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Purpose: To investigate whether a deep learning-assisted contour (DLAC) could provide
greater accuracy, inter-observer consistency, and efficiency compared with a manual
contour (MC) of the clinical target volume (CTV) for non-small cell lung cancer (NSCLC)
receiving postoperative radiotherapy (PORT).

Materials and Methods: A deep dilated residual network was used to achieve the
effective automatic contour of the CTV. Eleven junior physicians contoured CTVs on 19
patients by using both MC and DLAC methods independently. Compared with the ground
truth, the accuracy of the contour was evaluated by using the Dice coefficient and mean
distance to agreement (MDTA). The coefficient of variation (CV) and standard distance
deviation (SDD) were rendered to measure the inter-observer variability or consistency.
The time consumed for each of the two contouring methods was also compared.

Results: A total of 418 CTV sets were generated. DLAC improved contour accuracy
when compared with MC and was associated with a larger Dice coefficient (mean 4 SD:
0.754+0.06vs. 0.72 £ 0.07, p < 0.001) and smaller MDTA (mean 4+ SD: 2.97 + 0.91 mm
vs. 3.07 £ 0.98mm, p < 0.001). The DLAC was also associated with decreased inter-
observer variability, with a smaller CV (mean + SD: 0.129 + 0.040 vs. 0.183 + 0.043,
p < 0.001) and SDD (mean £ SD: 0.47 + 0.22mm vs. 0.72 & 0.41 mm, p < 0.001). In
addition, a value of 35% of time saving was provided by the DLAC (median: 14.81 min
vs. 9.59min, p < 0.001).

Conclusions: Compared with MC, the DLAC is a promising strategy to obtain superior
accuracy, consistency, and efficiency for the PORT-CTV in NSCLC.

Keywords: non-small cell lung cancer, postoperative radiotherapy, clinical target volume, deep learning, automatic
contour
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INTRODUCTION

Accurate delineation of the clinical target volume (CTV) is
one of the most crucial aspects of treatment planning in
radiotherapy. The quality of this process depends on the
expertise of the individual observer and is associated with quality
outcomes in lung cancer care (1-4). However, significant inter-
observer variation, even among experts in clinical trials with
specific protocols, has been reported (4-6). In less-developed
countries that lack a sufficient number of facilities and training
opportunities for radiation oncologists, there is even greater
disparity in clinical expertise among physicians from different
areas (7).

Computer-aided tools can potentially improve contour
accuracy and reduce variation. Recently, deep learning methods
have been increasingly involved in the field of radiotherapy (8-
19). Our group has also previously established a series of auto-
segmentation models in breast cancer and rectal cancer that
use big data and deep learning (10, 11). As a state of the art
technique, deep learning has manifested superior performances
by enabling self-taught discovery of informative representations
and using hierarchical layers of learned abstraction to accomplish
high-level tasks efficiently (10). Another important advantage
of deep learning methods is that they are suitable for various
patient body sizes and shapes. Even if input images show huge
differences in body size or shape, deep learning can increase
knowledge from a sufficient number of examples and produce
excellent segmentation results (10, 11).

With regard to lung cancer, deep learning-related published
data have predominantly focused on organs at risk (OAR) or
gross tumor contouring (14-18, 20, 21) and have consistently
outperformed the existing solutions in most settings but still
require final manual modification before the eventual clinical
implementation (14, 20, 21). However, few studies have explored
the role of this cutting-edge technique for CTV contouring in
patients who received postoperative radiation therapy (PORT).

In this study, we established a robust deep learning algorithm
to segment the CTV for non-small cell lung cancer (NSCLC)
receiving PORT and determined if the assistance of deep learning
could provide greater accuracy, inter-observer consistency, and
contouring efficiency than those of manual delineation.

MATERIALS AND METHODS

Patient Selection

We selected 250 pN2-NSCLC patients who received PORT in our
department between 2012 and 2016 to build the deep learning
model, with 200 patients randomly assigned to a training set and
50 to the validation set. We then selected 19 patients treated
between 2016 and 2018 in our department as the test cohort
to generate the automatic delineation of the CTV. All patients
were simulated in the supine position with both arms raised
above the head. The thickness of all scanned slices was 5mm,
and all computed tomography (CT) images were transferred
using the Digital Imaging and Communications in Medicine
(DICOM) format. The CT data were acquired on a Somatom
Definition AS 40 (Siemens Healthcare, Forchheim, Germany)

or on Brilliance CT Big Bore (Philips Healthcare, Best, the
Netherlands) systems.

Deep Learning for Segmentation

We introduced a robust deep learning algorithm based on
ResNet-101 to segment the CTV for PORT patients, which has
been proven to provide high performance in CTV delineation
(11). An end-to-end segmentation framework was able to predict
pixel-wise class labels in the CT images. The dilated module
with different atrous rates was able to extract multi-scale features
from the CT, which led to a more robust model. The training,
validation, and testing were implemented in Caffe by using the
GeForce® GTX 1080 Ti graphics card (22). The inputs to the
deep learning model were the two-dimensional CT images, and
the outputs were the corresponding labels of the CTV. The
training set (comprising CT images and manual segmentation
labels) was used to tune the parameters of the network. Data
augmentation methods, such as random cropping, rotation,
scaling, and contrast adjustment, were adopted to enlarge the
training set. The following training strategy of the network was
used: batch size of 1, momentum of 0.9, weight decay of 0.0005,
learning rate policy of poly, initial learning rate of 0.001, power
of 0.9, and training iterations of 80K. The model with the
highest performance on the validation set was selected as the
final model.

Ground Truth Contours

Three senior radiation oncologists (ZZ, NB, and JW with work
experience > 10 years) also contoured the CTV in accordance
with the protocol of a randomized phase III trial of the PORT
study primarily investigated by our institute (NCT00880971)
while blinded to the others’ work on the same set of PORT
images. The majority voting was used to generate the ground
truth (GT).

Contour Methods

Eleven junior radiation oncologists (working experience < 5
years) from 11 institutions with various volumes of radiation
oncology departments (detailed information of the departments’
volumes is presented in Supplementary Table 1) were selected
to independently contour the CTV on the same set of PORT
images. Each radiation oncologist created two contour sets of
the CTV in this study: (1) a manual contour (MC) and (2)
a deep learning-assisted contour (DLAC). All MC tasks were
performed in the treatment planning system (TPS) Pinnacle 9.10
(Philips Radiation Oncology Systems, Fitchburg, WI). In terms
of the DLAGC, the physicians first ran the auto-contouring script,
which could enable the automatic delineation of the PORT-
CTV on the CT images using the previously trained model,
and then wrote the contours into the DICOM RT structures file
of the TPS. Afterwards, the physicians manually adjusted these
automatic contours in the TPS at their discretion to generate
the DLAC. For each contouring task, the starting and ending
time was recorded by using an in-house script. The interval
time between them was defined as the contouring time, with an
accuracy of 1 s.
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Accuracy Assessment

The accuracy of the junior radiation oncologists’ delineation was
evaluated by using the Dice coefficient and mean distance to
agreement (MDTA) with the GT as a reference (14, 23-25). The
Dice coefficient is defined as:

Dice coefficient = 2(VjNVgr)/(Vy + Vgr)

where Vj represents the CTV contoured by each junior physician,
and Vgt represents the ground truth CTV created by the three
senior physicians. A value of 1 indicates a perfect concordance
between two contours. MDTA is the mean distance between the
surfaces of both volumes, with a value of 0 representing perfect
agreement. Both Dice coefficient and MDTA were generated in
MIM software (version: 6.9.2, Cleveland, OH).

Inter-observer Consistency Assessment

The inter-observer consistency was assessed using both volume
and spatial metrics. The coeflicient of variation (CV) was
defined as the standard deviation (SD) divided by the mean
CTV volume of all observers for each patient contoured with
each delineation method, where a larger CV indicates greater
variability or lower consistency. For the spatial metrics, the
standard distance deviation (SDD) was used to measure the
dispersion of the centroid distribution of CTVs contoured by the
11 junior radiation oncologists, which represents the standard
deviation of the distance of each point from the mean center (26):
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where Xj, Yj, and Z; represent the coordinates of the centroids
of the CTVs created by the junior radiation oncologists and
can be obtained from the MIM. X, Y., and Z, represent the
coordinates of the mean center of a set of centroids of CTVs
for each patient delineated by the 11 junior radiation oncologists
using one specific contour method. The unit of SDD is cm and
a larger SDD indicates a greater systematic shift across all of the
radiation oncologists.

Statistical Analysis

The continuous variables were presented as the mean + SD or
median (interquartile range), which depended on the normality
of the data. Correspondingly, the t-test or Mann-Whitney U-
test were used to compare the variables between two contouring
methods. These analyses were all performed in SPSS version 19.0
(SPSS, Inc. IBM, Armonk, NY, USA). All tests were two sided, and
p < 0.05 was considered to be indicative of statistical significance.

RESULTS

General Characteristics of Study Patients
General characteristics of the patients in the test cohort are
demonstrated in Table 1. The median age was 52 and the
dominant pathology was adenocarcinoma. Primary location of
tumors included 42.1% in upper lobe, 10.5% in middle lobe, and
47.4% in lower lobe. All patients had N2 stage and 52.6% had
T2 stage of disease. More than half of the patients carried > 3
stations of lymph node involvement and the median number of
metastatic lymph node was 6.

Descriptive Statistics of CTV Volume

As shown in Figure 1A, the mean volume of the deep learning
contour-based CTV (DLC) and GT-CTV was 94.30 cc (SD: 25.06
cc) and 93.78 cc (SD: 24.70 cc), respectively (p = 0.43). As for
juniors’ contour, a total of 418 unique CTV sets were generated,
with 209 sets (19 x 11 =209) for the MC and DLAGC, respectively.
The volume measures for each junior radiation oncologist with
DLAC and MC are shown in Figure 1B and no volume difference
was observed between two methods (p = 0.49). Figure 2 shows
the CTV contours of the 11 junior radiation oncologists with the
DLAC and MC and the GT contours for a representative patient.

Accuracy Analysis

Using GT contours as the reference, the Dice coeflicient of each
junior radiation oncologist for the DLAC and MC is graphed
in Figure 3A, which revealed a greater Dice coeflicient for the
DLAC than for the MC (mean = SD: 0.75 = 0.06 vs. 0.72 = 0.07;
p < 0.001). Similarly, the DLAC also presented a smaller MDTA
per individual CTV set than that of the MC performed by the
junior radiation oncologists (mean + SD: 2.97 mm =+ 0.91 mm
vs. 3.07 mm = 0.98 mm; p < 0.001), as shown in Figure 3B.

TABLE 1 | General characteristics of study patients.

Characteristics Number (n = 19)
Age Median (Range) 52 (35, 66)
Gender Male 10 (52.6%)
Female 9 (47.4%)
Pathology Adenocarcinoma 18 (94.7%)
Squamous cell carcinoma 1(5.3%)
Primary Lobe Upper 8 (42.1%)
Middle 2(10.5%)
Lower 9 (47.4%)
T Stage T 6 (31.6%)
T2 10 (52.6%)
T3 2 (10.5%)
T4 1(5.3%)
Number of involved nodal station 1 3(15.8%)
2 6 (31.6%)
>3 10 (562.6%)
Number of resected lymph node  Median (Range) 19 (10, 40)
Number of involved lymph node  Median (Range) 6(1,17)
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FIGURE 1 | (A) Scatter plots of the volume measurements of the senior radiation oncologists’ contours for each patient with a DLC (black triangle) and MC (yellow
square) and (B) summary of the junior radiation oncologists’ contours for each patient with a DLAC (blue boxes) and MC (yellow boxes), with whiskers from the 5-95th
percentiles. DLC, deep learning contour; DLAC, deep learning-assisted contour; MC, manual contour.

FIGURE 2 | Clinical target volume delineated by the 11 junior radiation oncologists and GT contours (blue bold line) for a representative patient with an MC (A) and a
DLAC (B). DLAC, deep learning-assisted contour; MC, manual contour; GT, ground truth contour.

Inter-observer Consistency Analysis

For volume metrics of inter-observer variability, the DLAC
introduced a remarkably lower CV than that of the MC (mean £
SD: 0.129 £ 0.040 vs. 0.183 = 0.043; p < 0.001; Figure 4A), which
resulted in a 30% reduction of the CV. With regard to spatial
metrics, the DLAC was associated with a significantly smaller
SDD than that of the MC (mean £ SD: 0.47 + 0.22 mm vs.
0.72 £ 0.41 mm; p < 0.001), which led to a 35% decrease in the
SDD (Figure 4B).

Contouring Time Analysis
Figure 5 shows the contouring time of the two methods for each
patient. The median contouring time of the junior radiation

oncologists when using the MC and DLAC for one patient
were 14.81 min (interquartile range: 11.88, 18.64) and 9.59 min
(interquartile range: 7.64, 11.91), respectively, which resulted in
a 35% reduction (absolute: 5.22 min) in time consumption with
assistance of the DLC (p < 0.001; Figure 5).

DISCUSSION

Accurate delineation of the CTV is one of the most crucial aspects
of treatment planning in radiation therapy, whereas the quality
of CTV delineation largely depends on the academic expertise
of the individual physician. In our country, with a shortage of
facilities and workforce, there is inevitably a great disparity in
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FIGURE 3 | (A) Dice coefficient of the contours with a DLAC (blue boxes) and MC (yellow boxes) and (B) Mean distance to agreement (MDTA) of the contours with a
DLAC (blue boxes) and MC (yellow boxes), compared with the GT contour for each junior radiation oncologist with whiskers from the 5-95th percentiles. DLAC, deep
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FIGURE 4 | (A) Coefficient of variation (CV) of the clinical target volume and (B) Standard distance deviation (SDD) of centroids for each patient with the DLAC (blue
bars) and MC method (yellow bars). DLAC, deep learning-assisted contour; MC, manual contour.
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clinical expertise across physicians from different areas (7). The
introduction of an advantageous automatic contouring tool has
been strongly expected to improve contour accuracy as well
as reduce contour discrepancy and time consumption. To the
best of our knowledge, this is the first study to evaluate the
performance of a DLAC of CTV for patients receiving PORT.
As hypothesized, our results demonstrated superior accuracy and
inter-observer consistency, and time saving resulted from the
introduction of deep learning.

For pN2 NSCLC patients receiving a complete resection,
the role of PORT is still open to debate. Notwithstanding the
paucity of randomized data, a majority of evidence suggests that
selected high-risk patients could benefit from PORT in terms
of both local control and OS (27-33). For a target-generating
study, the contours delineated by experienced expert physicians
from high-volume institutions is generally considered GT as the
reference (13, 14). Therefore, the increased consistency between
the evaluated contours and the GT indicates an improvement
in the contour accuracy. In the present study, the GT contours

were generated based on the contemporary re-delineation by
the three senior radiation oncologists as per the protocol of a
randomized phase III trial of a PORT study primarily investigated
by our institute, rather than by simply using the previous
contours administered in clinical practice. This merit would be
meaningful in avoiding the potential inter-observer variation
among multiple senior physicians who created those contours
for clinical practice. The MDTA and the Dice coeflicient are
widely accepted parameters for the evaluation of consistency
between different segmentations (12, 14). The MDTA is a
distance parameter, whereas the Dice coefficient is a volume
overlap index, with a smaller MDTA and higher Dice coefhicient
indicating a greater contour accuracy. In our study that
used senior radiation oncologists’ contours as the benchmark,
contours of the DLAC by junior radiation oncologists from
11 centers achieved a higher Dice coefficient and smaller
MDTA than those achieved by the MC, which indicated that
the assistance of deep learning improved the accuracy of
their contours.
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FIGURE 5 | Contouring time of the DLAC (blue boxes) and MC (yellow boxes), with whiskers from the 5-95th percentile displayed for each individual patient. DLAC,

Regarding the automatic segmentation of a target specifically
for lung cancer, we noted that all of the published studies assessed
the contour accuracy of the gross tumor on the basis of MR
or PET, with the reported Dice coefficient ranging from 0.71 to
0.93 (15-18). To the best of our knowledge, the present study
is the first to evaluate the performance of a DLAC of the CTV
in the context of planning the CT. By using a DLAC on the
planning CT, our study revealed a favorable Dice coefficient of
0.75 for the CTV, which showed an improvement compared to
the Dice coefficient of the MC. This moderate Dice coeflicient
may be explained by the following reasons. First, PORT-CTV
generally encompasses the high-risk nodal regions and bronchial
stump, which cannot be simply identified by discriminating
tissue density as it was for GTV. Second, CT-based postoperative
changes may augment anatomical diversity, such as a blurred soft
tissue boundary, shifted target location resulting from different
lobectomies, and a wide variety of individual patients lung
volume. Third, the PORT-CTV definition is more complex
than an anatomical issue. With the development of more
sensitive diagnostic techniques and modern conformal radiation
techniques, there is a trend toward a smaller PORT volume,
which only includes high-risk draining lymph node regions
plus the bronchial stump (34). As a result, PORT-CTV may
vary with the position of the primary tumor and the examined
nodal regions because of differences in nodal drainage, which
would inevitably affect the agreement of the training data and
consequently decrease the performance of the deep-learning
model. The accuracy of the DLAC is expected to increase with
an enlarged training dataset and multimodality images.

Inter-observer variability in the CTV contour has been
considered to be the decisive source of uncertainty in
radiotherapy treatment planning (35, 36). Such variability
has become increasingly critical in the context of precision
radiotherapy because other sources of error are minimized

through advances in radiation technique (37). In the setting of
the postoperative CTV contour for NSCLC, significant inter-
clinician variations have been observed even among experts
(34). The auto-contoured target volumes have been found to be
more consistent than the manually contoured volumes in many
contexts (13, 38-40). In the present study, with the assistance of
DLC, we gained significantly improved consistency of contours
across observers. The inter-observer variability among the junior
radiation oncologists was decreased significantly in terms of both
volumetric and spatial metrics, with the variability reduction rate
ranging from 30 to 35%.

Another important issue in target delineation is time
consumption. With a prophylactic intent of radiation, the
contouring time for PORT depends mainly on three factors:
visualization of the boundary of the target, anatomical knowledge
of the lymph node regions, and comprehension of the regions
with a high-risk of failure. When comparing the DLAC directly
with the MC, it should be equally easy to visually distinguish the
high-contrast edges, whereas the latter two factors may be better
contemplated through the DLAC. The most evident advantage
of the DLAC is that it directly offers a possible delineation
solution, and the physician only needs to edit the contour rather
than to manually contour by slice. In our study, employment
of DLAC achieved a 35% reduction of the time consumption
for the CTV contour, leading to a considerable improvement in
working efficiency.

We acknowledge several limitations in our study. First, the
patients enrolled for model establishment were treated over
a certain time span, during which there might be certain
changes throughout the process of the treatment planning. For
instance, several anatomical protocols for the mediastinal lymph
node region have been proposed within the recent decade,
such as the IASLC lymph node map, Japan consensus, and
Michigan atlas (41-43), which would have caused uncertainty
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in the CTV design to a certain extent within these years
and consequently affected the model performance. Second, the
planning CT images were collected retrospectively. The CT
data could have been better with a thinner slice thickness and
the inclusion of breathing information provided by 4D CT.
Additionally, all sets of the junior radiation oncologists’ contours
were completed within 1 month, so a memory bias from the
previous contour might have been introduced and could have
further affected the delineation of CTV for patients with the
latter sequence.

CONCLUSIONS

The DLAC is a promising strategy offering superior accuracy,
consistency, and time saving for PORT-CTV delineation, which
leads to higher quality and efficiency of radiotherapy for
NSCLC after complete resection. These results indicate that deep
learning-based automatic segmentation is promising for assisting
CTV delineation, particularly for junior physicians from low
patient volume institutions.

DATA AVAILABILITY STATEMENT

The datasets generated for this study are available on request to
the corresponding author.

ETHICS STATEMENT

The studies involving human participants were reviewed
and approved by Ethics Committee of National Cancer
Center/Cancer Hospital, Chinese Academy of Medical Sciences
and Peking Union Medical College. Written informed consent
for participation was not required for this study in accordance
with the national legislation and the institutional requirements.

REFERENCES

1. Hillner BE, Smith TJ, Desch CE. Hospital and physician volume
or specialization importance
in quality of cancer care. 18:2327-40.
doi: 10.1200/JC0O.2000.18.11.2327

2. Eaton BR, Pugh SL, Bradley JD, Masters G, Kavadi VS, Narayan S, et al.
Institutional enrollment and survival among NSCLC patients receiving
chemoradiation: NRG oncology radiation therapy oncology group. (RTOG)
0617. ] Natl Cancer Inst. (2016) 108:djw034. doi: 10.1093/jnci/djw034

3. Wang EH, Rutter CE, Corso CD, Decker RH, Wilson LD, Kim AW, et al.
Patients selected for definitive concurrent chemoradiation at high-volume
facilities achieve improved survival in stage III non-small-cell lung cancer. J
Thorac Oncol. (2015) 10:937-43. doi: 10.1097/JT0O.0000000000000519

4. Ohri N, Shen X, Dicker AP, Doyle LA, Harrison AS, Showalter TN.
Radiotherapy protocol deviations and clinical outcomes: a meta-analysis
of cooperative group clinical trials. J Natl Cancer Inst. (2013) 105:387-93.
doi: 10.1093/jnci/djt001

5. CuiY, Chen W, Kong FM, Olsen LA, Beatty RE, Maxim PG, et al. Contouring
variations and the role of atlas in non-small cell lung cancer radiation therapy:
analysis of a multi-institutional preclinical trial planning study. Pract Radiat
Oncol. (2015) 5:¢67-75. doi: 10.1016/j.prro.2014.05.005

6. Van de Steene ], Linthout N, de Mey J, Vinh-Hung V, Claassens
C, Noppen M, et al. Definition of gross tumor volume in lung

and outcomes in cancer treatment:
J Clin  Oncol. (2000)

AUTHOR CONTRIBUTIONS

NB, JW, ZZ, and JD contributed conception and design of the
study. NB, JW, and ZZ independently contoured the CTVs to
generate the ground truth. NB and JW organized the database
and performed the statistical analysis and wrote the first draft
of the manuscript. NB, JW, TZ, and XC wrote sections of
the manuscript. XC, WX, JM, and JD established the deep
learning segmentation model. KX, LWu, and QF collected the
original data of the study patients. LWa, YL, and ZZ treated and
selected the study patients. All authors contributed to manuscript
revision, read, and approved the submitted version.

FUNDING

This work was supported by the CAMS Initiative for Innovative
Medicine (CAMS-12M, Grant Nos: 2017-12M-1-005, 2016-12M-
1-001), the National Natural Science Foundation of China
(Grant No: 11875320), and the Non-profit Central Research
Institute Fund of Chinese Academy of Medical Sciences (Grant
No: 2018PT32011).

ACKNOWLEDGMENTS

We thank all junior radiation oncologists involved in this study
for supporting the target delineation and data collection. This
work has been selected as an oral presentation in the upcoming
ASTRO meeting, Chicago, USA, September 15-18, 2019.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fonc.
2019.01192/full#supplementary-material

cancer: inter-observer variability. Radiother Oncol. (2002) 62:37-49.
doi: 10.1016/S0167-8140(01)00453-4

7. Wang L, Lu JJ, Yin W, Lang J. Perspectives on patient access to radiation
oncology facilities and services in mainland China. Semin Radiat Oncol.
(2017) 27:164-8. doi: 10.1016/j.semradonc.2016.11.008

8. Bibault JE, Giraud P, Burgun A. Big data and machine learning in radiation
oncology: state of the art and future prospects. Cancer Lett. (2016) 382:110-7.
doi: 10.1016/j.canlet.2016.05.033

9. Ibragimov B, Toesca D, Chang D, Yuan Y, Koong A, Xing L. Development
of deep mneural network for individualized hepatobiliary toxicity
prediction after liver SBRT. Med Phys. (2018) 45:4763-74. doi: 10.1002/
mp.13122

10. Men K, Dai J, Li Y. Automatic segmentation of the clinical target
volume and organs at risk in the planning CT for rectal cancer using
deep dilated convolutional neural networks. Med Phys. (2017) 44:6377-89.
doi: 10.1002/mp.12602

11. Men K, Zhang T, Chen X, Chen B, Tang Y, Wang S, et al. Fully automatic
and robust segmentation of the clinical target volume for radiotherapy of
breast cancer using big data and deep learning. Phys Med. (2018) 50:13-9.
doi: 10.1016/j.ejmp.2018.05.006

12. Liu C, Gardner SJ, Wen N, Elshaikh MA, Siddiqui F Movsas B, et al.
Automatic segmentation of the prostate on CT images using deep neural
networks. (DNN). Int ] Radiat Oncol Biol Phys. (2019) 104:924-32.
doi: 10.1016/j.ijrobp.2019.03.017

Frontiers in Oncology | www.frontiersin.org

November 2019 | Volume 9 | Article 1192


https://www.frontiersin.org/articles/10.3389/fonc.2019.01192/full#supplementary-material
https://doi.org/10.1200/JCO.2000.18.11.2327
https://doi.org/10.1093/jnci/djw034
https://doi.org/10.1097/JTO.0000000000000519
https://doi.org/10.1093/jnci/djt001
https://doi.org/10.1016/j.prro.2014.05.005
https://doi.org/10.1016/S0167-8140(01)00453-4
https://doi.org/10.1016/j.semradonc.2016.11.008
https://doi.org/10.1016/j.canlet.2016.05.033
https://doi.org/10.1002/mp.13122
https://doi.org/10.1002/mp.12602
https://doi.org/10.1016/j.ejmp.2018.05.006
https://doi.org/10.1016/j.ijrobp.2019.03.017
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

Bietal.

Deep Learning Improved Target Contouring

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

Lin L, Dou Q, Jin YM, Zhou GQ, Tang YQ, Chen WL, et al. Deep learning for
automated contouring of primary tumor volumes by MRI for nasopharyngeal
carcinoma. Radiology. (2019) 291:677-86. doi: 10.1148/radiol.2019
182012

Lustberg T, van Soest J, Gooding M, Peressutti D, Aljabar P, van der
Stoep J, et al. Clinical evaluation of atlas and deep learning based
automatic contouring for lung cancer. Radiother Oncol. (2018) 126:312-7.
doi: 10.1016/j.radonc.2017.11.012

Jiang J, Hu YC, Tyagi N, Zhang P, Rimner A, Mageras GS, et al. Tumor-
aware, adversarial domain adaptation from CT to MRI for lung cancer
segmentation. Med Image Comput Assist Interv. (2018) 11071:777-85.
doi: 10.1007/978-3-030-00934-2_86

Comelli A, Stefano A, Bignardi S, Russo G, Sabini MG, Ippolito M,
et al. Active contour algorithm with discriminant analysis for delineating
tumors in positron emission tomography. Artif Intell Med. (2019) 94:67-78.
doi: 10.1016/j.artmed.2019.01.002

Zhuang M, Dierckx RA, Zaidi H. Generic and robust method for automatic
segmentation of PET images using an active contour model. Med Phys. (2016)
43:4483. doi: 10.1118/1.4954844

Giri MG, Cavedon C, Mazzarotto R, Ferdeghini M. A Dirichlet process
mixture model for automatic. (18)F-FDG PET image segmentation: validation
study on phantoms and on lung and esophageal lesions. Med Phys. (2016)
43:2491. doi: 10.1118/1.4947123

Men K, Boimel P, Janopaul-Naylor J, Zhong H, Huang M, Geng H, et al.
Cascaded atrous convolution and spatial pyramid pooling for more accurate
tumor target segmentation for rectal cancer radiotherapy. Phys Med Biol.
(2018) 63:185016. doi: 10.1088/1361-6560/aada6c

Feng X, Qing K, Tustison NJ, Meyer CH, Chen Q. Deep convolutional neural
network for segmentation of thoracic organs-at-risk using cropped 3D images.
Med Phys. (2019) 46:2169-80. doi: 10.1002/mp.13466

Yang J, Veeraraghavan H, Armato SG III, Farahani K, Kirby JS, Kalpathy-
Kramer J, et al. Autosegmentation for thoracic radiation treatment
planning: a grand challenge at AAPM 2017. Med Phys. (2018) 45:4568-81.
doi: 10.1002/mp.13141

Jia Y, Shelhamer E, Donahue J, Karayev S, Long J, Girshick R et al.
Caffe: convolutional architecture for fast feature embedding. The 22nd
ACM international conference on multimedia. (Multimedia 2014) 2:675-8.
doi: 10.1145/2647868.2654889

Taha AA, Hanbury A. Metrics for evaluating 3D medical image
segmentation: analysis, selection, and tool. BMC Med Imaging. (2015)
15:29. doi: 10.1186/512880-015-0068-x

Piert M, Shankar PR, Montgomery J, Kunju LP, Rogers V, Siddiqui J,
et al. Accuracy of tumor segmentation from multi-parametric prostate
MRI and. (18)F-choline PET/CT for focal prostate cancer therapy
applications. EJNMMI Res. (2018) 8:23. doi: 10.1186/s13550-018-
0377-5

Mikell JK, Kaza RK, Roberson PL, Younge KC, Srinivasa RN, Majdalany
BS, et al. Impact of. (90)Y PET gradient-based tumor segmentation on
voxel-level dosimetry in liver radioembolization. EINMMI Phys. (2018) 5:31.
doi: 10.1186/540658-018-0230-y

O’Sullivan D, Unwin D. Geographic Information Analysis. 2nd ed. Hoboken,
NJ: John Wiley & Sons (2010).

Urban D, Bar ], Solomon B, Ball D. Lymph node ratio may predict the benefit
of postoperative radiotherapy in non-small-cell lung cancer. J Thorac Oncol.
(2013) 8:940-6. doi: 10.1097/JTO.0b013e318292c53e

Wisnivesky JP, Halm EA, Bonomi M, Smith C, Mhango G, Bagiella E.
Postoperative radiotherapy for elderly patients with stage IIT lung cancer.
Cancer. (2012) 118:4478-85. doi: 10.1002/cncr.26585

Billiet C, Peeters S, Decaluwe H, Vansteenkiste ], Mebis J, Ruysscher D.
Postoperative radiotherapy for lung cancer: Is it worth the controversy?
Cancer Treat Rev. (2016) 51:10-8. doi: 10.1016/j.ctrv.2016.10.001

Herskovic A, Mauer E, Christos P, Nagar H. Role of postoperative
radiotherapy in pathologic stage IITA. (N2) Non-small cell lung cancer in a
prospective nationwide oncology outcomes database. | Thorac Oncol. (2017)
12:302-13. doi: 10.1016/}.jth0.2016.09.135

Corso CD, Rutter CE, Wilson LD, Kim AW, Decker RH, Husain
ZA. Re-evaluation of the role of postoperative radiotherapy and
the impact of radiation dose for non-small-cell lung cancer using

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

the National Cancer Database. ] Thorac Oncol. 10:148-55.
doi: 10.1097/JT0.0000000000000406

Mikell JL, Gillespie TW, Hall WA, Nickleach DC, Liu Y, Lipscomb J, et al.
Postoperative radiotherapy is associated with better survival in non-small
cell lung cancer with involved N2 lymph nodes: results of an analysis
of the National Cancer Data Base. | Thorac Oncol. (2015) 10:462-71.
doi: 10.1097/JT0.0000000000000411

Robinson CG, Patel AP, Bradley JD, DeWees T, Waqar SN, Morgensztern
D, et al. Postoperative radiotherapy for pathologic N2 non-small-cell lung
cancer treated with adjuvant chemotherapy: a review of the National
Cancer Data Base. | Clin Oncol. (2015) 33:870-6. doi: 10.1200/JC0O.201
4.58.5380

Spoelstra FO, Senan S, Le Pechoux C, Ishikura S, Casas E Ball D,
et al. Variations in target volume definition for postoperative radiotherapy
in stage III non-small-cell lung cancer: analysis of an international
contouring study. Int ] Radiat Oncol Biol Phys. (2010) 76:1106-13.
doi: 10.1016/j.ijrobp.2009.02.072

Segedin B, Petric P. Uncertainties in target volume delineation in radiotherapy
- are they relevant and what can we do about them? Radiol Oncol. (2016)
50:254-62. doi: 10.1515/raon-2016-0023

Vinod SK, Jameson MG, Min M, Holloway LC. Uncertainties in
volume delineation in radiation oncology: a systematic review and
recommendations for future studies. Radiother Oncol. (2016) 121:169-79.
doi: 10.1016/j.radonc.2016.09.009

Louie AV, Rodrigues G, Olsthoorn ], 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

Pallavaram S, D’Haese PF, Lake W, Konrad PE, Dawant BM, Neimat JS.
Fully automated targeting using nonrigid image registration matches accuracy
and exceeds precision of best manual approaches to subthalamic deep brain
stimulation targeting in Parkinson disease. Neurosurgery. (2015) 76:756-65.
doi: 10.1227/NEU.00000000000007 14

Nouranian S, Mahdavi SS, Spadinger I, Morris WJ, Salcudean SE,
Abolmaesumi P. A multi-atlas-based segmentation framework for
prostate brachytherapy. IEEE Trans Med Imaging. (2015) 34:950-61.
doi: 10.1109/TM1.2014.2371823

van Baardwijk A, Bosmans G, Boersma L, Buijsen J, Wanders S, Hochstenbag
M, et al. PET-CT-based auto-contouring in non-small-cell lung cancer
correlates with pathology and reduces interobserver variability in the
delineation of the primary tumor and involved nodal volumes. Int J Radiat
Oncol Biol Phys. (2007) 68:771-8. doi: 10.1016/j.ijrobp.2006.12.067

Chapet O, Kong FM, Quint LE, Chang AC, Ten Haken RK, Eisbruch A,
et al. CT-based definition of thoracic lymph node stations: an atlas from
the University of Michigan. Int ] Radiat Oncol Biol Phys. (2005) 63:170-8.
doi: 10.1016/j.ijrobp.2004.12.060

Rusch VW, Asamura H, Watanabe H, Giroux DJ, Rami-Porta R, Goldstraw
P, et al. The IASLC lung cancer staging project: a proposal for a new
international lymph node map in the forthcoming seventh edition of
the TNM classification for lung cancer. J Thorac Oncol. (2009) 4:568-77.
doi: 10.1097/JT0O.0b013e3181a0d82e

Itazawa T, Tamaki Y, Komiyama T, Nishimura Y, Nakayama Y, Ito H,
et al. The Japan lung cancer society-japanese society for radiation oncology
consensus-based computed tomographic atlas for defining regional lymph
node stations in radiotherapy for lung cancer. ] Radiat Res. (2017) 58:86-105.
doi: 10.1093/jrr/rrw076

(2015)

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.

Copyright © 2019 Bi, Wang, Zhang, Chen, Xia, Miao, Xu, Wu, Fan, Wang, Li, Zhou
and Dai. This is an open-access article 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.

Frontiers in Oncology | www.frontiersin.org

November 2019 | Volume 9 | Article 1192


https://doi.org/10.1148/radiol.2019182012
https://doi.org/10.1016/j.radonc.2017.11.012
https://doi.org/10.1007/978-3-030-00934-2_86
https://doi.org/10.1016/j.artmed.2019.01.002
https://doi.org/10.1118/1.4954844
https://doi.org/10.1118/1.4947123
https://doi.org/10.1088/1361-6560/aada6c
https://doi.org/10.1002/mp.13466
https://doi.org/10.1002/mp.13141
https://doi.org/10.1145/2647868.2654889
https://doi.org/10.1186/s12880-015-0068-x
https://doi.org/10.1186/s13550-018-0377-5
https://doi.org/10.1186/s40658-018-0230-y
https://doi.org/10.1097/JTO.0b013e318292c53e
https://doi.org/10.1002/cncr.26585
https://doi.org/10.1016/j.ctrv.2016.10.001
https://doi.org/10.1016/j.jtho.2016.09.135
https://doi.org/10.1097/JTO.0000000000000406
https://doi.org/10.1097/JTO.0000000000000411
https://doi.org/10.1200/JCO.2014.58.5380
https://doi.org/10.1016/j.ijrobp.2009.02.072
https://doi.org/10.1515/raon-2016-0023
https://doi.org/10.1016/j.radonc.2016.09.009
https://doi.org/10.1016/j.radonc.2009.12.028
https://doi.org/10.1227/NEU.0000000000000714
https://doi.org/10.1109/TMI.2014.2371823
https://doi.org/10.1016/j.ijrobp.2006.12.067
https://doi.org/10.1016/j.ijrobp.2004.12.060
https://doi.org/10.1097/JTO.0b013e3181a0d82e
https://doi.org/10.1093/jrr/rrw076
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/oncology
https://www.frontiersin.org
https://www.frontiersin.org/journals/oncology#articles

	Deep Learning Improved Clinical Target Volume Contouring Quality and Efficiency for Postoperative Radiation Therapy in Non-small Cell Lung Cancer
	Introduction
	Materials and Methods
	Patient Selection
	Deep Learning for Segmentation
	Ground Truth Contours
	Contour Methods
	Accuracy Assessment
	Inter-observer Consistency Assessment
	Statistical Analysis

	Results
	General Characteristics of Study Patients
	Descriptive Statistics of CTV Volume
	Accuracy Analysis
	Inter-observer Consistency Analysis
	Contouring Time Analysis

	Discussion
	Conclusions
	Data Availability Statement
	Ethics Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References


