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Background: Computed tomography (CT) is important in the diagnosing of lung cancer. The combination 
of CT features and artificial intelligence algorithm have been used in the diagnosis of various lung diseases. 
However, limited studies focused on the relationship between the combination of CT features and artificial 
intelligence algorithm and lymph node metastasis in non-small cell lung cancer (NSCLC). This study 
developed an algorithm for lung cancer CT image segmentation based on an artificial neural network model 
and investigated the role of a nomogram model based on CT images for predicting lymph node metastasis in 
lung cancer. 
Methods: Wiener filtering and fuzzy enhancement were first used to suppress image noise and improve 
image contrast. Next, texture features and fractal features were extracted. In the third step, the artificial 
neural network model was trained and tested according to the best parameters of the network. 
Results: The area under the curve (AUC) of the constructed nomogram model on the training set and 
the test set were 0.859 (sensitivity, 0.810; specificity, 0.773) and 0.864 (sensitivity, 0.820; specificity, 0.753), 
respectively. The decision curve indicated that the model had good clinical application value. The lung 
cancer CT images contained 13 significant regional features of cancer. The best classification function 
obtained from training and testing data was Levenberg-Marquardt backpropagation. The sensitivity, 
specificity, and accuracy in the training stage could reach 98.4%, 100%, and 98.6%, respectively, and the 
corresponding indexes in the test stage reached 90.9%, 100%, and 95.1%, respectively. 
Conclusions: The image segmentation algorithm based on the artificial neural network model could 
extract CT lung cancer lesions efficiently and quasi-determinately, which could be used as an effective tool 
for radiologists to diagnose lung cancer. The nomogram model based on CT image features and related 
clinical indicators was an effective method for noninvasive prediction of lymph node metastasis in lung 
cancer.
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Introduction

Lung cancer is a malignant tumor of the lung and has 
a high incidence rate and propensity for metastasis.  
Every year, there are about 1.73 million new cases of lung 
cancer worldwide, and its death toll accounts for 19% of 
the global cancer deaths (1). The disease is characterized by 
uncontrolled cell growth in lung tissue and a high degree of 
lethality. If lung cancer patients are not treated, the cancer 
cells will continue to grow and spread to tissues outside 
the lungs (2). Lung cancer is generally divided into 2 main 
types, small cell lung cancer (SCLC) and non-small cell 
lung cancer (NSCLC). NSCLC is the most common type 
of lung cancer, accounting for approximately 80% of lung 
cancer cases (3-6). Although the number of patients with 
SCLC is small, tumor growth and metastasis are rapid 
and the degree of malignancy is very high. Therefore, the 
treatment of SCLC is based on systemic chemotherapy. 
Compared with SCLC, NSCLC has a relatively slow 
disease development and is less deadly (7). However, the 
development rate of the disease varies due to the large 
number of individual differences found in the lesions of 
NSCLC patients. Many patients with NSCLC fail to 
receive appropriate treatment in time due to lack of accurate 
disease development prediction, resulting in a mortality rate 
of up to 75% (8). While NSCLC cells grow and divide at 
a relatively slow rate, patients with NSCLC often miss the 
best opportunity to receive treatment because symptoms 
can be nonspecific. About 75% of patients with this type 
of lung cancer have already reached an advanced stage 
when the disease is found, resulting in a very low five-year 
survival rate, despite being a disease that can be alleviated 
or cured by treatment (9). The establishment of an effective 
prognostic model to evaluate the survival probability 
of cancer patients is important for planning follow-up 
treatment and designing a review plan. Imaging plays a 
guiding role in the treatment and prognosis of cancer. 
Through imaging research methods, more comprehensive, 
systematic, and in-depth information about tumor cells can 
be obtained (2).

Lymph node metastasis is an important factor affecting 
the survival and prognosis of lung cancer patients. Only 
26–53% of patients with lymph node metastases survive 
more than 5 years. The gold standard for clinical diagnosis 
of lymph node metastasis in lung cancer is pathological 
biopsy (10), including thoracoscopic surgery and bronchial 
ultrasound, which are invasive methods and may cause 
serious complications. At present, a technical method 

to predict lymph node metastasis of lung cancer by 
preoperative imaging is lacking. Computed tomography 
(CT) plays an important role in the routine diagnosis, 
analysis, and therapeutic evaluation of lung cancer because 
of its high spatial resolution. The shape, size, orientation, 
and other clinical information of nodules contained in 
CT images are of great significance for the diagnosis and 
prediction of diseases (11,12). 

In recent years, radiomics technology has developed 
rapidly. High-throughput extraction of deep feature 
information hidden in medical images can accurately 
reflect the biological characteristics of tumors, thereby 
allowing for noninvasive classification and discrimination 
of a patient’s tumor (13). By combining radiomics features 
and clinical indicators of patients, a nomogram model can 
fully reveal the potential association between features and 
disease pathology, and it has good clinical applicability. This 
study used CT images and clinical indicators of lung cancer 
patients to establish a nomogram model to analyze its effect 
on predicting lymph node metastasis in order to provide 
a reference for clinical decision-making. We present the 
following article in accordance with the TRIPOD reporting 
checklist (available at https://jtd.amegroups.com/article/
view/10.21037/jtd-22-1511/rc).

Methods

Analysis of CT image segmentation algorithm

The CT images in this study were obtained retrospectively 
from 46 males and 36 females and included 48 patients 
with lung cancer and 34 normal patients from the First 
Affiliated Hospital of Xi’an Jiaotong University. Inclusion 
criteria of lung cancer patients: (I) NSCLC; (II) chest CT 
examination; (III) clinical and pathological data can be 
obtained after surgical treatment in our hospital. Exclusion 
criteria: (I) pulmonary metastatic cancer or SCLC; (II) 
recurrent lung cancer; (III) distant metastasis has occurred. 
Image preprocessing involved using the Wiener filter to 
suppress image noise and fuzzy enhancement to improve 
image contrast. Texture and fractal features were then 
extracted from the preprocessed images. Finally, salient 
features were selected and input into the artificial neural 
network model to complete image segmentation. The 
study was conducted in accordance with the Declaration 
of Helsinki (as revised in 2013). This study was approved 
by the Ethics Committee of the First Affiliated Hospital of 
Xi’an Jiaotong University (No. 20210040) and individual 
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consent for this retrospective analysis was waived.
The purpose of medical image registration is to realize 

the spatial transformation of medical images and ensure that 
they can achieve spatial consistency with the corresponding 
user interface (UI) points in other modal images. In the 2 
medical images participating in registration, the image that 
remains stationary is the reference image, and the image 
that is transformed, is denoted as the floating image. The 
next step of the medical image registration process is to 
solve the space transformation T.

( )( )ˆ arg min ,T F MT C I T I= 	 [1]

T is the spatial transformation involved in registration 
and is the objective function. In the process of medical 
image  reg i s t ra t ion ,  tak ing  the  r ig id  body  space 
transformation as an example, the transformation formula is 
as follows:
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Image preprocessing

The quality of CT images is often degraded by noise 
pollution. The Wiener filter is a classic linear denoising 
filter and is often used to recover useful signals from 
addit ive noise.  The f i l tering method combines a 
degradation function and statistical noise features for 
restoration processing. Wiener filtering can be called an 
optimal filtering system when the minimum mean square 
error (MSE) between the filter output and the desired 
output is achieved. In addition, lung CT image features 
include gray level, size, shape, and other differences, which 
can cause image boundaries and regions to be blurred, and 
traditional image enhancement methods have difficulty 
distinguishing the blurred boundary regions. In this study, 
fuzzy enhancement algorithm was used to deal with the 
inaccuracy and fuzzy information of CT images and 
enhance image contrast.

Image texture feature extraction

Texture is a type of visual feature that shows the 
homogeneity in an image, reflecting the surface structure 
organization and arrangement property of the object surface 
that changes slowly or periodically. Gray cooccurrence 

matrix is commonly used to describe the gray level of image 
pixels.

Image preprocessing is divided into 3 steps: grayscale, 
negative image, and histogram processing. The spatial 
enhancement results obtained by gray-scale processing can 
be expressed as:
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CT image fractal feature extraction

Fractal features are often used to describe the complex and 
irregular features of medical images. Fractal dimension is an 
important parameter to describe the complexity, irregularity, 
and spatial distribution trend of nonlinear images, which 
is calculated by the differential box dimension method, as 
follows. For a gray image of size N×N, the 2-dimensional 
image is regarded as a surface of 3-dimensional space (I, j, 
P (I, j)), where (I, j) represents the spatial location of pixels, 
and P (I, j) represents the gray value of the corresponding 
position. Image gray-level change will then be reflected by 
the roughness of the spatial 3-dimensional surface, so it is 
not used. The dimension obtained by measuring the stereo 
surface at the same scale is the fractal dimension of the 
image.
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Artificial neural network

The extracted texture and fractal features are not required, 
while the salient features need to be selected as the input 
for the artificial neural network model. An artificial neural 
network is composed of neurons connected with each other 
and is a mathematical model that simulates the behavior 
characteristics of a biological neural network and performs 
distributed parallel data processing. The model is capable of 
self-learning and self-adaptation, and it can determine the 
potential rules distinguishing the training samples and the 
prediction samples in advance, using the rules formed in the 
training stage to calculate the new input sample data. The 
most commonly used model is the backward propagation 



Journal of Thoracic Disease, Vol 14, No 11 November 2022 4387

© Journal of Thoracic Disease. All rights reserved. J Thorac Dis 2022;14(11):4384-4394 | https://dx.doi.org/10.21037/jtd-22-1511

neural network model, which can use the errors generated 
by the output results to carry out backward reasoning so as 
to gradually optimize the network structure and network 
parameters. The structure is shown in Figure 1, with the 
input layer on the left, the hidden layer is in the middle, 
and on the right is the output layer. Each node represents a 
specific output function, called the excitation function, and 
the connection between 2 nodes represents a weighted value 
for the signal passing through the connection (Figure 1).

Evaluation index

The MSE, sensitivity, specificity, and accuracy were used 
to evaluate the performance of the artificial neural network 
in this study. Target represents the target area, actual 
represents the measured area, and TN, TP, FN, and FP 
represent the number of true positives, true negatives, false 
positives, and false negatives, respectively.

Construction of nomogram model

In combination with clinical indicators [age, gender, 
smoking history, carcinoembryonic antigen (CEA), neuron-
specific enolase (NSE), and cytokeratin fragment (CYFRA)], 
the radiomics label was constructed with the Least Absolute 
Shrinkage and Selection Operator (LASSO) algorithm. The 
RMS software package (V.3.5.1) in R was used to establish 
the nomogram model. Decision curve analysis (DCA) 
was used to evaluate the clinical application value of the 
nomogram by calculating the net benefit under different 
threshold probabilities.

Model validation method and statistical analysis

The area under curve (AUC), accuracy, specificity, and 
sensitivity of receiver operating characteristic (ROC) curves 
were used as the comparison indexes, and the calculation 
formula was as follows: (I) Accuracy = (number of true 
positive patients + number of true negative patients)/(true 
negative number + false negative number + true positive 
number + false positive number); (II) sensitivity = true 
positive number/(true positive number + false negative 
number); and (III) specificity = true negative number/(true 
negative number + false positive number). The hardware 
platform for all algorithms in this study was 3.7 GHz Intel 
I7-8700K CPU and 64GB 3000 MHz DDR4.

Results

Analysis of lung cancer CT image preprocessing

The CT images in this study were obtained from 46 males 
and 36 females and included 48 patients with lung cancer 
and 34 normal patients. A total of 1,150 backgrounds, 
lung cancer regions, and boundaries were extracted, and 
the image size was 256×256×63 voxels. All simulation 
experiments were implemented on MATLAB R2013a 
platform. Image preprocessing results are shown in Figure 2, 
with image noise eliminated by Wiener filtering and image 
contrast significantly improved after blur enhancement.

Image feature extraction

Based on the values of CT lung image texture and fractal 
features, it was revealed that only 3 out of 14 texture 
features (TF1, TF2, TF3) had no overlap between the 
feature values of normal lung and lung cancer, and 10 out of 
12 fractal features (FF11, FF12, FF21, FF22, FF41, FF42, 
FF51, FF52, FF61, FF62) had no overlapping eigenvalues 
and could be used as significant features. Figure 3 and  
Figure 4 show the classification images of lung cancer with 
texture features and fractal features, respectively. It can be 
seen that the lesions are completely extracted (Figures 3,4).

Image segmentation and radiomics feature extraction

The Digital Imaging and Communications in Medicine 

Input layer

Input 1 1

1

1

2
2

3

13
20

Input 2

Input 13

Hidden layer
Output layer

Output

Figure 1 Backward propagation neural network model structure.
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Figure 2 Image preprocessing result.
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Figure 3 Significant texture features in computed tomography images of lung cancer.
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(DICOM) format CT image data of the included cases 
were imported into the workstation of α-Discovery, 
where the work was performed. The station completed 
image segmentation and radiomics feature extraction. 
The workstation used a 3D-NET model for nodule 
segmentation, which was calibrated by the Lung Image 
Database Consortium (LIDC) dataset. The software 
automatically identified and segmented pulmonary nodules, 
and a comparison of automatic segmentation and the 
manual segmentation of nodules by radiologists showed it 
had good stability and robustness (Figure 5).

Construction of the nomogram model

A total of 855 radiomics features were extracted from the 
CT images of patients. The LASSO regression model was 
used to reduce the dimension of features to obtain 9 features 
with high correlation, and the radiomics label, namely CT 
score, was constructed. The nomogram model, consisting of 
the clinical indicator CEA and radiomics labels constructed 
by multivariate logistic regression, is shown in the  
Figure 6. The total score was obtained by adding the 
score of the radiomics labels and CEA scores together. The 
total score was positioned on the total number line and the 
intersection point between a vertical line drawn from top to 
bottom. The bottom scale is the risk of lymph node metastasis 
of malignant lung nodules (range, 0.1–0.9) (Figure 6).

ROC curve analysis of lung cancer prognosis model

The AUC of the model training set was 0.859 (sensitivity, 

0.810; specificity, 0.773), and the AUC of the test set was 
0.864 (sensitivity, 0.820; specificity, 0.753) (Figure 7). 
The results showed that the nomogram model had good 
predictive performance in predicting lymph node metastasis 
of lung cancer. The DCA results showed that with a 
threshold probability of lymph node metastasis in patients 
greater than 0.06%, the use of the nomogram model 
for predicting the patients with lymph node metastasis 
compared with the other 2 treatments (assuming that all 
patients had lymph node metastases and assuming that all 
patients with no lymph node metastasis) could achieve a 
greater net benefit. This conclusion highlighted the clinical 
application value of the nomogram model in the prediction 
of lymph node metastasis (Figure 8).

Discussion

In recent years, scholars have devoted themselves to 
inventing various indicators to predict the prognosis of 
patients with different diseases (14-17). In this study, an 
algorithm based on an artificial neural network model for 
lung cancer CT image segmentation was proposed (18,19). 
Wiener filtering and fuzzy enhancement could effectively 
suppress image noise and improve image contrast. The 
nonoverlapping feature value method could accurately 
select significant texture features and fractal features, and 
the square root error could predict the best parameters of 
the artificial neural network model, which could quickly 
and accurately extract the lung cancer lesion region  
(20-22). These results showed that the lung cancer CT 
image segmentation algorithm proposed in this study was 

A B C D E

Figure 4 Significant fractal features of computed tomography images of lung cancer.
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Figure 5 Schematic diagram of automatic 3D segmentation of lung cancer computed tomography images.

Figure 6 Nomogram model constructed by multifactor logistic regression combined with CEA and radiomics tags. CT, computed 
tomography; CEA, carcinoembryonic antigen. 
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feasible and practical, and it could be used as an auxiliary 
tool in the diagnosis of lung cancer. 

Lymph node metastasis status of lung cancer is a key 
factor in the choice of surgical treatment and whether to 
use adjuvant therapy such as lymph node dissection (23,24), 
and noninvasive preoperative prediction of lymph node 
metastasis has important clinical significance. ROC curve 
analysis is the most intuitive and commonly used method 
to judge the merits of a model. In this paper, ROC curve 
analysis was used to visually demonstrate the prediction 
performance of the nomogram model. The AUC was used 
to accurately predict the probability of patients’ disease, 
which could be used to evaluate the predictive performance 
of the model, along with specificity and sensitivity. In this 

study, the AUC of the nomogram model test set was 0.864, 
the specificity was 0.753, and the sensitivity was 0.820, 
which showed excellent ability to predict lymph node 
metastasis.

Nomogram models are often used in radiomics research 
as they can evaluate the probability of clinical events 
by individual characteristics of patients and are a good 
predictive classification model. Compared with other 
predictive statistical models, its visual icon results can more 
intuitively reflect the disease probability of patients and 
provide individualized prognostic risk assessment. CEA is a 
serum tumor marker that is often used to detect early lung 
cancer (25,26). In this study, the clinical indicators related 
to lung cancer were statistically analyzed, and the results 
showed that CEA was highly correlated with lymph node 
metastasis of malignant lung nodules (P<0.001), which 
was an independent prognostic factor for constructing the 
nomogram model to predict lymph node metastasis in lung 
cancer patients, consistent with previous studies (27-30). In 
this study, the clinical indicator CEA and radiomics labels 
constructed by LASSO algorithm (the LASSO algorithm 
has low requirements on processed data and is a widely used 
data screening method) were used as predictors to construct 
the nomogram. The AUC of the ROC curve for the test 
set drawn by the model was 0.864, the sensitivity was 
0.820, and the specificity was 0.753. Related studies have 
established nomograms to predict lymph node metastasis 
of lung cancer based on tumor/node/metastasis (TNM) 
grade of lung cancer and radiomics feature label. The AUC 
of the test set was 0.856, the specificity was 0.821, and the 
sensitivity was 0.917, indicating that the nomogram model 

Figure 7 Receiver operating characteristic curves for training and testing sets of nomogram model. AUC, area under the curve. 
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established by CEA and lung cancer radiomics features 
had an excellent ability to predict lymph node metastasis. 
DCA is a statistical method that assesses the utility of a 
model in supporting clinical decision making. Compared 
with ROC analysis to evaluate a model’s accuracy, DCA is 
more inclined to evaluate the model from the perspective 
of clinical benefit, that is, to find a way to maximize the net 
benefit for patients when false positives and false negatives 
are unavoidable. In this study, the nomogram decision curve 
showed that when the threshold probability of lymph node 
metastasis was greater than 0.06%, the nomogram model 
was more effective than “no treatment” or “all treatment” 
strategy in predicting lymph node metastasis in patients, 
showing good potential for clinical application.

This study had several limitations. First, as all data 
were obtained from the same hospital, the results were 
not universal, and thus multicenter data will be introduced 
in future studies. Secondly, lymph node metastasis of 
lung cancer is also related to the expression of genes and 
proteins, which was not included in this study. Finally, 
the radiomics features in this study relied on the manual 
delineation of the region of interest (ROI) by 2 doctors. 
The correlation value of the delineation of the lesion area 
of the lung nodules by the 2 doctors was 0.954, which was 
highly consistent but time-consuming. In future research, 
the sample size will be expanded to include patients from 
different regions and more clinical information. A more 
efficient and more accurate segmentation algorithm will be 
more likely to improve the performance and universality of 
the model.

In summary, a nomogram model containing radiomics 
labels of clinical indicators was established using CT 
images. ROC and DCA results showed that the nomogram 
model showed good predictive effect and clinical application 
value in predicting lymph node metastasis of lung cancer. 
However, further studies were still needed as this study was 
a retrospective study with limited patients.
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