integrates clinical data and radiomics characteristics
and contains multi-dimensional quantitative and detailed
information, so the results obtained are more objective and accurate.

Peritoneal carcinomatosis are common in the stomach,
gallbladder, pancreas, lungs, intestines, uterus, and ovaries (30–
32). Most of the patients with early-stage ovarian cancer PC have
no specific symptoms; these patients are usually diagnosed when
in an advanced stage. It is one of the main causes of ovarian
cancer morbidity and mortality (32). So far, many studies have
evaluated the PC status of patients with ovarian cancer (15, 24,
25). CT is a common tool used to detect PC, but its missed
diagnosis rate is high. Although 18F-FDG PET/CT has been
shown to achieve good results in evaluating PC status, it is not
widely used because of the high cost. MRI has a high resolution
for soft tissues and can clearly show anatomical relationships.

Studies have recently shown that radiomics can predict
peritoneal carcinomatosis in cancer patients (13, 14). Dong et al.
(13) developed a personalized nomogram to identify the occult
peritoneal carcinomatosis of advanced gastric cancer, achieving
good results, which is similar to our findings, with few differences:
first, we used MP-MRI to extract features, which can reflect tumor
information more comprehensively and in more detail; second, we
established a single sequence model and a combined model.
Through comparison, we found that the combined model had
better performance in predicting PC. In addition, the nomogram
we established also showed good clinical practicability and ability
to provide a diagnostic basis for predicting the PC status of ovarian
cancer before clinical surgery.
A B

FIGURE 6 | (A) The calibration curve of the clinical model, combined radiology model, and nomogram. It is a curve with the model predicted PC probability
as the X-axis and the actual PC probability as the Y-axis. The degree of coincidence between the calibration curve depicted and the 45-degree straight line
reflects the predictive performance of each model. (B) Decision curve analysis of the clinical model, combined radiomics model, and mixed model. The Y-axis
represents net income. The blue line represents the radiographic nomogram. Red lines represent radiomics models. The green line represents the model that
contains only clinical features. The gray line represents the assumption that all patients have LN metastasis. The thin black line indicates the hypothesis that
no patients have PC metastasis.
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This study has a few limitations. First, it is a retrospective
study with small sample size. In the future, more patients are
needed to provide more reliable evidence for clinical
applications. Secondly, the research model’s establishment and
verification is a single-center, and further data from multiple
centers are needed for external validation. In addition, we only
performed radiomics analysis on late-arterial phase of contrast-
enhanced MRI. Perhaps venous MRI images may provide more
useful radiomics information, which needs to be discussed
further. Finally, only primary tumors were selected in our
study, and the radiohistological features of the peritoneum
were not routinely used. MRI texture analysis of peritoneum
needs to be further studied to explore its value.

In summary, we established nomograms based on preoperative
CA125 and radiographic characteristics from primary tumors,
which can be used to predict peritoneal carcinomatosis in EOC
patients preoperatively. This effective and easy-to-use new approach
provides a non-invasive and reliable tool for EOC patients to
develop individualized treatment plans.
DATA AVAILABILITY STATEMENT

The original contributions presented in the study are included in
the article/Supplementary Material. Further inquiries can be
directed to the corresponding authors.
ETHICS STATEMENT

The studies involving human participants were reviewed and
approved by Biomedical Medical Research Ethics Committee of
Frontiers in Oncology | www.frontiersin.org 8124
Inner Mongolia Medical University. The patients/participants
provided their written informed consent to participate in
this study.
AUTHOR CONTRIBUTIONS

XY and JR substantial contributions to the conception or
design of the work; or the acquisition, analysis or
interpretation of data for the work. HW and GN drafting the
work or revising it critically for important intellectual content.
YJ, FH, and LX provide approval for publication of the content.
YG and AL agree to be accountable for all aspects of the work
in ensuring that questions related to the accuracy or integrity
of any part of the work are appropriately investigated and
resolved. All authors contributed to the article and approved
the submitted version.
FUNDING

This article was funded by the Inner Mongolia Autonomous
Region Fund of Natural Science (2021MS08026).
SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fonc.2021.765652/
full#supplementary-material
REFERENCES

1. Siegel RL, Miller KD, Jemal A. Cancer Statistics, 2018. CA Cancer J Clin
(2018) 68(1):7–30. doi: 10.3322/caac.21387

2. Scalici JM, Atkins KA, Petroni G, Duska RL, Atkins AK, Saks JE,
et al. Mesothelium Expression of Vascular Cell Adhesion Molecule-1
(VCAM-1) Is Associated With an Unfavorable Prognosis in Epithelial
Ovarian Cancer (EOC). Cancer (2017) 23(6):977–84. doi: 10.1002/
cncr.30415

3. Ahmed N, Stenvers Kaye L. Getting to Know Ovarian Cancer Ascites:
Opportunities for Targeted Therapy-Based Translational Research. Front
Oncol (2013) 3(3):256. doi: 10.3389/fonc.2013.00256

4. Cannistra, Stephen A. Cancer of the Ovary. N Engl J Med (2004) 351
(24):1550–9. doi: 10.1056/NEJMra041842

5. Smorgick N, Barel O, Halperin R, Schneider D, Pansky M. Laparoscopic
Removal of Adnexal Cysts: Is it Possible to Decrease Inadvertent
Intraoperative Rupture Rate? Am J Obstet Gynecol (2009) 200(3):237.e1–3.
doi: 10.1016/j.ajog.2008.10.030

6. Zivanovic O, Sonoda Y, Diaz John P, Levine DA, Brown CL, Chi DS, et al. The
Rate of Port-Site Metastases After 2251 Laparoscopic Procedures in Women
With Underlying Malignant Disease. Gynecol Oncol (2008) 111(3):431–7.
doi: 10.1016/j.ygyno.2008.08.024

7. Suidan Rudy S, Ramirez Pedro T, Sarasohn Debra M, Sarasohn, Jerrold B,
Teitcher, et al. A Multicenter Prospective Trial Evaluating the Ability of
Preoperative Computed Tomography Scan and Serum CA-125 to Predict
Suboptimal Cytoreduction at Primary Debulking Surgery for Advanced
Ovarian, Fallopian Tube, and Peritoneal Cancer. Gynecol Oncol (2014) 134
(3):455–61. doi: 10.1016/j.ygyno.2014.07.002

8. Gillies Robert J, Kinahan Paul E, Hricak H. Radiomics: Images Are More
Than Pictures, They Are Data. Radiology (2016) 278(2):563–77. doi: 10.1148/
radiol.2015151169

9. Drukker K, Giger ML, Joe BN, Kerlikowske K, Shepherd. Combined
Benefit of Quantitative Three-Compartment Breast Image Analysis and
Mammography Radiomics in the Classification of Breast Masses in a
Clinical Data Set. Radiology (2018) 290(3):180608. doi: 10.1148/
radiol.2018180608

10. Park Hyo J, Lee Seung S, Park B, Yun J, Sung YS, Shim WH, et al. Radiomics
Analysis of Gadoxetic Acid-Enhanced MRI for Staging Liver Fibrosis.
Radiology (2019) 292(1):269. doi: 10.1148/radiol.2019194012

11. Mattonen SA, Davidzon GA, Benson J, Leung ANC, Nair VS, Horng G, et al.
Bone Marrow and Tumor Radiomics at 18F-FDG PET/CT: Impact on
Outcome Prediction in Non–Small Cell Lung Cancer. Radiology (2019) 293
(2):190357. doi: 10.1148/radiol.2019190357

12. Sun R, Limkin EJ, Vakalopoulou M, Laurent D, Stéphane C, Rong HS, et al. A
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Gastric cancer (GC) is a typical heterogeneous malignant tumor, whose insensitivity to
chemotherapy is a common cause of tumor recurrence and metastasis. There is no doubt
regarding the effectiveness of adjuvant chemotherapy (ACT) for GC, but the population for
whom it is indicated and the selection of specific options remain the focus of present
research. The conventional pathological TNM prediction focuses on cancer cells to predict
prognosis, while they do not provide sufficient prediction. Enhanced computed
tomography (CT) scanning is a validated tool that assesses the involvement of careful
identification of the tumor, lymph node involvement, and metastatic spread. Using the
radiomics approach, we selected the least absolute shrinkage and selection operator
(LASSO) Cox regression model to build a radiomics signature for predicting the overall
survival (OS) and disease-free survival (DFS) of patients with complete postoperative
gastric cancer and further identifying candidate benefits from ACT. The radiomics trait-
associated genes captured clinically relevant molecular pathways and potential
chemotherapeutic drug metabolism mechanisms. Our results of precise surrogates
using radiogenomics can lead to additional benefit from adjuvant chemotherapy and
then survival prediction in postoperative GC patients.

Keywords: radiogenomics, adjuvant chemotherapy benefit, postoperative gastric cancer, nomogram,
survival prediction
INTRODUCTION

Gastric cancer (GC) is now the third most common cancer and the second leading cause of cancer-
related mortality worldwide (1), of which nearly three-quarters occurred in Asia, and more than
two-fifths occurred in China (2). Pathological staging according to the TNM (tumor, lymph node,
and metastasis) system and histological subtype have been commonly recognized as the most used
master for the prognostic definition and treatment strategy choice in GC. Complete surgical
excision is generally conducted as the primary intervention for the majority of stage I–III and partial
stage IV GC patients, but the 5-year recurrence and survival rate still spread over a broad range.
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These findings reflected that GC is characteristic of biological
heterogeneity with large variations in clinical outcomes even
among those with the same stage. Thus, it is urgent to improve
the prediction of GC prognosis by developing a novel signature
to categorize patients and predict further survival.

Radiomics is a newly developing approach that transfers
imaging data into a high-dimensional mineable feature space
using a large number of automatically applied data-
characterization algorithms (3, 4). Radiomics translates the
genomic heterogeneity into expression in an intratumoral
heterogeneity through imaging (5, 6). On the other hand,
radiomics signature has the power to capture intratumoral
heterogeneity through a noninvasive method. Previous studies
have demonstrated that the prognosis and malignant degree of
GC were closely related to imaging features. For example,
metabolically active tumor volume (MATV) has been proven
to be a prognostic factor in patients with GC (7); Li et al.
constructed a radiomics signature of 18-F fluorodeoxyglucose
PET/CT for prediction of GC survival (8); Jiang et al. selected 19
potential predictors from the 269 features identified, which
provided a neoteric angle for individualized diagnosis and
prediction of malignancy potential for GC patients (9); Jiang
et al. developed machine learning for predicting the pathological
stage for GC (8); and studies established a deep learning
radiomics model for effectively predicting the lymph node
metastasis of local GC (10). However, these radiomics studies
did not show satisfied diagnostic efficiency, and many
controversial results still existed. The principal underlying
explanations might be that these previous studies were only
based on dated imaging technology, which only extracted 269
features from the non-filtered segmented ROI, and that the
results were easily influenced by different individuals and
lacked a proper validation. More importantly, a radiomics
nomogram research investigating the association of post-
operative GC and candidates’ selection for ACT has not yet
been fully reported. Thus, more contributing factors should be
offered for choice in the intended population and ideal regimens
before therapy selection.

In this study, we adopted a quantitative radiomics approach
and developed a multiple-feature-based radiomics signature,
which function in predicting survival and assessing benefit
from ACT for postoperative GC patients. Additionally, we also
firstly explored the potential biological basis of radiomics with
imaging and gene expression data. The radiomics trait-associated
genes captured clinically relevant molecular pathways and
potential chemotherapeutic drug metabolism.
MATERIAL AND METHODS

Study Population and Design
Figure 1 presents the workflow of the study. We utilized two
independent datasets in this study that were re-collected from an
institution in China and from open-access online repositories,
respectively. This study was approved by the institutional
research board of the First Affiliated Hospital of Wenzhou
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Medical University. The records and images of 428 persons
diagnosed with GC between January 2014 and January 2017
were reviewed. All these patients satisfied the following inclusion
criteria: 18 years or over; firstly diagnosed with primary gastric
cancer; excluded other malignant tumors; with CT images within
1 month prior to therapy; complete resection of the tumor tissue;
without serious heart, lung, or kidney dysfunction; complete
pathology and laboratory; and able to provide informed consent.
Simultaneously, a part of the chosen patients successively
underwent surgery and 8–12 regular periods of standard
chemotherapy (including S1 alone, XELOX and FOLFIRI/
FOLFOX). All of these patients were followed up, and
recurrent and dead patients were recorded during the follow-
up. The cutoff time of the study was set in May 2021. After
exclusion, 417 enrolled patients were divided into two datasets:
172 patients were assigned to the training set, whereas 245
patients were assigned to the validation set. On the other hand,
a dataset comprised CT imaging data and matched RNA
sequencing data of 47 resected GC were obtained from the
TCGA database of The Cancer Imaging Archive (TCIA) to
evaluate the biological process of radiomics signature. Disease-
free survival (DFS) was defined as the duration from the date of
diagnose to that of recurrence, death, or the last follow-up.
Overall survival (OS) was defined as the duration from
diagnosis to death or the last follow-up.

Feature Extraction and Selection
For each patient, the tumor region was contoured in a slice-by-
slice manner on CT images by two experienced radiologists using
MRIcroGL and 3D Slicer software (http://www.mccauslandcenter.
sc.edu, www.slicer.org) (11, 12). We manually segmented the
contour of the tumor in the arterial phase 5-mm CT images for
image feature extraction. An open-source platform, PyRadiomics
in Python (https://github.com/mvallieres/radiomics/), was utilized
to extract 799 radiomics features from the selected segmented ROI
(13), which include seven types of indexes, namely, Shape; First-
Order Statistics; Gray Level Co-occurrence Matrix; Gray Level
Run Length Matrix; Gray Level Size Zone Matrix; Neighboring
Gray Tone Difference Matrix; and Gray Level Dependence Matrix.
Feature selection is essential to avoiding overfitting, which was
devised to reduce error to the high-dimensional radiomics
features. At first, the intraclass correlation coefficients (ICCs)
were calculated between the features extracted from the two
radiologists, and features with either intra-observer or
interobserver ICCs less than 0.75 were excluded. Secondly,
features with significant differences between PD and non-PD
(CR + PR + SD) groups were selected through a t-test (14).

Construct Radiomics Score and
Combination Nomogram
The least absolute shrinkage and selection operator (LASSO)
method was applied to select the most optimal radiomics feature
subsets for predicting the radiomics score. A radiomics score was
calculated for each patient via weighting by their LASSO Cox
coefficients: wavelet-LLH glszm SizeZone NonUniformity
Normalized*1.8977 – wavelet-LHL glcm Cluster Shade*0.0009 +
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wavelet-LHH first order Kurtosis*0.005364 + wavelet-HLH glszm
Large Area Low Gray Level Emphasis*5.97E-06. Setting the
median score as the cutoff line, the GC cohort was divided into
low- and high-risk groups, then K–M survival analysis was
employed. Furthermore, this calculation and the cutoff value
were applied to the validation cohort.

The OS and DFS nomograms were constructed based on the
main prognostic factors to predict the 1-, 3-, and 5-year survival
for patients. Each patient could sum up variable scores and
finally establish predictive measures of survival and relapse. The
calibration curve for predicting the 1-, 3-, and 5-year OS and DFS
indicated that the nomogram-predicted survival closely
corresponded with actual survival outcomes. The survival
analysis was conducted using rms, survival, and survcomp
package. Hazard ratios (HRs) and 95% confidence intervals
(CIs) were recorded.

Gene Set Enrichment Analysis and
Functional Annotation
Gene set enrichment analysis (GSEA) was performed to explore
the biological basis of the radiomics signature for prognosis
prediction (15). The raw RNA-seq expression data were
Frontiers in Oncology | www.frontiersin.org 3128
downloaded and normalized using the limma package. GO
enrichment analysis of the signature genes was conducted
using the R package clusterProfiler. Significantly enriched
biological processes are summarized.

Statistical Analysis
The experimental data were analyzed by Prism 5.0 software
(GraphPad) and R software (version 3.4.2, http://www.R-project.
org). Student’s t test and Wilcoxon’s test were utilized to
compare continuous variables and ordered categorical
variables. Survival analysis was performed using the Kaplan–
Meier method, and the survival of the clusters was compared
using the log-rank test.
RESULTS

Baseline Clinic-Pathological
Characteristics
At first, a total of 417 GC patients from Wenzhou Medical
University met the inclusion criteria from January 1, 2014, to
January 1, 2016. In this study, about 43.9% of the patients only
FIGURE 1 | Flowchart of the study design and main process.
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received surgery, while the others conducted both adjuvant
postoperative therapy and surgery. As of March of 2021, 183
patients died during follow-up and none were lost to follow-up.
Among the total patients, 281 patients (60.0%) achieved tumor
control (CR + PR + SD), while 136 patients (40.0%) had
progressive disease. The median follow-up time was 30.25 and
31.42 months in the training and validation cohorts, respectively.
There was no significant difference between the two cohorts in
terms of clinicopathologic factors or follow-up time. The
baseline clinico-pathological parameters are summarized in
Supplementary Table 1.

Radiomics Feature Selection and
Signature Construction
A total of 799 features were extracted from the tumor volume, in
which each sample quantified the intratumor heterogeneity by
using the Gray Level Co-occurrence (GLCM), Gray Level Run
Length Matrices (GLRLM), Gray Level Size Zone Matrix
(GLSZM), Neighboring Gray Tone Difference Matrix
(NGTDM), and Gray Level Dependence Matrix (GLDM)
indexes. We firstly excluded redundant features with ICCs less
than 0.75 and then conducted the t-test to select the features with
statistically significant differences between PD and non-PD
(CR + PR + SD) groups. Finally, four features were selected via
LASSO regression (Figure 2 and Supplementary Figure 1). The
radiomics score of each GC case was calculated by a weighted
linear combination of these four features and their
corresponding coefficients. For low- and high-risk GC patients,
the median radiomics score was selected as the cutoff line
(Figures 3A, B). In either the total, training, or validation set,
the median radiomics scores in the low-grade group were higher
than those in the high-grade group (p < 0.001 for all patients,
Figure 3C). We eliminated the interaction between the
Frontiers in Oncology | www.frontiersin.org 4129
components of the original data by PCA analysis (Figure 3D).
The overall survival distribution and ROC curves shown in
Figures 3E, F yield significant prognosis outcome and AUCs
of 0.803 for the training set and 0.753 for the validation set,
demonstrating the discriminative power of the radiomics
signature. Moreover, similar results were also obtained for the
PFS analysis (Supplementary Figure 2).

To verify that the accuracy of the radiomics model was also
important in additional GC cases, we further selected TCGA GC
cohorts for validation. Consistent with the above results, the high
radiomics subgroup had a worse prognosis than the low one. The
distribution of radiomics score and survival information of
patients were analyzed and are shown in Supplementary
Figures 3A, B.

ACT Benefit Analysis Based on the
Radiomics Score
Previous data suggested that image features are closely associated
with chemotherapy efficacy; thus, we evaluated the benefit of
chemotherapy according to the level of radiomics score in this
study. As shown in Figures 4A, B, the adoption of ACT (n = 234/
428) did not show significant OS and DFS survival benefit in all
patients with complete postoperative GC patients (p = 0.3362
and 0.067, respectively). Using the median radiomics score as the
cutoff line, we divided patients by chemotherapy therapy. As for
the low radiomics subgroup, GC patients obtained a terrible
response to ACT (Figures 4C, D), while patients with a high risk
point showed no significant survival difference with or without
ACT (Figures 4E, F). For patients with low radiomics scores,
more effective systemic approaches to improve treatment
outcomes need to be identified. Thus, the radiomics score was
both a prognostic and predictive tool for post-operation
GC patients.
A B

FIGURE 2 | Feature selections with LASSO Cox regression analysis. (A) l selection in the LASSO model using 10-fold cross-validation. (B) LASSO coefficient
profiles of all the radiomics features. Vertical black dashed line represents the optimal resulted in nine nonzero features.
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C D

E

F

FIGURE 3 | The distribution of radiomics score and overall survival analysis. (A) The distribution of the radiomics score of GC patients. (B) The overall survival status
for each GC patient. (C) Overall survival curve of total GC patients. (D) PCA depicts the variation of high- and low-radiomics scores. (E) Overall survival and ROC
curves of the training group. (F) Overall survival and ROC curves of the validation group.
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Radiomics Nomogram Construction
ForOS andDFS, themultivariate analysis demonstrated that glszm
Size Zone NonUniformity Normalized, glcm Cluster Shade, First-
Order Kurtosis, and glszm Large Area Low Gray Level Emphasis
were all significantly associated with survive (p ≤ 0.05,
Supplementary Figure 1). We further incorporated radiomics
signature with other clinical factors, which has been proven to
add prognostic information to better identify patientswith different
outcomes, and the radiomics nomogram was a good witness. As
shown in Figure 5, the radiomics signature combined with TNM
staging significantly reinforced the prognostic ability.

OS and DFS nomograms were constructed to predict the 1-, 3-,
and 5-year overall survival and relapse of the GC (Figure 5A and
SupplementaryFigure4A). Total score summations of eachvariable
were based on the intersection of the vertical line. As shown in
Figure 5A, radiomics score contributed themost risk points (ranged,
0–100), whereas other clinical information contributed much less
(ranged, 0–40). By using this nomogram, we could convert each
clinical index to the corresponding point and then calculate the total
point, which was used to evaluate the 1-, 3-, and 5-year survival or
relapse rate. Moreover, decision curve analysis showed a high
accuracy of the predictive prognostic radiomics score
(Figures 5B–D, and Supplementary Figures 4B, D). Decision
Frontiers in Oncology | www.frontiersin.org 6131
curve analysis showed great predictive accuracy of prognostic
nomograms for OS and DFS. In other words, the clinical-radiomics
nomogram that incorporated both clinical risk factors and radiomics
parameters showed excellent performance, with high 1-, 3-, and 5-
year AUCs of 0.80, 0.816, and 0.965, respectively (Figure 5E and
Supplementary Figure 4E).

Biological Basis of the Radiomics
Signature
We further conducted genomic analysis to explore the molecular
underpinning of the identified all-relevant features by evaluating
possible radiogenomics links using the RNA-Sep technology.
More than 70% of significantly different expression genes in the
module of glszm Size Zone NonUniformity Normalized and
glcm Cluster Shade were upregulated in the tumor tissues, while
a small part of genes were negatively expressed (Figure 6A).
When we examined the degree of overlap between radiomics
feature genes to investigate the dependence between each feature,
glcm Cluster Shade and glszm Large Area Low Gray Level
Emphasis showed an overall high similarity (Figure 6B). The
pre-ranked GSEA showed that the significant enriched pathways
(FDR <0.1) among the top associations with these four radiomics
factors were mostly correlated with drug metabolism and
A C D

B E F

FIGURE 4 | ACT benefit analysis based on the radiomics score. (A) Overall survival analysis of all GC patients according to ACT. (B) Disease-free survival analysis of
all GC patients according to ACT. (C) Overall survival analysis of low-radiomics score GC patients according to ACT. (D) Overall survival analysis of high-radiomics
score GC patients according to ACT. (E) Disease-free survival analysis of low-radiomics score GC patients according to ACT. (F) Disease-free survival analysis of
high-radiomics score GC patients according to ACT.
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A

B C

D E

FIGURE 5 | The prediction performance analysis of overall survival. (A) The nomogram for predicting 1-, 3-, and 5-year OS after surgery. (B) Calibration curve for
risk of 1-year overall survival. (C) Calibration curve for risk of 3-year overall survival. (D) Calibration curve for risk of 5-year overall survival. (E) Receiver operating
characteristic (ROC) curves for 1-, 3-, and 5- year overall survival.
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chemokine regulation (Figure 6C). Of the radiomics score
signatures, the most enriched pathways were also gathered in
the drug metabolism cytochrome P450 and other enzymes
(Figure 6D). These results revealed that the developed imaging
biomarker might reflect the different drug metabolic changes
during cancer therapy, which could better stratify patients for
more precise therapeutic care.
Frontiers in Oncology | www.frontiersin.org 8133
DISCUSSION

In consideration of the complexity of the heterogeneity of the
morphologic, biologic, and clinical nature, conventional
classification systems were no longer able to reflect the
complex molecular nature of GC. As for proposed
morphology-based classification systems, the World Health
A

B

D

C

FIGURE 6 | Tarit-association genes and functional enrichment analysis. (A) Each differently expressed gene in four radiomics features in the genomic study.
(B) Heatmap of the similarity between each train-associated gene calculated by the Spearman index. (C) Heatmap of GESA enrichment analysis. (D) GSEA
enrichment analysis of the radiomics score model.
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Organization (WHO) (papillary, tubular, mucinous, and poorly
cohesive (PCC-NOS)/signet ring) (16) and the Lauren
(intestinal, diffuse, and mixed) classifications are the most
commonly preferred (17). As for comprehensive genomic
assays, the TCGA Consortium classified GC into four major
genomic subtypes, including tumors positive for Epstein–Barr
virus (EBV), microsatellite unstable tumors (MSI), genomically
stable tumors (GS), and tumors with chromosomal instability
(CIN) (18); the Asian Cancer Research Group (ACRG) divided
GC into four subtypes: MSI, microsatellite stable (MSS)/
epithelial–mesenchymal transition (EMT), MSS/tumor protein
53 (TP53) active, and MSS/TP53 inactive (19). Moreover, a
plethora of genomic alterations have been identified, such as
HER2, FGFR2, EGFR, PI3K, mTOR, and MET, which provided
good identification of GC patients who derive therapeutic benefit
from ACT (20). Therefore, the existence of GC intra-tumor
heterogeneity affects the accuracy of clinical decisions and lead to
a substantial discordance rate. Thus, researchers are now
investigating auxiliary noninvasive approaches to precisely
predict the therapy of GC preoperatively.

Radiomics is a promising tool which defines mathematical
features from medical images using a series of data-
characterization algorithms. This technique allows doctors to
access standardized image texture information and to stand out
informed inference. To date, radiomics has been proven to
effectively predict biological characteristics of numerous types
of cancers (7, 19, 20). In GC patients, although studies were
preliminary, radiomics texture analyses have been proven to not
only improve prediction of survival but also provide additional
information in oncologic practice related to benign and
malignant nodule differentiation, prediction of lymph node
metastasis, histological subtype classification, response to
chemotherapy assessment, and mutation type identification (9,
15, 17). In this study, a total of 799 two-dimensional features
were extracted from each ROI by PyRadiomics. After dispelling
redundancies, four selected radiomics features were extracted to
construct a radiomics signature, which enabled more accurate
identification of GC patients who might benefit from
postoperation chemotherapy. As shown in the present study,
the radiomics signature successfully identified high-risk GC
patients with poor survival outcomes, for whom more
intensified treatment was needed. Furthermore, for patients
with a low radiomics score were more inclined to fall victim in
the postoperation chemotherapy. By adding the clinical features,
we also constructed the clinical-radiomics feature nomogram for
predicting survival of GC after gastrectomy.

Surgical resection is the main curative method for GC, but the
high rate of relapse in patients makes it important to consider
adjuvant treatment selection. Current guidelines have strongly
proven chemotherapy as a standard component for advanced
GC therapies, whereas existing studies provided that a subgroup
of patients does not benefit from the present ACT. At present,
three major international GC guidelines guide the population
indicated for ACT, which can be roughly divided into Europe
(European Society for Medical Oncology, ESMO), United States
(National Comprehensive Cancer Network, NCCN), and East
Frontiers in Oncology | www.frontiersin.org 9134
Asia (21). Based on the MAGIC trial, ESMO recommended ACT
for stage >T1N0 (22) and NCCN suggested clinical stage ≥ T2;
yet, the Japanese guidelines still suggested all surgeries combined
with postoperative chemotherapy (23). Although the efficacy of
ACT for GC has been proven, there is no ideal measure for
reasonable noninvasive selection, especially for early
postoperative GC patients. The NCCN guidelines recommend
ACT for pT1N1 gastric cancer patients after curative resection
(24); on the contrary, the Japanese Gastric Cancer Treatment
Guidelines did not show any ACT benefit with regard to pT1N1
gastric cancer patients after curative resection (24). By and large,
the risk factors associated with postoperation chemotherapy
selection include tumor invasion, lymph node metastases,
tumor stage and Borrmann type, dMMR, gene mutant, family
history, and physical condition. Although intensive protocols are
promising, selecting the optimal adjuvant chemotherapy remains
a difficult task that requires a balance between the therapeutic
benefits and toxicity. The most common adverse events were
asthenia/anorexia (33.3%), hematologic malignancies (29.6%),
and infection (14.8%) (25). Thus, a biomarker study is urgently
necessary for selecting the GC subgroups for which adjuvant
treatment provides an oncological benefit postoperation. Our
study provided a statistically robust approach to construct the
radiomics signature for the administration of ACT in GC. The
radiomics signature provides the incremental value for guiding
the adoption of ACT in patients with a low radiomics score. The
radiomics score elucidated the relationship between tumor
characteristics and their imaging appearance as well as
developed imaging biomarkers that can predict risk and
outcomes, thereby better stratifying patients for more precise
therapeutic care.

The radiogenomics analysis provided that a prognostic
radiomics signature could capture tumor cell intratumor
heterogeneity, which is also associated with underlying gene
expression patterns. The radiogenomics analysis showed multiple
associations between CT image features and trait-associated genes
mostly correlated with various drug metabolisms and chemokine
regulation. Given that radiomics signature provided the
incremental value for the adoption of ACT, although the
mechanism of the relationship between radiomics features and
chemotherapyhasnot been shown thoroughly,we speculated that it
may be associated with the strong correlation with cell cycling
pathways, chemokine signaling, and chemotherapeutic drug
metabolism (Figure 6). The present image-to-molecular feature
associations could also be applied to assess therapeutic options
based on biological pathway activity. The effects of whole-body
chemotherapy for GC may be deeply influenced by drug
metabolism and critical signaling pathways. First-Order Kurtosis,
Large Area Low Gray Level Emphasis, and Size Zone
NonUniformity Normalized could be effectively targeted by drug
metabolism via cytochrome P450 and other enzymes, retinol
metabolism, and sucrose metabolism. The gene pathway analysis
indicated that radiogenomics may be suitable for predicting the
efficacy of pathway–target therapies.

However, some limitations in this study should also be
noticed. Firstly, the small sample size of GC patients and the
November 2021 | Volume 11 | Article 755271
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retrospective nature of the data collection possibly affect the
statistical power. We need to increase the sample size and
conduct a multicenter research to verify the accuracy and
stability of the radiomics nomogram model. Secondly, the
decision to treat or not to treat patients after surgery was made
by the patients and/or clinicians, and the use of adjuvant
chemotherapy was not within a randomized comparison.
Chemotherapy drug side effects, types of chemotherapy
selection, and irregular course of chemotherapy all existed in
our follow-up study, which inevitably affected the outcome.
Moreover, radiomics does indeed suffer from a closed-source
nature, unharmonized acquisition settings, discordant
reconstruction parameters, lack of interpretability, redundancy,
and methodological bias. Complementary innovations in genetic
and imaging-based studies that allow for the spatial
quantification of tumor heterogeneity could provide a
realization of precision oncology.
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Supplementary Figure 1 | Forest plot showing the logistic regression analyses of
the four radiomic features.

Supplementary Figure 2 | The distribution of radiomics score and disease-free
survival. (A) The distribution of radiomics score of GC patients; (B) The disease-free
survival status for each GC patients; (C) disease-free survival curve of total GC
patients; (D) PCA depicts the variation of high- and low- radiomics score; (E)
disease-free survival and ROC curves of training group; (F) disease-free survival and
ROC curves of validation group.

Supplementary Figure 3 | Validation analysis of the radiomics score in TCGA
cohort. (A) Overall survival curve of the TCGA radiomics score. (A) ROC curves of
TCGA radiomics score.

Supplementary Figure 4 | The prediction performance analysis of disease-free
survival. (A) The nomogram for predicting 1-, 3- and 5-year PFS after surgery; (B)
Calibration curve for risk of 1- year disease-free survival; (C) Calibration curve for
risk of 3-year disease-free survival; (D) Calibration curve for risk of 5-year disease-
free survival; (E) Receiver operating characteristic (ROC) curves for 1-, 3- and 5-
year disease-free survival.
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Chunya Cai1, Huaizhi Jin1, Haoyu Meng1, Xiang Tan1, Wanwei Jian1, Wei Yang2*
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Oncology, The Fourth Affiliated Hospital, Guangxi Medical University, Liuzhou, China

Purpose: We developed a deep learning model to achieve automatic multitarget
delineation on planning CT (pCT) and synthetic CT (sCT) images generated from cone-
beam CT (CBCT) images. The geometric and dosimetric impact of the model was
evaluated for breast cancer adaptive radiation therapy.

Methods: We retrospectively analyzed 1,127 patients treated with radiotherapy after
breast-conserving surgery from two medical institutions. The CBCT images for patient
setup acquired utilizing breath-hold guided by optical surface monitoring system were
used to generate sCT with a generative adversarial network. Organs at risk (OARs), clinical
target volume (CTV), and tumor bed (TB) were delineated automatically with a 3D U-Net
model on pCT and sCT images. The geometric accuracy of the model was evaluated with
metrics, including Dice similarity coefficient (DSC) and 95% Hausdorff distance (HD95).
Dosimetric evaluation was performed by quick dose recalculation on sCT images relying
on gamma analysis and dose-volume histogram (DVH) parameters. The relationship
between DD95, DV95 and DSC-CTV was assessed to quantify the clinical impact of the
geometric changes of CTV.

Results: The ranges of DSC and HD95 were 0.73–0.97 and 2.22–9.36 mm for pCT,
0.63–0.95 and 2.30–19.57 mm for sCT from institution A, 0.70–0.97 and 2.10–11.43 mm
for pCT from institution B, respectively. The quality of sCT was excellent with an average
mean absolute error (MAE) of 71.58 ± 8.78 HU. The mean gamma pass rate (3%/3 mm
criterion) was 91.46 ± 4.63%. DSC-CTV down to 0.65 accounted for a variation of more
than 6% of V95 and 3 Gy of D95. DSC-CTV up to 0.80 accounted for a variation of less
than 4% of V95 and 2 Gy of D95. The mean DD90/DD95 of CTV and TB were less than
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2Gy/4Gy, 4Gy/5Gy for all the patients. The cardiac dose difference in left breast cancer
cases was larger than that in right breast cancer cases.

Conclusions: The accurate multitarget delineation is achievable on pCT and sCT via
deep learning. The results show that dose distribution needs to be considered to evaluate
the clinical impact of geometric variations during breast cancer radiotherapy.
Keywords: deep learning, automatic delineation, synthetic CT, dosimetric evaluation, adaptive radiotherapy
INTRODUCTION

Intensity-modulated radiotherapy (IMRT) after breast-
conserving surgery significantly improves the survival of breast
cancer patients (1). However, there are the patient setup error
and anatomical structure changes during the interfractional
radiotherapy (2). The variation range of mean central lung
distance is 0.59–2.94 cm (3). The mean 3D displacement of
patient setup is 7.3 and 7.6 mm by laser and port film setup,
respectively (4). The deviation could lead to inconsistencies
between the actual delivery dose and the planning dose (5).
Large interfraction variation is observed, motivating the need for
adaptive radiotherapy. Adaptive radiotherapy can automatically
adjust the plan according to changes in the target volume (6, 7).
When the patient is lying on the couch waiting for treatment,
plan evaluation and adaptation need to be completed as quickly
as possible. Online adaptation, which requires real-time
delineation of the contours of the target volumes and organs at
risk (OARs) for re-planning, is a promising technique (8). Some
studies have been conducted for online adaptation, especially for
prostate cancer as well as for head and neck cancer (9–13). Cone-
beam CT (CBCT) is a common tool for location verification in
radiotherapy and can be used for plan adaptation (14, 15).
However, imaging artifacts caused by respiratory movement
make CBCT-based adaptive radiotherapy for breast cancer
infeasible. CBCT images cannot be directly used for dose
calculation due to inaccurate HU values and needs to be
converted into synthetic CT for dosimetric evaluation (16–19).

The delineation of target volumes and OARs is a prerequisite
for adaptive radiotherapy. However, manual delineation is time-
consuming and labor-intensive and cannot meet the
requirements of real-time adaptive radiotherapy (20). It is
necessary to build an automatic delineation model (21, 22).
Some researchers used atlas-based segmentation software for
delineation of target volumes on computed tomography (CT)
images for radiotherapy. Dice score of segmentations with these
commercial software is not high enough (23–26). CBCT-based
delineation can be achieved by deformable image registration
and direct delineation on CBCT images. Deformable image
registration could transfer the contours to CBCT images from
planning CT images (27). However, deformable registration
relying on the image quality and algorithm cannot perform
well for patients with large variations, leading to uncertainty in
propagating contours (28). Direct CBCT-based delineation can
reduce uncertainty from registration errors. Schreier et al. (29)
investigated segmentation for the male pelvis using CBCT and
2138
CT images. Peroni et al. (11) developed an automatic strategy to
generate online virtual CT and automatically segmented
structures using CBCT and virtual CT images for head and
neck cancer adaptive radiation therapy. Inter-observer variability
is high in the delineation of target volumes and OARs on CT and
CBCT scans of the chest. At present, most of the studies on the
automatic segmentation of chest medical images do not perform
well, and it is necessary to develop a model with better
performance to delineate all the target volumes and OARs
accurately at one time. Additionally, the geometric metrics do
not fully indicate clinical quality. Therefore, it is necessary to
evaluate the performance of the automatic delineation model in
terms of clinical applicability (30). The geometric and dosimetric
changes between planning CT (pCT) and synthetic CT (sCT)
needs to evaluated due to high clinical significance for
adaptive therapy.

In our study, we investigated the feasibility of automatically
delineating multiple contours based on deep learning for breast
cancer radiation therapy. The synthetic CT image was first
generated from CBCT images with a cycle generative
adversarial network (cycleGAN). Second, we developed an
automatic delineation model using 3D U-net based on pCT
and the radiotherapy structure of breast cancer patients to
delineate the target volumes and OARs on planning CT and
synthetic CT images, respectively. Third, the treatment plan was
transferred to the synthetic CT image from the planning CT
image. It could be verified quantitatively by quick dose
recalculation for dosimetric evaluation. The Flowchart of the
proposed method is shown as Supplementary Figure 1 in the
Supplementary Material. The clinical impact of geometric
variations in target volumes and OARs was evaluated to
provide the feasibility for breast cancer adaptive radiotherapy.
MATERIALS AND METHODS

Patient Datasets
Datasets obtained from two medical institutions in China
between January 2014 and December 2020 were analyzed
retrospectively. A total of 1,127 patients (institution A: 1,074/
institution B: 53) who received radiotherapy after breast-
conserving surgery were included. The data of 75 patients from
institution A including pCT and CBCT images with BH were
split into 52 samples for training and 23 samples for testing on
CBCT-to-CT synthesis. The pCT images and structures of 1,052
patients were randomly divided into a training set (700 patients),
November 2021 | Volume 11 | Article 725507
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validation set (100 patients), and test set (252 patients) for
automatic delineation model training and evaluation. Among
the test set, 199 patients were from institution A, and 53 patients
were from institution B. The patient characteristics are
summarized in Table 1.

Patients were immobilized on the breast bracket before
obtaining a CT scan with 5 mm slices (SOMATOM Sensation
Open, Siemens). The dimensions of the images were 512 × 512
voxels for each slice. CBCT is widely used for target position
verification and setup error correction during breast patient
radiation therapy. In this study, CBCT images were captured
by a Varian Edge treatment machine (Varian Medical Systems,
Palo Alto) in half-fan mode utilizing breath-hold (BH) guided by
AlignRT (Vision RT Ltd, London, UK). The images with 512 ×
512 voxels for each slice were reconstructed with a 1.99 mm slice
thickness. The quality of CBCT with the BH technique is much
higher than that with conventional scan. CBCT could be used to
generate accurate synthetic CT for dose recalculation.

Clinical target volumes (CTV), tumor bed (TB), and organs at
risk (OARs) were delineated by two radiation oncologists
according to the ESTRO consensus guideline. The director
Frontiers in Oncology | www.frontiersin.org 3139
with 20 years’ experience of the radiation oncology department
of the corresponding institution was consulted in cases of
disagreement. Manually delineated contours were used as
ground truth for training and testing. The radiotherapy plans
were designed with the Pinnacle3 treatment planning system
(Philips Radiation Oncology Systems, Philips Healthcare) by
combining 3D conformal radiation therapy (CRT) and
intensity modulated radiation therapy (IMRT). The prescribed
dose was 52.2 Gy given to CTV and 63.8 Gy given to TB in 29
fractions. CRT achieved 80% of the total dose, and IMRT
achieved 20% of the total dose. One hundred percent of the
prescribed dose covered 95% of the volume of the target area.
The physicist first designed the plan, and then the radiation
oncologist and the physicist jointly evaluated the plan before
implementation to ensure the quality of the plan.

Automatic Delineation of Target Volumes
and Organs at Risk
Our automatic delineation model is applied to 3D volume.
Patch-based training makes the model cannot judge left and
right lungs and target volumes. Therefore, through a series of
preprocessing steps, as shown in Figure 1A, we feed the human
body volume as completely as possible into the network, so that
the network has a larger receptive field. First, the Hough
transform line detection, the threshold method, and the
morphological method were used to remove the bed and
obta in a human body mask . Then, the minimum
circumscribed cube is cropped from the body mask, which is
the region of interest (ROI) of each subject. Finally, the spatial
resolution of all ROIs is converted to 2 × 2 × 5 mm3, and the
intensity is normalized by z-score for training.

We use Res-SE-U-Net (31) as the automatic delineation
network, which is a modified 3D U-Net (32). Res-SE-U-Net
includes the down-sampling path, up-sampling path, and skip-
connection layer, which can extract the multiscale features of
images. In addition, the addition of Res-block and SE-block leads
TABLE 1 | Summary of patient characteristics.

Patient characteristics Value

Age range (y) 22–72
Laterality
Right 600
Left 527
Institution
A 1,074
B 53
Stage, No.
0 92
I 530
II 433
III 72
FIGURE 1 | The workflow of the automatic delineation model. (A) automatic preprocessing, (B) training phase, (C) testing phase.
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to its stronger feature extraction ability than the original U-Net.
The workflow of the automatic delineation model is shown in
Figure 1. Training of a network took about 48 h, whereas all the
target volumes and OARs for one patient were predicted in 5 s.

CBCT-to-CT Synthesis
We use a 2D cycleGAN (33), which is an unsupervised image-to-
image translation deep learning framework, to generate sCT. The
cycleGAN contains two generators (GCBCT–CT and GCT–CBCT) and
two discriminators (DCT and DCBCT). The generator GCBCT–CT

takes CBCT as input and generates the sCT; in contrast, GCT–CBCT

takes CT as input and generates the synthetic CBCT. The
discriminator DCT and DCBCT discriminates whether the CT or
CBCT images are real or synthesized, respectively. The sCT of one
patient could be generated in 3–4 s by the trained model. The
schematic flow is shown as Supplementary Figure 2 in the
Supplementary Material.

The optimization of the cycleGAN includes two objective
functions: adversarial loss and cycle consistency loss. The
antagonistic objectives of generators and discriminators are
reflected in adversarial loss. We denote the data distribution as
ICT ~ pdata(ICT) and ICBCT ~ pdata(ICBCT). The adversarial loss is
expressed as:

LGAN GCBCT−CT ,DCT , ICT , ICBCTð Þ = EICT e pdata   (ICT )
logDCT (ICT)½ �

+EICBCT e pdata   (ICBCT )
log 1 − DCT (GCBCT−CT(ICBCT ))ð Þ½ � (1)

where ICBCT is the real CBCT and GCBCT–CT (ICBCT) is the
synthetic CT generated by GCBCT–CT.

Geometric Evaluation
Automatic Delineation Performance Evaluation
The performance of the automatic delineation model was
evaluated on pCT and sCT, respectively. To quantitatively
assess the delineation accuracy, we used two metrics: Dice
similarity coefficient (DSC) and 95% Hausdorff distance
(HD95). DSC describes the spatial overlap between the
automated delineation and the ground-truth. The metrics
HD95 was used to evaluate the shape difference in the study.
The equations are defined as Supplementary Equations (1, 2) in
the Supplementary Material.

CBCT-Synthesized sCT Quality Evaluation
Mean error (ME), mean absolute error (MAE), peak signal to
noise ratio (PSNR), structural similarity index (SSIM), and
spatial non-uniformity (SNU) were used to evaluate the image
quality of sCT and CBCT, respectively. The formulas for these
metrics are defined as Supplementary Equations (4–8) in the
Supplementary Material. We selected five regions of interest
(ROIs) to calculate the SNU, as shown in Supplementary
Figure 3 of the Supplementary Material. ME and MAE are
the magnitudes of the difference between the pCT and the sCT.
The lower these values are, the better the image quality is. High
PSNR and SSIM mean high image quality. In this study,
deformable registration was performed on the sCT to align it
with pCT, and the metrics were calculated within the body mask
of the sCT.
Frontiers in Oncology | www.frontiersin.org 4140
Dosimetric Evaluation
Dosimetric accuracy was evaluated based on the sCT images
using clinical breast cancer treatment plans. A quick dose
recalculation on the sCT images was performed to verify the
treatment plan. The treatment plan that was transferred to the
sCT from the pCT kept the same parameters as the original pCT-
based plan. The difference in dose distribution between pCT and
sCT was evaluated with gamma analysis and dose-volume
histogram (DVH) parameters. The difference in DVH metrics
of target volumes and OARs between pCT and sCT were also
assessed for quantitative dosimetric evaluation. The DVH
metrics of the target volumes, including D90, D95, and V95,
were analyzed. Target coverage was defined as the dose received
by 90 and 95% of the target volume (D90, D95) and the percent
volume receiving 95% of the prescribed dose (V95) for the TB
and CTV. If the dose difference in the target volumes and OARs
on the sCT exceeds the threshold, it needs to rescan the pCT for
re-planning. DD90, DD95, and DV95 are defined as:

DD90 = D90(pCT) − D90(sCT)j j (2)

DD95 = D95(pCT) − D95(sCT)j j (3)

DV95 = V95(pCT) − V95(sCT)j j (4)

We investigated the relationship between the DSC and the
dose difference to evaluate the effect of anatomical changes on
dose during radiotherapy. sCT images were rigidly registered to
pCT by reference to the bony landmarks. DSC-CTV for
automatically delineating CTV on sCT images compared with
manually delineating target volumes on pCT images was
correlated with dosimetric metrics.

Clinical Evaluation
The reproducibility and robustness of the automatic delineation
model were evaluated using DSC and HD95 in a multi-
institution study. The training set was from institution A. Of
the 252 patients in the test set, 199 were from institution A and
53 were from institution B. The robustness of the model was
validated by multi-institutional testing.

Clinical evaluation of the automatic delineation model was
performed on an independent test set of 199 pCT scans and 23
sCT from institution A. The automatically delineating contours
were checked by three groups a, b, and c in institution A based on
their clinical experience. Each group consisted of two radiation
oncologists. Three groups who were blinded to the ground truth
contours reviewed the automatic delineating contours. The
evaluation results were acceptable with no corrections,
acceptable with minor corrections, and unacceptable
respectively. Finally, the acceptable ratio of all the targets and
OARs was analyzed.

Statistical Analysis
MATLAB (version 2018b, The MathWorks Inc, Natick, MA,
USA) was used for statistical analysis. A t test was used to test the
statistical significance of the absolute difference of the dosimetric
metrics for both plans, and a Spearman’s rank correlation test
November 2021 | Volume 11 | Article 725507
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was used for correlation testing between DSC and DV95 or DD95
of CTV. Two-sided p-values were provided, and p-values <0.05
were considered significant.
RESULTS

Geometric Evaluation
The ME, MAE, PSNR, and SSIM comparisons between the CBCT,
synthetic CT (sCT), and planning CT (pCT) images are shown in
Table 2. The average ME and MAE between CBCT and pCT
images within the body was −37.71 ± 15.49 and 86.42 ± 10.12 HU,
whereas the average ME and MAE between sCT and pCT images
was 8.46 ± 11.88 and 71.58 ± 8.78 HU. The mean SNUs for CBCT,
sCT, and pCT were 9.22 ± 3.89, 4.95 ± 4.13, 2.12 ± 0.85%,
respectively. The HU value of sCT image is much closer to that
of pCT image than that of CBCT image. The similarity increased
obviously between sCT and pCT images with lower ME,MAE and
higher PSNR, SSIM compared to CBCT and pCT images. The
detailed comparison between pCT and sCT is shown as
Supplementary Figure 3 in the Supplementary Material.

Figure 2 shows examples of the ground truth and the
contours of automatic delineation on pCT and sCT images.
There is good consistency for CTV and OARs between automatic
delineation and manual delineation from human experts on
pCT. The concordance can be found to decrease at the upper
and lower bounds of the CTV from 2D sagittal sCT images. The
automatically drawn tumor bed (TB) on sCT is obviously larger
than the manually drawn TB.

The testing results of automatic delineation of multiple
institutions are shown in Table 3. The results of pCT were
calculated among 199 patients from institution A and 53 patients
from institution B, respectively. The results of sCT were
calculated among 23 patients from institution A for CBCT-to-
CT synthesis testing cohorts. Good DSC and HD95 scores were
found for the most contours on pCT (DSC: 0.73–0.97, HD95:
2.22–9.36 mm). The performance was slightly lower for the
contours on sCT from institution A (DSC: 0.63–0.95, HD95:
2.30–19.57 mm). The mean DSC of CTV was 0.88 ± 0.03 for
pCT, and 0.83 ± 0.03 for sCT, respectively. The segmentation
model was also effective for pCT from institution B (DSC: 0.70–
0.97, HD95: 2.10–11.43 mm). The mean DSC of CTV on pCT
from institution B was 0.80 ± 0.06. The accuracy of automatic
delineation for the datasets from institution B was lower than
that from institution A.

The clinical evaluation showed that the acceptable ratios of
OARs, CTV, and TB were 76.38–100, 70.35–83.92, and 53.27–
Frontiers in Oncology | www.frontiersin.org 5141
57.79% on pCT images and 73.91–82.61, 69.57–78.26, and
43.48–52.17% on sCT images, respectively, as shown in
Table 4. Overall, the automatic delineation of CTV and OARs
was clinically acceptable after minor corrections by the
evaluation of medical group a, b, and c.

Dosimetric Evaluation
The dose distribution and dose-volume histogram (DVH) of the
plan on synthetic CT (sCT) and planning CT (pCT) are shown in
Figure 3. P1:A and P2:A indicate the dose distribution on pCT,
and P1:B and P2:B indicate the dose distribution on sCT. The red
line represents TB, and the blue shaded area represents the dose
of 63.8 Gy. The wathet line represents CTV, and the yellow
TABLE 2 | Similarity analysis between CBCT and pCT images, sCT and pCT images with all the testing patient datasets.

Type ME (HU) MAE (HU) PSNR (dB) SSIM SNU (%)

CBCT vs pCT −37.71 ± 15.49 86.42 ± 10.12 20.19 ± 5.26 0.88 ± 0.04 9.22 ± 3.89 vs
2.12 ± 0.85

sCT vs pCT 8.46 ± 11.88 71.58 ± 8.78 23.34 ± 3.63 0.92 ± 0.02 4.95 ± 4.13 vs
2.12 ± 0.85
No
vember 2021 | Volume 11 |
FIGURE 2 | Comparison between the ground truth (GT) and automatic
delineation (AD) at axial plane, coronal plane, sagittal plane, P1:A indicates GT
on pCT for patient 1, P1:B indicates AD on pCT for patient 1; P2:A indicates
GT on pCT for patient 2, P2:B indicates AD on pCT for patient 2; P3:A
indicates GT on sCT for patient 3, P3:B indicates AD on sCT for patient 3.
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shaded area represents the dose of 52.2 Gy. P1:C and P2:C
indicate the DVH of the two plans. The solid line represents the
DVH on pCT, and the dotted line represents the DVH on sCT.

Within the body, the mean ± standard deviation with 2%/2
mm and 3%/3 mm pass rates for the sCT images were 85.09 ±
6.28 and 91.46 ± 4.63% respectively. There was a negative
correlation between DSC and DV95 or DD95 (r= −0.52, p=
2.4075E-11 and r= −0.51, p= 4.5815E-11, respectively). DSC of
CTV down to 0.65 accounted for a variation of more than 6% of
V95 and 3 Gy of D95 for CTV. DSC of CTV up to 0.80 accounted
for a variation of less than 4% of V95 and 2 Gy of D95 for CTV,
as shown in Figure 4.

Dosimetry evaluation of the plans on sCT versus original plans
for 29 fractions is summarized in Table 5. The mean DV95 of CTV
is less than 6%. The mean DD90/DD95 of CTV is less than 2 Gy/4
Gy. The mean DD90/DD95 of tumor bed was less than 4 Gy/5 Gy
for all patients. We observed an absolute difference of more than 8%
of the DV95 of TB. The poor delineation accuracy of TB leads to
large dosimetry errors. The mean DD95 of CTV and DV10 of the
heart are 4.20 ± 1.45 Gy and 3.92 ± 3.29% in the left-sided patients,
2.84 ± 0.84 Gy and 1.60 ± 1.96% in the right-sided patients,
respectively. The dosimetric difference of target volume and heart
in left-sided patients is greater than that in right-sided patients. P-
values of the dosimetric difference of the TB and CTV were below
0.05, and p-values of the dosimetric difference of the OAR were
over 0.05.
DISCUSSION

Adaptive radiotherapy based on CBCT for patient setup is a
promising approach for improving treatment accuracy (34). Liu
et al. (35) developed a deep learning approach to generate CBCT-
based synthetic CT images and validated the dose calculation
accuracy for clinical use in CBCT-guided pancreatic adaptive
Frontiers in Oncology | www.frontiersin.org 6142
radiotherapy. However, sCT-based segmentation was not
involved, which was also the key factor in adaptive
radiotherapy. In our study, the synthetic CT image quality
analysis of the thorax yielded an ME/MAE of 8.46/71.58 HU,
and our results were better than those reported by Eckl et al. (36),
with 29.6/94.2 HU. The SNU in synthetic CT was close to the
SNU in planning CT. It demonstrated that synthetic CT had
enough quality for contour delineation and dose calculation. The
automatic delineation model that was developed by 3D Res-SE-
U-Net based on the planning CT and RT structures made full use
of the 3D correlative information between image slices. The
automatic delineation model performs well enough with 0.88
DSC for CTV on planning CT. The performance of the model
was lower for synthetic CT because of the inaccurate HU and
image artifacts caused by respiratory in synthetic CT. The
clinically meaningful evaluation of the performance of the
model should include not only geometric difference but also
dosimetric assessment (37, 38). In this study, the geometric and
dosimetric differences between the contours on planning CT and
the contours on synthetic CT were analyzed to assess the clinical
impact of the changes in target volumes and OARs during
radiotherapy. The interobserver variability is large for the
contours of breast cancer, resulting in difficulty delineating
exactly (39). We improved the robustness of the model by
enlarging the datasets to over 1,000. The automatic delineation
of CTV and OARs was more consistent with the manual
delineation due to their regular shapes and locations. Tumor
bed was significantly different between automatic and manual
contours because the position of the tumor bed varied greatly for
each patient. The results of the multi-institutional test showed
that the model is robust and accurate. The performance of the
model on the datasets from institution B was worse than that
from institution A. Our approach was effective in dosimetric
verification based on synthetic CT from CBCT, and DV95 and
DD95 of CTV could be used as dosimetric metrics for rescanning
TABLE 3 | Quantitative results (Mean ± SD) of automatic delineation performance in multiple institutions.

Institution Image Metrics TB CTV Heart Left lung Right lung Spinal cord

A pCT DSC 0.73 ± 0.08 0.88 ± 0.03 0.93 ± 0.06 0.97 ± 0.01 0.97 ± 0.01 0.82 ± 0.05
HD95/mm 9.36 ± 4.80 9.13 ± 4.04 7.63 ± 5.60 2.22 ± 1.37 2.59 ± 2.24 5.12 ± 5.90

sCT DSC 0.63 ± 0.08 0.83 ± 0.03 0.90 ± 0.02 0.94 ± 0.01 0.95 ± 0.01 0.81 ± 0.03
HD95/mm 19.57 ± 17.01 10.81 ± 4.81 9.31 ± 2.60 5.75 ± 1.61 5.62 ± 1.72 2.30 ± 0.32

B pCT DSC 0.70 ± 0.09 0.80 ± 0.06 0.92 ± 0.02 0.97 ± 0.01 0.97 ± 0.00 0.73 ± 0.07
HD95/mm 11.43 ± 6.17 18.22 ± 6.94 8.51 ± 3.71 2.10 ± 0.54 2.45 ± 1.00 8.38 ± 5.90
November 20
21 | Volume 11 | A
TABLE 4 | Acceptable ratio for automatic delineation among different groups.

Image Group Acceptable ratio/%

CTV TB Left lung Right lung Heart Spinal cord

pCT a 76.88 57.79 100 98.99 90.95 81.91
b 83.92 54.77 100 98.49 76.88 79.40
c 70.35 53.27 95.98 96.48 88.44 76.38

sCT a 73.91 52.17 95.65 100 86.96 82.61
b 78.26 47.83 91.30 95.65 73.91 78.26
c 69.57 43.48 86.96 82.61 82.61 73.91
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FIGURE 3 | Dose distribution and DVH of the plans on pCT and sCT.
A

B

FIGURE 4 | (A) The relationship between DSC and DV95 of CTV; (B) the relationship between DSC and DD95 of CTV.
TABLE 5 | Absolute difference of the dosimetric metrics for both plans of 23 patients.

Structure Metrics Absolute difference (Mean ± SD) p-value

Right breast Left breast All patients

Spinal Cord DDmax[Gy] 0.35 ± 0.28 0.34 ± 0.57 0.34 ± 0.45 0.63
Ipsilateral Lung DV20[%] 1.80 ± 1.55 1.83 ± 1.59 1.82 ± 1.53 0.87

DDmean[Gy] 0.83 ± 0.75 1.03 ± 1.02 0.94 ± 0.89 0.34
Heart DV10[%] 1.60 ± 1.96 3.92 ± 3.29 2.86 ± 2.95 0.91

DV30[%] 0.10 ± 0.32 2.58 ± 3.00 1.45 ± 2.52 0.56
DDmean[Gy] 0.19 ± 0.19 1.72 ± 2.17 1.03 ± 1.76 0.96

TB DD90[Gy] 2.65 ± 1.35 4.33 ± 2.54 3.57 ± 2.21 8.18E-09
DD95[Gy] 3.73 ± 1.62 5.58 ± 2.50 4.74 ± 2.30 2.62E-07
DV95[%] 5.70 ± 3.56 10.25 ± 7.03 8.18 ± 6.06 1.32E-07

CTV DD90[Gy] 1.68 ± 0.57 1.89 ± 0.65 1.80 ± 0.61 2.61E-13
DD95[Gy] 2.84 ± 0.84 4.20 ± 1.45 3.58 ± 1.37 2.30E-12
DV95[%] 4.70 ± 1.25 6.17 ± 1.95 5.50 ± 1.79 1.01E-15
Frontiers in Oncology | www.fron
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pCT. There was a correlation between DSC and DD95 and DV95
for CTV; however, it was not an inversely proportional
relationship. Poor DSC scores do not necessarily lead to
inferior CTV dosimetry. The dose variation between the
automatic delineation CTV on sCT images and the manual
delineation CTV on planning CT images was not large if the
DSC value was low due to the automatic delineation being too
small. We evaluated the absolute difference of the dosimetric
metrics for both plans. Geometric changes on synthetic CT have
a greater impact on the cardiac dose difference in left breast
cancer, and special attention needs to be paid to assess the
cardiac dose for left breast cancer. DV95, DD95, and DD90 could
be used as evaluation indicators for whether to re-plan.

Additional limitations include the following: (1) Deformable
registration from planning CT to CBCT was performed because of
the different slice thicknesses and scanned areas between the two
images. Although deformable registration was used, it was difficult
to align the anatomical structure in CBCT with the same structure
in planning CT. The image quality of synthetic CT could be
degraded due to the registration errors, which affect the
delineation accuracy of the model to a certain extent. (2) DSC-
CTV was computed by rigid registration between synthetic CT and
planning CT. However, the limited registration accuracy could
cause certain dosimetric uncertainties in CTV. (3) The synthetic
CT was generated from any day’s CBCT, not entire treatment
course. The anatomical changes and dosimetric difference were not
evaluated during entire treatment delivery course.

The ranges of clinically acceptable ratio for CTV delineation are
between 70% and 83% among the different groups, showing no
common objective evaluation of the delineation. Variability exists
between observer groups, demonstrating that the difference between
automatic and manual delineation depends not only on contouring
routines and guidelines, but also on personal preference. In the
future, we hope to develop a universal model that can not only meet
the quality requirements of multiple clinical institutions, but also
adapt to the personal preferences of each observer. The
automatically generated contours could be carefully reviewed by
the radiation oncologist and used for treatment planning.
CONCLUSION

This study demonstrated that the developed approaches are
capable of reliably generating target and OAR contours on
pCT and daily sCT images from CBCT images, which could
greatly accelerate the re-planning process and meet the
requirements of online plan adaptation. The automatic
delineation model performed sufficiently well for most patients.
The geometric and dosimetric differences between pCT and sCT
Frontiers in Oncology | www.frontiersin.org 8144
images in fractional radiotherapy need to be evaluated due to the
high clinical significance for breast cancer adaptive radiotherapy.
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Purpose: In the present study, we aimed to evaluate the expression of programmed
death-ligand 1 (PD-L1) in patients with non-small cell lung cancer (NSCLC) by radiomic
features of 18F-FDG PET/CT and clinicopathological characteristics.

Methods: A total 255 NSCLC patients (training cohort: n = 170; validation cohort: n = 85)
were retrospectively enrolled in the present study. A total of 80 radiomic features were
extracted from pretreatment 18F-FDG PET/CT images. Clinicopathologic features were
compared between the two cohorts. The least absolute shrinkage and selection operator
(LASSO) regression was used to select the most useful prognostic features in the training
cohort. Radiomics signature and clinicopathologic risk factors were incorporated to
develop a prediction model by using multivariable logistic regression analysis. The
receiver operating characteristic (ROC) curve was used to assess the prognostic factors.

Results: A total of 80 radiomic features were extracted in the training dataset. In the
univariate analysis, the expression of PD-L1 in lung tumors was significantly correlated
with the radiomic signature, histologic type, Ki-67, SUVmax, MTV, and TLG (p< 0.05,
respectively). However, the expression of PD-L1 was not correlated with age, TNM stage,
and history of smoking (p> 0.05). Moreover, the prediction model for PD-L1 expression
level over 1% and 50% that combined the radiomic signature and clinicopathologic
features resulted in an area under the curve (AUC) of 0.762 and 0.814, respectively.

Conclusions: A prediction model based on PET/CT images and clinicopathological
characteristics provided a novel strategy for clinicians to screen the NSCLC patients who
could benefit from the anti-PD-L1 immunotherapy.

Keywords: non-small cell lung cancer, PD-L1 immunotherapy, radiomics, 18F-FDG PET/CT, clinicopathological
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INTRODUCTION

Lung cancer is a malignant tumor with the highest morbidity and
mortality in the world, and its average 5-year survival rate is only
15% (1). Non-small cell lung cancer (NSCLC) accounts for 80%
~ 85% of all lung cancer cases (2). Early diagnosis and treatment
play a key role in improving the 5-year survival rate of lung
cancer. In recent years, with the further study of tumor immune
microenvironment, immunotherapy has developed rapidly,
attracted more and more oncologists’ attention, and become an
important research field of tumor therapy, including lung cancer
(3). The immunotherapy against programmed cell death protein
1 (programmed death-1, PD-1) and its ligand 1 (programmed
death ligand-1, PD-L1) has been used in NSCLC, and good
results have been achieved in patients, especially in individuals
with high expression of PD-L1 (4, 5).

At present, the expression of PD-L1 in clinical practice
is usually detected through the “gold standard” of
immunohistochemistry (IHC) (6, 7). It is difficult to obtain a
clear expression level of PD-L1 in high-quality tissue samples.
Moreover, small tissue samples, such as biopsies, may not be
representative of tumors because of the intratumor heterogeneity
(8). Some studies have demonstrated that PD-1/PD-L1 inhibitors
can benefit patients who have failed first-line chemotherapy
when the PD-L1 expression rate is higher than 1%. Moreover,
PD-1/PD-L1 inhibitors can even be used as a preferred treatment
for patients when the PD-L1 expression exceeds 50% (9).
Therefore, it is urgently necessary to find a new approach to
assess the expression level of PD-L1.

Radiomics is an emerging field with great development
potential, which was first proposed by Dutch scholar Lambin
in 2012 (10). In recent years, image omics has developed rapidly,
and optimistic results have been achieved in the diagnosis and
differential diagnosis of diseases, tumor staging and grading,
gene-phenotype prediction, treatment plan decision-making,
efficacy evaluation, and prognostic prediction (11–13). In
particular, it shows great superiority in lung tumors (14).
However, biopsies capture heterogeneity within only a small
portion of a tumor and usually at just a single anatomic site,
while radiomics captures heterogeneity across the entire tumor.

Combination of functional-metabolic and morphological
imaging and F18-fluorodeoxyglucose-positron emission
tomography/computed tomography (18F-FDG PET/CT) is the
most advanced non-invasive imaging technology at present,
which can reflect the glucose uptake level of tissues to a certain
extent. It has important application value in the diagnosis,
staging, curative effect, and prognostic evaluation of lung
cancer (15–17). Several studies have reported the role of
radiomics in various malignancies (18, 19). However, research
using radiomics based on 18F-FDG PET/CT in combination with
clinical risk factors for NSCLC is relatively limited.

In the present study, we aimed to develop a prediction model
that incorporated both the radiomic signature and
clinicopathologic risk factors for individual prediction of PD-
L1 expression in NSCLC patients. Our findings could be
helpful to identify the patients who could benefit from
the immunotherapy.
Frontiers in Oncology | www.frontiersin.org 2148
MATERIALS AND METHODS

Patients
A retrospective study consisting of NSCLC patients who
underwent a combined imaging protocol of 18F-FDG PET/CT
between January 2019 and March 2021 was conducted. Ethical
approval was obtained for this retrospective analysis, and the
informed consent requirement was waived. A total of 255
patients were randomly divided into the training (n = 170) and
validation (n = 85) cohorts following a ratio of 7:3 (20). Inclusion
criteria were as follows: (a) patients who underwent biopsy or
surgery of lung tumor; (b) patients with IHC examination of
PD-L1 performed; (c) histological type and grade were
pathologically proven; and (d) standard 18F-FDG PET/CT
was performed before biopsy or surgery. Exclusion criteria
were as follows: (a) therapy (radiotherapy, chemotherapy, or
chemoradiotherapy) was performed before 18F-FDG PET/CT
and IHC; (b) patients with unknown histological grade; (c) the
size of the primary lesion was too small for segmentation; and (d)
patients with other types of cancers or with incomplete clinical
and imaging datasets.

Detection of PD-L1 Expression
The biopsy and surgery specimens of lung tumors through
hematoxylin-eosin (H&E) staining were pathologically
examined to confirm the histologic type and grade under the
microscope. Furthermore, the expression of PD-L1 was
determined through the IHC assay in our study. PD-L1 test kit
(22C3 pharmDx) was obtained from the Dako company. The
back-to-back interpretation of PD-L1 expression was performed
by pathologists, and further reanalysis would be implemented
when there was an inconsistency compared with previous results.
The data of patients were divided with a PD-L1 cutoff value of 1%
and 50%.

PET/CT Image Acquisition
and Reconstruction
Patients were recommended to fast for at least 4 h before the
FDG-PET/CT scan (4.07-5.55 MBq/kg). Blood glucose levels
were maintained at less than 11 mmol/L. A whole-body scan was
acquired at 60 ± 10 min after intravenous injection of 18F-FDG
using an integrated PET/CT scanner (Discovery STE; General
Electric Medical Systems, Milwaukee WI, USA). First, low-dose
CT images were performed, with parameters as follows: 140 kV,
120 mA, transaxial field of view (FOV) of 70 cm, pitch of 1.75,
rotation time of 0.8 s, and slice thickness of 3.75 mm, followed by
PET images, with 2-3 min per bed position and 7-8 bed positions
per patient.

Feature Segmentation and Extraction
Tumor segmentation was performed to select primary lesions of
NSCLC cases after image acquisition. Figure 1 shows the
workflow of radiomics analysis in this study. PET and CT
images of the DICOM format were transferred to LIFEx
freeware and automatically fused by the freeware. The LIFEx
freeware was used to do quantitative PET/CT analyses (v7.0.0
https://www.lifexsoft.org/) (21). Two experienced nuclear
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medicine physicians manually segmented the three-dimensional
volume of interest (VOI) on each slice, and a threshold of 41% of
the maximum standardized uptake value (SUVmax) was used to
define VOI, including metabolic tumor volume (MTV) and total
focal glycolysis (TLG) of lesions. TLG is the MTV multiplied by
the mean SUV of the tumor. The voxel size for spatial resampling
was 2 × 2 × 2 mm. For CT data, intensity discretization was done
with 400 gray levels and absolute scale boundaries between
-1,000 and 3,000 HU, whereas for PET data, it was done with
64 bins between 0 and 20. The intraclass correlation coefficient
(ICC) was used to determine the repeatability/reproducibility of
features in our research, and ICC >0.75 was selected.
Subsequently, the least absolute shrinkage and selection
Frontiers in Oncology | www.frontiersin.org 3149
operator (LASSO) COX regression model was used to select
the most useful prognostic features with 10-fold cross-validation
for selecting the parameter Lambda in the training cohort
(Figure 2) (22, 23).

Prediction Model
Univariable logistic regression analysis began with the following
clinical candidate predictors: age, gender, tumor location,
histology type and grade, CEA level, smoking history, Ki-67.
The radiomic signature and clinicopathologic risk factors with
statistically significant differences were incorporated to develop a
prediction model by using multivariable logistic regression
analysis in a training cohort consisting of 170 consecutive
December 2021 | Volume 11 | Article 789014
FIGURE 1 | Workflow of the radiomic analysis. A 58-year-old man underwent 18F-FDG PET/CT for staging workup of NSCLC patients with a SUVmax of 11.4. The
VOI of the lesion was manually delineated, and 41% of SUVmax was applied as a threshold to optimize the VOI.
A B

C D

FIGURE 2 | We used two feature selection methods, maximum relevancy and minimum redundancy (MRMR) and the LASSO to select the radiomic feature of CT
and PET. At first, MRMR was performed to eliminate the redundant and irrelevant features. Then LASSO was conducted to choose the optimized subset of features
to construct the final model. (A, C) Tuning parameter Lambda (l) selection in the LASSO model used 10-fold cross-validation via minimum criteria. (B, D) LASSO
coefficient profiles of the retained features. A vertical line was drawn at the value selected using 10-fold cross-validation.
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patients, and the receiver operating characteristic (ROC) curve
and the corresponding area under the curve (AUC) were
reckoned for the prediction model in the training cohort and
validation cohort, respectively.

Statistical Analysis
All statistical analyses were operated with SPSS software version
26.0 (SPSS Inc., Chicago, IL, USA) and python 3.8.0 (https://
www.python.org). The differences in patients’ characteristics
between the training and validation cohorts were compared
using the Chi-square test. The spearman rank-order
correlation was calculated to analyze the relevance between the
expression of PD-L1 and selected features. AUC of the ROC was
calculated to evaluate the performance of our prediction model.
A p < 0.05 was considered statistically significant.
RESULTS

Patients’ Characteristics
Table 1 summarizes the clinical characteristics of patients in the
training and validation cohorts. A total of 255 patients were
enrolled in this study. Among the patients selected, 188 cases
(73.7%) were adenocarcinoma, and 67 (26.3%) were squamous
cell carcinoma. We demonstrated that several clinicopathologic
characteristics might be associated with the expression of PD-L1.
Of these patients, there were not any statistically significant
differences in the clinical characteristics between the training
and validation cohorts (Table 1). In our univariate analysis, the
expression of PD-L1 was significantly correlated with gender,
histologic type, tumor location, and Ki-67 (p< 0.05, respectively).
However, it was not correlated with age, TNM stage, and history
of smoking (p> 0.05, respectively) (Table 2). Based on the ROC
analysis, the optimal cutoff values of SUVmax, MTV, and TLG for
the PD-L1 1% group were 5.21, 123.94, and 216.62, respectively.
Moreover, the optimal cutoff values of SUVmax, MTV, and TLG
Frontiers in Oncology | www.frontiersin.org 4150
for the PD-L1 50% group were 6.82, 137.57, and 191.68,
respectively (Figure 3).

Feature Selection in the Training Cohort
A total of 80 radiomic features were extracted in the training dataset
(Table 3). For the prediction of PD-L1 expression level over 1%, 18
features considered valuable for predicting the PD-L1 expression
were extracted, including six features from the CT dataset and 12
features from the PET dataset. For the prediction of PD-L1
expression level over 50%, seven features considered valuable for
predicting the PD-L1 expression were extracted, including four
features from the CT dataset and three features from the PET
dataset. The ICC of the radiomic features was all above 0.75.

Diagnostic Validation of Radiomic
Signature and Clinical Features
The model evaluation was conducted in the testing cohort.
Figure 4 shows the AUCs of ROC for the three models (CT,
PET, and the combined model) in predicting the PD-L1
expression ≥ 1% and 50%. The AUC scores for predicting the
PD-L1 expression over 1% were 0.655 (95% confidence interval
[CI]: 0.593-0.713) and 0.728 (95% CI: 0.699-0.782) for features
derived from CT and PET only, respectively, and it became 0.754
(95% CI: 0.696-0.805) for combined features. For the prediction
of PD-L1 expression over 50%, the AUC scores were 0.661 (95%
CI: 0.599-0.719), 0.745 (95% CI: 0.687-0.797), and 0.762 (95%
CI: 0.705-0.813) for features derived from CT, PET, and
combined model, respectively. Figure 5 shows the AUCs of
ROC for the three models (radiomics, clinics, and the combined
model) in predicting PD-L1 expression ≥ 1% and 50%. Using
LIFEx, the region of interest (ROI) was initially identified around
the tumor outline on the CT and PET images (Figure 6).

For the prediction of PD-L1 expression over 1%, the AUC
scores were 0.754 (95% CI: 0.696-0.805), 0.636 (95% CI: 0.574-
0.695), and 0.757 (95% CI: 0.699-0.808) for features derived from
radiomics, clinics, and combined model, respectively. For the
TABLE 1 | Characteristics of the training and validation cohorts.

Characteristics Total (n = 255) Training (n = 170) Validation (n = 85) t/c2 p

Sex 0.009 0.925
Male 170 113 57
Female 85 57 28

Age, median ± SD, years 64.22 ± 9.51 64 ± 9.07 64.66 ± 10.37 -.0659 0.603
Tumor location 0.133 0.715
Left lung 97 66 31
Right lung 158 104 54

Histologic type, No. (%) 0.04 0.841
Squamous cell carcinoma 67 44 23
Adenocarcinoma 188 126 62
TNM stage, No. (%) 2.758 0.097
I-II 194 124 70
III- IV 61 46 15

Smoking history 0.314 0.575
Smoker 168 110 58
Never 87 60 27

Ki67
<20% 68 39 29 3.62 0.057
≥20% 187 131 56
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A

B

FIGURE 3 | ROC curve for the determination of the most discriminative cutoff points for SUVmax, MTV, and TLG in primary tumors. The optimal cutoff values of
SUVmax, MTV, and TLG for the PD-L1 1% group (A) were 5.21, 123.94, and 216.62, respectively. The optimal cutoff values of SUVmax, MTV, and TLG for the PD-
L1 50% group (B) were 6.82, 137.57, and 191.68, respectively.
TABLE 2 | Characteristics of NSCLC patients with different PD-L1 expression levels.

Characteristics PD-L1 < 1%(n = 101) PD-L1≥1% (n = 154) t/c2 p PD-L1 < 50% (n = 186) PD-L1≥50% (n = 69) t/c2 p

Sex 3.967 0.046* 7.242 0.001*
Male 60 110 115 55
Female 41 44 71 14

Age, median ± SD, years 63.26 ± 9.46 64.85 ± 9.52 64.15 ± 9.44 64.41 ± 9.75 -0.255 0.849
Tumor location 2.867 0.09 7.996 0.005*
Left lung 32 65 66 38
Right lung 69 89 120 31

Histologic type, No. (%) 6.169 0.013* 4.842 0.028*
Squamous cell carcinoma 18 49 42 25
Adenocarcinoma 83 105 144 44

TNM stage, No. (%) 27.617 0.000* 2.634 0.105
I-II 86 82 128 40
III- IV 15 72 58 29

Smoking history 5.321 0.021* 1.108 0.292
Smoker 58 110 119 49
Never 43 44 67 20

Ki67 11.721 0.001* 5.564 0.018*
<20% 41 32 57 11
≥20% 60 122 129 58

SUVmax 30.304 0.000* 29.694 0.000*
High 58 135 105 64
Low 43 19 81 5

MTV 10.924 0.001* 9.998 0.002*
High 37 89 72 42
Low 64 65 114 27

TLG 17.149 0.001* 20.118 0.000*
High 41 103 93 56
Low 60 51 93 13
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prediction of PD-L1 expression over 50%, the AUC scores were
0.762 (95% CI: 0.705-0.813), 0.672 (95% CI: 0.611-0.730), and
0.814 (95% CI: 0.761-0.860) for features derived from radiomics,
clinics, and combined model, respectively.
DISCUSSION

Our present study demonstrated that 18F-FDG PET/CT radiomic
signature was useful for assessing the expression rate of PD-L1
through radiomic features in NSCLC patients. Radiomic
Frontiers in Oncology | www.frontiersin.org 6152
signature successfully stratified patients according to the PD-
L1 expression rate threshold of 1% and 50%. The combination of
the radiomic signature and clinicopathologic risk factors
presented a better diagnostic efficacy compared with the simple
radiomic signature or clinical feature model.

Studies have shown that PD-L1 is highly expressed on the
surface of a variety of tumor cells (including lung cancer) (24–
27). PD-1/PD-L1 inhibitors can exert the immune effect of T
cells against tumors in a variety of ways and inhibit tumor
development. More and more clinical evidence supports the effect
of PD1/PD-L1 inhibitors in the treatment of lung cancer (28).
A B

FIGURE 4 | Classifiers’ performance on predicting the expression status of PD-L1 based on three models (CT, PET, and the combined model). Classifiers’
performance on predicting 1% level of PD-L1 (A). Classifiers’ performance on predicting 50% level of PD-L1 (B).
TABLE 3 | Radiomic parameters.

Conventional textural features First-order textural features

SUVmin
SUVmean
SUVstd
SUVmax
SUVpeak*
TLG*

HISTO_Skewness
HISTO_Kurtosis
HISTO_Entropy_log10
HISTO_Entropy_log2
HISTO_Energy
SHAPE_Sphericity
SHAPE_Compacity
SHAPE_Volume (mL)
SHAPE_Volume(vx)

Higher-order textural features
GLZLM GLRLM
GLZLM_SZE (Short-Zone Emphasis)
GLZLM_LZE (Long-Zone Emphasis)
GLZLM_LGZE (Low Gray-level Zone Emphasis)
GLZLM_HGZE (High Gray-level Zone Emphasis)
GLZLM_SZLGE (Short-Zone Low Gray-level Emphasis)
GLZLM_SZHGE (Short-Zone High Gray-level Emphasis)
GLZLM_LZLGE (Long-Zone Low Gray-level Emphasis)
GLZLM_LZHGE (Long-Zone High Gray-level Emphasis)
GLZLM_GLNU (Gray-Level Non-Uniformity for zone)
GLZLM_ZLNU (Zone Length Non-Uniformity)
GLZLM_ZP (Zone Percentage)

GLRLM_SRE (Short-Run Emphasis)
GLRLM_LRE (Long-Run Emphasis)
GLRLM_LGRE (Low Gray-level Run Emphasis)
GLRLM_HGRE (High Gray-level Run Emphasis)
GLRLM_SRLGE (Short-Run Low Gray-level Emphasis)
GLRLM_SRHGE (Short-Run High Gray-level Emphasis)
GLRLM_LRLGE (Long-Run Low Gray-level Emphasis)
GLRLM_LRHGE (Long-Run High Gray-level Emphasis)
GLRLM_GLNU (Gray-Level Non-Uniformity for run)
GLRLM_RLNU (Run Length Non-Uniformity)
GLRLM_RP (Run Percentage)

GLCM NGLDM
GLCM_Homogeneity
GLCM_Energy
GLCM_Contrast
GLCM_Correlation
GLCM_Entropy_log10
GLCM_Entropy_log2
GLCM_Dissimilarity

NGLDM_Coarseness
NGLDM_Contrast
NGLDM_Busyness
*Calculated only for PET.
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Varying degrees of survival benefit and delay of disease
progression in patients with lung adenocarcinoma can be
achieved no matter PD-1/PD-L1 inhibitors are used alone or in
combination with chemotherapy and molecular targeted therapy.
At present, IHC is the main method utilized in detecting the
PD-L1 expression rate. Several preclinical PET studies have also
demonstrated non-invasive imaging of PD-L1 expression in
tumors (29, 30).

At present, radiomics has been widely used in lung cancer
patients, while it is rarely used to predict the expression of PD-L1
in NSCLC based on PET/CT images and clinicopathologic risk.
Cancer cells within the same tumor are now recognized to be
diverse in many ways. Many cell features, such as shape or
phenotypic expression, display of inherent or acquired treatment
resistance, and ability to initiate new tumor development, show
heterogeneity. Intratumor heterogeneity is an important factor in
determining tumor treatment response and patient prognosis
(31). The blood perfusion, hypoxia, cell proliferation, necrosis,
and other factors within the tumor cause significant internal
biological differences (32). Because it gives an observer-
independent measurement, SUVmax is a widely used
parameter. MTV and TLG have been developed to measure
the metabolic activity of the entire tumor mass. These
parameters are designed to measure the overall changes in
tumor glycolysis. Preliminary research has found that
compared with SUVmax and SUVmean,

18F-FDG PET/CT image
Frontiers in Oncology | www.frontiersin.org 7153
texture analysis can capture heterogeneity across the entire
tumor and provide more valuable information in the diagnosis,
staging, curative effect prediction, and prognosis of NSCLC (33).
Preoperative SUVmax is correlated with PD-L1 expression in
NSCLC patients. In the univariate analysis, the expression of PD-
L1 in lung tumors was significantly correlated with SUVmax,
MTV, and TLG (p< 0.05). The features extracted from CT
performed better than those of PET in assessing the expression
status of PD-L1 both in the PD-L1 1% and 50% groups. The
reason was attributed to that the density resolution of the PET
image was not so good as the CT image, which could have a great
effect on extracting and selecting the meaningful radiomic
features. When combined with CT features, the model showed
improvement in distinguishing the PD-L1 expression level
between in the PD-L1 1% and 50% groups. A recent study has
assessed the expression of PD-L1 by radiomic features from PET/
CT images in NSCLC patients, showing that radiomic signatures
of PD-L1 expression over 1% and 50% reach an AUC score of
0.85 and 0.880, respectively (34). However, they do not combine
radiomic features with clinical risk factors in the prediction
model. Sun et al. have assessed the expression of PD-L1 in
tumor cells in NSCLC patients by using a radiomic study based
on CT images and clinicopathologic features, and the score of
AUC is 0.848 (35), which is consistent with our results. Another
study has investigated the association between PD-L1 expression
and textural features of PET images in 53 patients with
A B

FIGURE 5 | Classifiers’ performance on predicting the expression status of PD-L1 based on three models (radiomics, clinics, and the combined model). Classifiers’
performance on predicting 1% level of PD-L1 (A). Classifiers’ performance on predicting 50% level of PD-L1 (B).
FIGURE 6 | An example of segmentation coronary image, sagittal image, and transaxial images of CT (A) and PET (B) showing an example of VOI for measuring
imaging features of NSCLC.
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oropharyngeal or hypopharyngeal cancer, while the sample
number is too small, and the constructed prediction model of
PD-L1 expression by the radiomics cannot be robust (36). A
study has shown that PD-L1 is more common in patients with
the following clinical characteristics: larger tumor size, more
positive lymph node involvement, greater historically tumor
grade, and higher Ki-67 index (37). Another study has pointed
out that positive Ki-67 expression is strongly associated with
positive PD-L1 expression (38), which is consistent with our
results. In the present study, we classified NSCLC patients
according to their PD-L1 expression levels and found that PD-
L1 expression levels were associated with differences in gender,
pathological type, and Ki-67 levels of patients. Wu et al. have
found that the expression of PD-L1 is significantly associated
with the advanced N stage but not with T and M stages (39).
Subsequently, we incorporated the radiomic signature and
clinicopathological factors into a combined model, which
presented a better diagnostic efficacy (AUC=0.814) compared
with the simple radiomic signature or clinical feature model both
in the PD-L1 1% and 50% groups. In our present study, we found
that for the prediction of PD-L1 expression over 1% and 50%, the
AUC scores were 0.757 and 0.814 for features derived from the
combined model, respectively. Our findings were consistent with
the previous studies, indicating that PET radiomic features were
useful to screen the NSCLC patients who could benefit from the
anti-PD-L1 immunotherapy. However, only very few studies
have investigated the sensitivity and specificity of PD-L1 in
NSCLC patients. Many sources may cause these differences,
such as small sample size, image segmentation, acquisition and
reconstruction parameters, and feature extraction software.
Further investigations in a larger cohort population are
required to validate our conclusions.

Repeatability is a basic requirement in radiomic analysis (40,
41). In the present study, all 18F-FDG PET/CT images were
realized in the same center using the same acquisition and
reconstruction protocols . To reduce the impact of
discretization values on robustness, a reliable discretization
using a fixed size of bins was adopted (42, 43).

The present study has several limitations. First, this was a
single-center retrospective study, and the sample size was
small. This indicated that the variability among image
characteristics from various localities was not completely
captured, and potential selection bias might exist. Therefore,
our results need to be confirmed by studies with larger sample
sizes. Second, the expression of PD-L1 in the tumor had
inherent instability in individual patients. Third, manual
Frontiers in Oncology | www.frontiersin.org 8154
drawing ROI and manual image segmentation were adopted,
which had poor reproducibil i ty and high technical
requirements for operators.
CONCLUSIONS

In the present study, we established a prediction model based on
PET/CT images and clinicopathological characteristics to predict
the expression of PD-L1 in NSCLC patients and provided a novel
strategy for clinicians to screen the patients who could benefit
from anti-PD-L1 immunotherapy.
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Objectives: The beam output of a double scattering proton system varies for each
combination of beam option, range, and modulation and therefore is difficult to be
accurately modeled by the treatment planning system (TPS). This study aims to design
an empirical method using the analytical and machine learning (ML) models to estimate
proton output in a double scattering proton system.

Materials and Methods: Three analytical models using polynomial, linear, and
logarithm–polynomial equations were generated on a training dataset consisting of
1,544 clinical measurements to estimate proton output for each option. Meanwhile,
three ML models using Gaussian process regression (GPR) with exponential kernel,
squared exponential kernel, and rational quadratic kernel were also created for all options
combined. The accuracy of each model was validated against 241 additional clinical
measurements as the testing dataset. Two most robust models were selected, and the
minimum number of samples needed for either model to achieve sufficient accuracy ( ±
3%) was determined by evaluating the mean average percentage error (MAPE) with
increasing sample number. The differences between the estimated outputs using the two
models were also compared for 1,000 proton beams with a randomly generated range,
and modulation for each option.

Results: The polynomial model and the ML GPR model with exponential kernel yielded
the most accurate estimations with less than 3% deviation from the measured outputs. At
least 20 samples of each option were needed to build the polynomial model with less than
1% MAPE, whereas at least a total of 400 samples were needed for all beam options to
build the ML GPR model with exponential kernel to achieve comparable accuracy. The
two independent models agreed with less than 2% deviation using the testing dataset.
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Conclusion: The polynomial model and the ML GPR model with exponential kernel were
built for proton output estimation with less than 3% deviations from the measurements.
They can be used as an independent output prediction tool for a double scattering proton
beam and a secondary output check tool for a cross check between themselves.
Keywords: output model, analytical model, machine learning, Gaussian process regression, double scattering
proton system
INTRODUCTION

Proton therapy is rapidly becoming one of the primary cancer
treatment modalities in the recent decade. The utilization of the
Bragg peak plays a pivotal role in delivering the prescription dose
to the target, while sparing the normal tissues by stopping the
proton beam at the distal end of the target (1–4). In order to
cover the entire target with a desired dose, the pristine Bragg
peak has to be modulated to the spread-out Bragg peak (SOBP)
in terms of target size and depth (5–7). Due to the complexity of
proton beamline to form various SOBPs in a double scattering
proton machine, it is hard to model the output accurately.
Therefore, most proton centers with a double scattering beam
system have to measure the output of patient-specific proton
beams in a water phantom to determine the required machine
output, mostly in terms of monitor unit (MU).

In order to obtain the output of a proton beam conveniently
and verify the output measurement, Kooy et al. proposed a semi-
empirical analytical method to estimate the output as a function
of r = (R - M)/M, where R and M denote the beam range and
modulation, respectively (8, 9). This formula implements a basic
model as a function of r and also corrects for the effective source
position based on the inverse square law. However, this model
was sensitive to the definition of range and modulation (10). A
variation of 18% in output was observed at beam data with small
modulation (10, 11). Therefore, Lin et al. proposed a
parameterized linear quadratic model which defined r with a
limited length of modulation (11). With this correction, the
relative errors of predicted outputs compared to measured values
were less than 3%. Besides, the basic model of output in Kooy’s
method was also fitted by the fourth-order Taylor polynomial
multiplied by a range-related factor, which was close to unity
(12). In terms of a comparison between Kooy’s original method
and the Taylor series approach, the predicted values from the
Taylor series approach were closer to the measurements. Sahoo
et al. comprehensively analyzed the determination of output
from the proton machine beamline, where the relative output
factor, SOBP factor, and range shifter factor were the primary
factors to determine the output (13). The result also showed a
good agreement to the measurement within 2% for 99% of those
fields. However, this method required a large amount of
measurements to verify the conversion from the SOBP factor
and range shifter factor to the output, which was time-
consuming and complicated. Machine learning (ML) models
have also been used in output prediction (14). Sun et al.
compared the accuracy of output from machine learning and
2158
Kooy’s method (10). Up to 7.7% of relative error from Kooy’s
method was reduced to 3.17% by machine learning.

We propose three analytical models and three machine
learning algorithms for output estimation. The analytical
models include a polynomial fitting model, a linear fitting
model, and a logarithm–polynomial fitting model, all with
different equations for different options. The machine learning
algorithms utilize the Gaussian process regression (GPR) model
with different kernels to test the accuracy of output estimations,
with one single model for all options. The definition of R and M
is consistent with the machine vendor’s definition, and the data
are from our clinical beam measurement. The comparison
between predicted and measured outputs was performed. In
addition, the minimum number of beam data measurements
needed for building a robust model is discussed, which can
provide some insights for clinical implementation.
MATERIALS AND METHODS

Introduction of the Proton Machine
Mevion (Mevion Medical Systems, Inc., Littleton, MA) S250
utilizes a double scatter system to broaden the pencil beam and
creates a uniform dose distribution with a beam shaping system.
The beam shaping system includes primary and secondary
scatters, one absorber, and one range modulator, which spread
out the Bragg peak. There are two types of nozzles on the inner
gantry, a large applicator (maximum 25 cm in diameter) and a
small applicator (maximum 14 cm in diameter), respectively. A
brass aperture mounted on the applicator shapes the proton
beam to cover the target. A compensator mounted at the end of
the applicator modulates the distal end of the proton beam.
There are 24 options with different beam ranges, beam
modulations, and field sizes, as listed in Table 1. The first 12
options are large options to be used with the large applicator. The
other 12 options are deep/small options to be used with the
small applicator.
Output Measurement
Due to the complexity of the proton beamline in a double
scattering system, the Varian Eclipse treatment planning
system (TPS) (Varian Medical Systems, Palo Alto, CA) does
not provide MU directly for a proton beam. Instead, the output
has to be determined manually for each clinical proton beam.
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To determine the MU for a clinical proton beam, a
verification plan was generated by copying the original clinical
proton beam to a water phantom with the same proton energy
fluence. Regardless of the setup in the original clinical plan, a
consistent setup with SSD = 190 cm was used in the verification
plan. The compensator in the original clinical plan was removed
in the verification plan to reduce measurement uncertainty. A
reference point was added to determine the dose at the mid-
SOBP of the beam, and the output measurements were
conducted in the water phantom at the mid-SOBP of the same
proton beam with a Farmer chamber (IBA Dosimetry America
Inc., Memphis, TN) at SSD = 190 cm. Attention was paid to the
in-plane location of the reference point to ensure lateral charge
particle equilibrium for accurate dose prediction. Sun et al. and
Sahoo et al. demonstrated that the field size effect is negligible
with a field opening of at least 5-cm diameter (10, 13). If the
verification point was blocked, it was shifted. The same setup was
then applied in a water phantom for absolute dose measurement.
The absolute point dose at the verification point of 100 MU was
measured following the IAEA TRS398 protocol (15). The output
was essentially d/MU, where d was the absolute point dose
measured, and MU was 100. Given the outputs were the same
for both clinical beam and verification beam, the MU of the
patient-specific beam would be calculated by taking the ratio of
the verification point dose from TPS to the measured output.

Analytical Model-Based Output Estimation
In order to validate and verify and eventually replace the manual
measurement, output models were built based on previous
measurements. Analytical models using an empirical formula
to convert from range/modulation to output were built for each
Frontiers in Oncology | www.frontiersin.org 3159
option, based on 1,785 proton clinical field measurements. 1,544
clinical proton fields from 2015 to 2019 were categorized as
training dataset and the rest (241 fields) as the testing dataset.
Three analytical models were employed to estimate the output
and compared to the measurement as reference. The specific
workflow of data modeling and accuracy verification is shown
in Figure 1.

Polynomial Fitting Model
The polynomial fitting model is an adaptation of Kooy’s
empirical formula. A simple demonstration is shown for better
understanding. In Kooy’s formula (9), output is a function of r =
(R - M)/M. According to the vendor definition, R is defined as
the depth at distal 90% of the normalized percent depth dose and
M is defined as the length between proximal 95% and the distal
90% of the normalized percent depth dose. The basic model of
Kooy’s formula is expressed in Ferguson et al. (12) as

d=MU(r(R,M))

=
CF � yc � Dc

100=(1 + a0ra1)
� ½s0 + s1(R − RL)�

� ESAD(r) − Dzp
ESAD(r) − Dzp − Dz

 !2

(1)

The first term of Eq. 1 is the basic output prediction; the
second term corrects the variation of output related to the virtual
source position; and the third term is inverse square related.

A polynomial equation of each option was fitted to replace the
basic model in Eq. 2 (12):
TABLE 1 | The statistics of all options.

Max range (cm) Min range (cm) Max modulation (cm) Training field Testing field

Option 1 25.0 22.6 20.0 55 8
Option 2 22.5 20.9 20.0 40 8
Option 3 20.8 18.8 20.0 76 20
Option 4 18.7 16.8 18.7 99 22
Option 5 16.7 14.9 16.7 68 18
Option 6 14.8 13.2 14.8 81 13
Option 7 13.1 11.5 13.1 90 20
Option 8 11.4 10.0 11.4 98 22
Option 9 9.9 8.6 9.9 90 19
Option 10 8.5 7.3 8.5 86 9
Option 11 7.2 6.1 7.2 45 3
Option 12 6.0 5.0 6.0 21 2
Option 13 32.0 29.6 10.0 3 0
Option 14 29.5 27.1 10.0 12 0
Option 15 27.0 24.6 10.0 37 8
Option 16 24.5 22.1 10.0 49 2
Option 17 22.0 20.1 10.0 7 1
Option 18 20.0 17.8 20.0 19 5
Option 19 17.7 15.4 17.7 52 6
Option 20 15.3 13.3 15.3 105 14
Option 21 13.2 11.2 13.2 173 11
Option 22 11.1 9.1 11.1 123 12
Option 23 9.0 7.0 9.0 65 9
Option 24 6.9 5.0 6.9 50 7
J
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d=MU(r(R,M))

= (p0 + p1r + p2r
2 + p3r

3 + p4r
4)� ½s2 + s3(R − RL)�

� ESAD(r) − Dzp
ESAD(r) − Dzp − Dz

 !2

(2)

where s2 and s3 are the option-specific fitting parameters.
In terms of the fitting data, Ferguson et al. listed the values of

s0 and s2 in different options and those are very close to unity
(12). s1 and s3 were found to be much less than s0 and s2;
therefore, the variation of second terms from unity could be
negligible. The third term is only to correct the measurement
position if the effective source is not located at the middle SOBP.

To simplify the calculation of output, we replaced the SAD
setup with the SSD setup in our method, in which Dz is always
zero and the third term equals unity.

Therefore, the equation of output estimation can be
approximated by a quadratic Taylor polynomial in Eq. 3.

d
MU= = a� r2 + b� r + c, (3)

where r = (R – M)/M, d/MU denotes the output and a, b, and c
are the fitting parameters.
Linear Fitting Model
The linear fitting model estimates output as the function of the
logarithm of R/M (Eq. 4). The rationale of choosing this model
was to space out data points clustered in the low R/M region, as
observed from the polynomial model. From the polynomial
fitting graph, it was observed that the output variations in the
low R/M region (full modulation) were larger, with a lot more
data points than the high R/M region (Figure 2). This finding is
consistent with what Sun et al. and Kim et al. reported (10, 16).
This model can be expressed as

log d
MU=

� �
= k� log R

M=
� �

+ b (4)
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where d/MU, R, and M are the variables, and k and b are the
fitting parameters.

Logarithm–Polynomial Fitting Model
The logarithm–polynomial fitting algorithm is an independent
model from the previous two models, since the variables in
previous models are both related to R/M. To build a model with a
different variable, while still keeping the model accurate, different
approaches were made and the most accurate one was selected.
In this model, the output is the function of logarithm(R)/
logarithm(M) in Eq. 5.

d
MU= = a 0 �r 02 +b� r 0 +c 0, (5)

where r′ = log(R)/log(M), and a′, b′, and c′ are the
fitting parameters.

Machine Learning-Based
Output Estimation
Different from analytical methods, machine learning (ML)
methods do not need to model option by option. Instead, they
use option number, beam range, and modulation to predict the
output. To test the efficacy and accuracy of ML modeling, three
ML GPR models with different kernels, including exponential
kernel, squared exponential kernel, and rational quadratic kernel,
were used for the output calculation (17). The model is shown in
Eq. 6.

y = h(x)b + f (x) (6)

where h(x) is a set of basic functions that transform the original
feature vector x into a new feature vector h(x), and f(x) models
the uncertainties from the system.

GPR is a non-parametric Bayesian approach toward
regression problems that can be utilized in exploration and
exploitation scenarios (17, 18). It predicts the output data by
incorporating prior knowledge and fit a function to the data. The
Gaussian process is a set of random variables, such that any finite
number of them has a joint Gaussian distribution. The mean
FIGURE 1 | Workflow of model fitting and testing for analytical/ML models.
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function of f(x) is 0, and the covariance function is k(x, x′), that
is, f(x)~GP(0, k(x, x′)).

The probability distribution of y is

P(yi f (xi), xi) ∼ N(yij jh(xi)Tb + f (xi),s
2) (7)

which can be written in matrix form as

P(y f ,X) ∼ N(yij jHb + f ,s 2I) (8)

where

X =

xT1

⋮

xTn

0
BB@

1
CCA, y =

y1

⋮

yn

0
BB@

1
CCA,H =

h(xT1 )

⋮

h(xTn )

0
BB@

1
CCA, f =

f (x1)

⋮

f (xn)

0
BB@

1
CCA (9)

Then,

P(f X) ∼ N(fj j0,K(X,X)) (10)

K is the covariance matrix

K =

k(x1, x1) ⋯ k(x1, xn)

⋮ ⋱ ⋮

k(xn, x1) ⋯ k(xn, xn)

0
BB@

1
CCA, (11)

where k is the kennel function.
The kernels play very significant roles in the regression

modeling and can map the features from the original values to
the featuring spaces by involving the latent variables. In this
model, three kernel functions were used, including exponential
kernel, squared exponential kernel, and rational quadratic kernel.

After the training process, 5-fold cross-validation was
performed to prevent overfitting. Then, the obtained models
were evaluated using the parameters from the testing sets.
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Robustness of Models Related to
Sampling Numbers
The robustness of output models could be impacted by the
number of data fed into the model. The evaluation of
minimum number of data necessary for a robust model was
conducted by comparing different model outputs with increasing
number of inputs. Models were built with different sampling
numbers, randomly selected from the original training dataset.
The sampling numbers ranged from 10 to the number of training
datasets. Each time a new model was generated, and the mean
average percentage error (MAPE) was calculated to evaluate the
differences between predicted outputs and the corresponding
measurements. The comparisons were performed per option for
polynomial models.
Difference Between Analytical and ML
Models
Analytical fitting models and ML models play independently in
output estimation, as can be seen in Figure 1. Although both
polynomial model and ML GPR model with exponential kernel
may be robust and accurate enough to be within clinical
tolerance, the predicted output from the two models can be
different. Also, a cross check of output is essential to verify the
accuracy and effectiveness of the two methods. To assess the
difference between the two models, 1,000 random points within
the range and modulation of each option were generated to
estimate output by using these two models, and the MAPE of
predicted outputs and the corresponding measurements for the
two models were calculated for each point. The estimated output
with different combinations of range and modulation were
compared between these two models and also to the
measured output.
A B C

FIGURE 2 | Model-based fitting curves for Option 5, including the polynomial fitting curve (A), the linear fitting curve (B), and the log-polynomial fitting curve (C). 3%
confidence level in red dashed line. Number of data points n = 68.
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RESULTS

The total clinical fields including training data and testing data
were categorized into 24 options (Table 1). In this table, Options
4, 6, 7, 8, 9, 10, 20, 21, and 22 were mostly used in clinic with
sample numbers larger than 80.
Accuracy Analysis of Output Estimation
A deviation of 3% was used as tolerance in clinical output
estimation. The analytical fitting curve of Option 5 is
presented as an example in Figure 2 to show the absolute
error of modeling output relative to the measured value. The
output is plotted as a function of R and M, with polynomial fit in
Figure 2A, linear fit in Figure 2B, and logarithm–polynomial fit
in Figure 2C. The red dashed line represents ±3% from the
predicted output. The blue scattered marks representing the real
measurements are all within ±3% of the predicted value in
Option 5, indicating accurate prediction for three models. The
coefficient of determination of each fitting curve is provided
on Figure 2.

The histograms of the relative deviation of all 24 options are
categorized in Figure 3. Compared to the other two analytical
models, the polynomial fitting model provided a better
agreement with measurement data, with all deviations within
±3%. In ML GPR models, the exponential kernel showed a more
accurate output estimation than the other two with less than ±2%
deviation from the measurement. The 5-fold cross-validation
results are shown in Figure 4, which showed a similar
performance as the training model. In addition, the testing
data were imported into analytical and ML GPR models to
verify the effectiveness and accuracy of output estimation
(Figure 5). It was observed that the polynomial fitting model
still provided a good output estimation within 3% deviation, and
all the ML models also exhibited deviation within ±3%. To
summarize, the polynomial model and ML GPR model with
exponential kernel showed the best performance among all 6
models, with less than ±3% deviation from all measurement data.
Minimum Number of Fields Needed for
Polynomial Model and ML GPR Model
With Exponential Kernel Model
The trend of MAPE of models compared to measurements is
shown in Figure 6. For the polynomial model, since it is specific
to each option, Option 9 and Option 22 were chosen as the
representatives of the polynomial model because of higher
sample numbers available, as shown in Figure 6A. The trend
of MAPE for the ML GPR model with the exponential kernel is
shown in Figure 6B, with data from all options. As observed in
this figure, the relative error in Options 9 and 22 both converged
to be around 1% or less once 20 data points were used for
building the polynomial model. For the ML GPR model with the
exponential kernel, the convergence of MAPE was reached at
around 400 data points, regardless of the option.
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Evaluation of Difference Between
Analytical Models and ML Models
Comparisons of output estimation between the polynomial
fitting model and the ML GPR model with the exponential
kernel for Options 8 and 22 are shown in Figure 7. MAPE for
1,000 randomly generated points between the two models are
shown with corresponding R and M. Measurement data are
marked as pink scattered points overlaid on the figure. It is
shown in Figure 7 that the two models agreed well in the regions
where there were measurement data, with MAPE less than 2%.
Considerable differences in the outputs were observed beyond
the measurement region. More intuitive figures are shown in
Figure 7B where the general trend of outputs splits in between
polynomial andMLmodels with the decrease of modulation, and
this split in 3D graphs illustrates the trend of difference between
the two models.
DISCUSSION

Patient-specific output estimation in a double scattering proton
machine has to rely on manual measurement, which can be a
labor-intensive and error-prone process, so it is valuable to build
models to second-check manual measurement, and the ultimate
goal of the study is to build an automatic output estimation and
MU determination process.

The output estimation derived from three analytical fitting
models and three ML GPR models with different kernels was
demonstrated and compared to the measurements. The
polynomial fitting model and ML GPR model with the
exponential kernel with the best performance were chosen. In
terms of the distribution in the histogram, the polynomial fitting
method provided the most accurate output estimation in
analytical methods and the ML GPR model with the
exponential kernel could provide more accurate output
prediction than the other two ML GPR models. Also, the
relative errors between the estimated and measured output for
the polynomial fitting model and ML GPR model with
exponential kernel were always within ±3% in both training
data and testing data. Therefore, it is proof that those two models
could be adopted as the output estimation models. Also, since
they are two independent models, it is suggested that they can be
used as second-check tools for clinical measurement, and also a
cross-check tool for each other.

Compared with other models reported in literature, our
models are more stable and accurate in output estimation. It
has been reported by Kooy et al. (8, 9) that there was a large
deviation between calculated and measured output in full range
and full modulation. Sun et al. (10) also reported an apparent
difference (>3%) even using their MLmodels. Comparatively, the
advantage of our polynomial model and the ML GPR model is
that the difference between the measured and calculated output is
within 3%, which satisfies the clinical requirement and is thereby
reliable for clinical use.
January 2022 | Volume 11 | Article 756503
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A B

D E F

C

FIGURE 3 | Histograms of percent difference between analytical/ML GPR models and measurements using training data.
A B C

FIGURE 4 | Histograms of percent difference between the ML GPR models and measurements using 5-fold cross-validation.
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The polynomial model is an expansion of Kooy’s empirical
formula using Taylor series. This approach is similar to the
equation developed by Ferguson et al. (12) but using a lower
order of polynomials, thus simplifying the equation. As shown in
the results, the performance of our quadratic polynomial model
is comparable to their quartic polynomial model, as both models
can achieve an accuracy of ±3%. The reason for the polynomial
model to outperform the logarithm–polynomial model is
probably because the variable of the polynomial model is r =
(R–M)/M, same as that in Kooy’s empirical model (8), which is a
theoretical equation derived from physical properties of proton
beam lines, while the variable of the logarithm–polynomial
model is r′ = log(R)/log(M). The result of better performance
of the polynomial model proves that the proton output is truly
related to R/M. The intention of building the linear model was to
space out data points clustered in the low R/M region, as
observed from the polynomial model, to avoid overfitting.
Frontiers in Oncology | www.frontiersin.org 8164
However, as the results show, the linear curve cannot simulate
the trend of training data, thus resulting in a larger deviation. As
a result, the other two analytical models cannot predict the
output with similar accuracy as the polynomial model.

The reason to choose the GPR model for the output
prediction is that the kernel functions can be used. Prior
knowledge and specifications about the shape of the model can
be added by selecting different kernel functions. Meanwhile, the
Gaussian process directly captures the model uncertainty. In this
way, the output model can be described as a distribution rather
than approximated values. The exponential kernel was based on
the assumption that the Euclidean distances between different
data points were Laplacian distributed. The squared exponential
kernel used another assumption that the Euclidean distances
were normally distributed. The rational quadratic kernel can be
seen as a scale mixture of squared exponential kernels with
different characteristic length-scales (17). In this paper, the
A B

D E F

C

FIGURE 5 | Histograms of percent difference between analytical/ML models and measurements using testing data.
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distributions of modulations and ranges were close to sparse, so
the Laplacian distribution might be a better option, resulting in
that the exponential kernel exhibited better performance.

The number of data needed for establishing a robust
polynomial model was estimated by the MAPE trend with
increasing data points. Options 9 and 22 were shown as an
example that the MAPE converged once the number of training
data increased to 20. This gives a simple guidance on the number
of data necessary to build an accurate polynomial model for an
option. Among all options, some of them were rarely used,
especially the deep options (option 13 with 3 beams, option 14
with 12 beams, option 15 with 37 beams, option 17 with 7 beams,
and option 18 with 19 beams). This is because clinically we tend
to plan the proton beam to penetrate through a shorter path if
possible, leading to lower usage of deep-ranged options. For
those options with fewer data points, a polynomial-based output
model would not be recommended. Instead, manual
measurement would be required, until enough data points
are accumulated.

For the ML GPR model with exponential kernel, convergence
of MAPE to 1% was observed after the input of 400 fields. This
needs to be clarified that when building the ML models, range
and modulation as well as the option number were inputs to the
model. Sun et al. also estimated the minimum number of fields
needed for the ML cubist model (10). In their study, the mean
absolute error converged to 0.7% after 1,200 data points. Their
learning curves also showed a mean absolute error around 1% at
400 samples. Since the ML model does not discriminate different
options, and some options may have fewer data samples than
others, validation of accuracy of the model in all options is
needed before clinic implementation.

The polynomial fitting model and ML method could be used
as independent secondary check, and eventually the primary
output estimation, replacing measurements. This requires the
Frontiers in Oncology | www.frontiersin.org 9165
assessment of the agreement between two models. From
Figure 7, the MAPE between two models was less than 2% if
the data points lay within the region where there existed
measurement data. Beyond this region (e.g., M = 2–6 cm in
Option 4), the two models showed obvious different trends with
increasing differences, which indicated that the user must
evaluate the accuracy of output prediction with extra
measurements; otherwise, the model cannot be used beyond
the region with real measurements. It is suggested that the
models should only be trusted to replace measurements with
judgment that the beamline (R and M) falls within the region
with enough measurement data.

Even though the polynomial fitting model and ML GPR
model with the exponential kernel proved their feasibility for
output estimation, it is still essential to pay attention to MU
determination, as not only is the MU related to output but also its
accuracy is related to the verification point dose. The accurate
selection of the verification point is pivotal in MU determination.
It is recommended to perform a sanity check on the MU of a
clinical plan. A simple sanity check is to compare calculated MU
to the prescription dose multiplied by the field weighting. The
rationale of this sanity check is because the output is always close
to 1. Future work includes automatic MU determination with
Eclipse Scripting, to help get rid of the uncertainty of manual
selection of verification points. Nevertheless, whether the output
is measured or modeled, the MU must be verified prior to
clinical treatment.
CONCLUSIONS

MU determination including output measurement is one of the
most time-consuming and complicated works in patient QA for
double-scattering proton machines. Compared with the output
A B

FIGURE 6 | Mean average percentage error (MAPE) of polynomial model (A) and ML exponential kernel model (B) with the increase in fitting data.
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measurement, analytical fitting models or ML models are more
efficient to provide output estimation. Out of the six models
presented in this paper, the polynomial model and ML GPR
model with the exponential kernel both show accurate
estimation, and the accuracy meets the clinical requirement
(within ±3%). The minimum number of data needed to build a
robust model is provided, although it is suggested that the
validation of accuracy of the model is needed before clinical
implementation. These independent output estimations can
serve as second-check tools for measurements and have
potential to replace the measurement as part of the standard
MU determination procedure. The models exhibit robustness
within the region where there exist measurement data, and the
accuracy beyond the region with real measurements must be
evaluated with extra measurements.
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Cancer and Lung Cancer
Chanon Puttanawarut1,2*, Nat Sirirutbunkajorn3, Narisara Tawong3,
Chuleeporn Jiarpinitnun3, Suphalak Khachonkham3, Poompis Pattaranutaporn3

and Yodchanan Wongsawat2*

1 Chakri Naruebodindra Medical Institute, Faculty of Medicine Ramathibodi Hospital, Mahidol University, Samut Prakan,
Thailand, 2 Brain-Computer Interface Laboratory, Department of Biomedical Engineering, Faculty of Engineering, Mahidol
University, Nakhorn Pathom, Thailand, 3 Department of Diagnostic and Therapeutic Radiology, Faculty of Medicine,
Ramathibodi Hospital, Mahidol University, Bangkok, Thailand

Purpose: The aim was to investigate the advantages of dosiomic and radiomic features
over traditional dose-volume histogram (DVH) features for predicting the development of
radiation pneumonitis (RP), to validate the generalizability of dosiomic and radiomic
features by using features selected from an esophageal cancer dataset and to use
these features with a lung cancer dataset.

Materials and Methods: A dataset containing 101 patients with esophageal cancer and
93 patients with lung cancer was included in this study. DVH and dosiomic features were
extracted from 3D dose distributions. Radiomic features were extracted from
pretreatment CT images. Feature selection was performed using only the esophageal
cancer dataset. Four predictive models for RP (DVH, dosiomic, radiomic and dosiomic +
radiomic models) were compared on the esophageal cancer dataset. We further used a
lung cancer dataset for the external validation of the selected dosiomic and radiomic
features from the esophageal cancer dataset. The performance of the predictive models
was evaluated by the area under the curve (AUC) of the receiver operating characteristic
curve (ROCAUC) and the AUC of the precision recall curve (PRAUC) metrics.

Result: The ROCAUCs and PRAUCs of the DVH, dosiomic, radiomic and dosiomic +
radiomic models on esophageal cancer dataset were 0.67 ± 0.11 and 0.75 ± 0.10, 0.71 ±
0.10 and 0.77 ± 0.09, 0.71 ± 0.11 and 0.79 ± 0.09, and 0.75 ± 0.10 and 0.81 ± 0.09,
respectively. The predictive performance of the dosiomic- and radiomic-based models
was significantly higher than that of the DVH-based model with respect to esophageal
cancer. The ROCAUCs and PRAUCs of the DVH, dosiomic, radiomic and dosiomic +
radiomic models on the lung cancer dataset were 0.64 ± 0.18 and 0.37 ± 0.20, 0.67 ±
0.17 and 0.37 ± 0.20, 0.67 ± 0.16 and 0.45 ± 0.23, and 0.68 ± 0.16 and 0.44 ± 0.22,
respectively. On the lung cancer dataset, the predictive performance of the radiomic and
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dosiomic + radiomic models was significantly higher than that of the DVH-based model.
However, the PRAUC of the dosiomic-based model showed no significant difference
relative to the corresponding RP prediction performance on the lung cancer dataset.

Conclusion: The results suggested that dosiomic and CT radiomic features could
improve RP prediction in thoracic radiotherapy. Dosiomic and radiomic feature
knowledge might be transferrable from esophageal cancer to lung cancer.
Keywords: radiotherapy, dosiomic, radiomic, machine learning, DVH, radiation pneumonitis, esophageal cancer
INTRODUCTION

In thoracic radiation therapy, organs at risk, such as the lungs, are
the limiting factors of radiation treatment due to radiation toxicity.
Radiation pneumonitis (RP) is one type of lung toxicity. Many
studies have tried to develop RP prediction models based on dose
volume histograms (DVHs) and/or the clinical profiles of patients
(1–3). However, DVHs and clinical factors are only some of the
many pieces of information that can be extracted from patients.

Recently, quantitative image features such as the dosiomic
(quantitative features of dose distribution) and/or radiomic
features of computed tomography (CT) images have been
reported to improve the performance of prediction models for
radiation toxicity (4–8). Dosiomic features contain more dose
distribution information than DVH features and have been
shown to be able to improve toxicity prediction in radiation
therapy. Information that can be used for the prediction of RP
can also be found in CT images. For example, interstitial lung
disease was found to be a risk factor for RP (9–11). RP prediction
models for lung cancer have also been shown to benefit from the
use of radiomic features obtained from CT images (6–8). The
quantitative imaging features of fluorine 18 fluorodeoxyglucose
(FDG) positron emission tomography (PET)/CT were previously
studied in esophageal cancer patients (12). While the radiomic
features from CT were not found to be significant, the radiomic
features from FDG-PET SUV were significantly associated with
grade 2 RP. However, only a subset of radiomics features in CT
images was explored.

Studies of dosiomic and radiomic features can result in
feature selection bias, as demonstrated by a systematic review
by Chalkidou et al., who generated 100 random features and
found that 10% of the features were significant predictors (13).
Furthermore, some random variables achieved higher
performance metric scores than other significant features, as
reported in other studies. To reduce the false-positive rates in
radiomic studies, external validation was recommended (14–18).

This study aimed to investigate the benefit of using radiomic
and dosiomic features in an RP prediction model for esophageal
cancer patients. We compared four predictive models with DVH
features, dosiomic features, radiomic features and combined
dosiomic and radiomic features. Furthermore, to investigate
the generalizability of dosiomic and radiomic features, we
incorporated an external dataset with lung cancer patients and
investigated a predictive model using features selected from
esophageal cancer data.
2169
MATERIAL AND METHODS

Data
The CT images, ROIs, and 3D dose distributions of 333
esophageal cancer patients and 110 lung cancer patients >15
years of age who were treated with radiation therapy from 2011
to 2019 were extracted from the Varian Eclipse v16.1 treatment
planning system (TPS) (Varian Medical Systems, Palo Alto, CA)
at the Ramathibodi Hospital at Mahidol University. The study
was approved by the ethical committee of the Ramathibodi
Hospital at Mahidol University (IRB MURA2021/283).
Patients with previous histories of thoracic radiation therapy,
diagnoses of interstitial lung disease, follow-up times under one
year, no treatment data or diagnoses of lung metastasis within
one year were excluded from the study. After exclusion, 101
patients and 93 patients had esophageal cancer and lung cancer,
respectively. The clinical and treatment characteristics are shown
in Table 1. All dose distribution were calculated by Anisotropic
Analytical Algorithm (AAA) from Varian Eclipse TPS. The
script for the extraction of the treatment plan from the Varian
Eclipse TPS based on the Eclipse Scripting Application
Programming Interface (ESAPI) is available at GitHub at
https://github.com/44REAM/ExportFractionDose.git.

Radiation pneumonitis grading was performed by radiation
oncologists based on the National Cancer Institute Common
Terminology Criteria for Adverse Events version 5.0 (CTCAE
v5.0). In practice, grade 0 RP was defined as negative for RP,
grade 1 RP was defined as patients with symptoms or
radiographic features without the need for steroids. Grade 2
RP was defined as patients requiring steroids or with symptoms
that interfered with daily activities. Grade 3 RP was defined as
patients requiring oxygen and steroids. Grade 4 RP was defined
as patients requiring intubation. The aim of this study was to
evaluate the performance of dosiomic and radiomic features for
prediction of presence of any RP. However, due to unavailability
of grade 1 RP data in lung cancer dataset, the positive class for
esophageal cancer was defined as grade 1 or above, while for lung
cancer, positive class was defined as grade 2 or above.
Equivalent Dose in 2 Gy Fractions
Dose distributions were extracted as fractions. The dose
distributions of fractions and voxels were referred to as “doses
per fraction per voxel”. The equivalent dose in the 2 Gy fraction a
voxel with EQD2 fractions was calculated as follows (19):
February 2022 | Volume 12 | Article 768152
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DEQD2 =o
N

i

di,k + d2i,k=(a=b)
1 + 2=(a=b)

:

The value of the a/b ratio in the equation was assumed to be 3
(20–26). The variable di,j is the dose per fraction per voxel, i is the
number of fractions and k is the number of voxels. The equation
above was suitable for our dataset because of its compatibility with
different doses per fraction per voxel. Although we used a similar
prescription fraction size (1.8–3 Gy per fraction), the actual doses
the patient received in different locations and with different fractions
might have been different. For example, the first fraction may have
been delivered by an antero-posterior beam, and the second fraction
may have been delivered by 2 lateral beams, resulting in different
doses per fraction for different voxels.

Features
Resampling to 1.5 × 1.5 × 1.5 mm3 by b-spline algorithm was
performed for all dose distributions and CT images. ROIs was
resampled by nearest neighbor algorithm to match CT image. All
CT images were free-breathing CT scans. The mean lung doses
(MLDs), the volumes of the lungs that received doses greater than x
Gy, Vx (ranging from V5 to V70 over 5 Gy steps), were used as
DVH features. The Pyradiomics library in Python (27), which
contains the most common feature definitions based on the
Imaging Biomarker Standardization Initiative (IBSI) (28), was
used to extract dosiomic and radiomic features. Dosiomic features
were extracted from the resampled dose distribution. Both texture
Frontiers in Oncology | www.frontiersin.org 3170
features and first-order features were then extracted from the CT
images (radiomic) and dose distributions (dosiomic). The dosiomic
features were extracted from lung ROIs, and the radiomics features
were extracted from the lung ROIs of patients who received doses
greater than x Gy for x = 10 and 20. The lung ROIs for esophageal
cancer were defined as all the bilateral areas of the lungs, and that for
lung cancer was defined as all the bilateral areas of the lungs minus
the gross tumor volume (GTV). All ROIs were segmented by
different physicians.

The dosiomic and radiomic features included in this study were
based on the Pyradiomics library. However, we excluded one feature
among the first-order statistics of the dosiomic features, “mean
dose”, because this feature was redundant with the DVH features.
All features in this study were based on 51 (17 × 3) first-order
statistics features and 225 (61 × 3) texture features. The dose
distributions and CT images were further processed before the
calculation of dosiomic and radiomic features. The dose distribution
gray-level intensity was binned to the 100 Gy level with a fixed bin
size of 1 Gy. The CT image Hounsfield units (HUs) above 100 HU
and below −1,000 HU were set to zero, resulting in an HU range of
[−1,000 100]. Each HU value was then converted to a positive
number in the range [0 1,100] and binned with a fixed bin size of 50.
The texture features were based on the gray level cooccurrence
matrix (GLCM) with 72 (24 × 3) features, gray level run length
matrix (GLRLM) with 48 (16 × 3) features, gray level size
zone matrix (GLSZM) with 48 (16 × 3) features and neighborhood
gray tone difference matrix (NGTDM) with 15 (5 × 3)
TABLE 1 | Clinical and treatment characteristics of esophageal and lung cancer patients.

Clinical and Treatment Characteristics Esophageal Cancer Lung Cancer

Median (Range)/n (%)

Age 61 (26–93) 67 (32–87)
Sex
Male 89 (0.88%) 63 (68%)
Female 12 (0.12%) 30 (32%)
Stage
1 4 (4%) 31 (34%)
2 3 (3%) 58 (62%)
3 71 (70%) 3 (3%)
4 23 (23%) 1 (1%)
Prescription dose 50.4 (30.0–60.0) 59.4 (43.2–66)
Prescription fraction 1.8 (1.8–3.0) 2.0 (1.8–2.0)
Treatment setting
CCRT 95 (94%) 91 (98%)
RT 6 (6%) 2 (2%)
RT modality
3D conformal RT 78 (77%) 38 (41%)
IMRT/VMAT 9 (9%) 27 (29%)
Combine 14 (14%) 28 (30%)
RT aim
Preoperative 47 (47%) 0 (0%)
Postoperative (adjuvant) 1 (1%) 0 (0%)
Definitive 49 (48%) 93 (100%)
Palliative 4 (4%) 0 (0%)
RP grade
0 38 (38%)

77 (83%)
1 58 (57%)
2 5 (5%) 14 (15%)
3 0 (0%) 2 (2%)
4 0 (0%) 0 (0%)
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features. Both the DVH and dosiomic features were extracted from
lung the ROIs from dose distributions with or without corrections
to EQD2. All features were standardized to zero mean and unit
variance. In summary, 15 DVH features, 78 dosiomic features and
156 radiomic features were extracted from each patient. The
complete list of features is provided in Supplementary Table 2.

Model Building
The predictive models for radiation pneumonitis were built
separately for esophageal cancer patients and lung cancer
patients. An overview of the process is shown in Figure 1.

a. First, we performed feature selection via univariate analysis.
A univariate logistic regression model was developed for all
features using the entire esophageal dataset. Features that had
p-values ≥0.1 were eliminated. We further trained the logistic
regression model without regularization by repeat 5-fold
cross-validation 50 times for the esophageal patients on the
entire esophageal dataset. The top 10 features corresponding
to the average area under the receiver operating characteristic
curve (ROCAUC) from each feature group (DVH, dosiomic
and radiomic) were selected for multivariate analysis.

b. The esophageal data (500 instances) were randomly separated
into a training set (80%) and test set (20%). We trained the
following models: DVH (10 features), dosiomic (10 features),
radiomic (10 features) and dosiomic + radiomic (20 features)
models. Multivariate logistic regression with L2 norm
regularization was used. The L2 norm was utilized to prevent
model overfitting. The hyperparameter (regularization strength)
was determined by inner cross-validation (CV) by 250 Monte
Carlo CV (inner training set 80%; validation 20%) runs to
maximize the average ROCAUC on the validation set using
grid search. The minority class in the inner training set was
Frontiers in Oncology | www.frontiersin.org 4171
oversampled by the synthetic minority oversampling technique
(SMOTE) to equalize the two classes.

c. Next, we trained multivariate logistic regression models using
the DVH, dosiomic and radiomic features selected previously
from the esophageal dataset and the lung cancer dataset. We
also selected DVH features from the lung dataset (DVHlung)
and trained the logistic regression model as described above
to introduce some bias to favor the DVH features.

The model performance was evaluated by the mean ROCAUC.
We also calculated the AUCs of the precision-recall curves
(PRAUC) because the ROCAUC could be biased when used
with imbalanced datasets (29). The mean, standard deviation
(SD) and 10th–90th percentiles of the ROCAUCs and PRAUCs
for the test set results of 500 models in each group were calculated.
A Z-test was used to test the statistical significance of the mean
AUC between each pair models. Statistical analyses were
performed using the Python and SciPy packages (30). A p-value
<0.05 was considered significant. For more details of the model
building, we refer to Supplementary S1.
RESULTS

The selected features for the DVH, dosiomic and radiomic
groups are shown in Supplementary Table 1. For the DVH
features selected from the esophageal cancer dataset, only V45
had a p-value less than 0.1 in the univariate analysis of the lung
cancer dataset. For DVHlung, only 3 features with p-values less
than 0.1 were selected (V45, V50, and V55). The univariate
analysis of lung cancer showed that 5 of 10 and 8 of 10 features
had p-values less than 0.1 in the dosiomic and radiomic analyses,
respectively (Supplementary Table 1).
FIGURE 1 | Overview of the process from inputting data to model training.
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The ROCAUC and PRAUC curves are shown in Figure 2. For
the esophageal dataset, the model based on the DVH features
resulted in an ROCAUC of 0.67 ± 0.11 and a PRAUC of 0.75 ±
0.10. The model based on dosiomic features resulted in an
ROCAUC of 0.71 ± 0.10 and a PRAUC of 0.77 ± 0.09. The
model based on radiomic features resulted in an ROCAUC of
0.71 ± 0.11 and a PRAUC of 0.79 ± 0.09. The model based on
dosiomic + radiomic features resulted in an ROCAUC of 0.75 ±
0.10 and a PRAUC of 0.81 ± 0.09. The results of esophageal cancer
dataset are included in Table 2. The ROCAUC and PRAUC of the
model using dosiomic + radiomic features were significantly higher
than those of the models with DVH, dosiomic and radiomic
features (p-value <0.05). The AUCs of both the dosiomic model
and radiomic model were also significantly higher than that of the
DVH model (p-value <0.05). However, the ROCAUCs of the
dosiomic and radiomic models were not significantly different (p-
value = 0.62), although the PRAUC of the radiomic model was
significantly higher than that of the dosiomic model (p-value <0.05).

For the lung dataset, the model based on DVH features resulted
in an ROCAUC of 0.64 ± 0.18 and a PRAUC of 0.37 ± 0.20.
The model based on dosiomic features resulted in an ROCAUC
of 0.67 ± 0.17 and a PRAUC of 0.37 ± 0.20. The model based on
radiomic features resulted in an ROCAUC of 0.67 ± 0.16 and a
PRAUC of 0.45 ± 0.23. The model based on dosiomic + radiomic
features resulted in an ROCAUC of 0.68 ± 0.16 and a PRAUC of
Frontiers in Oncology | www.frontiersin.org 5172
0.44 ± 0.22. The results of lung cancer dataset were included in
Table 3. The ROCAUCs of the dosiomic, radiomic and
dosiomic + radiomic models was significantly higher than that
of the DVH model. However, only the PRAUCs of the radiomic
and dosiomic + radiomic models were significantly higher than
that of the DVH model, and the PRAUCs of the dosiomic and
DVH models were not significantly different (p-value = 0.61).

We also provided the results when selecting the features within
CV loop in Supplementary Tables 3–5. The model building
method was included in Supplementary S2. For esophageal
dataset, the model based on the DVH features resulted in an
ROCAUC of 0.67 ± 0.10 and a PRAUC of 0.74 ± 0.09. The
model based on dosiomic features resulted in an ROCAUC of
0.70 ± 0.10 and a PRAUC of 0.77 ± 0.09. The model based on
radiomic features resulted in an ROCAUC of 0.63 ± 0.11 and a
PRAUC of 0.72 ± 0.09. The model based on dosiomic + radiomic
features resulted in an ROCAUC of 0.70 ± 0.11 and a PRAUC of
0.78 ± 0.10. For lung cancer dataset, the model based on the DVH
features resulted in an ROCAUC of 0.61 ± 0.17 and a PRAUC of
0.26 ± 0.16. The model based on dosiomic features resulted in an
ROCAUC of 0.67 ± 0.18 and a PRAUC of 0.38 ± 0.21. The model
based on radiomic features resulted in an ROCAUC of 0.66 ± 0.17
and a PRAUC of 0.46 ± 0.24. The model based on dosiomic +
radiomic features resulted in an ROCAUC of 0.70 ± 0.17 and a
PRAUC of 0.43 ± 0.22.
FIGURE 2 | Performance metrics of the predictive models obtained on the esophageal cancer and lung cancer datasets.
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DISCUSSION

Our results showed that the dosiomic and radiomic models
achieved higher AUCs than the DVH-based models on the
esophageal cancer dataset. The results from our studies,
obtained on an esophageal cancer dataset, were different from
those of previous studies on the use of quantitative CT image
features for esophageal cancer to predict RP grade ≥2, which found
that SUV95 was a predictive feature but that CT images were bad
predictors (12). However, we investigated more CT radiomic
features than a previous study by Castillo et al. with respect to
esophageal cancer. Furthermore, in our population, PET might
not have been available for all patients due to restrictions in
Thailand. Another study on esophageal cancer data also found
that CT image-based delta-radiomics improved discriminative
ability of patient developing grade ≥ 3RP within 3 months (31).
Delta-radiomics was the technique that analyzes the radiomics
features at different time. It was show that delta-radiomics features
were robust than simple radiomics features (32). Delta-radiomics
also have the advantage of more data over radiomics features. An
advantage of using only pre-treatment data is that it might allow
clinician to revise the treatment plan before initiating treatment,
therefore preventing radiation pneumonitis.

In the lung dataset, only the radiomic and dosiomic +
radiomic models achieved better performance than the DVH-
based model. Although the ROCAUC of the dosiomic model was
better than that of the DVH-based model, the PRAUC of the
dosiomic-based model was not different from that of the DVH-
based model. This demonstrated that dosiomics and radiomics
could improve the performance of predictive models for RP, as
observed in previous studies (6, 33, 34). Furthermore, knowledge
of radiomic and dosiomic features might be transferable from
one dataset to another dataset with performance that is
equivalent to or better than that of standard DVH features.

The DVH features selected using the lung cancer dataset
(DVHlung) were expected to differ from the DVH features
selected from the esophageal cancer dataset, and the model
using DVHlung was expected to have better performance than
the DVH features selected from the esophageal cancer dataset.
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From the results, DVHlung was different from DVH, as expected,
but the performance of DVH was not different from that of
DVHlung. Nonetheless, radiomics and dosiomics still performed
slightly better regarding the prediction of RP than DVHlung.

Previous studies on the use of radiomics and dosiomics for
radiation pneumonitis prediction reported a variety of “most
important” features. Among CT radiomic studies with respect to
RP, Hirose et al. were the first to investigate a predictive model
using only pretreatment CT radiomics for predicting RP grade
≥2 in lung cancer after stereotactic body radiotherapy (SBRT)
(6). One of the most selected features was “correlation” from the
GLCM. Nevertheless, a radiomic study by Krafft et al. (7) did not
find any features that were common with those of Hirose et al. It
was difficult to compare the two studies since the treatment
modalities, extracted features and methods employed to build the
models were not the same. The results of dosiomic studies
relative to RP were also difficult to compare due to differences
in the extracted features. For example, Liang et al. found
“contrast” from the GLCM and “low grey level run emphasis”
from the GLRLM as the most predictive features of RP ≥2 in lung
cancer patients treated with volumetric modulated arc therapy
(VMAT) (34), while the study of dosiomics in lung cancer
patients treated with VMAT by Bourbonne et al. investigated
acute and late lung toxicity separately, which was different
approach from that of Liang et al. (35). Adachi et al. made a
study of dosiomics that utilized different modalities (SBRTs) and
different techniques for feature extraction (33).

A systemic review of PET/CT texture features also found that
many texture features have been reported even though the
datasets used were similar in terms of cancer types and
modalities (13). The study in which the dataset and features
were the most similar to those in our study was the work of Liang
et al., although the patients were different, and there was no work
done regarding CT radiomics (34). One drawback of their study
was that the result was not validated on a test set. However, we
separated a test dataset for the evaluation of our model. From the
obtained results, our selected dosiomic features were different
from those of their study. The differences in the selected features
might be derived from the difference between the training sets,
TABLE 3 | ROCAUC and PRAUC scores for the lung cancer dataset.

ROCAUC 10th, 90th ROCAUC PRAUC 10th, 90th PRAUC

DVHlung 0.64 ± 0.18 0.42, 0.88 0.38 ± 0.20 0.13, 0.66
DVH 0.64 ± 0.18 0.42, 0.88 0.37 ± 0.20 0.13, 0.66
Dosiomic 0.67 ± 0.17 0.44, 0.90 0.37 ± 0.20 0.15, 0.68
Radiomic 0.67 ± 0.16 0.46, 0.88 0.45 ± 0.23 0.14, 0.75
Dosiomic + Radiomic 0.68 ± 0.16 0.46, 0.90 0.44 ± 0.22 0.15, 0.75
February 2022 | Volume
TABLE 2 | ROCAUC and PRAUC scores for the esophageal cancer dataset.

ROCAUC 10th, 90th ROCAUC PRAUC 10th, 90th PRAUC

DVH 0.67 ± 0.11 0.53, 0.82 0.75 ± 0.10 0.61 0.87
Dosiomic 0.71 ± 0.10 0.58, 0.84 0.77 ± 0.09 0.65 0.89
Radiomic 0.71 ± 0.11 0.57, 0.85 0.79 ± 0.09 0.66 0.90
Dosiomic + Radiomic 0.75 ± 0.10 0.63, 0.88 0.81 ± 0.09 0.68, 0.92
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since we trained the model on esophageal cancer patients, as
opposed to lung cancer patients.

Some studies have reported that the results from radiomic
features can be biased due to false positives, and an external
dataset is required to confirm the predictability of models (13,
36). Our study did not use an external dataset to validate the
performance of the predictive model but to validate the radiomic
and dosiomic features instead. To avoid biases in the radiomic
and dosiomic features, we incorporated lung cancer patients
receiving RT as an external dataset with an end point of
predicted RP grade ≥2. The aim of incorporating an external
dataset was to ensure the superiority of the predictive abilities of
dosiomic and radiomic features over that of DVH features in the
same organ. The results obtained on an external dataset indicated
that dosiomic and radiomic feature performed equally or
superior to DVH-based features in the same organ, even with
different primary cancers.

There were several limitations in our study. First, our study
was based on retrospective data, which might have resulted in
false positives (36). Nevertheless, we tried to overcome this
limitation by introducing lung cancer patients as an external
dataset. Another limitation was that, from a biological
standpoint, grade 1 RP and grade 2 RP are different. This is
due to unavailability of grade 1 RP data in lung cancer. Grade 1
RP is viewed as local damage from the criterion of CT image
changes. This might be a drawback of the study regarding grade 1
RP, which could cause the results to be inapplicable to grade 2
RP. However, grade 1 RP can also be viewed as whole organ
damage if it is classified as grade 1 by symptom criteria, which
would be biologically similar to grade 2 RP. The input spaces in
the lung cancer and esophageal cancer datasets were also
different. The input space in the lung cancer dataset had
smaller ROIs than that in the esophageal cancer dataset, and
the doses administered to the lungs of lung cancer patients were
also higher than the doses administered to the lungs of
esophageal cancer patients. Another difference was that the
risk factors, such as the locations of the primary tumors, were
not the same. Despite all the differences described above, we
found that the dosiomic and radiomic feature models could
achieve performance that was equal or superior to that of the
DVH model.

The method of features selection in esophageal cancer dataset
might cause overfitting problem for esophageal cancer results
since the features selection process was carry out of the CV loop
but not be for lung cancer dataset. Thus, we also provided the
results of models using feature selection within the CV loop
which eliminated the problem of overfitting in Supplementary S2.
In summary, only the performance of the model that included
radiomic decrease less than DVH model in esophageal cancer
dataset (Supplementary Table 3), while in lung cancer dataset,
the performance of radiomic and dosiomic model still greater than
DVH model (Supplementary Table 4). The featured select in both
methods were similar (Supplementary Table 5). The purpose was
to test the transferability of dosiomic and radiomic features to lung
cancer dataset which the process does not cause overfitting in the
lung cancer results.
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CONCLUSION

In conclusion, studies on the dosiomic and radiomic feature of
RP are in the early stage. Our study found that dosiomic and
radiomic models could enhance the performance of RP
prediction models for esophageal and lung cancer patients
treated with RT. Further prospective studies are required to
validate the effectiveness of dosiomic and radiomic features.
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Purpose: Accurate segmentation of gross target volume (GTV) from computed
tomography (CT) images is a prerequisite in radiotherapy for nasopharyngeal carcinoma
(NPC). However, this task is very challenging due to the low contrast at the boundary of
the tumor and the great variety of sizes and morphologies of tumors between different
stages. Meanwhile, the data source also seriously affect the results of segmentation. In
this paper, we propose a novel three-dimensional (3D) automatic segmentation algorithm
that adopts cascaded multiscale local enhancement of convolutional neural networks
(CNNs) and conduct experiments on multi-institutional datasets to address the
above problems.

Materials and Methods: In this study, we retrospectively collected CT images of 257
NPC patients to test the performance of the proposed automatic segmentation model,
and conducted experiments on two additional multi-institutional datasets. Our novel
segmentation framework consists of three parts. First, the segmentation framework is
based on a 3D Res-UNet backbone model that has excellent segmentation performance.
Then, we adopt a multiscale dilated convolution block to enhance the receptive field and
focus on the target area and boundary for segmentation improvement. Finally, a central
localization cascade model for local enhancement is designed to concentrate on the GTV
region for fine segmentation to improve the robustness. The Dice similarity coefficient
(DSC), positive predictive value (PPV), sensitivity (SEN), average symmetric surface
distance (ASSD) and 95% Hausdorff distance (HD95) are utilized as qualitative
evaluation criteria to estimate the performance of our automated segmentation algorithm.
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Results: The experimental results show that compared with other state-of-the-art
methods, our modified version 3D Res-UNet backbone has excellent performance and
achieves the best results in terms of the quantitative metrics DSC, PPR, ASSD and HD95,
which reached 74.49 ± 7.81%, 79.97 ± 13.90%, 1.49 ± 0.65 mm and 5.06 ± 3.30 mm,
respectively. It should be noted that the receptive field enhancement mechanism and
cascade architecture can have a great impact on the stable output of automatic
segmentation results with high accuracy, which is critical for an algorithm. The final
DSC, SEN, ASSD and HD95 values can be increased to 76.23 ± 6.45%, 79.14 ± 12.48%,
1.39 ± 5.44mm, 4.72 ± 3.04mm. In addition, the outcomes of multi-institution
experiments demonstrate that our model is robust and generalizable and can achieve
good performance through transfer learning.

Conclusions: The proposed algorithm could accurately segment NPC in CT images from
multi-institutional datasets and thereby may improve and facilitate clinical applications.
Keywords: nasopharyngeal carcinoma, segmentation, deep learning, radiotherapy, CT images
1 INTRODUCTION

Originating in the nasopharynx epithelium, NPC is a malignant
tumor with the highest incidence among otolaryngological
cancers in Southwest Asia, Southern China and Northern
Africa (1, 2). Radiation therapy is the preferred treatment
strategy for NPC because the poorly differentiated squamous
cell carcinoma discovered upon pathological examination of
patients with NPC is commonly radiosensitive (3). Delineating
the tumor contour is the essential step in radiotherapy planning,
which is the mainstay of NPC treatment. Based on the gross
tumor volume (GTV) and organs at risk (OARs), the dose
distribution of irradiation can be calculated by a radiation
physicist. Therefore, accurate segmentation contributes to
delivering the prescribed dose to the tumor volume while
improving the sparing of OARs (4). However, in clinical
practice, tumor segmentation is carried out manually by slices
using multimodal or multiparametric imaging datasets, which is
time-consuming (5, 6). Interobserver variability, especially in
accuracy, is based on the expertise and experience of the
radiation oncologist (7, 8) because on imaging, NPC often has
a more complex tissue structure that has a similar intensity to its
neighboring organs and a high variations in shape and size
among cases (9). Accordingly, it is clinically desirable to develop
a robust, accurate and automatic algorithm for target
segmentation, which is helpful for reducing the labor intensity
and interobserver variability.

Among many of the proposed autosegmentation approaches,
atlas-based segmentation (10) has been widely used for the
delineation of targets and/or OARs in head-and-neck
radiotherapy (11–14), and it can obtain acceptable results
without supervision. Currently, with the enormous success of
deep learning in object detection (15), image classification (16),
and segmentation (17), the applications of deep learning in
medical imaging have received great attention. As the most
popular algorithm for deep learning, convolutional neural
networks (CNNs) have made significant progress in semantic
2178
segmentation with the advantage of an end-to-end framework
for feature learning and model training. After the full
convolutional network (FCN) was proposed by Long et al.
(18), segmentation was achieved more efficiently in inference
and learning for images with arbitrary sizes. UNet is the most
successful FCNs utilized in medical image segmentation
investigations and has been cited more than 29000 times since
it was proposed in 2015 (17). Its success is largely attributed to
the U-shaped architecture and skip connection in which the
fusion of multiscale features and the recovery of fine-grained
details can be realized effectively.

Deep learning with the CNN technique in tumor
segmentation has recently made progress in the brain (19),
rectum (20) and breast (21). For the segmentation of the GTV
of NPC, a majority of CNN-based approaches have been applied
in magnetic resonance imaging (MRI), which demonstrates
superb resolution and soft tissue contrast and obtains
satisfying results (22–24). However, radiotherapy plans are
designed based on CT images, and MRI-based radiation
therapy techniques have not been widely applied in clinical
practice. Benefitting from the complementary information
from both CT and MRI images, Ma et al. (25) proposed a
multimodality segmentation framework based on CNN. While
the performance of this kind of approach largely depends on the
image registration accuracy, its difficulty will be further increased
due to different body positions, scan times and imaging
mechanisms. Therefore, the CT-based NPC segmentation
technique is the core element that can actually solve the above
clinical problems.

Although several methods have been explored for CT-based
GTV segmentation (4, 26, 27), the results are barely satisfactory,
and it remains the most challenging task primarily because of 1)
CT images with lower contrast result in a lack of clear tumor
boundaries; 2) tumors present a great variety of sizes and
morphologies between different stages, especially for stages T3
and T4, which always have lymph node metastasis and other
distant metastases, thus increasing the difficult of distinguishing
March 2022 | Volume 12 | Article 827991

https://www.frontiersin.org/journals/oncology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/oncology#articles


Yang et al. Segmentation of Gross Tumor Volumes
the primary tumor. Therefore, the presented algorithms
demonstrated good performance for early nasopharyngeal
carcinoma, although the accuracy decreased sharply when
advanced-stage tumors were included. Meanwhile, most of
these methods were based on 2D segmentation models with a
lack of complementary information between CT image layers.
Notably, current research is based only on one specific institution
dataset and does not consider differences between different data
sources, which limits the universality of clinical applications.

Hence, we explored automatic delineation of GTV based on
CT images and assessed its applicability for stages T1-T4. In our
previous study (28), a modified version 3D U-Net model based
on Res-block and SE-block to delineate the GTV for NPC was
developed; however, the accuracy still needs to be improved.
With the aim of promoting network performance, we propose a
cascaded multiscale local enhancement CNN structure, which
can realize NPC segmentation from global to local scales by
concentrating on the GTV region, and multiscale features in CT
images can be captured simultaneously. Comprehensive
experiments on diverse multi-institutional planning CT
datasets were performed to demonstrate the effectiveness of
our algorithm. Both the qualitative and quantitative evaluation
results show that our approach can achieve good segmentation
performance and outperforms other state-of-the-art
segmentation methods.
2 MATERIALS AND METHODS

2.A. Datasets
We collected retrospective data on 257 patients who were
diagnosed with NPC with stage T1-T4 and underwent
radiotherapy in our institution from 2016 to 2020. Data were
derived from radiotherapy treatment planning, including plain
CT (pCT) and contrast-enhanced CT (CE-CT) images, with the
scanned region covering the overall head, neck and partial chest
obtained by simulation CT. All images were axially reconstructed
with a matrix size of 512 × 512 pixels, a resolution of 0.748~0.976
mm and a slice thickness of 3.0 mm. The radiotherapy contours
were jointly delineated slice by slice by two radiation oncologists
on the pCT image by fusion of CE-CT and MR images according
to the consensus as the ground truth. The director with 20 years’
experience of the radiation oncology department was consulted
in cases of disagreement.

Meanwhile, multi-institutional datasets were also employed
in the experiments to evaluate the performance of the proposed
Frontiers in Oncology | www.frontiersin.org
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algorithm. These datasets from institution B are composed of 40
NPC patient pCT images, and the MICCAI 2019 StructSeg
challenge (GTV segmentation task) is composed of 50 NPC
patient pCT images. Table 1 shows the details of the multi-
institutional datasets.

2.B. Overview of the Method
In this paper, inspired by cascaded method (29), we propose a
two-stage cascaded multiscale local enhancement network
structure to achieve the goal of building a precise GTV
segmentation method. In the training phase, two networks
were trained simultaneously: one was for globally coarse
segmentation predictions and named MDR-UNet1, and the
other was for locally fine segmentation predictions
concentrated on the GTV and named MDR-Uet2. The testing
phase could be divided into three steps: 1) Obtain the globally
coarse segmentation result by MDR-UNet1; 2) Identify the
central location of the ROI from coarse results and acquire
precise segmentation for the cropped target region by MDR-
UNet2; and 3) Assemble the two-stage results to output as the
final prediction. The overall framework is presented in Figure 1.

The above two-stage independent cascade network structure
with central localization was designed to achieve ‘coarse-to-fine’
segmentation for the GTV region. Moreover, there are two other
key points that should be noted in this method: 1) Crop the ROI
using a body mask, which is obtained by morphology and
geometry; and 2) Use multiscale dilated convolution blocks in
the skip connections between the encoder and decoder to
enhance the receptive field to improve the segmentation
performance. These points will be described specifically in
the following.

2.C. Preprocessing
In this study, a 3D CNN was introduced in our automated
delineation GTV network structure. However, calculation
efficiency was an issue because of the massive occupation of
graphic processing unit (GPU) memory caused by 3D data.
Reducing neural network channels, layers, and batch size are
always selected as the solution; however, such changes will have a
great negative impact on the training results. Hence, we
preprocessed the data to minimize the data cropped from the
original images and simultaneously guarantee that the target was
completely included. For the preprocessing procedures, we first
removed beds and obtained the body mask by utilizing Hough
transform line detection, threshold and morphological methods,
which are binary images with targets shown in pixels (value=1)
and ground shown in pixels (value=0). Second, the body mask
was integrated along the vertical direction to find the minimum
point, and the corresponding abscissa was the neck position.
Then, the volume above the neck was clipped as the ROI. Finally,
for normalization, 1) the target voxel spacing was normalized to
0.952×0.952×3 mm for all of the data with third-order spline
interpolation; and 2) the intensities were normalized by
subtraction of the global mean and division by the global
standard deviation, which are obtained by computing the
foreground voxels based on body mask cropping in the dataset.
After preprocessing, the image overall mean size with standard
TABLE 1 | Details of the multi-institutional datasets.

Dataset A B C

Source Our department Institution B MICCAI 2019
Images pCT + CE-CT pCT pCT
Number 257 40 50
Stage T1-T4 (30:93:87:47) NA NA
Axially size 512 × 512 512 × 512 512 × 512
Slice thickness 3 mm 3 mm 3 mm
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deviation decreased from 512×512× (130 ± 11.7) to (190 ± 32.8)
× (222 ± 17.4) × (74 ± 4.8).

2.D. Proposed Two-Stage
Cascade Architecture
2.D.1. Stage 1: Initial Coarse Segmentation and
Central Localization
Although the image size was greatly reduced to half of the
original after preprocessing, it was still too large to put all
the images into the network for 3D CNN training. Therefore,
the preprocessed images were randomly cropped by a sliding
window before being put into the network during the training
stage to satisfy the calculation requirement. However, although
the cropped image might contain massive background
information, a few ROIs result from random cutting. As a
result, only the globally coarse segmentation region of the
GTV has been extracted at this stage. Based on the preliminary
segmentation, the centroid of the GTV can be determined and
used as preparation for the next locally precise segmentation. As
a trade-off between model performance and memory
consumption, the size of the window was set to 128×128×64.
2.D.2. Stage 2: Central ROI Fine-Segmentation
The aim of this stage was to further narrow the target region and
perform precise segmentation around the center of the tumor. To
achieve this goal, the first step was to realize the central
localization of the tumor. For the training data, the center of
the GTV can be identified from the ground truth, while for the
Frontiers in Oncology | www.frontiersin.org 4180
test data, the location can only be determined from the
segmentation predicted in stage 1. Considering the error
between them, the position differences for the training data
were compared, and the results demonstrated that the centroid
of the GTV between the ground truth and stage 1 segmentation
results varied (1.46 ± 1.34, 1.84 ± 1.69, 1.14 ± 1.09) pixels. Hence,
by considering the error, we allowed the central location to vary
with the range in ( ± 3, ± 3, ± 3) pixels of the center determined
from the ground truth or stage 1 segmentation result. In addition
to the central localization, the cropped cube size of the GTV had
to be determined. The cube size of the GTV is known to correlate
with the stage of the tumor; therefore, we calculated the size of
the GTV for all of the data and found that the overall mean with
standard deviation was 64 ± 8.5, 43 ± 12.1, and 15 ± 5.7 pixels.
Thus, the cropped cube size of the ROI was set to 96×64×32. The
process not only made it possible to further reduce the size of the
input image, which contains much more ROI area and less
background information, but also optimized the network
model and facilitated its convergence in training.

2.D.3. Network Architecture
Our network architecture is shown in Figure 2. We used UNet
(17) and its 3D counterpart VNet (30)-like architecture as the
backbone due to their excellent performance in medical image
segmentation. UNet consists of three components: 1)
downsampling for feature extraction, 2) upsampling for
resolution restoration and 3) skip-connection for feature
fusion, which can achieve the multiscale feature extraction of
large medical images. Res-block (31) was introduced in the
FIGURE 1 | Overview of the workflow of the proposed method.
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procedure of downsampling and upsampling because it has
excellent performance in deep networks for solving gradient
dispersion and precision reduction. In the skip connection, we
employed the modified 3D ASPP (32, 33) block because it can
use multiscale dilated convolution to enlarge the field of view.
The proposed network contains 11 Res-blocks and 5 ASPP-
blocks in total. The network adopts the common configuration of
blocks per resolution step in both the encoder and decoder, with
each block consisting of a Conv-block and Res-block. The
proposed network can only be trained with a small batch size
for a large patch size. In the case of a small batch size, we utilized
instance normalization (34) to speed up or stabilize the training
because of the poor performance shown by batch normalization
(35). Furthermore, the leaky ReLU (36) was used as the
activation function in the hidden layers. Following the final
segmentation map, sigmoid activation function outputs are
obtained. As a compromise between model performance and
memory consumption, the initial number of feature maps was set
to 32 and doubled or halved in each downsampling or
upsampling procedure. To limit the parameter size of the final
model, the number of feature maps was additionally capped at
512 and 1024 for stage 1 and stage 2, respectively.
Frontiers in Oncology | www.frontiersin.org 5181
For the best performance, the two-stage network architectures
were slightly different to allow for adaptations to different data
characteristics. In stage 1, due to the large input image, we
introduced the ASPP block (32) with a larger dilation rate in the
skip connection toobtainmultiscale feature informationofdifferent
fields of view. For stage 2, further reducing the size and range of the
input image would contribute to the appearance of overfitting
during the network training. Hence, to obtain a better training
effect, the ASPP_v3+ block (33), which has a small dilation rate and
includes a dropout layer,was employed to replace theASPPblock in
the skip connection for this stage. In addition, the dropout layerwas
also added at the end of the encoder to prevent overfitting.

2.E. Postprocessing
In the test phase, to obtain the initial coarse segmentation result,
the test samples were input into the stage 1 network by grid
sliding with an input size of 128×128×64 and a stride of 64 × 64 ×
32. The stage 2 input ROI could be extracted from the original
image by taking the centroid of the GTV determined from the
stage 1 segmentation result as the center of a cube. For both stage
networks, the segmentation results were acquired after activation
with a sigmoid function. Then, the segmentation results obtained
FIGURE 2 | Network architecture of the proposed CNN model.
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in stage 1 and stage 2 were assembled by S =wS1 + (1 – w)S2, w
was set to 0.5, and the final segmentation score map was output,
where the threshold value was set to 0.6 and values lower than
the threshold were regarded as background. Finally, the
predicted ROI was reconstructed and returned to the
corresponding position of the original CT images.
3 EXPERIMENTS AND RESULTS

3.A. Experimental Scheme
3.A.1 Implementation Details
Fivefold cross-validation was adopted to evaluate the network
performance among our 257-patient dataset, which meant that
the dataset was randomly divided into 5 subsamples. Specifically,
in each round, one of the subsamples (20%) was used as the test
set and the remaining four folds (80%) were used as training set.
We repeated this procedure five times until all the five folds have
been used as the test set. Varieties of data augmentation
techniques were introduced into the training dataset, and they
consisted of random scaling (scaling factors: 0.7~1.3), random
elastic transformation (scaling factor: 34; elasticity coefficient:
10), random rotation (angle: -10~10), random noise (Gaussian
noise: 0~0.1 or uniform noise: -0.1~0.1), and random flipping.

In our 257 dataset, for the two networks, the ‘kaiming normal’
(37) strategy was employed for weight parameter initialization,
the stochastic gradient descent (SGD) optimizer was used for
training with momentum of 0.99, the learning rate (LR) abided
by the ‘poly’ policy (32) decaying with LR = lrini* (1 –epoch/
epochmax)

0.9, initial learning rate (lrini) was set to 0.01, and the
loss function was the sum of cross-entropy and dice loss. Based
on previous experiments and experience, as a compromise
between runtime and reward, each fold of both networks was
set to 120 epochs. The batch size was set to 1, and the network
parameters were updated every 2 batch sizes with the gradient
accumulation method.

The experiments were implemented on a workstation
powered by a NVIDIA GeForce RTX 2080Ti with 11 GB GPU
memory. The code was implemented with Pytorch 1.4.0 in
Ubuntu 18.04.3 LTS.

3.A.2 Evaluation Criteria
Three volumetric overlap metrics, the Dice similarity coefficient
(DSC), positive predictive value (PPV), and sensitivity (SEN),
and two distance metrics, the average symmetric surface distance
(ASSD) and 95% Hausdorff distance (HD95), were utilized as
qualitative evaluation criteria to estimate the performance of our
automated segmentation algorithm. These metrics are defined
as follows.

a) Volumetric overlap metrics:

DSC =
2 G ∩ Aj j
Gj j + Aj j (1)

PPR =
G ∩ Aj j
Aj j (2)
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SEN =
G ∩ Aj j
Gj j (3)

b) Distance metrics:

ASSD =
1
2

mean
g∈Gs

min
a∈As

 d(a, g) + mean
a∈As

min
g∈Gs

 d(a, g)

� �
(4)

HD95(Gs,As) = max (d95(Gs,As), d95(As,Gs)) (5)

Where

d95(Gs,As) = K95
g∈Gs

(min
a∈As

jja − gjj) (6)

For the volumetric overlap metrics, G and A represent the
voxel sets of the ground truth and automatic delineation,
respectively. DSC, PPV and SEN, which are a series of ratios,
are used to describe the corresponding spatial overlap between
the ground truth and the automated delineation, and a higher
value indicates better performance.

For distance metrics, where Gs and As are the corresponding
surface voxel sets ofG and A, d(a,g) and ||a – g|| are the Euclidean
distance of the voxel between a and g, dGsAs

describes the point x
∈ Xs that is farthest from any point of Ys and calculates the
distance from x to its nearest neighbor in Ys. ASSD and HD95
describe the mean surface distance between the ground truth and
automated delineation, and a lower value shows a higher
delineation accuracy.

In addition, IBM SPSS (version 23; New York, NY) was used
for statistical analysis. The mean DSC, PPR, SEN, ASSD and
HD95 values for the GTV segmentation were evaluated the
dispersion with standard deviation (SD) and analyzed with
paired t-tests between different models. All values are
presented as mean ± SD. Two-tailed p-values <0.05 were
considered statistically significant.

3.A.3 Comparison of Model Performance
Automated segmentation models of the GTV based on the
proposed cascaded multiscale local enhancement CNN
structure were achieved in this study. First, several successful
network architectures and our proposed 3D Res-UNet without
ASPP block (33) and cascade architecture were applied to data
for 257 NPC patient cases from our institution for GTV
segmentation to compare the performance. Two modalities
(pCT and CE-CT) were used to train the network models,
because the advantage of CE-CT in terms of contrast visibility
between tumor and normal tissues can help improve the
performance of network segmentation (28). The other
successful network architectures were as follows: 3D CNN
(22), which is based on the 3D CNN architecture of
VoxResNet and used to segment the complicated NPC GTV
based on MRI showing outstanding performance, Attention-
UNet (38), which adds AGs to filter the features propagated
through the skip connections of UNet; and UNet++ (39), which
improves UNet performance by alleviating the unknown
network depth, redesigning the skip connections, and devising
March 2022 | Volume 12 | Article 827991
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a pruning scheme to the architecture. For comparison, the
Attention-UNet and UNet++ were changed from 2D to 3D
network architectures. Second, based on the 3D Res-UNet
backbone model, the important roles of the multiscale dilated
convolution blocks and cascade architecture, namely, the five
ASPP blocks and the two-stage cascade method shown in
Figure 2, were further explored experimentally in the proposed
algorithm. Moreover, the feature maps and the boundary
probability maps were output further to confirm the ASPP
block mechanism on segmentation performance.

Finally, additional datasets of 40 NPC patients from
institution B and 50 NPC patients from the MICCAI 2019
StructSeg challenge were also adopted to validate the
effectiveness of the model further and evaluate the
generalizability of the model application. The model was
applied to two additional datasets for further algorithm
verification experiments in MDR-UNet without the cascade
architecture to reduce time consumption. Because of the lack
of CE-CT data in the institution B and C datasets, only pCT data
were used for training. It is important to note that transfer
learning was used to fine-tune the network based on the model
trained to reduce estimation errors between different datasets.
Specifically, the model was first trained on the A dataset, and its
performance was evaluated on the B and C datasets. Then, based
on the model pre-trained on the A dataset, transfer learning was
employed for training datasets B, C and B+C. Moreover, the
original and target domains were switched in the experiment to
verify further the generalization ability of the network in transfer
learning. Datasets B, C, and B+C were utilized for training the
network to verify the network performance and tested on the A
dataset. The network was then fine-tuned with dataset A using
the transfer learning method. It should be noted that during
transfer learning stage, datasets A, B and C were randomly split
into 70% and 30% respectively for fine-tuning and testing. The
network was trained for 60 epochs, and the initial learning rate
lrini was adjusted to 0.001 during the fine-tuning phase.

3.B. Results and Analysis
3.B.1. Comparison Between Different Network
Architectures
The quantitative comparison results of the fivefold cross-
validation of the different network models trained by pCT and
CE-CT are summarized in Table 2. As shown in the table, Res-
Frontiers in Oncology | www.frontiersin.org 7183
UNet performed better in mean DSC, PPR, ASSD and HD95
with standard deviations of 74.49 ± 7.81%, 79.97 ± 13.9%, 1.49 ±
0.65mm, 5.06 ± 3.30mm, respectively, compared to other
networks, benefiting from the dominance of the RES-block in
solving gradient dispersion and precision reduction, which
verifies the effectiveness of the proposed backbone. However,
the mean SEN index of Res-UNet was only 73.9%, which is a
poor result due to the lack of relevant attention mechanism,
indicating that the network is under-segmented. Figure 3 shows
the visual segmentation results for the comparison of automatic
ground truth delineation by the public networks, the method
used for this research and human experts. It is obvious that the
estimation of the proposed Res-UNet produces fewer false
positive predictions and presents more robust segmentation
results, particularly in the coronal and sagittal views, compared
to the 3D CNN, 3D Attention-UNet and 3D UNet++. To
summarize, the experimental results demonstrate that although
the Res-UNet backbone network might not have the best
performance and statistical significance in all indicators.
Nevertheless, the key indicator DSC was significantly improved
(P<0.05) and had better performance than other successful
architectures when dealing with anisotropic 3D resolution.

3.B.2. Evaluation of the Network Mechanism
When the 3D Res-UNet backbone was combined with the ASPP
blocks and cascade architecture, the experimental results trained
by pCT and CE-CT illustrated significant improvements in most
of the evaluation indicators under the effect of local enhancement
mechanisms, as shown in Table 3. The mean values of DSC,
SEN, ASSD and HD95 increased to 76.23 ± 6.45%, 79.14 ±
12.48%, 1.39 ± 5.44mm and 4.72 ± 3.04mm. It is found that the
mean PPR decreased from 79.97 ± 13.90% to 77.34 ± 14.04%
(P<0.001), while the mean SEN increased from 73.90 ± 14.58% to
79.14 ± 12.48% (p<0.001). Although the network model changed
from under-segmentation to over-segmentation, the model was
able to keep the segmentation results in a relatively optimal state.
For DSC, which is the key indicator of segmentation
performance, a boxplot is shown in Figure 4. The differences
can be found in the following three statistical intervals, i.e., the
5%-95%, 25%-75% and 50%, and the results show that the model
with the ASPP block and cascade architecture, named CMDR-
UNet, has a higher average value along with a smaller
variance (P<0.001).
TABLE 2 | Quantitative comparison of different backbone models for GTV segmentation performance, including mean DSC, PPR, SEN, ASSD and HD95 with standard
deviation.

Method/P -value DSC (%) PPR (%) SEN (%) ASSD (mm) HD95 (mm)

① 3D CNN (22) 73.67 ± 7.88 76.74 ± 14.71 75.27 ± 14.31 1.84 ± 3.91 6.32 ± 13.77
② 3D Attention-UNet (38) 73.54 ± 7.16 75.95 ± 14.59 76.04 ± 14.48 1.80 ± 1.64 6.74 ± 11.91
③ 3D UNet++ (39) 73.87 ± 7.07 77.73 ± 14.40 74.82 ± 14.26 1.53 ± 0.60 5.17 ± 3.04
④ Proposed 3D Res-UNet 74.49 ± 7.81 79.97 ± 13.90 73.90 ± 14.58 1.49 ± 0.65 5.06 ± 3.30
P-value ④ vs. ① 0.026* <0.001* 0.041* 0.179 0.190

④ vs. ② 0.007* <0.001* 0.001* 0.005* 0.043*
④ vs. ③ 0.027* <0.001* 0.107 0.213 0.520
Mar
ch 2022 | Volume 12 | A
Asterisks (∗) indicate that the difference between the proposed 3D Res-UNet method and the competing method is statistically significant (p < 0.05) using a paired t-test. The best result is
highlighted in bold.
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TABLE 3 | Comparison of the effects of adding the ASPP blocks and the proposed cascade architecture.

Method/P -value DSC (%) PPR (%) SEN (%) ASSD (mm) HD95 (mm)

① Res-UNet 74.49 ± 7.81 79.97 ± 13.90 73.90 ± 14.58 1.49 ± 0.65 5.06 ± 3.30
② MDR-UNet 75.16 ± 6.76 78.73 ± 13.50 75.81 ± 13.65 1.68 ± 3.44 5.82 ± 13.57
③ CMDR-UNet 76.23 ± 6.45 77.34 ± 14.05 79.14 ± 12.48 1.39 ± 5.44 4.72 ± 3.04
P-value ② vs. ① 0.065 0.002* <0.001* 0.409 0.418

③ vs. ② <0.001* <0.001* <0.001* 0.233 0.244
③ vs. ① <0.001* <0.001* <0.001* <0.001* 0.002*
Frontiers in Oncology | www.frontiersin.org
 8184
 Ma
rch 2022 | Volume 12 | A
Two-tailed p-values <0.05 were considered statistically significant between the proposed different models using paired t-tests. The best result is highlighted in bold.
∗p < 0.05 was considered significant. The values were represented as mean ± standard deviation. MDR-UNet: Adding the multiscale dilate CNN of the ASPP module. CMDR-UNet:
Adding our proposed cascade architecture.
FIGURE 3 | Visual comparison of different networks for GTV segmentation. The red arrows denote false positives and poorly segmented areas. Note that these
results derived from the models trained on pCT and CE-CT data are shown in pCT.
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To further validate our network mechanism, we extracted two
representative examples for boundary segmentation feature
maps as shown in Figure 5. Because of the effect of the ASPP
module, the weight distribution of the feature map is relatively
uniform and the tumor boundary is sharp, which are indicated
by the red arrows, when compared with the 3D Res-UNet
backbone. Figure 6 shows the visual comparison results of the
three different modules for four instances of NPC segmentation
along with the DSC quantification results. We found that the
ASPP block is more sensitive to the boundaries of the GTV than
the Res-UNet backbone, as shown by the red arrows indicating
positions, while the cascade architecture further improves the
stability of the network. In summary, the multiscale dilated
convolution block and proposed cascade architecture can make
a large difference in stably outputting automatic segmentation
results with high accuracy, which is critical for an algorithm.

3.B.3. Multi-Institution Experiments
The quantitative segmentation results of the models pretrained,
fine-tuned and validated on the multi-institution datasets using
mean DSC and ASSD with standard deviations were listed in
Table 4. For the A(pCT) pretrained model, the mean results of
the DSC and ASSD for the data with five-fold cross-validation
were 74.63% and 1.58 mm, respectively. The DSC value was
inferior to the 75.16% obtained for the DSC trained with pCT
and CE-CT, as shown in Table 3. In these five models pretrained
Frontiers in Oncology | www.frontiersin.org 9185
on dataset A, the model with the best performance was applied to
the datasets B, C and B+C, the mean DSC and ASSD results were
68.21% and 2.09 mm, 61.64% and 2.13 mm and 64.26% and
2.12mm, respectively. Clearly, these results were not satisfactory.
FIGURE 5 | Visual comparison of the boundary feature maps obtained by including the Res-UNet backbone and adding the ASPP block. Map columns: includes
output feature maps and boundary feature maps, where warmer colors represent higher attention. Outline columns: red and blue denote the ground truth and
automatic segmentation results, respectively. The red arrows denote boundary areas noticed by the ASPP block, which has better boundary segmentation
performance. Note that the two rows are from different patients and shown in pCT.
FIGURE 4 | Boxplot showing the DSCs of different models. The symbols
represents the means, represents the 1% and 99%, represents the min
and max.
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Then this pretrained model was fine-tuned with 70% of datasets
B, C and B+C and the remaining 30% dataset was utilized for
test, respectively. The mean DSC and ASSD results reached to
74.49%, 1.87 mm and 73.95%, 1.89mm for institution B, and
Frontiers in Oncology | www.frontiersin.org 10186
69.64%, 1.42 mm and 67.43%, 1.60mm for institution C,
respectively. Compared with the model fine-tuned on the
single dataset B or C, the evaluation metrics of model fine-
tuned on the mixed dataset B+C showed slightly lower
FIGURE 6 | Example pCT images show the level of consistency for GTVnx between the automatic delineation with our method and the ground truth. Red lines
denote the human expert-delineated ground truth, and the other lines denote the contours of the automatic delineation.
March 2022 | Volume 12 | Article 827991
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performance, which was probably caused by the pCT scanned
from different devices and particularly the ground truth
delineated by different doctors. Moreover, the problem of
sample shortage leaded to the lack of stability in statistical
differences. In summary, these results demonstrate that
transfer learning can achieve good performance on
external datasets.

To further test the robustness and transferability of the model
application, the original and target domains were switched for
the following experiments. The segmentation results of the
models pretrained, fine-tuned and validated on the dataset B,
C, B+C and A were listed in the Supplementary Table 1. The
pretrained network model achieved good performance on the B
and C datasets with the mean DSC and ASSD of 72.84%,
1.89 mm and 65.77%, 2.56mm, respectively. It shows that the
model also has good robustness on other datasets. However,
direct application of the trained models based on B and C
datasets to the A dataset shows poor performance with mean
DSC and ASSD as low as 61.23%, 2.80mm and 58.88%, 2.72mm,
respectively. Meanwhile, dataset A (70%) was used to fine-tune
the models pretrained on the B, C and B+C datasets, respectively.
The mean DSC and ASSD results reached 74.81%, 1.36mm,
74.27%, 1.40mm and 74.46%, 1.61mm, respectively. It is easy to
notice that there is no improvement in the above results
compared to the dataset directly training results of 74.46%,
1.45mm (P>0.05). These results suggest that models trained on
small datasets have poor generalization ability and transfer
learning being introduced to large datasets may not
improve performance.
4 DISCUSSION AND CONCLUSION

Blurred tumor boundaries and large shape variations have always
been huge challenges for GTV segmentation of NPC in lower-
contrast CT images. In this work, a 3D automatic segmentation
algorithm has been proposed to solve these issues, in which the
concept of multiscale local enhancement is employed with the
foundation of the 3D Res-UNet backbone model. First, for small
target areas, such as GTV, we introduced the multiscale ASPP-
block in skip-connection to guide the network to focus more on
the target area, especially for the boundary during learning, to
Frontiers in Oncology | www.frontiersin.org 11187
promote the segmentation performance. Second, benefiting from
the excellent ability to capture both global and local feature
information simultaneously, a cascade architecture was adopted
in training for outputting robust segmentation results. Moreover,
we adopted an automatic preprocessing method to reduce the
image background to solve the problem of heavy computation
and memory consumption in loading the 3D network
model data.

In multi-institution experiments, as shown in Tables 3, 4, CE-
CT is helpful for improving segmentation performance. Due to
the differences in data sources and manual delineation for
different institutions, as demonstrated in the literature (22),
DSCs can vary from 71% to 80% compared to the manual
contours of eight radiation oncologists with ground truth
contours. In our experiments, it was found that direct
application of the model trained with the internal dataset to
the external dataset yielded suboptimal results. However, the
performance of the models can be significantly improved by
transfer learning, which only requires fine-tuning the network
with a smaller dataset to output comparable results obtained
from a larger dataset. Although transfer learning may not be used
to improve the performance of applying a model trained on a
small dataset to the results of a large dataset, it can output
comparable results with higher training speed. In addition, the
models were applied to the small datasets B and MICCAI, where
the DSC could reach 72.84% and 65.77%, respectively. Another
study based on MICCAI data showed that the DSC of the
ensemble multi-scale model was only 65.66% (40), which is
comparable to the result (65.77%) but lower than the proposed
method with transfer learning (69.64%). It shows that the model
is robust to small datasets. In general, although a trained model
cannot not be valid for all dataset estimations, the proposed
model can achieve good performance through transfer learning.

Indeed, limitations have been observed within the current
model. In the multi-institution experiment, since the labels are
delineated by different radiation oncologists, the dataset cannot
be evaluated uniformly when multiple institutions are integrated
into the network model for supervised training. In future work,
the segmentation performance will be further improved in the
following three aspects: 1) To overcome the differences in tumor
delineations by various doctors, the accuracy and consistency of
delineation will be further advanced. 2) Considering the
TABLE 4 | The segmentation results of the models pretrained, fine-tuned and validated on the dataset A, B, C and B+C.

Training datasets Test datasets DSC (%) ASSD (mm)

A (pCT) A 74.63 ± 7.05 1.58 ± 0.94
B 68.21 ± 5.51 2.09 ± 0.74
C 61.64 ± 13.55 2.13 ± 1.02

B+C 64.26 ± 11.54 2.12 ± 0.93
A Pretrained + B (70%) fine-tuning ① B (30%) 74.49 ± 6.86 1.87 ± 0.67
A Pretrained + C (70%) fine-tuning ① C (30%) 69.64 ± 10.02 1.42 ± 0.36
A Pretrained + (B+C) (70%) fine-tuning ② B (30%) 73.95 ± 8.66 1.89 ± 0.78

② C (30%) 67.43 ± 12.35 1.60 ± 0.49
P-value ② B vs. ① B 0.810 0.893

② C vs. ① C 0.180 0.041*
March 2022 | Volume 12 | A
Two-tailed p-values <0.05 were considered statistically significant. The best result is highlighted in bold.
The values were represented as mean ± standard deviation. ∗p < 0.05 was considered significant. A: Our institution; B: institution B; and C: MICCAI2019.
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significant differences between numerous data sources, a semi-
supervised method will be introduced in training to enhance the
robustness of the network. 3) Multimodal data will be utilized to
assist CT image segmentation.

Extensive experiments on our CT dataset show that our
proposed CMDR-UNet method based on the modified 3D
Res-UNet backbone outperforms other state-of-the-art
methods and achieves the best results for the quantitative
indicators DSC, PPR, ASSD and HD95. In multi-institution
experiments, due to the differences in data sources and manual
delineations for different institutions, the segmentation results of
other datasets acquired from a single institution trained model is
unsatisfactory, although this issue can be resolved by transfer
learning. This finding is desirable because it partially reflects the
universality of our proposed algorithm for clinical application.
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Objective: To explore the performance of Multi-scale Fusion Attention U-Net (MSFA-U-
Net) in thyroid gland segmentation on localized computed tomography (CT) images for
radiotherapy.

Methods:We selected localized radiotherapeutic CT images from 80 patients with breast
cancer or head and neck tumors; label images were manually delineated by experienced
radiologists. The data set was randomly divided into the training set (n = 60), the validation
set (n = 10), and the test set (n = 10). We expanded the data in the training set and
evaluated the performance of the MSFA-U-Net model using the evaluation indices Dice
similarity coefficient (DSC), Jaccard similarity coefficient (JSC), positive predictive value
(PPV), sensitivity (SE), and Hausdorff distance (HD).

Results: For the MSFA-U-Net model, the DSC, JSC, PPV, SE, and HD values of the
segmented thyroid gland in the test set were 0.90 ± 0.09, 0.82± 0.11, 0.91 ± 0.09, 0.90 ±
0.11, and 2.39 ± 0.54, respectively. Compared with U-Net, HRNet, and Attention U-Net,
MSFA-U-Net increased DSC by 0.04, 0.06, and 0.04, respectively; increased JSC by
0.05, 0.08, and 0.04, respectively; increased SE by 0.04, 0.11, and 0.09, respectively;
and reduced HD by 0.21, 0.20, and 0.06, respectively. The test set image results showed
that the thyroid edges segmented by the MSFA-U-Net model were closer to the standard
thyroid edges delineated by the experts than were those segmented by the other three
models. Moreover, the edges were smoother, over–anti-noise interference was stronger,
and oversegmentation and undersegmentation were reduced.

Conclusion: TheMSFA-U-Net model could meet basic clinical requirements and improve
the efficiency of physicians’ clinical work.

Keywords: U-Net model, multi-scale fusions, medical-image segmentation, thyroid, radiotherapy
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INTRODUCTION

Head and neck tumors and breast cancer are currently the
tumors with relatively higher morbidity and mortality rates
worldwide (1). In 2020, 19.29 million new cancer cases
occurred worldwide, of which 4.57 million (23.7%) were in
China. Radiotherapy is an effective and common method for
treating head and neck cancer and breast cancer (2–4).
Accurately delineating organs at risk (OARs) when designing
radiotherapy plans can effectively avoid radiation side effects. At
present, physicians are responsible for outlining OARs, making
the process subjective, time consuming, and labor intensive.

The rapid development of artificial intelligence (AI) enabled
Ronneberger et al. (5) to propose the U-Net neural network model
in 2015. The delineation method based on deep learning (DL) has
gradually been developed and applied in clinical work (6–10). Ye
et al. (7) used an improved model, a dense-connectivity embedding
U-Net, to train and segment the T1 and T2 magnetic resonance
imaging (MRI) images of 44 patients with nasopharyngeal
carcinoma; the authors obtained a Dice similarity coefficient
(DSC) of 0.87 after tenfold cross-validation. Automatized
delineation of the thyroid gland on localized CT images for
radiotherapy has been critical in radiotherapy planning (11). Zhai
et al. (12) found that the patients who received thyroid mean radio
dose of ≥45 Gy had a 4.9 times increased risk of hypothyroidism
than those with lower mean radio dose. Akın et al. (13) conducted a
retrospective study on 122 patients who received three-dimensional
conformal radiation therapy (3D-CRT) for breast cancer. They
found that ①functional abnormalities occurred in the thyroid gland
which was exposed to total radiation doses of 26 to 30 Gy; ②44% of
the patients were exposed to a radiation dose of >26 Gy. Other
studies showed that 2 years after patients with head and neck
tumors received radiotherapy, their incidence of hypothyroidism
was 36%; moreover, this incidence increased along with follow-up
time (14, 15). Therefore, in radiotherapeutic planning, radiation
must be limited to the thyroid gland. Narayanan D. et al. (16) used
multi-atlas label fusion (MALF) and random forest (RF) to
automatically segment the thyroid gland on CT and found that
MALF with RF presented better segmentation with the DSC being
0.76 ± 0.11, which was significantly better than the individual
MALF and RF methods. Chang et al. (17) used a progressive
learning vector quantization neural network to segment the
thyroid on CT and their experimental results showed that the
proposed method could effectively segment thyroid glands with its
average SE being 88.43%. He et al. (18) used deep convolutional
neural network to segment the thyroid gland on noncontrast-
enhanced head and neck CTs and found that their proposed
method had significantly improved performance. Considering that
Abbreviations: CT, computed tomography; MSFA-U-Net, Multi-scale Fusion
Attention U-Net; DSC, Dice similarity coefficient; JSC, Jaccard similarity
coefficient; PPV, positive predictive value; SE, sensitivity; HD, Hausdorff
distance; HRNet, High-Resolution net; OARs, organs at risk; AI, artificial
intelligence; DL, deep learning; MRI, magnetic resonance imaging; MALF,
multi-atlas label fusion; RF, random forest 3D, three-dimensional; 3D-CRT,
three-dimensional conformal radiotherapy; ROI, region of interest; cSE, Spatial
Squeeze and Channel Excitation Block; BN, batch normalization; GAP, global
average pooling; DLC, deep learning contouring.
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CT localization for radiotherapy involves a simulated-positioning,
large-aperture CT (SOMATOM Sensation Open, 24 rows, F85 cm;
Siemens Healthcare, Forchheim, Germany), which is limited by
small size and poor image resolution, automatic segmentation of the
thyroid gland based on a DL model is difficult. The performance of
such a model on localized CT images for radiotherapy requires
further exploration. In the deep learning study, the combination of
HRNet and SE is common (19). In HRNet, multiple parallel
networks with different resolutions are used to extract features
and multi-scale fusions are repeatedly performed during feature
extraction to ensure that the model can fully obtain information of
different scales (20). The cSEmodule enables the model to pay more
attention to major channel features and suppresses those minor
channel features (21). Therefore, in this study, we proposed a model
that combined a Spatial Squeeze and Channel Excitation Block
(cSE) attention mechanism with HRNet on the basis of U-Net and
used it to segment the thyroid gland on localized CT images to help
delineate the gland as an OAR in radiotherapy.
MATERIALS AND METHODS

Data Set Acquisition
We obtained the experimental data set in this study from 80
patients with nasopharyngeal carcinoma or breast cancer who
were admitted to the Department of Radiotherapy of Yunnan
Cancer Hospital (Kunming, China) from June 2014 to April
2019. Localization for each patient was simulated using a
SOMATOM Sensation Open 24 CT scanner. CT images were
obtained in Digital Imaging and Communications in Medicine
(DICOM) format with slices being 5 or 3 mm thick and pixels
being 512 × 512. Senior radiotherapists drew the label images on
the CT images in DICOM, using 3D Slicer software version 4.11.
The label images were converted from DICOM to PNG
format (Figure 1).

We divided the data set (6:1:1) into training, validation, and
test sets. Due to the small number of medical data sets and the
high cost of drawing, collecting a sufficiently large number of
data sets was difficult; however, a training data set that was too
small would have created a risk of overfitting the model. To avoid
this risk, in this study we expanded the training sample data set
size by means of rotation, flipping, zooming, and shearing.

Data Set Preprocessing
To better highlight the region of interest (ROI), we first
converted CT image pixels into Hounsfield unit (HU) values
and then adjusted the window width and level of the converted
data to highlight the thyroid gland. Finally, we used adaptive
histogram equalization to further enhance the contrast and
normalize the images.

Model Framework
We improved our model based on the U-Net and HRNet model
architectures, called MSFA-U-Net. Main improvements were (a)
replacing two feature extraction convolutions of different
resolutions in the U-Net downsampling process with multiple
convolution blocks in HRNet and feature fusion between different
May 2022 | Volume 12 | Article 844052
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scales: and (b) introducing the cSE attention mechanism into each
convolution block (Figure 2). In the downsampling process of the
model, we connected a cSE module after extracting two 3 × 3
convolutional features and fused the input features with the post–
scale operation features by means of a residual connection that
consisted of a 1 × 1 2D convolution and a normalization layer (22)
[batch normalization (BN)]. In the cSE module, we used a global
average pooling (GAP) layer to convert a feature map from channel
× height × width to channel × 1 × 1 and then used Dense to reduce
the feature channel by half, which we achieved by activating the
function Relu. Next, we restored the feature channel to normal size
using Dense and activated it using the function Sigmoid. Finally, we
obtained a calibrated feature map via channelwise multiplication.
The schematic diagram of the residual connection and cSE module
structure is shown in Figure 3. Residual connection can prevent
gradient vanishing and gradient explosion during training (23).
Moreover, the cSE module could effectively reflect relationships
between different channels and assign different weights, enabling
Frontiers in Oncology | www.frontiersin.org 3192
the model to focus on important features for accurate segmentation
of the thyroid gland during the training process. The whole module
is called an Attention Resblock (Figures 2, 3). The traditional U-
Net model uses the maximum pooling layer to perform
downsampling and reduce the number of parameters; this
method can lead to loss of information during feature extraction.
Therefore, in this study we used stepped convolution for
downsampling. Stride convolution can remove redundant
information, thereby reducing the size of the feature map. Our
model used multiple branches of different resolutions to extract
features in parallel during the training process, and it performed
feature fusion among different scales after each attention residual
block to achieve strong semantic information and precise location
during the training process. One or more transposed convolutions
(3 × 3) were used in the conversion from low to high resolution,
while one or more stride convolutions (3 × 3) were used in the
conversion from high to low resolution (Figure 3). In the
upsampling, the attention residual block replaced the two
A B

C

FIGURE 1 | Localized CT image, Ground truth, and 3D image. (A) Standard image of the imported model (CT image). (B) Corresponding label image (Ground truth).
(C) Thyroid gland drawn in 3D.
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FIGURE 2 | MSFA-U-Net structure.
A

B C

FIGURE 3 | Attention Resblock Module and feature fusion of different scales. (A) Attention Resblock Module; blue cuboid = cSE module, red cuboid = Resblock
module. (B) One or more stride convolutions (3 × 3) were used in the conversion from high to low resolution. (C) One or more transposed convolutions (3 × 3) were
used in the conversion from low to high resolution.
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convolution operations in U-Net to avoid excessive parameters.
Meanwhile, we added a dropout layer after each shortcut
connection (parameter set to 0.2) to avoid a decrease in
generalization caused by overfitting resulting from multiple
feature fusions between different scales during the training process.

Model Operating Environment
and Parameters
We used TensorFlow software version 2.4.0 (Google Brain Team,
2015; Mountain View, CA, USA) and Keras software version
2.4.3 (Chollet, 2015) to build the model, and Python 3 (Van
Rossum and Drake, 2009) to program it. In addition, we used a
Windows 10 64-bit operating system (Microsoft Corp.,
Redmond, WA, USA) with the following hardware: central
processing unit (CPU), Intel Core i9-10900 KF @ 3.70 GHz
(Intel Corp., Santa Clara, CA, USA); graphics card, NVIDIA
GTX3090 24 G (NVIDIA Corp., Santa Clara, CA, USA); and 128
GB memory. Model hyperparameters were selected from the best
results according to the experimental conditions (Table 1). Batch
Size represents the number of input images per iteration, Epoch
represents the batch to be trained, Image Size represents the
input size of the image, Learning Rate represents the initial
learning rate using exponential decay, Decay steps indicate how
many steps have been experienced for a learning rate decay, and
Decay Rate indicates the learning rate decay coefficient.

Loss Function
Due to its small size, the thyroid gland occupies minimal space
on a CT image. Therefore, use of the traditional cross-entropy
loss function would leave the model more inclined to predict the
background and thus unable to accurately identify the thyroid
gland. Milletari et al. (24) proposed a loss function for sample
imbalance in medical-image segmentation while researching V-
Net-Dice loss function, which is based on DSC. It directly
compares the overlap between the model prediction and real
segmentation, thereby effectively solving the problem of serious
thyroid imbalance. The Dice loss function is calculated according
to formula (1.1) below:

DL = 1 − 2*
X ∩ Yj j + e
Xj j + Yj j + e

, (1:1)

where X represents the label matrix of the real thyroid gland, Y is
the prediction matrix of the model predicting the thyroid gland,
and e represents a constant included to avoid division by zero.

Evaluation Indices
We used the common indices of DSC, JSC, PPV, SE, and HD to
further evaluate the generalization ability and segmentation
accuracy of the model.
Frontiers in Oncology | www.frontiersin.org 5194
DSC (25) and JSC (26) were calculated according to formulas
(1.2) and (1.3), respectively:

DSC = 2*
X ∩ Yj j
Xj j + Yj j , (1:2)
JSC =
X ∩ Yj j
X ∪ Yj j , (1:3)

where X represents the standard segmentation map drawn by a
radiologist, Y is the prediction image segmented by the neural-
Network model, and | X∩Y | represents the overlap between the
standard map drawn by the radiologist and the model-predicted
image. The value range of DSC and JSC is 0–1; values closer to 1
indicate better predictive ability.

PPV (27) and SE (28) were calculated according to formulas
(1.4) and (1.5), respectively:

PPV =
TP

TP + FP
, (1:4)

SE =
TP

TP + FN
, (1:5)

where TP represents the correctly predicted foreground target
value, FP represents the incorrectly predicted foreground target
value, and FN represents the incorrectly predicted background
target value.

HD (29) was calculated according to formula (1.6):

H(X,Y) = max h X,Yð Þ, h Y ,Xð Þð Þ, (1:6)

where:
h X,Yð Þ = max

x∈X
 min

y∈Y
∥ x − y ∥, h Y ,Xð Þ

= max
y∈Y

 min
x∈X

∥ y − x ∥

Smaller values of HD indicate better predictive ability.

Comparison Model Design
To prove the validity of the proposed MSFA-U-Net model, we
selected three model architectures related to MSFA-U-Net and
conducted comparative experiments:

1. U-Net (5): A U-shaped symmetrical structure composed of
upsampling, downsampling, and skip connection. The skip
connection effectively combines feature information among
different resolutions and compensates for the loss of high-
resolution features in the downsampling process. It could also
output the feature map more accurately. U-Net is a widely
used model in medicine.
TABLE 1 | Network training parameters.

Model Batch Size Epoch Image Size Learning Rate Decay Steps Decay_Rate

U-Net 2 120 512 × 512 1e-5
HRNet 2 120 512 × 512 8e-5 300 0.96
Attention U-Net 2 120 512 × 512 8e-4 300 0.96
MSFA-U-Net 2 120 512 × 512 2e-4 300 0.96
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2. HRNet (20): This model maintains high-resolution output
during feature extraction. It has multiple parallel subnets with
different resolutions to compress and extract features and to
fuse features on multiple scales in order to obtain richer high-
resolution features. In their original study, the authors used
bilinear-interpolation upsampling. To better extract features
for fusion, in this study we used transposed convolution to
convert from low to high resolution.

3. Attention U-Net (30): This model introduces an attention-
gating mechanism, which gives the information in the jump
connection of the U-Net model different weights and enables
it to pay more attention to the ROI.
EXPERIMENTAL RESULTS

Qualitative Analysis of Results
Figure 4 shows the results of the thyroid gland segmentation of the
four models in the test set. Figure 5 shows the coverage map of the
four models on the CT image of the radiotherapy location. Given
the presence of many blood vessels and soft tissues with similar
gray levels around the thyroid gland, oversegmentation and
undersegmentation are expected in edge segmentation. As shown
in Figure 4, some of the surrounding blood vessels and soft tissues
were mistakenly segmented as part of the left lobe of the thyroid
gland when the U-Net model segmented that lobe. Although
HRNet and Attention U-Net decreased oversegmentation of the
surrounding soft tissues and blood vessels, some noise points and
uneven edges remained. However, the MSFA-U-Net architecture
used in this study achieved smooth edges and decreased noise.
Moreover, although we adjusted the window width and level and
adopted adaptive contrast enhancement, some lesions at some
levels of the thyroid might have been less obviously enhanced. At
these levels, MSFA-U-Net exhibited more-robust thyroid
segmentation than the other three models. In summary,
Frontiers in Oncology | www.frontiersin.org 6195
compared with those other three models, MSFA-U-Net
improved the performance of thyroid gland segmentation on
localized CT images for radiotherapy.

Quantitative Analysis of Results
Table 2 compares the results for the four models in the test set of
thyroid gland segmentation indices on localized CT images for
radiotherapy. MSFA-U-Net had the best values for four evaluation
indices: DSC, 0.90; JSC, 0.82; SE, 0.90; and HD, 2.39. Compared
with the other three mainstream medical-image segmentation
models, MSFA-U-Net greatly improved DSC (improvement
range, 0.04–0.06), JSC (improvement range, 0.04–0.08), SE
(improvement range, 0.04–0.11), and HD (improvement range,
-0.21 to -0.06). On the PPV index, MSFA-U-Net was better than U-
Net and worse than bothHRNet and Attention U-Net; however, the
HRNet and Attention U-Net models performed worse than the
MSFA-U-Net model on the other evaluation indices.

Box Plot of Results
To further evaluate the differences among the four models, we
made box plots of the evaluation indices (Figure 6). The results
showed that MSFA-U-Net had a smaller distance between the
upper and lower quartiles than the other three models; it also had
fewer outliers, and the outliers it did have were closer to the
median. These findings indicated that MSFA-U-Net was better at
segmenting the thyroid gland on localized CT images for
radiotherapy than the other three models were; moreover, it
ensured more-consistent segmentation results.

Summary and Analysis of Results
Attention U-Net (which introduces gated attention) and HRNet did
not show obvious advantages in thyroid gland segmentation on
localized CT images for radiotherapy compared with U-Net; rather,
they performed even worse on some of the evaluation indices. The
reason might be that although the gated-attention mechanism can
A B D E FC

FIGURE 4 | Thyroid gland segmentation of the four models on localized CT images for radiotherapy. (A) Standard image of the imported model (CT image).
(B) Corresponding label image (Ground truth). (C) Thyroid segmented by U-Net. (D) Thyroid segmented by HRNet. (E) Thyroid segmented by Attention U-Net.
(F) Thyroid segmented by MSFA-U-Net.
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effectively segment the target category and location, it can also lead
to an increase in false-positive model predictions for small-volume
segmentation with variability in shape. HRNet performs multiple
simple feature fusions; although it can effectively fuse features and
obtain rich high-resolution features, it is also more likely to cause
overfitting if training data is relatively scarce. Therefore, the
phenomenon of integration leads to a decline in HRNet’s
generalization ability. Clearly, the increases in model parameters
and resource consumption might not necessarily improve results.
DISCUSSION

Radiotherapy is critical to comprehensive treatment of head and
neck tumors and breast cancer. When radiotherapy plans are
designed and implemented, accurate regulation of the radiation
dose within the target area and limitation thereof to the surrounding
OARs are important factors in the treatment plan’s evaluation.
OARs must be precisely delineated to effectively limit the dose
outside the target area and avoid side effects of radiation (31). The
thyroid gland, as an OAR during treatment of head and neck
tumors and breast cancer, must be protected during radiotherapy.
Atlas-based Auto- contouring (ABAS) and deep learning
contouring (DLC) are most widely used in present automatic
delineation of OARs. Choi Ms et al. (32) compared the
performance between ABAS and DLC in delineating breast
cancer OARs and clinical target volume, which showed that DLC
Frontiers in Oncology | www.frontiersin.org 7196
performed better than ABAS in the properties of most structures.
Besides, L. V. van Dijk et al. (33). compared the performance
between ABAS and DLC in automatically delineating head and
neck OARs, which revealed that DLC had better performance than
ABAS and DLC presented significantly better thyroid automatic
delineation with DSC increasing 0.23 (0.83 VS 0.60). However, there
still exists improvement space in automatic delineation of thyroid
due to its small volume and complex shape, which necessitates
developing a new DLCmodel to improve the accuracy of automatic
delineation of the thyroid.

This study proposed a multi-scale fusion attention U-Net model
to address the problem of thyroid gland segmentation on localized
CT images for radiotherapy. The innovation of this algorithm lay in
the addition of multiple parallel channels on the basis of the
traditional U-Net model. It fully integrated feature information
between different resolutions, thereby avoiding single-resolution
information in the U-Net downsampling process. In addition, our
study also introduced the cSE attention mechanism, which inclined
the model to the ROI during the training process. The experimental
results showed that, compared with similar representative
segmentation algorithms, the proposed model improved both
qualitative and quantitative results to a certain extent and had
better robustness and generalization. The image segmentation
graphs revealed that MSFA-U-Net effectively reduced
oversegmentation and undersegmentation and achieved smoother
edges. It is believed in the relevant articles that DSC > 0.70 indicates
acceptable agreement (34, 35). All models used in this study reached
this threshold with the DSC value of MSFA-U-Net reaching 0.90,
indicating that this model could effectively segment the thyroid
gland on localized CT images for radiotherapy. The box plot
diagrams demonstrated that MSFA-U-Net yielded good
quantitative results: the upper- and lower-quartile gaps and
outliers of most evaluation indicators were reduced, indicating
that the model achieved consistent segmentation of the different
layers of the thyroid gland and could segment the gland effectively.

Furthermore, some automatic delineation performance of the
thyroid conducted by other researchers were compared with ours.
TABLE 2 | Assessment indices of the test set (�x ± s).

U-Net HRNet Attention U-Net MSFA-U-Net

DSC 0.86 ± 0.10 0.84 ± 0.09 0.86 ± 0.15 0.90 ± 0.09
JSC 0.77 ± 0.13 0.74 ± 0.13 0.78 ± 0.16 0.82 ± 0.11
PPV 0.88 ± 0.12 0.93 ± 0.08 0.95 ± 0.07 0.91 ± 0.09
SE 0.86 ± 0.12 0.79 ± 0.13 0.81 ± 0.17 0.90 ± 0.11
HD 2.60 ± 0.57 2.59 ± 0.54 2.45 ± 0.69 2.39 ± 0.54
Bold, optimal value.
A B D E FC

FIGURE 5 | Thyroid coverage map of the four models on localized CT images for radiotherapy. (A) CT image. (B) Coverage map of thyroid of corresponding label
image(Ground truth) on CT image. (C) Coverage map of thyroid segmented by U-Net on CT image (D) Coverage map of thyroid segmented by HRUet on CT image.
(E) Coverage map of thyroid segmented by Attention U-Net on CT image. (F) Coverage map of thyroid segmented by MSFA-U-Net on CT image.
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L. V. van Dijk et al. (33) adopted deep learning contouring to
improve automatic delineation for head and neck OARs. In their
study, automatic delineation of 693 patients were performed with
DSC and HD being 0.83 ± 0.08 and 3.6 ± 3.0 mm for DLC. In our
study, the DSC and HD for the proposed model, MSFA-U-Net,
were 0.90 ± 0.09, and 2.39 ± 0.54 respectively. Yang et al. (36) used a
self-adaptive Unet network to segment OARs on the CT images of
149 nasopharyngeal carcinoma patients and obtained thyroid
segmentation with DSC being 0.83 ± 0.03 and HD being 4.5 ±
Frontiers in Oncology | www.frontiersin.org 8197
1.3. Compared with their model, our proposed model, MSFA-U-
Net, increased DSC by 0.07 and reduced HD by 2.11, indicating that
MSFA-U-Net had certain superiority in segmenting the thyroid
gland on localized CT images for radiotherapy. Zhong et al. (37)
proposed Boosting-based Cascaded Convolutional Neural Network
to segment the head and neck OARs. In their model, DSC was
above 92.29% and HD was 2.64 for the thyroid. Our proposed
model produced a lower DSC, but a better HD evaluation. Cascaded
and boosting were adopted in their model, which promoted its
A B

D

E

C

FIGURE 6 | Box plot diagrams in the test set. (A) Box plot diagram of DSC in the test set. (B) Box plot diagram of JSC in the test set. (C) Box plot diagram of PPV
in the test set. (D) Box plot diagram of SE in the test set. (E) Box plot diagram of HD in the test set.
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performance than single-models but meanwhile increased its
complexity. When we take model complexity and segmentation
performance into consideration, we find that our model still has
its advantages.

However, the algorithm proposed in this study had some
limitations. First, certain MSFA-U-Net evaluation indices have
not yet reached optimal results. Second, the introduction of
numerous feature fusions among different scales increased the
number of model parameters. Third, although Dice loss function
could effectively solve the problem of class imbalance, its
gradient characteristics could cause the model to oscillate
during the training process. In future research, we will explore
how to reduce the parameter count of the model while further
optimizing the model by using different loss functions.
CONCLUSION

In summary, the MSFA-U-Net model enabled radiotherapy
physicians to automatically delineate the thyroid gland on
localized CT images for radiotherapy. Our results showed that
the model could be applied in clinical work: compared with the
three commonly used models in medicine, MSFA-U-Net could
delineate the thyroid gland more accurately.
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Objectives: The purpose of this study was to investigate the stability of dosiomic
features under random interfractional error. We investigated the differences in the values
of features with different fractions and the error in the values of dosiomic features under
interfractional error.

Material and Methods: The isocenters of the treatment plans of 15 lung cancer patients
were translated by a maximum of ±3 mm in each axis with a mean of (0, 0, 0) and a
standard deviation of (1.2, 1.2, 1.2) mm in the x, y, and z directions for each fraction. A
total of 81 dose distributions for each patient were then calculated considering four
fraction number groups (2, 10, 20, and 30). A total of 93 dosiomic features were extracted
from each dose distribution in four different regions of interest (ROIs): gross tumor volume
(GTV), planning target volume (PTV), heart, and both lungs. The stability of dosiomic
features was analyzed for each fraction number group by the coefficient of variation (CV)
and intraclass correlation coefficient (ICC). The agreements in the means of dosiomic
features among the four fraction number groups were tested by ICC. The percent
differences (PD) between the dosiomic features extracted from the original dose
distribution and the dosiomic features extracted from the dose distribution with
interfractional error were calculated.

Results: Eleven out of 93 dosiomic features demonstrated a large CV (CV ≥ 20%). Overall
CV values were highest in GTV ROIs and lowest in lung ROIs. The stability of dosiomic
features decreased as the total number of fractions decreased. The ICC results showed
that five out of 93 dosiomic features had an ICC lower than 0.75, which indicates
intermediate or poor stability under interfractional error. The mean dosiomic feature values
were shown to be consistent with different numbers of fractions (ICC ≥ 0.9). Some of the
dosiomic features had PD greater than 50% and showed different PD values with different
numbers of fractions.

Conclusion: Some dosiomic features have low stability under interfractional error. The
stability and values of the dosiomic features were affected by the total number of fractions.
The effect of interfractional error on dosiomic features should be considered in further
studies regarding dosiomics for reproducible results.

Keywords: dosiomics, radiomics, texture analysis, dose distribution, stability, generalizability, interfractional error
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INTRODUCTION

In radiation therapy, radiation dose information is analyzed to
determine an appropriate radiation plan. Dosimetric values
derived from organ-at-risk dose-volume histograms (DVHs) or
dosimetric features, such as the mean dose or V20, are
commonly used to estimate the normal tissue complication
probability (NTCP). However, dosimetric features do not
incorporate spatial information from the dose distribution.
Therefore, texture analysis of dose distributions, called
dosiomics, has been proposed (1–3). Studies have shown that
dosiomics can be used to predict complications from radiation
therapy more accurately than dosimetric features (1, 3), yet there
exist some concerns regarding the stability and generalizability of
texture analysis (4, 5). Some dosiomic features were found to be
unstable over different grid resolutions (6), dose calculation
algorithms (6), and cube pixel spacing (7). This shows that the
reproducibility of dosiomic features depends on the process of
producing images.

Geometric errors in radiotherapy can be from random and
systematic errors. Systematic geometrical error results in a total
shift of the dose distribution, while random geometrical error,
defined as interfractional error in this study, leads to blurring of
the dose distribution (8). During treatment delivery, many
random errors, such as setup error, organ shift, and respiratory
motion can result in dose deviation from the original plan.
Therefore, the actual dose distribution the patient receives could
differ from the original treatment plan. These errors can also result
in variations in the dose distribution within the same patient and
the same treatment plan. The impact of setup errors in dosimetric
features has been reported (9–12). Furthermore, these errors can
result in overestimation or underestimation of probability
according to the NTCP model (13–15). In other words, these
errors might decrease the reproducibility of dosiomics as well.

For many cancers, the radiation dose and the number of
fractions can vary from patient to patient. Because of
interfractional error, a different total number of fractions may
induce different error behavior. Random errors in the
interfractional dose distribution cause the dose distribution to
appear more blurred for a larger total number of fractions than for
a smaller total number of fractions. These errors may also further
affect the reproducibility of dosiomic features. To study the effect
of such errors on dosiomic features, we investigated the following:

• The stability of dosiomic features extracted from dose
distributions with interfractional error.

• The differences in dosiomic features extracted from original
dose distributions and dose distributions with interfractional
error.
MATERIALS AND METHODS

Datasets
Original CT image data, original dose distributions, treatment
plan data, and regions of interest (ROIs) for 15 lung cancer
Frontiers in Oncology | www.frontiersin.org 2201
patients from the Varian Eclipse Treatment Planning System
(TPS; version 16.1, Varian Medical Systems, Palo Alto, CA, USA)
at Ramathibodi Hospital were used in this study. Four different
ROIs, including the GTV, PTV, heart, and both lungs, were
labeled by radiation oncologists. All of the treatment plans
corresponded to IMRT/VMAT for lung cancer. The
information for clinical factors, radiation setting, and some
dose profiles of all patients are included in Supplementary
Tables S1-S3.

Error Simulation
We simulated the interfractional error by introducing Gaussian
error into each fraction. Gaussian error was selected because the
sum of arbitrary errors can be approximated as Gaussian error by
the central limit theorem (16). The interfractional errors were
simulated in Varian Eclipse Treatment Planning System by
shifting the isocenter of the original treatment plans n times,
where n is the number of fractions. The mean error was (0, 0, 0),
and the standard deviation was (1.2, 1.2, 1.2) mm for the
Gaussian distribution in the x, y, and z directions (with a
maximum shift of ± 3.0 mm in the x, y, and z directions). The
range of error -3.0 mm to 3.0 mm is used because in our
institution, error < 3 mm is mostly acceptable and still within
the PTV margin for IMRT/VMAT treatment. Therefore, for
errors > 3 mm, a correction was applied, and the effect of error in
that scenario did not exceed 3 mm.

The shifted treatment plans were used to calculate the dose
distribution and the accumulative n dose to yield the final dose
distribution (Derr). The dose distribution of the plan without
errors (Dori) was also recalculated to ensure that the parameters
of the dose calculation were the same. To generate more dose
distributions, we randomly sampled error from a Gaussian
distribution to simulate 20 samples of Derr for each patient
(with the same interfractional error for the same total number
of fractions for different patients) and varied the total number of
fractions among 2, 10, 20, and 30 while keeping the same
total dose.

An example of a simulated dose distribution for patient 9 is
shown in Figure 1. The overall process from error simulation
to feature extraction is shown in Figure 2. The dose
calculations for Dori and Derr were performed using the
analytical anisotropic algorithm (AAA) on Varian Eclipse™

TPS. The dose calculation grid resolution was set to 2.5 cm3. A
total of 81 dose distributions (20 images for each fraction
group and one nonshifted dose distribution) were calculated
for each patient.

Features
Dosiomic features were extracted from the dose distributions by
using the pyradiomics library, an open-source Python package
for extracting radiomic features from medical images (17). The
features considered in this study were in compliance with the
feature definitions described by the Imaging Biomarker
Standardization Initiative (IBSI) (18). Before calculating a
feature, dose distribution data were binned into 70 discrete
levels from 0-70 Gy. Dosiomic feature extraction was
June 2022 | Volume 12 | Article 726896
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performed within the ROIs of the GTV, PTV, heart, and both
lungs (bilateral lungs subtracted by GTV), as labeled by radiation
oncologists. Features were extracted from Derr to obtain sets of
dosiomic features for the total number of fractions
corresponding to 2, 10, 20, and 30, denoted as F2err, F10err,
F20err, and F30err, respectively, as shown in Figure 3. We also
extracted features from Dori to obtain Fori. We denoted FXerr as
dosiomic features calculated from DXerr for any X total number
of fractions. A total of 93 dosiomic features were calculated in
this study: first-order features (18 features), gray-level
cooccurrence matrix (GLCM) (24 features), gray-level run-
Frontiers in Oncology | www.frontiersin.org 3202
length matrix (GLRLM) (16 features), gray-level size zone
matrix (GLSZM) (16 features), neighboring gray-tone
difference matrix (NGTDM) (five features), and gray-level
dependence matrix (GLDM) (14 features). For a list of all
features included in the study, we refer to Supplementary
Table S4.

Data Analysis
Stability analysis of dosiomic features under interfractional
errors was performed by the coefficient of variation (CV) and
intraclass correlation coefficient (ICC) for each feature ferr ∈ Ferr
FIGURE 2 | The overall error simulation procedure for n fractions to feature extraction for a single treatment plan.
FIGURE 1 | Example dose distributions for patient 9. Top left: CT image with GTV label. Top center: Dose distribution without error (Dori). Top right: Dose
distribution with error for a total of two fractions. Bottom left: Dose distribution with error for a total of 10 fractions. Bottom center: Dose distribution with error for a
total of 20 fractions. Bottom right: Dose distribution with error for a total of 30 fractions.
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over the 20 accumulated dose distributions for the different total
numbers of fractions, as follows:

CV =
sf

favg

�����
������ 100%

for favg is the mean, and sf is the standard deviation of the
dosiomic features ferr. favg and sf were calculated by favg =

o20
i=1ferr,i
20 and sf =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
o20

i=1(ferr,i−favg )
2

p
19 , respectively. CV has been

used in previous studies for radiomic feature stability analysis
(19–22). The CV was calculated for all features and all total
numbers of fraction groups. The CVs of all features were
categorized into four groups as follows: very small CV (CV <
5%), small CV (5% ≤ CV < 10%), intermediate CV (10% ≤ CV <
20%), and large CV (CV ≥ 20%). The CV results are reported as
the average CV among all patients.

Another stability test under interfractional errors was
performed by ICC (6, 23, 24) of a single-measurement,
absolute-agreement, two-way random effect model. ICC is a
statistical measure of agreement between different raters; in
this case, different interfractional errors give different dosiomic
values to the subjects (25). A threshold of ICC ≥ 0.9 indicated
good stability under interfractional error (26, 27).

The differences among the values of features extracted from
the original dose distribution (Fori) and the features extracted
from the dose distribution with interfractional error (Ferr) were
calculated according to the percent difference (PD) over all
patients. PD was calculated by

PD =o
20

i=1

ferr,i − fori
fori

� 1
20

� 100%

where ferr ∈ Fer and fori ∈ Fori. PDs were calculated for all features
and all total numbers of fraction groups. The PD results were
reported as the average PD among all patients.

The effect of the total number of fractions on the mean
dosiomic features was analyzed for all patients by ICC by
comparing the features of each patient that were extracted
Frontiers in Oncology | www.frontiersin.org 4203
from four groups corresponding to different total numbers
of fractions.

All statistical analyses were performed by using in-house
software implemented in the Python programming language. A
p-value less than 0.01 indicated that the test was significant.
RESULTS

Stability under interfractional error was analyzed for each group
and ROI. A summary of CV is shown in Figure 4. The results
show that the overall stability of dosiomic features decreased
with decreasing total number of fractions. When comparing four
different ROIs, GTV and PTV had more features with large CVs
than the other groups. Among the five groups, the GLSZM
features were less stable under interfractional error than other
feature classes (Supplementary Figure S1). Most of the features
in the “lung” region had CV less than 10%, except “small area
low gray-level emphasis” from GLSZM in Groups F2err, F10err,
and F20err (Supplementary Figure S1). Dosiomic features with
large CVs (CV ≥ 20%) were “Skewness” (2 times) and
“minimum” (1 time) from first-order statistics, “ClusterShade”
(4 times) and “ClusterProminence” (1 time) from GLCM,
“SizeZoneNonUniformity” (3 times), “SizeZoneNonUniformity
Normalized” (1 time), “SmallAreaEmphasis” (5 times), “Small
AreaHighGrayLevelEmphasis” (7 times), and “SmallAreaLow
GrayLeve lEmphas i s” (7 t imes) f rom GLSZM, and
“Complexity” (2 times) and “Strength” (2 times) from
NGTDM (Supplementary Figure S1). There were no features
that had a CV greater than 50%. Additional details of CV
regarding each of the dosiomic features in all groups are
provided in Supplementary Figure S1.

From the ICC results, some dosiomic features were found to
have an ICC < 0.9 (p-value < 0.01) (Table 1). From across four
different ROIs, GTV and PTV had the highest number of features,
with ICC < 0.9, and lung was the lowest. The result from ICC was
also similar to CV, which showed that there were more features with
FIGURE 3 | Total of 80 groups of features extracted from Derr for each patient.
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ICC < 0.9 when decreasing the number of fractions. The overall ICC
results showed that the GLSZM dosiomic features had a lower ICC
than the other groups. The common features in all groups that had
ICC < 0.9 were “SmallAreaLowGrayLevelEmphasis” and
“SmallAreaHighGrayLevelEmphasis” from GLSZM. The features
that had ICC < 0.9 are shown in Table 1. The value of 1 - ICC for all
features is shown in Supplementary Figure S3.

ICCs were tested for consistency of dosiomic features across
different numbers of fractions for all ROIs. The expectations of all
dosiomic feature values were found to be consistent (ICC ≥ 0.9) with
respect to different numbers of fractions (p-value < 0.01). Note that
some dosiomic features that had ICC < 0.95 were GTV:
“SmallAreaEmphasis” and “SizeZoneNonUniformityNormalized”
from GLSZM, PTV: “ClusterProminence” from GLCM, Heart:
SmallAreaLowGrayLevelEmphasis from GLSZM and Lung:
SmallAreaLowGrayLevelEmphasis from GLSZM.
Frontiers in Oncology | www.frontiersin.org 5204
The results of percent differences (PDs) are shown in
Supplementary Figure S2. We excluded patient number 14
from calculating the PD of the “Minimum” of the heart and
lungs ROI due to the minimum dose being 0. Some of the
dosiomic features had Fori that differed from Ferr by more than
50%. The dosiomic features that had a PD greater than 50% were
“ClusterShade” (4 times) from GLCM, “SmallAreaEmphasis” (3
times), “SmallAreaHighGrayLevelEmphasis” (3 times), and
“SmallAreaLowGrayLevelEmphasis” (3 times) from GLSZM.
DISCUSSION

Many studies have been performed on the stability of radiomic
features, whereas only a few studies have reported on the stability
of dosiomic features (6, 7, 22). This is the first report to introduce
TABLE 1 | Features that had ICC < 0.9 are shown for different ROIs and different numbers of fractions.

Number of fractions (n) (0.75 ≤ ICC < 0.9) (0.5 ≤ ICC < 0.75) (ICC < 0.5)

GTV 2 fractions (8) GLSZM
Gray Level Non Uniformity Normalized
NGTDM
Contrast
GLDM
Dependence Non Uniformity Normalized
Dependence Variance

GLSZM
Size Zone Non Uniformity Normalized
Small Area Emphasis
Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis

GTV 10 fractions (4) GLSZM
Small Area High Gray Level Emphasis

GLSZM
Size Zone Non Uniformity Normalized
Small Area Emphasis
Small Area Low Gray Level Emphasis

GTV 20 fractions (4) GLSZM
Small Area Emphasis

GLSZM
Size Zone Non Uniformity Normalized

(Continued)
June
FIGURE 4 | The number of features was categorized into four groups based on CVs. Top left: GTV region. Top right: PTV region. Bottom left: heart region. Bottom
right: lung region.
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a concern about the stability of dosiomic features under
interfractional error in radiation therapy.

Many ML and DL applications with texture analysis in the
field of radiotherapy have been recently proposed (1, 3, 28–30).
Many studies have extracted features from treatment plan dose
distributions and used these features as input to machine
learning models; however, such dose distributions might not
represent the true dose distribution the patient received due to
interfractional error. The effect of interfractional error is known
to impact the equivalent uniform dose (EUD), the tumor control
probability (TCP), and the normal tissue complication
probability (NTCP) (13). Changes in EUD, TCP, and NTCP
can affect the decision of the physician during treatment
planning. In the same way, errors in dosiomic features can
result in prediction errors in ML models. Therefore, this study
aimed to investigate the impact of interfractional error on
dosiomic features.

We calculated CVs from each dosiomic feature and compared
them to assess stability. Most of the features in all total numbers of
fractions (F2err, F10err, F20err, and F30err) groups and all ROIs had
high stability (very small CV and small CV). Comparing four ROIs,
the lungs were the regions with high overall stability, while GTVs had
low overall stability (Figure 4, Supplementary Figure S1). The most
common dosiomic features with high variation compared to other
features were similar to previous studies on dosiomic feature stability.
Frontiers in Oncology | www.frontiersin.org 6205
For stability under different dose cube pixel spacings with a CV
threshold of 0.3 (CV > 0.3), the stability of “Skewness” from the first-
order statistic, “ClusterShade” and “ClusterProminence” from
GLCM, and “SmallAreaLowGrayLevelEmphasis” from GLSZM
were similar to our results (7). For the stability under dose grid
resolution and dose calculation algorithms with a CV threshold of 0.5
(CV > 0.5), the stability of “Skewness” from the first-order statistic,
“ClusterShade” from GLCM, and “SmallAreaLowGray
LevelEmphasis” from GLSZM were similar to our results (6). It
should be noted that we only investigated the stability of dosiomic in
primary lung cancer patients under interfractional error, while the
previous studies have explored stability under other factors such as
dose cube pixel spacing (7), dose grid resolution, and dose calculation
algorithms (6) across several primary cancer such as breast and brain.
Further study on investigating and comparing the results obtained
with respect to other primary cancers should be listed as our
future work.

CV also revealed that the stability of dosiomic features
decreased as the total number of fractions decreased (Figure 4).
The high variation in the low total number of fractions group
could be explained by the law of large numbers, causing a lower
total number of fractions to have higher variance than a higher
total number of fractions.

The ICC showed that some dosiomic features (Table 1) did
not demonstrate excellent reproducibility defined by an ICC
TABLE 1 | Continued

Number of fractions (n) (0.75 ≤ ICC < 0.9) (0.5 ≤ ICC < 0.75) (ICC < 0.5)

Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis

GTV 30 fractions (4) GLSZM
Size Zone Non Uniformity Normalized
Small Area Emphasis
Small Area High Gray Level Emphasis
Small Area Low Gray Level Emphasis

PTV 2 fractions (4) GLCM
Cluster Shade
GLSZM
Small Area Emphasis

GLCM
Cluster Prominence
GLSZM
Small Area High Gray Level Emphasis

PTV 10 fractions (1) GLCM
Small Area High Gray Level Emphasis

PTV 20 fractions (1) GLSZM
Small Area High Gray Level Emphasis

PTV 30 fractions (1) GLSZM
Small Area High Gray Level Emphasis

Heart 2 fractions (2) GLSZM
Size Zone Non Uniformity Normalized

GLSZM
Small Area Low Gray Level Emphasis

Heart 10 fractions (1) GLSZM
Small Area Low Gray Level Emphasis

Heart 20 fractions (1) GLSZM
Small Area Low Gray Level Emphasis

Heart 30 fractions (1) GLSZM
Small Area Low Gray Level Emphasis

Lung 2 fractions (2) GLSZM
Low Gray Level Zone Emphasis

GLSZM
Small Area Low Gray Level Emphasis

Lung 10 fractions (1) GLSZM
Small Area Low Gray Level Emphasis

Lung 20 fractions (1) GLSZM
Small Area Low Gray Level Emphasis

Lung 30 fractions (1) GLSZM
Small Area Low Gray Level Emphasis
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threshold of ≥ 0.9 (26, 27). A guideline of ICC by Terry K. Koo
et al. (25) suggested that ICC values less than 0.5 could be defined
as poor reproducibility, which corresponded to the dosiomic
feature “SmallAreaLowGrayLevelEmphasis” from GLSZM
extracted from the heart ROIs. ICC values of 0.5 ≤ ICC < 0.75
could be defined as moderate reliability, which corresponded to
dosiomic features: “SmallAreaLowGrayLevelEmphasis,”
“SmallAreaHighGrayLevelEmphasis,’’ “SmallAreaEmphasis”
“SizeZoneNonUniformityNormalized” from GLSZM and
“ClusterProminence” from GLCM (Table 1, Supplementary
Figure S3). ICC values of 0.75 ≤ ICC < 0.90 and ICC ≥ 0.9
indicated good and excellent reproducibility. Using dosiomic
features with poor or moderate reproducibility might result in
limited generalizability in some ROIs while lowering the number
of fractions might lower the reproducibility.

We reviewed the predictive dosiomic features reported in other
studies. The results presented here were similar to those (31), which
showed that the predictive features of treatment response had high
stability (32). “LongRunHighGrayLevelEmphasis” from GLRLM
“Contrast” from GLCM and “LowGrayLevelEmphasis” from
GLDM were selected as predictive factors in genitourinary and
gastrointestinal complications in prostate cancer (1), radiation
pneumonitis in lung cancer (3), and locoregional recurrences in
head and neck cancer (30), respectively. These selected features had
high stability (CV < 10%) and excellent reproducibility (ICC ≥ 0.9)
according to the number of delivered fractions.

We investigated the PD between Fori and Ferr, comparing
four ROIs. The lungs were the regions that had the lowest
overall PD, and GTVs were the regions with the highest overall
PD (Supplementary Figure S2). Note that a small or large PD
between Fori and Ferr does not always lead to small or large
errors in the predictive performance of a model, as there are
many other factors, such as model parameters and techniques,
in developing the model that may impact performance. For
example, if the dosiomic features with large errors are
normalized to small values and the weight of the features is
small, then the change in the model result will also be small.
The features are generally normalized before being input to the
model, and models usually have regularization constraints.

A limitation of this study was that our data only included lung
cancer patients. Different cancer types or different ROIs may give
different feature values. However, from our results, the value of
CVs and ICC in four tested ROIs showed a similar pattern
(although the magnitudes were not the same). For example, in
the same ROI, some features in GLSZM showed high CVs
(Supplementary Figure S1) or high 1-ICC (Supplementary
Figure S3) when compared with other dosiomic features. The
difference in magnitude of stability may arise from the total dose
in that region. Therefore, we also expected a similar pattern of
stability in different cancer sites, with the magnitude of stability
depending on the total dose. The dose to the heart ROIs was
lower than the dose to the lung ROIs (Supplementary Table S3).
However, lung ROIs had higher overall stability than heart ROIs.
We believe that this came from the interfractional error, which
caused the dose to the heart ROIs to be different in each dose
Frontiers in Oncology | www.frontiersin.org 7206
distribution (Supplementary Figure S4), while the dose to the
lungs was similar even with interfractional error.

In summary, this study investigated the stability of dosiomic
features with IMRT and VMAT in a lung cancer dataset. Our
results showed that some dosiomic features might not be reliable
under interfractional error and with lower fraction numbers,
even more susceptible to the effects of interfractional error
resulting in unstable features. Our study also investigated plans
with a higher dose per fraction and lower number of fractions
than usual of IMRT/VMAT plans. Therefore, we expected that
the treatment plan using the stereotactic body radiotherapy
(SBRT) technique would yield similar results as the number of
fractions 2 and 10. The stability of texture features should be
further investigated using SBRT datasets.
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Although rectal cancer comprises up to one-third of colorectal cancer cases and several
prognosis nomograms have been established for colon cancer, statistical tools for
predicting long-term survival in rectal cancer are lacking. In addition, previous
prognostic studies did not include much imaging findings, qualitatively or quantitatively.
Therefore, we include multiparametric MRI information from both radiologists’ readings
and quantitative radiomics signatures to construct a prognostic model that allows 5-year
overall survival (OS) prediction for advance-staged rectal cancer patients. The result
suggested that the model combined with quantitative imaging findings might outperform
that of conventional TNM staging or other clinical prognostic factors. It was noteworthy
that the identified radiomics signature consisted of three from dynamic contrast-enhanced
(DCE)-MRI, four from anatomical MRI, and one from functional diffusion-weighted imaging
(DWI). This highlighted the importance of multiparametric MRI to address the issue of
long-term survival estimation in rectal cancer. Additionally, the constructed radiomics
signature demonstrated value to the conventional prognostic factors in predicting 5-year
OS for stage II–III rectal cancer. The presented nomogram also provides a practical
example of individualized prognosis estimation and may potentially impact
treatment strategies.

Keywords: 5-year overall survival, advanced rectal cancer, prognostic model, radiomics, chemoradiation
INTRODUCTION

The mortality rate of colorectal cancer has declined steadily over the last 2 decades, with
Surveillance, Epidemiology, and End Results Program (SEER) data statistics showing 23.6%
observed death rate in 1992 to 12.8% death rate in 2019 (https://seer.cancer.gov/statfacts/html/
colorect.html). This is widely believed to be a consequence of improvements in surgical, medical,
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and supportive care (1). While substantial progress has been
made, heterogeneity in survival outcomes exists (2–5). An
accurate prognostication would be helpful to inform treatment
decisions, determine clinical trial eligibility, and develop
surveillance schedules. Tumor node metastasis (TNM) staging
plays a vital role in predicting prognosis and facilitating
treatment stratification, yet it is not sufficiently precise (6, 7).
In the current TNM staging system, inclusion of tumor deposits
(TDs) within nodal staging has given rise to worldwide
discussions (8–11). While other important prognosis features,
such as pretreatment serum level of carcinoembryonic antigen
(CEA), extramural vascular invasion (EMVI) , and
circumferential resection margin (CRM), are acknowledged,
they are not included in staging due to lack of standardized
agreement or recommendations. Thus, a more precise survival
estimation tailored to the individual patient is needed.

For colon cancer, there were established nomograms to
predict recurrence or survival beyond the current TNM staging
system with additional prognostic factors, both continuous and
discrete, as well as nonlinear and complex mathematical
relationships (12–14). In contrast, personalized prognostication
of rectal cancer remains lacking despite more heterogeneous
results. Valentini et al. (6) reported a nomogram incorporating
clinical variables such as age, gender, TNM staging,
chemoradiation, and surgical procedure to predict overall
survival (OS). Similarly, van Gijn et al. (5) developed a
nomogram to predict survival in patients treated with optional
short-term radiotherapy by evaluating similar clinical variables
and pathological TNM staging. Lately, Song et al. (15) extended
the work with pretreatment/posttreatment CEA levels, Cancer
Antigen (CA) 19-9 values, and combined clinical and
pathological characteristics to predict OS of resected rectal
cancer. However, these studies did not account for image
findings, qualitatively or quantitatively.

Current improvements in survival estimation have largely
been made due to advances in biologic and genomic
technologies (16–20). However, the inability to obtain
comprehensive information with regard to spatial and
temporal heterogeneity continues to be a limitation in
optimizing treatment strategy (21). Radiomics has been
brought into the evolving topic, as it enables the noninvasive
profiling of the disease (22, 23). Recent work in radiomics
has provided insights in personalized medicine related to
tumor detection, subtype classification, and therapeutic
response assessment in rectal cancer (24, 25). Since imaging
characteristics may also reveal underlying disease behavior and
progression, in this study, we investigated whether a prognostic
model that leverages the full complement of routinely available
data elements and radiomics information could more
accurately predict 5-year OS. We also established a radiomics
nomogram to assess its incremental value to the traditional
TNM system and clinical, histological, and radiological factors
for individual long-term OS estimation in stage II–III
rectal cancer.
Frontiers in Oncology | www.frontiersin.org 2209
METHODS

Patients’ Characteristics
Institutional Review Board (IRB) approval was obtained for this
retrospective analysis, and informed consent was waived. All
patients with rectal cancer [American Joint Committee on
Cancer (AJCC) 7th edition] were reviewed from the
institutional database starting from June 2008 to July 2013.
All patients received Total Mesorectal Excision (TME) as
standard treatment. Postoperative chemotherapy with either
Folfox- or Xelox-based regimen was applied at the physician’s
discretion. The criteria for inclusion in the study consisted of
patients who 1) were diagnosed with stage II–III rectal cancer
and no distant metastasis, 2) underwent surgical resection for
curative intent, and 3) had a minimal of 5-year follow-up data.
Patients with one or more of the following criteria were
excluded from the study: history of inflammatory bowel
disease, pelvic surgery, intestinal polyposis syndromes or
colon cancer, low-quality MRI data from motion artifacts or
poor contrast injection, concurrent malignancies, and missing
clinical/pathological information. The patient selection
flowchart is shown in Figure 1.

The recorded clinical and treatment data included age,
gender, pretreatment CEA level, clinical tumor (cT) and node
(cN) stage, postoperative TD status, surgical procedure [low
anterior resection (LAR), abdominoperineal resection (APR),
Hartmann’s procedure, or others], adjuvant chemotherapy (no/
Folfox/Xelox). The radiological reading included tumor
location from MRI (low, mid, and high) and tumor distance
from the anal verge measured from colonoscopy. All images
and reports were reviewed by two radiologists independently
(with respective 10 and 8 years of experience in abdominal
MRI), and the discrepancies were revisited until consensus has
been reached.

Evaluation of the surgical resection specimen for residual
tumor was performed under a standard reporting protocol in a
central pathological laboratory at Sir Run Run Shaw Hospital.
Two experienced gastroenterology pathologists independently
reviewed the specimen, and a third expert pathologist was
responsible for the final decision in case of a disagreement
between the two pathologists. Data from pathological readings
included tumor (yT) and nodal (yN) stages, total number of
examined lymph node (LN), number of positive LN, positive
lymph node ratio (LNR), and histology type (I-well, II-mid, or
III-poorly differentiated, and IV-mucoid and signet ring cell
carcinoma). The EMVI was scored as suggested by Smith et al.
(26), with 0 if there was absence of invasion while 4 if with the
most overt features of invasion. The final clinical endpoint was
the long-term OS, which was defined as the time from the date
of surgical resection until death. The minimum follow-up time
to ascertain OS was 60 months. In total, 165 cases were
identified (66 women; mean age 63 ± 12 years, range 19–89
years) with survival ranging from 5 to 121 months (median of
74 months).
June 2022 | Volume 12 | Article 779030
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MRI Data Acquisition
Patients were scanned at the same institution with a 1.5 Tesla MR
scanner (Signa Excite HD, GE Medical Systems) using 8-channel
phased array body coil in supine position before curative
treatment. Images included axial T1-weighted (T1w), high-
resolution T2-weighted (T2w), four-phase dynamic contrast-
enhanced MRI (DCE-MRI), and diffusion-weighted imaging
(DWI) sequences.

The acquisition parameters were as follows: axial T1w (T1w
spin echo sequence, repetition time as TR/echo time as TE: 460/
7.4 ms) and axial T2w (T2w fast spin echo sequence, TR/TE:
2,840/131 ms, image resolution 0.49 mm × 0.49 mm × 4 mm)
maps were acquired. Then, multiphase T1w were obtained using
a spoiled gradient echo sequence [liver acceleration volume
acquisition (LAVA)]. Scan parameters were TR/TE 4.4/1.9 ms,
flip angle 12°, bandwidth 325.5 kHz, image resolution: 0.7 mm ×
0.7 mm × 2 mm. All patients were injected with 0.1 mmol/kg
body weight Gd-DTPA at 2.5 ml/s. Contrast injection and data
acquisition were trigged simultaneously. Four repetitions were
acquired with one repetition before the injection of contrast
agent (L1) and three at 15 s (L2), 60 s (L3), and 120 s (L4) after
the injection. Axial DWI images were obtained by using single-
shot echo planar imaging sequence (SSEPI; TR/TE 5,900/69.6
ms; image resolution: 0.98 mm × 0.98 mm × 5 mm; 2-mm
intersection gap) with two b-factors of 0 and 800 s/mm2. The
apparent diffusion coefficient (ADC) map was generated using
these two DWI images with simple log-conversion. Patients’
examples with multisequence MR images are shown in Figure 2.
Both were 60-year-old men with mid-rectum cancer at stage of
cT3N+M0. One was 5-year survival, and the other was not. No
Frontiers in Oncology | www.frontiersin.org 3210
significant differences were observed from qualitative
visual inspection.

Tumor Image Analysis
A region of interest (ROI) was delineated initially around the
entire tumor by an experienced radiologist (10-year experience
largely with colorectal MRI) using itk-SNAP software (www.
itksnap.org) on each slice of T1w subtraction images (differences
between the third-phase 60 s, after contrast injection and the first
phase, before contrast injection), T2w, and DWI (b = 800
s/mm2). Then, images were transferred over to a Velocity
workstation (Varian Medical Health, Palo Alto, CA) by
aligning all sequences under the same frame. The delineated
tumor was further adjusted using all other image sequences as
references. To minimize the partial volume effect and effect of
contouring variance, the segmented contour was eroded by 1
mm from the border and the remaining region was used for
radiomics analysis. After 3 months, 30 patients in the training set
were selected randomly and segmented again by him and
another radiologist (with 8 years of experience) to assess
intra/inter-reader agreement of the radiomics analysis
using intraclass correlation coefficients (ICCs). We
interpreted an ICC of 0.81–1 as almost perfect agreement,
0.61–0.80 as substantial agreement, 0.41–0.60 as moderate
agreement, 0.21–0.40 as fair, and 0–0.2 as poor agreement. An
ICC of greater than 0.6 was considered as satisfactory inter- and
intra-reader reproducibility.

All images were preprocessed with z-score intensity
normalization and resampled into isotropic resolution (1 mm3 ×
1 mm3 × 1 mm3) with gray level quantized to 64 gray level. The
FIGURE 1 | A flowchart showing patient selection.
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radiomics analysis was performed using an in-house built
program. Eight sequences as T1w, T2w, ADC map, L2, L3, L4,
L2–L1, L3–L1, L4–L1) were analyzed. A total of 4,686 radiomics
features from the category of morphology-, histogram-, texture-,
and wavelet-based features were extracted from each individual
patient: 1) For morphology features, 6 shape descriptors as
volume, surface area, circularity, compactness, convexity, and
irregularity were included; 2) 14 histogram-based features
included min, mean, max, 90, 80, …, 10 percentiles, skewness,
kurtosis; 3) 51 texture-based features included 7 gray-level run
length matrix (GLRLM), as short run emphasis (SRE), long run
emphasis (LRE), gray-level non-uniformity (GLN), run percentage
(RP), run length non-uniformity (RLN), low gray-level run
emphasis (LGRE), high gray-level run emphasis (HGRE). In this
study, 44 gray-level co-occurrence matrix (GLCM)-based texture
features were also collected with two distances as 1 and 2 pixels
with each along 13 directions in 3D; 4) In addition, a discrete
wavelet transform was used to decompose volumetric images into
eight decomposed images, labeled as LLL, LLH, LHL, LHH, HLL,
HLH, HHL, and HHH, where L and H are low- and high-
frequency filters, respectively. For example, HHL represents a
Frontiers in Oncology | www.frontiersin.org 4211
decomposition volume with high-pass filtering on X- and Y-
directions and low-pass filtering along the z-direction. In each
decomposed volume, histogram-based and texture-based features
were extracted, resulting in a total of 520 (8 × 65) wavelet-
transformed features for each sequence. In the end, a total of
4,686 (6 morphology+14 × 8 + 51 × 8 + 520 × 8) radiomics
features were obtained from each patient.
Statistical Analysis
The patients treated from June 2008 to June 2011 (n = 114) were
selected as a primary cohort, which was further randomly
assigned into training and validation data sets with 4-fold
cross-validation. The patients treated from July 2011 to July
2013 (n = 51) were assigned as a separate test cohort. The
differences between OS vs. non-OS groups in both primary and
test cohorts were compared using an analysis of variance
(ANOVA) for continuous variables and Fisher’s exact test for
categorical variables. Multivariate analysis with a Cox regression
analysis model was performed to detect independent prognostic
factors for long-term survival.
A B D E FC

FIGURE 2 | MR images of two male patients, both at 60 years old with mid-rectum cancer at stage cT3N+M0, pretreatment (A) T1-weighted image, (B) T2-
weighted image, (C) precontrast image, (D) 60 s after contrast injection image, (E) subtraction image showing difference between panels (D, C, F) the derived
apparent ADC map fused to a T2-weighted image. The first row shows a case as 5-year survival patient, and the bottom shows a non-survival case.
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Feature selection was performed in 3 steps to select the
optimal survival-related features using the training cohort.
Firstly, linear correlation between each pair features was
evaluated using the Spearman test. Redundant features with
linear correlation coefficient (arbitrary set) >0.90 were
removed. Then, the least absolute shrinkage and selection
operator (LASSO) regression algorithm was used for feature
selection and model construction. LASSO regression shrinks the
coefficient of unrelated feature toward zero, and related
parameters are retained. The robustness of feature selection
was tested by conducting a 4-fold cross-validation 100 times
with binomial deviance minimization criteria from the primary
cohort. Regression coefficients were estimated by LASSO. Lastly,
the selected imaging features were then combined into a radiomics
score through a linear combination of selected features weighted
by their respective LASSO regression coefficients.

To further demonstrate the incremental values of radiomics
signature to traditional risk factors, the discrimination
performance between survival and non-survival groups was
assessed with 1) TNM staging, 2) clinical-radiological (non-
radiomics) features, 3) radiomics signature, and 4) combined
all information. Discrimination was demonstrated by a receiver
operating characteristic (ROC) curve in both primary and testing
cohorts (with 1 indicating perfect prediction and 0.5 as no better
concordance than chance). To provide clinicians a quantitative
tool in predicting individual probability of 5-year OS, a
nomogram was built based on multivariate logistic analysis in
the primary cohort. Harrell’s C-index was used to measure the
nomogram discriminatory performance. Calibration curves
accompanied by the Hosmer–Lemeshow test were used to
assess the model fitting. A diagonal line along the calibration
curve represented perfect agreement, and a significant p-value
suggested a non-good fitting.
RESULTS

Clinical Characteristics
The present study included 165 patients with a mean age of
67 ± 13 years [standard deviation (SD)], range 19–89 years. All
patients had minimal 60-month and up to 121-month follow-
up. Patient characteristics are given in Table 1. As of the last
follow-up, 123 patients (75%) experienced a confirmed 5-year
(equal to or over 60-month) OS. Our data showed that OS for
stage IIA was 80%, 67% for IIB, 78% for IIIA, 75% for IIIB, and
55% for IIIC.

All patients had formal rectal resections, 101 (61%)
underwent LAR, 31 (19%) received APR, 23 (14%) had a
Hartmann’s procedure, and 10 (6%) received other types of
resections. Patients who underwent LAR had the best
prognosis, while those who underwent a Hartmann’s
procedure had the worst prognosis (p ≤ 0.05). The presence of
TDs (at the time of postsurgical evaluation) was also found to be
associated with a poorer outcome as decreased OS.

A total of 95 patients (58%) had pathologically confirmed
nodal involvement (43% with yN1 and 15% with yN2). Both
Frontiers in Oncology | www.frontiersin.org 5212
nodal involvement and increasing node stage were significantly
associated with poorer OS in both training and validation data
sets (p < 0.05). The 5-year OS survival rate with yN0 is 84%, yN1
is 70%, and yN2 is 58% among all patient cohorts. The median
number of examined lymph nodes per patient was 15 (range 3–
37). Metastatic nodes were presented in 89 patients (53.9%). A
positive LNR was found strongly correlated with poorer OS (p
< 0.04).

Construction and Validation of Radiomics
Signature
To avoid overfitting, the selected feature was limited to within
10:1 ratio relative to 114 patients in the primary cohorts, which
means less than 11 features should be selected (27). Figure 3
shows tuning parameter (l) for feature selection with the values
of coefficients closer to 0 with higher lambda. To keep the
minimum binominal deviance, the number of features should
be 32. Yet considering the number constraint of training cases,
we decided to select 8 features that provided satisfactory
performance and did not increase much denominal deviance.
The radiomics features with a non-zero coefficient in the LASSO
Cox regression model were as follows: LAVA2(Hist_Skewness),
LAVA3(HLL_HistMax), LAVA3(GLCM_DiffrenceEntropy),
T1w(LongRunEmphasis) , T1w(HLL_HistMax) , T2w
(LLL_H i s t 1 0% ) , T 2w (HLH_H i s t 4 0% ) , a nd ADC
(GLCM_InfMeasCorr). Among the 8 selected features, 3 were
from DCE-MRI LAVA sequences, 4 were from anatomical T1w
or T2w images, and 1 was from DWI ADC map. The radiomics
signature was constructed with relative weightings directly
generated from LASSO regression (28). A Rad_score was
calculated using the following formula:

Rad _ score = sigmoid −0:664 + 0:106 ∗ LAVA2 HistSkewnessð Þ − 0:029½
  ∗ LAVA3 HLLHistMAxð Þ + 0:022 ∗ LAVA3 GLCMDifferenceEntropy

� �
+ 0:067

  ∗T1w LongRunEmphasisð Þ + 0:05 ∗T1w HLHHistMaxð Þ − 0:082

  ∗T2w LongRunEmphasisð Þ + 0:05 ∗T2 HLHHist40 %ð Þ − 0:092

 ADC GLCMInfMeasCorrð Þ�
where sigmoid(x) = [1+exp(-x)]=-1

Higher Rad-score patients generally had longer survival
compared to those with lower scores. Distributions of the
Rad_score in both primary and test cohorts are given in Figure 4.
There was a significant difference in the Rad-score between 5-year
OS vs. non-OS group in the primary cohort (p < 0.001*), which was
also confirmed in the test cohort (p < 0.001*).

Incremental Prognostic Value of
Radiomics to TNM Staging and Clinical-
Histological-Radiological Features
The heatmap showing the correlation between the selected
radiomics features and the clinical-histological-radiological
factors is shown in Figure 5. For example, higher ADC
(GLCM_InfMeasCorr) was associated with higher histology
type. Most of the selected radiomics features showed a
correlation with pretreatment CEA levels and adjuvant
chemotherapy status. To further demonstrate the incremental
June 2022 | Volume 12 | Article 779030
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TABLE 1 | Patient Characteristics.

Primary Testing

5-yr OS (88) 5-yr Non-OS (26) P-value 5-yr OS (35) 5-yr Non-OS (16) P-value

Survival Months 82±15 [60,121] 30±15 [5,59] 82±13 [60,104] 36±14 [13,59]
Clinical Data
Age (years) 64±12 [29,84] 66±10 [45,80] P=0.34 59±12 [19,89] 69±13 [40,89] P=0.08
Gender
Male 57 9 P=0.01* 23 10 P=0.8
Female 31 17 12 6

Pre-tx CEA 7.3±15 [0.6,102] 26±46 [1.3,166] P=0.04* 8.0±9.5 [1.1,43.5] 22±37 [2,116] P=0.04*
cT stage
T2 16 5 P=0.81 8 3 P=0.92
T3 57 17 26 13
T4 15 4 1 0

cN stage
N0 54 15 P=0.32 22 8 P=0.06
N1 32 8 11 8
N2 2 3 2 0

Stage
IIA 34 7 P=0.02* 18 6 P=0.07
IIB 1 1 1 0
IIIA 3 1 4 1
IIIB 40 9 11 8
IIIC 10 8 1 1

Tumor Deposit 22/50 14/23 P=0.05* 8/25 9/14 P=0.04*
Treatment Data
Surgery
LAR 14 10 P=0.01* 25 7 P=0.05*
APR 14 7 6 4
Hartmann’s 10 6 3 4
Others 5 3 1 1

Post-operative Chemo
None 40 16 P=0.2 7 8 P=0.06
Folfox 32 6 18 5
Xelox 16 4 10 3

Radiological Data
Location
Lower 12 7 P=0.23 6 2 P=0.86
Mid 42 12 20 11
High 34 7 9 3

Dist from Anal Verge 7.8±2.9 [4,16] 8.9±4.1 [1.6,17] P=0.21 8.8±4.2 [3,15] 10.5±4.5 [4,20] P=0.21
EMVI
0 38 6 P=0.8 1 1 P=0.9
1 2 0 2 1
2 2 1 1 1
3 36 11 1 0
4 10 8 30 13

Histo-Pathological Data
yT stage
T2 4 3 P=0.3 5 1 P=0.08
T3 79 21 29 12
T4 5 2 1 3

yN stage
N0 40 6 P=0.04* 19 5 P=0.04*
N1 37 14 13 7
N2 11 6 3 4

Total LN 16±7 [3,37] 13±7 [5,28] P=0.06 16±6 [7,33] 13±5 [8,29] P=0.21
Positive Nodes 2±3 [0,10] 3±4 [0,13] P=0.13 1.3±2.5 [0,8] 1.7±2.0 [0,11] P=0.11
Positive LN Ratio 0.1±0.2 [0,0.8] 0.2±0.2 [0,0.7] P=0.04* 0.08±0.17 [0,0.5] 0.16±0.13 [0,0.7] P=0.04*
Histology Type
I-well differentiated 34 9 P=0.9 14 4 P=0.6
II-mid differentiated 44 14 16 10
III-poor differentiated 4 2 1 0

(Continued)
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prognostic value of radiomics to conventional prognostic
features, four risk models in total were built: 1) TNM staging,
2) clinical-histological-radiological (non-radiomics), 3)
radiomics signature, and 4) combined all selected features. The
prognostic power in estimating 5-year OS in both primary and
test data set was illustrated with ROC curves in Figure 6. The
AJCC TNM staging system had the lowest area under the ROC
curve (AUC) of 0.60 [95% confidence interval (CI): 0.50, 0.70] in
the primary cohort and 0.54 (95% CI: 0.38, 0.69) in the test
cohort, and the non-radiomics clinical model had a higher AUC
of 0.66 (95% CI: 0.56, 0.77) and 0.56 (95% CI: 0.39, 0.73) in the
primary set and test set, respectively. The radiomics signature
yielded an AUC of 0.88 (95% CI: 0.82, 0.95), and a similar trend
was observed in the test cohort with an AUC of 0.89 (95% CI:
0.79, 0.98). The combined model showed the best prognosis of
survival outcome with an AUC of 0.91 (95% CI: 0.85, 0.96) in the
primary set and 0.91 (95% CI: 0.81, 0.99) in the test set.

Furthermore, a nomogram with combined clinical-
histopathological-radiological and radiomics features was
developed in assessing the 5-year OS probability. The resulting
nomograms can estimate outcome probability by assigning a score
(upper scale) to each predictor value. The probability for 5-year
OS (bottom scale) was a sum of these scores. The radiomics
Frontiers in Oncology | www.frontiersin.org 7214
signature was the most important factor, followed by a positive
LNR, surgery type (LAR vs. APR vs. Hartmann’s vs. others), and
pathological node status (yN). The final nomogram with
calibration curves is illustrated in Figure 7. The C-index for the
model was 0.898 (95% CI: 0.832, 0.947) within the primary cohort
and 0.901 (95% CI: 0.803, 0.987) for the test cohort. The Hosmer–
Lemeshow test yielded a nonsignificant statistic (p = 0.83),
suggesting no departure from the perfect fit in the primary
cohort. Good performance was also observed for the probability
of pCR in the testing cohort with a nonsignificant statistic
(p = 0.54). Patients were further classified into a high-risk group
and a low-risk group with cutoff point identified on the ROC
curve. Kaplan–Meier estimate of event rates over time showed
statistically different outcomes for OS (p < 0.001). Results are also
confirmed in the test data set as shown in Figure 8.
DISCUSSION

In this study, we extended the 5-year OS prediction beyond
TNM schema to include clinical, histopathological, radiological,
and high-throughput radiomics information. The combined
nomogram outperformed the TNM staging or a clinical
TABLE 1 | Continued

Primary Testing

5-yr OS (88) 5-yr Non-OS (26) P-value 5-yr OS (35) 5-yr Non-OS (16) P-value

IV-mucoid or signet ring 6 1 4 2
Radiomics Data
Radiomics score 0.16±0.18

[-0.32,0.82]
-0.06±0.13
[-0.36,0.21]

P<0.001* 0.16±0.19
[-0.04,0.72]

-0.05±0.11
[-0.23,0.14]

P<0.001*
June
 2022 | Volume 12 | Artic
OS, overall survival; Pre-tx CEA, pre-treatment carcinoembryonic level; cT-stage, clinical tumor stage; cN-stage, clinical node stage; APR, abdominoperineal resection; LAR, lower anterior
resection; Dist, Distance; yT, pathological T-stage; yN, pathological N-stage; Total LN, total lymph node; Positive LN Ratio, positive lymph node ratio; EMVI, extramural vascular invasion;
*: p≤0.05;
A B

FIGURE 3 | Radiomics feature selection using the least absolute shrinkage and selection operator (LASSO) regression model. (A) Tuning parameter (lambda)
selection in the LASSO model used 4-fold cross-validation via minimum criteria. (B) A coefficient profile plot was produced against the log (lambda) sequence.
Vertical line was drawn at the value selected using 4-fold cross-validation, where optimal lambda resulted in 8 non-zero coefficients (features).
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system, which demonstrated the incremental value of the
radiomics signature in individualized OS association in
patients with stage II–III rectal cancer. Incorporating the
radiomics signature and clinically available prognostic factors
into an easy-to-use nomogram also allowed the model to support
decision-making in daily practice, while further external
validation is needed.

Despite rectal cancer comprising up to one-third of colorectal
cancer cases and several prognosis nomograms having been
established for colon cancer (13, 19), statistical tools for
predicting long-term survival in rectal cancer are limited.
Although MRI has become an indispensable tool for diagnosis
by guiding treatment decisions for rectal cancer, the studies did
not account for MRI findings. As such, in this study, we
incorporated radiologists’ qualitative assessment such as the
depth of tumor spread beyond the muscularis propria, EMVI,
and TDs into survival prediction. In addition, we extracted
quantitative features from full-panel multiparametric MRIs
with joint T1w, T2w, DCE-MRI, and DWI information and
constructed a radiomics score for prognosis estimation. It is
noteworthy that the identified radiomics signature consisted of
three from dynamic MRI, four from anatomical MRI, and one
from functional DWI. This study underlines the importance of
multiparametric MRI in quantitative format to address the issue
of long-term survival estimation in rectal cancer.

Pooling radiomics features to predict treatment outcome is
still a relatively new concept. A few related studies that have been
done focused on short-term treatment response as pathological
complete response (pCR) to neoadjuvant chemoradiation
therapy (CRT) (24, 25, 30). Although preoperative CRT
has been demonstrated to improve local control, a recent
meta-analysis and several clinical trials showed that there were
no survival benefits for patients with stage II–III disease (2, 4, 7,
31, 32). This suggests that previously derived radiomics models
may have limitations in estimating long-term clinical outcome.
Instead, our study extends the “-omics”-based analysis to OS
estimation, with all patients having a minimum of 60-month
follow-up. In addition, unlike prior prognostic investigations
that mostly analyzed patients with all stages of disease, our study
focused exclusively on patients with stage II–III cancer. It is
Frontiers in Oncology | www.frontiersin.org 8215
notable that when patients were stratified by clinical stage, there
was a difference in OS for stage IIA vs. IIB, and stage IIIA vs. IIIB
or IIIC, which suggested that heterogeneity existed in the survival
outcomes. Our results showed that this radiomics signature was
able to stratify patients into different risk levels beyond TNM
staging or conventional clinical prognostic models. This is
consistent with our current knowledge of cancer, in which
malignant tumors consist of heterogeneous cell populations
with distinct molecular and microenvironmental differences,
increasing the likelihood of developing resistance to treatment
and resulting in metastases (33, 34). In contrast, the traditional
TNM staging or clinical assessment is based on gross anatomy
information, with minimal regard for intratumor heterogeneity.
With medical imaging, radiomics can extract features from the
imaging characteristics of the entire tumor that provides a robust
way to characterize the intratumor heterogeneity noninvasively.

Developing nomograms have been considered helpful in
oncology prognosis (32, 35). In our study, a nomogram was
built by combining selected features into a final score
representing the probability of 5-year OS. Among them, the
radiomics signature has the highest contribution, followed by
positive LNR, types of surgery, and pathological N-staging.
Increasing N-stage, as confirmed by previous studies, was found
to be associated with poor survival (6, 36). The number of positive
node/number of total nodes, which was revealed to be the most
important risk factor of 5-year OS for colon cancer based on the
well-known model from Weiser et al. (14), was only recently
proposed for rectal cancer, but evidence is still limited (8). Our
study confirmed that a positive LNR was an independent
prognostic factor. Regarding the surgical type, our study patients
with LAR operations had better survival outcomes compared to
those receiving APR, as illustrated in the nomogram. There were
conflicting reports regarding the prognostic effect of surgical types
on OS rate. While most reported improved OS rates have been
observed for LAR compared to APR (14, 36, 37), a few studies
found no significant differences (38). Some previous studies also
showed that the 5-year OS was higher for patients who had an
LAR compared to those who had a Hartmann’s procedure (36).
The decision to perform a Hartmann’s procedure was likely
related to the individual patient characteristics such as severe
A B

FIGURE 4 | The radiomics scores of each patient in (A) the training set and (B) the validation set, with blue for 5-year OS and red for 5-year non-OS patients.
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cardiorespiratory or renal disease, which might impact survival.
Interestingly, age was not found significantly correlated to OS. The
reason for this is not immediately clear due to limited patient
numbers. Age differences existed between good- and poor-survival
group in the test cohort but not in the primary cohort. Since the
model was developed using the primary cohort, age was not
chosen as a predictor in this study. Other conventionally
confirmed prognostic risk factors, such as pretreatment CEA
level, TNM staging, TDs (39), were all found to be statistically
different between better survival and worse survival groups, yet
they were not selected into the final model as they were less
important compared to radiomics signature.
Frontiers in Oncology | www.frontiersin.org 9216
To develop the radiomics signature, a total of 4,686 features
were reduced to a set of only 8 potential descriptors using a
LASSO regression model. In this method, the regression
coefficients of most features were shrunk toward zero during
model fitting, allowing identification of features that were
strongly associated with OS. More importantly, it allowed
radiomics signatures to be constructed into a generalized linear
model. Recently, advanced machine learning-based methods
have been used, yet the complexity of U-net-based deep
learning or conventional neural network (CNN) typically
requires intensive computation of the input, thus requiring a
large sample set. Not surprisingly, Shi et al. (40) reported that the
FIGURE 5 | A heatmap showing the correlation between selected radiomics features and clinical-histological-radiological parameters, with green as positive
correlation and red as negative correlation.
A B

FIGURE 6 | ROC curves showing the prognostic power in estimating 5-year OS in both (A) training and (B) validation sets using (1) TNM staging (2), clinical model with
clinical-histopathological-radiological (non-radiomics) risk factors, (3) radiomics score, and (4) combined model with both radiomics and non-radiomics information.
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A

B C

FIGURE 7 | Use of the constructed nomogram to estimate 5-year OS probability, along with the assessment of the model calibration, (A) nomogram with combined
radiomics and non-radiomics clinical information, and calibration curves for the nomogram in the (B) training and (C) validation data sets. The y-axis represents the
actual rate, and the x-axis represents the predicted probability of 5-year OS, with the diagonal line representing a perfect prediction. The solid line represents the
performance of the radiomics model, of which a closer fit means better prediction.
A B

FIGURE 8 | Graphs show results of Kaplan–Meier survival analyses according to the radiomics signature for patients in (A) the primary data set (left) and those in (B) the
test data set (right). A significant association of the radiomics signature with the OS was shown in the primary data set, which was then confirmed in the test data set.
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prediction power of deep learning methods does not necessarily
outperform conventional logistic regression in pCR prediction
on a data set with 51 locally advanced rectal cancer patients.
Other feature selection methods such as support vector machine
or other deep learning-based algorithms, although beyond the
scope of this paper, may be explored to further improve model
performance (41). Moreover, by constructing multilayer
nonlinear complex relationships, deep learning methods are
more like a “black-box,” making it difficult for physicians to
interpret the association of the input images to outcome. In
contrast, not only does LASSO surpass the method of choosing
predictors based on the strength of their association with
outcome, but it also enables the panel of selected features to be
combined into a radiomics score. Nevertheless, the linear
combination of selected features weighted by their respective
coefficients provides an intuitive tool for the clinicians to
interpret the results.

Limitations of this study included the lack of external
validation with the retrospective nature of data collection. A
large-scale prospective multicenter validation cohort is
warranted to assess the generalizability of the reported findings;
however, the protracted length of a longitudinal cohort with long-
term survival data may make the research daunting. On the other
hand, the statistical analysis with cross-validation used in this
study justified that the identified radiomics model could hold great
potential for clinical application in postoperative outcome
estimation. Another limitation is that the radiological
assessment by two radiologists was performed in consensus; it
was impossible to assess the inter-reader agreement. Additionally,
the tumor ROIs were manually performed, which was time-
consuming and subjected to operators’ variations. Semi- or full
automatic segmentation may be needed in the future to improve
the robustness of radiomics feature extraction. Moreover, due to
the retrospective nature of this study, some important prognostic
features such as margin positivity were not collected nor analyzed.
Lastly, we only used LASSO for feature selection and model
construction. It is known that L1 norm regularization can get
sparse results. The variance of the model can be reduced using a
higher lambda value, but it also results in a smaller number of
features selected, thus leading to a biased model. Bias may be
improved if using L2 norm instead. However, it will result in a
large number of features selected, which leads to an overfitting.
Other feature selection algorithms such as bridge and decision tree
warrant to be further explored to achieve the best robust model.

Overall, the fact that clinicians naturally integrate multiple
manifestations of disease to make an estimation and determine
consequent therapy rather than focus on a single symptom
underscores the necessity of multivariable estimation. Our
study supported the suggestion that multiple variables could
provide a more statistically meaningful approach to address
the issue of long-term survival est imation using a
multicomponent radiomics signature. The combined model
with clinical-radiological-histological and radiomics signature
yielded the highest AUC with 0.91 (95% CI: 0.85, 0.96)
compared to any other models with TNM staging or clinical
prognostic factors. The proposed nomograms were also well
Frontiers in Oncology | www.frontiersin.org 11218
calibrated with nonsignificant p-values from Hosmer–
Lemeshow test. Future work will include a large multi-
institute prospective trial to validate the generalizability of
the proposed model. Deep learning-based automatic
segmentation is also under development to facilitate robust
and efficient radiomics feature extraction. Nevertheless,
although the usefulness of the proposed nomogram lacked
external validation, the combined model, which considers
multiple risk factors, was imperative. These findings and the
nomogram may help patients with potential shorter OS to
receive more aggressive treatment plans. Thus, our study may
present a more efficient and integrated tool that enables earlier
personalized treatment.
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Real-time fully automated
dosimetric computation for CT
images in the clinical workflow:
A feasibility study
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of Physics, Faculty of Sciences and Mathematics, Diponegoro University, Semarang, Indonesia
Background: Currently, the volume computed tomography dose index

(CTDIvol), the most-used quantity to express the output dose of a computed

tomography (CT) patient’s dose, is not related to the real size and attenuation

properties of each patient. The size-specific dose estimates (SSDE), based on the

water-equivalent diameter (DW) overcome those issues. The proposed methods

found in the literature do not allow real-time computation of DW and SSDE.

Purpose: This study aims to develop a software to compute DW and SSDE in a

real-time clinical workflow.

Method: In total, 430 CT studies and scans of a water-filled funnel phantom

were used to compute accuracy and evaluate the times required to compute

the DW and SSDE. Two one-sided tests (TOST) equivalence test, Bland–Altman

analysis, and bootstrap-based confidence interval estimations were used to

evaluate the differences between actual diameter and DW computed

automatically and between DW computed automatically and manually.

Results: Themean difference between theDW computed automatically and the

actual water diameter for each slice is −0.027%with a TOST confidence interval

equal to [−0.087%, 0.033%]. Bland–Altman bias is −0.009% [−0.016%, −0.001%]

with lower limits of agreement (LoA) equal to −0.0010 [−0.094%, −0.068%] and

upper LoA equal to 0.064% [0.051%, 0.077%]. Themean difference betweenDW

computed automatically and manually is −0.014% with a TOST confidence

interval equal to [−0.056%, 0.028%] on phantom and 0.41% with a TOST

confidence interval equal to [0.358%, 0.462%] on real patients. The mean

time to process a single image is 13.99 ms [13.69 ms, 14.30 ms], and the

mean time to process an entire study is 11.5 s [10.62 s, 12.63 s].

Conclusion: The system shows that it is possible to have highly accurate DW

and SSDE in almost real-time without affecting the clinical workflow of CT

examinations.
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automatic, software, water-equivalent, SSDE, CT, dose, real-time
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1 The first slice may not contain a useful body region.

Porzio and Anam 10.3389/fonc.2022.798460
Introduction

A computed tomography (CT) scanner is often used to

accurately diagnose cancer. In addition, CT is used in the

treatment planning of radiotherapy (1). A CT image accurately

provides the shape and position of cancer and surrounding

healthy tissues, along with organs at risk. CT provides a map of

the electron density information for the various tissues to

accurately and precisely calculate the dose delivered to the

patients during radiotherapy. However, CT employs ionizing

radiation, and it potentially induces new cancer in the future (2–

6). CT delivers higher ionizing radiation doses than common

radiographic examinations (7).

Currently, the quantities used to express CT dose are the

volume computed tomography dose index (CTDIvol) and the

dose-length product (DLP; the CTDIvol multiplied by the scan

length) (8). Those values do not directly estimate the patient

dose but are measured from the output of the X-ray tube on

cylindrical plastic phantoms representing an average patient

head (16 cm in diameter and 15 cm thick) and/or torso

(32 cm in diameter and 15 cm thick).

Those phantoms do not represent the actual patient

dimensions since the dose received by the patient varies

according to the size and attenuation of the patient. A small

patient would receive a higher radiation dose than a bigger one,

even if their CTDIvol is the same (9, 10). To overcome those

issues, the American Association of Physicists in Medicine

(AAPM) in 2011 introduced a new metric called the size-

specific dose estimates (SSDE) (11).

The computation of SSDE relies on the water-equivalent

diameter (DW), a quantity that accounts for patient composition

and attenuation properties (12). It is possible to compute DW for

every CT image using manual (13) or automated techniques

(14, 15).

Many studies (16–18) proposed fully automated methods.

Özsoykal et al. (19) proposed an automated patient contour after

the exclusion of irrelevant objects such as clothes and the CT

table from the image. The threshold value was determined

through trial and error until a complete successful

segmentation of the body contour was obtained. Anam et al.

(14) also proposed an automated approach to calculate DW in

human anatomic regions and phantoms using a region of

interest (ROI) that is automatically fitted to the patient border.

The automated approach produced an excellent correlation with

the manual one (R2 = 0.999). Gharbi et al. (20) also successfully

proposed an automated approach to measure DW based on the

Fuzzy C-means classification and edge detection algorithms.

Juszczyk et al. (21) proposed an automated segmentation

approach to calculate DW using a convolutional neural

network (CNN) and reported that the proposed method

produces accurate results. However, they are retrospective

techniques and do not allow for real-time assessment of DW

and SSDE. Real-time measurements could be useful for assessing
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whether the correct technique is being applied to the patient, or

whether it is necessary for some changes to account for the

patient’s size [e.g., tube current modulation (TCM)].

Furthermore, a rapid SSDE computational system would

benefit many oncological patients who undergo numerous CT

exams and need their exposures tailored to their specific sizes

(22) and reduced as low as possible to reduce the risk of relapse

and/or radiation-induced new cancer (2–4).

The aim of this study is to develop a fully automated method

of DW and SSDE measurement for real-time and to investigate

the feasibility of its implementation in a clinical workflow,

evaluating its accuracy and the time required to do it for a

complete CT study.
Method

Main algorithm description

A previously published work was the basis of the algorithm

(14). The workflow is described in Figure 1. The language used

was Java, and the main third-party library is ImageJ (RRID:

SCR_003070) (23). The input was the path on the filesystem of a

series of CT images and the path of the text file where the user

wants to save the computed dosimetric quantities.

Images were first ordered by the image number read in the

Digital Imaging and Communications in Medicine (DICOM)

header attribute. The middle slice1 then becomes the reference

for other study-related information read from the DICOM

header (i.e., accession number, station name, series number,

pixel dimensions, CTDIvol, protocol name, sex, and age). We

read the anatomical region from the protocol name attribute.

DW and SSDE computations
The algorithm implemented a combination of basic

segmentation techniques and specific information about the

border of the patient’s body using the “Analyze particles”

(24) plugin.

For every image, we computed DW and SSDE using the

following steps: First, reading the image—ImageJ opens the

images and converts them into Hounsfield units (HU). Second,

applying the threshold (−410 HU, using the Analyze particles

[24) plugin)] in order to detect border regions of interest (ROIs)

with an area greater than 3,000 mm². We selected this value

(−410 HU) because the border between the patient and its

surroundings is skin, with pixel values of approximately 0 HU,

while the surroundings outside the patient are air or other

materials with pixel values lower than −410 HU. The

thresholding produces binary images. However, thresholding

alone could not contour the patient completely because of the
frontiersin.org
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presence of other objects inside the patient with pixel values

lower than −410 HU. To overcome this problem, the plugin

implemented edge detection to identify these objects and label

them using their areas. We considered the largest area identified

to be the border of the patient or phantom. If the plugin finds

multiple ROIs, we choose the ROI with the centroid nearest to

the center of the image.

Third, computing the bounding rectangle of the ROI to see

if the patient’s body is truncated as in (25). If so, we first

applied a correction to the ROI for letting the border of the

patient not follow the lung contour but go straight along the

image sides (see Figure 2), and then we applied the correction

presented in (25), based on the percentage of truncation of the

patient’s body (25) to estimate more correctly the water-

equivalent diameter, based on the anatomical region we

previously found.

Fourth, computing means HU, ROI area, and then DW using:

DW = 2

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

1, 000
HU x, yð ÞROI

� �
AROI

p

s
(1)
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Fifth, SSDE was computed according to the anatomical

region (head or “other”) and the reconstruction diameter. The

SSDE for head CTs was computed with

SSDE = 1:9852e−0:0486DW (2)

The SSDE for body CTs, based on the reconstructed

diameter previously read from the DICOM header along with

the anatomical region inferred from the protocol name, was

computed with:

SSDE =
1:877e−0:039DW  if  reconstr :   diam : ≤ 320 mm

3:7055e−0:037DW if  320 mm < reconstr :   diam : ≤ 400 mm

(

(3)

Equation (3) separates CT images with CTDIvol computed for

a 16-cm diameter and those with CTDIvol for a 32-cm phantom.

For every image, we also computed the time elapsed from the

reading of the DICOM file to the end of computations of all

the quantities.

We wrote on a text file the accession number, series number,

protocol name, station name, DW, SSDE, CTDIvol, the
FIGURE 1

Workflow of the main algorithm for DW and SSDE computations.
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percentage of truncation—computed as in (25)—and the time

elapsed for analyzing the image.
Real-time software architecture

The described algorithm was at the core of the system. We

built a software architecture that runs this algorithm without

affecting the communication between CT scanners and the

Picture Archive and Communication System (PACS). Figure 3

shows the architecture of our system.

We decoupled the dosimetric computation from the clinical

workflow, using a routing rule of the institutional PACS archive.

It sent every received CT series to another PACS installed in our

Medical Physics Department (Orthanc DICOM storage

server (26)).

The Orthanc server uses Lua (27) scripts to monitor DICOM

instances and react accordingly. A Lua script filtered the CT series

and, if the related metadata (read from the DICOM header) were

suitable for the study, then it saved the images on disk and writes a

message to an ActiveMQ queue. The message contains the path

where the Lua script saved the CT images of each series.

ActiveMQ is an open-source message broker (28) for

managing messages received from other software components

and letting other components react to each message’s arrival.

Another Java software component is listening for messages

on the queue and, for every message, it takes the path of CT

images and runs the main algorithm, saving dosimetric

information on a text file.
2 A processing time greater than 1.5 times the interquartile range of all

processing times.
Algorithm validation

We validated our algorithm using a homemade funnel

phantom used in a previous study (29) filled with water

(Figure 4). It was composed of plastic, and its diameter range

was 10 ÷ 34 cm with an effective length of 14 cm (total length:
Frontiers in Oncology
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36 cm). We scanned the phantom on a Philips Brilliance 40 CT

scanner and computed the manual DW for a very thin slice, to

compare automatic DW computation with the actual diameter

and with DW computed manually. The manual computation

involved body contouring and collecting statistics (mean CT

number and area of the contoured ROI). We repeated the

manual calculation on five actual patient series and compared

the DW to the automatic computation.
Data collection

We collected data for a week on CT scans of patients with an

age of >18 years and with scanning protocols related to head,

head and neck, thorax, abdomen, and/or pelvis anatomical

regions. We computed DW and SSDE from five CT scanners

(see Table 1). The number of CT series, after the removal of

outliers2 in the elapsed time, was 1,789 (1,013 abdomen/pelvis,

432 head, and 344 thorax). Summing the elapsed time for images

and series with the same accession number, we gathered the time

to process a whole CT study. The number of slices collected

ranged from 14 to 4,460, with a median value of 585 slices per

patient. The total number of CT studies was 430.

To show the potential of our approach, we draw the SSDE

and CTDIvol vs. slice number for one patient, as well as the DW

vs. slice number, using the collected data, in order to show the

type of information a final user can get with little further effort.
Statistical analysis

The R language (30) was used to perform all the statistical

analysis. We evaluated the differences between the actual
A B

FIGURE 2

Example of the correction applied to truncated images: (A) body region not properly located and (B) body region after the correction.
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diameter and DW computed automatically for the funnel

phantom with two one-sided test (TOST) (31) (equivalence

bounds: ± 7%) and Bland–Altman analysis (32). We also

evaluated the difference between manual and automatic DW

computation using TOST (equivalence bounds: ± 10% for the

funnel phantom). On five patient series, we compared automatic

and manual DW using TOST with 12% as equivalence bounds.

We chose equivalence bounds based on the International
FIGURE 3

Software architecture of our system: Images received from the Institutional PACS archive are sent for storage to an Orthanc DICOM server. The
server sends messages on an ActiveMQ queue using the Lua script. A Java software built on ImageJ API does DW and SSDE computations for
every message it reads from the queue.
FIGURE 4

Our funnel phantom (plastic filled with water).
TABLE 1 CT scanners used in this study.

Manufacturer Model

Philips Brilliance CT 6-slice

Philips Brilliance CT 16-slice

Philips Brilliance CT 16-slice

Philips Brilliance CT 40-slice

Toshiba Aquilion 64-slice
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Electrotechnical Commission (IEC) norm IEC 62985:2019

(Methods for calculating size-specific dose estimates (SSDE)

for computed tomography).

We analyzed patients’ data in terms of mean processing time

for a single image and for a single study.We computed confidence

intervals (CI) for mean times with non-parametric bootstrap

using the “nptest” package (33). We set the significance level to

a = 0.01 for TOST analysis and to a = 0.05 for the Bland–Altman

confidence interval significance level. All CIs are reported in

square brackets, i.e., [lower CI limit, upper CI limit].

Finally, we computed the mean percentage of truncation,

following (25), along with its bootstrapped CI using the “nptest”

package (33).
Results

DW of water-filled funnel phantom

Figure 5 shows the Bland–Altman plot for the DW of the

water-filled funnel computed and the actual funnel diameter.

Bland–Altman bias is −0.009% [−0.016%, −0.001%] with lower

limits of agreement (LoA) equal to −0.0010 [−0.094%, −0.068%]

and upper LoA equal to 0.064% [0.051%, 0.077%]. Figure 6A

displays the TOST plot of the DW of the water-filled funnel
Frontiers in Oncology
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computed automatically and the actual funnel diameter. The

DW of the water-filled funnel is computed automatically, and

the actual funnel diameter is statistically not different from zero

(p < 0.001) and statistically equivalent to zero (p < 0.001), given

the ±7% equivalence bounds. The mean difference between the

DW computed automatically and the actual funnel diameter for

each slice is −0.027% with a TOST confidence interval equal to

[−0.087%, 0.033%].

Figure 6B displays the TOST plot of theDW of the water-filled

funnel computed automatically and manually. The DW of the

water-filled funnel computed automatically and manually is

statistically not different from zero (p < 0.001) and statistically

equivalent to zero (p < 0.001), given the ±10% equivalence

bounds. The mean difference between the DW of the water-filled

funnel computed automatically and manually is −0.014% with a

TOST confidence interval equal to [−0.056%, 0.028%].
DW of patients

Figure 6C shows the TOST plot of the DW of patients

computed automatically and manually. The DW of patients

computed automatically and manually is statistically different

from zero (p < 0.001) with a mean difference equal to 0.41% and

statistically equivalent to zero (p < 0.001) given the ±12%
FIGURE 5

Bland–Altman plot for automatic DW computation vs. physical (actual) diameter. The blue line shows the bias estimate with confidence interval
(CI) as a blue band. Upper and lower limits of agreement (LoA) are depicted as dashed lines with colored bands as CI (upper LoA’s CI: green,
lower LoA’s CI: red). The background image is the scout image of our water-filled funnel phantom.
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equivalence bounds with a TOST confidence interval equal to

[0.358%, 0.462%].

The mean percentage of truncation is 3.58% [3.27%, 3.91%].

Those (small) percentages show that the field of view

encompassed nearly the whole-body contour.
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Figure 7 shows the graphs of SSDE and CTDIvol vs. slice

number. Figure 8 displays the plot of DW vs. slice number. We

created these plots using the package “ggplot2” (34). This type of

graph shows the values of DW and/or SSDE and CTDI along the

slice number, i.e., showing the values along the patient’s anatomy.
Time for processing

Figure 9 shows histograms of time for processing of a single

CT slice and a patient study. The mean time to process a single

image is 13.99 ms [13.69 ms, 14.30 ms], and the mean time to

process an entire study is 11.5 s [10.62 s, 12.63 s]. Figure 9 shows

histograms of the times elapsed during the processing. Table 2

reports the summary of the distribution of times to process a

whole CT study.
Discussion

We developed a software for real-time computation of size-

specific dosimetric quantities: DW and SSDE. We also evaluated

the accuracy of the computation and the usability in a clinical

workflow, in terms of time for processing single images and a

whole patient study.

The mean difference in the DW of the water-filled funnel

phantom between the automatically computed and the actual

diameter of the funnel phantom is small (−0.027%), as well as

the difference between automatically and manually computed

DW on that phantom (−0.014%). Furthermore, the mean

difference between the automatic computation of the DW and

the manually computed value of a patient’s data is also small

(0.41%). TOST analysis revealed that theDW values of the water-

filled funnel phantom computed with our algorithm are

statistically equivalent to actual water-phantom diameters and

to manually computed DW values slice by slice, as prescribed by

the IEC 62985:2019 norm. Bland–Altman analysis corroborates

those findings, giving a smaller value for the LoA (<0.1%) than

the one the IEC requires.

The processing times (see Table 2) are compatible with a

clinical workflow. In particular, the maximum time for

processing a study is about 1.5 min (99 s) for 4,460 slices.

Moreover, 75% (third quartile) of the studies required a

processing time below 16 s. The mean time to process a single

study is 11.52 s (the mean number of slices is 789).

These results can lead to the building of a real-time DW and

SSDE and DW computation system, allowing users (radiologists,

radiographers, and medical physicists mainly) to obtain size-

specific dosimetric information in short times after the very first

scan of a patient. This should permit checking if the protocol

used on the patient is tailored to its build or needs optimization.
A

B

C

FIGURE 6

TOST plots for equivalence tests between automatically computed
DW vs. (A) physical diameter and (B) manually computed DW of the
water-filled funnel phantom; (C) manually computed DW of the
patient’s CT series. Dotted vertical lines represent the boundary of
equivalence. The squared dot is the mean percentage difference,
and the small line through it shows the confidence interval for the
standard t-test.
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Having decoupled the computation from the DICOM

storage, we are sure that our architecture does not interfere

with the existing DICOM network environment.

The accuracy achieved in the SSDE and DW computations

and the very small time for processing an entire CT study allow

us to compute the water-equivalent diameter averaged over

the slice Dw_ave (17), a quantity favorable for protocol

optimization (17). Based on the authors’ knowledge, there are

no previous studies showing such small computational times

allowing for clinical real-time computation of size-specific

dosimetric quantities.

We computed DW and corrected it for truncated images, and

the data we saved contain the percentage of truncation, so the
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final user can relate the accuracy of DW with the presence of an

amount of truncation.

This study has, however, some limitations. First, we

computed times without accounting for time latencies in

DICOM networks and/or for writing on files. Further studies

should investigate these issues, and they should use a database

instead of a text file. Second, our software relies massively on the

Italian-named CT Protocol Names and thus is not immediately

expandable to other clinical realities. Furthermore, we have not

tested it on all CT vendors and all the protocols available for CT.

Moreover, we applied our algorithm only to CT studies of the

head, thorax, and abdomen/pelvis regions. Further studies

require testing (or changing/adapting) the algorithm on
FIGURE 7

Example of SSDE and CTDIvol plot vs. slice number for a sample patient. The solid curve represents the SSDE computed for each slice, and the
dotted one is the CTDIvol read from the DICOM header of the slices. It is worth noting that SSDE is different from CTDIvol.
FIGURE 8

Example of DW vs. slice number for a sample patient. The curve represents the water-equivalent diameter DW computed for each slice.
frontiersin.org

https://doi.org/10.3389/fonc.2022.798460
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org


Porzio and Anam 10.3389/fonc.2022.798460
anatomical districts with multiple body regions, such as

extremities, wrist, and shoulders.
Conclusion

A fully automated method of DW measurement in a clinical

workflow has been successfully developed. The system shows that

it is possible to have highly accurate DW and SSDE in almost real

time, without affecting the clinical workflow of CT examinations.
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FIGURE 9

Histograms of time for processing: (A) a single CT slice and (B) a patient study; vertical lines show the mean values.
TABLE 2 Summary of time (in seconds) required to process a whole
CT study.

Min. 1st Quartile Median Mean 3rd Quartile Max

0.16 4.57 8.53 11.52 15.56 99.2
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