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Abstract
Purpose  The precise contouring of gross tumor volume lymph nodes (GTVnd) is an essential step in clinical 
target volume delineation. This study aims to propose and evaluate a deep learning model for segmenting GTVnd 
specifically in lung cancer, representing one of the pioneering investigations into automated segmentation of GTVnd 
specifically for lung cancer.

Method  Ninety computed tomography (CT) scans of patients with stage Ш-Ⅳ small cell lung cancer (SCLC) were 
collected, of which 75 patients were assembled into a training dataset and 15 were used in a testing dataset. A new 
segmentation model was constructed to enable the automatic and accurate delineation of the GTVnd in lung cancer. 
This model integrates a contextual cue enhancement module and an edge-guided feature enhancement decoder. 
The contextual cues enhancement module was used to enforce the consistency of the contextual cues encoded 
in the deepest feature, and the edge-guided feature enhancement decoder was used to obtain edge-aware and 
edge-preserving segmentation predictions. The model was quantitatively evaluated using the three-dimensional 
Dice Similarity Coefficient (3D DSC) and the 95th Hausdorff Distance (95HD). Additionally, comparative analysis was 
conducted between predicted treatment plans derived from auto-contouring GTVnd and established clinical plans.

Results  The ECENet achieved a mean 3D DSC of 0.72 ± 0.09 and a 95HD of 6.39 ± 4.59 mm, showing significant 
improvement compared to UNet, with a DSC of 0.46 ± 0.19 and a 95HD of 12.24 ± 13.36 mm, and nnUNet, with a DSC 
of 0.52 ± 0.18 and a 95HD of 9.92 ± 6.49 mm. Its performance was intermediate, falling between mid-level physicians, 
with a DSC of 0.81 ± 0.06, and junior physicians, with a DSC of 0.68 ± 0.10. And the clinical and predicted treatment 
plans were further compared. The dosimetric analysis demonstrated excellent agreement between predicted and 
clinical plans, with average relative deviation of < 0.17% for PTV D2/D50/D98, < 3.5% for lung V30/V20/V10/V5/Dmean, 
and < 6.1% for heart V40/V30/Dmean. Furthermore, the TCP (66.99% ± 0.55 vs. 66.88% ± 0.45) and NTCP (3.13% ± 1.33 
vs. 3.25% ± 1.42) analyses revealed strong concordance between predicted and clinical outcomes, confirming the 
clinical applicability of the proposed method.

Conclusion  The proposed model could achieve the automatic delineation of the GTVnd in the thoracic region of 
lung cancer and showed certain advantages, making it a potential choice for the automatic delineation of the GTVnd 
in lung cancer, particularly for young radiation oncologists.
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Introduction
In recent years, lung cancer has become the second 
most common cancer with the highest mortality rate in 
the world [1]. Radiation therapy is an important treat-
ment for lung cancer and the accurate contouring of the 
gross target volume (GTV) of the lung is essential for 
the precise delivery of radiotherapy [2]. Lymph Node 
(LN) metastasis is common in lung cancer, particularly 
in inoperable patients. Precision delineation of the GTV 
lymph nodes (GTVnd) is a necessary step in clinical tar-
get delineation for lung cancer radiotherapy and was rec-
ommended by the treatment guidelines for lung cancer 
[3]– [4]. Although positron emission tomography CT 
(PET-CT) is the most appropriate method by which to 
identify the GTVnd, not all lung cancer patients undergo 
PET-CT scanning because of economic and other factors, 
particularly in underdeveloped regions [5]– [6]. There-
fore, it is mainly segmented manually by oncologists in 
clinical application, highly dependent on manual expe-
rience, and results in significant heterogeneity, despite 
oncologists following the same guidelines [7]– [8]. More-
over, it is particularly difficult for beginners or inexpe-
rienced clinical oncologists to delineate the GTVnd. 
Therefore, it is of great clinical value to achieve automatic 
and accurate segmentation of the GTVnd in patients with 
lung cancer with LNs metastasis.

With the development of deep learning, convolutional 
neural network (CNN)-based methods have been suc-
cessfully applied to the automatic contouring of lung can-
cer. Significant progress has been made in the study of 
automatic organ-at-risk (OAR) segmentation [9–11], the 
GTV of primary tumors [12], and the clinical target vol-
ume (CTV) in postoperative radiation therapy (PORT) 
[13]– [14]. Ibragimov et al. used CNNs for OARs seg-
mentation in H&N CT images and obtained Dice Simi-
larity Coefficient (DSC) values that varied from 37.4% for 
the chiasm to 89.5% for the mandible [15]; however, no 
target was segmented. UNet, proposed by Ronneberger 
et al. is primarily used for the segmentation of biomedical 
images [16] and did not specialize in target segmentation 
in the field of radiotherapy. Recently, Shen et al. proposed 
the DiUNet model to automatically delineate the CTV 
of patients with lung cancer with LN metastasis [17]. 
Although the mean value of the 3D DSC was greater than 
0.7, the GTVnd was manually contoured and added to 
the CT slice as a second input in the CNN architecture. ​
Recent work by Stephen Skett, et al. [18] demonstrating 
automated contouring of primary lung tumors and nodal 
disease using solely CT images highlights automated 
GTVnd segmentation for lung cancer as a promising and 
pioneering area of investigation.

The autodelineation of the GTVnd is difficult because 
of its unclear boundaries and variability in the size and 
shape. Although UNet, which was based on encoder-
decoder architecture, has shown effective performance 
in conducting multilevel feature fusions, the network is 
insufficient to represent high-level features, particularly 
structures that are of significant importance for GTVnd 
recognition. Therefore, we propose a novel edge-guided 
contextual cue enhancement network (ECENet) to 
improve the segmentation performance of the GTVnd 
by introducing a contextual cue module and incorporat-
ing edge guidance into the feature learning of the seg-
mentation network. A contextual cue modeling module 
is implemented to enhance spatial and semantic infor-
mation at a distance. This study applies a deep learning 
approach to delineate lung cancer GTVnd, evaluating 
automated segmentation quality across geometric, dosi-
metric, and TCP/NTCP computational metrics.

Methods
Patient datasets
Eligible patients had histologically confirmed stage III-IV 
small cell lung cancer (SCLC), complete baseline thoracic 
CT scans (defined as coverage of entire lung parenchyma, 
primary tumor, and involved lymph nodes without severe 
artifacts), and receipt of concurrent chemoradiotherapy 
comprising intensity-modulated radiotherapy (IMRT; 60 
Gy/30 fractions at 2 Gy/fraction, 5 fractions/week) with 
platinum-based chemotherapy. Among 90 patients meet-
ing these criteria treated between January 2021-January 
2024, all had documented GTVnd delineation data. The 
number of slices per patient ranged from 70 to 105, with a 
total of 8,758 slices. The data were 512 × 512, with a pixel 
pitch of 1.27 × 1.27 mm and a thickness of 5 mm, and they 
were acquired using a Brilliance CT Big Bore (Siemens 
Healthcare). The private information of the patients was 
kept confidential during data collection and processing. 
GTVnd was defined as the area of the LN stations with 
a maximum short axis of > 1 cm. The GTVnd was delin-
eated in the mediastinal and lung windows according to 
Radiation Therapy Oncology Group (RTOG) guidelines 
[19]. GTVnd was manually delineated by senior radiation 
oncologists and reviewed by two additional experienced 
radiation oncologists (each with over 10 years of exper-
tise in pulmonary tumor radiotherapy) to ensure con-
touring quality, following the standard clinical protocol 
of the hospital’s radiotherapy department.

Architecture of ECENet
As shown in Fig. 1, based on the encoder-decoder 
architecture of UNet [20], the encoder of the proposed 
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ECENet extracts the multiscale features from the input 
image, including low-level spatial details and high-level 
semantic cues. The proposed contextual cue enhance-
ment module is then used to enforce the consistency of 
the contextual cues encoded in the deepest feature. The 
proposed ECENet decoder aims to combine the extracted 
multiscale features. In this process, for the three low-
est layers, the mask of the GTVnd and the edge of the 
GTVnd area are used to supervise and guide the simul-
taneous learning of segmentation mask prediction and 
edge prediction. In this manner, using the final learned 
edge-aware features, an edge-preserving segmentation 
prediction can be obtained.

(1)	Contextual cues enhancement module.

The proposed contextual cue enhancement module con-
sists of convolution kernel prediction and contextual cue 
aggregation submodules. As shown in Fig. 2, the convolu-
tion kernel prediction submodule is first used to model 
both the long-distance and short-distance semantic and 
spatial relations between any two pixels in the manner of 
matrix multiplication, thereby generating a spatial-adap-
tive contextual convolution kernel. The generated con-
textual convolution kernel is then applied to the original 
feature, leading to aggregated contextual cue enhanced 
features.

Concretely, for the deepest feature 
X ∈ RH× W× C, the X is first transformed with two 
independent convolutional operations, generating 
two features: the key K ∈ RH× W× C and the query 
Q ∈ RH× W× s2

, where H, W and C denote the height, 

Fig. 2  Details of the proposed contextual cues enhancement module

 

Fig. 1  Overall network structure of the ECENet
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width and number of channels of the features, respec-
tively, and s denotes the scale of the contextual convolu-
tion kernel. In order to model the relation between any 
two pixels, the feature of any pixel locations should be 
interacted in an explicit manner. To this end, the fea-
tures of key and query are reshaped into a 2D shape: 
K ′ ∈ R(H× W)× C, Q′ ∈ R(H×W)×s2

. For the key fea-
ture, the length of the feature vector for every pixel loca-
tion is C. For the query feature, the length of the feature 
vector for every pixel location is s2. To explicitly model 
the interaction between the feature vector of every pixel 
location of the key feature and the query feature, based 
on the self-attention mechanism, the element-wise 
matrix multiplication between the two feature vectors is 
calculated:

	 S
′
(i, j) =

∑
H× W
q=1 Q′ (q, i) × K′ (q, j)� (1)

where i = 1,2, . . . , s2 and j = 1,2, . . . , C. Thus, the 
contextual cues that enhance feature S′  can be obtained. 
This operation can be rewritten as follows:

	 S
′

= Q′ T × K′ � (2)

where S′ ∈ Rs2× C and Q′ T is the transpose of 
Q′ . Then, in order to obtain the final contextual convo-
lution kernel, the S′ ∈ Rs2× C should be reshaped into 
S ∈ Rs× s× C.

Furthermore, to generate the spatially adaptive weight 
factor M, the contextual convolution kernel S and the 
original input feature X were calculated using depth-
wise convolution. First, S ∈ Rs× s× C is split into C ker-
nels, with each kernel being s × s in shape. Then, these 
kernels are applied for every feature channel of the input 
feature X ∈ RH× W× C. Finally, the weight factor M is 
multiplied with the original input feature X in an ele-
ment-wise manner to generate the final contextual cue 
enhanced features.

(2)	Edge-guided feature enhancement.

The decoder is designed to effectively combine the mul-
tiscale features generated by the encoder in a layer-wise 
manner. In this process, for the lowest three layers, 
both the mask of the GTVnd region and the edge of the 
GTVnd region are used for supervisions. The features of 
the decoder learn to predict the segmentation mask and 
edge of the GTVnd simultaneously. In this manner, the 
learned edge-aware features can generate edge-preserv-
ing predictions.

To obtain the ground truth of the edge of the GTVnd, 
we use the following operations to transform the mask of 
the GTVnd into the edge of the GTVnd. For each pixel, if 

the ground truth label of this pixel is different from that 
of any one of the eight neighboring pixels, then this pixel 
is an edge pixel.

(3)	Loss function.

To supervise the mask learning of the proposed ECENet, 
the widely used binary segmentation loss function is 
used, which is formulated as follows:

	 Lmask = − 1
N

∑
N
i=1[yilog (pi) + (1 − yi)log(1 − pi )]� (3)

where yi and pi means the ground-truth mask label 
and the mask prediction for the i-th pixel, N  is the total 
number of pixels.

Moreover, since we introduce the edge guidance into 
the feature learning of decoder network, the edge loss 
function is also employed to supervise the edge-aware 
feature learning, which is formulated as follows:

	 Ledge = − 1
N

∑
N
i=1[eilog (qi) + (1 − ei)log(1 − q )]� (4)

where ei means the edge label of i-th pixel, qi refers 
to the edge prediction for the i-th pixel, N  is the total 
number of pixels.

Experiments
Complete CT image data were randomly divided into a 
training dataset containing 75 cases and a testing data-
set containing 15 cases in a ratio of 5:1. ECENet was 
trained for GTVnd contouring with the 75 cases in the 
training dataset and it was applied to predict 15 cases in 
the testing dataset. Stochastic gradient descent was used 
in the optimization, and the initial learning rate was set 
to 0.001. An NVIDIA RTX 4090 GPU was used in the 
experiments. Because ECENet was developed based 
on UNet, the performance of this model in contouring 
the GTVnd in lung cancer was comprehensively evalu-
ated by comparing its performance with that of UNet. 
UNet, proposed by Ronneberger et al., features a sym-
metric encoder-decoder architecture for medical image 
segmentation. Its skip connections fuse shallow encoder 
features with deep decoder outputs, resolving downsam-
pling-induced information loss. UNet was trained sepa-
rately for GTVnd contouring under the same settings as 
ECENet. As an established benchmark in medical image 
segmentation, nnUNet was incorporated into our com-
parative analysis under identical experimental settings to 
ensure a rigorous performance evaluation [21]. nnUNet​
, proposed by Fabian Isensee et al., is a ​fully automated 
medical image segmentation framework that autono-
mously configures preprocessing, network architecture, 
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training protocols, and postprocessing for any new 
biomedical segmentation task. By systematizing the 
traditionally manual method configuration process—pre-
viously reliant on empirical tuning—nnU-Net achieves ​
state-of-the-art performance​ in multiple international 
segmentation challenges without architectural innova-
tions. Its name (“no new net”) explicitly reflects this para-
digm: ​superior outcomes stem from adaptive workflow 
orchestration rather than novel network design​.

Quantitative evaluation metrics
To quantify the contouring accuracy, the Dice Similar-
ity Coefficient (DSC) [22] and 95th percentile Hausdorff 
Distance (95HD) [23] were used. The DSC is defined as 
follows:

	
DSC (A, B) = 2 |A ∩ B|

|A| + |B| � (5)

where A represents the predicted mask, B the GT mask, 
and |A∩B| the intersection of A and B. The DSC mea-
sured the relative volumetric overlap between two seg-
mented masks, with a higher value indicating a higher 
overlap ratio and a value of one meaning that the two 
masks are identical.

The 95 HD is defined as:

	

95HD (A, B) =percentile [h (A, B) ∪ h (B, A) , 95th]
h (A, B) = max

a∈ A
min
b∈ B

∥a − b∥
h (B, A) = max

b∈ B
min
a∈ A

∥b − a∥
� (6)

where ∥.∥ represents the Euclidean norm of points A 
and B. A= {a1, a2, …, an1} and B= {b1, b2, …, bn2} represent 
two finite point sets. The 95HD value indicates the 95th 
percentile of mismatches between A and B. The 95HD 
reflected the alignment between the wo contours, with a 
higher value indicating a larger difference. The DSC and 
95HD were calculated at the 3D level, and the mean stan-
dard deviation (SD) values were calculated by averaging 
the values.

Plan evaluation
A comparative analysis was performed between the pre-
dicted treatment plans generated from auto-contoured 
GTVnd and established clinical plans. The predicted 
doses were derived from reoptimized plans, which were 
refined using the auto-contoured GTVnd and the origi-
nal clinical target volume of the primary tumor (CTV-
T). The total dose-volume histogram (DVH) curves of 
planned target volume (PTV) and distinct OARs were 
first exhibited between the prediction and clinical truth 
plans in terms of DVH parameters. Second, the clini-
cally relevant dosimetric indices (DI) were determined, 
including the mean dose (Dmean), D2, D50, and D98 for 

PTV (where Di represents the dose received by i percent 
of PTV volume) and Dmean, V40, V30, V20, V10 and 
V5 for OARs (where Vi represents the volume fraction 
of OARs irradiated by i Gy). The following formula was 
used to calculate the homogeneity index (HI) and confor-
mation index (CI) where Vptv and Vpres are the volumes of 
the PTV and the prescription dose region, respectively, 
and Vref is the volume of the irradiated PTV of the pre-
scription dose.

	

HI=
D2-D98

D50

CI = Vref ∗ Vref

Vptv ∗ Vpre

� (7)

Equivalent Uniform Dose (EUD)
EUD is defined as the dose absorbed with a biological 
effect similar to nonhomogeneous irradiation, if applied 
uniformly to the tumour or normal tissue [24].

	

EUD=
(∑

i=1
ViEQDi

a
)1/ a

EQDi = Di

α
β +Di

nf

α
β +2

� (8)

where EQDi is dose delivered to a sub volume Vi; a rep-
resents unitless model parameter, which is specific to the 
tumour of interest or normal structure; Di is total dose 
received by the bin; nf is total number of fraction; Di/nf is 
dose received by the bin at each fraction; α/β is param-
eters of the linear-quadratic (LQ) model (for a particular 
tumour or organ that is generally exposed), and the ratio 
was set at 10.0 Gy for tumor control probability (TCP) 
calculations and 3.0 Gy for normal tissue complication 
probability (NTCP) estimations, respectively.

The Poisson distribution is used to derive the Poisson 
linear quadratic model [25]. from the model of linear 
quadratic cell survival.

	
TCP=

[
1
2

]∑
i

Vi∗exp

[
2γ(1− EQD2

D50 )
ln 2

]
� (9)

where D50 is dose yields 50% of tumour control (51.24 
Gy in the calculation); γ is normalized dose-response 
gradient (set at 0.83 for these computations); EQD2 is 
equivalent dose given in 2 Gy fraction.

Lyman-Kutcher-Burman (LKB) is used to estimate the 
complication probability for the heterogeneously irradi-
ated normal organs [26].
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NTCP=
1√
2π

t∫

−∞

e− x2
2 dx

t = Deff − TD50

m ∗ TD50

Deff =
(∑

i
Vi ∗ D

1
n

i

)n

� (10)

where TD50 (set at 30.8 Gy for these computations) is 
tolerance dose of OARs to produce 50% of complica-
tion (if uniformly irradiated); Vi is volume in a specific 
dose bin i; Di is dose given to each bin; m is dimension-
less parameter for determining the slope of complication 
probability versus dose curve (set at 0.37 for these com-
putations); n is volume dependence of the complication’s 
probability (set at 0.98 for these computations).

Results
Fig. 3 shown the GTVnd segmentation slice of one 
patient, including the transversal, coronal, and sagittal 
sections. The GTVnd was located in zones 2 and 4 of the 
lung cancer LN station, with a volume of 137.22 cc. The 
3D DSC of this case from UNet, nnUNet and ECENet 
were 0.40, 0.74 and 0.83, respectively, and the 95HD 

values were 6.93 mm, 4.12 mm and 2.24 mm, respec-
tively. Compared to the UNet models and the nnUNet, 
ECENet performed much better in the segmentation of 
the GTVnd, which was highly consistent with the oncolo-
gist’s manual segmentation contours.

The 3D DSC and 95HD were calculated at a 3D level 
for the testing dataset and the mean ± standard deviation 
(SD) values for UNet, nnUNet and ECENet were calcu-
lated by averaging the values. The quantitative evalua-
tion results were summarized in Table 1. The mean 3D 
DSCs for UNet, nnUNet and ECENet were 0.46 ± 0.19, 
0.52 ± 0.18 and 0.72 ± 0.09, respectively, and the mean 
95HDs were 12.24 ± 13.36 mm, 9.92 ± 6.64 mm and 
6.39 ± 4.59 mm, respectively. The proposed ECENet 
tended to achieve higher accuracy than UNet and 
nnUNet by achieving greater 3D DSC values and lower 
95HD values. Moreover, the proposed model performed 

Table 1  The statistics of 3D DSC and 95HD with the volume of 
the GTVnd for unet, NnUnet and ECENet in the testing dataset

DSC(mean ± SD) 95HD ± SD (mm)
UNet 0.46 ± 0.19 12.24 ± 13.36
nnUnet 0.52 ± 0.18 9.92 ± 6.49
ECENet 0.72 ± 0.09 6.39 ± 4.59

Fig. 3  Example of GTVnd segmentation slice for a patient predicted from UNet, nnUNet and ECENet. A GTVnd on three transversal planes, (B) GTVnd on 
a coronal plane, (C) GTVnd on a sagittal plane
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more robustly on the testing dataset, displaying a small 
average standard deviation. There was a statistically sig-
nificant difference between the different models for both 
3D DSC (P < 0.001) and 95HD (P < 0.001). In addition, the 
mean volume of GTVnd was 46.06 ± 42.33 cc. The stan-
dard deviation values are large, owing to the large differ-
ences in the GTVnd volume for each case in the testing 
dataset.

The contouring accuracy of ECENet was benchmarked 
against radiation oncologists stratified by clinical expe-
rience: ​senior physicians​ (> 10 years, n = 2), ​mid-level 
physicians​ (5–10 years, n = 2), and ​junior physicians​ 
(3–5 years, n = 3). All observers held specialized exper-
tise in lung cancer radiotherapy and met institutional 
credentialing standards. The mean 3D DSC values were 
0.90 ± 0.02 for senior physicians, 0.81 ± 0.06 for mid-level 
physicians, and 0.68 ± 0.10 for junior physicians. The 
performance of the auto-segmentation model was inter-
mediate, achieving accuracy levels between those of mid-
level and junior physicians.

The clinical DVH of the PTVs and OARs were com-
pared to the predicted DVHs for the testing dataset. All 
treatment plans were optimized using the Eclipse™ treat-
ment planning system (Varian Medical Systems) with 
inverse planning methodology. A prescription dose of 60 
Gy in 30 fractions (2 Gy per fraction) was delivered over 
6 weeks using intensity-modulated radiotherapy (IMRT), 
with 95% of the planning target volume (PTV) receiving 
100% of the prescribed dose. Dose constraints adhered 

to RTOG 0617 protocols for normal tissues. The results 
revealed that there was an acceptable agreement between 
the clinical and predicted DVHs of the PTV and OARs. 
The mean and standard deviation of the clinically rele-
vant DI for PTV and OARs in the testing dataset are pre-
sented in Table 2. The average relative dose differences in 
mean value of D2, D50 and D98 for the PTVs are within 
0.17%, and the average relative volume differences in 
mean value of V30, V20, V10, V5 and Dmean for lung are 
within 3.5%. Meanwhile, those the average relative vol-
ume differences in mean value of V40, V30 and Dmean 
for Heart are within 6.1%, while that of V20 for Heart 
are 10.5%. The TCP analysis revealed close agreement 
between clinical and predicted outcomes, with mean 
values of 66.99% ± 0.55 and 66.88% ± 0.45, respectively. 
Regarding NTCP for lung, the clinical and predicted val-
ues also showed strong concordance, measuring 3.13% ± 
1.33 and 3.25% ± 1.42, respectively. These results demon-
strate excellent consistency between clinical observations 
and model predictions for both TCP and pulmonary 
NTCP endpoints. The projected findings are comparable 
to the clinical truth without any statistical significance 
(P > 0.05). Fig. 4 compares the dose-volume histograms 
(DVHs) of clinical and predicted plans for PTV, lung, 
and heart in a representative case. ​Close agreement​ is 
observed between the DVH curves. The Dmean differ-
ence for GTVnd is ​clinically negligible​ (Δ = 0.2%, 62.63 
Gy vs. 62.48 Gy). The GTVnd-to-PTV volume ratio 
increased from ​35.8% (60.3 cc vs. 168.4 cc)​​ in the clinical 
plan to ​40.7% (79.4 cc vs. 195.1 cc) in the predicted plan. 
Fig. 5 shows a comparison between the clinical and pre-
dicted isodoses of the case.

Discussion
Few studies have been conducted on the automatic delin-
eation of the GTVnd for LN metastasis in lung cancer, 
and oncologists mainly perform manual contours based 
on their clinical experience, which leads to heterogene-
ity between different oncologists and intra-observers at 
different times [27, 28]. However, consistent target delin-
eation is essential for improving radiotherapy outcomes. 
Since the artificial intelligence successfully performed 
automatic target delineation, particularly in improving 
the accuracy of contours and reducing heterogeneities 
[29], an ECENet based on UNet was constructed to auto-
matically delineate the contours of the GTVnd in lung 
cancer accurately and consistently. The segmentation 
performance of the model was also evaluated.

The DSC value was commonly used to assess the accu-
racy of auto-segmentation during radiation treatment 
planning. Because ECENet was developed based on 
UNet, its performance in contouring the GTVnd in lung 
cancer was comprehensively evaluated by comparing 
it with UNet. Furthermore, to ensure a comprehensive 

Table 2  The statistics of dosimetric parameters and TCP/NTCP in 
testing dataset

Clinical Prediction P Value
PTV
  D98(Gy) 59.22 ± 0.22 59.20 ± 0.48 0.875
  D50(Gy) 61.94 ± 0.41 61.91 ± 0.34 0.925
  D2(Gy) 63.32 ± 0.54 63.21 ± 0.30 0.440
  HI 0.066 ± 0.011 0.065 ± 0.010 0.700
  CI 0.851 ± 0.017 0.830 ± 0.069 0.280
  TCP 66.99 ± 0.55 66.88 ± 0.45 0.776
Lung
  V30(%) 43.14 ± 10.09 43.74 ± 9.56 0.125
  V20(%) 32.54 ± 8.45 33.19 ± 8.07 0.078
  V10(%) 22.16 ± 6.82 22.48 ± 6.57 0.394
  V5(%) 12.68 ± 5.99 13.13 ± 6.06 0.100
  Dmean(Gy) 11.10 ± 3.00 11.28 ± 3.05 0.061
  NTCP 3.13 ± 1.33 3.25 ± 1.42 0.105
Heart
  V40(%) 13.17 ± 8.97 13.32 ± 8.89 0.510
  V30(%) 7.35 ± 6.55 7.80 ± 6.55 0.151
  V20(%) 4.46 ± 5.01 4.93 ± 5.18 0.133
  Dmean(Gy) 6.92 ± 4.02 7.15 ± 4.15 0.173
Abbreviations:DI Dosimetric indices, Dmean Mean dose, HI Homogeneity index, 
CI Conformation index, TCP Tumour control probability, NTCP Normal tissue 
complication probability
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evaluation, the state-of-the-art nnUNet framework was 
included in the comparison under identical experimental 
conditions. As shown in Table 1, the experimental results 
demonstrate that the proposed ECENet model achieves 
superior performance in pulmonary GTVnd delineation 
compared to both UNet and nnUNet, with a DSC value 
of 0.72 versus 0.46 and 0.52 for the two models, respec-
tively. While these results were obtained by specifically 
optimizing and validating for pulmonary GTVnd seg-
mentation in this particular clinical scenario, and thus 
cannot be generalized to claim the universal superiority 
of ECENet over other approaches, it is reasonable to con-
clude that it is feasible and effective to develop ECENet 
for segmenting GTVnd contours in lung cancer by imple-
menting a contextual cue enhancement module.

The performance of the ECENet was intermediate, 
achieving accuracy levels between those of mid-level and 
junior physicians. This model can serve as a reliable tool 
assist junior physicians, particularly in reducing inter-
observer variability and improving workflow efficiency. 
However, there remains room for further improvement 
when compared to the performance of senior physicians, 
highlighting the need for continued refinement to bridge 
this gap and enhance the model's ability to capture com-
plex anatomical details. Due to clinical constraints, intra-
observer variability was not assessed.

 Although discrepancies were observed in GTVnd 
contouring between the auto-segmentation model and 
manual clinical delineation, ​dosimetric comparisons 
demonstrated clinically negligible differences​ between 
predicted and clinical plans for PTV coverage. This con-
sistency may be attributed to the ​dominant volumetric 
contribution​ of the primary tumor clinical target volume 
(CTV-T), which ​diluted the impact​ of GTVnd variations 
from either auto-segmentation or manual delineation. 
For the illustrative case in Fig. 4, the GTVnd volume 
discrepancy ​amounted to 24.1%​​ (60.3 cc vs. 79.4 cc), ​
whereas​ the GTVnd-to-PTV ratio ​demonstrated a sub-
stantially smaller difference​ of 12% (40.7% vs. 35.8%). 
Consequently, the dosimetric sensitivity of clinical radio-
therapy plans to GTVnd contour variations ​continues to 
mandate rigorous quantitative validation​ prior to clinical 
deployment.

In the context of GTVnd segmentation, the DSC values 
have been reported to be 0.46 [30] and 0.62 [31], whereas 
our proposed model demonstrated a high DSC value of 
0.72. These models were not tested using the same data-
set; therefore, it would be unfair to say that our proposed 
model was superior. However, it was reasonable to con-
clude that ECENet yields good results.

 Although the segmentation accuracy of GTVnd is bet-
ter than the previously reported, it still displays inferior 

Fig. 5  Clinical versus predicted treatment plans for a representative case. The predicted plans based on the autocontoured GTVnd. PTV is displayed as a 
blue-shaded region, GTVnd is delineated by red contours within the PTV

 

Fig. 4  Comparison of DVHs for the clinical plan (solid triangle) and predicted plan (solid square) for a representative case
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performance compared with the published GTV or OAR 
contouring models [32–34], in which the mean DSC val-
ues tend to be greater than 0.8. This reason was mainly 
because the GTV and OAR were characterized differ-
ently from the GTVnd. While most GTV or OAR regions 
had well-defined boundaries, the GTVnd did not, and 
the contour boundaries of GTVnd could easily be con-
fused with the various complex anatomical structures 
around it. Moreover, there were considerable differences 
in the shape, volume, and location of the GTVnd among 
patients. As a result, the more complex GTVnd contour-
ing performed inferiorly compared to the GTV or OAR 
contouring models.

 Although the proposed ECENet model in this study 
demonstrates relatively high accuracy and potential in 
the automatic segmentation of lung cancer GTVnd, its 
primary limitation lies in the small scale of the dataset. 
The specific manifestations are as follows: Firstly, this was 
a single-center study with a relatively small sample size, 
and the segmentation accuracy of ECENet for GTVnd 
was inferior compared to that of the reported GTV or 
OAR contouring. Nevertheless, the proposed model 
achieves a higher DSC value in GTVnd segmentation 
tasks than previously reported models. Since Zijdenbos 
et al. suggested that a DSC value of >0.7 represents good 
overlap [35], this model with a DSC value of 0.72 can 
accurately achieve the automatic contouring of GTVnd in 
lung cancer. However, the segmentation accuracy of the 
GTVnd remains unsatisfactory for clinical application. 
Another limitation of our study is that it focuses solely on 
the automatic contouring of lymph nodes (GTVnd) and 
does not simultaneously address the automatic segmen-
tation of primary tumor lesions. This narrow scope may 
limit the clinical applicability of our method, as radio-
therapy planning typically requires precise delineation of 
both primary tumors and metastatic lymph nodes. Future 
research should aim to develop a comprehensive frame-
work capable of jointly segmenting both primary tumor 
lesions and GTVnd to better support clinical workflows.

 In general, this model can provide a potential benefit 
for the automatic contouring of GTVnd in lung cancer. 
In the future, the dataset size could be expanded to fur-
ther optimize the model and improve its applicability and 
overall accuracy. Simultaneously, this technology can be 
explored for the automatic segmentation of GTVnd in 
other types of tumors.

Conclusion
 The automatic and accurate segmentation of the GTVnd 
is key to achieving the automatic delineation of the 
CTV for lung cancer with LN metastasis. In this study 
ECENet was proposed for the fully automatic and accu-
rate contouring of GTVnd in lung cancer. The model was 
based on UNet with edge guidance and spatial context 

enhancement. The quantitative evaluation results dem-
onstrated that the proposed method achieved acceptable 
accuracy for GTVnd contour delineation, with predicted 
dose distributions showing strong agreement with clini-
cal ground truth data. These findings suggest that the 
automated GTVnd contouring approach exhibits signifi-
cant potential for clinical implementation in radiotherapy 
treatment planning. However, a multicenter clinical eval-
uation with more cases is needed to fully apply the model 
in clinical practice. In conclusion, this study explored the 
application of deep learning to the automatic delineation 
of the GTVnd in lung cancer. ECENet has shown prom-
ising potential in terms of contouring accuracy, offering 
a robust framework that could significantly contribute to 
the automation of GTVnd delineation.
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