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A R T I C L E  I N F O
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A B S T R A C T

Introduction: Accurate contouring of thoracic organs at risk (OARs) is essential for minimizing 
complications in radiation treatment. Manual contouring of thoracic OARs is not only time- 
consuming but also prone to substantial user variation. To enhance the efficiency and con
sistency, we developed a unified deep learning (DL) OAR contouring model, DeepOAR, that was 
trained using multiple partially labeled datasets for segmenting a comprehensive set of thoracic 
OARs following the Radiation Therapy Oncology Group (RTOG)-guided OAR atlas. This DL 
model supports the segmentation of six required and eight optional OARs guided by the NRG- 
RTOG 1106 trial, providing precise and reproducible OARs contouring that are ready to be used 
in radiotherapy practice.
Materials and methods: Following the OAR contouring recommendation of the NRG-RTOG 1106 
trial, we collected and curated three private datasets and two public datasets, comprising a total 
of 531 patients with partially annotated thoracic OARs. These partially annotated datasets were 
utilized to develop DeepOAR, which consisted of a shared encoder and 14 separate decoders, 
with each decoder dedicated to one specific OAR. For model training, we utilized all patients 
from the two public datasets and 75% of the patients from the private datasets. We reserved the 
remaining 25% of the private datasets for independent testing. A multi-user study involving 21 
radiation oncologists was conducted on 40 randomly selected patients from the independent 
testing dataset to evaluate the clinical applicability of DeepOAR. The Dice coefficient score (DSC) 
and average surface distance (ASD) were computed to evaluate the quantitative delineation 
performance of the model.
Results: DeepOAR outperformed nnUNet (the benchmark medical segmentation model) across all 
14 OARs, achieving mean DSC and ASD values of 88.4% and 1.0 mm, respectively, in the in
dependent testing set. Multi-user validation demonstrated that 89.7% of DeepOAR-generated 
OARs were clinically acceptable or required only minor revisions. A comparison using two 
randomly selected patients showed that the delineation variability of DeepOAR was significantly 
smaller than the inter-user variation among radiation oncologists. Human editing of DeepOAR’s 
predictions could further improve OAR delineation accuracy by an average of 3% increase in DSC 
and 40% reduction in ASD while significantly reducing the workload of radiation oncologists for 
contouring 14 thoracic OARs by an average of 77.0%.
Conclusion: We developed DeepOAR, a DL-based unified contouring model trained using multiple 
partially labeled datasets, to delineate a comprehensive set of 14 thoracic OARs following the 
RTOG-guided OAR atlas. Both qualitative and quantitative results demonstrated the strong 
clinical applicability of DeepOAR for the OAR delineation process in thoracic cancer radiotherapy 
workflows, along with improved efficiency, comprehensiveness, and quality.

1. Introduction

Precise delineation of organs at risk (OARs) is crucial to prevent surrounding healthy tissues from excessive radiation exposure 
and to thereby reduce the risk of severe post-treatment complications in thoracic radiotherapy.1–3 Precise delineation also facilitates 
meaningful comparisons across different clinical trials. Computed tomography (CT) is the primary imaging modality used for di
agnosing, staging, and assessing the treatment response of various medical conditions due to its widespread availability and capacity 
to provide detailed anatomical information at a relatively low cost.4,5 Guided by the OAR atlas of the NRG-Radiation Therapy 
Oncology Group (RTOG) 1106 protocol,6 currently, thoracic OAR contouring is predominantly performed via manual delineation. 
However, this approach demands significant clinical expertise with high labor costs and is inherently tedious. Additionally, manual 
delineation can exhibit substantial inter-user variability among radiation oncologists, leading to inconsistent and non-reproducible 
performance.7 This study aimed to develop and validate a deep learning (DL)-based OAR contouring model capable of segmenting a 
comprehensive set of 14 thoracic OARs according to the NRG-RTOG 1106 guideline,6 which has been adopted for RTOG lung 
radiation protocols. The targeted OARs include six required organs—the brachial plexus, esophagus, left lung, right lung, peri
cardium, and spinal cord—as well as eight optional organs—the aorta (A-Aorta), superior vena cava (V-Venacava-S), inferior vena 
cava (V-Venacava-I), proximal bronchial tree (Bronchi-Prox), pulmonary artery (A-Pulmonary), pulmonary vein (V-Pulmonary), left 
chest wall, and right chest wall.

Developing an accurate dl-based organ segmentation model requires large-scale datasets with high-quality and often fully labeled 
organ annotation, which are challenging to obtain.8–11 Deep networks trained on sizable datasets have demonstrated promising 
performances comparable to human observers.12–15 However, several existing datasets are relatively small and contain only partially 
labeled organs; they primarily focus on a subset of organs and a single type of cancer.16 A possible solution is to train separate models 
on several smaller datasets and then combine their knowledge afterward.17–19 Francis et al.20 introduced a two-stage DL model with 
an attention mechanism to segment thoracic OARs more efficiently. Feng et al.21 demonstrated that adding and re-training on a small 
number of local data can enhance the robustness of thoracic OAR segmentation models as compared to transfer learning. Shi et al.22

implemented a cascade coarse-to-fine segmentation with an adaptive module to segment small and large whole-body organs. 
However, these approaches have two major drawbacks: (1) inefficiency in model training and deployment, as they require training 
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separate models for each dataset and combining multiple models to generate the final output, and (2) reduced accuracy and ro
bustness, as individual models trained on smaller datasets perform less effectively compared with models trained on combined 
datasets. In clinical practice, there is an increasing demand for segmentation models that can utilize multiple datasets for joint 
training to address these challenges.

In this study, we proposed DeepOAR, a unified DL-based OAR contouring model trained using multiple partially labeled datasets 
to segment a comprehensive set of thoracic OARs following the RTOG-guided OAR atlas. The architecture of DeepOAR consists of a 
shared encoder, which extracts universal anatomical features not specific to a particular organ, and multiple decoders, each dedicated 
to segmenting a specific organ. Upon training DeepOAR on a union of five partially labeled datasets, it exhibited substantially 
improved segmentation accuracy and robustness. Two multi-user studies were conducted to validate its performance in clinical 
workflow.23 The results demonstrated that the OAR contours predicted by DeepOAR required minimal revision efforts from radiation 
oncologists to achieve clinical acceptability. This underscores the potential of DeepOAR as a valuable and efficient tool for OAR 
contouring in radiotherapy planning.

2. Materials and methods

2.1. Datasets for training and testing

In this multi-institutional retrospective study, we collected 531 patients from three private and two public partially annotated datasets for 
DeepOAR model training and validation. The three private datasets were collected from the First Affiliated Hospital of Zhejiang University 
(FAH-ZU), which was approved by the Clinical Research Ethics Committee of FAH-ZU (No.: IIT20231208A). The first private dataset for 
model training and validation included 153 lung cancer patients with IV contrast-enhanced CT scans. Following the complete NRG-RTOG 
1106 OAR atlas, an experienced radiation oncologist (X. H. Y) manually contoured 14 thoracic OARs, which were then confirmed by a senior 
radiation oncologist (F. M K) who developed the RTOG atlas. The second private dataset included 98 lung cancer patients with contrast- 
enhanced CT scans, and six thoracic OARs were annotated (i.e., the left and right lung, A-Aorta, esophagus, A-Pulmonary, and V-Pulmonary). 
The third private dataset contained 190 esophageal cancer patients, with each patient having paired, registered contrast-enhanced, and non- 
contrast-enhanced CT scans, totaling 380 scans. The same annotation process was followed for the lung cancer patients. Three OARs, 
including the esophagus, V-Pulmonary, and brachial plexus, were annotated. On average, the spatial resolutions of the three private datasets 
were 0.68 × 0.68 × 2.0 mm, 0.72 × 0.72 × 2.5 mm, and 0.68 × 0.68 × 1.8 mm, respectively.

Two additional public datasets containing partially labeled thoracic OARs were utilized, i.e., 50 lung cancer patients with con
trast-enhanced CT scans in StructSeg2019 and 40 lung cancer patients either with or without IV contrast in SegTHOR.24 After 
reviewing the OAR label quality of these two public datasets, we identified four OARs (left and right lung, esophagus, and Bronchi- 
Prox) from StructSeg2019 and three OARs (pericardium, esophagus, and A-Aorta) from SegTHOR that qualified for the NRG-RTOG 
1106 OAR guideline. These qualified OARs were utilized to develop DeepOAR. The CT scans had an average spatial resolution of 
1.17 × 1.17 × 5.0 mm and 0.98 × 0.98 × 2.5 mm in the StructSeg2019 and SegTHOR datasets, respectively.

For the 14 types of thoracic OARs obtained from five datasets, excluding chest walls, each type of organ was labeled in at least two 
datasets. Specifically, four datasets contained the esophagus, whereas three datasets contained left/right lung and A-Aorta. For model 
training, we used all patients from the public StructSeg2019 and SegTHOR datasets and 331 (75%) patients randomly selected from 
the private FAH-ZU datasets. The remaining 110 private patients, evenly distributed between contrast-enhanced CT and non-contrast 
CT, were kept as unseen testing data to ensure independent evaluation during the training process.

2.2. Multi-user datasets

We conducted two multi-user tests to evaluate the qualitative and quantitative performance of DeepOAR in the segmentation of 
thoracic OARs.

For qualitative multi-user testing, we collected 40 patients to qualitatively evaluate the DeepOAR contours, where 30 patients were 
curated from the FAH-ZU, and 10 non-contrast CTs were randomly selected from the non-small cell lung cancer (NSCLC) Radiomics dataset.25

Eighteen groups (21 radiation oncologists from 14 institutes) participated in the qualitative testing. The 30 curated testing patients were 
stratified into three sets of equal size. The first set comprised lung cancer patients who underwent IV contrast-enhanced CT, and the second 
set consisted of lung cancer patients who underwent non-contrast CT. The third set comprised esophageal cancer patients who underwent IV 
contrast-enhanced CT. The average spatial resolutions of the three sets were 0.97 × 0.97 × 4.8 mm, 0.90 × 0.90 × 4.0 mm, and 
0.98 × 0.98 × 5.0 mm, respectively. Our objective was to qualitatively rate the DeepOAR-predicted OAR contours into the following ca
tegories: no revision, minor revision, moderate revision, major revision, and unacceptable.

To quantitatively validate the clinical applicability of DeepOAR, one lung cancer patient from the public NSCLC Radiomics dataset 
and one esophageal cancer patient from the internal testing dataset were randomly selected. Ten groups (11 radiation oncologists 
from eight institutes) participated in the quantitative testing. The lung cancer patient was imaged with contrast-enhanced CT, 
whereas the esophageal cancer patient underwent a non-contrast CT scan. The spatial resolutions were 0.98 × 0.98 × 3.0 mm and 
0.85 × 0.85 × 5.0 mm for the lung and esophageal cancer patients, respectively. Following a dry-run workshop, each group in
dependently annotated and timed the segmentation of all 14 organs from scratch. To minimize the potential bias from the heuristic 
methods developed during the initial annotation phase, a two-week waiting period was enforced before the groups were permitted to 
revise the OARs predicted by DeepOAR. Following this interval, all 14 DeepOAR-predicted OARs underwent revision and timing 
assessments to evaluate the efforts required to ensure the clinical acceptance of DeepOAR-predicted OAR contours.
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2.3. Evaluation process

All radiation oncologists who participated in this study underwent a dry-run workshop before multi-user testing. The evaluation protocol 
instructions, plan assessment, and a randomly selected case from the public NSCLC Radiomics dataset, including a complete set of 14 OARs, 
were provided during the workshop. To ensure consistency and minimize inter-system variations in assessing and timing editing efforts, all 
radiation oncologists utilized a China’s National Medical Products Administration-certified three-class medical device, LinkingMed intelligent 
cloud delineation system 3 (version 4.2.1), for OAR editing. Subsequently, the CT scans designated for testing were de-identified and 
uploaded to the LinkingMed system for online multi-user studies. Participating radiation oncologists submitted their manually contoured and 
revised OARs through the online LinkingMed platform. Only the contours were collected and downloaded to a local server for subsequent 
quantitative evaluation, thus maintaining the integrity and confidentiality of the patient data throughout the process. A two-tailed t-test was 
used to compare the evaluation metrics in the paired data. Statistical significance was set at two-tailed P < 0.001.

2.4. Baseline nnUNet models

In this study, three distinct configurations of nnUNet models were developed. (1) Single Model: A single nnUNet model trained 
using the internal 153-patient complete set of annotations for all 14 OARs. (2) Data-specific Ensemble: An ensemble of five nnUNet 
models, each associated with one of the five training datasets. In cases where different models predicted common OARs, the ensemble 
of nnUNet predictions utilized a majority voting approach for each voxel. (3) Organ-specific Ensemble: An ensemble of 12 organ- 
specific nnUNet models trained using re-organized 12 organ-wise datasets from five training sets. Paired organs, such as the left and 
right lung and chest walls, were included together in the same dataset. All three configurations of the nnUNet models were trained 
using the same standardized setup, with detailed training parameters elaborated in the Supplementary materials.

2.5. Proposed DeepOAR model

DeepOAR was developed as a unified DL segmentation model featuring a shared encoder and multiple decoders tailored to 
delineate the 14 thoracic OARs. This multi-organ contouring model was trained on a union of partially labeled datasets, allowing for 
improved accuracy and robustness. In the proposed model, the shared encoder served to extract general features that were not organ- 
specific, whereas each decoder was tasked to aggregate features to segment a specific organ. To supervise the training of each 
decoder, the model incorporated nnUNet’s data augmentation scheme, training setup, and employed a combination of cross-entropy 
loss and Dice loss to optimize segmentation performance. The overall architecture of DeepOAR is illustrated in Figure 1, and the 
detailed training setup is elaborated on in the Supplementary materials.

3. Results

3.1. Quantitative performance on testing datasets

The quantitative performance of DeepOAR on the internal testing dataset is outlined in Table 1. Among the five training datasets 
used, the 153-patient dataset included a complete set of annotations for all 14 OARs, whereas the remaining datasets consisted of 
partially labeled OARs. Segmentation performance using the Single nnUNet Model trained on the 153-patient dataset yielded the 
lowest results, with an average DSC of 82.1% for required OARs, 86.5% for optional OARs, and 84.6% for all 14 OARs.

To maximize the utilization of all available data, the five distinct nnUNet models in the Data-specific Ensemble model were 
individually trained, each on one of the five datasets. The OARs predicted by each model were associated with their respective 
training datasets. The ensemble of predictions from the five nnUNet models yielded improved segmentation performance, achieving, 
on average, 84.0%, 87.3%, and 85.9% DSC for the required, optional, and all 14 OARs, respectively. In addition to the ensemble of 

Figure 1. The overall framework of the proposed DeepOAR using a collection of multiple partially labeled datasets. 
It is composed of a shared encoder, multiple OAR-specific decoders, and a merging module.
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five predictions, the five datasets were re-assembled to create 12 new datasets, each associated with a specific type of organ. Twelve 
nnUNet models in the Organ-specific Ensemble model were trained using the 12 re-assembled datasets, resulting in further improved 
performance (86.8%, 88.0%, and 87.5% DSC for the required, optional, and all 14 OARs, respectively).

DeepOAR achieved a mean DSC of 88.4% and an ASD of 1.0 mm. The qualitative results obtained from the internal testing dataset 
are depicted in Figure 2. For the required OARs, the mean DSC and ASD were 87.4% and 1.0 mm, respectively, whereas for the 
optional OARs, they were 89.1% and 1.0 mm, respectively. DeepOAR exhibited significantly superior performance, with all com
parisons yielding statistically significant differences (P<0.001). Compared with the Single nnUNet model, the DSC of the brachial 
plexus (+15.7%), esophagus (+7.1%), and V-Pulmonary (+ 5.8%) demonstrated the most significant improvements. The least 
improvement was observed in the case of chest walls, which showed a marginal average 0.8% increase in DSC.

3.2. Qualitative performance in multi-user evaluations

In a comprehensive evaluation conducted by 18 groups of radiation oncologists on 40 patients, the feedback revealed that the majority of 
assessments—9,042 out of 10,080 (14 OARs × 40 patients × 18 groups, representing 89.7%)—rated the OAR instances predicted by 
DeepOAR as clinically acceptable (44.9%) or requiring only minor revisions (44.8%). Figure 3 provides visual representations of the sample 
results for illustration purposes. A small proportion of OARs required moderate revision (8.0%) or major revision (2.2%), with only four 
instances categorized as unacceptable, accounting for less than 0.1% of the total evaluations. Among the instances deemed unacceptable, two 
cases pertained to patients with esophageal cancer. The other two unacceptable cases involved V-Venacava-I predictions that did not extend 
into the liver region. This occurred because the model was specifically focused on thoracic organ segmentation and intentionally cut off 
predictions beyond the thoracic region to reduce false positives in other parts of the body. Although most radiation oncologists considered 
these predictions to require only minor or no revisions, one group labeled these two instances unacceptable. In the first case, the patient 
underwent IV contrast-enhanced CT scanning, revealing significant dilation and tumor infiltration in the inferior esophagus. Although the 
model accurately identified the superior portion of the esophagus, it missed most of the extremely dilated diseased region, leading two groups 
to deem this prediction unacceptable. In the second case, the patient underwent non-contrast CT scanning, revealing extreme dilation in the 
superior esophagus. Although DeepOAR captured the inferior portion of the esophagus and the tumor, it overlooked the significantly ex
panded superior tumor areas (pushing toward A-Aorta), resulting in the same two groups rendering this prediction unacceptable. The 
remaining radiation oncologists deemed these predictions requiring major revisions.

To evaluate DeepOAR’s generalizability across centers, we compared the qualitative outcomes of 30 FAH-ZU cases with those of 
10 NSCLC Radiomics cases. DeepOAR’s predictions for OARs in patients from the two centers were deemed clinically acceptable or 
required only minor revisions at rates of 89.6% and 89.9%, respectively, with clinically acceptable predictions at 43.9% vs. 47.9 % 
and minor revisions needed at 45.7% vs. 42.0%. The rates of OARs requiring moderate revisions were identical at 8.0% for both FAH- 
ZU and NSCLC Radiomics cases, whereas those requiring major revisions or rejection were minimal: 2.4% and 2.1%, respectively.

3.3. Quantitative performance in multi-user evaluations

3.3.1. Manual contouring from scratch
Table 2 provides a summary of the editing time invested by the 10 groups of radiation oncologists. The average total editing time 

for 14 OARs for two patients was reported as 108.7 min. Specifically, the delineation times for the required and optional OARs were 

Table 1 
Comparisons of the accuracy between nnUNet and DeepOAR using an independent test set of 153 patients. 

OARs Single Model Data-specific Ensemble Organ-specific Ensemble DeepOAR

DSC(%) ASD (mm) DSC(%) ASD (mm) DSC(%) ASD (mm) DSC(%) ASD (mm)

Brachial Plexus 36.8  ±  8.4 3.3  ±  3.0 40.5  ±  8.3 3.2  ±  2.9 49.0  ±  8.8 2.5  ±  2.1 52.5  ±  8.3 2.2  ±  1.3
Esophagus 81.7  ±  5.5 1.2  ±  0.7 84.2  ±  5.3 0.8  ±  0.6 88.2  ±  5.8 0.7  ±  0.7 88.8  ±  3.5 0.7  ±  0.3
Lung-L 96.5  ±  0.3 0.9  ±  1.0 98.0  ±  0.3 0.8  ±  1.0 98.2  ±  0.6 0.6  ±  1.4 98.1  ±  0.2 0.7  ±  0.3
Lung-R 95.3  ±  3.3 0.7  ±  0.5 97.1  ±  3.1 0.6  ±  0.5 97.8  ±  3.7 0.5  ±  1.0 98.8  ±  0.1 0.1  ±  0.1
Pericardium 90.9  ±  1.3 1.6  ±  3.7 92.2  ±  1.3 1.6  ±  3.7 94.1  ±  1.8 1.5  ±  4.1 93.5  ±  1.5 1.1  ±  0.3
Spinal Cord 91.3  ±  2.6 1.1  ±  0.8 91.7  ±  2.4 0.9  ±  0.8 92.2  ±  2.6 0.8  ±  0.8 92.8  ±  2.3 0.8  ±  0.4
A-Aorta 91.6  ±  7.7 1.3  ±  4.4 92.8  ±  7.6 1.1  ±  4.4 92.9  ±  8.0 1.0  ±  4.6 95.1  ±  1.9 1.0  ±  1.1
A-Pulmonary 87.7  ±  3.9 1.1  ±  1.3 87.7  ±  3.7 1.1  ±  1.1 89.0  ±  3.8 0.9  ±  1.4 88.7  ±  3.7 1.0  ±  0.5
V-Pulmonary 69.6  ±  8.0 2.1  ±  1.2 70.9  ±  7.8 1.9  ±  1.1 73.2  ±  8.1 1.8  ±  1.4 75.4  ±  6.8 1.3  ±  0.6
V-Venacava-S 86.1  ±  4.0 1.1  ±  0.4 87.2  ±  3.8 0.9  ±  0.5 87.7  ±  4.5 0.8  ±  0.6 88.7  ±  3.2 0.8  ±  0.6
V-Venacava-I 85.6  ±  7.4 1.2  ±  1.2 86.3  ±  7.4 1.1  ±  1.1 88.0  ±  8.1 0.9  ±  1.5 87.2  ±  3.5 1.0  ±  0.3
Bronchi-Prox 91.0  ±  1.7 1.2  ±  0.6 91.4  ±  1.6 0.9  ±  0.7 91.0  ±  2.1 0.8  ±  0.7 94.2  ±  1.8 0.8  ±  0.6
Chest Wall-L 90.3  ±  2.0 1.4  ±  0.8 90.4  ±  2.0 1.4  ±  0.8 90.5  ±  2.5 1.2  ±  1.2 91.2  ±  2.0 1.2  ±  0.6
Chest Wall-R 91.7  ±  1.9 0.9  ±  0.5 91.8  ±  1.8 0.8  ±  0.4 92.0  ±  2.1 0.6  ±  0.5 92.4  ±  1.5 0.6  ±  0.4
Ave Required 82.1 1.45 84.0 1.3 86.8 1.0 87.4 1.0
Ave Optional 86.5 1.28 87.3 1.1 88.0 1.0 89.1 1.0
Ave All 84.6 1.35 85.9 1.2 87.5 1.0 88.4 1.0

Bold values represent statistically significant improvements. Abbreviation: 1. DSC: Dice similarity coefficient 2. ASD: average surface distance
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58.9 min and 49.7 min, respectively. Large or complex OARs that required the most annotation time: the lungs (13.4 + 13.9) min, 
chest walls (13.6 + 12.8) min, and brachial plexus (10.1 min). Middle-sized or elongated OARs that required moderate annotation 
time: the spinal cord (7.6 min), pericardium (7.1 min), Bronchi-Prox (6.8 min), A-Aorta (6.8 min), and esophagus (6.8 min). Small or 

Figure 2. Examples of the proposed DeepOAR model for the segmentation of 14 thoracic OARs following the NRG-RTOG 1106 guideline. 
In the top row (a), red masks indicate automated contouring results; green contours, the ground truth label. The bottom row (b) shows 3D views of DeepOAR-predicted 
OARs. Most auto-contoured OARs closely follow the ground truth, e.g., the lungs, pericardium, esophagus, spinal cord, A-Aorta, Bronchi-Prox, A-Pulmonary, V- 
Venacava-S, and V-Venacava-I.
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Table 2 
Contouring time taken by radiation oncologists during the assessment of manual delineation and revision for 14 OARs on one lung cancer patient and one esophageal 
cancer patient. 

Lung cancer patient Esophageal cancer patient Average

Human Manual 
Delineation (min)

Edited on 
DeepOAR

Manual 
Delineation (min)

Edited on 
DeepOAR

Manual 
Delineation (min)

Edited on 
DeepOAR

Brachial Plexus 10.7  ±  2.0 4.4  ±  3.4 9.6  ±  3.5 3.1  ±  3.2 10.1  ±  2.8 3.7  ±  3.3
Esophagus 6.3  ±  2.8 1.7  ±  1.5 7.3  ±  3.5 1.3  ±  1.0 6.8  ±  3.1 1.5  ±  1.2
Lung-L 14.6  ±  4.8 1.7  ±  2.7 12.4  ±  4.2 1.4  ±  1.8 13.4  ±  4.6 1.6  ±  2.3
Lung-R 14.8  ±  4.6 1.7  ±  1.7 11.9  ±  5.1 1.3  ±  1.6 13.9  ±  4.9 1.5  ±  1.6
Pericardium 8.4  ±  3.9 2.2  ±  2.2 5.9  ±  2.2 1.9  ±  1.7 7.1  ±  3.3 2.1  ±  2.0
Spinal Cord 9.0  ±  4.9 1.3  ±  2.3 6.1  ±  3.8 1.1  ±  2.1 7.6  ±  4.5 1.2  ±  2.2
A-Aorta 8.0  ±  5.3 0.8  ±  0.8 5.6  ±  2.5 1.1  ±  1.0 6.8  ±  4.2 0.9  ±  0.9
A-Pulmonary 3.4  ±  1.8 0.7  ±  0.7 3.4  ±  1.4 0.7  ±  0.6 3.4  ±  1.6 0.7  ±  0.6
V-Pulmonary 2.8  ±  1.7 0.7  ±  0.7 4.4  ±  4.1 0.8  ±  0.8 3.6  ±  3.2 0.8  ±  0.7
V-Venacava-S 1.6  ±  0.6 0.4  ±  0.3 1.3  ±  0.8 0.5  ±  0.3 1.5  ±  0.7 0.4  ±  0.3
V-Venacava-I 1.6  ±  0.4 0.5  ±  0.5 1.0  ±  0.6 0.3  ±  0.3 1.3  ±  0.6 0.4  ±  0.4
Bronchi-Prox 8.1  ±  3.8 1.6  ±  1.0 5.4  ±  2.0 1.2  ±  0.9 6.8  ±  3.3 1.4  ±  1.0
Chest Wall-L 14.9  ±  5.2 5.2  ±  4.9 12.7  ±  4.2 3.7  ±  3.9 13.6  ±  4.6 4.5  ±  4.4
Chest Wall-R 13.1  ±  4.9 4.2  ±  4.5 11.6  ±  3.8 3.7  ±  4.3 12.8  ±  4.2 3.9  ±  4.3
Total Required 62.8 13.8 (78.0%↓) 55.2 10.1 (81.7%↓) 58.9 12 (79.7%↓)
Total Optional 53.5 14.1 (73.7%↓) 45.4 12 (73.7%↓) 49.7 13 (73.8%↓)
Total All 116.3 27.9 (76.0%↓) 100.6 22.1 (78.1%↓) 108.7 25 (77.0%↓)

The percentage with a downward arrow in the parenthesis indicates the proportion of the reduced editing efforts compared with contouring from scratch. Editing time 
is measured in minutes.

Figure 3. Summary of the qualitative assessments. 
This was conducted by 18 groups of radiation oncologists on the revision efforts for DeepOAR-predicted 14 OAR contours using 40 multi-user testing patients. The vast 
majority of DeepOAR-predicted OARs requiring minor revisions or no revision to be accepted clinically. Only four instances (less than 0.1%) were deemed unacceptable.
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easy OARs that required the least annotation time: V-Pulmonary (3.6 min), A-Pulmonary (3.4 min), V-Venacava-S (1.5 min), and V- 
Venacava-I (1.3 min). Given the lung cancer patient’s larger physical size compared with the esophageal cancer patient, this dif
ference was reflected in the size of the organs on the CT images, resulting in a longer annotation time of 116.3 min for the lung cancer 
patient, as opposed to 100.6 min for the esophageal cancer patient. Despite these size disparities, we found that annotating diseased 
areas demanded significantly more effort than annotating healthy ones. For example, labeling the esophagus in the CT image of the 
esophageal cancer patient required an extra minute compared with the lung cancer patient. Furthermore, annotating the lungs in the 
lung cancer patient’s CT image took 6.1 min longer compared with the esophageal cancer patient.

Table 3 presents a comparison between the radiation oncologists’ manually delineated contours and the gold standard reference. 
The DSC and ASD for the required OARs were reported as 81.2% and 1.8 mm, respectively, whereas for the optional OARs, they were 
86.7% and 1.3 mm, respectively. It was noted that the delineated contours of the brachial plexus demonstrated the greatest variance 
when compared to the gold standard reference, with the average DSC among multiple users being only 37.2%. This was due to 
inherent limitations in visual clarity and tissue contrast in CT images. According to the NRG-RTOG 1106 guidelines, the brachial 
plexus originates from spinal nerves exiting the spinal canal at levels C4–C5 (C5 nerve roots) to T1–T2 (T1 nerve roots). Although it 
may be possible to identify the actual roots and trunks of the brachial plexus directly through high-quality CT scanning with in
travenous contrast, distinguishing it from non-contrast or low-quality contrast CT images can be extremely challenging, even for 
experienced radiation oncologists. Smaller organs, such as the V-Pulmonary, were generally labeled accurately in terms of their 
spatial locations, yet they recorded a DSC of 66.3%. The spinal cord, however, exhibited a relatively low DSC of 81.6%, coupled with 
a high ASD of 2.8 mm. A detailed review of the manually labeled contours revealed that the inferior performance could be traced 
back to three groups not labeling the spinal cord down to its lower extent at L2. Specifically, one group concluded their labeling at T8, 
whereas the other two groups stopped their labeling at approximately T10.

3.3.2. DeepOAR predictions
As illustrated in Table 3, DeepOAR yielded robust and accurate predictions, demonstrating superior delineation performance in com

parison to manually annotated contours from scratch. The DSCs for the required, optional, and all OARs were enhanced from 81.2% to 
85.5%, 86.7% to 88.1%, and 84.3% to 87.1%, respectively. This improvement was accompanied by reductions in ASD from 1.8 mm to 
1.0 mm, 1.3 mm to 1.0 mm, and 1.5 mm to 1.0 mm, respectively. Notably, the delineation of the brachial plexus experienced a significant 
increase of 13.0% in absolute DSC. Furthermore, the ASD for the spinal cord and lungs saw considerable reductions—from 2.8 mm to 0.5 mm 
and from 1.3 mm to 0.1 mm, respectively—showcasing the enhanced accuracy and precision of DeepOAR.

3.3.3. Editing on DeepOAR predictions
Revising DeepOAR predictions to be clinically acceptable required an average of 12.0 min for editing the required OARs and 

13.0 min for the optional OARs, as summarized in Table 2. This represents a considerable reduction in editing effort compared with 
manual annotation from scratch, with reductions of 80% for the required OARs and 74% for the optional OARs. The reduction in 
editing effort for most organs was directly correlated with improvements in segmentation accuracy. Significant time savings were 
observed: the lungs experienced reductions of 11.8 (−88%) and 12.4 (−89%) minutes, the spinal cord saw a decrease of 6.4 (−84%) 
minutes, the A-Aorta had 5.9 (−87%) minutes less editing time, the Bronchi-Prox required 5.4 (−79%) minutes less, the esophagus 
saw a reduction of 5.3 (−78%) minutes, and the pericardium had 5.0 (−72%) minutes less editing time. Smaller organs demon
strated an efficient revision process, requiring less time for editing—the V-Pulmonary had a reduction from 3.6 min to 0.8 min, 

Table 3 
aQuantitative comparisons of contouring accuracy between manual delineation, DeepOAR, and Edited on DeepOAR in the multi-user testing study of two patients. 

OARs Manual Delineation DeepOAR Edited on DeepOAR

DSC(%) ASD (mm) DSC(%) ASD (mm) DSC(%) ASD (mm)

Brachial Plexus 37.2  ±  10.6 3.0  ±  1.2 50.2  ±  4.4 2.9  ±  0.3 50.8  ±  8.4 2.4  ±  1.0
Esophagus 79.1  ±  8.6 0.9  ±  0.5 79.7  ±  4.8 0.9  ±  0.2 81.1  ±  4.1 0.8  ±  0.2
Lung-L 97.8  ±  0.6 1.4  ±  1.0 99.7  ±  0.2 0.1  ±  0.1 99.5  ±  0.4 0.1  ±  0.2
Lung-R 98.2  ±  0.5 1.3  ±  1.0 99.9  ±  0.1 0.1  ±  0.1 99.8  ±  0.2 0.1  ±  0.1
Pericardium 93.2  ±  2.9 2.5  ±  1.5 95.4  ±  2.0 1.7  ±  1.2 95.2  ±  1.1 1.7  ±  1.6
Spinal Cord 81.6  ±  3.9 2.8  ±  2.2 88.3  ±  0.7 0.5  ±  0.2 88.4  ±  0.5 0.5  ±  0.1
A-Aorta 89.5  ±  2.4 1.4  ±  0.5 89.6  ±  3.6 1.4  ±  0.4 90.8  ±  2.2 1.2  ±  0.3
A-Pulmonary 85.2  ±  3.4 1.2  ±  0.3 86.9  ±  2.3 1.1  ±  0.2 87.2  ±  3.9 1.1  ±  0.1
V-Pulmonary 66.3  ±  9.0 2.0  ±  0.9 69.7  ±  7.5 2.0  ±  1.2 71.4  ±  8.1 1.9  ±  1.2
V-Venacava-S 87.6  ±  2.2 0.9  ±  0.1 87.0  ±  8.9 1.0  ±  0.8 88.2  ±  4.2 0.7  ±  0.3
V-Venacava-I 89.6  ±  2.0 0.8  ±  0.2 88.6  ±  4.5 0.9  ±  0.3 89.8  ±  2.8 0.7  ±  0.2
Bronchi-Prox 82.3  ±  3.3 1.3  ±  0.3 86.3  ±  1.5 0.9  ±  0.3 86.7  ±  1.8 0.9  ±  0.5
Chest Wall-L 96.3  ±  1.5 1.1  ±  0.8 98.5  ±  0.8 0.2  ±  0.2 97.3  ±  2.3 0.6  ±  0.6
Chest Wall-R 96.8  ±  1.7 1.1  ±  0.9 99.4  ±  0.1 0.2  ±  0.1 98.0  ±  1.8 0.3  ±  0.3
Ave Required 81.2 1.8 85.5 1.0 85.8 0.9
Ave Optional 86.7 1.3 88.1 1.0 88.5 0.9
Ave All 84.3 1.5 87.1 1.0 87.3 0.9

a Bold values denote the best performance scores.
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A-Pulmonary saw a decrease from 3.4 min to 0.7 min, V-Venacava-S had a reduction from 1.5 min to 0.4 min, and V-Venacava-I 
experienced a reduction from 1.3 min to 0.4 min.

Conversely, larger and more complex organs, despite showing a considerable reduction in editing effort in terms of absolute 
minutes, demanded more time for revisions. The most significant revision times were allocated to the chest walls, requiring a 
combined total of 8.4 min, and the brachial plexus, which required 3.7 min of editing. Excluding the brachial plexus, the remaining 
five required OARs necessitated 8.2 min of revision to meet the clinical acceptability criteria. Similarly, excluding the chest walls, the 
remaining six optional OARs required just 4.6 min of revision to achieve clinical acceptability. In terms of accuracy metrics, the 
average DSC and ASD for the required OARs further improved to 85.8% and 0.9 mm, respectively, whereas for optional OARs, they 
were enhanced to 88.5% and 0.9 mm, respectively.

4. Discussion

In this multi-institutional study, we proposed DeepOAR, a unified DL-based OAR contouring model, that was trained using 
multiple partially labeled datasets for segmenting a comprehensive set of thoracic OARs following the RTOG-guided atlas. By training 
it on a union of five partially labeled thoracic organ datasets, DeepOAR showed significantly improved accuracy than the state-of-the- 
art medical image segmentation method nnUNet26 (DSC: 88.4 % of DeepOAR vs. 84.6 % of Single nnUNet Model; ASD: 1.0 mm of 
DeepOAR vs. 1.35 mm of Single nnUNet Model). Multi-user experiments demonstrated that 89.7 % of DeepOAR-generated OARs were 
acceptable or required only minor revisions in clinical usage. Compared with the manual delineation performance, the delineation 
accuracy of DeepOAR was notably lower compared with inter-user variation (DSC: 87.3 % of DeepOAR vs. 84.3 % of human reader). 
When editing on DeepOAR’s predictions, the manual contouring time can be substantially reduced by 77.0 % (from 108.7 to 
25.0 min). These results highlight the strong clinical applicability of DeepOAR in the OAR delineation process in thoracic cancer 
radiotherapy workflows, along with improved efficiency, comprehensiveness, and quality.

The RTOG is an internationally recognized reference standard for contouring OARs in clinical radiotherapy, and the NRG-RTOG 
1106 atlas6 has been widely used as the standard for lung cancer trials. Previous studies on thoracic OAR auto-segmentation have 
gained popularity in the literature; however, they only segmented a small number of OARs20,21,24 (normally 4–5 OARs) and trained 
the DL network using a small single dataset (< 100 patients) that had limited generalizability to test cases from other institutions. To 
the best of our knowledge, this study is the first to segment a comprehensive set of 14 thoracic OARs according to the NRG-RTOG 
1106 guideline. We accomplished this by developing a new unified DL segmentation model capable of learning diverse OAR features 
from a large collection of multiple partially labeled datasets, encompassing a total of 531 patients. Compared with previous stu
dies,27,28 our method shows significant improvement in accuracy and time efficiency.

A total of 20 radiation oncologists from 14 institutes participated in the qualitative multi-user evaluations, offering a diverse range of 
perspectives and expertise. This ensured a comprehensive assessment of the artifical intelligence (AI) model’s performance from various 
professional viewpoints. For the quantitative multi-user evaluation, 11 radiation oncologists from eight different institutes participated, 
simulating real-world clinical practice scenarios. This experimental design allowed for a practical evaluation of the AI model’s accuracy and 
usability in clinical environments, thereby validating the AI model’s applicability in the workflows of radiotherapy planning.

Automated segmentation significantly reduces the subjective biases and inconsistencies that occur in manual segmentation due to var
iations in human expertise and interpretation. DeepOAR provides objective and consistent segmentation results, outperforming radiation 
oncologists by a substantial DSC margin (+2.8%). When radiation oncologists edited DeepOAR’s predictions, the average DSC value further 
improved to 87.3%, demonstrating the effectiveness and consistency of automated segmentation over manual methods.

It is worth noting that editing easy and large OARs, such as the lungs, pericardium, and chest walls, yielded slightly decreased 
performance compared to the fully automated predictions by DeepOAR. This slight performance drop may be attributed primarily to 
discrepancies in determining the starting and ending slices of these organs by radiation oncologists during the editing process. Such 
discrepancies become even more noticeable when radiation oncologists manually annotate these organs from scratch. For instance, 
discrepancies in selecting the starting and ending slices can be reflected in the distance metric. Manual annotation led to ASDs of 
1.3 mm, 2.5 mm, and 1.1 mm for the lungs, pericardium, and chest walls, respectively. In comparison, when editing on DeepOAR’s 
predictions, the ASDs for these organs were significantly reduced to 0.1 mm, 1.7 mm, and 0.5 mm, respectively. The significant 
reduction in ASD further demonstrates the effectiveness of DeepOAR in reducing human observers’ biases and variations.

This study has several limitations. First, the segmentation accuracy for the brachial plexus was low compared with the other 
OARs. This was mainly due to the fact that identifying the brachial plexus in CT scans can be challenging. Radiation oncologists 
delineate the brachial plexus by first locating the adjacent key anatomic landmarks and then infering the contour of the brachial 
plexus. Therefore, one potential way to improve segmentation accuracy is to segment the brachial plexus’s adjacent anatomies, such 
as the subclavian and axillary vessels, and use these supporting structures to help segment the brachial plexus. Second, it was 
observed that segmenting the chest wall required more editing efforts compared with the lungs, particularly around the areas de
formed by lung tumors. Future efforts should involve curating more data on lung cancer patients to strengthen DeepOAR’s ability to 
segment the chest wall. Finally, this is a retrospective study. DeepOAR can be integrated into the current clinical workflow to 
prospectively examine its role in radiotherapy treatment.

5. Conclusions

We developed DeepOAR, a unified DL-based OAR contouring model trained using a collection of multiple partially labeled 
datasets, to segment a comprehensive set of 14 thoracic OARs following the RTOG-guided atlas. Extensive quantitative and 
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qualitative validation demonstrated that DeepOAR achieved accurate and robust performance and produced higher accuracy in OAR 
segmentation compared with inter-user variation. Radiation oncologists needed minor revisions or no revision for DeepOAR-pre
dicted OARs to warrant clinical acceptance. DeepOAR exhibited strong potential for adoption in the clinical radiotherapy workflow, 
providing a more standardized, quantitatively accurate, and efficient approach to OAR contouring.
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